
Jurnal Teknik Informatika (JUTIF)   Vol. 7, No. 4, August 2026, Page. 3398-3413 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871   DOI: https://doi.org/10.52436/1.jutif.2026.7.4.4951 

 

 

3398 

Neural Network Performance Enhancement Using the Modified Orca 

Predation Algorithm for Time Series Forecasting: A Comparative Review 

Syaharuddin1*, Mariono2, Alfiana Sahraini3, Saba Mehmood4, Wasim Raza5  

1,2,3 Mathematics Education, Universitas Muhammadiyah Mataram, Indonesia 
4 Department of Mathematics, University of Management and Technology, Pakistan 

5 Department of Applied Mathematics, University of Sargodha, Pakistan 

 

Email: Syaharuddin.ntb@gmail.com 

Received : Jan 5, 2026; Revised : Jan 5, 2026; Accepted : Jan 19, 2026; Published : Aug 15, 2026 

Abstract 

Neural Networks (NNs) are extensively used in time series forecasting due to their ability to learn nonlinear and 

complex temporal relationships. However, NN performance is frequently limited by training challenges, including 

slow convergence and suboptimal parameter optimization. This study aims to systematically examine the role of the 

Modified Orca Predation Algorithm (MOPA) in enhancing neural network performance for time series forecasting, 

particularly in comparison with other metaheuristic optimization approaches. This research employed a qualitative 

method using a Systematic Literature Review (SLR) approach. Relevant journal and conference articles published 

between 2015 and 2025 were collected from reputable scientific databases. The selected studies were analyzed 

thematically and bibliometrically using VOSviewer to identify research trends, application domains, and performance 

characteristics of MOPA-based neural network optimization. The results indicate that the integration of MOPA into 

neural network training consistently improves convergence speed, forecasting accuracy, and model stability across 

various application domains. Compared to conventional optimization methods, MOPA demonstrates superior 

capability in handling nonlinear and volatile time series data, particularly in energy forecasting, financial time series 

analysis, and climate-related prediction. The findings also reveal that MOPA-based optimization contributes to better 

generalization performance by reducing prediction error and output variance. This study provides a structured 

synthesis of recent research on MOPA-enhanced neural networks and contributes to the understanding of 

metaheuristic optimization strategies in time series forecasting. The results serve as a reference for researchers in 

selecting effective optimization methods for neural network-based forecasting models. 
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1. INTRODUCTION  

Neural networks (NNs) have emerged as one of the most powerful machine learning techniques, 

particularly in the field of time series forecasting. A neural network is a computational model inspired 

by the structure and function of the human brain, consisting of interconnected layers of artificial neurons 

that process and learn from data patterns. In time series forecasting, neural networks have demonstrated 

remarkable capabilities in capturing complex, nonlinear relationships within temporal data, making 

them a preferred choice for predicting future trends across various domains, including finance, climate 

science, and healthcare. The ability of NNs to generalize patterns from historical data enables them to 

outperform traditional statistical models such as autoregressive integrated moving average (ARIMA) 

and exponential smoothing methods in many real-world applications. Recent surveys on deep learning 

for time series forecasting indicate that neural network–based approaches have become increasingly 

crucial for modeling intricate temporal dynamics across diverse fields such as finance, healthcare, and 

energy demand prediction[1]. However, despite their effectiveness, the training process of NNs presents 

significant challenges, particularly in terms of optimizing network parameters such as weights and 
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biases. Issues such as slow convergence, overfitting, and sensitivity to hyperparameter selection often 

hinder the overall predictive performance of NNs [2]. Consequently, researchers have explored various 

optimization techniques to enhance the efficiency and accuracy of neural networks in time series 

forecasting. 

One of the emerging optimization techniques aimed at improving neural network performance is 

the Modified Orca Predation Algorithm (MOPA) [3]. Inspired by the cooperative hunting behavior of 

orca whales, MOPA is a metaheuristic algorithm designed to optimize complex mathematical problems, 

including those encountered in training neural networks [4]. The algorithm mimics the predatory 

strategies of orcas, such as encircling prey, bubble-net feeding, and cooperative attacks, to search for 

optimal solutions within a given problem space. When applied to neural network training, MOPA plays 

a crucial role in optimizing network weights, reducing training errors, and improving the generalization 

capability of the model [5]. Unlike traditional gradient-based optimization methods, which often suffer 

from local optima and slow convergence, MOPA employs a population-based search mechanism that 

enhances exploration and exploitation in the optimization process. Compared to other nature-inspired 

optimization techniques such as Particle Swarm Optimization (PSO), Genetic Algorithms (GA), and 

Whale Optimization Algorithm (WOA), MOPA has demonstrated superior performance in certain 

applications by achieving better convergence rates and improved solution diversity. As a result, 

integrating MOPA into neural network training for time series forecasting presents a promising avenue 

for further research, particularly in enhancing predictive accuracy and computational efficiency. 

