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Abstract: Accurate prediction of short-term and long-term trends in financial markets remains a
challenging task due to the complexity and noise characteristics of financial time series. To address the
limitations of existing methods that often produce biased prediction results, this paper proposes a financial
market trend prediction approach based on machine learning techniques. Financial data are collected at fixed
time intervals to construct time series sequences. Wavelet analysis is employed to preprocess the financial
time series, effectively removing noise while preserving the essential characteristics of the original data.
Subsequently, a long short-term memory (LSTM) neural network is utilized to learn temporal dependencies
within the processed data and establish a financial market prediction model. Experimental results
demonstrate that the proposed method can effectively suppress noise, smooth the original data, and achieve
high prediction accuracy in both short-term and long-term trend forecasting.
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1. Introduction

With the rapid development of the financial industry, increasing integration with the international financial
system has been achieved. Financial market trends exhibit frequent fluctuations and high complexity, which
can lead to significant economic volatility and directly affect investors, national economies, and even the
global economic system. Therefore, it is of great importance to conduct in-depth analysis of financial market
trends and to investigate effective methods for financial market trend prediction.

Currently, widely adopted trend prediction approaches include methods based on multi-dimensional
interactive verification [1] and methods based on multi-category feature systems [2]. The former analyzes
market trends from multiple dimensions such as investor psychology and behavioral characteristics, and
constructs multi-dimensional decision tree models to achieve trend prediction. However, this type of method
is mainly suitable for short-term trend forecasting, and its prediction accuracy decreases significantly when
applied to long-term trend prediction. The latter approach inputs multiple categories of financial market
features into neural networks for training, thereby realizing trend prediction. Nevertheless, this method often
neglects the noise inherent in financial data, which leads to excessive fitting of noisy data during neural
network training. As a result, the generalization capability of the prediction model is degraded, and large
deviations may occur in prediction results.

To address the above issues, this paper proposes a financial market trend prediction method based on
machine learning algorithms. For financial time series data, wavelet analysis is first employed to perform



noise reduction, effectively suppressing noise components while preserving essential information. On this
basis, a long short-term memory neural network is adopted to accurately predict financial market trends.

2. Related Work

Recent advances in machine learning have significantly improved the modeling of financial time series,
particularly in addressing the challenges posed by nonlinearity, noise, and temporal dependencies. Among the
preprocessing techniques, wavelet analysis has proven effective in denoising financial data while retaining
essential features, thereby enhancing model robustness and reducing overfitting [3]. Convolutional and
recurrent neural networks have been widely used to extract both spatial and temporal characteristics from
financial sequences [4], and the integration of such architectures with wavelet-preprocessed data further
improves predictive performance [5].

Attention mechanisms have become an integral part of deep learning in financial prediction tasks. Attention-
based models can dynamically allocate focus across time steps in time series data, which is particularly useful
in capturing key indicators for systemic risk forecasting and anomaly detection [6][7]. Additionally, causal
graph modeling has been employed to enhance the interpretability and trustworthiness of predictive systems
in finance [8], especially when aligned with regulatory or audit requirements. The emergence of large
language models (LLMs) has further expanded the methodological toolkit for financial applications.

Knowledge-augmented LLMs have been explored for explainable financial decision-making, enabling
models to reason based on structured and unstructured financial data [9]. Explainable representation learning
within LLMs also supports finer sentiment and opinion classification, which is crucial for capturing market
sentiment from textual sources [10]. Moreover, self-supervised learning approaches have shown promise in
fraud detection scenarios where labeled data are scarce and imbalanced [11].

Uncertainty quantification and risk awareness in deep models contribute to more robust summarization and
reasoning in financial tasks, especially when models must operate under ambiguity or incomplete information
[12]. Reinforcement learning has also been adopted to optimize portfolio strategies and resource allocations
in dynamic financial environments. Multi-agent frameworks and adaptive risk control mechanisms enable
intelligent and responsive decision-making under evolving market conditions [13][14].

Even outside traditional financial applications, intelligent agent collaboration and scheduling mechanisms,
such as those used in cloud-native or microservice environments, offer transferable insights for modeling
complex, interdependent systems like financial markets [15][16]. Transformer-based deep learning
frameworks originally developed for clinical or user modeling tasks demonstrate strong generalization and
can be effectively adapted for financial risk modeling [17].

Further, Q-learning and neural scheduling methods have proven effective in optimizing workflow pipelines
and can be repurposed to enhance trading strategies and financial process automation [18]. Graph neural
networks, although applied in diverse domains such as human-computer interaction or natural language
classification, contribute valuable architectural strategies for structured financial data representation [19][20].
Advances in modular fine-tuning and parameter-efficient adaptation strategies also offer practical benefits for
scaling predictive models across various financial tasks [21].

