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Accurate forecasting of financial time series remains challenging due to non-

stationarity, complex data patterns, and difficulties in parameter optimization 

within traditional models. Although ARIMA is widely used, its performance is 

often limited by static parameter estimation and sensitivity to evolving data 

structures. Existing metaheuristic-based approaches have attempted to address 

these issues; however, many lack adaptive mechanisms that account for varying 

data complexity. This study proposes a Continuous Hybrid ARIMA–

Metaheuristic (GA–PSO) framework with adaptive parameter tuning guided by 

Model Complexity Assessment (MCA). The framework enables continuous 

optimization of ARIMA parameters, allowing the model to dynamically adapt 

to changing time-series characteristics. Empirical results demonstrate consistent 

improvements in forecasting performance compared to the baseline ARIMA 

model. For instance, in the Gold dataset (300 observations), the model achieved 

RMSE = 56.96, MAE = 41.86, and MAPE = 1.12%, indicating stable and 

accurate predictions. Statistical validation using the Diebold–Mariano test 

further confirms the significance of these improvements. The main contribution 

lies in the integration of adaptive GA–PSO optimization with complexity-aware 

tuning, which enhances both forecasting stability and responsiveness. However, 

the findings also indicate the presence of heteroscedasticity in several cases, 

suggesting that volatility dynamics are not fully captured by the current 

framework. This limitation highlights the need for incorporating volatility-aware 

models, such as ARIMA–GARCH, to better represent time-varying variance 

and improve forecasting robustness in future research. 

Keywords: 

ARIMA; 

Continuous Optimization;  

Genetic Algorithm;  

Particle Swarm Optimization; 

Time Series Forecasting. 

This is an open-access article under the CC BY-SA license. 

 

Corresponding Author: 

Fitri Andini Ritonga 

Department of Mathematics, 

Universitas Sumatera Utara 

Email: fitriandini@students.usu.ac.id  

 

1. INTRODUCTION 
Time series forecasting plays a crucial role in decision-making across various fields, particularly in economic 

and financial systems characterized by rapid structural changes and high uncertainty. Financial time series typically 

exhibit complex patterns such as fluctuations, seasonality, long-term trends, non-stationarity, and periods of 

extreme volatility [1], [2]. These characteristics make accurate modeling challenging, as the underlying data-
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generating process may evolve over time, causing forecasting models calibrated on historical observations to lose 

predictive stability. 

Volatility is one of the most dominant characteristics of financial data. It reflects the degree of uncertainty 

and risk in asset price movements and often changes dynamically according to market conditions. As described 

in [3], olatility represents the evolution of stochastic return variability under changing market environments [4],  

[5], and plays an essential role in financial risk assessment and decision-making [6]. From a statistical perspective, 

volatility is closely related to heteroscedasticity, where the variance of residuals varies over time, potentially leading 

to inefficient parameter estimation and reduced forecasting accuracy [7]. 

Among classical statistical approaches, the Autoregressive Integrated Moving Average (ARIMA) model 

remains a widely used framework due to its capability to model non-stationary time series through differencing, 

as well as its combination of autoregressive and moving average structures [8], [9]. Despite its popularity, ARIMA 

mainly captures linear temporal dependencies and is not designed to represent conditional variance dynamics 

that frequently appear in financial data [10]. Consequently, forecasting performance may deteriorate when the 

data exhibit strong volatility or structural instability. 

To address volatility dynamics, models such as the Generalized Autoregressive Conditional 

Heteroskedasticity (GARCH) have been widely used to capture time-varying variance in financial time series. 

These models are effective in representing volatility clustering and conditional heteroscedasticity [11]. However, 

the primary focus of this study lies in improving the adaptability of forecasting models through continuous 

parameter optimization. This perspective allows the proposed approach to complement existing volatility 

modeling frameworks by enhancing model responsiveness to evolving data patterns. 

Although metaheuristic optimization techniques such as Genetic Algorithm (GA) and Particle Swarm 

Optimization (PSO) enhance the search for optimal parameters, they primarily focus on improving model 

calibration rather than addressing structural properties of the data, such as conditional heteroscedasticity. 

Consequently, optimization alone may not be sufficient when the underlying data exhibit significant volatility and 

dynamic variance patterns. 

To overcome these limitations, many studies have explored hybrid forecasting frameworks that integrate 

statistical models with machine learning techniques or metaheuristic optimization algorithms. Previous research 

has demonstrated that such combinations can improve forecasting accuracy by enhancing parameter selection 

and capturing more complex data structures. For example,[10] Proposed a hybrid ARIMA–Singular Spectrum 

Analysis (SSA) model that outperformed the standard ARIMA model. Similarly, [12] combined ARIMA with 

machine learning approaches and reported improved predictive performance. In the context of metaheuristic 

optimization, [13]Applied Particle Swarm Optimization (PSO) to tune ARIMA parameters and obtained better 

forecasting accuracy, while [14] Integrated Long Short-Term Memory (LSTM) with the Seahorse Optimization 

Algorithm for stock market prediction. 

Within this line of research, hybrid ARIMA–metaheuristic models aim to preserve the statistical 

interpretability of ARIMA while utilizing optimization algorithms to search for optimal model parameters. 

Genetic Algorithm (GA) is known for its ability to perform global exploration of the solution space, whereas 

Particle Swarm Optimization (PSO) provides efficient local exploitation and faster convergence toward promising 

solutions ([15]; [13]; [16]). These complementary characteristics make the combination of GA and PSO attractive 

for improving parameter optimization in time series forecasting models. 

Despite these developments, two important limitations remain in the existing literature. First, most hybrid 

ARIMA–metaheuristic models rely on static parameter configurations after optimization, making them less 

adaptable to evolving data patterns. Second, these approaches generally do not incorporate mechanisms to 

explicitly account for volatility dynamics, even though financial time series are often characterized by 

heteroscedasticity and structural instability. This creates a research gap in developing forecasting frameworks that 

simultaneously address parameter adaptivity and dynamic data characteristics within a unified modeling structure 

[17], [18]. 

