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Abstract. Stock price prediction has always been a topic of great concern in the financial field, and
it has important practical significance for investment decision-making and market supervision.The
CEEMDAN-Lasso-BO-Transformer model constructed in this paper obtains features through
Complementary Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN),
screens key features using the Least absolute shrinkage and selection operator (Lasso), builds the
model with Transformer, and tunes hyperparameters through Bayesian Optimization (BO), thus
finally completing feature engineering and model optimization.Experiments show that the
CEEMDAN-Lasso-BO-Transformer model constructed this time has a fitting degree as high as
98.7%, and its indicators such as MAE, MAPE, and RMSE are the best. It successfully predicts the
trend of SSE stock prices from April to June 2025. Simulated trading shows that the Sharpe ratio of
this model reaches 0.75, with the most stable profit, which can provide more accurate decision-
making support for investors.
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1. Introduction

1.1 Research Background

As a "barometer" of economic operation, the fluctuations of stock prices are the result of the
intertwined effects of multiple factors such as the macro-economy, the globalization pattern, and
technological revolutions. Macroeconomic indicators directly affect enterprises' profit expectations
and market liquidity [1]. Globalization has intensified the linkage of international markets and
profoundly changed the performance of the stock market [2]. Technological revolutions have
reshaped the pricing logic of the stock market and promoted structural adjustments in the market.
Under multiple challenges such as the intensification of aging and technological disruptions,
traditional methods struggle to capture complex dependencies, while the combination of machine-
learning tools with high-frequency data analysis has become a key strategy for dealing with complex
market environments and capturing structural opportunities.

1.2 Research Significance

The study of stock prices can help us understand market efficiency and reflect the market's
expectations of a company's financial situation and the macro-economic environment. For investors,
it is helpful for making more accurate investment decisions, avoiding risks, and achieving asset
diversification. In addition, it can provide a reference for policymakers, as well as for market
efficiency evaluation and risk management. Meanwhile, it reveals the promoting effect of investors'
sentiment [3] and social psychology on prices.
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1.3 Research Status

1.3.1 Research Status of Modal Decomposition

Empirical Mode Decomposition (EMD) and Ensemble Empirical Mode Decomposition (EEMD)
are commonly-used methods for decomposing non-linear and non-stationary signals. However, both
have many deficiencies, especially in noise handling.

The CEEMDAN [1] method improves the noise removal mechanism by gradually eliminating the
influence of noise, effectively overcoming the noise interference in EMD and EEMD [4], and
significantly improving the accuracy and robustness of decomposition. It has achieved remarkable
results in fields such as financial market forecasting. For example, Diaa S. Metwally et al. [5] used
CEEMDAN to propose the CEEMDAN-SVR model, which performed excellently in indicators such
as RMSE and MAE, outperforming other traditional hybrid models.

1.3.2 Research Status of Feature Engineering

In the practical applications of machine learning and data mining, feature selection [6] can
significantly improve the accuracy of models, reduce overfitting, accelerate the training process, and
enhance the interpretability of models. Among them, Lasso selects features through L1 regularization,
reduces overfitting, and can significantly improve the interpretability of models [7].

1.3.3 Research Status of Transformer

Based on the self-attention mechanism, Transformer can efficiently capture the dependencies
between different positions in a sequence, overcoming the limitations of traditional recurrent neural
networks and LSTM models when dealing with long sequences. In recent years, it has increasingly
demonstrated powerful advantages in time-series forecasting. For example, Hao Jianlong [8], Liu
Zhibin, etc. proposed a stock trend prediction framework based on an improved Transformer dynamic
hypergraph convolutional neural network. Experimental results show that this model demonstrates
significant advantages in prediction performance compared with existing advanced models.

1.3.4 Research Status of Bayesian Optimization

As an efficient global optimization method, Bayesian optimization [9] is widely used in deep
learning. Since it can efficiently explore the hyperparameter space and is applicable to high-
dimensional complex problems, it has become the core method for modern hyperparameter
optimization.

1.4 Research Content

In this study, by using the data of the Shanghai Composite 50, through CEEMDAN decomposition
[10], Lasso feature screening, Transformer modeling and BO tuning, a prediction model is
constructed to verify its superiority in stock price prediction. The aim is to provide accurate and
reliable stock market price prediction through various methods, so as to help investors make more
accurate decisions.

