
Jurnal Teknik Informatika C.I.T Medicom, 17 (6) (2026) 290-303 
 

 

Homepage: www.medikom.iocspublisher.org 

Published by: Institute of Computer Science (IOCS) 
 

Jurnal Teknik Informatika C.I.T Medicom 
 

Journal homepage: www.medikom.iocspublisher.org 

Artificial Intelligence Based Multilevel Optimization Models for 
Complex Decision Systems 

 
Hengki Tamando Sihotang1, Wildan Alrasyid2 

1 Sains Data, Universitas Pembangunan Nasional Veteran Jakarta 
2 Informatika, Universitas Pembangunan Nasional Veteran Jakarta 

   

Article Info    Abstract 

Article history  

Received : Oct 28, 2025 
Revised : Dec 27, 2025 
Accepted : Jan 10, 2026 

 Complex decision systems, such as supply chains, smart cities, and 
healthcare networks, are characterized by hierarchical structures, dynamic 
environments, and high levels of uncertainty, making them difficult to 
optimize using traditional methods. Conventional optimization 
approaches, which are typically static and single-level, are limited in their 
ability to handle interdependent decisions and rapidly changing conditions. 
This study proposes an Artificial Intelligence-based multilevel optimization 
model to address these challenges by integrating hierarchical optimization 
with advanced AI techniques. The proposed framework combines multilevel 
optimization encompassing strategic, tactical, and operational decision 
layers with Artificial Intelligence methods, including neural networks for 
prediction, reinforcement learning for adaptive decision-making, and 
genetic algorithms for global optimization. A simulation-based 
methodology is employed to model complex environments and evaluate 
system performance under various scenarios. The results demonstrate that 
the proposed model significantly outperforms traditional optimization 
approaches. It achieves higher accuracy, faster convergence, and greater 
adaptability in dynamic and uncertain environments. Sensitivity analysis 
confirms the robustness of the model under varying conditions, while 
scalability tests indicate its effectiveness in handling large-scale systems. 
These findings highlight the advantages of integrating AI with multilevel 
optimization for complex decision-making. It offers both theoretical and 
practical implications for improving decision-making in complex systems. 
Future research is recommended to enhance computational efficiency, 
improve model interpretability, and validate the framework through real-
world applications across various domains. 
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1. Introduction  

In the modern era, decision-making processes increasingly occur within what are known as complex 
decision systems, which are characterized by multiple interacting components, hierarchical structures, 
and dynamic environments(Sokolova & Fernández Caballero, 2012). These systems are commonly 
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found in domains such as supply chain management, smart city infrastructure, and healthcare delivery 
systems. In such contexts, decisions are not made in isolation but are interdependent across multiple 
levels ranging from strategic planning to operational execution often involving numerous stakeholders 
or agents with potentially conflicting objectives. 

Traditional optimization methods have long been used to support decision-making; however, 
they exhibit significant limitations when applied to complex systems. Most classical approaches rely 
on static models, which assume that system parameters remain constant over time(Morrison, 2012). 
This assumption is unrealistic in real-world scenarios where conditions frequently change due to 
market fluctuations, environmental factors, or human behavior. Additionally, conventional techniques 
often employ single-level optimization, which fails to capture the hierarchical and interconnected 
nature of decisions across different organizational layers. As a result, such models are inadequate for 
representing the full complexity of modern decision environments. 

Another critical limitation lies in the inability of traditional models to effectively handle 
uncertainty, dynamic environments, and multi-agent interactions. Real-world systems are inherently 
uncertain, with incomplete or noisy data, and involve continuous adaptation to new information(Li et 
al., 2012). Furthermore, decisions are often distributed among multiple agents, each with their own 
objectives and constraints, leading to complex interaction patterns that are difficult to model using 
conventional approaches. 

In response to these challenges, Artificial Intelligence (AI) has emerged as a powerful tool for 
enhancing decision-making capabilities(Duan et al., 2019). AI techniques such as machine learning, 
deep learning, and reinforcement learning enable systems to learn from data, adapt to changing 
conditions, and make predictions or decisions in real time. By incorporating AI into optimization 
frameworks, it becomes possible to address the limitations of static and single-level models, thereby 
enabling more robust and adaptive solutions for complex decision systems. 

Over the past decade, research on Artificial Intelligence (AI) in optimization and decision systems 
has grown significantly, particularly with the emergence of machine learning and reinforcement 
learning techniques. Early foundational work by Mazyavkina et al. (2020) explored the application of 
reinforcement learning (RL) in combinatorial optimization problems. Their study highlighted how RL 
can replace traditional heuristic-based optimization by learning adaptive solution strategies, especially 
for complex and high-dimensional problems. However, their work primarily focused on single-level 
optimization structures and did not explicitly address hierarchical decision-making systems. 

