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1. INTRODUCTION 

. The emergence of communication services has accentuated the optimization of fourth-generation (4G) Long Term Evolution 

(LTE) networks through intelligent optimization. Currently, LTE remains the backbone of mobile broadband in many areas for 

its extensive coverage at low cost, while 5G networks are widely deployed. For dynamic and heterogeneous traffic conditions, 

achieving good performance of networks without compromising service quality on QoS and QoE is the struggle Some recent 

achievements of Artificial Intelligence (AI) and Machine Learning (ML) have brought with them predictive analytics 

and automation of network control, enabling the prediction of Key Performance Indicators (KPIs) like throughput and 

delay in different states of load and movement. Previous work has shown that regression and ensemble learning 

methods are promising for LTE throughput and delay prediction ([6]; [22]; [7]). Such strategies provide proactive 

management of the network, but usually work separately from adaptive optimization mechanisms. Convergently, meta-

heuristic algorithms (e.g., Whale Optimization Algorithm (WOA)) are promising to solve multi-objective optimization 

challenges in wireless networks. WOA shows balanced exploration–exploitation mechanism for nonlinear and multi-

objective wireless optimization [13]. Similar improvements in WOA and hybrid frameworks have also been reported to 

improve convergence rates and energy efficiency in IoT- and LTE-like environments [11] . At the same time, extensive data 
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We introduce a smart multi-objective optimization framework towards the performance 

enhancement of the 4G LTE network using an integrated Artificial Intelligence (AI) and 

Whale Optimization Algorithm (WOA) setup. This approach aims to integrate tested 

regression-based KPI prediction along with decision-variable-based meta-heuristic 

optimization in a reproducible experimental environment within MATLAB R2023b. A 

weighted multi-objective formulation for optimizing the performance of 4 key indicators, i.e., 

throughput, latency, packet loss ratio and energy efficiency is jointly executed. By 

comparison against existing baseline LTE configuration, we observe a 25.3% throughput 

improvement, 28.9% reduction in latency, 38.7% reduction in packet loss ratio, and 23.4% 

improvement in energy efficiency. We validate robustness with weight sensitivity analysis 

(±10% and ±20%), population scalability testing (N = 20, 30, 50), decay-strategy comparison 

(linear vs. exponential), and Pareto-front approximation (2,960 non-dominated solutions 

from 3,000 samples). The above results corroborate that, after approximately 70 iterations, 

convergence is stable and performance is consistent over the span of 30 independent runs. 

Thus, the proposed AI–WOA construction offers an organized and replicable process to fine-

tune LTE performance optimization, a basis for downstream implementations towards a 

more distributed and next-generation wireless environment. 
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analytics has enabled scalable monitoring and anomaly detection in LTE/5G platforms [14]; [10]. Nevertheless, many 

studies view AI for prediction, optimization algorithms, and data analytics as isolated modules, rather than as a single 

part in a single closed-loop optimization framework. A significant research gap remains between the integration of 

predictive AI modeling, multi-objective meta-heuristic optimization, and reproducible system-level validation in any 

one adaptive LTE framework. Moreover, previous work rarely assesses robustness through systematic sensitivity 

analysis, scalability assessment, decay-strategy evaluation, or Pareto-front characterization. To fill this gap, this work 

presents an integrated AI–WOA optimization framework that utilizes a decision-variable-driven formulation to jointly 

optimize throughput, latency, packet loss ratio, and energy consumption. Using the Random Forest, Multilayer 

Perceptron, and Gradient Boosting models, the predictive layer is validated and WOA is employed as the optimization 

phase of the model under controlled experimental conditions. Implementation is reproducible as a MATLAB-based 

prototype to ensure methodological transparency. This comparison of strengths is followed with a detailed analysis of 

robustness (with weight sensitivity testing, population scalability evaluation, decay-strategy comparisons, and Pareto-

front approximation) which confirms the trade-off with conflicting goals as there are no dominant solutions. Therefore, 

this one integrated framework allows for structured, scalable, and experimentally proven paths for intelligent LTE 

performance optimization and sustainable evolution of the whole network. Similar to traditional static predictive-

optimization pipelines, the proposed architecture enables iterative re-evaluation of performance metrics in each 

optimization stage to create a dynamic closed loop between model prediction and meta-heuristic search. 

