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Abstract: Accurate stock price prediction is crucial for financial markets, where investors and analysts forecast future 

prices to support informed decision-making. In this study, various methods for integrating two advanced time series 

prediction models, Gated Recurrent Unit (GRU) and Neural Basis Expansion Analysis Time Series Forecasting (N-

BEATS), are explored to enhance stock price prediction accuracy. GRU is recognized for its ability to capture temporal 

dependencies in sequential data, while N-BEATS is known for handling complex trends and seasonality components. 

Several integration techniques, including feature fusion, residual learning, Ensemble learning and hybrid modeling, are 

proposed to leverage the strengths of both models and improve forecasting performance. These methods are evaluated 

on datasets of ten stocks from the S&P 500, with some exhibiting strong seasonal or cyclic patterns and others lacking 

such characteristics. Results demonstrate that the integrated models consistently outperform individual models. Feature 

selection, including the integration of technical indicators, is employed during data processing to further improve 

prediction accuracy. 

 

Index Terms: Time Series, Stock Price Prediction, N-BEATS Model, GRU Model, Financial Indicators, Information 

Engineering 

 

 

1. Introduction 

Stock price prediction is regarded as a challenging task [1-2] in financial markets, where significant financial gains 

can be achieved by accurately forecasting future prices. Traditional approaches to stock price prediction have often 

struggled with capturing the complex patterns [3-4] present in financial time series data, such as trends, seasonality, and 

abrupt changes. To address these challenges, various machine learning models have been proposed by researchers, 

including ARIMA, Support Vector Regression (SVR), Random Forest Regressor, XGBoost, Temporal Convolutional 

Networks (TCN), K-Nearest Neighbors (KNN) for regression, and Long Short-Term Memory (LSTM), among others. 

It has been observed that LSTM consistently outperforms other models in most experiments [5-9], particularly when 

applied to financial datasets. Based on this observation, we focused on LSTM and explored several of its advanced 

variants. Among these, the Gated Recurrent Unit (GRU) proved to be more effective than the others we tested also 

confirmed by literature survey [10-14]. Additionally, the Neural Basis Expansion Analysis Time Series Forecasting (N-

BEATS) model, a relatively new algorithm, is gaining popularity due to its strong performance. Both GRU and N-

BEATS have unique strengths in time series forecasting. GRU, a variant of the Recurrent Neural Network (RNN), is 

known for being particularly adept at learning from sequential data [15-17], making it suitable for modeling the 

temporal dependencies [18-19] inherent in stock prices. The gated structure of GRU mitigates the vanishing gradient 

problem [20], enabling the capture of long-term dependencies, which are essential in predicting stock prices based on 

historical data.    

N-BEATS [21], on the other hand, have been designed as a deep learning model explicitly for univariate time 

series forecasting [22]. Unlike traditional RNNs, sequential processing is not relied upon in N-BEATS, as a fully 
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connected architecture is used instead to predict future values. 

N-BEATS is known for being particularly powerful in handling trend and seasonality components [23], common 

in financial data. Its interpretable nature allows for a clearer understanding of underlying data patterns, making it a 

valuable tool in financial forecasting. 

However, while the GRU model is excellent at capturing temporal dependencies, and N-BEATS excels in 

modeling trends and seasonality, limitations are present in each. GRU may struggle with non-linear patterns [24] that do 

not solely depend on previous time steps, whereas N-BEATS may not fully capture the intricate dependencies between 

consecutive data points. Therefore, it is suggested that the combination of these two models can potentially harness their 

strengths and mitigate their weaknesses, leading to more accurate and robust predictions. Existing methods for stock 

price prediction often rely on standalone models or basic ensemble approaches that fail to capture the complexities of 

diverse time series patterns, such as trends, seasonality, or irregular fluctuations. 

Several hybrid techniques to combine the GRU and N-BEATS models for stock price prediction are proposed in 

this study. It is hypothesized that by integrating the predictions from these two models, a more accurate forecast can be 

achieved than when either model is used individually. The hybrid approaches are tested on datasets from ten companies, 

chosen to represent a diverse set of time series characteristics. These companies are categorized into two groups: five 

with strong seasonal, cyclic, or trend patterns, and five without these patterns. This categorization allows the 

effectiveness of the hybrid approaches across different types of financial data to be evaluated.  

The research question is whether popular prediction models used separately or in combination, produce varying 

results depending on whether the time series data has patterns like trends and seasonality or lacks such patterns. 

Additionally, it explores whether combining these popular models improves prediction accuracy, and if so, which 

combination is the most effective. We also aim to determine which feature selection method is superior among the ones 

we have employed. The research identifies a gap in leveraging the combined strengths of GRU and N-BEATS in time 

series forecasting due to inadequate integration strategies and limited exploration of feature selection's impact. This 

study addresses the gap with innovative methods like feature fusion, residual learning, and ensemble stacking to 

maximize both models' potential. The integration methods—feature fusion, residual learning, and ensemble stacking—

were selected for their ability to address key challenges in time series forecasting. Feature fusion enhances GRU's 

performance on complex temporal patterns by combining N-BEATS outputs with raw inputs. Residual learning refines 

predictions by training GRU on N-BEATS residuals, improving accuracy for datasets with trends or seasonality. Simple 

stacking provides a straightforward ensemble strategy, aggregating predictions from both models to ensure robust 

forecasting for datasets lacking clear patterns. Our ultimate objective of this study is to develop and evaluate hybrid 

techniques combining GRU and N-BEATS models to improve stock price prediction accuracy in stock market with 

varying time series patterns. 

2. Related Works 

Financial markets, renowned for their intricate dynamics and continual fluctuations, necessitate robust forecasting 

methodologies to facilitate informed decision-making. Recent advancements in time series prediction are explored in 

this review, with an emphasis placed on recent models and their enhancements aimed at unraveling the complexities 

inherent in stock market data.  