More critically, although financial time series are widely recognized to exhibit volatility clustering and 

heteroscedastic behavior, many existing ARIMA-based and hybrid metaheuristic models focus primarily on 

improving mean forecasting accuracy without explicitly incorporating variance dynamics. While models such as 

GARCH are specifically designed to capture time-varying volatility, their integration with adaptive metaheuristic-

based ARIMA frameworks remains limited in the literature. As a result, adaptive optimization alone may be 

insufficient to fully represent the underlying structure of financial data, particularly in highly volatile environments 

where both mean and variance dynamics play a crucial role. 

To address this issue, adaptive modeling strategies have begun to receive increasing attention. One 

approach is to incorporate rolling window mechanisms that allow models to be re-estimated using recent 

observations. Nevertheless, continuous parameter adaptation within such frameworks remains relatively limited, 

particularly when combined with structured mechanisms that regulate when and how optimization should be 

activated. 

This study addresses that limitation by proposing a dynamic hybrid ARIMA–metaheuristic framework in 

which parameter optimization is conducted iteratively within a rolling window scheme. To regulate the 
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optimization process, a Model Complexity Assessment (MCA) mechanism is introduced to evaluate the statistical 

complexity of the data before adaptive tuning is applied. MCA determines whether the baseline ARIMA structure 

remains adequate or whether hybrid optimization using GA and PSO should be activated. Model evaluation is 

conducted not only through forecasting accuracy metrics but also through residual diagnostic tests, including 

normality, autocorrelation, heteroscedasticity, and outlier detection[19]. 

The objective of this research is to develop a forecasting framework that remains robust under conditions 

of high volatility and structural instability. The main contribution of this study is the development of a continuous 

adaptive hybrid ARIMA–metaheuristic framework that integrates rolling window updating, model complexity 

assessment, and GA–PSO-based parameter optimization. This framework enhances model adaptability to 

evolving data patterns while maintaining statistical interpretability. However, it is important to note that the current 

approach focuses primarily on mean dynamics, and the integration of volatility-aware models remains an 

important direction for future research. 

2. RESEARCH METHOD 

This study designs and tests time series forecasting models using adaptive optimization strategies. It focuses 

on enhancing ARIMA performance by integrating GA and PSO with adaptive parameter tuning in a continuous 

optimization framework. The ARIMA model provides the statistical foundation, while metaheuristics optimize 

parameters numerically, dynamically adjusting algorithm settings according to incoming data. Consequently, 

optimization operates continuously, adapting to data fluctuations rather than as a single static procedure. 

The datasets used in this study are obtained from the Kaggle platform, which provides publicly accessible 

financial time series data. Specifically, three datasets are selected, representing different market characteristics: 

Gold (commodity price), AAPL (Apple Inc. stock), and BNGA (financial asset). For each dataset, the “Close” 

price is used as the primary variable, as it reflects the final trading value at each time step and is commonly 

employed in financial forecasting studies. These datasets are chosen to capture varying levels of volatility and 

structural complexity, enabling a comprehensive evaluation of the proposed adaptive hybrid ARIMA–

metaheuristic framework under different market conditions. However, it is important to note that financial 

datasets are inherently affected by external factors such as macroeconomic events, market sentiment, and policy 

changes, which are not explicitly modeled in this study. Therefore, the forecasting performance may vary when 

applied to different time periods or asset classes. 

To further evaluate the robustness of the proposed framework, each dataset is partitioned into multiple 

rolling window configurations with varying lengths, specifically 100, 200, and 300 observations. This variation 

allows the model to be tested under different data availability conditions, where smaller windows emphasize 

adaptability to recent patterns, while larger windows provide more stable statistical estimation. By comparing 

model performance across different window sizes, this study assesses the ability of the adaptive hybrid framework 

to maintain forecasting accuracy under varying levels of data complexity and structural stability. This design also 

enables analysis of how window size influences model sensitivity to volatility and structural changes in financial 

time series. 

2.1 Data Preprocessing 
The dataset is preprocessed to satisfy statistical assumptions required by time series modeling. Missing 

values are removed, and linear interpolation is applied when series length adjustments are needed. Stationarity is 

ensured via the Augmented Dickey–Fuller (ADF) test, with differencing order 𝑑 selected adaptively. Data are 

then split chronologically into 80% training and 20% testing subsets, preserving temporal dependencies for 

sequential rolling window forecasting and model optimization [20], [21] 

2.2 Rolling Window Initialization 
The rolling window initialization stage establishes the structural foundation of the continuous hybrid 

ARIMA–metaheuristic optimization framework. In this stage, the objective is not merely to partition the dataset 

but to construct a dynamic estimation mechanism that enables sequential model updating as new observations 

become available [22], [23]. 

Let 𝑦1, 𝑦2, … , 𝑦𝑇 denote a time series consisting of 𝑇observations. For a predefined window length 𝑛, the first 

rolling window is defined as 

1 1 2{ , ,..., }nW y y y=      (1) 

The window then shifts sequentially along the time axis, producing the following window. 

2 2 3 1{ , ,..., }nW y y y +=      (2) 

This process continues iteratively until the final window 

{ ,..., }T n T n TW y y− −=      (3) 
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At each window 
TW , the forecasting model generates a prediction for the next observation using a one–step-

ahead forecasting scheme 

1 ( )t ty f W+ =


      (4) 

where 𝑓 denotes the forecasting function determined by the ARIMA–metaheuristic hybrid model. The one–

step-ahead forecasting strategy is adopted because it allows the model to respond more adaptively to rapid 

structural changes and volatility, which are common characteristics in financial time series. 

