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1. INTRODUCTION

Stock price forecasting (SPF) has been a topic of financial research, essential for various trading and
investment strategies. Financial markets, with their volatility and complexity, are affected by many factors
such as political events or market trends [1], [2]. This makes predicting stock prices a difficult task.
Predicting a stock's future price involves finding patterns within unpredictable, non-linear, and multi-
dimensional time-series data. Many approaches of the SPF has developed over the years [1], [3]. Statistical
approaches for the SPF are mathematical frameworks that aim to forecast future prices using historical data.
Autoregressive integrated moving average (ARIMA) [4], [5] are well-known methods for the SPF. Subakkar
et al. [4] applied ARIMA to forecast Tesla's stock data. The results obtained from the ARIMA demonstrate
robust accuracy for short-term stock price predictions. Suripto [5] demonstrated that the ARIMA (1,1,1)
model had an applicability rate of 98% for predicting stock prices. Although ARIMA can be sufficient for
short-term forecasts, its ability to predict over longer terms is uncertain.

Machine learning (ML) models have increasingly been used for the SPF. ML algorithms such as
neural network (ANN) [6], support vector regression (SVR) [7], [8], ensemble models (random forest (RF),
XGBoost) [6], [9], provides significant advantages over traditional statistical models. Vijh ef al. [6] explored
ANN and RF for predicting stock market closing prices. Zhang et al. [7] introduced an ensemble model that
combines features of both SVR and the ensemble adaptive neuro fuzzy inference system. Bazrkar and
Hosseini [8] applied a method for the SPF using SVM and particle swarm optimization (PSO) algorithms.
The results indicated that their method consistently outperformed other techniques, achieving a prediction
accuracy consistently above 90%.
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Recently, deep learning (DL), with its automatic feature learning, ability to process complex patterns,
and better adaptation to large datasets, offers a significant advantage. The DL models such as convolutional
neural network (CNN) [10], [11] and recurrent neural network (RNN) [12]-{15] have been successfully applied
to stock price forecasting. Fathali ef al. [16] applied CNN and RNN to predict the stock trends. Satria [17]
investigated RNN, long short-term memory (LSTM), and gated recurrent unit (GRU) models for predicting
banking stock prices. Mootha et al. [18] focused on predicting future values of a stock using Bidirectional
LSTM (BiLSTM) based Seq2Seq modeling. The model significantly outperformed existing algorithms.

Recently, new hybrid DL approaches [19]-[21] have shown promise in forecasting stock data.
Aldhyani and Alzahrani [22] introduced CNN-LSTM approach to forecast the closing price using two years'
worth of data. Chen et al. [23] introduced a model which combining CNN-BIiLSTM-ECA (efficient channel
attention) for forecasting stock data. Experiments reveal that their model overcame existing methods. Wang
[24] proposed BILSTM-MTRAN-TCN model for stock price forecasting. It demonstrates better performance
on each index stock compared to other existing methods, achieving the highest R2 score in 85.7% of the
stock dataset.

In this research, we introduce a new model that applies Transformer and BiLSTM architectures.
BiLSTM is well-known to capture bidirectional dependencies in stock data, processing information from
both the past and future to understand the local temporal structure more effectively. By integrating BiLSTM
with a Transformer, our model capitalizes on both short-term sequential processing and long-term contextual
understanding. Through experimental analysis, we aim to understand these models' efficacy in processing the
complex time sequences in stock price changes and their capability to forecast future prices with increased
precision and reliability.

2. PROPOSED METHOD
2.1. LSTM and BiLSTM models for stock price forecasting

Recurrent neural network (RNN) is effective for sequence data but have difficulty learning long-range
dependencies. LSTM models were developed to overcome these limitations by reducing the vanishing gradient
problem [9]. Figure 1 shows the structure of a LSTM unit, which is used for processing information. A typical
LSTM consists of four main components: a memory cell, an input gate, an output gate, and a forget gate.