A significant transformation in the landscape of stock market forecasting occurred before the year 2000 with the 

adoption of various machine learning techniques. The introduction of LSTM after 2000 marked a pivotal development, 

as its efficacy in both time series contexts and specifically within the stock market realm was underscored. LSTM, a 

type of recurrent neural network (RNN), excels in capturing long-term dependencies and trends, distinguishing it from 

conventional methodologies. LSTM networks were tested by Michańków, Jakub, Paweł Sakowski, and Robert 

Ślepaczuk [25] in forecasting the value of the BTC and S&P 500 index on data spanning from 2013 to the end of 2020. 

The capacity of recurrent neural networks, particularly the long short-term recurrent neural network (LSTM), was 

analyzed by Oliver-Muncharaz, Javier [26], in contrast to classic time series models like the Exponential Smooth Time 

Series (ETS) and the ARIMA model (ARIMA). Four methods to improve the accuracy of volatility forecasts for the 

S&P 500, including the established GARCH model, LSTM, and hybrid models, were explored by Roszyk, Natalia, and 

Robert Ślepaczuk [27]. The next day closing price of the S&P 500 index was predicted using a long short-term memory 

(LSTM) architecture by Bhandari, Hum Nath, Binod Rimal, and others [28]. Deep learning sequential models, 

including Long Short Term Memory Model (LSTM), Stacked LSTM, and Attention-Based LSTM, along with the 

traditional ARIMA model, were constructed by Zou, Zhichao, and Zihao Qu [29]. The movements of the S&P 500 were 

predicted using LSTM networks by Kim, Sangyeon, and Myungjoo Kang [30]. The performance of the LSTM 

architecture for neural networks when applied to the S&P 500 stock index was analyzed by Bergström, Carl, and Oscar 

Hjelm [31]. A novel deep learning model combining multiple pipelines of convolutional neural networks and bi-

directional long short-term memory units was proposed by Eapen, Jithin, Doina Bein, and Abhishek Verma [32].  

Promising results were produced by GRU, one of the advanced variants of LSTM. Three types of models—LSTM, 

GRU, and LSTM-GRU—were constructed by Feng, Zexu [33], with comparisons made for each using the S&P 500 

index. Stock market indices were forecasted using recurrent neural network-based hybrid models, CNN-LSTM, GRU-

CNN, and ensemble models by Song, Hyunsun, and Hyunjun Choi [34]. The integration of deep learning 



Time Series Forecasting Enhanced by Integrating GRU and N-BEATS 

142                                                                                                                                                                      Volume 17 (2025), Issue1 

methodologies into stock market forecasting was studied by Althelaya, Khaled A., El-Sayed M. El-Alfy, and Salahadin 

Mohammed [35], who evaluated and compared several variants of Deep Recurrent Neural Networks based on LSTM 

and GRU. Novel deep learning models that combine multiple pipelines of convolutional networks and uni-directional or 

bi-directional gated recurrent units were proposed by Eapen, Jithin, Abhishek Verma, and Doina Bein [36], which 

improved prediction performance and execution time on large-scale S&P 500 datasets. A framework combining the 

gated recurrent unit (GRU) neural network with the complete ensemble empirical mode decomposition of adaptive 

noise (CEEMDAN) to improve stock index prediction accuracy was proposed by Qi, Chenyang, Jiaying Ren, and Jin 

Su [37]. An optimal model for predicting stock prices for the t+5th day, with a corresponding daily buying/selling 

strategy for the S&P 500 Index, was provided by Sethia, Akhil, and Purva Raut [38], who compared the performance of 

LSTM, GRU, ANN, and SVM models and outlined an optimal model. A hybrid Vector Autoregressive and Gated 

Recurrent Unit (VAR-GRU) model to find contextual variables and suitable lag length to improve the predictive 

performance for financial multivariate time series was proposed by Munkhdalai, Lkhagvadorj, Meijing Li, Nipon 

Theera-Umpon, Sansanee Auephanwiriyakul, and Keun Ho Ryu [39]. 

N-BEATS, a recent advancement in deep learning within this field, represents a deep structure comprising fully 

connected layers with forward and backward residual links. N-BEATS has been shown to perform exceptionally well 

on various large-scale datasets. The N-BEATS architecture was applied by Boris N. Oreshkin, Grzegorz Dudek, and 

Paweł Pełka [40] for mid-term electricity load forecasting. N-BEATS-RNN, an extended ensemble of deep learning 

networks for time series forecasting, was utilized by Sbrana, ALD Rossi, and MC Naldi [41]. N-BEATS was employed 

by Bartosz Puszkarski, Krzysztof Hryniów, and Grzegorz Sarwas [42] for heart dysfunction classification. An 

interpretable data-driven approach using the N-BEATS neural network for short-term macroeconomic forecasting was 

proposed by Xuanzheng Wang, Changwang Li, Chengqi Yi, Xinan Xu, Jiandong Wang, and Youhui Zhang [43]. 

3. Modeling Approach 

In this research paper, a comprehensive modeling approach to stock price prediction is explored by utilizing the 

strengths of both GRU (Gated Recurrent Units) and N-BEATS (Neural Basis Expansion Analysis for Time Series) 

architectures. The research methodology is designed to integrate these two powerful neural network models to enhance 

stock price prediction accuracy. GRU, as a type of recurrent neural network, is employed to capture temporal 

dependencies and learn long-term patterns in sequential data, making it suitable for time series forecasting. Similarly, 

N-BEATS is used as a deep learning model to forecast complex temporal patterns and handle trend and seasonality [44-

47] components. Technical indicators are integrated to capture market trends [48-50], momentum [51-53], and volatility 

[54-55], while feature selection techniques [56] are applied to identify the most significant predictors for model training. 

Various methods are employed to combine the predictions of GRU and N-BEATS models. These include the Hybrid 

Feature Generator, Feature Fusion [57-58], Residual Learning [59-60] and Simple Stacking (Ensemble technique) [61-

64]. The effectiveness of each method is evaluated by comparing the prediction accuracy across multiple stocks with 

varying market behaviors. This analysis allows for the identification of the best-performing approach to stock price 

forecasting. A detailed discussion is provided on the individual models and their combination strategies, illustrating 

how these methods enhance prediction accuracy and robustness in financial time series analysis. 