Finally, sparse retrieval techniques combined with deep language modeling enhance fact verification
capabilities in financial textual analysis, ensuring the accuracy and reliability of automated systems
interpreting complex financial documents [22].



3. Financial Market Trend Prediction Method Based on Machine Learning Algorithms
3.1 Construction of Financial Data Time Series

Financial data constitute a type of time series characterized by nonlinearity, nonstationarity, and high noise.
The construction of a financial data time series is performed by sampling financial data at fixed time intervals
and arranging the observed samples sequentially according to temporal order [23]. By treating financial
observations collected at different time instants as a continuous sequence, a time-ordered dataset can be
formed for subsequent modeling and analysis. Based on this time series representation, a convolutional long
short-term memory neural network is employed to construct the prediction model within a machine learning
framework, where the financial data sequence is used as the model input to accomplish financial market trend
prediction [24].

3.2 Wavelet Analysis

Financial time series are highly susceptible to external factors and therefore inevitably contain noise, which
leads to pronounced nonlinear characteristics. Although long short-term memory neural networks are capable
of handling nonlinear data, directly inputting noisy financial data may cause excessive fitting to noise during
training, thereby degrading the generalization capability of the prediction model and reducing prediction
accuracy [25]. Wavelet analysis enables multiscale signal decomposition through operations such as scaling
and translation, allowing data characteristics to be analyzed at different resolutions. This approach can
effectively suppress noise while preserving essential features of the original financial data, thus reducing
computational complexity and prediction time [26].

To alleviate the impact of noise interference on the prediction model and improve final prediction accuracy,
wavelet decomposition and reconstruction are applied as a preprocessing step before financial market trend
prediction. Through wavelet-based denoising, high-frequency noise components embedded in financial time
series can be removed, while the main trend information is retained. To further reduce prediction time, the
wavelet decomposition process separates the data into low-frequency components that describe the overall
trend and high-frequency components that reflect short-term random fluctuations. The low-frequency
components can be further decomposed iteratively, as illustrated in Figure 1 [27]. By reconstructing the
signal after suppressing high-frequency coefficients, noise can be efficiently eliminated and a smoothed
approximation of the original data can be obtained. This process helps prevent overlearning caused by
external disturbances and enhances the extrapolation capability of the prediction model.

Figure 1. Illustration of the wavelet decomposition process

3.3 Construction of a Prediction Model Based on Convolutional Long Short-Term Memory Neural
Networks

In conventional long short-term memory neural networks, the hidden layers are fully connected, which is
effective for mapping language and textual data into trainable vector spaces but does not provide optimal



representations for numerical data. Convolutional long short-term memory neural networks address this
limitation by replacing fully connected operations with convolutional operations, enabling more effective
representation and learning of numerical data. Therefore, a convolutional long short-term memory neural
network is adopted in this study to construct the financial market trend prediction model. Within the proposed
model, the wavelet-denoised financial time series, together with historical statistical features such as moving
averages over different time horizons, are jointly used as input. This design enables the model to capture both
temporal dependencies and spatial correlations in financial data.

The unit state update process of the convolutional long short-term memory neural network is defined as
follows:
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where 1 £ ft , and 0, denote the input gate, forget gate, and output gate at time step t, respectively,
C,represents the cell state, and H ,denotes the hidden state. The functions o and tanh are the sigmoid and

hyperbolic tangent activation functions, respectively. The operator * denotes convolution, and W and
brepresent convolution kernels and bias terms.

Based on the extracted temporal and spatial features, the convolutional long short-term memory neural
network completes financial market trend prediction. Parameter sharing achieved through convolution
operations is a key factor contributing to model generalization. However, due to the heterogeneous nature of
financial trading data, which include multiple feature types such as opening price, closing price, upper limit,
lower limit, and trading volume, conventional two-dimensional convolution cannot be directly applied. To
address this issue, a one-dimensional convolution optimization strategy is adopted. In this approach,
convolutional operations are performed along the temporal dimension while maintaining consistent channel
alignment across different feature types, thereby ensuring effective parameter sharing. During model
construction, the data frame size remains unchanged throughout convolution. The resulting hidden state is
subsequently flattened into a vector and fed into subsequent classification layers to produce the final
prediction results.

4. Application Case Study and Experimental Evaluation

The purpose of the application experiments is to evaluate the practical effectiveness of the proposed
machine learning—based financial market trend prediction method in real-world financial market forecasting
tasks. A representative financial market index is selected as the research object. The initial data required for
the application experiments are obtained from a publicly available financial information platform. The
collected historical data are divided into two parts: one part is used as the training set to determine the
parameters of the prediction model, while the other part is used as the test set to evaluate the predictive
capability of the model. Based on the collected data, the proposed method is applied to predict the financial
market trends of the research object, and the corresponding experimental results are presented below.



