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Abstract: As the influencing factors of the development of things are not clear or the data collection is difficult, many
forecasting problems have evolved into univariate time series forecasting problems, that is, mining its own inherent laws from
the past time series data, so as to predict its future development trend. The purpose of this study is to explore the feasibility of
using random forest classifier to predict the long-term trend of stocks. By analyzing data sets such as Apple, Samsung, and
General Electric, we built a random forest model and found that its prediction accuracy was 85 to 95 percent. With the
increase of the number of decision trees, the prediction results of the model tend to be stable, indicating that increasing the
number of decision trees can improve the prediction accuracy. In addition, we point out that the method is also suitable for
short-term trend forecasting, and suggest training with more fine-grained transaction data to improve forecasting accuracy.
Finally, we look forward to the potential of the field of artificial intelligence in time series forecasting, emphasizing that the
application of technologies such as deep learning will further improve forecasting accuracy and provide more reliable decision

support for financial investors.
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1 INTRODUCTION

Owing to its substantial return on investment, the
financial market garners significant attention from investors
and scholars alike, who seek to forecast the price trends of
financial products. However, the financial market is affected
by many complex factors such as market sentiment and
policy, which make its trend contain a lot of noise. The
earliest scholars used traditional statistical methods such as
ARIMA and other models to study the influence of various
factors on the price trend of financial products. However,
financial time series are mostly non-linear and unstable, and
the prediction performance of traditional models is not
satisfactory. Therefore, constructing a stable and effective
financial time series forecasting model is a challenging and
practical task.

Currently, financial time series forecasting methods
can be divided into measurement forecasting methods and
machine learning methods. [1]On one hand, econometric
forecasting methods include differential integrated moving
average autoregressive model (ARIMA), dynamic model
average (DMA), generalized autoregressive conditional
heteroscedasticity model (GARCH), etc. Zhu, Mengran, et
al. (2024) explore innovations in credit default prediction

through the utilization of ensemble methodology. Their
study investigates the efficacy of ensemble techniques,
specifically employing [2] LightGBM, XGBoost, and
LocalEnsemble algorithms. By integrating these advanced
machine learning models, the authors aim to enhance the
accuracy and reliability of credit default prediction systems.
Through their research, Zhu et al. contribute to the ongoing
development of predictive analytics in financial risk
management, offering valuable insights into the application
of ensemble methodologies for credit risk
assessment.However, econometric models have some
conditional restrictions on time series, requiring the
stationarity of time series, and their processing effect is poor
for nonlinear and non-stationary data. On the other hand,
common machine learning methods include support vector
machine (SVM), BP neural network (BPNN) [3], recurrent
neural network (RNN) [4], etc. Because these models do not
need to impose specific conditions when processing
complex nonlinear and non-stationary data, they offer more
advantages and have been widely used. Although machine
learning methods do not necessarily improve the prediction
accuracy of complex dynamic systems, they can often
extract detailed data information from nonlinear time series
data related to targeted financial markets, thus improving
prediction accuracy.
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2 RELATED WORK

Time Series is a set of data sorted by time, which is
equally spaced in time, such as every minute, every hour,
every month or every quarter. Starting from this concept, we
will find that the price data, trading volume data and yield
data of all financial products are typical time series data,
whether it is stocks, bonds, gold or bitcoin.

2.1 Time series forecasting

Time series prediction is the result of observing the
underlying process of time series data. Since time series data
is a variable with random process, the mining of time series
data by time series prediction is more adequate than the
regression analysis of random sampling of cross-section
data. The main feature of time series data is time sequence,
which is the natural carrier of various dynamic information.
Li, Zhenglin et al. (2024) propose a novel approach to
change detection utilizing Feature Manipulation for DDPM
(Density-Dependent Probabilistic Model). Their work,
outlined in the preprint "Feature Manipulation for DDPM
based Change Detection," introduces a methodological
framework that leverages the power of DDPMs to
effectively detect changes in various datasets. By integrating
feature manipulation techniques, the authors aim to enhance
the sensitivity and accuracy of change detection algorithms.
[5] This research contributes to advancing the field by
introducing innovative methodologies that hold promise for
improving the detection of changes in dynamic
environments.It can reflect the trend, periodicity and
hysteresis effect.From the perspective of probability
statistics, a time series is a sample realization of a set of
random variables at a series of moments.