2. Related Work 

2.1. AI/ML-Based KPI Prediction in LTE Networks 

In LTE throughput and delay prediction, methods of Artificial Intelligence and Machine Learning [6][7] have been used to 

achieve outstanding prediction accuracy in regression-based and ensemble prediction techniques. In parallel, [22] used SVM and 

neural networks to predict LTE delay under dynamic traffic conditions. Recent work in particular [9] and [20] emphasized the 

growing importance of AI-driven self-organizing networks (SONs) for 4G/5G networks. Anomaly detection and large-scale 

monitoring were enhanced by big data analytics [14],[21], and [10] as shown by scalable LTE performance diagnostics and 

predictive maintenance frameworks. 

2.2. Whale Optimization Algorithm and Meta-Heuristic Optimization 

The Whale Optimization Algorithm (WOA) introduced in [13] in recent years has gained interest to solve nonlinear and multi-

objective optimization problems. Radio resource management and energy-aware clustering are example applications in wireless 

networks [16, 1]. For WOA convergence stability, [23] employed techniques of nonlinear control parameter approaches. In 

particular, hybrid AI–WOA models utilizing hybrid AI–WOA methods and WOA for parameter design efficiency estimation 

[2]; [11] have also been evaluated for improved parameter tuning efficiency. The adaptability of WOA to the challenging wireless 

optimization environments has been backed by recent empirical studies built on analytic reviews ([19]; [12]). 

2.3. Methodological Gap and Analytical Positioning 

Nevertheless, notwithstanding those contributions, there is still methodological fragmentation in the literature. Most of 

the AI research focuses on KPI prediction accuracy and does not connect prediction layers to iterative optimization 

frameworks. In the meantime, WOA-based methods have been developed to investigate convergence patterns and 

resource allocation effectiveness, but few have been validated in terms of robustness in an organized manner by sensitivity 

analysis, population scalability assessment, or decay-strategy comparison. In addition, explicit Pareto-front 

approximation to validate genuine multi-objective trade-offs is rarely undertaken in LTE-focused WOA studies. Table 1 

evaluates representative studies on integration depth and robustness validation dimensions for a structured and objective 

comparison. 

 Table 1. Comparative Analytical Review of AI and Meta-Heuristic LTE Optimization Studies 

Study AI-Based KPI 

Prediction 

WOA / Meta-

Heuristic 

Multi-

Objective 

Sensitivity 

Analysis 

Scalability 

Evaluation 

Decay 

Strategy 

Comparison 

 

Elsherbiny et 

al. (2020) 

✓ ✗ ✗ ✗ ✗ ✗ 

Stojčić et al. 

(2023) 
✓ ✗ ✗ ✗ ✗ ✗ 
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As shown in Table 1, Previous work on LTE optimization typically addresses some parts of LTE optimization alone — 

like predictive modeling, meta-heuristic tuning or large-scale analytics — without concurrent coverage of robustness 

validation and multi-objective trade-off characterization, as shown in Table 1. Instead, the proposed framework 

combines validated AI-based regression with decision-variable-driven WOA optimization, weight sensitivity analysis, 

population scalability evaluation, decay-strategy comparison, and Pareto-front approximation into a coherent 

experimental framework. 

3. Methodology 

3.1. System Architecture and Workflow 

This proposal uses AI-based KPI modeling in combination with Whale Optimization Algorithm (WOA) to improve LTE network 

performance. The architecture includes four main parts: (i) network condition modeling, (ii) AI predictive layer, (iii) WOA-

based multi-objective optimization engine, and (iv) dynamic KPI evaluation module Figure 1 illustrates the complete decision-

variable-driven optimization workflow. Unlike the existing ML-to-optimizer pipelines with static iterations, the proposed 

architecture operates in an iterative closed-loop manner, where decision variables are updated by WOA and KPIs are 

dynamically re-evaluated at each iteration. The system does not implement distributed Spark or Hadoop execution. All 

experiments were conducted in MATLAB R2023b as a reproducible single-node computational prototype. 

 

 

 

 

 

 

 

 

Figure 1 represents the proposed decision-variable-driven AI–WOA optimization framework for LTE performance 

improvement. The architecture starts as network environment layer under which load, signal-to-noise ratio (SNR), user 

mobility, etc., the important operational parameters, are built. The inputs are handled in AI predictive layer using the 

validated Gradient Boosting regression model to predict the influence of network configurations on the KPIs. The 

estimated performance values are then associated with a series of controllable decision variables (α, β, p) which are 

tunable network control parameters. Using the Whale Optimization Algorithm (WOA), these decision variables are 

optimized. Unlike static optimization pipelines, the framework works in a closed-loop way where updates in the decision 

variables trigger dynamic re-evaluation of throughput, delay, packet loss ratio, and energy consumption at every 

iteration. The optimization engine makes use of weighted multi-objective fitness formulation to maximize throughput 

Pham et al. 