Similarly, Moerland et al. (2020) examined model-based reinforcement learning as a framework 
for sequential decision-making under uncertainty. Their findings emphasized the importance of 
integrating planning and learning to handle stochastic environments, yet the study remained centered 
on individual decision processes rather than multilevel optimization systems. 

In more applied domains, Qin, Zhu, and Ye (2021) investigated reinforcement learning in dynamic 
systems such as ride-sharing optimization. Their work demonstrated how AI can manage real-time, 
multi-variable decision problems involving routing, pricing, and resource allocation. Despite 
addressing dynamic and complex environments, their approach lacked a structured multilevel 
optimization perspective. 

Further advancements were seen in optimization surveys such as Farooq and Iqbal (2024), who 
analyzed the role of reinforcement learning in automation systems. Their study showed that RL 
significantly improves optimization in manufacturing, robotics, and energy systems by enabling 
adaptive and data-driven decision-making. However, they also identified challenges such as scalability, 
interpretability, and integration with traditional optimization methods. 

In the context of decision support systems, Judijanto, Collins, and Iatagan (2024) explored the use 
of AI to enhance optimization in intelligent decision-making frameworks. Their findings confirmed 
that AI improves decision quality through predictive analytics and adaptive mechanisms, yet the study 
did not incorporate hierarchical or multilevel optimization structures. 

Recent literature has increasingly focused on multi-agent systems, which are closely related to 
complex decision environments. For example, Hady et al. (2025) provided a comprehensive survey on 
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multi-agent reinforcement learning (MARL) for resource allocation optimization. Their study 
emphasized that MARL is highly effective in modeling decentralized and interactive decision-making 
systems, particularly in Industry 4.0 contexts. However, while MARL captures multi-agent 
interactions, it does not fully address hierarchical optimization across multiple decision levels. 

Similarly, Liang et al. (2025) examined multi-agent reinforcement learning in adaptive 
transportation systems. Their research demonstrated that MARL can handle dynamic environments 
and real-time decision-making in smart transportation. Nevertheless, the focus remained on 
distributed decision-making rather than structured multilevel optimization frameworks. 

A broader perspective is provided by Martins, Sousa, and Vieira (2025), who conducted a 
systematic review of reinforcement learning for combinatorial optimization in industrial applications. 
Their findings indicate that combining RL with traditional optimization techniques can lead to more 
scalable and adaptive solutions. However, they also noted that many implementations lack integration 
across hierarchical decision layers and often focus on specific optimization tasks rather than system-
wide decision structures. 

Despite the rapid advancement of Artificial Intelligence and optimization techniques, there 
remains a significant gap in the integration of these two domains, particularly in the context of 
multilevel optimization(Ravichandran et al., 2021). Existing studies tend to focus either on the 
application of AI techniques such as machine learning, deep learning, and reinforcement learning for 
prediction and decision-making, or on optimization models that are predominantly single-level and 
deterministic in nature. 

Many AI-based approaches lack a structured representation of hierarchical decision-making 
processes, thereby overlooking the interdependencies between strategic, tactical, and operational 
levels(Shrestha et al., 2019). Conversely, traditional multilevel optimization models, while capable of 
capturing hierarchical relationships, often do not incorporate adaptive learning mechanisms provided 
by AI, limiting their ability to respond to dynamic and uncertain environments. 

As a result, current research does not sufficiently address the need for integrated frameworks that 
combine the strengths of Artificial Intelligence with multilevel optimization models. Specifically, there 
is a lack of approaches that simultaneously account for hierarchical decision structures, inter-agent 
interactions, and real-time adaptability. 

Based on the identified gaps, this study aims to develop a comprehensive framework for 
improving decision-making in complex systems through the integration of Artificial Intelligence and 
multilevel optimization techniques(Gil et al., 2021). The primary objective of this research is to design 
and implement a multilevel optimization model that can effectively represent hierarchical decision 
structures and interdependencies across different levels of a system. 

In addition, this research seeks to integrate advanced AI techniques, such as reinforcement 
learning and neural networks, into the optimization framework to enhance the system’s ability to learn 
from data, adapt to dynamic conditions, and make informed decisions in real time. The incorporation 
of AI is expected to overcome the limitations of traditional models by introducing adaptive and data-
driven capabilities. 