The memory cell equally values past and future information, ensuring that both are stored
effectively. The input and output gates facilitate the unit's ability to maintain information over long periods.
Specifically, the input gate determines whether new information should be added into the memory cell.
Conversely, the output gate decides which portions of the memory contribute to the output. Meanwhile, the
forget gate is responsible for deciding which pieces of information are to be retained and which are to be
discarded. The LSTM model benefits from aggregating contexts from both past and future to produce
outputs, thereby providing more comprehensive information to adjacent elements. The forward and backward
LSTMs can be combined into a single network, termed a BiLSTM [25]. This network is designed to exploit
information in both directions [23], [26].
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Figure 1. Illustration of a basic LSTM unit [9]

2.2. Overview of Transformer model

The Transformer model was developed for sequence-to-sequence tasks [27], [28]. It stands out from
traditional RNN models by incorporating a self-attention mechanism. This feature enables the model to focus
on distinct parts of the input while generating outputs. Transformers can learn relationships across various
parts in the input, significantly enhancing their ability to manage long-range dependencies. The overall
architecture of a Transformer is shown in Figure 2.
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The encoder, described on left side of the Transformer architecture in Figure 2, essentially maps an
input sequence into a series of continuous representations. These representations are passed on to the
decoder. The decoder, described on right side of the architecture, takes in the encoder's output along with its
own output from the previous timestep, to generate an output sequence. Transformers use multi-head self-
attention to overcome CNN and LSTM limitations by evaluating input relationships and capturing long-term
dependencies.

2.3. Hybrid model for stock price forecasting

The attention mechanism has been integrated with CNN-LSTM architectures [21], [23], [29], [30]
to improve stock price prediction accuracy, but sequential processing in LSTMs restricts parallelization and
becomes inefficient for long sequences. Transformers overcome these drawbacks by efficiently modeling
complex patterns and long-term dependencies. To leverage the strengths of both architectures, our proposed
hybrid model integrates multi-head attention, Conv1D, and Bidirectional LSTM layers, combining the local
feature extraction with the temporal modeling and the global dependency modeling. Table 1 shows proposed
hybrid model architecture for stock price forecasting using Keras framework.
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Figure 2. The Transformer architecture [31]

Table 1. Our model architecture for stock price forecasting using the Keras framework

Layer (type) Output shape
input_layer (InputLayer) (None, 10, 1)
layer normalization (LayerNormalization) (None, 10, 1)
multi_head attention (MultiHeadAttention) (None, 10, 1)
dropout 1 (Dropout) (None, 10, 1)
add (Add) (None, 10, 1)
layer normalization 1 (LayerNormalization) (None, 10, 1)
convld (ConvlD) (None, 10, 55)
bidirectional (Bidirectional) (None, 10, 110)
dropout_2 (Dropout) (None, 10, 110)
add 1 (Add) (None, 10, 110)
global average poolingld (GlobalAveragePooling1D) (None, 10)
dense (Dense) (None, 256)
dropout 3 (Dropout) (None, 256)
dense 1 (Dense) (None, 1)
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In our model, multi-head attention and layer normalization are applied at the input stage to identify
global dependencies in stock data sequences. The Conv1D layer then captures local temporal patterns and
short-term fluctuations in price movements. Following this, a BILSTM layer processes the sequential data in
both forward and backward directions, enabling the model to learn from both past and future time steps.
Dropout layers are added to prevent overfitting, while Add layers establish residual connections that stabilize
training and preserve important learned features. The output from the BiLSTM is passed through a global
average pooling layer to reduce dimensionality. Finally, two Dense layers perform the regression task.
Overall, our hybrid configuration allows the model to effectively capture short-term dependencies through
convolutional and recurrent layers and long-term relationships through self-attention mechanisms. The
integration of Transformer with BiLSTM and CNN components leads to improved prediction performance
and robustness in stock price forecasting.

3.  RESULTS AND DISCUSSION
3.1. Data collection and pre-processing

We investigate performance of our method for predicting stock prices by using a dataset at Yahoo
website (https://finance.yahoo.com/) [25]. The dataset includes ten leading companies — Alphabet Inc.,
Amazon, Apple, Baidu, Intel, Microsoft, Netflix, NVIDIA, Tencent and Tesla — chosen for their strong
market impact and volatility. Each dataset spans from January 3, 2012, to December 24, 2020, with 2,261
samples. Table 2 presents the statistical analysis of closing prices of various stock indices. From Table 2, we
realized that Amazon has the highest average price and volatility, while Intel is the most stable with the
lowest average price and standard deviation. Tesla and NVIDIA also show relatively high standard
deviations (31.55 and 32.78, respectively) compared to their means, indicating high volatility and significant
price fluctuations. Companies like Baidu and Microsoft show medians close to their respective means,
indicating a more symmetric distribution of daily prices. More established companies like Intel and
Microsoft, while still showing growth, demonstrate greater stability. The diverse behaviors of these stocks,
from high volatility to stability, make them suitable for modeling stock price predictions. This value is
commonly utilized to determine whether a transaction resulted in a profit or loss. Moreover, it provides
critical information for investors. Therefore, we use closing price as forecasting target.

