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Abstract: Machine Learning (ML) algorithms have been widely used for financial time series prediction and trading through bots. In this work, we propose a Predictive Error Compensated Wavelet Neural Network (PEC-WNN) ML model that improves the prediction of next day closing prices. In the proposed model we use multiple neural networks where the first one uses the closing stock prices from multiple-scale time-domain inputs. An additional network is used for error estimation to compensate and reduce the prediction error of the main network instead of using recurrence. The performance of the proposed model is evaluated using six different stock data samples in the New York stock exchange. The results have demonstrated significant improvement in forecasting accuracy in all cases when the second network is used in accordance with the first one by adding the outputs. The RMSE error is 33% improved when the proposed PEC-WNN model is used compared to the Long Short-Term Memory (LSTM) model. Furthermore, through the analysis of training mechanisms, we found that using the updated training the performance of the proposed model is improved. The contribution of this study is the applicability of simultaneously different time frames as inputs. Cascading the predictive error compensation not only reduces the error rate but also helps in avoiding overfitting problems.

Keywords: Predictive error compensating wavelet neural network; time series prediction; stock price prediction; neural networks; wavelet transform

1  Introduction

The stock markets are 80% controlled by machines and over the next 10 years, robots will replace 200,000 banking jobs according to an article published in Forbes [1]. The high-frequency trading technologies represent a type of algorithmic trading that uses machine learning algorithms to implement investment strategies in extremely small-time intervals. Algorithmic trading has a major effect on the way financial assets change hands [2]. Chague et al. [3] found that 97% of day traders end up losing money as a year approach. Similar studies found that only 1% of traders make money and have some level of profitability after costs [4,5]. Despite the evidence of negative consequences discussed in [1], the full effects of algorithm trading are yet to be seen. In the stock market, the stock price prediction mechanisms are fundamental to the formation of investment strategies and the development of risk management models [6]. As the stock market influences individual and national economies, the prediction of the stock market is an essential task while taking the proper decision [7]. However, due to the uncertainty in financial time series data, the accurate prediction of stock market changes represents a challenging task. For this reason, in the proposed study by evaluating input data in multiple networks we tried to forecast the next day closing stock price. The networks are used in an additive manner. The first network is used as the main predictor. An additional network is used for the prediction of the main network error to compensate the overall daily stock prediction error. The prediction performance is significantly improved using the proposed model by reducing the overfitting and without increasing the complexity of the proposed algorithm.

Early researches on stock market prediction were based on random walk theory and Efficient Market Hypothesis (EMH) [8]. The EMH states that current stock prices reflect all the available information, and show that it is not possible to predict future stock prices using past information. Furthermore, Malkiel et al. [8] argued that any new information is immediately reflected in price changes without delay, and therefore future asset price movements are independent of past and current information. The suggestions made in [8] are that stock prices cannot be predicted since they are driven by external and new information rather than just historical or current prices. Moreover, the stock price data are disposed to frequent changes that cannot be derived from a historical trend. On the other hand, numerous studies have attempted to experimentally disprove the study of Malkiel et al. [8] by showing that stock markets are predictable. Bachelier [9] first proposed the efficient market theory and described the stock price movement in the random walk manner. Later, the random walk characteristics of changes in prices were empirically tested by Cootner [10] and Fama [11]. The changes are influenced by real-world factors, such as political, social, and environmental factors [12]. In addition, the noise to signal ratio is very high in such conditions and it is difficult to analyze and forecast future data. The use of econometric models is convenient for describing and evaluating the relationships between variables using statistical inference, with some limitations. These limitations can be seen in not being able to capture the nonlinear nature of stock prices. In addition [13], in their study assumed to have constant variance while the financial time series is very noisy and has time-varying volatility. Thus, by the work done in the [14], it is concluded that the stock market price will follow a random walk and prediction accuracy cannot exceed 50%.