2. Theoretical Basis of the Model
2.1 CEEMDAN

CEEMDAN is a signal decomposition method based on the Fourier transform, used to handle
adaptive non-linear and non-stationary signals [11]. It analyzes non-linear data by introducing EMD
and decomposes complex signals into multiple Intrinsic Mode Function (IMF) signals and a residual
signal. Suppose the data sequence is expressed as s (1), the general steps of EMD are as follows [12]:

(1) Calculate the extreme values of the original sequence s (¢);

(2) Use the local minimum and maximum values as interpolation points for curve interpolation to
obtain the required upper and lower envelope curves, expressed as S (¢) and S, (¢);
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(3) Calculate the average value of the two envelope curves, denoted as f, (¢):

£(0)= S (t);—Smin ()

(1

(4) Calculatem, (r)=s(t)- f,(¢). If m,(¢) belongs to the first-order IMF of m, (¢), then proceed

to step (5); otherwise, move to the next step.
(5) Consider m, (r) as a new sequence, and repeat steps 1 to 4 until the Standard Deviation (SD)

drops below a specified threshold. At this point, m, (¢) represents the first-order IMF of s (). The

calculation of SD is as follows:

& m (1) -m, (1)
b= tZ:O: ml?—l (t) (2)

(6) After obtaining the first-order IMF, the remaining data is:
¢ (1)=s(t)-IMF (1) 3)

(7) By considering the datac, () as the original sequence and repeating this process, successively
derive IMF (2),...,IMF (n) and the residual component r(¢) according to steps 1 to 6. Finally, the
restored signal is:

s(t)=2." IMF (i)+r() (4)

Although EMD has achieved remarkable results in signal processing, it still has the problem of
mixed modes in practical applications. To address this issue, CEEMDAN emerged. It not only
reduces the impact of mode mixing but also overcomes the problem that Gaussian white noise cannot
be completely eliminated [13].

The implementation process of the CEEMDAN algorithm in this paper is as follows [14].
Let E  represent the m-th IMF component after performing EMD decomposition on the

sequence, &, represent the noise coefficient added to the input sequence by CEEMDAN at the m-th
stage, and ¢, (¢) be the m-th IMF component generated by CEEMDAN:

(1) Add Gaussian white noise N times to the original signal s () to construct a total of N pre-

processed sequences s, (¢), where 1= L2,...N.

s, (1)=s(1)+¢&,6,(1) (5)

(2) Perform EMD decomposition on all pre-processed sequences s, (¢) to obtain the first IMF
component ¢/ () . Take the average value as the first IMF component ¢ (7) obtained by
CEEMDAN decomposition, and at the same time, obtain the first residual sequence r (¢), as shown

below respectively.
- (6)

(3) Similarly, add Gaussian white noise to the residual sequence r (¢) to construct N new

sequences Vl(f)+5151(5n (t)) . After performing EMD decomposition on these N sequences,
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calculate the average value to obtain the second IMF component ¢, (¢), and then find the difference

to get r, (¢) . By analogy, the m-th residual is shown in the following formula:
rm (Z) = m-1 (t)_ cm (t) (7)
(4) Perform N times of EMD decomposition on r, (¢)+ ¢, E,, (5n (z)) , and then the (m +1)- th
IMF sequence after CEEMDAN decomposition can be obtained, as shown below:

cus(1) =y ZE (1 (1) 42,5, (5, (0) ®

(5) Repeat the above steps until the decomposition stops. The final residual sequence is shown in
the following formula:

M
R(1)=s(1)=>c,(?) 9)
m=1
Finally, the expression of the signal sequence s(¢) after CEEMDAN decomposition can be

summarized as follows.