According to whether the statistical characteristics of
the series change with time, it can be divided into non-
stationary series and stationary series. If the sequence is
stationary, it means that the correlation between the two
moments of the sequence remains stable. [6-7] As a result,
the future can be well predicted based on statistical patterns
presented by historical data. On the contrary, if the sequence
is non-stationary, it means that the correlation between the
two moments of the series is unstable, that is, the mining of
the influencing factors of the data is incorrect or insufficient,
and it is difficult to predict the future data.

One commonly used model for time series analysis is
Autoregressive Process, which refers to the regression of
variables to themselves. In a time series, this means that the
current value is linearly dependent on its past value, which
is similar to the logic of technical analysis. The p-order
autoregressive process is denoted as AR(p), and AR(p)
represents the current value as a linear combination of the
drift term constant C, the current error term (&) and the first
p values of the sequence (y;_p,). The formula is expressed as
follows:

Ye=C+01y_1 + ¢2yt—2+"'+®pyt—p£t 1)

For the first order autoregressive process, that is, AR
(1), the formula is:

Ve=C+01yiq+e& (2)

Where @ is the Root of the time series, its value is
related to an important concept in the time series -
Stationarity.

The properties of a stationary time series do not change
with the passage of time, that is, its mean, variance,
autocorrelation and other statistical values are not a function
of time.

Stationarity is the fundamental assumption of many
time series models, including AR and the more complex
ARMA, ARIMA, SARIMA, etc. These models can only be
used if the time series data passes the stationarity test,
otherwise the predictions of the models will not be reliable.

However, time series forecasting has changed
dramatically in the last two years, especially since the
advent of MAE Aiming, which now allows unsupervised
pre-training of models of time series using methods similar
to MAE.

The Makridakis M-Competitions series (known as the
M4 and M5 respectively) took place in 2018 and 2020
respectively [8] (the M6 also took place this year). The
recent Ventilator Pressure Prediction competition
demonstrated the importance of using deep learning
methods to tackle real-time time series challenges. The goal
of the competition is to predict the chronological order of
pressure in the mechanical lung. Each training instance is its
own time series, so the task is a multi-time series problem.
The winning team submitted a multi-layer deep architecture
that included an LSTM network and a Transformer block.

2.2 Financial time series

Due to the characteristics of noise and volatility in
finance, the prediction of financial time series is generally
considered to be one of the most challenging problems in
time series prediction (Wang, 2012). For the economic and
social organization of modern society, how to accurately
predict stock movements is still an open question. In the past
few decades, machine learning models such as artificial
neural networks (ANNSs) and support vector regression
(SVR)(Cherkassky, 1997) have been widely used to predict
financial time series and have achieved high prediction
accuracy, Huang et al. (2005)). However, in the literature,
recent trends in the machine learning and pattern recognition
communities argue that deep nonlinear topology should be
applied to time series prediction. As an improvement over
traditional machine learning models, new deep learning
models can successfully model complex real-world data by
extracting robust features of relevant information and
achieve better performance than before. Considering the
complexity of financial time series, combining deep learning
with financial market forecasting is considered to be one of
the most fascinating topics. However, this area remains
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relatively unexplored.

Some current work on the application of deep learning
to the financial field has introduced the first two methods
into research. For example, Ding et al. (2015) combined
neural tensor network and deep learning stochastic forest
time series prediction to predict the short - and long-term
impact of events on stock price trends. In addition, some
studies have used random forest time forecasting in financial
market forecasting. [9] However, there has been little in-
depth research on whether the stackable autoencoder
approach can be applied to financial market forecasting. RF
Random forest algorithm is an ensemble learning algorithm
that improves prediction accuracy by combining multiple
decision trees. In RF random forest algorithms, the training
data for each decision tree is randomly extracted from a
portion of the original data, which reduces the risk of
overfitting. The final prediction is the average of the
predictions of all decision trees.

When making stock price forecast, we need to collect
relevant data, including historical stock prices, company
financial statements, macroeconomic indicators and so on.
Therefore, this paper analyzes the time series prediction of
financial markets through the application status of the
stochastic forest time series prediction model based on deep
learning in financial markets and case experiments.

2.3 Random forest model

Random forest is a powerful ensemble learning method
for classification and regression tasks. [10] They belong to a
family of decision tree-based algorithms known for their
versatility, robustness, and ability to handle complex data.
Random forests combine predictions from multiple
independent decision trees to make more accurate and
robust predictions. The idea behind ensemble learning is that
by combining the results of multiple models, you can often
achieve better overall performance than a single model.