3.1 GRU (Gated Recurrent Unit) 

The architecture of the GRU [65] is comprised of a network of recurring units, each designed to maintain and 

update a hidden state as sequential input data is processed. The basic structure of a GRU unit involves the following 

components. The hidden state, at every time step, is reflected as the network’s memory. It serves as a memory cell, 

capturing relevant information from previous inputs. The input gate is used to determine which parts of the input data 

should be saved in the hidden state, considering both the current data and the last hidden state. The update gate 

determines the amount of the prior hidden state that should be retained for the current time step, controlling the data 

flow from the earlier hidden state to the active hidden state. The equations for the GRU are as follows: 

 

1( ),t z t z t zz W X U h b                                                                          (1) 
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Fig. 1. GRU Architecture 

A notable feature of GRU is its simplified structure compared to LSTM [66]. Fewer parameters [67-69] are 

required, making it computationally more efficient and faster to train. In GRU, the functionalities of the inputting and 

forgetting gates in LSTM are combined into a single gate for data updating, which reduces the complexity of the 

architecture. GRU is specifically capable of capturing short-term relationships in sequential data [70], and its strong 

performance has been observed in tasks where remembering recent information is important. In summary, the GRU 

architecture is presented as a streamlined version [71] of LSTM, demonstrating efficiency in training and strong 

performance [72-75], particularly in scenarios requiring the capture of short-term dependencies. 

3.2 N-BEATS (Neural Basis Expansion Analysis for Time Series Forecasting) 

The N-BEATS (Neural Basis Expansion Analysis for Time Series) model has been designed as a state-of-the-art 

deep learning architecture specifically for univariate and multivariate time series forecasting. Proposed by Oreshkin et 

al. in 2020, the N-BEATS architecture was introduced for interpretable time series forecasting, with a novel emphasis 

on a fully data-driven approach that eliminates the need for domain-specific data pre-processing. As shown in Fig.2, the 

core building block of this architecture consists of a multi-layer fully connected (FC) network, where nonlinearities are 

provided by the ReLU activation function. Basis expansion coefficients are predicted both forward (forecast) and 

backward (back cast), allowing complex temporal patterns to be captured. These blocks are organized into stacks using 

a doubly residual stacking principle, in which a stack may contain layers with shared back cast and forecast blocks. 

Forecasts are aggregated hierarchically, enabling the construction of very deep neural networks with interpretable 

outputs. The equations for the N-BEATS are as follows: 

 
1 1ˆRe [ ],r r rx Lu x x                                                                           (5) 
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Fig. 2. N-BEATS Architecture
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This design enables both long-term trends and short-term fluctuations to be modeled effectively, making N-

BEATS particularly well-suited for complex forecasting tasks, such as those in financial markets where intricate 

temporal dynamics are present. By learning directly from raw data, a versatile and powerful solution is provided by the 

N-BEATS model for capturing diverse patterns in time series data. 

3.3 Integration Approach 

As shown in Fig.3, The proposed model for stock price prediction focuses on predicting using individual models, 

as well as integrating multiple techniques to leverage the strengths of these models, thereby improving the overall 

accuracy and robustness of predictions. Using data from the S&P 500 market, ten stocks are selected—five exhibiting 

time series components like seasonality, trend, and cyclic behavior, and five without such patterns. The dataset 

comprises key market variables such as opening, closing, high, and low prices, along with adjacent close prices, trading 

volume, and over 80 technical indicators. These indicators provide insights into market dynamics, helping to capture 

trends, momentum, and volatility. Feature selection methods play a crucial role in identifying the most relevant features, 

reducing noise and improving predictive performance. To enhance the model's ability to predict stock prices, two deep 

learning models—N-BEATS and GRU—are employed both individually and in combination. GRU excels at capturing 

temporal dependencies, while N-BEATS are designed for identifying trends and seasonality in time series data. By 

using both models, we aim to address different aspects of stock price movement. First, predictions are made separately 

using GRU and N-BEATS models. Then, these models are integrated in various ways to maximize their predictive 

power. 

 

 

Fig. 3. Methodology Design 

In the Hybrid Model, N-BEATS is used to extract features from the stock data, which are then passed into the 

GRU model for sequential prediction. This approach captures both the long-term trend components from N-BEATS and 

the short-term temporal dependencies modeled by GRU. This dual-model framework ensures that the model handles 

both trend-based and sequential fluctuations effectively. Furthermore, a Model Ensemble technique is employed, where 

predictions from both N-BEATS and GRU are blended using a meta-model, such as Linear Regression, to determine the 

optimal combination of outputs, resulting in a unified prediction. Another integration method, Feature Fusion, combines 

the outputs of N-BEATS with the raw input features, forming a comprehensive feature set. This allows the GRU model 

to make predictions based on a richer set of data representations, improving its ability to capture diverse patterns in the 

stock data. Additionally, the Residual Learning method refines the residuals (errors) from the N-BEATS model by 

using a GRU model to further adjust and improve the accuracy of the predictions. This iterative process helps to correct 

the errors from the initial predictions and fine-tune the final output. 

Through these hybrid and integrated approaches, the proposed model demonstrates multiple strategies for 

combining models, each designed to handle the complexities of stock price prediction. By utilizing both trend-

extracting and sequential-prediction capabilities, the model effectively balances the nuances of time series components 

and delivers more reliable and accurate predictions. This layered integration of GRU and N-BEATS ensures that the 

model adapts to both structured and unstructured stock price data, enhancing its overall predictive performance. 