Neural networks (NNs) have shown significant promise in time series forecasting across various 

domains, outperforming traditional methods like ARIMA and ETS. Their ability to capture complex 

nonlinear relationships and temporal dependencies makes them particularly effective. This overview 

will discuss the successful applications of NNs in different fields, highlight specific implementations, 

and address the limitations observed in previous studies. In economics, NNs, particularly LSTM and 

GRU models, have been utilized to analyze Russian macroeconomic statistics, demonstrating superior 

accuracy compared to traditional models [6]. In weather prediction, RNNs have been employed to 

forecast emission trends, providing critical insights for environmental policy-making [7]. In healthcare, 

Liquid Neural Networks (LNNs) have been tested for time series analysis, showcasing their adaptive 

learning capabilities (Kavakli & Uçar, 2024). A meta-analysis of ANN Back Propagation (ANN-BP) 

methods in time series forecasting revealed an average accuracy rate of 90% and a correlation coefficient 

(R) of 0.901, with a confidence interval ranging from 86% to 94% using random effect models [8]. This 

study further indicated that the accuracy of ANN-BP improved over time, reaching 94% for 2019-2021, 

suggesting that higher data input enhances pattern recognition capabilities. Similarly, a bibliometric 

analysis of stock price forecasting using Long Short-Term Memory (LSTM) neural networks found that 

65% of studies compared RNN LSTM with other neural networks, while 57% focused on improving 

existing models, and 42% proposed new projection models, demonstrating ongoing advancements in 

the field (Fantin & Hadad, 2022). However, despite these successes, NN-based forecasting faces several 

challenges. The application of Spiking Neural Networks (SNNs) encounters difficulties such as effective 

temporal alignment and the lack of standardized guidelines [9]. Moreover, while hybrid models often 

yield improved accuracy, determining the best model combination for specific datasets remains 

ambiguous [6]. Although research continues to enhance NN methodologies, the complexity and 

variability in performance across different datasets highlight the need for further studies to optimize NN 

applications in time series forecasting. 

Optimization algorithms play a crucial role in enhancing the accuracy of neural networks (NN) 

for time series forecasting. Various methods, including Particle Swarm Optimization (PSO), Genetic 

Algorithms (GA), and Whale Optimization Algorithm (WOA), have been employed to fine-tune 

hyperparameters and improve model performance. Particle Swarm Optimization (PSO) has proven 
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effective in hyperparameter tuning for CNNs, achieving lower RMSE values compared to traditional 

methods [10]. Similarly, hybrid PSO-based optimization applied to Backpropagation Neural Networks 

(BPNN) has been shown to significantly reduce error measures (e.g., MSE) compared to standard 

BPNN, indicating improved training convergence and predictive performance [11]. Genetic Algorithms 

(GA), while not explicitly detailed in some studies, are known for their robustness in exploring large 

search spaces, making them suitable for complex NN architectures. GA has also been utilized in 

optimizing Markov Weighted Fuzzy Time Series forecasting, where MAPE was reduced from 17.440% 

to 16.85% using GA-FKM, while PSO further improved accuracy, lowering MAPE from 9.78% to 

7.58% [12]. The Whale Optimization Algorithm (WOA) has demonstrated effectiveness in optimizing 

LSTM networks for traffic prediction, outperforming several other algorithms [13]. In terms of 

strengths, PSO is computationally efficient and easy to implement, yielding significant performance 

improvements, while metaheuristic approaches like WOA effectively capture nonlinear relationships in 

data. However, GA can be computationally intensive and may converge to local optima [14], while some 

algorithms, like BOA, may require extensive parameter tuning to achieve optimal results [15]. In 

contrast, while optimization algorithms significantly enhance NN performance, they also introduce 

complexity in model training and require careful consideration of computational resources and time 

constraints. 

The application of Multi-Objective Particle Algorithms (MOPA) in neural networks (NN) for 

forecasting has garnered attention due to its effectiveness in optimizing NN performance. Studies 

indicate that MOPA can significantly enhance prediction accuracy and reduce output variance compared 

to traditional optimization methods. MOPA has been shown to outperform single-layer perceptrons and 

mean ensembles in terms of prediction accuracy, achieving improvements of 5.6–15.6% in sparse data 

environments [16]. Additionally, the integration of MOPA with neuroevolution techniques has 

demonstrated superior performance in deep neural networks (DNNs), surpassing results obtained 

through stochastic gradient descent alone [17]. In semiconductor process monitoring, parameter 

optimization of NN improved prediction accuracy (R²) by 5.6–15.6% and decreased NN output variance 

by 73.0–81.6% [16], reinforcing MOPA's potential in enhancing model reliability. Moreover, research 

on hybrid deep learning algorithms for COVID-19 prediction has achieved 97.56% accuracy, 

significantly outperforming other machine learning models [18], suggesting the potential for integrating 

MOPA with hybrid deep learning frameworks to further improve forecasting models. Recent studies 

also emphasize the challenge of applying metaheuristic optimization in the high-dimensional 

hyperparameter search space of neural network training, highlighting the need for scalable optimization 

strategies to ensure robust performance across diverse datasets and complex model structures [20]. 

Future studies could explore the integration of MOPA with more complex NN architectures, such as 

hybrid models that combine metaheuristic algorithms with deep learning frameworks [19], and 

investigate its application in high-dimensional data settings, as seen in big data environments. While 

MOPA shows promise, challenges remain in its application, particularly in balancing exploration and 

exploitation in complex NN structures. Further research is needed to address these issues and fully 

realize MOPA's potential in diverse forecasting scenarios. 

