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Abstract: Stock price forecasting is considered one of the most difficult tasks in financial forecasting.

Combining ARIMA with neural networks helps to enhance the model’s predictive capabilities when dealing
with complex, nonlinear time series data. Attention-based CNN-LSTM and XGBoost hybrid model achieves
the accuracy of stock prediction results. However, the predictive effect of this hybrid model has only been
confirmed by Chinese stock market data. Therefore, this paper proposes to use ARIMA with Attention-based
CNN-LSTM and XGBoost hybrid model to predict the stock price of five different types of companies in the
US stock market. Experimental results show that this hybrid model performs well in the training phase and

has small prediction errors. However, during the testing phase, the model performs better in predicting stocks

with larger price fluctuations, while the prediction error for stocks with more stable prices increases
significantly. This shows that this hybrid model has good predictive ability when dealing with stocks with
large market fluctuations, but it still needs further optimization for stable stocks. This study further
demonstrates the potential of this hybrid model in stock price prediction, especially during market fluctuations,

as it can be used as an effective tool to avoid risks and obtain returns.

1. Introduction

Due to the complexity of the stock market, stock price
prediction is considered one of the most difficult tasks in
financial forecasting123. With the rapid development of
financial markets and the increasing complexity of stock
price movements, there is a growing need for more
complex predictive models. In the past three decades,
countless price prediction methods have been extensively
studied. Most early studies used econometric models to
predict stocks price, such as autoregressive integrated
moving average 6(ARIMA). However, this model has
strong assumptions about the data that cannot always be
satisfied, and it is often difficult to satisfy and consider the
impact of other factors on stock price fluctuations22.
Therefore, in later studies, researchers have identified
predicting stocks on nonlinear and non-stationary
financial time series as one of the most challenging tasksS5.
Although several mathematical models have been
developed, the results are still often unsatisfactory4.

In recent years, with the advancement of artificial
intelligence, the application of neural networks in stock
market prediction has garnered significant attention.
Neural networks have the ability to model complex
nonlinear relationships and learn from large datasets,
providing a powerful tool for predicting stock prices.
These models, including Recurrent Neural Networks13
(RNNs) and Long Short-Term Memory 12(LSTM)

networks, are particularly effective in capturing temporal
dependencies in stock price data.

Additionally, hybrid models that combine traditional
statistical methods with neural networks, such as the
Attention-based CNN-LSTM-XGBoost 17hybrid model,
have shown promise in improving prediction accuracy by
leveraging the strengths of multiple approaches. The
integration of attention mechanisms19 further enhances
these models, allowing them to focus on important
features in the data. Furthermore, incorporating ensemble
learning methods such as XGBoost 18enhances the
robustness and accuracy of stock price predictions. And
the combination of these complex models can help people
better understand and predict the highly dynamic and
complex behavior of the stock market and achieve
reliability and accuracy of prediction results.

2. Literature review

The autoregressive integrated moving average (ARIMA)
model is one of the most important and traditional time
series models.  Although ARIMA models are quite
flexible as they can represent several different types of
time series, namely pure autoregressive (AR), pure
moving average (MA) and combined AR and MA
(ARMA) series, their main limitation is the pre-assumed
linear form of the model. That is, it is assumed that there
is a linear correlation structure between time series values,
and therefore, ARIMA model cannot capture nonlinear
patterns7. In recent years, with the continuous
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development of artificial intelligence and intelligent
algorithms, more and more artificial intelligence methods
are widely used in financial markets. The most typical
artificial intelligence method among them is neural
network with strong nonlinear generalization ability. For
the above reasons, combining ARIMA with neural
networks is a common and effective practice to enhance
the predictive capabilities of the model when dealing with
complex and nonlinear time series data.

With the development of deep neural networks,
attention mechanism has been widely used in various
application fields8.It simulates human attention, that
human can focus on useful information and ignore useless
information9.Since CNN10mainly relies on convolution
operations and can usually only capture local spatial
features, introducing the attention mechanism to this
model can improve the performance and expressiveness
of the model. And Attention-based Convolutional Neural
Networks (ACNN) are widely used in sequence
modeling1115.

Long Short-Term Memory (LSTM) model is the most
commonly used model in RNN. Although LSTM can
handle long-term sequence data, it is still an RNN
structure, which lacks extraction of global information14
and may still encounter challenges on particularly long
sequences. Combining ACNN and LSTM is a self-
attention-based sequence-to-sequence (seq2seq) 16
model for encoding and decoding sequential data. This
model not only can solve long-term dependency problem
in LSTM, allowing better modeling of long sequences, but
also make the architecture more flexible and robust, since
ACNN can capture local and global communication,
while LSTM can capture specific long-distance
communication that fits the structure of LSTM itself 17.