S(t)zR(t)+gcm(t) (10)

The algorithm flow chart of CEEMDAN is shown in Figure 1.
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Figure 1 Algorithm Flow Chart of CEEMDAN

2.2 Lasso

Linear regression has long been widely used as a simple and effective prediction method in many
fields such as economics and physics. However, with the development of data, traditional linear
regression can no longer adapt and show good application results, often resulting in overfitting. To
address this issue, this study employs Lasso regression analysis, which has unique advantages in
variable selection and model construction [15], and can obtain a sparse linear model in a high-
dimensional variable space. By introducing an L1 regularization term, it promotes the sparsification

397



Advances in Economics and Management Research ICBES 2025
ISSN:2790-1661 Volume-14-(2025)

of certain coefficients of the model, thus achieving automatic feature selection. The linear regression
model is defined as [16]:

P
y[:a[+2ﬁ’jxy. (11)
j=1

where x; is the predictor variable and y, is its corresponding response variable. We assume that

each observation is independent and the predictor variables are standardized. Then the Lasso
regression is described as:

B,assa =arg min{“Y— Xﬁ”2 + /IZ‘,B]‘} (12)

The first half of the right-hand side of the equation is a least-squares term, and the second half is
an added penalty term. Here, 4 is a non-negative regularization parameter, and 1 is a set
hyperparameter. As 1 increases, Lasso shrinks the coefficients to 0 and finally selects an
appropriate A . The steps of the Lasso algorithm in this study are as follows:

Input: IMF features after CEEMDAN modal decomposition and original features.

Output: Relatively important features (original features + IMF) selected after Lasso regression
analysis.

Step 1: Data preprocessing to ensure that the input data meets the standardization steps.

Step 2: Use the Lasso training model to calculate the solution path: a) Select an appropriate
regularization parameter and conduct model training; b) After training, assign corresponding
coefficients to each feature value to complete the feature value evaluation; ¢) Rank the importance of
features according to the absolute value of the coefficients;

2.3 Transformer

The Transformer model was initially designed for natural language processing tasks and marks an
important turning point in the field of natural language processing [17]. In addition, due to its unique
architecture, Transformer has also achieved remarkable results in image classification, object
recognition, and other fields. In this study, the Transformer model will be used and improved for
time-series prediction. Time-series prediction relies on the unique self-attention mechanism of
Transformer, which enables the model to be more efficient and flexible when processing sequential
data [18]. Below, taking a single encoder as an example, the self-attention mechanism and application
of the Transformer model in this paper will be mainly introduced.

The self-attention mechanism is the core advantage of Transformer. The difference from the
attention mechanism lies in that both the query and the key of the self-attention mechanism come
from the same set of elements. They complete attention aggregation among each other, capture the
relationships between different time points in the sequence, thereby establishing global dependencies.
By expanding the receptive field, more context information is obtained. The processing process of a
single encoder is as follows. Given the input x!), the self-attention mechanism receives three inputs:

query, key, and value, as shown in the following formula:

I I
Q( ) _ xE))WgSl)
KOl @
) — xg)WV(/)

1) Al Al . . . . .
where Wg),W,((),W,ﬁ) are their respective weight matrices. Then, calculate their scaled dot-

product to obtain the attention scores. The formula is as follows:
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o ( KO )T
Jd

where soft max () is used for the normalization of the dot-product calculation, and the scaling

Attention"”) (Q(l),K(l), V(l)) = soft max y (14)

ratio \d is used to prevent softmax( ) from saturating when the gradient is extremely

small. / represents the layer index in the Transformer model. The architecture diagram of the self-
attention mechanism is shown in Figure 2:

Q K \Y%
Figure 2 Architecture Diagram of Self-attention Mechanism

The calculation formula for multi-head attention is as follows [19].:
! .1 / / i
headﬁ) = Attention" (Q() KVt ))

J2T
(15)
MultiHead Attention"” (Q(l),K 0, V(l)) = Concat(headl(l),..., headg))

The architecture diagram is shown in Figure 3.:
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Figure 3 Architecture Diagram of Multi-head Attention

After passing through the encoder, the output of x!!) is expressed by the following formula:
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xil) = LayerNorm(xg) + Multi Head Attention"” (xg)))

xgl) = LayerNorm(xgl) + FFN (xf,l) )) (16)

FFN(xgl)) = max(O,xil)W1 +b1)VI/2 +b,

Finally, we use a flatten layer and a linear layer to project x, and then combine them as the final
multi-variable time-series prediction result. The formula is as follows:

Y =w, (ﬂatten (xff) )) +b,

(17)
Y= concatenate(y(l), ey y(k))

where 3 € R™*7 M represents the number of variables, T represents the prediction step size,

and Y represents the prediction result.