For the first window, a baseline ARIMA structure is established, and the feasible search space for 

parameters is defined. In PSO, particle positions and velocities are randomly initialized within this space, while 

in GA, an initial population of chromosomes is generated and evaluated based on forecasting error. In the hybrid 

framework, the optimal parameters from the previous window are retained to initialize the next, improving 

convergence stability compared to conventional rolling window forecasting. Forecasting performance is 

consistently assessed using RMSE, MAE, and MAPE throughout the optimization process. 

2.3 Model Complexity Assessment (MCA) 
The Model Complexity Assessment (MCA) determines whether a conventional ARIMA model suffices or 

if adaptive metaheuristic optimization is needed, serving as a decision-control mechanism that regulates hybrid 

optimization within the forecasting framework.  

Formally, MCA can be defined as a mapping function. 

MCA : {0,1}y →      (5) 

The MCA output determines the forecasting strategy: 0 indicates the baseline ARIMA is sufficient, while activates 

hybrid ARIMA–GA–PSO optimization. Structural complexity is assessed using a vector of statistical diagnostic 

indicators. 

1 2 3 4k ( , , , )k k k k=       (6) 

where 1k denotes non-stationarity detected using the Augmented Dickey–Fuller (ADF) test, 2k represents heavy-

tail behaviour measured through kurtosis, 3k indicates heteroscedasticity identified using the ARCH test, and 4k

represents residual autocorrelation evaluated using the Ljung–Box test. 

Each diagnostic indicator is converted into a discrete signal. 
1,    

0,    

if the complexity condition is satisfied
otherwise{ik =     (7) 

These signals are then aggregated to construct a global complexity index 
4

1

i i

i

c w k
=

=       (8) 

where 𝑐 represents the overall complexity score and 𝑤𝑖denotes the weight assigned to each indicator. A higher 

value of 𝑐indicates a higher level of structural complexity in the time series. 

Based on this index, the MCA determines the appropriate forecasting strategy using the following decision rule: 
Baseline ARIMA,                        c<
Hybrid ARIMA-Metaheuristic,    c

Decision={ 


    (9) 

The selection of the threshold parameter is based on statistical significance criteria derived from 

diagnostic tests. Specifically, indicators such as the Augmented Dickey–Fuller (ADF) test, Ljung–Box test, and 

ARCH test are evaluated using standard significance levels (e.g., 5%).  

The weights iw are assigned to reflect the relative importance of each diagnostic indicator in capturing 

structural complexity. In this study, equal weighting is adopted to avoid bias toward a specific statistical property, 

ensuring a balanced assessment of complexity. 

Additionally, preliminary experiments were conducted to validate that the chosen threshold provides a 

stable trade-off between unnecessary optimization and responsiveness to structural changes. 

where 𝛿 represents the predefined complexity threshold. 

In this framework, MCA operates as a deterministic control mechanism that regulates the activation of 

metaheuristic optimization. When the complexity level exceeds the threshold, the hybrid optimization process 

is activated, and the parameter search space is expanded: 

basic,           c<

ectended,      c
{ 





 =      (10) 

The framework dynamically applies hybrid optimization only when structural complexity warrants it, 

balancing forecasting accuracy and computational efficiency [24], [25], [26]. 

2.4 Hybrid ARIMA-Metaheuristic Model Construction (GA-PSO) 
The hybrid ARIMA–Metaheuristic model combines the global exploration capability of the Genetic 

Algorithm (GA) with the local exploitation ability of Particle Swarm Optimization (PSO). The objective of this 
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hybrid framework is to automatically determine the optimal ARIMA parameters. ( , , )p d q =  that minimizes 

the forecasting error [27]. 

2.5 Genetic Algorithms 
Genetic Algorithms (GA) are evolution-based metaheuristic methods inspired by natural selection. In the 

Genetic Algorithm, ARIMA parameters are encoded as binary chromosomes representing the parameter vector 

[15]. 

( , , )p d q =      (11) 

Each chromosome corresponds to a candidate ARIMA model. The encoding process transforms discrete 

ARIMA parameters into a binary representation to enable combinatorial exploration in the search space. 

For example, the autoregressive parameter 𝑝 is encoded as 
1

0

2 ,       {0,1}
pL

j

j j

j

p b b

−

=

=      (12) 

where 𝑏𝑗 denotes the binary bit at position 𝑗, and 𝐿𝑝 represents the chromosome length used to encode the 

parameter 𝑝. This representation allows the GA to explore the parameter space in a discrete combinatorial 

manner and reduces numerical bias that may arise from continuous initialization. 

The GA population at generation 𝑡is defined as 
( ) ( ) ( ) ( )

1 2{ , ,..., }t t t t

NP   =      (13) 

where 𝑁 denotes the population size and each individual 𝜃𝑖
(𝑡) = (𝑝𝑖 , 𝑑𝑖 , 𝑞𝑖) represents a candidate ARIMA 

parameter vector obtained after decoding the binary chromosome. 

The fitness of each individual is evaluated using the forecasting loss function. 𝐿(𝜃). The best individual at 

generation 𝑡is defined as 

( )

( ) arg min ( )
t

t

best
P

L


 


=      (14) 

To preserve high-quality solutions, an elitism mechanism is employed. The elite set is defined as 
( ) ( ) ( ) ( )

(1) (2) ( ){ , ,..., }t t t t

k   =      (15) 

where 𝑘denotes the number of elite individuals retained in each generation. The elitism mechanism guarantees 

that the best solutions are deterministically preserved in the next generation. 
( 1) ( )t tP +        (16) 

ensuring that high-quality solutions are not lost during the evolutionary process. 

After the GA optimization stage, the best chromosome 
*

1 2( , ,..., )Lb b b b=      (17) 

is decoded into the ARIMA parameter vector 

( , , )GA GA GA GAp d q =      (18) 

This solution acts as the initial reference for the PSO refinement stage. 