XGBoost is a scalable end-to-end tree boosting
system18 that be widely used for stock price prediction
because of its robustness, flexibility and high prediction
performance. Based on the above model, this article uses
a new hybrid deep learning model called Attention-based
CNN-LSTM and XGBoost hybrid model (AttCLX) to
predict stocks. Based on the results of Shi and Hu (2022)
using this model to predict the price of Bank of China in
the Chinese stock market, it is shown that this hybrid
model is beneficial to helping institutions or investors
achieve the purpose of avoiding risks and expanding
returns. And in the experiment, they used the ARIMA
model in the preprocessing stage of the data, which made
the prediction results more accurate. However, Shi and Hu
(2022) only used Bank of China’s stock in the Chinese
stock market in their article. In summary, due to the good
performance of the ARMIA with Attention-based CNN-
LSTM and XGBoost hybrid model and differences
between the Chinese and American stock markets, this
article will explore the predictive effect of ARMIA with
Attention-based CNN-LSTM and XGBoost hybrid model
on the US stock market.

3. Materials and methods

3.1. ARIMA

Classical stock forecasting methods are based on
ARMAG6(Auto Regressive Moving Average) model and
ARIMA (Auto Regressive Integrated Moving Average)
model. An ARMA (p, q) mode.

p

q
St = Qg + Z ;iS¢ + W + Z bth—i ) (1)
i=1 i=1

where a, b are parameters, w is noise. ARMA model
can be used when sequences;.y is stationary, which
means

E[s.] = Constant. 2
Cov(s;, s¢_y) = Constant. 3)

wheret=1,2,...,Nandk=1, 2, ..., t.

When the sequence is non-stationary, ARIMA (p, q, d)
applies a d-order differencing to it. In stock forecasting,
the first-order difference x;.y = Sy.n(i.e.x; = s, —
Sk—1) is generally regarded as a stationary sequence.

3.2. Deep learning on sequential data

In basic feed-forward neural network (FFNN), the output
at the current moment o, is determined only by the input
at the current moment i; , which inhibits the ability of the
FFNN to model time-series data. In recurrent neural
network (RNN), a delay is used to save the latent state
from the previous moment h;_4, then the latent state at the
current moment h; is influenced by both h;_; and i;.
RNNs can lead to errors due to vanishing or exploding
gradients during backpropagation through time, which
makes it difficult to learn long-term dependencies12.
Human can selectively remember information, and the
LSTM (long short-term memory) model mimics this
through gated activation functions, allowing it to
selectively remember new information and forget old
information.

Sequence-to-sequence (seq2seq) model uses an
encoder-decoder architecture for analyzing sequential
data, which enhances the LSTM's ability to learn hidden
information from noisy data. In seq2seq, the encoder
LSTM encodes the inputs into a context (usually the
hidden state at the last step hy ), then the context is
decoded by the decoder. In the decoder, the output from
the previous moment becomes the input for the next
moment.

The seq2seq model uses beam search 21 to optimize
the decoding sequence. Both beam search and Viterbi
algorithm in hidden Markov model (HMM) are based on
dynamic programming. In HMM, solving the optimal
estimate of the current state based on observations and
previous states is called decoding or inference. Solving
p(xelyik) and  p(xgly,.n) respectively, which is
equivalent to the forward-backward algorithm in HMM.
The optimal bidirectional estimation can be achieved
through the distribution of x;, This is the probabilistic
perspective that proposes a bidirectional LSTM that
combines forward and backward?20.

3.3. Attention mechanism

Humans usually focus on salient information. Attention
mechanism is a deep learning technology based on the
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human cognitive system. It allows a model to focus on
specific parts of the input sequence when generating each
part of the output, improving the handling of long-range
dependencies in sequential data. For input X =
(x4, x5, ..., Xy ),given the query vector g, use attention z=1,
2, ..., N to describe the index of the selected information,
and then describe the distribution of attention

exp(s(x;, 9))

a;=pz=ilX,q) = )
0y exp (s(x;,q))
ie.
a; = softmax(s(x; q)) (5)
Here
T
() =~ ©)

is attention score through scaled dot product, d is the
dimension of input. Assume that the input key-value pairs
(K,V) = [(kl, V1), e, (kN_vN)] , for given ¢, attention
function.

B N B al exp(S(ki'CI))
att((K,V),q) = Z ;= ZW

Multi-head mechanism usually uses multi-query Q =
[q1,--,qu] for attention function computation.
att((K,V), Q) = (att((K,V), q1) || ||att((K, V), qu)).
Here, || denotes Concatenate operation. This is called
multi-head attention (MHA).

Attention mechanism can be employed to generate
data-driven different weights. Here, Q, K, V are all
obtained through linear transform of X, and
Wy, Wy, Wycan be dynamically adjusted.

Q = WoX,K = WX,V = W,X. (8)

V. (7)
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This is called self-attention. Similarly, output
hi = att((K, V)! ql) (9)
Hence

N N

h; = Zaijvj = Zsoftmax (s(k-,qi)) v, (10)
j=1 j=1

Adopting scaled dot product score, the output

H =V soft (KTQ> (11
=V softmax 77 )

4. experiment analysis

4.1. Data source

The names of these stocks are Microsoft Corporation
(MSFT), Johnson & Johnson (JNJ), JPMorgan Chase &
Co. (JPM), The Walt Disney Company (DIS) and Exxon
Mobil Corporation (XOM). The data is downloaded from
Yahoo (www.yahoo.com). The stock price data on Yahoo
is with public availability. The data is selected from the
data from July 16, 2019 to July 16, 2024, the data in one
day denotes a point of the sequence, and each stock
contains 1258 points. The data includes the stock's date,
opening price, highest price, lowest price, closing price,
adjusted close price and volume.