The heart of a random forest is a decision tree. A
decision tree is a supervised machine learning model that
makes decisions by subsetting input data based on specific
eigenvalues and creating a tree-like structure of decision
nodes. Random Forest employs a technique called Bootstrap
aggregating, or Bagging for short. Bagging involves creating
multiple random subsets (replacing) the original data set.

Each subset is used to train a separate decision tree.
[11] This process reduces variance and helps prevent
overfitting because each tree sees a slightly different version
of the data. In addition to using self-service samples,
random forests also introduce randomness by selecting only
a random subset of features on each node of the decision
tree. This helps with de-correlation and further improves the
robustness of the model.

Once all the individual decision trees have been
trained, they are then combined to make predictions. For the
classification task, each tree "votes" for one class, and the
class with the most votes becomes the final prediction.

The following is the schematic diagram of the random

forest principle:
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Figure 2. Random forest Decision tree architecture
diagram

According to the random forest decision tree in FIG. 2,
it can be seen that decision tree is a supervised learning
method (both eigenvalues and label data are given during
training, which is commonly understood as a given set of
data with both x and y). It is a tree-shaped structure in terms
of morphology, with each internal node representing a test
on an attribute and each branch representing a test output.
Each leaf node represents a category [12].

Random forest models have gained significant
popularity in the realm of financial markets due to their
robustness and effectiveness in handling complex data
structures like time series data, which are prevalent in
financial markets. These models offer several advantages
when it comes to predicting stock prices or market
movements.

Handling Non-linearity: Financial data often exhibit
non-linear relationships between various factors influencing
market movements. Random forest models are capable of
capturing these non-linearities efficiently, making them
suitable for predicting stock prices or market trends.
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Feature Importance: Random forest models provide
a mechanism to measure the importance of different features
in predicting stock prices [13]. This feature importance
analysis can offer valuable insights into which factors are
most influential in driving market movements, aiding
investors and analysts in making informed decisions.

Robustness to Overfitting: Overfitting is a common
challenge in building predictive models for financial
markets due to the noisy and high-dimensional nature of
financial data. Random forest models mitigate the risk of
overfitting by aggregating predictions from multiple
decision trees trained on different subsets of the data, thus
improving generalization performance.

Ensemble Learning: By combining predictions from
multiple decision trees, random forest models harness the
power of ensemble learning, which often leads to superior
predictive performance compared to individual models. This
ensemble approach helps in reducing variance and
improving the overall stability of predictions [14].

Adaptability to Time Series Data: Financial data,
such as stock prices, exhibit temporal dependencies, making
them inherently sequential in nature. Random forest models
can be adapted to handle time series data by incorporating
lagged variables or by using rolling window approaches,
enabling them to capture temporal patterns and dynamics in
the data.

2.4 Importance of Random Forests in Financial
Time Series

In financial time series analysis, random forest models
serve a pivotal role due to their capability to enhance
prediction accuracy. These models excel in capturing
intricate patterns and relationships inherent in financial time
series data. By leveraging historical data, random forest
algorithms can effectively forecast stock prices, market
indices, and other [15] financial metrics with greater
precision compared to traditional methods. This enhanced
accuracy empowers investors and financial institutions to
make more informed decisions regarding their investment
strategies, thus improving overall performance and
profitability.

Furthermore, random forest models significantly
contribute to risk management within the realm of finance.
By providing accurate forecasts of future market
movements, these models enable investors to anticipate
potential risks and adjust their portfolios accordingly. This
proactive approach to risk management allows investors to
mitigate potential losses and optimize their investment
strategies to align with their risk tolerance and financial
goals. Ultimately, the use of random forest models enhances
risk-adjusted returns and fosters greater stability within the
financial markets.

Additionally, random forest models play a vital role in
algorithmic trading systems, facilitating automated decision-

making processes based on predefined rules or strategies.
[16] These models can efficiently analyze large volumes of
historical data and swiftly make predictions, enabling
algorithmic traders to execute trades more effectively and
profitably. By leveraging the predictive power of random
forest algorithms, algorithmic traders can capitalize on
market opportunities and adapt to changing market
conditions in real-time, thus gaining a competitive edge in
the financial markets.

3 METHODOLOGY

Machine learning has become an important tool in
asset market analysis. However, among the many machine
learning algorithms, which algorithm can achieve better
prediction results is still a key question. In a study published
in the journal Applied Mathematical Finance, researchers
used a random forest algorithm to predict where stock prices
would rise or fall d days in the future.