2.4 Bayesian Optimization

Hyperparameter optimization is a crucial step in the development of machine-learning models. In
recent years, Bayesian optimization has gained importance as an effective hyperparameter
optimization method due to its ability to efficiently explore the hyperparameter space [20]. The
Bayesian optimization algorithm is based on Bayes' theorem. It can update its estimate of the
objective function when new data is continuously observed, and adjust the selection of the next
hyperparameter accordingly. It can obtain a global optimal solution at a relatively low cost and
complete hyperparameter optimization [21].

In this study, we will use Bayesian optimization to optimize the Transformer model, including the
number of heads in the multi-head attention mechanism, the number of layers in the Transformer
encoder, the learning rate of the Adam optimizer, etc. The steps are as follows:

(1) Set the objective function 1 (6);

(2) Select a prior distribution ¢ for the hyperparameter p(6);

(3) Randomly select n points {6,,6,,...,6,} in the search space, evaluate these points, and use the

results as the initial dataset D = {(Q,f (‘9, ))}; ;

(4) Define the mean function m (@) and the covariance function k (6,6") to construct a Gaussian

process model;
(5) Construct the acquisition function g (6 ), with the formula as follows:

a(0)=E| f(0)~f(6..)16] (18)

where 6, ., is the current optimal hyperparameter.

best

(6) Use the acquisition function to select the next evaluation point & evaluate the objective

new 2

function at the selected point, and add the result to the dataset, D, =D u{(@new, f (Gnew))}, then

new

update the Gaussian process model with the new data.

(7) Repeat steps 5-6 until the stopping condition is met, that is, the improvement of the objective
function is no longer significant.

(8) Select the hyperparameter that optimizes the objective function from all the evaluated points,
with the formula as follows:

0" =argmin,_, 1 (6) (19)
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2.5 Chapter Summary

This chapter covers the algorithms used in the research and their improvements. The algorithms
selected for stock prediction are: CEEMDAN algorithm, Lasso regression analysis algorithm,
Transformer model, and BO algorithm. The self-attention mechanism of the Transformer makes it
suitable for time-series prediction. This chapter details the principles and calculation steps of each
method, and the comparison of the actual prediction results of the Transformer optimized by BO will
be discussed in subsequent chapters.

3. Introduction to Data, Evaluation Indicators, and Feature Engineering

3.1 Data Introduction

The stock price prediction dataset used in this paper is sourced from the Shanghai Composite 50,
which includes information such as opening prices, closing prices, highest prices, lowest prices, and
trading volumes. The specific data structure is shown in Table 1. To ensure data integrity, missing
values were first imputed, and the data was sorted. Eventually, a complete stock dataset was
constructed. This dataset covers stock prices from December 1990 to March 2025, containing a total
of 8361 records. This paper aims to predict the stock prices in May 2025, helping investors make
more accurate investment decisions amidst the influence of multiple factors such as policy games,
technological progress, and geopolitics.

Table 1 Data Definition
Stock Indicator Meaning
The price of the first stock transaction

Opening Price (Open) after the market opens on a trading day
Closing Price (Close) The price of t};etrlz(sl‘g If;oggytransactlon on
Highest Price (High) The highest price at which stocks are

traded on a trading day
The lowest price at which stocks are
traded on a trading day
The total number of individual stock buy-
Trading Volume (Volume) sell transactions in the stock trading
market within a unit of time

Lowest Price (Low)

3.2 Feature Engineering

In the field of stock price prediction, the features related to a single trading day often have
limitations. If these features are used directly, it is highly likely that the model will have a sub-optimal
fitting effect. To effectively solve this problem, feature engineering constructs a feature system highly
compatible with stock price prediction through careful design, improving the prediction accuracy of
the model. To ensure that different features have the same scale, we normalized the data, scaling the
feature values to a unified range between 0 and 1, thus avoiding the adverse effects on model training
caused by some features having too large or too small value ranges. The calculation formula is:

Y- X, —mln(.Xl,) 20)
" max(X,)-min(X,)

where X; represents the i-th sample value in the original dataset.