The statistical methods, such as Autoregressive Moving Average (ARMA), Autoregressive Integrated Moving Average (ARIMA), and vector autoregression have generally achieved reasonable predicting results based on the literature results [15–20]. These statistical models map linear relationships but they are not very useful in stock market prediction due to the nature of stock market data. ARIMA is one of the most popular and widely used statistical techniques for making predictions using past observations [17]. In the work of Nochai et al. [18], they intend to find an appropriate ARIMA model. The empirical analysis of the study showed that ARIMA (2, 1, 0), (1, 0, 1), and (3, 0, 0) are the best models for predicting the price of palm oil. Viswanatha Reddy [19] in his work tries to check the stationarity in time series data and predict the direction of change in the stock market index using the ARIMA model. The best results are obtained for ARIMA (0, 1, 0). The author in his study confirmed the perspective of the ARIMA model to forecast future time series in a short time.The study of Adebiyi et al. [20] is conducted for predicting the share prices during the short-run. The results of this study showed that ARIMA models have power in predicting stock prices in a short time.

Despite the above mentioned statistical models, Artificial Neural Networks (ANNs) are one of the most accurate prediction models [21]. According to [22], the ANNs, unlike statistical models, with given sufficient amounts of data can approximate any finite and continuous function based on the universal approximation theorem. A forecasting system based on radial basis function Neural Network (NN) proposed by Lendasse et al. [23] showed that the system can capture the nonlinear relationship in financial time series data. The first significant study of neural network models for stock price return prediction was accomplished by White [2] where he introduces the predictive model based on IBM’s daily common stock and achieved promising results. In order to increase the prediction performance, hybrid models have shown significant achievements. Different hybrid systems were proposed by using ANNs, the Hidden Markov Model (HMM) [24], exponential smoothing, and ARIMA [25]; and ANN with exponential generalized autoregressive conditional heteroscedasticity model [26]. Yao et al. [27] compared the back-propagation NN model with the ARIMA model. They found that the NN results in better prediction accuracy, comparing to the ARIMA models. Adebiyi et al. [28] compared the performances of the ARIMA and ANN models for stock price prediction and found the superiority of the NN model over the ARIMA model. On the other hand, Nitin et al. [29] did a comparative study of a three-layer feed-forward NN model and the ARIMA model to predict future stock price data and revealed that the ARIMA models perform better over NN models. Similar to [29], Lee et al. [30] developed the NN model and the Seasonal Autoregressive Integrated Moving Average (SARIMA) model for stock index prediction. In their results, they also found that the ARIMA model outperforms ANN models for stock prediction. The results show that the model results depend on the data. Furthermore, using ARIMA together with ANN, as a new hybrid model improves the prediction performances. In this work, the empirical results reveal that hybrid systems outperform all individual systems providing more accurate prediction performances.

The two most popular deep-learning architectures for stock market forecasting in recent years are the Long Short-Term Memory (LSTM) model and the Gated Recurrent Unit (GRU) model with its hybridization [31]. The LSTM models are appropriately structured to learn temporal patterns and overperform the conventional recurrent neural networks (RNNs) as it overcomes the problem of vanishing gradients. Shahi et al. [31] proposed the LSTM and GRU deep-learning architectures and compare the performances of these two models for stock market prediction. In their study, they made a comparison on the performances of the LSTM and GRU models under the same conditions and also showed that by including the financial news sentiments together with the stock market features the predicting model can be significantly improved. Bao et al. [32] used the LSTM for stock price forecasting using different types of sequential data. Li et al. [33] using the sentiment features showed that LSTMs outperform benchmark models of SVM and improve the accuracy of prediction of the next day’s open price.