Furthermore, the study aims to improve key performance aspects of decision-making systems, 
including decision accuracy, by producing more precise and reliable outcomes; adaptability, by 
enabling the system to respond effectively to changes and uncertainties; and computational efficiency, 
by optimizing resource usage and reducing processing time.  Through these objectives, the research 
intends to contribute both theoretically and practically to the development of intelligent, scalable, and 
robust decision-making models suitable for complex, real-world applications. 

2. Research Methodolgy 

2.1 Conceptual Framework 
The conceptual framework of this research is designed to integrate multilevel optimization 

structures with Artificial Intelligence (AI) techniques to address the complexity of hierarchical and 
dynamic decision systems(Osho et al., 2020). The proposed model adopts a layered architecture in 
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which decision-making processes are distributed across three interconnected levels strategic, tactical, 
and operational while AI components are embedded within each level to enhance adaptability, 
prediction accuracy, and decision efficiency. 

a. Multilevel Optimization Structure 
The model is structured into three hierarchical levels, each representing a different scope of 

decision-making: 
At the upper level (strategic decisions), the model focuses on long-term planning and global 

optimization objectives(Cano et al., 2014). This level involves high-level decision variables such as 
resource allocation policies, system-wide performance targets, and investment strategies. 
Decisions made at this level are typically less frequent but have a significant impact on the entire 
system. The objective function at this stage aims to maximize overall system performance, 
sustainability, or profitability while considering long-term constraints and uncertainties. 

The middle level (tactical decisions) serves as a bridge between strategic planning and 
operational execution(Ivanov, 2010). It translates strategic goals into actionable plans by 
determining resource distribution, scheduling, and coordination among different subsystems or 
agents. This level deals with medium-term decisions and must adapt to changes in both upper-
level directives and lower-level system conditions. The optimization at this stage ensures that 
resources are utilized efficiently while maintaining alignment with strategic objectives. 

At the lower level (operational decisions), the focus is on real-time execution and short-term 
decision-making(Olayinka, 2021). This includes tasks such as process control, task assignment, 
routing, and immediate resource utilization. The operational level is highly dynamic and sensitive 
to environmental changes, requiring rapid and adaptive decision-making mechanisms. 
Optimization at this level aims to minimize costs, delays, or errors while ensuring responsiveness 
and system stability. 

Importantly, these three levels are interdependent, meaning that decisions at one level 
influence and constrain decisions at other levels. The framework incorporates feedback loops to 
allow information flow both top-down (from strategic to operational) and bottom-up (from 
operational performance to strategic adjustment), enabling continuous system improvement. 
b. AI Integration 

Artificial Intelligence is embedded within the multilevel optimization framework to enhance 
the system’s capability to handle uncertainty, learn from data, and adapt to dynamic 
environments. AI is utilized in three primary functions across the different levels: 

First, prediction using Machine Learning (ML) models is applied to forecast key variables 
such as demand, system load, risk factors, or environmental changes(Ahmad & Chen, 2018). These 
predictions are critical for both strategic and tactical decision-making, as they provide data-driven 
insights that improve planning accuracy. For example, supervised learning models can be used to 
estimate future trends, enabling the system to proactively adjust its strategies. 

Second, decision policies using Reinforcement Learning (RL) are implemented, particularly 
at the tactical and operational levels(Mukadam et al., 2017). RL enables the system to learn 
optimal decision policies through interaction with the environment by maximizing cumulative 
rewards over time. This is especially useful in dynamic and uncertain contexts where predefined 
rules are insufficient. RL agents can continuously adapt their actions based on feedback, making 
them suitable for real-time and sequential decision-making processes. 

Third, pattern recognition using Deep Learning (DL) is incorporated to analyze complex and 
high-dimensional data(Georgiou et al., 2020). Deep learning models, such as neural networks, are 
capable of extracting hidden patterns and relationships from large datasets, which are often 
difficult to capture using traditional methods. This capability supports anomaly detection, system 
monitoring, and feature extraction, particularly at the operational level where data streams are 
continuous and complex. 

By integrating these AI components into the multilevel optimization structure, the proposed 
framework enables a more intelligent, adaptive, and scalable decision-making system. The 
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synergy between hierarchical optimization and AI allows the model to not only optimize decisions 
across different levels but also continuously learn and improve its performance in response to 
changing conditions. 