In our experiments, the dataset was split into 80% for training and 20% for testing, while 20% of
training data was further used for validation. Before implementing the prediction method, preprocessing is
essential. To decrease disparities and inconsistencies in the data and enhance the accuracy of our forecasting
system, data normalization is employed. We utilize the MinMaxScaler method to scale data values into the
[0, 1] interval.

Table 2. Statistical description of closing price of various stock indices over the study period

. Daily

Stock index Mean SD Median Min Max
Apple 38.64 24.13 29.77 13.94 134.17
Amazon 1009.20 822.86 726.72 17592 3531.44
NVIDIA 29.75 32.78 11.88 2.84 145.61
Tesla 23.05 31.55 15.81 1.51 231.66
Netflix 172.78 148.49  109.95 7.68 556.54

Tencent 29.04 19.01 22.69 3.99 80.83
Microsoft 77.95 52.06 55.66 26.37 231.64

Intel 37.43 11.63 34.86 19.36 68.47

Alphabet Inc. 40.89 18.51 37.58 13.92 91.39
Baidu 165.43 46.97 166.22 83.58 284.07

SD: standard deviation

3.2. Experiment setup

Choosing an appropriate time step presents significant challenges in time series forecasting. A too
small timestep can cause large deviations and excessively high computation cost, overlooking impact of
global market factors. Conversely, a large time step may introduce high volatility, reducing the accuracy of
predictions. Based on experiments, we utilize a time step of 10. It incorporates a 60-head multi-head attention
mechanism, a 55-unit Bi-LSTM layer, and one Transformer blocks. A dense layer with 256 rectified linear
unit (ReLU) units and a dropout rate of 0.3 is applied before the final linear output layer. During the training
process, learning rate was set to 0.0001. The network is trained using the backpropagation algorithm with the
Adam optimizer, a batch size of 20, and 100 epochs. Loss function is calculated by MSE loss. Model

An enhancement of stock price forecasting based on hybrid ... (Pham Hoang Vuong)


https://finance.yahoo.com/

1302 O3 ISSN: 2088-8708

accuracy was assessed using root mean square error (RMSE), mean absolute error (MAE), and mean absolute
percentage error (MAPE) as performance metrics.

3.3. Results analysis

In this section, the well-known forecasting models, and our hybrid model in stock price forecasting
are evaluated. We explore the performance of these models on ten stock price indices. Table 3 compares the
performance of the models on the stock datasets. Our model’s accuracy varies across different stocks,
reflecting each stock’s unique volatility and market behavior.

Table 3. Performance of different approaches across ten stock indices

Model
Measures  \RIMA LSTM CNN+LSTM _ CRNN-+Attention _ Transformer _Our model
Apple (AAPL)
RMSE 0.064 0.031 0.033 0.024 0.021 0.022
MAE 0.044 0.024 0.023 0.017 0.014 0.014
MAPE 4.488 2.471 2.327 1.705 1.482 1.422
Amazon (AMZN)
RMSE 0.037 0.024 0.037 0.024 0.017 0.026
MAE 0.026 0.018 0.027 0.017 0.012 0.018
MAPE 2.635 1.873 2.704 1.702 1.293 1.814
NVIDIA (NVDA)
RMSE 0.045 0.033 0.052 0.068 0.019 0.021
MAE 0.032 0.022 0.036 0.044 0.013 0.014
MAPE 3.224 2.275 3.693 4.469 1.354 1.445
Tesla (TSLA)
RMSE 0.234 0.023 0.032 0.021 0.018 0.018
MAE 0.131 0.013 0.023 0.014 0.010 0.010
MAPE 1.319 1.338 2.395 1.412 1.097 0.999
Netflix (NFLX)
RMSE 0.034 0.041 0.038 0.037 0.035 0.035
MAE 0.025 0.029 0.028 0.027 0.024 0.024
MAPE 2.517 2913 2.827 2.761 2.429 2.434
Tencent (TCEHY)
RMSE 0.035 0.034 0.035 0.033 0.039 0.030
MAE 0.027 0.025 0.026 0.024 0.023 0.021
MAPE 2.774 2.503 2.634 2.484 2.396 2.189
Microsoft (MSFT)
RMSE 0.054 0.038 0.033 0.032 0.031 0.031
MAE 0.037 0.026 0.023 0.022 0.021 0.020
MAPE 3.733 2.689 2.331 2.216 2.109 2.058
Intel (INTC)
RMSE 0.068 0.062 0.068 0.070 0.059 0.059
MAE 0.046 0.039 0.044 0.042 0.037 0.036
MAPE 4.693 3912 4.444 4.224 3.750 3.601
Alphabet Inc. (GOOG)
RMSE 0.039 0.039 0.037 0.036 0.034 0.034
MAE 0.028 0.027 0.027 0.026 0.022 0.022
MAPE 2.834 2.778 2.721 2.609 2.279 2.268
Baidu (BIDU)
RMSE 0.026 0.034 0.038 0.034 0.030 0.031
MAE 0.018 0.022 0.025 0.023 0.020 0.021
MAPE 1.815 2.253 2.542 2.359 2.048 2.068