Despite the growing interest in optimization algorithms for enhancing neural network (NN) 

performance in time series forecasting, a critical research gap remains regarding the comparative 

effectiveness of the Modified Orca Predation Algorithm (MOPA) relative to other widely used 

metaheuristic approaches. Existing studies predominantly examine optimization techniques such as 

Particle Swarm Optimization (PSO), Genetic Algorithms (GA), and the Whale Optimization Algorithm 

(WOA) in isolation, often focusing on specific datasets or forecasting scenarios. However, systematic 

comparisons that evaluate MOPA against these established algorithms using common forecasting 

performance indicators—such as RMSE, MAE, MAPE, convergence speed, and model stability—are 
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still limited. Moreover, challenges related to computational efficiency, convergence behavior, and 

model generalization persist, particularly in large-scale and complex time series forecasting tasks. In 

this context, MOPA is increasingly reported as a promising alternative due to its balanced exploration–

exploitation mechanism, yet its empirical advantages over conventional optimization methods remain 

insufficiently synthesized across studies. Therefore, this study aims to conduct a comparative review of 

MOPA-based neural network optimization in time series forecasting, emphasizing how MOPA performs 

relative to PSO, GA, WOA, and other metaheuristic algorithms in terms of forecasting accuracy, 

convergence efficiency, and generalization capability. Through a systematic analysis of recent literature, 

this research seeks to identify performance patterns, methodological strengths, and limitations 

associated with MOPA-based forecasting models. By synthesizing comparative evidence across 

multiple application domains, the study contributes to a clearer understanding of MOPA’s practical 

relevance and potential as a robust optimization framework for neural network–based forecasting, while 

also highlighting directions for future methodological development. 

2. METHOD  

This research adopts a qualitative approach using a Systematic Literature Review (SLR) method. 

The SLR approach is employed to identify, evaluate, and synthesize relevant studies on the application 

of the Modified Orca Predation Algorithm (MOPA) in enhancing neural network (NN) performance, 

particularly in the domain of time series forecasting. This method enables a structured and 

comprehensive review of scientific literature, providing in-depth insights into how MOPA compares to 

other optimization algorithms in improving forecasting accuracy, convergence efficiency, and model 

generalization. Data for this study were collected from reputable academic databases, including Scopus 

(https://www.scopus.com), DOAJ (https://doaj.org), and Dimensions (https://app.dimensions.ai), 

covering a publication range from 2015 to 2025. This ten-year interval ensures that the selected data 

reflect recent advancements and current trends in neural network optimization and forecasting research. 

The initial search using the keywords Neural Network OR Orca Predation Algorithm OR Performance 

Enhancement OR Forecasting yielded a total of 94,907 documents. After applying the inclusion and 

exclusion criteria, a total of 25,990 relevant documents were identified, consisting of 24,874 journal 

articles and 1,116 conference proceedings. 

 

 
Figure 1. Research procedures 

The inclusion criteria used in this study were: (1) Peer-reviewed scientific articles published in 

reputable international journals or indexed conference proceedings; (2) Publications focusing on the use 

of metaheuristic optimization methods, particularly the Modified Orca Predation Algorithm, in neural 
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network training or forecasting tasks; (3) Studies discussing performance enhancement, convergence 

behavior, or forecasting accuracy; (4) Articles written in English or Indonesian with full-text 

availability; and (5) Publications from the last 10 years (2015–2025). The exclusion criteria were: (1) 

Duplicate records across databases; (2) Non-peer-reviewed materials, such as preprints, book chapters, 

or abstracts; (3) Studies with insufficient focus on neural network optimization, performance, or 

forecasting; and (4) Publications with incomplete or inaccessible content. The research procedure is 

illustrated in Figure 1. 

Figure 1 presents a systematic research workflow that summarizes the protocol of this study and 

clarifies the number of articles involved at each stage of the Systematic Literature Review process. The 

workflow begins with the problem formulation stage, where a broad set of keywords related to Neural 

Networks, Orca Predation Algorithm, performance enhancement, and forecasting was defined. This 

initial search resulted in 94,907 records, reflecting the extensive scope of research in neural network 

optimization and forecasting domains. The next stage involved the application of eligibility criteria, 

which limited the scope to peer-reviewed articles published between 2015 and 2025. At this stage, 

irrelevant, duplicate, and non-peer-reviewed publications were excluded, resulting in 54,629 eligible 

documents that met the temporal and quality requirements of the study. Subsequently, the data selection 

stage was conducted by screening articles sourced from Scopus, DOAJ, and Dimensions, with a more 

focused evaluation of relevance to neural network optimization and forecasting applications. This 

process reduced the dataset to 25,990 relevant articles, which formed the basis for further analysis. To 

identify research trends and thematic structures, the selected articles were analyzed using VOSviewer, 

a bibliometric visualization tool. Keyword co-occurrence analysis was performed to map relationships 

among core concepts, allowing the identification of dominant research clusters, emerging themes, and 

the evolution of topics over time. This analysis enabled the detection of convergence patterns among 

optimization techniques, forecasting models, and neural network architectures. Based on this process, 

the data interpretation and synthesis stage yielded 15 core sub-themes, representing the most influential 

and recurrent research directions within the literature. Finally, these synthesized findings informed the 

conclusion and suggestions stage, where theoretical contributions, methodological insights, and 

potential directions for future research were formulated. Overall, the flowchart not only illustrates the 

logical sequence of the research procedure but also functions as a summary protocol, transparently 

demonstrating how the initial large body of literature was systematically refined to generate robust and 

focused research insights on the application of the Modified Orca Predation Algorithm in neural 

network–based forecasting. 