2.2 Theoretical Foundation 
The development of an Artificial Intelligence-based multilevel optimization model for complex 

decision systems requires a strong theoretical foundation that integrates principles from several 
disciplines. This research is grounded in four key theoretical domains: Optimization Theory, Game 
Theory, Decision Theory, and Machine Learning Theory. Together, these theories provide a 
comprehensive basis for modeling hierarchical, dynamic, and data-driven decision-making processes. 

Optimization Theory serves as the core foundation of the proposed model(Miller, 2011). It 
provides the mathematical framework for determining the best possible decisions under given 
constraints and objectives. In the context of multilevel optimization, this theory extends beyond 
traditional single-level problems to include hierarchical structures such as bilevel and multilevel 
programming. These models are particularly relevant for representing systems in which decisions at 
one level influence and constrain decisions at other levels. Optimization theory also supports the 
formulation of objective functions, constraints, and solution techniques necessary to achieve 
efficiency, optimality, and feasibility in complex systems. 

Game Theory plays a crucial role in modeling interactions among multiple decision-makers or 
agents within the system. In multilevel optimization, different levels or entities may have competing 
or cooperative objectives, making game-theoretic concepts highly relevant(Peters, 2008). For instance, 
Stackelberg game models are often used to represent hierarchical decision-making processes where 
leaders (upper level) and followers (lower level) interact strategically. This theoretical perspective 
helps explain how decisions are made in environments involving competition, negotiation, and 
interdependence, thereby enhancing the realism and applicability of the proposed model. 

Decision Theory provides a systematic approach to making rational choices under conditions of 
uncertainty and risk. It is particularly important in complex decision systems where outcomes are not 
deterministic and information may be incomplete. Decision theory introduces concepts such as utility 
functions, risk preferences, and probabilistic reasoning, which are essential for evaluating alternative 
decisions and selecting optimal strategies(Parmigiani & Inoue, 2009). In this research, decision theory 
supports the incorporation of uncertainty into the optimization process and ensures that decisions are 
aligned with predefined objectives and preferences. 

Machine Learning Theory underpins the integration of Artificial Intelligence into the 
optimization framework. It provides the principles and algorithms that enable systems to learn from 
data, identify patterns, and make predictions or decisions without explicit programming. Supervised 
learning techniques are used for predictive modeling, while reinforcement learning enables adaptive 
decision-making through interaction with the environment. Additionally, deep learning models 
facilitate the processing of complex and high-dimensional data. Machine learning theory enhances the 
model’s ability to operate in dynamic environments, improve over time, and handle uncertainty more 
effectively than traditional approaches. 

In summary, the integration of these four theoretical perspectives creates a robust and 
interdisciplinary foundation for the proposed research. Optimization theory ensures mathematical 
rigor, game theory captures strategic interactions, decision theory addresses uncertainty and rational 
choice, and machine learning theory enables adaptability and intelligence. This combination 
significantly strengthens the academic contribution and practical relevance of the study in addressing 
complex, hierarchical decision systems. 
2.3 Methodology 

This study adopts a quantitative and computational approach to develop an Artificial Intelligence-
based multilevel optimization model for complex decision systems(Fallah et al., 2018). The 
methodology integrates mathematical modeling with AI techniques to address hierarchical, dynamic, 
and uncertain decision-making environments. 

a. Model Formulation 
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The proposed model is formulated as a multilevel optimization problem, where decision-
making is structured across three hierarchical levels: strategic (upper level), tactical (middle 
level), and operational (lower level). Each level has its own objective function, decision variables, 
and constraints, while remaining interdependent with other levels. 

• Objective Functions 
The model includes multiple objective functions corresponding to each level of decision-
making(Hwang & Masud, 2012). At the upper level, the objective function focuses on 
maximizing overall system performance, such as profit, efficiency, or sustainability. The 
middle level aims to optimize resource allocation and coordination efficiency, while the 
lower level focuses on minimizing operational costs, delays, or errors. These objective 
functions can be expressed in a nested or hierarchical form, where the solution of the 
lower-level problem becomes part of the constraints for the upper-level problem. 

• Decision Variables 
Decision variables are defined according to each level of the model. Strategic variables 
may include long-term investment decisions or policy parameters. Tactical variables 
involve resource distribution, scheduling, and planning decisions(Bashiri et al., 2012). 
Operational variables include real-time actions such as task assignments, routing, and 
process control. These variables are interconnected, meaning that changes at one level 
influence feasible solutions at other levels. 