Compared with support vector machine (SVM), linear
discriminant analysis (LDA) [17]and other models, it is
found that random forest can achieve better prediction
results. Specifically, the random forest model was able to
predict the direction of stock prices with 85 to 95 percent
accuracy. This finding provides strong support for asset
market analysis, indicating that random forest algorithm has
significant advantages in the field of stock price prediction.
Therefore, based on the research published in the journal
Applied Mathematical Finance, this experiment uses the
random forest algorithm to predict the direction of the rise
and fall of stock prices in the next d days. The results show
that compared with support vector machine[18-19] (SVM),
linear discriminant analysis and other models, random forest
can achieve better prediction results, with an accuracy of 85
to 95 percent.

3.1 Experimental model

In order to minimize the prediction error, the paper
treats the prediction of the stock price trend as a binary
classification problem (up or down), which is solved by
integrated machine learning modeling. In this paper, RSI
(Relative Strength index), KD random index, MACD and
other 6 commonly used technical indicators are used as
classification characteristics to train the random forest
model[19-20]. Finally, it is found that with the increase of
the number of decision trees, the accuracy of the model
increases and tends to converge. Moreover, the longer the
forecast time window, the more accurate the model.

Random forest is an algorithm that integrates multiple
trees through the idea of Ensemble Learning. Its basic unit is
decision tree, and its essence belongs to ensemble learning,
a branch of machine learning. There are two key words in
the name of random forest, one is "random" and the other is
"forest". "Forest" we understand very well, one is called a
tree, then hundreds of trees can be called a forest, this
analogy is still very appropriate, in fact, this is the main idea
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of random forest - the embodiment of the idea of integration.
The meaning of "random" will be discussed in the following
section.

From an intuitive point of view, every decision tree is a
classifier (assuming we're dealing with a classification
problem). We want to classify an input sample, and we need
to classify the input sample into each tree. So for an input
sample, N trees will have N classification results. To draw a
vivid analogy, there is a meeting in the forest to discuss
whether an animal is a mouse or a squirrel, and each tree has
to express its own opinion on the question independently,
that is, each tree has to vote. Whether the animal is a mouse
or a squirrel depends on the number of votes cast, and the
category that gets the most votes is the forest category. Each
tree in the forest is independent, and 99.9 percent of
unrelated trees make predictions that will cancel each other
out. The predictions of a few good trees will rise above the
noise and make a good prediction. Random forest integrates
all the classification voting results, designating the category
with the most votes as the final output, which is the Bagging
idea of random forest.

3.2 Experimental Design

First, for each decision tree, the training set is
randomly selected from the whole sample set. In this paper,
the standard of decision tree classification is the technical
index in the feature matrix X, and the technical index
classification is used until the Gini impurity is small enough
to meet the requirements.

These decision trees predict independently, and then
vote on the outcome of each decision tree prediction, with
the most votes becoming the prediction of the random
forest. [21] This avoids overfitting of a single decision tree.

Due to random sampling, each decision tree does not
use the full Sample (only about 2323 samples are drawn),
and the samples that are not drawn are the non-sample set of
this decision tree (Out of Bag Sample). For all out-of-pocket
samples generated by decision trees, for each sample, the
classification of the tree it is used as an oob sample (about
1313 trees) is calculated, and then a simple majority vote is
used as the classification result of the sample, and finally the
ratio of the number of mismarks to the total number of
samples is used as the OOB mismarks rate of the random
forest. Therefore, the smaller the OOB deviation, the lower
the proportion of misclassification and the more accurate the
random forest classification.

3.3 Data Preprocessing

The original experiment collected the stock price trend
data of Apple, Samsung and GE for a total of about 7,000
trading days, and predicted the stock trend after 30 days, 60
days and 90 days, respectively.

In order to remove the noise in the historical data and
show the actual law of the historical data, the author adopts
the exponential smoothing method to preprocess the stock

price data:
SO0 = YOfort >0 (3)
St =alpha * Yt + 1 - (alpha) * St - t > 0(4)
1 S0 = YOfor St =alpha* Yt+1 - (alpha) * St—1  (5)

Alpha alpha is between 0 and 1 and is closer to 1,
giving more weight to recent data. Because recent
movements are somewhat more consistent, greater weight is
placed on the most recent data.

argeti=Sign(closei+d—closei)targeti=Sign(closei+d -
closei) (6)

dd is the predicted time window and SignSign is the
symbolic function. When the value of targetitargeti is 1, it
means that at this moment ii, the closing price after d is
higher than the closing price today, that is, the stock will rise
after d; Vice versa.targettarget is also the target that the
model needs to predict.