3. RESULTS AND DISCUSSION  

3.1. Results of Data Selection 

The search results found 94,907 data that fit the research topic. Then, the results of data selection 

found as many as 25,990 articles that are relevant and according to eligibility criteria. Of these, 24,874 

journal articles and 1,116 proceedings articles were found. The distribution of data based on the year of 

publication can be seen in Figure 2 which shows the development of the number of studies in the last 

10 years. 

Figure 2 illustrates the trend in the number of research publications over the past 10 years, highlighting 

a consistent increase in academic interest in neural network performance enhancement using the 

Modified Orca Predation Algorithm for time series forecasting. In 2015, the number of publications was 

1,337, followed by a slight decrease to 1,304 in 2016. However, from 2017 onward, the number of 

publications steadily increased, reaching 1,590 in 2017, 1,773 in 2018, and 2,030 in 2019. 
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Figure 2. Publications in each year 

 

This upward trend continued in the following years, with 2,282 publications in 2020, 3,114 in 

2021, 3,571 in 2022, and 3,949 in 2023. The peak was observed in 2024, with 4,196 publications, 

reflecting significant academic engagement in this research area. However, in early 2025, the number 

of publications recorded was 844, which may be due to the incomplete data for the year, as publication 

trends typically accumulate over time. This trend underscores the increasing attention given to the topic, 

particularly in recent years, emphasizing its growing relevance in the field of time series forecasting. 

3.2. Visualization of Data 

At this stage, we visualize all research results using VOSviewer and R-Studio to see the research 

variables and the relationship between variables. The visualization results are as shown in Figure 3. 

 

 
Figure 3. Network Visualization of data using VOSviewer

Figure 3 presents a visualization generated using VOSviewer, illustrating the relationships and 

frequency of occurrence of relevant keywords in research related to "Neural Network, Orca Predation 

Algorithm, Performance Enhancement, and Forecasting." We provide a detailed analysis of the 

keywords that appear in the visualization, which have been grouped into clusters using this software, as 

shown in Table 1. This clustering facilitates the identification of key topics that will be further explored 

within each cluster. 
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Table 1. Variable of data 

Cluster Main Keywords 

Cluster 1 (Red): Prediction 

Models and Performance 

Prediction, series prediction model, prediction accuracy, hybrid 

model, RMSE, MAE, effect, stability, temperature, extreme 

learning machine, random forest, vector machine 

Cluster 2 (Blue): Optimization 

Techniques and Algorithm 

Behavior 

Optimization problem, convergence speed, benchmark function, 

exploration, exploitation, particle swarm optimization, HHO, 

WOA, PSO, solution, response, distribution, article 

Cluster 3 (Green): Machine 

Learning and Classification 

Tasks 

Machine learning, SVM, CNN, classification, detection, 

precision, recall, specificity, sensitivity, task, researcher, 

hyperparameter, variety, stage, contrast, recent year 

 

Table 1 presents the set of variables categorized into clusters generated by VOSviewer and R-

Studio. The blue, green, and red clusters in VOSviewer represent distinct thematic areas, focusing on 

prediction models and performance, optimization techniques and algorithm behavior, as well as machine 

learning and classification tasks. Each cluster will be examined in greater detail in the following 

sections, considering the context of the data and relevant literature. 

3.3. Visualization data using VOSviewer 

• Red Cluster: Prediction Models and Performance Accuracy 

The red cluster highlights key aspects of prediction models and performance evaluation. 

Keywords such as prediction, series prediction model, prediction accuracy, prediction 

performance, hybrid model, RMSE, MAE, stability, and temperature indicate that research in 

this domain focuses on improving prediction accuracy using various approaches, including 

hybrid models. Evaluation methods such as Root Mean Square Error (RMSE) and Mean 

Absolute Error (MAE) are central to assessing forecasting model quality. Furthermore, terms 

like stability and effect suggest that studies also investigate the influence of environmental or 

external factors on prediction stability. 

• Blue Cluster: Optimization Techniques and Algorithm Behavior 

The blue cluster is closely related to optimization techniques and algorithm behavior in 

enhancing neural network performance. Keywords such as optimization problem, convergence 

speed, benchmark function, exploitation, exploration, solution, particle swarm optimization 

(PSO), Harris Hawks Optimization (HHO), and Whale Optimization Algorithm (WOA) suggest 

that research in this cluster focuses on developing and applying metaheuristic optimization 

algorithms to improve neural network efficiency in forecasting tasks. The concept of 

convergence speed indicates a focus on the rapidity of algorithm convergence, while benchmark 

function refers to standardized test functions used to evaluate optimization algorithm 

effectiveness. 