The problem of overfitting and getting stuck in local optima are additional issues that have to be taken into consideration in prediction models. The problem occurs due to data amount limitations and appropriate model configuration. The NN models even though achieve better generalization, are prone to overfitting due to their high capacity. In the financial time series forecasting using the Deep Neural Networks (DNNs), overfitting occurs due to a lack of data [34]. The financial time series data in a year on a daily basis obtain approximately 252 data points. However, it is insufficient for the DNN models in comparison to the number of model parameters. Sufficient data is needed as the number of model parameters increases as we enlarge the number of features used. Considering that overfitting impairs prediction accuracy regularization techniques, such as dropout, early stopping, data augmentation, or reducing the network size and learning rate are needed to avoid this problem [35]. The regularization techniques can prevent overfitting, but it cannot improve generalization performance. Hence, data augmentation is a method used to prevent overfitting while improving generalization accuracy. However, when it is about the financial time series, the data augmentation distorts the original data which is not a simple task. Instead, in recent times, signal processing techniques have been used to transform the data into a format that reveals certain characteristics. The results showed that using the extracted features can achieve more accurate predictions than using the data without feature extraction. The Fourier Transformation (FT) enables a signal to be expressed with a certain characteristic, however, a severe disadvantage is that the time resolution is missing. In addition, Wavelet Transform (WT) is proposed to overcome this disadvantage and the time series mostly uses different variations of the WT. Good local representation of a signal in both the time and frequency domain simultaneously is one of the main advantages of WT.

In this study, we propose the Wavelet Neural Network Model (WNN) for stock price time series data using a Predictive Error Compensation WNN (PEC-WNN) model. The research is conducted based on two separately trained NNs where input data are preprocessed using a Discrete Wavelet Transform (DWT). The motivation for using two separate NNs comes from the following perspectives. Firstly, the forecasting models are facing with expending uncertainties such as lack of input data for making more accurate predictions and secondly, a well-known drawback in the recursive methods, the accumulation of errors since the predicted values are used in the model instead of the target values. The proposed model is independently trained and not inclines the accumulated errors. The compensation of the predicted error through the second NN enhances the overall prediction performance.

This article does not propose trading strategies despite the evidence of asset price predictability presented here. We present and evaluate the prediction performance of our model based on different companies in which data are publicly available using the Yahoo Finance website [36].

The remainder of this paper is organized as follows. Section 2 describes the proposed model. The dataset specification and construction are explained in Subsection 2.1. The proposed method’s model description and characteristics are given in Subsection 2.2. The experimental results with discussion are given in Section 3. Conclusion and suggested future work remarks are given in Section 4.

2  Predictive Error Compensation Wavelet Neural Network Model

When machine learning methods are used for time series prediction of stochastic data sets, their time series error patterns usually include residual information. These error patterns may depend on the inconsistency of sampling time interval, scale, inappropriate machine learning structure, overfitting, underfitting, or time-varying characteristics of the data resource. A conventional way of reducing the prediction error is using past prediction errors through additional inputs or recurrences in NNs [32]. This also increases the requirement of larger training data sets and training more amount of weights to avoid overfitting and better characterization of the input data patterns. Instead of applying the error data patterns back into the same network through the increased amount of inputs and nodes, we propose using an additional NN that is trained by the error of the first NN. Specifically, when the WT of the input data patterns and the error data patterns are used in this method (PEC-WNN) overall accuracy significantly raises while the time complexity remains less than the unified network equivalent of the solution [37]. This proposed data efficiency raising strategy can then be extended by using more amount of NNs trained by the error pattern of the superposed prediction and additional data can also be fused. The PEC-WNN model is shown in Fig. 1.
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Figure 1: Predictive error compensation wavelet neural network (PEC-WNN) model for stock price forecasting

In this section, we explain the proposed PEC-WNN structure and demonstrate its performance on the prediction of the next day closing price in the stock exchange. A key factor in this improvement is the schematic of training the networks as shown in Fig. 2. The main network, in the figure, represented as WNN 1 uses the closing stock price data through moving frames in single and multiple-time scales as inputs for closing price predictions. In Fig. 2, the eight consecutive values in a single time scale are represented. An additional network, in the figure presented as WNN 2, uses the error patterns computed with the predictions of the main network (WNN 1). Finally, the predictive closing price from the WNN 1 and the predictive error from WNN 2 are used together to acquire the compensated predictive closing stock price.
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Figure 2: The schematic representation of training the networks

The proposed networks are characterized by three-layer NN architecture. The optimal number of neurons in the hidden layers is obtained based on the trial and error method considering the formulas proposed in the literature [38–40]. The formula proposed by Patterson (Eq. (1)) in [40] is used since it generates the lowest prediction error.

q=N10⋅(m+p)(1)

where q is the number of hidden neurons, m and p are the numbers of inputs and output respectively, and N is the number of observations in the training dataset.