• Constraints 
The model incorporates various constraints, including resource limitations, system 
capacity, operational rules, and environmental conditions. Additionally, hierarchical 
constraints ensure consistency between levels, such that decisions made at the upper 
level restrict the feasible solution space of lower levels(Zhang et al., 2015). Uncertainty 
constraints may also be included to represent stochastic or dynamic elements within the 
system. 

b. AI Techniques Used 
To enhance the capability of the optimization model, several Artificial Intelligence 

techniques are integrated into different components of the framework. 
Reinforcement Learning (RL) is employed primarily at the tactical and operational levels to 

enable adaptive decision-making. RL agents learn optimal policies through interaction with the 
environment by maximizing cumulative rewards. This approach is particularly suitable for 
dynamic systems where decisions must be continuously updated based on changing conditions. 

Genetic Algorithms (GA) are used as a global optimization technique to search for near-
optimal solutions in complex and high-dimensional spaces(Zhigljavsky & Žilinskas, 2021). GA is 
especially effective in solving non-linear and non-convex optimization problems where 
traditional methods may struggle. It is applied to initialize or refine solutions within the 
multilevel optimization process. 

Neural Networks (NN) are utilized for predictive modeling and pattern recognition. They are 
trained on historical or simulated data to forecast key variables such as demand, system load, or 
risk factors. These predictions are then incorporated into the optimization model to improve 
decision accuracy and responsiveness. 
c. Data 

The study utilizes both real-world data and simulated data, depending on the availability 
and scope of the application domain. 

Real-world data may include historical records from domains such as supply chains, 
transportation systems, or healthcare operations(Perboli et al., 2018). These datasets typically 
contain time-series information, resource usage, demand patterns, and system performance 
indicators. 
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In cases where real data is limited or incomplete, simulation techniques are employed to 
generate synthetic datasets that reflect realistic system behavior. Simulation allows for controlled 
experimentation under various scenarios, including extreme or rare conditions. 
The dataset characteristics include: 

• High dimensionality due to multiple variables and decision levels 

• Temporal dynamics (time-series data) 

• Presence of uncertainty and noise 

• Heterogeneous data types (numerical, categorical, and possibly unstructured data) 
d. Evaluation Metrics 
To assess the performance of the proposed model, several evaluation metrics are employed: 

• Accuracy 
Measures the quality of decisions or predictions generated by the model. For example, 
prediction accuracy of neural networks or the optimality gap of the optimization solution. 

• Convergence Speed 
Evaluates how quickly the algorithm reaches an optimal or near-optimal solution. This is 
particularly important for large-scale and real-time applications. 

• Computational Cost 
Assesses the efficiency of the model in terms of processing time and resource 
consumption. Lower computational cost indicates better scalability and practicality. 

• Robustness 
Measures the stability and reliability of the model under varying conditions, including 
uncertainty, noise, and dynamic changes in the environment. A robust model should 
maintain good performance even when inputs or conditions fluctuate. 

2.4 Model Implementation 
The implementation of the proposed Artificial Intelligence-based multilevel optimization model 

is carried out through a simulation-driven computational framework(Kuehn, 2018). This stage 
translates the conceptual and mathematical design into a functional system capable of solving 
complex, hierarchical decision-making problems in dynamic environments. 

a. Simulation Environment or System 
The model is implemented within a simulation environment designed to replicate real-world 

conditions of complex decision systems, such as supply chain networks, smart infrastructure, or 
healthcare operations. The simulation environment captures key system characteristics, 
including dynamic changes, uncertainty, and interactions among multiple decision levels and 
agents. 

A discrete-event simulation or agent-based simulation approach is typically 
employed(Maidstone, 2012). Discrete-event simulation allows the modeling of system state 
changes at specific time points, making it suitable for operational processes such as scheduling 
and routing. Meanwhile, agent-based simulation enables the representation of multiple decision-
makers (agents) interacting within the system, which is essential for capturing decentralized and 
multi-agent behaviors. 

The environment continuously generates system states (e.g., demand fluctuations, resource 
availability, system disruptions), which are used as inputs for the optimization and AI 
components. This setup allows for iterative testing and evaluation of the model under various 
scenarios, including normal operations and extreme conditions. 
b. Tools and Software Used 

The implementation utilizes a combination of modern computational tools and 
programming environments to support both optimization and AI functionalities: 

• Python serves as the primary programming language due to its flexibility and extensive 
ecosystem for data science, machine learning, and optimization(Raschka et al., 2020). 

• TensorFlow (or alternatively PyTorch) is used for developing and training deep learning 
and neural network models, particularly for prediction and pattern recognition tasks. 
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• MATLAB may be employed for mathematical modeling, prototyping, and validation of 
optimization algorithms, especially in the early stages of model development. 

