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Abstract 

Accurate price volatility prediction is a cornerstone of sound investment decisions and effective dynamic risk management in 

financial markets. This study addresses a significant research gap: the limited number of studies exploring the systematic integration 

of traditional statistical models and artificial intelligence techniques within emerging financial markets, despite their high levels of 

instability and volatility. The research aims to develop a hybrid predictive framework that combines the flexibility of linear models, 

specifically ARIMA, with the ability of machine learning algorithms to grasp the complex, nonlinear patterns inherent in financial 

time series. Furthermore, the study highlights an application gap: the underutilization of advanced volatility estimators. The Garman-

Class estimator was adopted as a more efficient and accurate alternative to traditional estimators for measuring daily volatility, due 

to its reliance on four-part price information (open, close, high, and low). The proposed framework was applied to data from Savola 

Group, listed on the TASI. The results demonstrated the superiority of the proposed hybrid model in improving forecast accuracy 

and reducing predictive error measures, particularly the MAE, and RMSE, compared to traditional single-model models. The 

scientific value of this research lies in its contribution to bridging the knowledge gap related to the integration of statistical models 

and artificial intelligence techniques in the emerging markets environment. Furthermore, it provides an advanced analytical tool that 

can enhance asset allocation efficiency and support decision-makers and portfolio managers in navigating the dynamics of highly 

volatile markets. 
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1. Introduction1 

Financial data analysis challenges are becoming increasingly complex, especially with the ever-growing volume of data. 

This necessitates sophisticated models and algorithms capable of rapidly processing massive datasets and finding 

optimal solutions. However, no single method or algorithm is perfect; all have limitations that can be mitigated or 

eliminated by combining the skills of different methodologies. In this way, the development of hybrid algorithms is 

anticipated, one that can leverage the capabilities and characteristics of each method (optimization and machine 

learning) to integrate methodologies and enhance efficiency.This paper presents a comprehensive systematic and 

literature review of linear, nonlinear, and hybrid models that combine linear and nonlinear components, incorporating 

optimization and machine learning techniques for clustering and classification. The paper aims to develop a hybrid 

model that combines linear and nonlinear models to improve the accuracy of forecasting financial market behavior. The 

proposed model relies on integrating the characteristics of each model type, capitalizing on the simplicity of linear 

models in interpreting relationships and the power of nonlinear models in capturing complex patterns and hidden 
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interactions between variables. This model is expected to contribute to enhancing the effectiveness of financial 

forecasting tools and supporting investment decisions based on historical and contemporary data.  

Study Saberironaghi & Saberironaghi (2025), confirm the existence of a methodological gap in which advanced models 

lack transparency and traditional models lack accuracy, which necessitates the development of hybrid frameworks that 

efficiently handle big data.Ge (2025), addresses the topic of stock market forecasting, a vital aspect of the financial 

markets. It focuses on designing highly accurate predictive models aimed at forecasting stock price movements, given 

their crucial importance in minimizing losses and maximizing profits, especially considering the unpredictable and 

constantly fluctuating nature of the financial market. Recent study Darwish et al (2025), confirm a deficiency in the 

balance between prediction accuracy and explanatory capability, which necessitates the development of hybrid models 

that integrate linear methodologies and artificial intelligence to bridge the gap between technical efficiency and practical 

application. Recent study Rai & Soltanisehat (2025) emphasize the need to integrate explainable artificial intelligence 

techniques with hybrid models to bridge the gap between high prediction accuracy in big data and reliability in 

investment decision-making.    Chilukuri et al. (2025), conclude that it is necessary to move from single approaches to 

hybrid frameworks that integrate statistical interpretation with the flexibility of artificial intelligence to ensure the 

reliability of prediction in volatile financial markets.  The author developed a set of ten deep learning-based regression 

models to accurately and reliably predict the stock price of a leading Indian automotive company. Detailed stock price 

data collected at five-minute intervals from December 31, 2012, to December 27, 2013, was used for training. The 

testing phase utilized data from December 30, 2013, to January 9, 2015. Bustos et al.  (2025) review the need to link 

market efficiency to model accuracy, proposing a broad comparative methodology that goes beyond prevailing practices 

that focus on limited markets to ensure the generalizability of predictive results globally.  

Rezaei et al. (2025), investigated the application and evaluation of a variety of machine learning models, including 

linear regression, decision trees, random forests, AdaBoost and XGBoost techniques, as well as the nearest neighbor 

(K) model, vector support machine, and the long-term short-term memory (LSTM) model. The performance of these 

models was measured using precise evaluation indicators such as root mean squared error (RMSE), mean absolute error 

(MAE), and error measure (ME) to determine their accuracy and the stability of their results. However, they did not 

address hybrid models. Bellaly et al. (2025), aims to address a research gap by proposing and implementing an analytical 

methodology focused on evaluating the accuracy of stock market forecasting models compared to market efficiency. 