(2020) 
✗ ✓ ✓ ✗ ✗ ✗ 

Zhang et al. 

(2022) 
✗ ✓ ✓ ✗ ✗ ✓ 

Huang et al. 

(2021) 
✗ ✓ ✓ ✗ ✗ ✗ 

Aldhafeeri & 

Mirjalili 

(2023) 

✓ ✓ ✓ ✗ ✗ ✗ 

Moysen et al. 

(2020) 
✓ ✗ ✗ ✗ ✓ ✗ 

Rana & 

Mirjalili 

(2020) 

✗ ✓ ✓ ✗ ✗ ✗ 

Proposed AI–

WOA 

Framework 

✓ ✓ ✓ ✓ (±10%, 

±20%) 

✓ 

(N=20,30,50) 

✓ (Linear vs 

Exp.) 
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and minimize delay, packet loss, and energy consumption. This continues until convergence criteria are satisfied — 

leading to an optimized KPI configuration. This allows dynamically interacting prediction and optimization layers, 

ensures resilience to parameter fluctuations, and reproducibility under MATLAB-based prototype implementation. 

3.2 AI-Based Predictive Layer 

Regression models in machine learning were evaluated to predict LTE performance indicators under variable network 

conditions. Three regression techniques were experimentally tested: Random Forest (RF), Multilayer Perceptron (MLP), and 

Gradient Boosting (GB). Performance was assessed using the Root Mean Squared Error (RMSE), Mean Absolute Error 

(MAE), and the coefficient of determination (R²). 

The evaluation metrics are defined as: 

RMSE: 

RMSE=n1i=1∑n(yi−y^i)2 

MAE: 

MAE=n1i=1∑n∣yi−y^i∣ 
R²: 

R2=1−∑(yi−yˉ)2∑(yi−y^i)2 

 

All models achieved R² > 0.98. The boosting gradient showed slightly higher prediction accuracy (R² = 0.9951), so it was 

chosen as the main prediction model. 

 

3.3 Whale Multi-Objective Optimization Formulation 

The optimization objective is formulated as: 

max F = w_1 t_p - w_2 d - w_3 P_{lr} - w_4 e 

where: 

• w1=0.40 

• w2=0.25 

•  w3=0.20 

• w4=0.15 

All the reported performance improvements in this study were calculated relative to the basic LTE setup under the 

same simulation parameters to ensure quantitative consistency. 

3.4 Robustness and Sensitivity Analysis Setup and Parameters 

We perturbed the objective weights ±10 percent and ±20 percent in a systematic manner while maintaining the normalization 

constraint ∑wi=1. Independent 30 runs for each configuration were carried out to evaluate the statistical stability of our results. 

These settings were applied for each optimization and robustness assessment step of our AI–WOA framework, as shown 

in Table 2. The table has the selected population size (N=30) and the max number of iterations (T=100) based on a trade-

off between stability and complexity. Systematic weight sensitivity tests (±10% and ±20%) were conducted, with the 

normalization constraint applied to objective coefficients to increase methodological robustness. A population scalability 

study (N = 20, 30, 50) aimed at stability at convergence and to obtain an approximation of computational cost. Two decay 

methods, linear and exponential, were employed for convergence behavior and variance analysis. Each experimental 

setup was subjected to 30 independent runs so that the simulation could be statistically stable and reproducible. Together, 

these rules ensure that the results reported are not only not driven by a single configuration but provide solutions to the 

robustness, scalability, and algorithmic stability concerns identified in the literature. 

Table 2. Optimization and Robustness Parameters 

Parameter Value / Range 

Parameter Size (N) 30 

Iterations (T) 100 
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Weight Sensitivity ±10%, ±20% 

Population Scalability N = 20, 30, 50 

Decay Strategies Tested Linear, Exponential 

Independent Runs 30 

 

3.5 Whale Optimization Algorithm Implementation 

 WOA was used to optimize decision variables rather than KPIs directly at each iteration, decision variables are updated, 

and the resulting KPIs are dynamically recomputed using the LTE performance model. This ensures adaptive closed-

loop optimization rather than fixed ML predictions. 