As shown in Table 3, AAPL and AMZN achieve the highest accuracy with the lowest RMSE, MAE,
and MAPE values. TSLA also performs well with low error rates, while NVDA, MSFT, and BIDU show
moderate errors. In contrast, NFLX, TCEHY, GOOG, and especially INTC obtain higher errors across all
metrics, indicating greater prediction difficulty. Figure 3 compares actual and predicted stock prices across
multiple companies, revealing our model’s forecasting performance. For AAPL and MSFT as shown in
Figures 3(a) and 3(g), predictions closely follow actual trends, reflecting strong performance with stable
stocks. AMZN and GOOG, as shown in Figures 3(b) and 3(i), also show accurate trend capture, with slight
lag during rapid price increase. The model captures long-term patterns but struggles in highly volatile cases
such as NVDA and TSLA as shown in Figures 3(c) and 3(d). NFLX, INTC and BIDU, as shown in
Figures 3(e), 3(h) and 3(j), achieve moderate accuracy, while TCEHY as shown in Figure 3(f) predictions
occasionally diverge yet still capture overall trends.
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Furthermore, we evaluate the performance of our method in comparison to other well-known models
in predicting market prices as shown in Table 3. Different models, including ARIMA [4], [9], LSTM [13],
[32], CNN+ LSTM [19], [29], CRNN+Attention [23], [29], [30], Transformer [33], [34], and proposed
hybrid model, have been evaluated on ten stock price datasets. First, we consider that classical ARIMA
model generally obtains higher error rates across all datasets. The ARIMA results reflect its limitations in
capturing nonlinear dynamics of stock data. Its effectiveness is limited, particularly in financial time series,
which often present nonlinear and non-stationary characteristics [32], [35].
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Figure 3. Results of stock price forecasting of proposed approach on ten stock data (a) AAPL, (b) AMZN,
(c) NVDA, (d) TSLA, (e) NFLX, (f) TCEHY, (g) MSFT, (h) INTC, (i) GOOG, and (j) BIDU

The results in Table 3 indicate that deep learning models outperform the ARIMA on several
datasets. Specifically, LSTM model demonstrates better performance compared to ARIMA, indicating their
capability to model stock data with long-term dependencies. While combining convolutional layers with
recurrent layers, CNN+LSTM model can capture temporal and sequential dependencies in time Serie data
[19], [20]. They can outperform LSTM models alone. The CRNN+Attention has led to enhanced
performance of the prediction model. Additionally, Transformer models often outperform other approaches,
demonstrating their ability to capture complex dependencies using multi-head attention. Our proposed hybrid
model consistently yields the best performance across most datasets. The significant performance of our
hybrid model indicates a promising area for future research.

3.4. Research limitations
The most significant drawback of our work is the high computational time. The ARIMA model is
the fastest method and does not require GPU computing. Deep learning approaches use GPU computing,
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resulting in increased computation cost [36]. The incorporation of the BiLSTM layer adds to the complexity
and computational expense of the model, making real-time forecasting challenging. Additionally, finding
optimal parameters for each stock dataset proved difficult, as variations in market behavior demand distinct
configurations. Furthermore, relying only on historical data for predicting future values makes it challenging
to address sudden changes, which vary different stocks during periods of high volatility or unexpected market
events. Therefore, integrating external data sources like news sentiment or other market indicators, could
enhance adaptability to real-world volatility.

4. CONCLUSION

In this study, we introduced a hybrid model for stock price forecasting that integrates BiLSTM into
the feed-forward layer of Transformer model, we addressed limitations in capturing local and long-range
temporal dependencies in stock prices. The model takes advantage of BILSTM’s strength in sequential data
processing and the Transformer’s self-attention mechanism, which allows for global context understanding.
Our experiments show that the model consistently overcame baseline approaches, delivering better accuracy
in forecasting stock prices across most datasets. Future work will aim to optimize the model for real-time use
and enhance its predictive accuracy by integrating multivariate forecasting methods and incorporating
additional data sources, including market sentiment and economic indicators.
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