2.6 Particle Swarm Optimization (PSO) 
(0) ,       ( , )i GA i ix U    = + −     (19) 

where 
(0) 3

ix  represents the initial particle position and 𝛿 controls the local exploration radius. Since ARIMA 

parameters are discrete integers while PSO operates in continuous space, a projection operator is applied: 
( ) ( )( )t t

i ix x=       (20) 

where  

( ) (round( ), round( ), round( ))x p d q=     (21) 

 

This operator maps the continuous particle position to a feasible ARIMA parameter vector satisfying. 

( , , )i i i ix p d q=        (22) 

Is used to construct an ARIMA model ( , , )i i iARIMA p d q . The model is estimated, and the resulting 

prediction error is used to compute the fitness value. 

After the PSO iteration convergence, the final optimized parameter vector is defined as 
* arg min ( )

i
i

x
f x =


      (23) 

where 
* * * *( , , )p d q =       (24) 
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Represent the optimal ARIMA parameter configuration. 

In this hybrid framework, the GA determines a promising region of the parameter search space through global 

exploration, while PSO refines the solution through local exploitation around the best GA candidate. 

2.7 Algorithm Parameter Settings 
To ensure reproducibility, the metaheuristic parameters are explicitly defined based on literature and 

preliminary experiments. GA is configured with a moderate population and generation size, with crossover and 

mutation probabilities set to balance exploration and diversity, and elitism preserving top solutions. PSO uses a 

swarm with inertia weight ω = 0.7, cognitive coefficient c₁ = 1.5, and social coefficient c₂ = 1.5, regulating 

exploration and exploitation. The feasible ARIMA parameter space is bounded as p ∈ [0, 5], d ∈ [0, 2], and q ∈ 

[0, 5] to avoid overly complex models and reduce overfitting. All settings remain constant across rolling windows 

to ensure consistent optimization and fair comparison. 

Table 1. Metaheuristic Parameter Settings 

Parameter Value Description 

GA population size 12 Number of individuals in the GA population 

GA generations 8 Maximum number of GA iterations 

GA Mutation Rate 0.25 Probability of mutation in GA 

PSO particles 6 Number of particles in the PSO swarm 

PSO iterations 4 Maximum PSO iteration 

Inertia weight (w) 0.5 Control exploration-exploitation tradeoff 

Cognitive coefficient (c1) 1.5 Individual learning factor 

Social coefficient (c2) 1.5 Global learning factor 

Rolling window size (100,200,300) Evaluated window sizes for robustness analysis 

Parameter values were chosen based on empirical evaluation and prior studies in metaheuristic time-series 

forecasting. The framework employs adaptive tuning, adjusting optimization parameters dynamically according 

to the complexity of each data window. Forecasting was assessed across rolling windows W = 100, 200, and 300, 

showing that smaller windows enhance responsiveness to local fluctuations, while larger windows yield more 

stable estimates. The hybrid ARIMA–GA–PSO model maintains consistent performance across all 

configurations, demonstrating the robustness of the proposed framework. 

2.8 Algorithmic Procedure 
The algorithm integrates statistical modeling, complexity assessment, and hybrid metaheuristic optimization 

within a continuous rolling-window forecasting scheme. The overall workflow of the proposed forecasting 

framework is summarized in Algorithm 1. 

Algorithm 1: Continuous Hybrid ARIMA–GA–PSO Forecasting Framework 

1: Input: 

2: Time series observations 1 2{ , ,..., }t Ty y y y= rolling window size {100,200,300}W   

3: Output: 

4: One-step-ahead forecast values 1
ˆ

ty +  

5: Perform data preprocessing, including data cleaning, interpolation for missing observations, and stationarity 

testing. 

6: Determine the differencing order 𝑑 using the Augmented Dickey–Fuller (ADF) test to ensure stationarity 

of the series. 

7: Initialize the rolling window of size 𝑊. 

8: For each rolling window 𝑡: 
9:          Apply the Model Complexity Assessment (MCA) to evaluate the statistical complexity of the time 

series. 

10:  If MCA = 0, estimate the baseline ARIMA model using the current window.  

11:  If MCA = 1, MCA=1 Activate the hybrid metaheuristic optimization process: 

12:  Initialize a Genetic Algorithm (GA) population representing candidate ARIMA parameter 

chromosomes. 

13:   For each generation 1,..., :g G=  

14:   Evaluate the forecasting fitness using the RMSE objective function. 

15:    Apply genetic operators: selection, crossover, and mutation. 

16:    Preserve elite individuals to maintain high-quality solutions.  

17:   Obtain the best GA solution GA . 

18:   Initialize Particle Swarm Optimization (PSO) particles in the neighborhood of GA . 
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19:   For each PSO iteration 1,..., :i I=  

20:    Update particle velocities and positions. 

21:    Project particle positions onto the feasible ARIMA parameter space. 

22:    Evaluate the fitness of each particle using the forecasting error. 

23:   Obtain the final optimized parameter vector 
*  

24: Estimate the ARIMA model using the optimized parameters 
* . 

25: Generate a one-step-ahead forecast
1

ˆ
ty +

 

26: Shift the rolling window forward and repeat the process until the end of the dataset. 

 

2.9 Computational Complexity and Scalability 
The computational complexity of the proposed hybrid framework is primarily dominated by repeated 

estimation of the ARIMA model during the optimization process. 

For the Genetic Algorithm (GA) stage, the computational cost can be approximated as 

( . . )GA GA ARIMAO G P C      (25) 

Where GAG denotes the number of GA generations, 
GAP represents the population's size, and 

ARIMAC

corresponds to the computational cost required to estimate a single ARIMA model. 

Similarly, the Particle Swarm Optimization (PSO) stage exhibits a complexity of 

( . . )PSO PSO ARIMAO G P C      (26) 

Where PSOG is the number of PSO iterations and PSOP denotes the number of particles in the swarm. 