The employed networks use the Rectified Linear Unit (ReLU) activation function (Eq. (2)) that significantly improves the performance of the network compared to the widely used activation functions (sigmoid and hyperbolic tanged) [34].

f(x)=x+=max(0,x)(2)

The Stochastic Gradient Descent (SGD) algorithm is used as an optimization algorithm for both networks. The SGD maintains a single learning rate for all weight updates without varying during the training. The learning rate is maintained for each network weight, whereas it is distinctly adopted as learning folds. The learning rate and momentum are 0.05 and 0.75, respectively. In the Feed Forward Back-Propagation (FF-BP) model the “generalized delta rule” is used to update the weight for each unit as follows (Eq. (3)):

w(t+1)=w(t)+η⋅∇(3)

where the w(t) is the weight at time t, η is the learning rate and ∇ is the gradient vector associated with the weights.

The properties of the NNs used in this study are shown in Tab. 1.

In this work, we also investigated how learning of network affects the results besides different dataset construction strategies for the proposed method. In traditional learning, fixed training separates the input dataset into fixed training and test datasets [6]. Arnerić et al. [41] examine different ratios of separating input datasets to training and test samples (90/10, 80/20, 70/30, 60/40, and 50/50) and conclude that the lowest error is achieved using a 70/30 ratio. In this study for fixed training, we also divide the dataset using a 70/30 ration (the first 70% of data is used for training and the next 30% to test the model).

Continual training on the other side updates the training dataset after a certain amount of data has been tested and retrained the network again. In this experiment, the initial training is done by using the first 70% of the data. The initial test set is equally divided where the first 15% is used for initial testing. In the second stage, the training dataset is increased by 15% of the initial test data. Now, with 85% of the data, the previously constructed model is retrained and the test is done on the last 15% of the data. The scheme of the used learning algorithm is given in Fig. 3.

Table 1: The parameter settings of NN models
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Figure 3: The conventional (fixed) and the updated training scheme

2.1 Data

Historical stock price data for different companies are downloaded from Yahoo finance [36]. The page contains multiple stock markets of multiple companies with financial news, reports, and the facility to download historical data. The attributes of the downloaded dataset are given in Tab. 2. In this work for prediction of next day closing price, the daily closing prices are examined and used for the construction of datasets.

The stocks selected in this work are shown in Tab. 3. In this study, the daily prices of each of the stocks are collected from March 22, 2007 to April 3, 2020, what is a total of 13 years. The construction of datasets is done based on two strategies. The first is a single time window of consecutive values with different input sizes. The unit delay operator z−1 is used for the construction of the consecutive input dataset. The input size varies from four to eight business days. The second strategy involves the different time windows beside the consecutive values. At this stage, we include two different time frames where the average values of different time intervals are applied together with four consecutive values. In order to generate subsampled data, we applied separate averaging in time series data similar to the average pooling used in the Convolutional Neural Networks (CNNs). The time interval for calculating the average values is five. The calculations are organized in the same manner using the unit delay operator z−1. The reason for choosing five is to obtain the weekly resolution as in one week there are five closing prices. The four-weekly average values acquire the monthly resolution of input data.