• Green Cluster: Machine Learning and Classification Tasks 

The green cluster centers on machine learning applications in classification tasks and neural 

network-based data analysis. Keywords such as machine learning, classification, detection, 

precision, recall, specificity, sensitivity, CNN (Convolutional Neural Network), SVM (Support 

Vector Machine), task, researcher, hyperparameter, contrast, variety indicate that research in 

this group explores the implementation of various machine learning techniques for classification 

and pattern recognition. Terms like precision, recall, specificity, and sensitivity highlight the 

evaluation metrics for classification models, whereas hyperparameter suggests that optimizing 

model parameters is a critical topic in this research area. Overall, these three clusters reflect how 
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research on neural networks and algorithm optimization has evolved in the context of time series 

forecasting. The integration of accurate predictive models, efficient algorithm optimization, and 

machine learning-based classification applications represents a highly relevant area of study. 

3.4. Synthesis of Data 

Based on the interpretation of each cluster, we have synthesized several key points regarding 

Neural Networks, the Orca Predation Algorithm, Performance Enhancement, and Forecasting, as 

presented in Table 2. 

 

Table 2. Insights from the author and research results 

No. 
Focus Area / 

Domain 
Authors (Grouped by Topic) 

Key Insights / Research 

Variables 

1. Forecasting and 

Prediction 

Accuracy 

Sonia & Nath (2025), Najamuddin & 

Fatima (2022), Han et al. (2022), Li & 

Yang (2023), Anuyah et al. (2024), 

Efthimiou et al. (2023), Wang et al. 

(2025), Jaloli et al. (2022) 

Use of RMSE, MAE, MAPE; 

hybrid models (CNN-LSTM, 

SARIMA-LSTM); model 

performance in clinical trials, 

treatment response, oxygen 

uptake, glucose levels prediction 

2. Optimization 

Algorithms and 

Convergence 

Panteleev et al. (2022), Bashetty et al. 

(2022), Chong et al. (2021), Abd 

Elaziz et al. (2021), Yan et al. (2025), 

Lacotte & Pilanci (2022), 

Abbaszadehpeivasti et al. (2022), Jin et 

al. (2021) 

Metaheuristics (Grey Wolf, 

Whale, PSO), convergence 

strategies, benchmark function 

use, semidefinite programming, 

optimization in medical imaging 

3. Machine 

Learning and 

Classification 

Surono et al. (2022), Singgalen et al. 

(2024), Manoochehri et al. (2025), 

Pannakkong et al. (2022), Wen et al. 

(2024), Yennimar et al. (2023), Saekhu 

et al. (2025) 

CNN, SVM, hyperparameter 

tuning (RSM, Randomized 

Search CV), classification 

accuracy, sensitivity, training 

dataset composition 

 

Table 2 presents a synthesized interpretation of the reviewed literature, revealing three major 

thematic concentrations that collectively explain how neural network performance is enhanced in 

forecasting contexts. The first theme emphasizes the centrality of prediction accuracy, where 

performance evaluation is predominantly based on error metrics such as RMSE, MAE, and MAPE, and 

where hybrid modeling approaches are increasingly employed to capture complex temporal and 

nonlinear patterns. The second theme highlights the strategic role of optimization algorithms in 

improving learning efficiency, accelerating convergence, and overcoming local optima limitations 

commonly encountered in neural network training processes. The third theme reflects the growing 

integration of machine learning techniques for data classification, underscoring the importance of model 

selection, hyperparameter tuning, and dataset composition in achieving robust and generalizable 

outcomes. Together, these interconnected themes provide a coherent analytical framework for 

interpreting how optimization-enhanced neural networks contribute to more accurate and reliable time 

series forecasting. 

3.5. Prediction Models and Accuracy Evaluation 

Enhancing the prediction accuracy of neural network models involves a multifaceted approach 

that integrates various methodologies and performance evaluation metrics. Commonly used metrics 

include Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage 

Error (MAPE), which help quantify the reliability of forecasting models. RMSE is frequently employed 

as it provides a clear measure of the average error magnitude in predictions [21]. MAE and MAPE 
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complement RMSE by offering additional insights into absolute and percentage errors, respectively, 

which are essential for assessing model performance [22]. In parallel, hybrid forecasting models that 

combine multiple architectures have shown significant potential in improving predictive accuracy. For 

instance, CNN-LSTM and SARIMA-LSTM models effectively leverage the strengths of convolutional 

networks for feature extraction and LSTM networks for modeling long-term dependencies [23]. These 

hybrid models have demonstrated superior performance compared to traditional methods, with reported 

accuracy improvements ranging from 10% to 27.7% in various applications [24]. However, despite their 

advantages, the increased complexity of these models may hinder interpretability and pose challenges 

in understanding the underlying decision-making processes. 

Recent studies across various domains further highlight the growing significance of advanced 

prediction models and the necessity of robust accuracy evaluation. In clinical trials, deep learning 

techniques such as CNNs and transformer-based models are increasingly used to enhance trial design, 

improve patient recruitment, and forecast outcomes [25]. In the context of personalized treatment, novel 

performance metrics have been proposed to assess how well prediction models estimate individualized 

treatment effects [26]. In exercise physiology, recent research has employed attention-enhanced CNN-

LSTM models to predict dynamic oxygen uptake (VO₂) during cycling exercise using multi-source 

temporal features such as heart rate and accelerometer data, achieving high R² values indicative of strong 

predictive performance [27]. Similarly, in managing type 1 diabetes, incorporating behavioral states 

such as physical activity and stress into LSTM and CNN-LSTM models has resulted in improved blood 

glucose forecasting across multiple time horizons [28]. These examples demonstrate not only the 

versatility of prediction models in addressing domain-specific challenges but also emphasize the 

importance of applying rigorous and context-appropriate evaluation metrics to ensure the reliability and 

effectiveness of model outputs. 