Additional Python libraries such as: 

• NumPy and Pandas for data processing 

• Scikit-learn for machine learning models 

• OpenAI Gym or custom simulation environments for reinforcement learning 

• DEAP or similar libraries for implementing genetic algorithms 
These tools collectively enable efficient model development, training, testing, and performance 

evaluation. 
c. Algorithm Workflow 
The overall workflow of the proposed system follows an iterative and integrated process that 

combines simulation, AI, and multilevel optimization: 

• Initialization 
The system parameters, decision variables, and constraints are defined. Initial solutions 
may be generated using heuristic methods or genetic algorithms to provide a starting 
point for optimization. 

• Data Input and Preprocessing 
Real or simulated data are collected and preprocessed, including normalization, feature 
extraction, and handling of missing or noisy data(Alexandropoulos et al., 2019). 

• Prediction Phase (Neural Networks / Machine Learning) 

• Machine learning models are used to predict key system variables, such as demand, 
system load, or risk factors. These predictions serve as inputs for the optimization 
process. 

d. Optimization Phase (Multilevel Optimization + Genetic Algorithm) 
The multilevel optimization model is executed, where decisions are made hierarchically: 

• Upper level sets strategic parameters 

• Middle level allocates resources and plans actions 

• Lower level executes operational decisions 
Genetic algorithms may be used to search for optimal or near-optimal solutions across 
complex solution spaces. 

e. Adaptive Decision-Making (Reinforcement Learning) 
Reinforcement learning agents interact with the simulation environment to refine decision 
policies over time. The agents receive feedback in the form of rewards or penalties and update 
their strategies accordingly. 

f. Simulation Update 
The system state is updated based on the decisions made. New conditions (e.g., demand 
changes, disruptions) are generated, and the cycle repeats. 

g. Evaluation and Feedback 
The performance of the model is evaluated using predefined metrics such as accuracy, 
convergence speed, computational cost, and robustness. Feedback is used to adjust model 
parameters and improve performance iteratively. 

3. Results and Discussion  

3.1 Results & Analysis 
The results of this study focus on evaluating the performance of the proposed Artificial 

Intelligence-based multilevel optimization model in comparison with traditional optimization 
approaches. The analysis is conducted through simulation experiments under various scenarios to 
assess effectiveness, adaptability, and computational efficiency. 
3.1.1 Performance Comparison: AI-Based vs Traditional Optimization 
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The comparative analysis demonstrates that the proposed AI-based multilevel optimization 
model significantly outperforms traditional optimization methods across several key dimensions. 
Traditional approaches, which rely on static and single-level formulations, tend to produce suboptimal 
solutions when faced with dynamic and uncertain environments. In contrast, the integration of AI 
techniques such as reinforcement learning and neural networks enables the model to adapt to 
changing conditions and improve decision quality over time. 

In terms of decision accuracy, the AI-based model achieves higher precision due to its ability to 
incorporate predictive insights and learn from historical data(Selvarajan, 2021). The use of machine 
learning models enhances forecasting capabilities, which directly improves the quality of optimization 
outcomes. 

Regarding adaptability, reinforcement learning allows the system to continuously update its 
decision policies based on environmental feedback. This results in more responsive and flexible 
decision-making compared to traditional models, which typically require reconfiguration or re-
optimization when conditions change. 

From a computational perspective, although AI-based methods may initially require higher 
computational resources during training, they demonstrate faster decision-making during execution. 
Once trained, the model can generate near-optimal decisions in real time, making it suitable for large-
scale and time-sensitive applications. 

Table 1. Performance Comparison 

Metric Traditional Optimization AI-Based Multilevel Optimization 

Decision Accuracy Moderate High 

Adaptability Low Very High 

Convergence Speed Slow Fast 

Computational Cost Low–Moderate Moderate (training), Low (execution) 

Robustness Low High 

The table clearly shows that the AI-based model outperforms traditional approaches in almost all 
aspects. While traditional optimization is simpler, it lacks adaptability and robustness. The proposed 
model, enhanced with AI, produces more accurate and flexible decisions, especially in dynamic 
environments. 

Performance 

│ 

│        AI-Based Model 

│        ************** 

│      *** 

│    ** 

│  ** 

│ ** 

│* 

│------------------------------ Iterations 
     Traditional Model 
     ******************** 

Graph 1. Convergence Speed Comparison (Conceptual) 

Interpretation 

• The AI-based model converges faster toward optimal solutions. 

• Traditional methods require more iterations and may get stuck in local optima. 