The control parameter decays as: 

Linear decay: 

a=2−(2t/ T) 

Exponential decay: 

𝐚 = 𝟐𝒆−𝒊/𝒕 

In Table 3, the population scalability analysis is presented that assesses convergence stability and computational 

efficiency of the design of the proposed WOA configuration. Increasing the population size from N = 20 to N = 30 

demonstrated a significant decrease in fitness variance (from 4.6041 to 4.1986). In contrast, increasing the population 

size to N = 50 brought significant increases in the computational cost (0.5837 s per run) without the same stability 

increase. While N = 50 gave some improvement towards a slightly higher mean fitness value; the marginal gain does not 

offset any extra computational burden. This is why N = 30 was chosen as the most effective compromise between 

convergence quality and execution efficiency. 

Table 3. Population Scalability and Convergence Stability Analysis 

 

 

 

 

 

3.6 Algorithm Pseudocode 

Algorithm 1. Decision-Variable-Driven WOA for LTE Optimization 

Input: Initial decision variables X 

Output: Optimized KPI vector X* 

1. Initialize whale population Xi (i = 1…N) 

2. For each Xi compute TP, D, PLR, E dynamically 

3. Evaluate fitness F(Xi) 

4. Identify best solution X* 

5. For t = 1 to T 

  For each whale Xi 

   Update control parameters (a, A, C, p) 

   If p < 0.5 

    If |A| < 1 

Population (N) Mean Fitness Std Dev Avg Execution Time (s) 

20 19.4231 4.6041 0.2355 

30 19.5722 4.1986 0.3495 

50 21.1914 0.0000 0.5837 
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     Encircling update 

    Else 

     Exploration update 

   Else 

    Spiral update 

   End 

   Recompute TP, D, PLR, E using updated decision variables 

   Evaluate fitness 

  End 

  Update global best 

End 

6. Return optimized KPI configuration 

4. Results 

The proposed AI–WOA framework was assessed under LTE simulation conditions to analyze its impact on throughput, delay, 

packet loss ratio, and energy efficiency. All improvements reported in this section are computed in relation to a baseline 

LTE configuration under identical simulation parameters to achieve numerical consistency throughout the manuscript. 

The above optimization results show that they are markedly improved on all target KPIs. The proposed framework 

produced a 25.3% increase in throughput, a 28.9% reduction in latency, a 38.7% reduction in packet loss ratio, and a 

23.4% increase in energy efficiency relative to the baseline configuration. Both results are directly derived from 

MATLAB-based experimental execution and are in line with the multi-objective formulation provided in Section 3. 

4.1 Convergence Behavior 

The convergence of the Whale Optimization Algorithm and its characteristics were analyzed for search stability and efficiency. 

Figure 2 shows the best fitness value convergence curve for 100 iterations with N = 30 (population size = 30) for a linear 

decay. The optimization stabilizes after ~70 iterations which confirms a balanced exploration–exploitation dynamics 

and stable iterative KPI re-evaluation. The observed convergence indicates that optimization does not function in a 

linear way, nor does it follow static ML predictions, but rather runs on an actual closed loop. 

 

 

 

 

 

 

 

 

 

 

Figure 2. Convergence behavior of WOA under N = 30 and linear decay 

The convergence trend of the Whale Optimization Algorithm over 100 iterations is demonstrated according to Figure 2, 

which assumes population size of N=30 and linear decay control parameter. The best level of fitness is achieved after ~70 

iterations, thus the exploration–exploitation balance is found to be achieved well. The smooth convergence trend verifies 

stable re-evaluation of the decision variables and KPIs in the iterative process of updating them over time in the dynamic 

optimization loop. 

4.2 AI Predictive Model Validation 

The predictive performance of the AI models was evaluated using standard regression metrics. 
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Table 4. Regression Performance Metrics of Evaluated AI Models 

 

 

 

 

 

As presented in Table 4, the highest prediction accuracies are obtained for Gradient Boosting (R² = 0.9951), and the 

next is for Random Forest (R² = 0.9950). The prediction error of the MLP model was higher R² = 0.9827. It is to this 

end that we consider Gradient Boosting as the best predictive layer to be incorporated into the AI–WOA framework. 

4.3 Decay Strategy Comparison 

To assess the robustness of the algorithm, the linear decay and exponential decay mechanisms were experimentally compared. 

A comparison profile of convergence paths between linear and exponential decay strategies is given in Figure 3. 