4. Experiments and Results 

Data from multiple stocks, some of which exhibit clear seasonal and cyclic patterns while others do not, are used to 

conduct experiments to comprehensively evaluate the model's versatility across different market behaviors. Several 

hybrid techniques, including simple stacking, averaging, and weighted averaging, are implemented to integrate the 

predictive capabilities of GRU and N-BEATS. Various technical indicators are included to capture market trends, 

momentum, and volatility, while feature selection methods are employed to optimize the input features for each model. 
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4.1 Data Selection, Preparation and Preprocessing 

The selection of a dataset for stock market price prediction research depends on the specific objectives of the 

modeling and the characteristics of the market being analyzed. The S&P 500 dataset is well-suited for stock price 

prediction in stable and mature markets like the U.S., where market behavior is more predictable due to well-established 

regulations. This makes it an ideal choice when using models such as N-BEATS, which are known for effectively 

handling complex trends and seasonality. The stability of the U.S. market ensures that these models can reliably capture 

and forecast patterns, offering consistent and insightful analysis compared to the higher volatility seen in emerging 

markets. Stock price data from ten different companies in the S&P 500 was utilized for the experiments, and it was 

downloaded from Yahoo Finance. These companies were selected to represent a wide range of market behaviors and 

were divided into two categories: five companies with observable seasonal, cyclic, or trend patterns, and five companies 

without such patterns. The dataset, spanning a 5-year period from January 2015 to December 2019, was stored in 

separate CSV files for each stock. Key financial indicators, such as Open, High, Low, Close prices and Volume, were 

included in each file. This diversity allowed for model performance to be evaluated across different market behaviors. 

To enhance the predictive power of the models, an extensive set of technical indicators (TIs) was generated using 

the ‘ta’ library (Technical Analysis library). Total 86 different technical indicators, covering categories like trend, 

momentum, volatility, and volume, were computed. Insights into market direction, speed and magnitude of price 

changes, price fluctuations over time, and the strength of price movements relative to trading volume were provided by 

these categories. The incorporation of these diverse indicators allowed multiple dimensions of market behavior to be 

captured, improving the models' ability to predict future stock prices accurately. Missing data was handled using the 

nan_to_num function from the yfinance module. 

Given the large number of features, feature selection methods were employed to identify the most relevant ones, 

thereby improving model performance, and reducing computational complexity. Two feature selection techniques were 

used: f_regression and mutual information. F_regression was used to assess the linear relationship between each feature 

and the target variable (stock price) and to select features with the strongest correlation. Mutual Information was 

employed to measure the dependency between variables, identifying features that provided the most information about 

the target beyond simple linear correlations. 

The selected features were used to train the GRU, N-BEATS, and hybrid models, ensuring that only the most 

informative data was utilized to enhance predictive accuracy. The dataset was split into training and test sets with an 80-

20 split, where 80% of the data was used for training and 20% for testing. A validation set was created from the training 

data to fine-tune the models and prevent over fitting.  

Table 1. Experimental Setup 

Aspect Details 

Dataset S&P 500 stock price data for 10 companies (from Yahoo Finance).  

Dataset size 8,87,668 bytes 

Data Period January 2015 – December 2019 

Data Storage Format Separate CSV files for each stock 

Financial Indicators Included Open, High, Low, Close prices, Volume 

Technical Indicators (TIs) 
86 different technical indicators (trend, momentum, volatility,  

and volume) 

Missing Data Handling nan_to_num function from the yfinance module 

Feature Selection Techniques 
f_regression 

Mutual Information 

Models Used GRU, N-BEATS, Hybrid Models (combination of GRU and N-BEATS) 

Data Split 80% training, 20% testing. 

N-BEATS Model Architecture 
Two fully connected dense layers (128 and 64 neurons).  

Optimizer: Adam. Loss: Mean Squared Error (MSE). 

GRU Model Architecture 
Two GRU layers (50 units each) and a final dense layer for predicting  

closing price. Optimizer: Adam. Loss: MSE. 

Training Parameters 

- 200 epochs 

- Batch size: 32 

- Validation split: 20% 

Activation Function Rectified Linear Unit (ReLU) for both GRU and N-BEATS models 

 

The N-BEATS model was composed of two fully connected dense layers with 128 and 64 neurons, respectively, 

and trained using the Adam optimizer with Mean Squared Error (MSE) loss. The GRU model consisted of two GRU 

layers with 50 units each and a final dense layer for predicting the closing price. The GRU model was trained with the 

Adam optimizer and MSE loss as well. Both models were trained for 200 epochs with a batch size of 32 and a 

validation split of 20%. The Rectified Linear Unit (ReLU) activation function is used in both the GRU and N-BEATS 

models.
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4.2 Results 

In this section, the empirical findings from the application of various models and hybrid approaches to stock price 

prediction are presented. The performance of N-BEATS, GRU, Hybrid Models, Ensemble, Feature Fusion and Residual 

Learning models was evaluated using the metrics like MAE, RMSE, R-Squared and MAPE.  

Table 2. Forecasting results (MAE) using F-Regression 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 27.59 96.15 118.56 29.18 27.40 13.50 

Target Corporation (TGT) 19.58 63.81 78.91 20.76 19.50 7.50 

Deere & Company (DE) 51.59 107.54 133.21 51.81 50.99 39.13 

Delta Air Lines, Inc. (DAL)  8.26 36.97 44.80 9.19 8.37 6.67 

The Walt Disney Company (DIS)  38.98 97.18 115.69 40.33 39.80 28.16 

Microsoft Corporation (MSFT)  22.83 67.92 79.26 24.34 23.56 9.36 

Johnson & Johnson (JNJ)  39.86 107.64 134.35 41.28 40.50 24.19 

Procter & Gamble Co. (PG)  37.25 77.50 94.35 38.44 37.99 23.57 

Apple Inc. (AAPL)  7.46 27.42 33.36 8.13 7.68 3.89 

Berkshire Hathaway Inc. (BRK.B) 105.98 159.63 191.48 107.35 106.23 89.98 

Table 3. Forecasting results (MAE) using Mutual Information 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 26.85 94.28 115.40 26.87 26.80 13.76 

Target Corporation (TGT) 18.82 62.48 74.20 20.45 18.90 7.14 

Deere & Company (DE) 50.88 105.05 121.40 50.49 50.84 38.82 

Delta Air Lines, Inc. (DAL)  8.10 35.80 43.10 8.12 8.10 6.55 

The Walt Disney Company (DIS)  37.90 95.45 116.90 37.53 37.85 27.28 

Microsoft Corporation (MSFT)  22.31 66.71 78.50 22.49 22.32 9.03 

Johnson & Johnson (JNJ)  38.75 106.63 123.10 39.19 38.87 24.05 

Procter & Gamble Co. (PG)  36.20 75.36 90.90 36.71 36.23 23.18 

Apple Inc. (AAPL)  7.22 26.14 31.30 7.32 7.23 3.79 

Berkshire Hathaway Inc. (BRK.B) 103.44 158.30 193.50 103.85 103.54 89.18 

 