ARIMA estimation dominates the computational cost, while the GA-guided PSO search improves 

efficiency by focusing on promising regions and accelerating convergence. 

The computational cost of the framework grows roughly linearly with the number of rolling windows. The 

MCA mechanism enhances efficiency by triggering hybrid optimization only for statistically complex segments, 

avoiding unnecessary computations and maintaining scalability for longer time series. 

2.10 Mechanisms to Prevent Overfitting 
To enhance robustness and generalization, the proposed hybrid ARIMA–GA–PSO framework 

incorporates multiple mechanisms to mitigate overfitting. A rolling window strategy trains the model on a fixed-

length segment. To enhance robustness and generalization, the proposed hybrid ARIMA–GA–PSO framework 

incorporates multiple mechanisms to mitigate overfitting. A rolling window strategy trains the model on a fixed-

length segment (𝑊 ∈ {100,200,300}, capturing recent patterns while reducing reliance on outdated 

observations. Candidate ARIMA parameters are evaluated using a validation subset within each window, ensuring 

fitness reflects generalization rather than training error alone. Search parameters of GA and PSO are adaptively 

adjusted to balance exploration and exploitation, avoiding unnecessarily complex or unstable models [28]. 

Finally, residual diagnostics, including Ljung–Box, Breusch–Pagan, and Jarque–Bera tests, verify that residuals 

behave as white noise. Collectively, these mechanisms maintain predictive accuracy while preserving statistical 

reliability and generalizability. capturing recent patterns while reducing reliance on outdated observations. 

Candidate ARIMA parameters are evaluated using a validation subset within each window, ensuring fitness 

reflects generalization rather than training error alone. Search parameters of GA and PSO are adaptively adjusted 

to balance exploration and exploitation, avoiding unnecessarily complex or unstable models. Finally, residual 

diagnostics, including Ljung–Box, Breusch–Pagan, and Jarque–Bera tests, verify that residuals behave as white 

noise [29]. Collectively, these mechanisms maintain predictive accuracy while preserving statistical reliability and 

generalizability. 

2.11 Role of Parameter Tuning in the Hybrid Framework 
Parameter tuning in this study is formulated as an optimization problem for determining the ARIMA 

parameter vector [30]. 
* arg min ( )L


 


=      (27) 

Where  denotes the feasible parameter space and ( )L  represents the forecasting loss function. 

Each candidate solution is evaluated using the Root Mean Squared Error (RMSE) 

2

1

1
ˆ( ) ( ( ))

N

i t t i

t

L y y
N

 
=

= −     (28) 

Where ty denotes the observed value and 
2ˆ ( ))t iy  is the forecast produced by the ARIMA model with 

parameter vector i . 
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Thus, the metaheuristic algorithms do not replace the ARIMA forecasting mechanism but function as 

optimization controllers that search for parameter configurations yielding the lowest forecasting error. 

 
Figure 1. Research flowchart 

The flowchart was developed to clarify the relationship between processes in the study, particularly the 

decision-making mechanism through the MCA and the integration of the ARIMA–Metaheuristic hybrid 

approach in the rolling window scheme. This diagram helps illustrate the adaptive and sustainable optimization 

flow. 

2.12 Performance Evaluation Metrics 
To measure the accuracy level of the model prediction, three evaluation metrics are used, namely.  

Root Mean Squared Error (RMSE), which is used to measure the magnitude of prediction errors, gives a 

greater penalty to extreme errors [31], [32]. 

2

1

1
ˆ( )

n

t t

t

RMSE y y
N =

= −     (29) 

Where ty  is the actual value at time-t, and ˆty  is the predicted value with n observations. 

Mean Absolute Error (MAE) is used to measure the average absolute error without giving additional weight 

to extreme errors, thus providing an overview of the level of prediction deviation. 

1

1
ˆ| |

n

t t

t

MAE y y
N =

= −      (30) 

Meanwhile, Mean Absolute Percentage Error (MAPE) is used to measure prediction errors in percentage form, 

making it easier to interpret evaluation results relative to actual values. 

1

ˆ100 n
t t

t t

y y
MAPE

N y−

−
=       (31) 

These three metrics collectively provide a comprehensive evaluation of model performance. Algorithm 

parameters are adaptively updated as data characteristics change, ensuring stable performance under high 

volatility and non-stationary conditions. Conceptually, adaptive tuning operates at the algorithm level, while 

hybrid GA–PSO optimization addresses model-level parameter selection, clarifying methodological 

contributions and avoiding overlap between tuning and optimization. 

3. RESULT AND ANALYSIS 
This section presents a comprehensive evaluation of the ARIMA–Metaheuristic hybrid model with 

continuous optimization across multiple financial time series and window lengths. The analysis proceeds in stages, 

including model performance comparison and residual assessment to validate underlying assumptions. 

3.1 Data Description and Experimental Scenarios  

Table 1. Forecasting performance for Gold dataset under different window size 

Rolling Window 

Size (n observations) 
Model ARIMA RMSE MAE MAPE (%) Improvement (%) 

Gold (300) 

ARIMA Baseline 0,1,1 365.99    

Continuous 

Hybrid GA-PSO 
 56.96 41.86 1.12% 84.4% 

Gold (200) ARIMA Baseline 1,1,2 475.96    
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Table 2. Forecasting performance for AAPL dataset under different window size 

 

Table 3. Forecasting performance for BNGA dataset under different window size 

 
Figure 2. Performance comparison between ARIMA baseline and Continuous Hybrid GA–PSO across rolling 

windows, illustrating the improvement in forecasting accuracy obtained through adaptive optimization. 

Table 1–3 presents the forecasting performance of the continuous hybrid ARIMA–metaheuristic model in 

comparison with the baseline ARIMA model across several datasets and rolling window configurations. The 

financial time series analyzed in this study were obtained from publicly available datasets on the Kaggle platform, 

including Gold price data, Apple Inc. stock prices (AAPL), and BNGA stock prices. All datasets consist of daily 

closing prices, which represent a commonly used observation frequency in financial time series forecasting 

studies. 