Although some runs were less varied with exponential decay, the mean fitness values of linear decay and exponential 

decay were statistically similar. Given the slight differences in solution quality and the simple computational use of the 

linear decay, this linear strategy was used for future optimization experiments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Linear vs Exponential Decay Convergence Comparison 

Comparison of trend between linear and exponential decay for convergence is presented in Figure 3. Although 

exponential decay has a slightly faster convergence in the early stage of convergence, both strategies achieve similar final 

fitness values. The only slight difference in stability does not justify that the complexity needed to calculate is larger as it 

is linear and therefore linear decay was chosen as a choice for the future experiments. 

4.4 Pareto-Front Approximation 

 In order to confirm true multi-objective trade-offs, Pareto-front approximation was performed. 3,000 randomly sampled 

decision-variable configurations represented in the objective space and represented in figure 4. A total of 2,960 non-dominated 

solutions were found, showing there were great tradeoffs between throughput, delay, packet loss ratio, and energy usage. 

The wide Pareto space is evidence that the optimization terrain does not simply collapse into a trivial dominant solution. 

We thus select a preference-based operating point in a valid multi-objective solution space for the weighted-sum 

formulation. 

Model RMSE MAE R² 

Random Forest 0.1817 0.1408 0.9950 

MLP 0.3367 0.2597 0.9827 

Gradient Boosting 0.1797 0.1278 0.9951 
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Figure 3. Contrast between linear and exponential decay convergence 

The Pareto-front approximation obtained from 3,000 randomly sampled decision-variable configurations can be seen in 

Figure 4. The distribution of solutions across the objective space indicates significant trade-offs between throughput and 

delay. A total of 2,960 non-dominated solutions were identified, indicating the presence of a broad multi-objective 

optimization landscape. The selected weighted-sum solution represents a preference-based operating point within this 

Pareto region, rather than a trivial dominant outcome. 

5. Discussion 

In addition, applying it within the MATLAB environment, results show that the proposed AI–WOA optimization framework 

proves to be effective, showing the credibility of the proposed framework for improving LTE network performance. These 

gradual changes can be achieved across KPIs, confirming the overall development of the framework's robustness and its data-

driven aspect when predictive intelligence and heuristic optimization are combined within wireless optimization systems 

5.1. Interpretation of KPI Enhancements 

 Results show a 25.3% throughput increase, 28.9% latency reduction, 23.4% energy improvement, and a 38.7% reduction in 

packet loss ratio with respect to a baseline LTE configuration under identical simulation scenarios (Section 4). These results 

suggest that through the utilization of AI-based KPI prediction and WOA adaptive tuning, balanced exploration–exploitation 

dynamics can be achieved, with stable convergence (Figure 2). Contrary to single predictive modelling (or the individual 

methods) for optimization, the proposed approach combines the results obtained from validated regression (Table 4) 

with decision-variable optimization, so KPI improvements can be made within a reproducible experimental environment. 

5.2. Comparison with Prior Research 

Conventional optimization approaches like rule-based SON systems [9] and independent machine learning approaches [22] often 

address isolated KPI prediction or parameter tuning. We have proposed a framework that combines AI prediction with WOA 

optimization in an iterative evaluation loop. Note: Objective weights are consistent for optimization and robustness can be 

achieved by a systematic sensitivity analysis (±10% and ±20%) and not by dynamic reweighting. It is a direct response 

to the methodological limitations that have been discovered in previous LTE optimization publications. The energy 

efficiency gain (23.4%) indicated in our work is similar to the literature on LTE optimization [10]; scalability tests (N = 20, 30, 

50) are performed, and decay comparison conducted (Figure 3). This provides us with the ability to verify robustness not 

commonly provided by the majority of existing designs. 
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5.3. Algorithmic Reliability and Stability 

The convergence profiles of WOA then become stable after ~70 iterations as shown in Figure 2, exhibiting a smooth systematic 

search with no oscillatory instability. The means of fitness of N=30 were more steady than those of N=20, which avoided 

the increased computational cost of N=50 (Section 4.3). This proves the implementation of the hyperparameters. Performances 

were similar across 30 independent runs indicating the reproducibility of the optimization process in MATLAB-controlled 

experiments. 