In the stock price prediction task, to improve the prediction accuracy, it is crucial to retain high-
value indicators and eliminate low-correlation indicators. We innovatively adopt a method combining
CEEMDAN and LASSO. With the help of CEEMDAN, the stock price series is effectively
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decomposed to explore intrinsic features, and then LASSO is used to screen and model the indicators,
accurately capturing key factors to achieve more accurate stock price prediction. First, we use the
sliding window method to construct input-output samples. The time window size is set to 10, that is,
each time we use the feature data of the past 10 time steps to predict the closing price of the next time
step. By continuously sliding this window through the entire dataset, a series of input-output pairs are
generated. Then CEEMDAN is used to decompose the closing price, decomposing it into 10 Intrinsic
Mode Functions. The decomposition result is shown in Figure 4 below.
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Figure 4 Decomposition Results of CEEMDAN

Figure 4 shows 10 IMF components, labeled IMF1-IMF10 from top to bottom. Each IMF
component is presented in the form of a time series, where the horizontal axis represents time and the
vertical axis represents the values of the corresponding IMF component at different time points.
Among these IMF components, the high-frequency IMFs (IMF1-IMF4) fluctuate frequently and
violently, representing the high-frequency detailed components in the signal, and mainly reflecting
the short-term violent fluctuations of stock prices. The high-frequency IMFs contain rapid changes
and noise during fluctuations, which helps traders capture the instantaneous changes in the market
and identify short-term buying and selling signals or trend turning points. In contrast, the low-
frequency IMFs (IMF7-IMF10) fluctuate more slowly and smoothly, reflecting the long-term trend
of stock market prices. The low-frequency IMFs help analyze the long-term direction of the stock
market by shaping the overall contour of the market during the signal reconstruction process.

Then, we organize the IMF components obtained from the CEEMDAN decomposition together
with the original financial market data such as opening prices, lowest prices, and highest prices into
a feature matrix. Each row represents a sample at a time point, and each column corresponds to a
feature. This feature matrix is fed into the LASSO model as input. Through training on the input
feature matrix, the LASSO model will output the coefficients corresponding to each feature. The
absolute values of these coefficients reflect the importance of each feature in the model. The
importance of each feature is shown in Figure 5 below.
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Feature Importance Bar Chart
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Figure 5 Bar Chart of Feature Importance

As can be seen from Figure 5, the importance values of different features vary significantly. The
importance value of "IMF10" is the highest, reaching 566.77, while that of "turnover" is the lowest,
at 1.94. Through calculation, the median of feature importance is 107.18. We screened out the features
whose importance values are greater than the median. Finally, "opening price", "lowest price",
"highest price", and "IMF7", "IMF8", "IMF9", "IMF10" were selected as key features. These key
features will be used for subsequent model training and analysis.

In terms of data division, we divided the dataset according to a ratio of 8:2. This 8:2 division can
effectively prevent the model from overly relying on the noise in the training data and reduce the risk
of overfitting. The first 80% of the data, consisting of 7100 data points from 1990 to 2019, was used
for model training and optimization verification. The remaining 20% of the data, from 2020 to March
2025, was used for model testing and validation, as shown in Table 2

Table 2 Data Characteristics for Model Building

Dataset Data Time Period Number of Samples
Training Data 1990-December 31, 2019 7100
Testing Data 2020-March 19, 2025 1261

To visually present the changing characteristics of the closing price in different time periods, we
drew the following line chart for closing price analysis, as shown in Figure 6.

Closing price analysis
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Figure 6 Changing Characteristics of Closing Prices
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In Figure 6, the blue line represents the training data, and the orange line represents the testing
data. The vertical dashed line in the figure divides the data into training data and testing data. During
the period of the training data, the closing price as a whole showed a trend of slow upward fluctuation
at first. Around 2008 and 2016, the price rose sharply and then dropped significantly and continued
to fluctuate. The testing data followed the later-stage trend of the training data, fluctuating within a
relatively stable range without the extreme large-scale rises and falls seen in the training data.

3.3 Model Performance Evaluation Indicators

To accurately evaluate the prediction performance of the model for stock prices, we introduced
reasonable evaluation indicators. With the help of these indicators, we can well judge the performance
level of the model. The descriptions and calculation formulas of the evaluation indicators used in the
experiment are as follows:

MSE: This method is used to evaluate the fitting degree of the model. It calculates the average of
the squared differences between the predicted values and the true values. The smaller the MSE, the
better the model fits.