Continuous 

Hybrid GA-PSO 
 62.66 46.08 1.19% 86.8% 

Gold (100) 

ARIMA Baseline 2,1,2 292.36    

Continuous 

Hybrid GA-PSO 
 81.35 63.83 1.59% 72.2% 

Rolling Window 

Size (n observations) 
Model ARIMA RMSE MAE MAPE (%) Improvement (%) 

AAPL (300) 

ARIMA Baseline 0,1,1 14.52    

Continuous 

Hybrid GA-PSO 
 2.50 2.04 1.11% 82.7% 

AAPL (200) 

ARIMA Baseline 0,1,1 16.88    

Continuous 

Hybrid GA-PSO 
 2.68 2.20 1.17% 84.1% 

AAPL (100) 

ARIMA Baseline 1,1,1 4.74    

Continuous 

Hybrid GA-PSO 
 2.72 2.21 1.15% 42.6% 

Rolling Window 

Size (n observations) 
Model ARIMA RMSE MAE MAPE (%) Improvement (%) 

BNGA (300) 

ARIMA Baseline 0,1,2 101.29    

Continuous 

Hybrid GA-PSO 
 17.84 13.83 0.80% 82.4% 

BNGA (200) 

ARIMA Baseline 2,1,0 27.84    

Continuous 

Hybrid GA-PSO 
 17.62 13.87 0.81% 36.7% 

BNGA (100) 

ARIMA Baseline 0,1,2 13.91    

Continuous 

Hybrid GA-PSO 
 16.65 12.00 0.69% -19.7% 
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The Gold price dataset covers the period from 30 August 2000 to 17 October 2025 and contains 6,307 

daily observations. The Apple Inc. (AAPL) dataset spans from 2 January 2019 to 29 December 2023 with a total 

of 1,259 observations, while the BNGA dataset ranges from 18 August 2020 to 15 August 2025 and consists of 

1,201 observations. These datasets originate from different financial markets and time periods, introducing 

variations in their statistical characteristics and providing a suitable setting for evaluating the robustness of the 

proposed forecasting approach. 

To maintain a consistent experimental setup across datasets with different lengths, the forecasting 

experiments were conducted using rolling windows of 100, 200, and 300 observations. This design allows the 

model to be evaluated under varying amounts of historical information while ensuring comparability across 

datasets. 

The results show that the proposed continuous hybrid GA–PSO framework significantly improves 

forecasting performance across most datasets and window configurations, with improvement rates exceeding 80% 

in several cases. For the Gold and AAPL datasets, the hybrid model consistently outperforms the baseline 

ARIMA model across all window sizes, demonstrating strong adaptability to both stable and moderately volatile 

conditions. 

However, for the BNGA dataset with a smaller window size (n = 100), the hybrid model exhibits a 

performance degradation, as indicated by a negative improvement value (-19.7%). This suggests that under low 

data availability and potentially lower complexity conditions, the adaptive optimization process may introduce 

instability or overfitting, leading to reduced predictive accuracy. 

Overall, the hybrid model tends to show improved forecasting performance relative to the baseline ARIMA 

model. The improvement is more noticeable for datasets with relatively higher volatility, such as the Gold series, 

and for larger rolling windows in the AAPL and BNGA datasets. These findings indicate that the effectiveness of 

the hybrid framework is closely related to data complexity and window size. Larger windows provide more stable 

statistical estimation, while smaller windows increase sensitivity to short-term fluctuations, which may negatively 

impact optimization performance. 

Table 4. Descriptive Statistics of Continuous Hybrid GA-PSO Model Residuals 

Rolling Window Size 

(n observations) 

Total 

Residual 

Mean Std 

Deviation 

Min Max Range MAR MAD 

Gold (300) 60 -1.12 56.95 -193.60 126.59 320.200 30.15 32.44 

Gold (200) 40 -2.09 62.63 -193.60 126.59 320.300 32.75 33.75 

Gold (100) 20 -5.90 81.13 -193.60 126.59 320.200 47.34 46.44 

AAPL (300) 60 -0.03 2.50 -5.78 5.75 11.53 1.70 1.68 

AAPL (200) 40 -0.10 2.68 -5.78 5.75 11.53 1.70 1.73 

AAPL (100) 20 -0.08 2.72 -5.04 5.75 10.79 1.82 1.91 

BNGA (300) 60 -0.33 17.83 -50.00 45.00 95.00 10.00 10.00 

BNGA (200) 40 0.37 17.62 -50.00 45.00 95.00 12.50 12.50 

BNGA (100) 20 -0.50 16.65 -50.00 30.00 80.00 10.00 10.00 

 
Figure 3. Residual chart 

The average residual value reported in Table 4 indicates that the proposed forecasting framework does not 

exhibit a noticeable systematic bias in its predictions. However, the standard deviation of the residuals tends to 

increase for smaller rolling windows, suggesting that prediction errors become more variable when the model 

relies on limited historical observations. This behavior is particularly evident in the Gold dataset with a window 

size of 100, where the highest residual volatility is observed. Descriptive statistics of the residuals from the 

continuous hybrid GA–PSO model are summarized in Table 5 to provide further insight into the bias and 

dispersion of the prediction errors. From a practical standpoint, these results have implications for financial 

forecasting tasks such as short-term market prediction, portfolio monitoring, and trading signal generation.  
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Forecasting models that produce relatively unbiased residuals can contribute to more stable decision 

support. Nevertheless, the higher variance observed in shorter windows indicates that forecasts generated from 

limited data may carry greater uncertainty, which should be carefully considered in risk management contexts. 