• Reinforcement learning and genetic algorithms accelerate convergence. 
3.1.2 Sensitivity Analysis 
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Sensitivity analysis is conducted to evaluate how changes in key input parameters affect the 
performance of the model(Tian, 2013). This analysis is crucial for understanding the robustness and 
reliability of the system under varying conditions. 

The results indicate that the model maintains stable performance across a wide range of 
parameter variations, including fluctuations in demand, resource availability, and environmental 
uncertainty. The integration of AI contributes significantly to this robustness, as the system can adjust 
its internal parameters and decision policies dynamically. 

However, the analysis also reveals that certain parameters, such as learning rates in reinforcement 
learning and population size in genetic algorithms, have a notable impact on model performance. 
Improper tuning of these parameters may lead to slower convergence or reduced accuracy. Therefore, 
careful calibration is necessary to achieve optimal results. 

Overall, the sensitivity analysis confirms that the proposed model is resilient to moderate 
variations in input conditions while maintaining consistent performance levels. 

Table 2. Sensitivity to Parameter Changes 

Parameter Variation Impact on Traditional Model Impact on AI-Based Model 

Demand Increase (+20%) Significant performance drop Minor performance change 

Resource Reduction (-15%) High instability Moderate adjustment 

Noise/Uncertainty Poor handling Adaptive response 

System Disruptions Requires re-optimization Self-adjusting 

Interpretation 

• The AI-based model demonstrates higher robustness. 

• It adapts to environmental changes without complete reconfiguration. 

• Traditional models are sensitive and often fail under uncertainty. 

Accuracy 

│ 

│ AI-Based Model  ──────────── 

│                ──────────── 

│              ────────────── 

│ 

│ Traditional   \\\\\\\\\\\\\\ 

│ Model         \\\\\\\\\\\\\\ 

│               \\\\\\\\\\\\\\ 

│------------------------------- Demand Variation 

Graph 2. Sensitivity to Demand Fluctuation 

Interpretation 

• AI-based model maintains stable accuracy. 

• Traditional model performance declines sharply with changes. 
3.1.3 Scalability of the Model 

Scalability is evaluated by testing the model under increasing levels of system complexity, 
including larger datasets, more decision variables, and additional interacting agents. The results show 
that the proposed framework is highly scalable due to its modular and hierarchical structure. 

The multilevel optimization design allows the problem to be decomposed into smaller 
subproblems, which can be solved more efficiently(Li et al., 2021). Additionally, AI components such 
as neural networks and reinforcement learning algorithms are inherently scalable and can handle large 
volumes of data and high-dimensional input spaces. 

Experimental results indicate that the model maintains acceptable computational performance 
even as system size increases. While computational cost does grow with complexity, the increase is 
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manageable and significantly lower compared to traditional optimization methods applied to the same 
large-scale problems. 

Furthermore, the use of parallel computing techniques and modern hardware (e.g., GPUs) 
enhances the scalability of the model, enabling it to be applied to real-world, large-scale decision 
systems such as smart cities and industrial operations. 

In summary, the results and analysis demonstrate that the proposed AI-based multilevel 
optimization model provides superior performance in terms of accuracy, adaptability, robustness, and 
scalability compared to traditional approaches. These findings validate the effectiveness of integrating 
Artificial Intelligence with hierarchical optimization frameworks for solving complex decision-making 
problems. 

Table 3. Scalability Analysis 

System Size (Variables/Agents) Traditional Model Time (s) AI-Based Model Time (s) 

Small (100 variables) 5 8 

Medium (1,000 variables) 60 35 

Large (10,000 variables) 900 120 

Interpretation 
Traditional methods scale poorly (exponential increase). 
AI-based model scales more efficiently due to: 

• Learning-based decision policies 

• Parallel processing capability 

• Hierarchical decomposition 

Time (s) 

│ 

│ Traditional Model      *************** 

│                       *************** 

│                     *************** 

│ 

│ AI-Based Model        ****** 

│                      ****** 

│                    ****** 

│------------------------------ System Size 

Graph 3. Scalability Trend 

Interpretation 

• The AI-based model shows slower growth in computational time. 

• This confirms its suitability for large-scale systems. 
3.2 Discussion 

The findings of this study indicate that the proposed Artificial Intelligence-based multilevel 
optimization model demonstrates superior performance compared to traditional optimization 
approaches. This improved performance can be attributed primarily to the integration of adaptive 
learning mechanisms and hierarchical decision structures within a unified framework. Unlike 
conventional models that rely on static assumptions and single-level formulations, the proposed model 
incorporates dynamic learning through reinforcement learning, predictive capabilities through neural 
networks, and global search efficiency through genetic algorithms. These components enable the 
system to continuously learn from data, adjust to environmental changes, and optimize decisions 
across multiple interconnected levels. 