MSE:lZ()A’i'yi)z (21)
i=1

MAE: It evaluates the accuracy of the model by calculating the average of the absolute errors
between the predicted values and the true values. The smaller the MAE, the better the model fits.

JA’i 'y[| (22)

1 n
MAE==Y"
nig
RMSE: RMSE is the square root of MSE and has the same unit as the original data, making it more
interpretable. The smaller the RMSE, the better the model fits.

1 n R
RMSE = ,/;z (Bi-») (23)
i=1

MAPE: MAPE measures the percentage of the prediction error relative to the actual value,
enabling comparison of data of different scales. The smaller the MAPE, the better the model fits.

100% <[5, - | (24)
no o | Yi
where y, refers to the actual stock price at the i-th time point, y, refers to the predicted stock price

MAPE =

at the i-th time point, and 7 is the total number of stock price data points.

4. Stock Financial Analysis Based on CEEMDAN-Lasso-BO-Transformer
Model

In this paper, CEEMDAN, Lasso, BO, and Transformer are combined to establish a stock financial
analysis and prediction model based on the CEEMDAN-Lasso-BO-Transformer model. The
CEEMDAN decomposition technique is used to obtain features, Lasso regression analysis is used to
screen features, which are then applied to the Transformer model for training. BO is used to optimize
the parameters of the Transformer model to further fit and predict stocks. At the same time, a ablation
experiment was carried out, systematically removing or replacing different components of the model
to explore the specific roles of each algorithm in the model and the prediction performance of each
model. In addition, LSTM was introduced to fit and predict stocks, and its results were compared
with those of the model established in this study.
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4.1 Empirical Analysis Based on CEEMDAN-Lasso-BO-Transformer Model

4.1.1 Basic Statistical Analysis

Calculate basic indicators such as the mean and standard deviation for the prediction results output
by each prediction model, and draw a basic statistical analysis table (Table 3). By analyzing the data
in Table 3, we can intuitively understand the central tendency and degree of dispersion of the
prediction results of each model.

Table 3 Basic Statistical Analysis Table

Indicator Mean Stagdqrd Minimum Median Maximum
Deviation

Actual Prices 3139.27 271.34 2464.36 3137.10 3715.37

LSTM 3226.30 310.34 2465.91 3222.49 3932.08

Transformer 3211.04 291.59 2515.33 3194.05 3814.69

BO-Transformer 3199.67 281.66 2499.10 3201.78 3854.35

CEEMDAN-BO- 5, 56 65 270.76 2437.37 3156.18 3721.98
Transformer
CEEMDAN-

Lasso-BO- 3112.27 270.79 2433.09 3113.11 3691.67
Transformer

In this paper, the Transformer model and the LSTM model in deep learning are introduced.
Through a comparative experiment, one of them is selected as the basic prediction model for this
study. As can be seen from Table 3, the mean values of both models are generally higher than the
mean value of the actual prices. The mean value of the Transformer model is lower than that of the
LSTM model, indicating that the prediction results of the former are closer to the actual values. In
terms of standard deviation, the standard deviation of the Transformer model is 291.59, which is
significantly lower than that of the LSTM model, indicating that the Transformer model has better
stability.

Considering the above factors, this paper selects the Transformer model as the basic prediction
model, and this will be further confirmed in the subsequent analysis of this paper. Among the models
that improve the Transformer model, the mean values of the BO-Transformer, CEEMDAN-BO-
Transformer, and CEEMDAN-Lasso-BO-Transformer models show a downward trend. The mean
value of the CEEMDAN-Lasso-BO-Transformer model is closest to the mean value of the actual
prices, indicating that this model performs better in predicting the overall level of stock prices. In
terms of standard deviation, the CEEMDAN-Lasso-BO-Transformer model maintains a relatively
low value among all the prediction models, with a value of only 270.79, showing small fluctuations
and better stability.

4.1.2 Trend and Error Analysis

Analyzing the stock price trend is of great guiding significance for investors to make investment
decisions. This study will compare the LSTM, Transformer, and three improved Transformer models.
By combining the evaluation index table of each model (Table 4) and the analysis chart of the actual
price trend and prediction errors of each model (Figure 7), the performance of the models will be
evaluated in depth.