 
                                                     (a)                                                                                                (b) 

Fig. 4. (a) MAE comparison (F-Regression) (b) MAE comparison (Mutual Information) 

Table 4. Forecasting results (RMSE) using F-Regression 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 28.50 99.20 124.90 30.00 28.40 16.90 

Target Corporation (TGT) 20.40 65.90 81.20 21.80 20.30 8.90 

Deere & Company (DE) 52.10 111.50 139.50 52.40 51.70 39.40 

Delta Air Lines, Inc. (DAL)  9.00 38.50 47.80 9.80 9.10 8.10 

The Walt Disney Company (DIS)  41.00 100.50 116.40 42.30 41.80 30.00 

Microsoft Corporation (MSFT)  23.80 70.50 84.80 25.00 24.20 10.50 

Johnson & Johnson (JNJ)  41.30 111.60 139.30 42.90 42.20 26.10 

Procter & Gamble Co. (PG)  39.50 80.50 93.50 40.70 40.00 25.40 

Apple Inc. (AAPL)  8.10 28.40 33.40 8.70 8.30 4.50 

Berkshire Hathaway Inc. (BRK.B) 108.40 164.70 192.60 109.80 108.50 91.50 
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Table 5. Forecasting results (RMSE) using Mutual Information 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 28.02 98.22 117.10 28.12 28.02 16.75 

Target Corporation (TGT) 19.70 63.82 78.00 19.82 19.70 8.91 

Deere & Company (DE) 51.13 109.50 126.80 50.92 51.11 39.44 

Delta Air Lines, Inc. (DAL)  9.86 36.12 43.70 9.86 9.86 8.03 

The Walt Disney Company (DIS)  40.59 96.11 111.00 40.59 40.59 29.80 

Microsoft Corporation (MSFT)  22.47 73.02 87.00 22.47 22.47 9.78 

Johnson & Johnson (JNJ)  41.22 107.50 129.20 41.22 41.22 28.38 

Procter & Gamble Co. (PG)  38.09 76.26 89.60 38.09 38.09 25.45 

Apple Inc. (AAPL)  8.06 27.72 33.10 8.06 8.06 4.53 

Berkshire Hathaway Inc. (BRK.B) 103.49 160.82 186.00 103.49 103.49 89.32 

 

 
                                                     (a)                                                                                                (b) 

Fig. 5. (a) RMSE comparison (F-Regression) (b) RMSE comparison (Mutual Information) 

Table 6. Forecasting results (R2 Score) using F-Regression 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 0.812 0.672 0.572 0.806 0.815 0.922 

Target Corporation (TGT) 0.873 0.745 0.665 0.865 0.87 0.942 

Deere & Company (DE) 0.789 0.651 0.551 0.784 0.792 0.865 

Delta Air Lines, Inc. (DAL)  0.93 0.795 0.705 0.927 0.929 0.948 

The Walt Disney Company (DIS)  0.804 0.659 0.579 0.798 0.805 0.868 

Microsoft Corporation (MSFT)  0.854 0.731 0.651 0.848 0.856 0.93 

Johnson & Johnson (JNJ)  0.811 0.648 0.548 0.805 0.812 0.876 

Procter & Gamble Co. (PG)  0.822 0.709 0.599 0.816 0.824 0.884 

Apple Inc. (AAPL)  0.944 0.841 0.781 0.941 0.946 0.975 

Berkshire Hathaway Inc. (BRK.B) 0.743 0.589 0.479 0.739 0.746 0.818 

Table 7. Forecasting results (R2 Score) using Mutual Information 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 0.825 0.692 0.899 0.82 0.826 0.917 

Target Corporation (TGT) 0.885 0.762 0.921 0.877 0.88 0.949 

Deere & Company (DE) 0.798 0.669 0.849 0.793 0.8 0.872 

Delta Air Lines, Inc. (DAL)  0.937 0.81 0.949 0.935 0.938 0.955 

The Walt Disney Company (DIS)  0.817 0.675 0.869 0.812 0.818 0.876 

Microsoft Corporation (MSFT)  0.866 0.748 0.93 0.86 0.867 0.937 

Johnson & Johnson (JNJ)  0.823 0.665 0.878 0.818 0.824 0.883 

Procter & Gamble Co. (PG)  0.835 0.726 0.889 0.829 0.836 0.891 

Apple Inc. (AAPL)  0.951 0.857 0.975 0.948 0.952 0.978 

Berkshire Hathaway Inc. (BRK.B) 0.758 0.608 0.82 0.754 0.759 0.828 
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(a)                                                                                                        (b) 

Fig. 6. (a) R2 Score comparison (F-Regression) (b) R2 Score comparison (Mutual Information) 

Datasets from multiple companies representing diverse market behaviors were used to test the models, and the 

impact of feature selection methods, specifically F-regression and Mutual Information, was also examined. Detailed 

forecasting results obtained from all experiments are provided here. 