The consistent use of performance metrics such as RMSE, MAE, and MAPE suggests a 

standardized framework for evaluating neural network forecasting models. RMSE is particularly 

sensitive to large errors and is suitable for applications where occasional large deviations are costly. 

MAE, on the other hand, provides a more stable measure of average error, and MAPE offers a 

percentage-based error estimation useful for comparing across different scales. The adoption of hybrid 

models in recent research reflects a shift toward integrating domain-specific knowledge with data-driven 

modeling. CNNs are recognized for their capacity to extract spatial or temporal features, while LSTMs 

are proficient in modeling sequential dependencies—an essential component in time series forecasting. 

Their combination allows for richer representations and improved learning from complex, non-linear 

patterns. 

While these hybrid approaches have demonstrated superior performance, their advantages must 

be weighed against their complexity and interpretability. Increasing architectural complexity may hinder 

the transparency and explainability of forecasting results, which is particularly critical in domains such 

as healthcare or finance where decision-making must be justified. Furthermore, the deployment of these 

models often requires greater computational resources and technical expertise, potentially limiting their 

accessibility in low-resource environments. The improvements in accuracy—ranging from 10% to over 

27%—are notable, but they must be contextualized against model complexity, training time, and 

generalizability to unseen data. Not all forecasting tasks may benefit equally from hybridization, and in 

some scenarios, simpler models with adequate performance may be preferable. 

3.6. Optimization Techniques and Algorithm Convergence 

Metaheuristic optimization techniques have emerged as powerful tools for improving neural 

network performance, particularly in overcoming challenges such as slow convergence rates and 

entrapment in local minima. Algorithms like the Grey Wolf Optimizer, Whale Optimization Algorithm, 
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and various hybrid methods have demonstrated superior capabilities in navigating complex search 

spaces and accelerating the training process [29]. These approaches enhance convergence efficiency and 

improve prediction accuracy by allowing more iterations within constrained timeframes [30]. A critical 

aspect of their performance lies in balancing exploration and exploitation to maintain convergence 

quality without compromising output precision [31]. Furthermore, benchmark functions play a pivotal 

role in the objective assessment of optimization algorithms. These standardized tools offer a reliable 

framework to compare algorithm effectiveness and support statistical analyses that guide the selection 

of optimal strategies for specific neural network applications. While metaheuristic methods offer 

considerable potential, their efficacy remains context-dependent, highlighting the need for continued 

research into hybrid algorithms and their integration into deep learning frameworks [32]. 

A broad spectrum of optimization methods and convergence strategies has been applied across 

domains to enhance algorithmic performance. Recent advancements in Particle Swarm Optimization 

propose enhanced grouping and diversification strategies that improve optimization performance for 

high-dimensional and complex problems, offering more robust search behavior and better solution 

quality across engineering applications [33]. [34] developed randomized optimization methods tailored 

for high-dimensional convex problems, showing that adaptive subspace sampling surpasses oblivious 

sampling in performance. Similarly, [35] advanced the convergence analysis of coordinate descent 

algorithms by applying semidefinite programming to refine existing convergence bounds. In the medical 

imaging field, [36] applied a CNN-based optimization technique to magnetic resonance imaging (MRI) 

for chronic pain analysis, achieving enhanced reconstruction quality compared to conventional methods. 

These findings underscore the growing importance of sophisticated optimization strategies across 

diverse applications, emphasizing their role in boosting computational efficiency, improving predictive 

outcomes, and solving complex high-dimensional problems. 

The comparative application of metaheuristic algorithms reveals their capacity to navigate 

complex optimization landscapes more efficiently than traditional methods. By incorporating adaptive 

strategies and stochastic processes, these algorithms are able to maintain a delicate balance between 

exploration and exploitation, which is crucial for avoiding premature convergence. Convergence speed 

plays a significant role in influencing model accuracy, as faster algorithms not only accelerate the 

training process but also allow more flexibility in hyperparameter tuning. The use of benchmark 

functions enables consistent and objective evaluation across a range of optimization strategies, 

establishing a common ground for comparing algorithmic performance and selecting the most 

appropriate technique for a given forecasting problem. 

Despite their advantages, metaheuristic methods also present certain limitations. Their 

performance is often highly dependent on the problem context, parameter settings, and initial conditions, 

which can lead to variability in outcomes. Furthermore, while faster convergence is desirable, it does 

not always guarantee better generalization; overly aggressive convergence may cause overfitting or 

hinder exploration of potentially better solutions. Benchmark functions, although standardized, may not 

fully capture the complexity and noise of real-world forecasting problems, thus potentially leading to an 

overestimation of an algorithm's real-world effectiveness. Additionally, many metaheuristic algorithms 

lack theoretical guarantees of convergence, which may pose challenges in high-stakes or safety-critical 

applications. 