Table 4 Evaluation Index Table of Each Model

Model MAE MSE RMSE MAPE

LSTM 89.580 10800.093  103.924 2.78%

Transformer 78.729 9340.338 96.645 2.49%
BO-Transformer 60.723 4880.830 69.863 1.93%
CEEMDAN-BO-Transformer 32.386 1939.156 44.036 1.04%
CEEMDAN-Lasso-BO-Transformer 28.588 978.359 31.279 0.91%
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Judging from the evaluation indicators in Table 4, the fitting degree of the LSTM model is
relatively low, only 85.3%. Its MAE, MAPE, and RMSE values are relatively large. The MAE,
MAPE, and RMSE of the Transformer model are 78.729, 2.49%, and 96.645 respectively, which are
12.11%, 10.43%, and 7.00% lower than those of the LSTM model respectively, showing obvious
advantages. Therefore, the Transformer model is finally selected as the basic prediction model.

The BO-Transformer model introduces BO optimization based on the Transformer model.
Compared with the Transformer model, its MAE, MAPE, and RMSE have improved by 22.87%,
22.49%, and 27.71% respectively.

Continuing with the ablation experiment, the CEEMDAN decomposition algorithm is introduced.
Compared with the BO-Transformer model, the MAE, MAPE, and RMSE of this model have
improved by 46.66%, 46.11%, and 36.97% respectively.

Then the Lasso regression algorithm is introduced to construct the CEEMDAN-Lasso-BO-
Transformer model. Its MAE, MAPE, and RMSE are 28.588, 0.91%, and 31.279 respectively, which
are 11.72%, 12.20%, and 28.97% higher than those of the CEEMDAN-BO-Transformer model
respectively.

In order to show the overall trend of the evaluation indicators, a 3D bar chart of the evaluation
indicators of each model is drawn. Through the 3D bar chart, the differences of different models in
multiple evaluation indicators can be visually compared, as shown in Figure 7.

N MAPE
e MAE

I MSE

I RMSE

Figure 7 3D Bar Chart of Evaluation Indicators for Each Model
It can be clearly observed from Figure 7 that in terms of key evaluation indicators such as MAE,
MSE, RMSE, and MAPE, the values of these indicators show a decreasing trend from the LSTM
model to the CEEMDAN-Lasso-BO-Transformer model, fully demonstrating the superiority of the
CEEMDAN-Lasso-BO-Transformer model in stock price prediction.
In order to better observe the fitting effect between the prediction results of each model and the
actual price, a line chart of the actual price trend of the Shanghai Composite 50, the fitting results of
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each model, and a local enlarged analysis is drawn, as shown in Figure 8. The prediction accuracy of

the model is evaluated from both the overall trend and local details.
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Figure 8 Actual Price Trend of Shanghai Composite 50, Fitting Results of Each Model and Local

Enlarged Analysis

As can be seen from Figure 8, the CEEMDAN-Lasso-BO-Transformer model performs most
prominently with a higher degree of fitting. The trend and error chart of the prediction results and
actual prices of the CEEMDAN-Lasso-BO-Transformer model is drawn separately, as shown in

Figure 9.
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Figure 9 Actual Price Trend and Prediction Error Analysis of CEEMDAN-Lasso-BO-Transformer

Model

As can be seen from Figure 9, the curve of the actual price almost completely coincides with that
of the prediction results of the CEEMDAN-Lasso-BO-Transformer model in terms of trend,
indicating that the model has a good fitting effect. In the error analysis, the error line fluctuates near
the 0 value with small fluctuations, further indicating that the model has high prediction accuracy.