Table 8. Forecasting results (MAPE) using F-Regression 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 0.00645 0.01547 0.02595 0.00758 0.00639 0.00533 

Target Corporation (TGT) 0.00683 0.01109 0.01407 0.00648 0.00635 0.00445 

Deere & Company (DE) 0.00578 0.02088 0.02781 0.00644 0.00574 0.00468 

Delta Air Lines, Inc. (DAL)  0.00301 0.00640 0.00764 0.00309 0.00328 0.00038 

The Walt Disney Company (DIS)  0.00345 0.01474 0.08028 0.00326 0.00342 0.00015 

Microsoft Corporation (MSFT)  0.00761 0.01227 0.01728 0.00974 0.00906 0.00356 

Johnson & Johnson (JNJ)  0.00338 0.02034 0.11099 0.02202 0.00374 0.00064 

Procter & Gamble Co. (PG)  0.00257 0.01072 0.01232 0.00349 0.00266 0.00062 

Apple Inc. (AAPL)  0.00581 0.00600 0.00637 0.00784 0.00588 0.00473 

Berkshire Hathaway Inc. (BRK.B) 0.00300 0.02244 0.16169 0.01790 0.00311 0.00131 

 

      
          (a)                                                                                                      (b) 

Fig. 7. (a) MAPE comparison of all models using F-Regression (b) MAPE comparison all models using F-Regression excluding Hybrid model 

Table 9. Forecasting results (MAPE) using Mutual Information 

Stock Name (Symbol) / Model N-BEATS GRU Hybrid Ensemble Feature Fusion Residual 

Caterpillar Inc. (CAT) 0.004617 0.013802 0.017779 0.004997 0.004628 0.001537 

Target Corporation (TGT) 0.005234 0.008857 0.018279 0.006063 0.004963 0.001109 

Deere & Company (DE) 0.003182 0.018725 0.036391 0.005377 0.003842 0.000967 

Delta Air Lines, Inc. (DAL)  0.002443 0.006631 0.005078 0.004083 0.002484 0.000456 

The Walt Disney Company (DIS)  0.002547 0.020681 0.080492 0.003315 0.002744 0.000689 

Microsoft Corporation (MSFT)  0.004798 0.012067 0.019208 0.009249 0.004802 0.002342 

Johnson & Johnson (JNJ)  0.006764 0.015056 0.110985 0.007126 0.006367 0.00135 

Procter & Gamble Co. (PG)  0.002902 0.010358 0.019848 0.003816 0.002783 0.000745 

Apple Inc. (AAPL)  0.003935 0.005192 0.006416 0.006287 0.004051 0.001223 

Berkshire Hathaway Inc. (BRK.B) 0.005785 0.023296 0.161493 0.006926 0.00555 0.000739 
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   (a)                                                                                                    (b) 

Fig. 8. (a) MAPE comparison of all models using Mutual Information (b) MAPE comparison of all models using Mutual Information excluding 

Hybrid model 

The performance of the model is presented in two separate graphs. In the first graph Fig.7 (a), a significantly 

higher MAPE value for the direct hybrid model is observed compared to the other models. To facilitate a clearer 

comparison among the remaining models, the results of the hybrid model have been excluded from the second graph, 

Figure 7(b). This same approach has been applied in Fig.8 (a) and Fig.8 (b). 

A. Performance of Individual Models 

The performance analysis of individual models revealed significant variations in their ability to predict stock prices: 

N-BEATS consistently demonstrated superior performance, achieving the lowest forecasting errors (MAE, RMSE) and 

highest accuracy (R²) across most stocks. Its ability to capture complex temporal dependencies makes it a reliable 

model for stock market prediction. This trend is consistent regardless of the feature selection method applied, 

highlighting the robustness of the N-BEATS architecture. GRU performed sub optimally in comparison to N-BEATS, 

with higher error rates and lower R² scores. Although GRU is designed to handle sequential data, its architecture may 

struggle to capture the intricate patterns and volatility associated with stock price movements. In certain cases, the 

performance gap between N-BEATS and GRU was particularly pronounced for volatile stocks (e.g., Berkshire 

Hathaway Inc.), where GRU’s limitations became more evident. Conversely, for stocks with relatively stable trends 

(e.g., Apple Inc. and Delta Air Lines), the performance gap narrowed, and indicating GRU’s capability to handle less 

volatile data. Overall, N-BEATS outperformed GRU and baseline models across all error metrics, making it a preferred 

choice for accurate stock market forecasting. 

B. Impact of Feature Selection Methods. 

Feature selection methods significantly impacted performance. The superior results from Mutual Information 

suggest that identifying and leveraging the most informative features can dramatically improve forecasting accuracy, 

especially for models that rely on feature interactions. Mutual Information led to slightly better results for most stocks, 

especially for Residual and Ensemble models. For example, the MAE of the Residual model for Delta Air Lines (DAL) 

was 6.67 (F-Regression) compared to 6.55 (Mutual Information). Models trained with Mutual Information often 

exhibited marginally lower RMSE and MAPE values, indicating its suitability for extracting informative features. 

C. Analysis of Hybrid and Ensemble Approaches 

Mixed results were shown by the Hybrid Models, which integrate predictions from both N-BEATS and GRU. 

Although the intention behind hybridization is to leverage the strengths of each model, it was suggested by the results 

that simple combinations do not necessarily lead to better performance. For instance, a high MAPE of 0.080492 was 

yielded by the Hybrid Model for The Walt Disney Company with Mutual Information, indicating that more 

sophisticated techniques or regularization methods might be required to prevent over fitting in hybrid models. In 

contrast, Ensemble methods, which aggregate the outputs of multiple models, generally performed well across different 

datasets. Better results were consistently achieved by the Ensemble method, particularly when Mutual Information was 

used for feature selection, compared to the Hybrid Model. This suggests that ensemble approaches can provide more 

reliable and robust predictions by averaging out the biases and variances of individual models. 

D. Effectiveness of Feature Fusion and Residual Learning 

Balanced performance, often comparable to or slightly better than the individual N-BEATS model, was 

demonstrated by Feature Fusion, where input features from both N-BEATS and GRU models were combined. This 

indicates that incorporating a diverse set of features can enhance the model's capacity to learn from the data, especially 

when the underlying patterns are complex and multifaceted. The most effective approach in reducing prediction errors 

across nearly all datasets emerged by Residual Learning. Good results were consistently achieved by the model, such as 

for The Walt Disney Company with F-regression, underscoring its ability to fine-tune predictions by focusing on the 

residuals of other models. The superior performance of this method suggests that it effectively captures nuances in the 
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data that other models miss, making it a valuable approach for stock price forecasting. 