3.4 Build Random forest model

In this experiment, the stock price of Apple was
modeled by random forest, and the stock price trend was
predicted 30, 60 and 90 days later. The author finds that the
accuracy of the model increases and tends to converge with
the increase of the number of decision trees in the model.
Moreover, the longer the forecast time window, the more
accurate the model.
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Figure 3. ROC curve of random forest model results
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3.5 OOB error Specific result

Table 1. Error test results table

Trading Period (Days) | No. of Trees | Sample Size OOB error
30 5 6590 0.241729893778
30 25 6590 0.149165402124
30 45 6590 0.127617602428
30 65 6590 0.123672230653
G0 5 6545 0.198472116119
60 25 6545 0.0890756302521
G0 45 6545 0.0786860198625
60 65 6545 0.0707410236822
20 ] 6300 0.191384615385
20 25 6500 0.0741538461538
90 45 6500 0.0647692307692
20 65 6500 0.0555384615385

According to Table 1 above, OOB errors gradually
decrease and converge, and reach a steady state when the
number of decision trees is greater than 45. The larger the
forecast time window, the smaller the OOB error, but this
reduction is marginal.

3.6 Model result
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Figure 4. ROC curve of stock price prediction accuracy
of Apple, Samsung and General Electric

The experimental results (Figure 4) show that using
random forest classifier to predict the long-term trend of
stocks has remarkable accuracy. Through the analysis of
data sets such as Apple, Samsung, and General Electric, our
model was able to achieve 85-95% accuracy, which
demonstrates the potential and effectiveness of the method
in predicting stock trends. [22-24] The advantage of the
random forest model is that it can handle a large amount of
feature data and can effectively deal with noise and
complexity in the data. In addition, as the number of
decision trees in the random forest increases, we observe
that the model's predictions show a more stable trend. This
shows that increasing the number of decision trees can
improve the prediction accuracy of the model and reduce the
volatility of the results, making the prediction more reliable.

Although this study focuses on the prediction of long-
term stock movements, the same method can be applied to
the prediction of shorter periods. By training with hour - or
minute-level trading data, we can make more accurate
predictions about short-term volatility, giving investors
more flexibility and precision. This expansion can help
investors better respond to market changes and adjust
investment strategies in a timely manner, thus maximizing
the return on investment. In summary, our research results
provide a reliable method for investors to predict the stock
trend by using random forest classifiers to guide their
investment decisions, and with the refining of data
granularity, our model can also adapt to the prediction needs
of shorter cycles, so as to further improve investment
benefits.
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4 CONCLUSION

In this study, the random forest classifier is used to
predict the long-term trend of stocks, and remarkable results
have been achieved. [25] Analyzing data sets such as Apple,
Samsung, and General Electric, our model shows 85-95%
accuracy, demonstrating the potential and effectiveness of
this approach in predicting stock trends. Random forest
models are known for their ability to process large amounts
of feature data and for their effective handling of data noise
and complexity. In addition, as the number of decision trees
in the random forest increases, we observe that the model's
predictions show a more stable trend. This shows that
increasing the number of decision trees can improve the
prediction accuracy of the model and reduce the volatility of
the results, making the prediction more reliable.

While this study focuses on the prediction of long-term
stock movements, the same method can be applied to the
prediction of shorter periods. By training with hour-level or
minute-level trading data, we can more accurately predict
short-term volatility, providing investors with more
flexibility and precision. This expansion can help investors
better respond to market changes and adjust investment
strategies in a timely manner, thus maximizing the return on
investment.

However, as the field of artificial intelligence
continues to evolve, techniques such as deep learning show
great potential in the field of time series prediction. In recent
years, deep learning models have made significant progress
in time series analysis, especially in the financial field. By
combining deep learning models, we can better capture
complex patterns and dynamic features in the data, thereby
improving the accuracy and stability of predictions. In the
future, with the continuous development and application of
deep learning technology, we have reason to believe that
artificial intelligence will play an increasingly important role
in the field of time series forecasting, providing investors
with more accurate and reliable forecast results, helping
them to better formulate investment strategies and obtain
higher returns.
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