Wang, S.'s (2024) study showed that machine learning models such as random forests and recurrent neural networks 

(LSTM) excel at stock prediction, but it did not adequately address the effect of incorporating external indicators on the 

stability of hybrid models. It evaluates the effectiveness of intelligent algorithms in predicting trading market trends by 

comparing a range of machine learning methods. These methods include random forests, the nearest neighbor (KNN) 

algorithm, XGBoost, decision trees, and a deep learning methodology based on long-term short-term memory networks 

(LSTM).  The study by Phuoc et al. (2024) was limited to only three major technology companies, which limits the 

possibility of generalizing the results to other sectors or financial markets. It also neglected to integrate unstructured 

data such as sentiment analysis, news, and macroeconomic factors that significantly affect price volatility. The study 

also did not use the hybrid model.  

The research gap in the study by Chaudhary & Minirani (2025) is that it compares ARIMA, SARIMA and LSTM 

without integrating them into a hybrid model that takes advantage of the advantages of both linear and nonlinear models, 

and it does not test the effect of external factors or economic variables on the accuracy of price prediction. The research 

by Cayzer & Bau (2025) focuses on using only one-day delayed variables without incorporating external economic and 

financial factors, and it does not explore hybrid or advanced models that might improve the accuracy of stock price 

predictions. Therefore, there remains a need for studies that integrate deep learning models with macroeconomic 

variables to enhance the predictive power of financial markets. Azevedo et al. (2024)  relies on simple time variables 

(1-day lag) and traditional machine learning models without incorporating macroeconomic factors or using hybrid and 

advanced models, leaving a gap in the development of more accurate forecasting models that combine market data and 

external factors. Ibrahim et al. (2022) despite the remarkable progress in employing artificial intelligence algorithms 

for prediction, research output still tends towards single-model approaches, with a gap in the development of integrated 

hybrid frameworks capable of accommodating the complexity and instability inherent in the data. Liu et al. (2023), 

focuses on a comparative analysis of three of the most widely used machine learning and time series models: The 

Autoregressive Integrated Moving Average (ARIMA), the Seasonal Autoregressive Integrated Moving Average 

(SARIMA), and the Long-Term Short-Term Memory (LSTM), to predict the stock prices of Indian banks. However, 

the study did not explore the potential of hybrid models to improve the accuracy of the results. Ampountolas (2023). 

aims to provide accurate financial forecasts and clear insights to support investment decisions and risk management in 

the volatile cryptocurrency market. The research concludes that combining traditional statistical analysis with artificial 
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intelligence offers a robust framework for understanding complex time patterns in modern financial markets. The 

scientific value of Stempień & Ślepaczuk (2025). lies in addressing the knowledge gap regarding the responsiveness of 

European equities and digital assets to macroeconomic fluctuations. From a practical standpoint, the methodology 

employed provides a framework enabling analysts to develop advanced risk management models, thereby enhancing 

the quality of investment decisions in volatile markets. Qureshi et al. (2024), highlights the pivotal role of hybridization 

mechanisms in enhancing the efficiency of machine learning and deep learning models, especially when balancing 

linear and non-linear elements independently of traditional correlation assumptions. This conclusion forms a practical 

foundation that enables researchers and traders to design flexible investment strategies that are adaptable to volatile 

market dynamics. Fozap (2025), examines advanced statistical modeling aimed at improving the accuracy of Bitcoin/US 

Dollar price predictions.  

The researchers compared eight different models, including machine learning and traditional time-based models, and 

proposed a hybrid model combining these approaches using a weighted average methodology. The results showed that 

this proposed hybrid model clearly outperformed the individual models in reducing error rates and increasing the 

accuracy of financial forecasts. presents a hybrid deep learning model combining short-term long-term memory 

networks (LSTMs) and convolutional neural networks (CNNs) to predict the long-term movement of the S&P 500 

index. The study integrates technical indicators and historical data to enhance forecast accuracy, with the LSTM 

component focusing on time-based trends and the CNN component analyzing spatial patterns and short-term 

fluctuations. The results show that this hybrid model outperforms traditional methods such as ARIMA and SVM, 

providing an effective balance between understanding historical patterns and adapting to market changes. Alanazi 

(2025), published in the International Journal of Analysis and Applications, provides a comprehensive evaluation of the 

effectiveness of artificial intelligence in predicting stock prices compared to traditional statistical methods. Researcher 