Table 2: Attributes of the dataset
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Table 3: The company information and period of the data used in this study
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The constructed datasets from both strategies are normalized and preprocessed. Data normalization is a fundamental preprocessing step for mining and learning from the data [42]. Most of the traditional normalization methods make assumptions that the time series data are stationary and the volatility of the time series is uniform. However, these assumptions do not hold for most time series, especially not for the financial and economical time series. In the proposed algorithm, trying to avoid the problems caused by traditional normalization, we subtract the average value of all current inputs from the single value at the input. For the proposed strategy, where we have for example four days, we calculate the mean value of those four days and subtract the calculated average value from each day separately. The subtracted average value is added at the end of the forecasting process. The schematic representation of the proposed normalization is presented in Fig. 1. The preprocessing is done with a discrete wavelet transform (DWT) regarding the window frames. The aim of preprocessing is to extract features found within the time windows similar to the convolutional layers in CNNs. The gathered wavelet coefficients are used as inputs to the prediction model. The Haar wavelet basis function is utilized since it beneficially diminishes the distortion rate during the signal decomposition and reconstruction. Also, it significantly reduces processing and computational time.

Mallat’s pyramidal algorithm [43], of the second level that provides high (hn) and low (gn) frequencies from a given signal, is applied for decomposition. Both components are used together as inputs to the proposed model to capture valuable information during the training process. Fig. 4 shows a two-level wavelet decomposition structure of the input dataset that contains different window frames.

[image: images]

Figure 4: Multi-resolution wavelet decomposition. The block diagram of the wavelet decomposition using Mallat’s algorithm

3  Results and Discussion

The forecasting performances of the proposed model are evaluated using the mean absolute percentage error (MAPE), the mean absolute error (MAE), and the root mean squared error (RMSE). The MAE considers the absolute deviation as the loss. It is more sensitive to small deviations and much less sensitive to large ones than the squared error. The MAE is also scale-dependent thus not suitable to compare prediction performance across different variables or ranges. An average measure of errors in the prediction of stock market indices represents the MAPE [44]. The average error is calculated without considering the directions of the set of predictions and each set of differences is having equal weight. The RMSE is a quadratic score principle used to determine the average magnitude of estimation error in stock market trends [44]. In addition, the RMSE depends on the scales and it is sensitive to outliers. The formulas are given in Tab. 4 where Xobs is observed and Xmodel is modeled values in time i. The number of data samples is given by n.

Table 4: The equations of used evaluation metrics
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In the following parts, the obtained results are explained and discussed. The section considers the results of closing stock price predictions for six different companies. The results are analyzed concerning the proposed input data strategies, applied models, and by considering the training mechanism. The distinct input datasets are constructed concerning previously mentioned strategies and applied to five different models including the simple NN model (used below as NN), PEC-NN, WNN, LSTM, and PEC-WNN. The first dataset contains four, whereas the second dataset consists of eight consecutive values of closing stock prices. The third dataset consists of two distinct window frames, the four consecutive daily closing prices, and the four-weekly average values of current and previous three weeks. The four weekly average values of closing prices are used since it gives the monthly resolution of changes in the prices. The output of our model is the next day closing price. The network configuration of NN models is the same for each case. The main difference is in the preprocessing where the DWT is used. The LSTM model proposed by Roberts in [45] is used to compare the proposed model results with the model that is used in the field of deep learning. The LSTM model consists of one LSTM layer with 25 hidden units and a dense output. Moreover, the dropout regularization technique is applied to the hidden layer.

The results are analyzed concerning the proposed strategies, applied models, and by considering the training mechanism. Different companies and their closing prices were downloaded, arranged, and three different input datasets are constructed. The first dataset contains four, whereas the second dataset consists of eight consecutive values of closing stock prices. The third dataset consists of two different window frames, the four consecutive daily closing prices, and the four-weekly average values of current and three previous weeks. The four weekly average values of closing prices are used since it gives the monthly resolution of changes in the prices. The output of our model is the next day closing price. The prediction results for Ford (F) company are presented in Tabs. 5–7 for the training dataset and Tabs. 8–10 for the test dataset. The remaining results are presented as an average error with respect to the applied models in Fig. 5. The results have shown that the RMSE error is reduced when simultaneously different time frames are included with the proposed model. Increasing the number of inputs in a single window, from four to eight business days increase the RMSE error and does not show any improvements. On the other hand, with the usage of multiple time windows, the forecasting error is decreased. The proposed model PEC-WNN used together with the simultaneously different window frames achieves the lowest prediction error. The RMSE error for Ford stock price reduces by 42% comparing to the LSTM model when the predictive error compensation model is applied.