Another important aspect is the computational trade-off associated with the hybrid optimization framework. The 

integration of GA and PSO allows a broader exploration of the parameter space and can improve parameter 

selection compared with conventional estimation methods. However, this benefit comes at the cost of increased 

computational complexity, since each candidate solution requires repeated estimation of the ARIMA model. In 

practice, the hybrid approach may therefore be more suitable for offline forecasting analysis or periodic model 

recalibration rather than high-frequency real-time applications. Finally, several limitations should be 

acknowledged. Despite improvements in parameter optimization, residual diagnostics suggest that certain datasets 

may still exhibit heteroscedastic behavior and potential remaining autocorrelation. 

Table 5. Residual Distribution 

Rolling Window Size  

(n observations) 
Skewness Curtosis 

Empirical Rule Check 

±1σ Expected ±2σ Expected ±3σ Expected 

Gold (300) -0.8846 1.8899 76.7% 68.3% 93.3% 95.5% 98.3% 99.7% 

Gold (200) -0.8440 1.4605 72.5% 68.3% 92.5% 95.5% 97.5% 99.7% 

Gold (100) -0.6812 -0.0776 70.0% 68.3% 90.0% 95.5% 100.0% 99.7% 

AAPL (300) 0.1284 -0.2644 66.7% 68.3% 93.3% 95.5% 100.0% 99.7% 

AAPL (200) 0.0319 -0.4817 65.0% 68.3% 95.0% 95.5% 100.0% 99.7% 

AAPL (100) 0.1678 -0.5404 60.0% 68.3% 95.0% 95.5% 100.0% 99.7% 

BNGA (300) -0.1084 0.2185 68.3% 68.3% 95.0% 95.5% 100.0% 99.7% 

BNGA (200) -0.1410 0.5811 70.0% 68.3% 95.0% 95.5% 100.0% 99.7% 

BNGA (100) -0.9117 1.8392 80.0% 68.3% 95.0% 95.5% 95.0% 99.7% 

Table 5 shows that AAPL and BNGA residuals are relatively symmetric with kurtosis near the normal 

distribution, whereas Gold exhibits negative skewness and larger deviation, reflecting high volatility. Residual 

normality tests were conducted to assess model stability and the validity of statistical inference, although strict 

normality is not required for time series forecasting. Empirical analysis uses three financial datasets: Gold 

(commodity price), AAPL (Apple Inc. stock), and BNGA (financial asset), representing different volatility levels 

and market complexities. 

Table 6. Residual Autocorrelation Test 

Rolling Window Size (n observations) 
Ljung-Box test 

Lag p-value Diagnostic 

Gold (300) 5 0.0048 Autocorrelation Detected 

10 0.0133 Autocorrelation Detected 

15 0.0160 Autocorrelation Detected 

Gold (200) 5 0.0487 Autocorrelation Detected 

10 0.0948 No Autocorrelation 

15 0.0892 No Autocorrelation 

Gold (100) 5 0.1331 No Autocorrelation 

10 0.2418 No Autocorrelation 

15 0.2774 No Autocorrelation 

AAPL (300) 5 0.0001 AutocorrelationDetected 

10 0.0000 Autocorrelation Detected 

15 0.0000 Autocorrelation Detected 

AAPL (200) 5 0.003 Autocorrelation Detected 

10 0.0000 Autocorrelation Detected 

15 0.0000 Autocorrelation Detected 

AAPL (100) 5 0.0528 No Autocorrelation 

10 0.0831 No Autocorrelation 

15 0.0971 No Autocorrelation 

BNGA (300) 5 0.0016 Autocorrelation Detected 

10 0.0001 Autocorrelation Detected 

15 0.0015 Autocorrelation Detected 

BNGA (200) 5 0.0030 Autocorrelation Detected 

10 0.0017 Autocorrelation Detected 

15 0.0199 Autocorrelation Detected 

BNGA (100) 5 0.0199 Autocorrelation Detected 

10 0.0735 No Autocorrelation 

15 0.1329 No Autocorrelation 
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Table 7. Residual Heteroscedasticity Test 

Rolling Window Size  

(n observations) 

Breusch-Pagan test White test 

LM p-value Diagnostic LM p-value Diagnostic 

Gold (300) 14.6849 0.0001 Heteroscedastic Detected 25.5368 0.0000 Heteroscedastic Detected 

Gold (200) 12.8080 0.0003 Heteroscedastic Detected 18.9145 0.0001 Heteroscedastic Detected 

Gold (100) 6.7078 0.0096 Heteroscedastic Detected 9.1590 0.0103 Heteroscedastic Detected 

AAPL (300) 0.0018 0.9663 Homoscedastic 2.0624 0.3566 Homoscedastic 

AAPL (200) 0.5213 0.4703 Homoscedastic 0.7312 0.6938 Homoscedastic 

AAPL (100) 0.7765 0.3782 Homoscedastic 7.4226 0.0244 Heteroscedastic Detected 

BNGA (300) 0.1977 0.6565 Homoscedastic 6.3629 0.6565 Heteroscedastic Detected 

BNGA (200) 0.1786 0.6726 Homoscedastic 27.8623 0.0000 Heteroscedastic Detected 

BNGA (100) 8.4185 0.0037 Heteroscedastic Detected 15.5317 0.0004 Heteroscedastic Detected 

Both tests in Tables 6 and 7 indicate that the residuals are homoscedastic. Rejection at a p-value < 0.05 

indicates heteroscedasticity, which is commonly found in financial data with high volatility. The results of the 

Breusch-Pagan test and White test show that the gold dataset residuals are consistently heteroscedastic across all 

windows. AAPL is relatively homoscedastic, while BNGA shows more dominant heteroscedasticity in small 

windows. These findings confirm that residual volatility is an inherent characteristic of financial data and opens 

up opportunities for the development of other models. 