E. Comparative Analysis Across Different Market Conditions 

Companies with varying market behaviors—some with pronounced seasonal or trend patterns and others 

without—were applied with the models and methods. Notable variance in model performance was highlighted for 

companies with clear patterns, such as Deere & Company and Caterpillar Inc., underscoring the importance of model 

selection and feature engineering in these contexts. Conversely, for companies like Delta Air Lines, Inc. and Berkshire 

Hathaway Inc., which do not exhibit strong seasonal patterns, more consistent performances were observed from the 

models, suggesting that simpler models or ensemble approaches may suffice. 

F. Summary of Findings 

While individual models like N-BEATS and GRU were found to be effective, it was indicated by the results that 

their combination through hybrid or ensemble methods can enhance predictive accuracy. However, significant influence 

on outcomes was exerted by the choice of feature selection method, and substantial reduction in prediction errors was 

achieved through advanced techniques like Residual Learning. The residual learning model demonstrates remarkable 

consistency in delivering superior results across various datasets due to its error-correction mechanism. By learning 

residual patterns (the difference between the predicted and actual values), the model effectively minimizes errors left 

unaddressed by the base predictors. This adaptability allows it to capture intricate non-linear relationships and reduce 

prediction bias. These findings highlight the need for a nuanced approach to model selection and combination, 

depending on the specific characteristics of the stock data and market conditions under consideration. 

4.3 Results and Insights from Residual Learning using Delta Air Lines, Inc. (DAL) Dataset 

A detailed analysis of the Residual Learning model using the Delta Air Lines, Inc. (DAL) dataset, which has 

achieved the best prediction results, will be undertaken by visualizing various aspects of its performance through a 

series of informative graphs. A clearer understanding of the model's effectiveness and areas for improvement will be 

provided by these visualizations, facilitating a comprehensive evaluation of the Residual Learning approach in stock 

price prediction. 

A. Training and Testing Predictions 

The graphs shown in Fig.9 demonstrate excellent alignment between the predicted prices (orange line) and the 

actual prices (blue line), indicating that the underlying patterns in the training data have been captured remarkably well 

by the model. The overlapping nature of the lines is reflective of the strong ability of the model to learn from the data 

and deliver precise predictions during training. The consistency in the prediction curve showcases the robustness and 

effectiveness of the model in understanding the historical trends of the data. 

 

 
    (a)                                                                                              (b) 

Fig. 9. (a) Training Predictions vs Actual Values (b) Testing Predictions vs Actual Values 

It is observed that the model performs admirably on unseen data during the testing phase, with the predicted prices 

closely following the actual prices. This strong correspondence between predicted and actual values is indicative of the 

model's capacity to generalize well, successfully extending its learned patterns to new data. An impressive level of 

accuracy is maintained by the model, highlighting its reliability when applied to real-world scenarios. 

B. Residuals Plot 

The residuals in the training phase are scattered evenly around zero as shown in Fig.10, indicating that the 

relationship between the input features and the target variable is effectively learned by the model. A good fit of the 

model is suggested by the relatively tight spread around zero, with over fitting to the noise in the training data being 

avoided. Minimal systematic bias in the model’s predictions during training is indicated by the consistent pattern with 

no large spikes or clear upward/downward trends. 
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 (a)                                                                                                      (b) 

Fig. 10. (a) Training Residuals (b) Testing Residuals 

A similar pattern of distribution around zero is shown by the residuals in the testing phase, suggesting that good 

generalization to unseen data is achieved by the model. A stable model that does not make extreme prediction errors on 

the test set is pointed towards by the absence of large deviations in the testing residuals. Good out-of-sample 

performance is demonstrated by the model's predictions being generally close to the actual values, as indicated by the 

smooth yet random variation of residuals in the test data. 

C. Distribution of Residuals 

The ‘Distribution of Residuals’ shown in Fig. 11 provides clear evidence of the model's strong performance. The 

residuals are symmetrically distributed around zero, forming a bell-shaped curve, which indicates that the model's 

predictions do not consistently overestimate or underestimate stock prices. This normal distribution of residuals 

suggests that the errors are random and not biased in any particular direction. 

 

 
(a)                                                                                            (b) 

Fig. 11. (a) Distribution of Training Residuals (b) Distribution of Testing Residuals 

Moreover, the residuals are concentrated closely around zero, reflecting that the majority of the model's predictions 

are accurate, with only minor deviations from the actual stock prices. There is no significant skewness or kurtosis in the 

distribution, further reinforcing the conclusion that the model is making reliable and unbiased predictions. 

In conclusion, the pattern observed in Fig. 11 demonstrates that the model is performing well, with residuals that 

are normally distributed and centered near zero, indicating accurate and consistent stock price predictions. 

D. Scatter Plot of Predictions vs Actual Values 

The scatter plot shown in Fig.12 exhibits a very strong alignment along the diagonal line, indicating an excellent fit 

of the model to the training data. The near-perfect correspondence between actual and predicted values is implied, 

suggesting that the underlying trends of the stock prices in the training set are effectively captured by the model. The 

high correlation is shown, demonstrating that the relationship between features and target values has been learned by 

the model, resulting in highly accurate predictions during training. 

Like the training scatter plot, the points are scattered without any noticeable pattern, which is strongly indicative of 

the absence of over fitting and the maintenance of predictive performance on unseen data. The residuals in the testing 

set are closely clustered near zero, reflecting the good performance and consistency of the model in predicting stock 

prices on new data. 
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  (a)                                                                                           (b) 

Fig. 12. (a) Scatter plot of Training Predictions vs Actual Values (b) Scatter plot of Testing Predictions vs Actual Values 

E. Moving Average of Errors 

The smoothness of the moving average curve shown in Fig.13 implied to suggest that short-term fluctuations or 

outliers do not highly influence the model, indicating robustness in learning from the training data. Strong 

generalization performance is indicated by a low and stable moving average of testing errors, showing that accurate 

predictions on unseen data are achievable by the model. If a pattern similar to the training errors, but with slightly 

higher values, is followed by the moving average of testing errors, it is suggested that over fitting of the training data 

has not occurred and that good performance on new data is achieved by the model. 

 

     
(a)                                                                                                  (b) 

Fig. 13. (a) Moving Average of Training Errors (b) Moving average of Testing Errors 

Reliable performance over time and minimal deviations in predictive accuracy are demonstrated by the consistency 

and minimal oscillation in the moving average of testing errors. 