Table 5: The RMSE ($) training error results for the Ford company
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Table 6: The MAPE (%) training error results for the Ford company
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Table 7: The MAE ($) training error results for the Ford company
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Table 8: The RMSE ($) test error results for the Ford company
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Table 9: The MAPE (%) test error results for the Ford company
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Table 10: The MAE ($) test error results for the Ford company
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The examination for update training is obtained regarding to the lowest error results reached with the best dataset. For that purpose, the second strategy is used, simultaneously different window frames with four consecutive values. In this part, the first 70% is used for initial training and the next 15% is applied as an initial test part. Later on, the updated training is performed by 85% of the dataset (70% from initial training +15% from the initial test) and the last 15% is used as a continual test part. The RMSE for the Ford closing prices is improved by 31.25% when the updated training mechanism is used.

The average RMSE, MAPE, and MAE results for the applied models are shown in Fig. 5. The average errors are computed for each model considering multiple time-framed datasets for six applied stock prices. From the graph, it can be seen that the proposed model achieves the lowest error comparing to the applied models.

[image: images]

Figure 5: The average evaluation metric results for the multiple time-framed dataset and applied methods

4  Conclusion

The stock market prediction represents a challenging but important task to analyze the behavior of the financial market. It is important to have accurate predictions to be able to build a profitable financial market transaction strategy. Computationally less complex NN models, using simultaneously different time window past prices are developed to predict the next day closing price using a predictive error compensated wavelet preprocessed model. The proposed method uses in an additive manner two separately trained NN models. The first network performs as the main predictor for the primary estimation of the next day’s closing price. The second network is used for predicting the error of the next day’s closing price. The second network compensates the error of the first one by subtracting the error prediction. The overall prediction performances are improved using the compensation of predicted error through the second NN.

In addition to the proposed model PEC-WNN, four other models were implemented for comparison: simple NN, WNN, PEC-NN, and LSTM. The RMSE error compared to the implemented LSTM model reduces by 53.3% for Apple, 54.9% for Micron, 41.6% for Bank of America, and 42.1% for Ford stocks. The accumulation problem in error feedback neural networks is avoided through independent networks.

An important contribution of this study is the usage of the second network in an additive manner. In this respect, the future study will concern adding additional networks that process additional data for improving the prediction performances.

The second important contribution of this work is the implementation of updated training. The acceptable prediction accuracy can be achieved by applying a fixed training, however with the utilization of updated training the prediction performances can be improved. As another improvement, we will use continual training and update instead of partial repetitive.

The limitation of this article can be seen in considering predictions by closing prices. Future studies may concern data variation patterns inside the session, as well as a larger number of stocks and markets.
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Appendix A.

The RMSE, MAPE, and MAE errors for 1. Apple, 2. Micron, and 3. Bank of America.

1. Apple

Table 11: RMSE ($) for predictions of Apple stock prices
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Table 12: MAPE (%) for predictions of Apple stock prices
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Table 13: MAE ($) for predictions of Apple stock prices
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2. Micron

Table 14: RMSE ($) for predictions of Micron stock prices

[image: images]

 
Table 15: MAPE (%) for predictions of Micron stock prices
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Table 16: MAE ($) for predictions of Micron stock prices
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3. Bank of America

Table 17: RMSE ($) for predictions of Bank of America stock prices
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Table 18: MAPE (%) for predictions of Bank of America stock prices
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Table 19: MAE ($) for predictions of Bank of America stock prices
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