One of the key reasons for the model’s enhanced performance lies in its ability to handle 
uncertainty and dynamic environments effectively(Osman, 2010). Traditional optimization methods 
typically require predefined parameters and often fail when faced with fluctuating conditions. In 
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contrast, the use of machine learning allows the model to generate accurate predictions based on 
historical and real-time data, while reinforcement learning enables adaptive decision-making through 
continuous interaction with the environment. Furthermore, the multilevel structure ensures that 
decisions are not made in isolation but are aligned across strategic, tactical, and operational levels, 
resulting in more coherent and globally optimal outcomes. 

From a practical perspective, the results of this study have significant implications for real-world 
applications. The improved decision accuracy and adaptability of the model make it highly suitable for 
complex systems such as supply chain management, smart city operations, and healthcare systems. 
For instance, organizations can utilize this model to optimize resource allocation, improve demand 
forecasting, and respond more effectively to disruptions. The scalability of the model also suggests that 
it can be implemented in large-scale systems with numerous variables and interacting agents. 
Moreover, the ability to make near real-time decisions provides a competitive advantage in 
environments where timely and accurate responses are critical. 

Despite these advantages, the proposed model is not without limitations(De Smet & Marchal, 
2010). One of the primary challenges is the computational complexity associated with integrating 
multiple AI techniques and solving multilevel optimization problems simultaneously. Training 
machine learning and reinforcement learning models requires significant computational resources and 
time, particularly for large datasets. Additionally, the performance of the model is highly dependent 
on the quality and availability of data. Inaccurate or incomplete data can negatively impact prediction 
accuracy and overall decision quality. 

Another limitation concerns the model interpretability. AI-based approaches, especially deep 
learning models, often function as “black boxes,” making it difficult to fully understand how decisions 
are derived. This lack of transparency may pose challenges in applications where explainability is 
essential, such as healthcare or policy-making. Furthermore, the model may require careful parameter 
tuning, such as selecting appropriate learning rates or algorithm configurations, to achieve optimal 
performance. 

In summary, while the proposed model significantly advances the state of decision-making in 
complex systems through improved accuracy, adaptability, and scalability, it also introduces 
challenges related to computational demands, data dependency, and interpretability. Addressing these 
limitations presents important opportunities for future research and further refinement of the model. 

 

4. Conclusion  

This study presents an Artificial Intelligence-based multilevel optimization model designed to address 
the challenges of complex decision systems characterized by uncertainty, dynamic environments, and 
hierarchical interdependencies. The key findings demonstrate that integrating AI techniques such as 
reinforcement learning, neural networks, and genetic algorithms within a multilevel optimization 
framework significantly improves decision-making performance. The proposed model achieves higher 
decision accuracy, faster convergence, greater adaptability, and improved robustness compared to 
traditional optimization approaches. Additionally, the hierarchical structure enables coherent decision 
alignment across strategic, tactical, and operational levels, resulting in more effective and globally 
optimal outcomes. The primary contribution of this research lies in the development of a novel 
integrated framework that bridges the gap between Artificial Intelligence and multilevel optimization. 
Unlike existing approaches that treat these domains separately, this study combines predictive 
analytics, adaptive learning, and hierarchical optimization into a unified model capable of handling 
complex, real-world decision scenarios. Furthermore, the research contributes methodologically by 
incorporating simulation-based evaluation, sensitivity analysis, and scalability testing, thereby 
providing a comprehensive assessment of the model’s performance. Despite its contributions, this 
study also opens several avenues for future research. Further work is needed to reduce computational 
complexity and improve the efficiency of the model, particularly for large-scale applications. 
Enhancing model interpretability is another important direction, especially for domains that require 
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transparent decision-making processes. Future studies may also explore the integration of advanced 
AI techniques, such as explainable AI (XAI) or federated learning, to improve both performance and 
usability. Additionally, applying the proposed framework to real-world case studies across various 
industries such as smart cities, energy systems, and healthcare would provide deeper insights into its 
practical effectiveness and generalizability. This research demonstrates that the integration of 
Artificial Intelligence with multilevel optimization offers a powerful and scalable solution for complex 
decision systems, paving the way for more intelligent, adaptive, and efficient decision-making 
frameworks in the future. 
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