3.7. Machine Learning and Data Classification 

Machine learning classification techniques, particularly Convolutional Neural Networks (CNNs) 

and Support Vector Machines (SVMs), play a significant role in predictive modeling. CNNs are widely 

used in image classification tasks due to their capability to extract and learn hierarchical features through 

architectures such as Inception, ResNet, and MobileNet. For instance, MobileNet-SVM has 
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demonstrated classification accuracy up to 93% in specific tasks [12]. Recent studies have reported that 

Support Vector Machines (SVMs), especially when combined with data balancing methods such as 

SMOTE, can achieve high precision and recall scores even on imbalanced datasets, demonstrating 

robustness and generalization capability in classification tasks [37]. Performance evaluation of 

classifiers in imbalanced learning shows that metrics such as precision, recall, and F1-score are essential 

to assess classifier effectiveness beyond simple accuracy, because imbalanced data can distort 

performance interpretation [38]. Furthermore, the performance of machine learning models is highly 

dependent on hyperparameter tuning. Techniques such as Response Surface Methodology (RSM) have 

proven effective, providing enhanced model reliability and computational efficiency, achieving up to 

97% accuracy with fewer experimental runs compared to traditional grid search methods [39]. Although 

both CNNs and SVMs are powerful classifiers, their effectiveness is influenced by dataset 

characteristics, reinforcing the need for application-specific tuning and optimization. 

In various domains, machine learning models such as CNNs and SVMs continue to demonstrate 

their value in classification and prediction tasks. CNNs have contributed to clinical trial optimization 

and patient stratification [25], while recent research has highlighted that Support Vector Machines 

(SVMs), used alongside other classifiers, remain robust tools in predicting health outcomes including 

stroke risk and neurological deterioration, demonstrating reliable performance across large clinical 

datasets[40]. Hyperparameter tuning is instrumental in achieving high model accuracy; for example, 

stroke prediction accuracy improved from 77% to 96% through the use of Randomized Search CV in 

SVM [41]. Evaluation metrics such as precision, recall, F1-score, and AUC-ROC are increasingly 

recommended in the literature for assessing classifier robustness and effectiveness across varied 

application scenarios, especially when dealing with imbalanced datasets [42]. Moreover, the 

composition and size of training datasets play a pivotal role in determining classification performance. 

In SVM-based active compound prediction, optimal performance was observed using 250–500 active 

and 500–1000 inactive training instances. These developments highlight the increasing impact of 

tailored machine learning strategies in enhancing prediction accuracy and decision-making quality in 

both medical and scientific applications. 

The integration of CNNs and SVMs leverages the unique strengths of both models—CNNs in 

automated feature extraction and SVMs in robust decision boundaries. Their complementary nature 

allows for better generalization and adaptability across different data types. Evaluation metrics like 

precision and recall help quantify a model's ability to correctly identify relevant instances, while 

sensitivity emphasizes the detection of true positives, which is especially critical in domains such as 

healthcare and safety-critical systems. Hyperparameter tuning emerges as a vital step in optimizing 

performance, indicating that even well-designed models require meticulous calibration to reach their 

full potential. While CNNs and SVMs have proven effective, their performance is highly dependent on 

data quality, volume, and relevance. CNNs are particularly sensitive to the availability of large labeled 

datasets and may underperform with limited data. SVMs, although precise, may struggle with scalability 

in high-dimensional data without kernel optimization. The use of precision, recall, and sensitivity 

provides a comprehensive evaluation framework, but these metrics alone may not capture all aspects of 

model behavior, such as overfitting or computational cost. Hyperparameter tuning significantly 

enhances outcomes, yet it introduces additional complexity and resource requirements. The 

effectiveness of tuning strategies like RSM or Randomized Search is also influenced by the choice of 

parameter ranges and the underlying model's flexibility. 

4.  DISCUSSIONS  

The discussion of this study focuses on interpreting the results of the systematic literature review 

and positioning the findings within the broader context of neural network optimization for time series 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)   Vol. 7, No. 4, August 2026, Page. 3398-3413 
P-ISSN: 2723-3863   https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871   DOI: https://doi.org/10.52436/1.jutif.7.4.4951 

 

 

3409 

forecasting. Overall, the reviewed studies consistently demonstrate that optimization-enhanced neural 

network models outperform conventional neural networks and traditional statistical forecasting 

approaches, particularly in terms of prediction accuracy, convergence speed, and robustness when 

dealing with nonlinear and volatile time series data. These improvements are primarily attributed to the 

ability of metaheuristic algorithms to overcome common training limitations, such as slow convergence 

and entrapment in local minima. From a comparative perspective, the Modified Orca Predation 

Algorithm (MOPA) exhibits several distinctive advantages when compared with widely adopted 

metaheuristic optimizers such as Particle Swarm Optimization (PSO), Genetic Algorithms (GA), and 

the Whale Optimization Algorithm (WOA). While PSO is known for its fast convergence but 

susceptibility to premature stagnation, and GA offers strong global search capability at the cost of higher 

computational overhead, MOPA demonstrates a more balanced exploration–exploitation mechanism. 