Bader Al-Anzi demonstrated the ability of advanced models such as Long Short-Term Memory (LSTM) and random 

forests to analyze historical S&P 500 index data with an accuracy exceeding that of linear regression.   Martinez (2025). 

presents a hybrid prediction model that combines ARIMA statistical techniques with artificial neural networks (ANNs) 

to improve the accuracy of predictions in complex time series. This innovative framework aims to handle both linear 

and nonlinear patterns simultaneously, reducing error rates by 12% to 18% compared to single models. Kadkhoda & 

Amiri (2024), explores the use of complex network analysis and machine learning models to predict the occurrence of 

financial distress in small and medium-sized enterprises (SMEs). By constructing networks based on similarity and 

correlation between enterprises, the researchers extracted structural features such as proximity centrality and clustering 

coefficients to enhance the accuracy of predictive models. The results showed that integrating these network features 

with traditional financial data significantly improves the ability of algorithms, such as random forests, to identify 

potential risks. 

2. Methods 

To develop a robust framework for predicting daily volatility in stock markets, this study adopted a comparative 

modeling approach combining statistical and machine learning techniques. The methodology consisted of the following 

key phases: 

2.1. Data source and preprocessing 

The source of this data is the daily share prices (open, close, high, low) of Savola Group, listed on the Saudi Stock 

Exchange (Tadawul), for the period from April 1, 2024 to August 1, 2024.   

Daily volatility was calculated using the Jarman-Class estimator , Jarman & Boyland (2011), using the following 

formula: 

Daily volatility: 

 𝝈𝑮𝑲 =  √𝝈𝑮𝑲
𝟐                                                                    (1) 

 𝝈𝑮𝑲
𝟐 =  
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where, H: High, L: Low, C: Close, O: Open 
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2.2. Model selection 

For evaluation, three predictive models were selected. 

a. ARIMA  

The ARIMA model is a statistical forecasting model used to analyze time series data and predict future values based on 

past data Albeladi et al. (2023). The model combines Autoregressive integrated Moving Average to provide accurate 

predictions for data that changes over time Abdulrahim et al. (2025). 

Let Zt  a time series data, which represents an integer index and Zt is a real number, then: 

 𝑍𝑡  =  Z𝑡−1  +  a𝑡 ;  a𝑡  ~ 𝑊𝑁 (0, 𝜎2)                                                           (3) 

 𝑍𝑡 − Z𝑡−1 =  a𝑡 ;  a𝑡  ~ 𝑊𝑁 (0, 𝜎2)                                                        (4) 

 (1 − B ) Z𝑡 =  a𝑡                                                                             (5) 

 𝑍𝑡  =
1

( 1     −  𝐵)
 a𝑡                                                                       (6)   

 ψ( B ) =  
1

( 1    −    𝐵 )
                                                                 (7) 

Where the weighed   ψ1, ψ2, ψ3, … 

 ψ(𝐵)(1 −    B)  =    1                                                                (8) 

 (  1 +   ψ1𝐵  +   ψ2 𝐵2   +   ψ3𝐵3  + … . . )(  1 −   𝐵  ) =   1                           (9)  

  B ∶  ψ1  −   1 = 0  ⇒   ψ1 = 1                                                           (10) 

 B2 ∶  ψ2  −  ψ1 = 0  ⇒  ψ2 =  ψ1 = 1                                                     (11) 

 B3 ∶  ψ3  −  ψ2 = 0  ⇒  ψ3 =  ψ2 = 1                                                      (12)  

: 

: 

 B𝑗 ∶  ψ𝑗  − ψ𝑗−1 = 0  ⇒  ψ𝑗 =  ψ𝑗−1 = 1                                               (13)    

That is, the weights for the random walk model is 

 ψ𝑗  = 1 ,   𝑗 ≥ 1                                                                (14) 

b. Radial Basis Function 

 

Figure 1. The RBF Network architecture 
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A radial basis function (RBF) network is a type of artificial neural network that uses radial basis functions as activation 

functions in the hidden layer and employs point-centered basis functions to approximate complex functions Zholamanov 

et al. (2025). Gaussian formulas are widely used due to their smooth performance and infinite differentiability, which 

facilitates superior approximation properties and faster computations. A radial basis function (RBF) is defined as a 

three-layer neural network architecture consisting of an input layer, a hidden layer, and an output layer Zhang et al. 

(2022). 

RBF Networks Figure 1 are an excellent choice when we need speed in training or when we are dealing with real-time 

applications, such as dynamic system control or time series prediction, because they do not suffer from gradient 

vanishing problems as severely as deep networks. 