Table 8. Residual Performance of the ARIMA Hybrid Model – Metaheuristics 

Rolling Window Size (n observations) 
Residual 

RMSE MAE R-Square MAPE 

Gold (300) 56.96 41.86 0.9558 1.1321% 

Gold (200) 52.66 46.08 0.9277 1.1987% 

Gold (100) 81.35 63.83 0.7527 1.6038% 

AAPL (300) 2.50 2.04 0.9196 1.1129% 

AAPL (200) 2.68 2.20 0.7486 1.1713% 

AAPL (100) 2.72 2.21 -5.56 1.1517% 

BNGA (300) 17.84 13.83 0.7926 0.8068% 

BNGA (200) 17.63 13.87 0.3510 0.8175% 

BNGA (100) 16.65 12.00 -0.5443 0.6987% 

Table 8 reinforces the previous findings that the ARIMA-Metaheuristic hybrid model performs best on 

large and medium windows. The decrease in R-Square on small windows confirms the limitations of historical 

data in the adaptation optimization process. 

The Diebold–Mariano (DM) test was conducted to assess whether the Hybrid GA–PSO model significantly 

improves forecasting accuracy. Table 7 summarizes the results across datasets and rolling window sizes [33].  

Table 9. Diebold-Mariano test result for forecast accuracy comparison 

Rolling Window Size (n observations) DM Statistic p-value Significance 

Gold (300) -5.2685 < 0.001  significant 

Gold (200) -6.3523 < 0.001  significant 

Gold (100) -3.8563 < 0.001  significant  

AAPL(300) -8.3686 < 0.001  significant  

AAPL(200) -11.5488 < 0.001  significant  

AAPL (100) -2.8917 0.0093 significant 

BNGA (300) -12.3823 < 0.001  significant  

BNGA (200) -3.4025 0.0016 significant 

BNGA (100) 0.6424 0.5283 Not significant 

The predominance of negative Diebold–Mariano (DM) statistics indicates that the forecast errors produced 

by the hybrid model are systematically lower than those of the baseline ARIMA model. The statistical significance 

observed in most cases suggests that the improvement is not due to random variation but reflects a consistent 

enhancement in predictive performance across multiple configurations. 

The observed performance improvement can be attributed to the adaptive nature of the proposed hybrid 

framework, which dynamically adjusts model parameters in response to evolving data patterns. This enables the 

model to better capture short-term structural changes that are not effectively handled by static ARIMA 

configurations. However, the degradation observed in certain cases, particularly for smaller window sizes, suggests 

that excessive sensitivity to recent fluctuations may lead to unstable parameter estimation. This indicates a trade-

off between adaptability and robustness, especially under limited data conditions. 
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While the proposed framework improves forecasting performance through adaptive parameter 

optimization, it does not explicitly model volatility dynamics such as conditional heteroscedasticity. In contrast, 

models such as the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) are specifically 

designed to capture time-varying variance and volatility clustering in financial time series. Therefore, the proposed 

approach should be viewed as complementary rather than substitutive to volatility-aware models. Integrating 

adaptive optimization with volatility modeling frameworks, such as ARIMA–GARCH, may further enhance 

forecasting performance, particularly in highly volatile environments. This distinction highlights that while 

GARCH-type models focus on modeling conditional variance, the proposed framework enhances the 

adaptability of the mean forecasting process, suggesting that combining both approaches could address both 

structural and volatility-related challenges simultaneously. 

From a practical perspective, the proposed adaptive framework is particularly relevant for real-time 

forecasting applications, such as financial trading systems and risk management platforms, where model 

responsiveness to changing market conditions is critical. The rolling window mechanism combined with 

continuous optimization enables the model to operate in dynamic environments, making it suitable for large-

scale systems that require frequent model updates without manual recalibration. However, the computational 

cost associated with continuous optimization may become a limiting factor in high-frequency or large-scale 

deployment scenarios, highlighting the need for efficient implementation strategies. 

The results also suggest that model effectiveness is closely linked to data complexity. In highly volatile 

datasets, adaptive optimization provides significant benefits by capturing non-stationary behavior. Conversely, in 

more stable datasets, excessive adaptation may introduce unnecessary variability, leading to performance 

degradation. This highlights the importance of balancing model flexibility and stability, which remains a key 

challenge in time series forecasting. 

4. CONCLUSION 

This study presents a continuous hybrid ARIMA–metaheuristic framework that combines Genetic 

Algorithms and Particle Swarm Optimization with adaptive parameter tuning guided by Model Complexity 

Assessment (MCA). The findings demonstrate that the proposed approach improves forecasting performance 

compared to the standard ARIMA model, particularly when sufficient historical data are available to support 

stable parameter estimation. The framework also exhibits the ability to adapt to evolving data patterns, which is 

essential in dynamic financial time series environments. However, this adaptability introduces trade-offs. The 

continuous optimization process increases computational cost, which may limit scalability in large-scale or high-

frequency applications. In addition, smaller rolling windows may lead to unstable parameter estimation due to 

increased sensitivity to short-term fluctuations. Furthermore, empirical results indicate the presence of 

heteroscedasticity in several datasets, suggesting that the variance of the residuals is not constant over time. A key 

limitation of the proposed framework is that it does not explicitly model volatility dynamics, such as conditional 

heteroscedasticity, which are fundamental characteristics of financial time series. As a result, the model may not 

fully capture variance-driven behavior in highly volatile environments. Therefore, future research should focus 

on integrating the proposed adaptive optimization mechanism with volatility-aware models, such as ARIMA–

GARCH, to jointly capture both mean and variance dynamics. Such integration is expected to enhance 

forecasting robustness and provide a more comprehensive modeling framework for complex financial systems. 

Additionally, further work may explore improvements in computational efficiency to support real-time and large-

scale forecasting applications. Overall, the proposed hybrid approach offers a flexible and adaptive forecasting 

framework, but its effectiveness can be further strengthened by incorporating volatility modeling and optimizing 

computational performance. 
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