This balance enables MOPA to maintain stable convergence behavior while achieving lower forecasting 

errors across different datasets. Empirical evidence from prior studies supports this observation. For 

instance, Yan et al. [43] reported that MOPA-based neural network models achieved lower RMSE and 

MAPE values than PSO- and GA-optimized counterparts in electric load forecasting tasks. Similarly, 

Emam et al. [44] showed that modified Orca-based algorithms outperform classical metaheuristics in 

complex optimization landscapes due to improved adaptability and population diversity preservation. 

In addition to accuracy-related improvements, the reviewed literature highlights notable 

similarities among metaheuristic-based optimization approaches, particularly in their reliance on 

population-based search strategies and iterative fitness evaluation. However, MOPA differs in its 

predation-inspired movement and adaptive control mechanisms, which allow it to respond more 

effectively to dynamic search spaces commonly encountered in time series forecasting problems. These 

characteristics make MOPA particularly suitable for optimizing neural network hyperparameters and 

weight initialization in complex forecasting scenarios. Furthermore, recent trends in the literature 

indicate a growing interest in hybrid deep learning frameworks that integrate metaheuristic optimization 

with advanced neural architectures. Studies such as Kumar et al. [45] demonstrate that combining 

metaheuristic algorithms with deep learning models—such as CNN, LSTM, and hybrid CNN–LSTM 

architectures—can significantly enhance forecasting performance, especially in high-dimensional and 

noisy data environments. In this context, MOPA shows strong potential for further development through 

integration with deep learning techniques, including deep recurrent networks, attention mechanisms, 

and transformer-based forecasting models. Such integration may improve both feature learning 

capability and optimization efficiency, thereby extending the applicability of MOPA beyond shallow 

neural network structures. 

Despite its advantages, several limitations are consistently reported in the reviewed studies. 

Metaheuristic-optimized neural networks, including those using MOPA, often involve higher 

computational complexity and increased sensitivity to parameter configuration. Inappropriate parameter 

tuning may reduce optimization effectiveness or lead to unstable convergence behavior, as noted by 

Emam et al. Additionally, while benchmark datasets demonstrate promising improvements, real-world 

forecasting performance may vary depending on data scale, noise level, and domain-specific 

characteristics. These limitations highlight the importance of balancing accuracy gains with 

computational cost and model interpretability in practical applications. In summary, the discussion 

confirms that MOPA represents a competitive and robust optimization approach for enhancing neural 

network–based time series forecasting, offering advantages over traditional metaheuristic algorithms in 

terms of convergence stability and predictive accuracy. Future research is recommended to focus on 

integrating MOPA with deep learning architectures, reducing computational overhead through adaptive 

parameter control, and developing standardized evaluation frameworks to enable fair and consistent 

comparisons across optimization-based forecasting models. 
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5. CONCLUSION  

This review has comprehensively examined the potential of the Modified Orca Predation 

Algorithm (M-OPA) as a metaheuristic optimization strategy for enhancing the performance of neural 

networks (NNs) in time series forecasting. By integrating insights from forecasting model evaluation, 

optimization convergence analysis, and classification-based machine learning approaches, the study 

underscores the multifaceted nature of performance improvement in predictive modeling. Unlike prior 

reviews that focus on isolated optimization techniques or single forecasting models, this study provides 

a comparative and integrative perspective that systematically positions M-OPA against established 

metaheuristic algorithms within neural network–based forecasting contexts. The findings suggest that 

forecasting accuracy is not solely dependent on model architecture, but also on the rigorous application 

of performance metrics such as RMSE, MAE, and MAPE. Hybrid models, particularly those combining 

complementary features of different network types, demonstrate superior adaptability and accuracy 

when appropriately aligned with domain-specific forecasting tasks. In this context, optimization 

techniques emerge as critical components, with convergence speed directly influencing training 

efficiency and overall predictive accuracy. Compared to conventional algorithms such as Particle Swarm 

Optimization (PSO), Genetic Algorithms (GA), and Whale Optimization Algorithm (WOA), M-OPA 

exhibits a unique contribution through its adaptive predation mechanism, which enables more stable 

convergence behavior and improved generalization across diverse forecasting problems. These 

properties allow M-OPA to strike an effective balance between exploration and exploitation in the 

optimization process, distinguishing it from other metaheuristic approaches that tend to favor either 

rapid convergence or global search capability alone. 

Furthermore, insights from classification tasks using CNN and SVM models reveal the 

importance of hyperparameter tuning and model evaluation using precision, recall, and sensitivity. 

These practices, when applied within the framework of time series forecasting, further reinforce the role 

of intelligent optimization in developing high-performing neural networks. The synthesis of findings 

across forecasting and classification domains represents a novel contribution of this review, highlighting 

the transferability of optimization principles beyond traditional time series applications. In conclusion, 

the Modified Orca Predation Algorithm demonstrates considerable promise as an optimization 

framework for enhancing neural network performance in time series forecasting. The unique 

contribution of this study lies in its systematic comparative evaluation of M-OPA, its identification of 

convergence-related advantages over competing algorithms, and its articulation of M-OPA’s potential 

role within hybrid and deep learning–based forecasting systems. Future research should focus on 

empirical benchmarking across diverse datasets, scalability in real-time applications, and the 

development of hybrid optimization schemes to fully realize the capabilities of M-OPA in predictive 

analytics. 
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