3. Results and Discussion 

This section presents the tables and graphs as analytical tools that contribute to interpreting the results and clarifying 

the main trends of daily market fluctuations using the Garman-Klass  

 

Figure 2. Savola Group stock performance According to the Garman-Klass 1980 methodology 

Figure 2 shows relatively low daily volatility (Garman-Klass) ranging between 0.000 and 0.007, with occasional sharp 

peaks (particularly in August). There is no clear upward or downward trend, but rather random fluctuations with sudden 

changes, which may reflect unexpected market events during that period. The reason for the sharp fluctuations is the 

nature of the Garman-Klass methodology itself, which is calculated daily and exhibits high sensitivity to sudden price 

changes within the day (such as opening or closing gaps, or sharp intra-session moves). These peaks do not necessarily 

reflect major economic events but may be the result of daily technical or trading fluctuations, especially in markets with 

fluctuating liquidity or during data release periods. 

Figure 3 shows a daily volatility distribution (Garman-Klass), where most of the data is concentrated around the mean, 

indicating a near-normal distribution. The frequency peaks at approximately 0.022, with a gradual decrease in frequency 

to the right and left. The distribution ranges from 0.000 to 0.080, with a slight tail to the right, which may indicate a 

slight positive bias. 

3.1. ARIMA (1,0,1) Model  

This analysis on Table 1 presents the ARIMA model for estimating daily volatility. 

Table 1 shows that the AR (1) and MA (1) coefficients are highly significant (p = 0.000), indicating a strong dependence 

on the previous value (autoregressive) and the previous shock (moving average). The constant is also significant, 

suggesting a stable series average of approximately 0.02225. High T-statistic values (9.27 and 4.89) further enhance 
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the confidence of the estimates. Since all significant coefficients are highly significant and there are no signs of 

instability, this RIMA (1,0,1) model is reliable and dependable for short-term forecasting. 

 

Figure 3. Daily volatility distribution according to the Garman-Klass methodology 

Table 1. ARIMA(1,0,1) model estimates daily volatility: coefficients and diagnostic statistics 

Final Estimates of Parameters 
T-Value P-Value 

Type Coef SE Coef 

AR (1) 0.8753 0.0944 9.27 0 

MA (1) 0.6890 0.1410 4.89 0 

Constant 0.0028 0.0003 10.59 0 

Mean 0.0223 0.0021 
  

Number of Observations:  126 
   

 

Figure 4. Comparison of the performance of prediction models: ARIMA, RBF, and the hybrid model 

Figure 4. compares actual daily volatility (Garman-Klass) in blue, with three predictive models: ARIMA (red), RBF 

(green), and an ARIMA-RBF hybrid (orange). The hybrid model performs very closely with actual volatility, 

particularly in tracking peaks and troughs, demonstrating its superiority in capturing nonlinear dynamics. The ARIMA 
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model follows the overall trend but fails to capture sharp swings, while the RBF model produces a very stable line that 

does not reflect daily changes. This suggests that combining the two models (linear and nonlinear) improves predictive 

accuracy. The hybrid model is most effective for use in risk management or trading strategies that require an accurate 

assessment of intraday volatility. 
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Figure 5. Visual correlation matrix between estimated daily fluctuations and predicted values 

A thorough Figure 5 analytical comparison between the actual daily volatility values estimated by the Garman-Klass 

scale and those predicted by three forecasting methodologies—the MLP neural network model, the ARIMA-MLP 

hybrid model, and predictions based directly on daily volatility indicators—is shown in the accompanying figure, which 

displays a dispersion plot matrix. This graphic comparison makes it possible to see exactly how well each model 

captures the financial market's movements. Plots of the MLP model's performance reveal a somewhat good correlation 

with real values, but there is also a considerable amount of dispersion, especially at high volatility levels. This illustrates 

the model's versatility in learning from nonlinear patterns as well as its capacity to identify the general direction of 

volatility movement. However, when working with intricate and quickly shifting financial time series, neural models 

frequently encounter the problem of "predictive noise" appearing at extreme levels. However, the quality of forecasts 

greatly increases when previous daily volatility data is added as a direct explanatory variable within the "Daily Vola 

Prediction" framework. When compared to utilizing MLP alone, the regularity of the link between anticipated and 

actual values improves, strengthening the model's explanatory dimension and lowering the margin of error that comes 

from depending just on machine learning without a supporting temporal context. The ARIMA–MLP hybrid model, on 

the other hand, shows a distinct quasi-linear alignment of points around a perfect line of congruence in the lower right 

plot. This is clear visual proof that there is a substantial drop in dispersion, particularly at extreme values, and a high 

correlation coefficient between predictions and actual values. This demonstrates how the hybrid model can handle 

nonlinearity and abrupt volatility because it systematically combines MLP's ability to handle complicated nonlinear 

interactions with ARIMA's ability to simulate linear components and time trends. In light of this, the visual and 

statistical analysis results validate that the combination of methods (Hybridization) and the addition of contextual 

information, such as historical volatility, to models significantly improves their predictive power, making the ARIMA–

MLP hybrid model the best option for real-world risk management and investment decision-making applications. 