F. Error Autocorrelation Plot 

The plot is shown to exhibit a significant drop in autocorrelation after lag 0, with most values remaining close to 

zero. As shown in Fig. 14, this is indicative of the residuals being largely uncorrelated, suggesting that relevant patterns 

in the data have been successfully captured by the model without leaving systematic errors in the predictions. Similarly, 

minimal correlation beyond lag 0 is observed in the autocorrelation of the testing residuals, confirming that good 

performance is achieved by the model on unseen data. The absence of significant autocorrelation in the testing set 

suggests effective generalization by the model, with errors being randomly distributed rather than following a specific 

pattern. 

 

      
(a)                                                            (b) 

Fig. 14. (a) Autocorrelation of training residuals (b) Autocorrelation of testing residuals
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G. Predictions and Residuals Over Time 

The predicted stock prices closely follow the actual values, as shown in Fig. 15, demonstrating the model's 

accuracy in capturing the market's behavior. The residuals, plotted over time, remain consistently low and centered on 

zero, indicating minimal deviation between the predicted and actual values. This suggests that the model effectively 

captures the underlying stock price patterns, with only minor fluctuations. The absence of large, persistent residuals 

further reinforces the model's strong predictive performance, showcasing its robustness in forecasting stock prices over 

the given time period. 

 

  
(a)                                                                                                  (b) 

Fig. 15. (a) Training Predictions and Residuals over Time (b) Testing Predictions and Residuals over Time 

H. Boxplot of Residuals 

The boxplots for both training and testing residuals are characterized by a relatively symmetric distribution, with 

the median situated near the center of the box as shown in Fig.16. This symmetry suggests that the residuals are evenly 

distributed around zero, indicating that the model’s predictions are generally unbiased, avoiding consistent over 

prediction or under prediction of stock prices the relatively narrow interquartile range (IQR) indicates that most 

residuals are closely clustered around the median, reflecting strong predictive performance and contributing to a reliable 

model with mostly minor errors. 

 

 

Fig. 16. Boxplots of residuals 

I. Heatmap of Correlation Matrix 

In the heatmap for all features, there is a wide range of correlations displayed between the various features. The 

diagonal, as expected, shows perfect correlations (correlation = 1) for each feature with itself. Many features have 

clusters of strong positive correlations, indicated by the deep red squares, particularly among price-based features like 

Open, Close, and Adj Close. This suggests that these features capture similar information, potentially leading to 

redundancy in the dataset. 

On the other hand, certain features exhibit weak or negative correlations with others, as shown by the lighter blue 

and red squares scattered throughout the heatmap. This indicates that these features might provide distinct and non-

overlapping information. For example, some volume-based or volatility features, such as volume_nvi, volatility_bbl, 

and momentum_ppo_hist, appear to have relatively low correlations with other groups of features, implying that they 

may introduce unique aspects into the predictive model. 

Overall, the heatmap reveals areas of multicollinearity among closely related features but also highlights the 

diversity of information provided by some other features. This suggests that while some features may need to be 

removed to avoid redundancy, others could contribute valuable independent information for analysis or prediction. 
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(c)                                                                                                  (d) 

 
(e) 

Fig. 17. Heatmap of correlation matrix of features (a) 1 to 20 (b) 21 to 40 (c) 41 to 60 (d) 61 to 80 (e) 81 to 92  

 
(a)                                                                                                  (b) 

Fig. 18. Heatmap of correlation matrix (a) Top f_regression features (b) Top Mutual_Info features 
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In the f_regression heatmap, most features exhibit a very high correlation with each other, with values close to 1, 

suggesting that they are closely related and may contain redundant information. Features like Low, High, Open, and Adj 

Close have correlations near 1, indicating multicollinearity, which could hinder the performance of a predictive model. 

While these features are important, their strong correlation implies that including all of them may not provide additional 

value, as they likely capture similar patterns in the data. Thus, it might be beneficial to remove some of the redundant 

features to avoid issues arising from multicollinearity. 

In the mutual information heatmap, there is a mix of high and lower correlations among the selected features, with 

some features, such as Close, High, Low, Open, and Adj Close, still showing high correlations, while others like 

volume_vpt exhibit much weaker or even negative correlations. The lower correlation of volume_vpt with the other 

features suggests that it provides unique information not captured by the highly correlated price-based features. This 

diversity in feature selection indicates that the mutual information method may be better at selecting features that bring 

different aspects of the data to the model, potentially improving the predictive performance and reducing the risk of 

over fitting. 

5. Conclusion and Future Scope 

This study explores the effectiveness of various methods for integrating two widely used time series models, GRU 

and N-BEATS, with the objective of improving stock price predictions across diverse time series patterns. The 

integration of these models, such as utilizing N-BEATS to generate features for GRU or applying GRU for residual 

learning, consistently yielded better results compared to standalone models and other combinations. These integration 

approaches were able to capture different aspects of the time series data, leading to more accurate and reliable 

predictions. The findings highlight a correlation between the combination strategies and the specific characteristics of 

the time series data. For stocks exhibiting clear trends or seasonality, techniques such as feature fusion and residual 

learning significantly enhanced prediction accuracy. In contrast, for stocks lacking such patterns, simpler methods like 

stacking also improved performance, although to a lesser extent. This underscores the importance of selecting the 

appropriate combination strategy based on the underlying time series behavior. 

Feature selection methods also played a key role in improving model performance. Of the two methods used—

mutual information and f_regression—mutual information, which captures nonlinear relationships, outperformed 

f_regression by better identifying features that provided valuable information for accurate predictions. This research 

opens up several avenues for future work. As predictive models become increasingly complex, ensuring their 

transparency and interpretability will be crucial. Future studies could focus on developing interpretable deep learning 

models or integrating tools such as SHAP or LIME to better explain the models' decision-making processes. 

Additionally, while this study focused on S&P 500 companies, extending the analysis to different stock markets, asset 

classes, or even crypto currencies could provide further insights into the robustness and generalizability of these model 

architectures. 
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