Through the above-mentioned ablation experiment verification, the prediction model based on
CEEMDAN-Lasso-BO-Transformer established in this study can more accurately reflect price
changes in both the upward and downward phases of the market, verifying the superiority and

accuracy of this model in predicting stock price time series.
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4.1.3 Model Optimization Analysis

This study records the hyperparameters after Bayesian optimization and other related information.
In the BO-optimized model parameter table (Table 5), the Value value is used to measure the quality
of the model. The smaller the Value value, the better the model performs.
Table 5 Optimized Hyperparameters of Each Model and Corresponding Value Table

Model BO-Transformer CEEMDAN-BO- CEEMDAN-Lasso-BO-
Transformer Transformer
d model 32 64 128
nhead 2 2 2
num_layers 1 2 2
Ir 0.0000143 0.0006528 0.0000506
Value 0.0000941 0.0003290 0.0000725

It can be seen from Table 5 that the Value value of the CEEMDAN-Lasso-BO-Transformer model
is the smallest, only 0.0000725, which is far smaller than that of the other two improved models. This
indicates that its comprehensive performance after model optimization is the best. Combined with the
analysis results in the previous text, it further verifies the superiority of the CEEMDAN-Lasso-BO-
Transformer model among numerous models. Therefore, the CEEMDAN-Lasso-BO-Transformer
model is finally selected in this study.

4.2 Model Result Analysis

Through the above experiments, the stability and superior performance of the CEEMDAN-Lasso-
BO-Transformer model constructed in this paper in stock prediction have been verified. In this section,
the CEEMDAN-Lasso-BO-Transformer model is used to predict the stock prices in April, May and
June 2025, and the prediction results are shown in Table 6.

Table 6 Predictions of Stock Prices in the Next Three Months by the CEEMDAN-Lasso-BO-

Transformer Model

Time April May June
Year 2025 3266.14 3243.19 3267.30
As can be seen from Table 4, the stock price trend of the Shanghai Composite Index in the next
three months is fluctuating. For short-term investors, they can buy at a low price in May and sell at a
high price in June. However, the stock market is complex and changeable, and corresponding
countermeasures should be taken in advance.

4.3 Simulated Trading

In the previous text, the excellent prediction effect and stability of the constructed CEEMDAN-
Lasso-BO-Transformer model in predicting the stock price sequence have been verified. However, a
good prediction accuracy of the model in stock price prediction does not necessarily mean that good
returns can be achieved or risks can be reduced in actual investment transactions. Therefore, a
simulated trading experiment is carried out in this section to verify the effect of the model strategy in
actual applications. Two methods are designed for this simulated trading: one is the holding and
selling strategy; the other is the strategy based on the CEEMDAN-Lasso-BO-Transformer model.

The Sharpe ratio is selected as the evaluation index of the trading strategy in the simulated trading
experiment. The larger the Sharpe ratio is, the higher the return of the strategy is. A simulated trading
experiment is carried out on the Shanghai Composite Index test set, and the results are shown in Table
7 as follows.

Table 7 Simulated Trading Results under Different Trading Strategies

Stock Investment Strategy Sharpe Ratio
Shanghai Composite CEEMDAN-Lasso- BO-Transformer 0.75
Index BO-Transformer 0.57
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CEEMDAN-BO-Transformer 0.63
Transformer 0.51
LSTM 0.42
Holding-and-Selling Strategy -0.03

As can be seen from the data in the table, the CEEMDAN-Lasso-BO-Transformer model has the
highest Sharpe ratio of 0.75. This fully verifies that the CEEMDAN-Lasso-BO-Transformer model,
as an investment strategy, can achieve relatively high and stable returns in stock market investment.

5. Conclusions and Prospects

5.1 Conclusions

This paper started with the selection of a basic prediction model. Through experimental
verification, the Transformer model was ultimately chosen as the basic model. To further enhance the
prediction performance of the Transformer model, the CEEMDAN and Lasso algorithms, which have
obvious advantages in processing feature data, were introduced into the Transformer model, and the
BO algorithm was added for hyperparameter tuning. Finally, the CEEMDAN-Lasso-BO-Transformer
model was constructed. Through the integration of multiple techniques, this model has demonstrated
excellent performance in stock price prediction. It has the highest Sharpe ratio in simulated trading
experiments, enabling it to bring relatively high and stable returns, and can provide accurate decision-
making support for investors.

5.2 Research Prospects

The research work of this thesis is based on the CEEMDAN-Lasso-BO-Transformer model. Using
this model to predict the stock prices of the Shanghai Stock Exchange has confirmed the feasibility
and effectiveness of this method. In the future, multi-market tests will be expanded, and more factors
such as sentiment indicators will be incorporated to improve the practicality and performance of the
model.
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