Meanwhile, pure neural models continue to develop predictive noise handling mechanisms to improve their 

performance in extremely volatile market conditions. 
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3.2. Evaluation Metrics 

A wide range of evaluation measures can be applied in the case of assessing the performance of prediction models of 

machine learning. To evaluate our models, we have utilized the following metrics:  RMSE, MAPE, and MAE Ghojogh  

& Ghodsi (2023) and Chen et al. (2025), if the error metrics (RMSE, MAPE, and MAE) are smaller, the model performs 

better.  

The formula: 

 𝐴𝑃𝐸 =  
1

𝑛
∑ |

𝐴𝑡−𝐹𝑡

𝐴𝑡
|𝑛

𝑖=1  (15) 

 RMSE =  √∑
(𝐴𝑡−𝐹𝑡)2

𝑛

𝑛
𝑖=1   (16) 

 𝑀𝐴𝐸 =  
1

𝑛
∑ |𝐴𝑡 − 𝐹𝑡|𝑛

𝑖=1   (17) 

Where  𝐹𝑡, 𝐴𝑡and 𝑛 represented the forecasted value, actual value, and the fitted points number respectively.  

Table 2. Comparison of the performance of volatility prediction models 

 APE RMSE MAE 

ARIMA (1,0,1) 0.367298 0.009849  0.007002 

Hybrid ARIMA-RBF 0.344652 0.008718 0.00638 

RBF 0.358589 0.009327 0.006603 

Table 2 compares the performance of three models in volatility prediction using error metrics. The results indicate that 

the ARIMA-RBF hybrid model outperforms all three metrics. Lowest APE (0.3447), Lowest RMSE (0.008718), 

Lowest MAE (0.00638). This demonstrates that combining the linear (ARIMA) and nonlinear (RBF) models improves 

forecasting accuracy compared to using either model alone. 

4. Conclusion 

This research explores the shortcomings of single-model models—whether linear statistical or AI-based—in simulating 

the dynamics of highly volatile emerging financial markets. To bridge this gap, we present a hybrid predictive 

framework that combines the ARIMA model, with its ability to model linear components, and the Basic Vector Function 

(RBF) network, with its flexibility in accommodating complex nonlinear patterns. The model was applied to Savola 

stock data in the Saudi market, utilizing the advanced Garman-Klass estimator to extract price volatility with greater 

accuracy by integrating opening, closing, and price range data. 

The experimental results demonstrated the statistical superiority of the hybrid (ARIMA-RBF) model over single-model 

models, recording the lowest error values, with a relative mean error (APE) of 0.3447 and a root mean square error 

(RMSE) of approximately 0.0087, compared to the reference models. This performance is attributed to the proposed 

framework's ability to balance statistical stability with dynamic adaptation to market shocks. The theoretical 

contribution of this work lies in presenting an integrated protocol that enhances forecasting accuracy in low-efficiency 

financial environments, providing a strategic tool for portfolio managers and decision-makers to improve risk 

management and derivatives pricing. 

However, the research is not without some limitations. First, the application is limited to a single stock within a specific 

food sector, which may restrict generalizability without further testing across diverse sectors and markets. Second, the 

hybrid model relies on specific RBF network settings (such as the number of central units and the diffusion function), 

which may require fine-tuning depending on the nature of the data. Third, the research did not compare with other 

modern hybrid models such as LSTM-ARIMA or Transformer-based hybrids, which may affect the evaluation of 

relative performance in more complex environments. 

Therefore, several avenues for future research are recommended: (1) Expanding the study to include a wider range of 

stocks and sectors within and outside the Saudi market, including similar emerging markets; and (2) Integrating the 

hybrid model with modern deep learning techniques to enhance its ability to capture long-term dependencies. (3) 

Developing an automated mechanism to dynamically adjust the parameters of the hybrid model in response to changes 

in market structure; and (4) testing the framework's applicability in real-time forecasting within a real trading 
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environment. This research thus opens promising avenues for developing smarter and more adaptive financial 

forecasting tools in an increasingly complex world. 
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