4.1 Indicator Selection and Parameter Determination

Based on relevant literature and the collected initial financial data, the closing price, opening price, highest
price, lowest price, 5-day average trading volume, 10-day average trading volume, 30-day average trading
volume, exponential moving average, stochastic indicator, and relative strength index are selected as feature
input vectors. These ten indicators are used to extract deep feature representations that influence financial
market trend variations, thereby enabling financial market trend prediction for the research object.

In the prediction model, the selection of the activation function plays an important role in enabling the model
to learn nonlinear characteristics inherent in financial data and significantly affects the training process.
Therefore, the LeakyReLLU function is adopted as the activation function in this study. The main advantage of
this function lies in its relatively fast convergence speed, which can improve prediction efficiency. During the
model training process, the RMSprop algorithm is selected as the optimization algorithm. In addition, based
on the setting of penalty terms, the dropout strategy is employed to randomly remove a portion of hidden
units, thereby preventing the prediction model from suffering from overfitting.

4.2 Application Test of Wavelet Analysis

Based on the collected initial financial data of the research object, an initial closing price time series is
constructed. The wavelet analysis method proposed in this study is applied to decompose the initial closing
price time series into four levels, and the reconstructed closing price time series is obtained accordingly,
which improves the generalization ability of the subsequent prediction model. Figure 2 illustrates the
comparison between the trend of the initial closing price and the trend of the reconstructed closing price after
wavelet processing.
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Figure 2. Trends of the original closing price and the reconstructed closing price

From the analysis of Figure 2, it can be observed that the wavelet analysis method effectively reconstructs the
initial closing price time series, expands the data storage space, and reduces the time required to smooth the
original data, thereby achieving effective noise suppression. At the same time, the reconstructed time series
preserves the approximate characteristics of the original data to the greatest extent. These results demonstrate
that performing trend prediction based on the reconstructed closing price time series is effective.

4.4 Prediction Performance Evaluation

Using the proposed prediction model, closing price trend prediction is conducted based on both the original
closing price time series and the reconstructed closing price time series obtained through wavelet analysis.
The predicted results are compared with the actual trend variations, and the corresponding results are
illustrated in Figure 3.
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Figure 3. Prediction results of the proposed method

From the analysis of Figure 3, it can be observed that, within the training set, the proposed model achieves
relatively accurate prediction results when trained on both the original closing price time series and the
reconstructed closing price time series. The experimental results indicate that the proposed method can
effectively perform trend prediction. Moreover, reconstructing the financial time series using wavelet
analysis enhances the generalization capability of the prediction model, leading to improved prediction
accuracy.

4.5 Comparison of Prediction Performance

To further evaluate the prediction performance of the proposed method, the trend prediction method based on
multi-dimensional interactive verification described in [1] and the trend prediction method based on multi-
category feature systems presented in [2] are selected as comparison methods. The mean absolute error

M and the Theil inequality coefficient T are adopted as evaluation metrics to compare the prediction
performance of the proposed method and the comparison methods, thereby further validating the predictive
capability of the proposed approach. The calculation formulas of the two metrics are given as follows:
i
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where Yf and YZ denote the predicted value and the actual value, respectively. The value range of T is

[0 7], and a smaller value indicates a higher degree of agreement between the predicted value and the actual

value, corresponding to higher prediction accuracy. The value range of Mis also [ 7], and a smaller value
indicates higher prediction accuracy.
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Figure 4. Comparison results of prediction performance

From the analysis of Figure 4(a), it can be observed that in short-term trend prediction, the differences among
the evaluation metrics of the three methods are not significant. The proposed method exhibits slightly better
prediction performance than the two comparison methods, while the method described in [2] yields the
highest evaluation metric values, indicating the lowest prediction accuracy in short-term trend prediction.

From the analysis of Figure 4(b), it can be observed that in long-term trend prediction, the evaluation metric
values of all three methods exhibit varying degrees of increase. Among them, the proposed method shows the
smallest increase in evaluation metric values, whereas the method described in [1] exhibits the largest
increase, which is significantly higher than that of the method described in [2]. This indicates that the method
in [1] achieves the lowest overall prediction accuracy in long-term trend prediction.

Comprehensive analysis demonstrates that the proposed method achieves relatively high prediction accuracy
and is applicable to trend prediction tasks across different time horizons.

5. Conclusion

Accurate prediction of financial market trends can assist investors in making appropriate decisions and
contribute to the stability of financial markets. In this paper, a financial market trend prediction method
based on machine learning algorithms is proposed. Through application experiments, the practical
effectiveness of the proposed method is verified. The experimental results demonstrate that introducing
machine learning algorithms into financial market trend prediction research is both feasible and effective.
The findings of this study provide meaningful reference value for further research in the field of financial
market trend prediction.
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