4.2. Experimental results

The prediction results of ARMIA with Attention-based
CNN-LSTM and XGBoost hybrid model for the stock
prices of MSFT, JNJ, IPM, XOM, and DIS are shown in
Figures 1, 2, 3, 4, and 5, respectively.
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Fig.1. The stock price prediction results of MSFT
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Fig.2. The stock price prediction results of JNJ
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Fig.3. The stock price prediction results of JPM
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Fig.4. The stock price prediction results of XOM
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Fig.5. The stock price prediction results of DIS

Based on the observation of the images of the above
experimental results, it can be concluded that ARIMA
with Attention-based CNN-LSTM and XGBoost hybrid
model has a good overall prediction effect during the
training period. However, during the test period, the
hybrid model has a poor prediction effect on stocks with
relatively stable growth, such as MSFT and JPM. And it
has a better prediction effect on stocks with obvious price
fluctuations, such as JNJ and DIS. This shows that the
hybrid model has good predictive ability when dealing
with stocks with large market fluctuations, but it still
needs further optimization for stable stocks.

The evaluation metrics are mean absolute error (MAE)
and mean squared error (MSE).

n

1Oy
MAE = —Z|Xt —X,| (12)
n
t=1

1w, 2
MSE = EZ(Xt ~ X)) (13)

t=1

Mean Squared Error (MSE) and Mean Absolute Error
(MAE) are two common metrics used to evaluate the
performance of predictive models, particularly in
regression tasks such as stock price prediction. MSE is the
average of the squares of the errors—that is, the average
squared difference between the estimated values and the
actual value. MAE is the average of the absolute errors—
that is, the average absolute difference between the
estimated values and the actual value.

Here, X, is the actual value, X, is the predicted value,
and n is the number of observations.

The training and testing indicators of five different
types of stocks are compared, as shown in Table 1 and
Table 2.

Table.1. Comparison of training indicators

Stock Name MSE MAE
MSFT 16.97 3.25
INJ 3.12 1.38
JPM 5.35 1.78
XOM 3.26 1.37
DIS 7.94 2.21
Table.2. Comparison of testing indicators
Stock Name MSE MAE
MSFT 2826.46 49.33
INJ 5.72 1.84
JPM 262.28 13.11
XOM 13.02 2.90
DIS 7.16 1.99
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From the training data shown in Table 1, the training
MSE and MAE values for all stocks are relatively low,
such as JNJ has the lowest MSE (3.12) and MAE (1.38),
indicating that the model fits the training data very well.
However, during testing, the MSE and MAE values
increase significantly, especially for MSFT and JPM. The
MSE of MSFT surged from 16.97 to 2826.46 during
training, and its MAE increased from 3.25 to 49.33, which
indicating a large gap between training and testing
performance. Stocks such as JNJ and DIS show relatively
consistent MSE and MAE values between training and
testing. For example, the MSE and MAE of DIS during
training are 7.94 and 2.21, and during testing they are 7.16
and 1.99, indicating that the model is robust in predicting
these stocks.

In summary, the hybrid model has better prediction
accuracy for JNJ and DIS stocks compared to other stocks
such as MSFT and JPM.

5. Conclusions

This paper experimentally verifies the prediction effect of
ARMIA with Attention-based CNN-LSTM and XGBoost
hybrid model in the US stock market. Experimental
results show that the mean square error (MSE) and mean
absolute error (MAE) of the model on the training data are
low, and the model fitting effect is good. However, the
error on the test data increase significantly, especially the
prediction effect for Microsoft (MSFT) and JPMorgan
Chase (JPM) stocks is poor, while the prediction effect for
Johnson & Johnson (JNJ) and Disney (DIS) stocks is
better. This shows that the hybrid model has good
robustness when dealing with stocks with large price
fluctuations, but still needs improvement on stocks with
relatively stable prices. Overall, ARMIA with Attention-
based CNN-LSTM and XGBoost hybrid model shows
good potential in stock price prediction, especially in the
case of large market fluctuations, and can be used as an
effective tool for institution or investor to avoid risks and
obtain returns. Since the hybrid model has a poor
prediction effect on stocks with relatively stable stock
prices, in future learning and research, the model can be
further optimized for these relatively stable stocks to
improve the robustness and prediction accuracy of the
model. In addition, the experimental data in this article
only select stocks of five different types of American
companies, the sample size is small, so it fails to fully
verify the universality and stability of the model. Besides,
this paper lacks comparative experiments with other
advanced prediction models, and it is impossible to fully
evaluate the advantages and disadvantages of the hybrid
model. Therefore, in future research, I will further explore
the differences between this model and other prediction
models and further improve the accuracy of the prediction
of this model.
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