5.4. Practical and Theoretical Implications 

In this work, we examine the gap between KPI prediction and adaptive optimization in LTE network management. Even though 

separate prediction modeling or metaheuristic tuning methods have been proposed in earlier works, this study provides the first 

evidence that combining these two approaches with a decision-variable driven closed-loop system generates consistent multi-

objective benefits. On the other hand, the Pareto-front approximation (Figure 4) shows that there are legitimate trade-offs 

among objectives (2,960 non-dominated solutions) among 3,000 samples and that objective effects are not created by 

single-objective tuning but purely induced. On the practical part, our method promotes the adaptive parameter configuration 

in LTE systems, which could be expected to improve Quality of Service (QoS) and operational efficiency. 

5.5. Summary of Discussion 

Thus, from the proposed AI–WOA framework: 

1. Is a measurable improvement over the baseline LTE configuration in terms of throughput, latency, packet loss, and 

energy metrics. 

2. Sensitivity and scalability analysis, decay-strategy comparison guarantees the robustness. 

3. Consists of good reproducibility in controlled experimental conditions. 

4.  Provides a structured approach for AI-assisted LTE performance optimization, with experimental verification. 

6. Conclusion and Future Work 

The work here involves the design and experimental validation of an AI–WOA optimization framework to enhance multi-KPI 

enhancement in LTE networks. Algorithms: AI-based KPI prediction, Whale Optimization Algorithm-based adaptive decision-

variable tuning are deployed on the framework in a reproducible experiment environment on Model-In-Context in MATLAB 

R2023b. For instance, the experimental results revealed measurable improvements over a known baseline LTE configuration: 

25.3% higher throughput, 28.9% lower latency, 23.4% improvement to energy efficiency, and 38.7% lower packet loss than a 

known baseline LTE configuration. In conclusion, by combining validated predictive modelling with meta-heuristic 

optimizations, multi-objective performance tuning can be enabled without degrading the predictability of the algorithm. The 

main scientifically important results in this study, are: 

1. This proposal implements a single unified artificial intelligence–WOA optimization framework for simultaneous 

optimization of many LTE KPIs under consolidated multi-objective formulation . 

2. he experimental robustness is confirmed in the weight sensitivity analysis (±10% and ±20%), population scalability 

test, N = 20, 30, 50, decaying-strategy comparison: linear vs. exponential . 

3. Reproducible 30 independent runs after approx. 70 iterations based on MATLAB experiments displaying the same 

behavior for convergence. 

4. 3,000  sampled configurations in Pareto-front approximation and identified 2,960 non-dominated solutions and verified 

true multi-objective tradeoffs.  

However, on theory, the proposed framework addresses the discrepancy between predictive AI modeling and evolutionary 

optimization of LTE performance management. The combination of regression-based KPI estimation with decision-variable 

based optimization facilitates some structured balancing on throughput, latency, energy efficiency, and reliability goals. In 

practical terms, it allows enabling a reproducible and feasible prototype of adaptive LTE parameter optimization. Although 

this implementation is done in a controlled MATLAB environment, broader work can leverage this architecture for large-

scale distributed environments, as well as LTE or pre-5G deployments in real-world scenarios to judge performance in a 

live network scenario. 



Iraqi Journal for Computers and Informatics   72110.25195/ijci.v52i1.DOI:                            . 
 

205 
 
 

        6.1 Future Work 

The AI–WOA optimization framework may also provide the foundation for future investigation in adaptive and decentralized 

wireless networks, which the present research in this paper suggests are less static. Possible extensions may include aspects 

of   : 

 •Introducing RL methods to perform dynamic model learning for real-time adaptive KPI prioritization in non-stationary 

network conditions and beyond static multi-objective weighting for static policy learning   . 

 •Investigating Federated Learning (FL) models for decentralized and privacy-sensitive LTE/5G optimization (distributed 

nodes training the models without sharing raw data)   . 

 •Utilizing our proposed optimization framework with O-RAN (Open Radio Access Network) architectures to assess 

interoperability and vendor-agnostic adaptive control mechanisms  . 

 •Building hybrid AI–WOA–RL architectures that integrate global meta-heuristic search with sequential decision intelligence 

for high-mobility and ultra-reliable low-latency communication (URLLC) scenarios   . 

 •Testing the framework on 5G–6G digital twin simulation environments with adaptation under large-scale and heterogeneous 

network conditions  .The methodological rigor, experimental reproducibility, and robustness validation reported in this study 

provide a framework for an orderly approach to these extensions to future work. Though limited to controlled MATLAB-based 

experimentation of this paper, the framework provides a transparent and flexible baseline for future research in intelligent 

wireless network optimization. 
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