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Abstract 

How to accurately forecast stock prices has been a hard nut to crack in the field of 
quantitative finance. Many scholars have proved that stock prices tend to be nonlinear 
in previous studies. With the deeper insights in artificial intelligence theory and the 
unceasing progress of technology, the application of machine learning algorithm with 
strong nonlinear fitting ability has attracted increasing attention in stock research. This 
paper primarily introduces the application of machine learning in stock price 
forecasting and summarizes the relevant research at home and abroad before 
elaborating the principle of random forest algorithm, gradient enhanced decision tree 
(GBDT) algorithm and support vector machine algorithm. Then, based on the actual data, 
this paper compares the outcome of the random forest algorithm, gradient tree (GBDT) 
algorithm, support vector machine (SVM) algorithm and the traditional time sequence 
method. The difference among the results shows that machine learning algorithms 
compared with time series model has better forecasting performance. Additionally 
random forest algorithm whose predicting results’ mean square error is 
10.720077538941355 has the best performance, therefore of the most obvious practical 
value. 
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1. Introduction 

With China's financial market growing stronger and more mature, there has been a surge in 
number of people entering the tide of investing in stocks. However, in the rapidly changing 
stock market, how to choose stocks and adopt appropriate trading strategies according to the 
historical data of stock prices is an urgent problem to be solved in the discussion of investors 
and related scholars. 

Despite the universally acknowledged fact that the stock market is a non-linear and non-
stationary system, a sign of latent mathematical relations in the stock market can be found 
when the market stays relatively stable. Wu Yuxia et al. (2016) created the ARIMA model to 
predict the law and trend of stock prices’ changes in the Growth Enterprise Market (GEM) [1]. 
The empirical results show that the model has good short-term dynamic and static prediction 
effect, therefore providing a helpful reference for investors and corporations when working out 
strategy. However, the model still has some shortcomings, such as the non-linearity of the stock 
market has not been considered. Xu Longbin et al. (1999) studied the non-linearity of China's 
stock market with R/S analysis method. [2] The empirical results showed that both Shanghai 
stock market and Shenzhen stock market had state persistence with cluster fluctuations and 
nonlinear time series formed by stock price index. 

In recent years, the combination of latest machine learning models and stock price forecasting 
has won greater concerns as a result of the perfection of machine learning theory along with 
the proliferation and integration of mathematical statistics, probability theory and 
neuroscience. More and more people are using machine learning methods to predict the future 
price of stocks. Liu Wei et al. (2008) firstly analyzed the financial and market indicators of the 
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bulk-holding stocks, and then established the prediction model of the bulk-holding stocks by 
using random forest. [3] Finally, the effectiveness and superiority of the method are verified by 
experiments. Huang Pengpeng et al. (2010) used support vector machine (SVM) to carry out 
data mining on technical index combination, so as to realize the method of predicting stock 
price reversal point, and the experimental results showed that the method had a great 
improvement in both recall rate and precise rate. [4] Zhang Xiao (2018) et al. used the method 
of combining contribution and correlation analysis to predict the stock trend by using gradient 
enhanced decision tree (GBDT). [6] The results showed that the prediction accuracy of GBDT 
model was due to linear regression and random forest. Peng Yan et al. (2019) combined the 
characteristics of LSTM recursive neural network and the characteristics of the stock market, 
carried out interpolation, wavelet denoising, normalization and other pre-processing 
operations on the data, and pushed them to the LSTM network model with different LSTM 
layers and different hidden neurons under the same layer number for training and testing. [5] 
The test results show that the model has low computational complexity and improved 
prediction accuracy, hence it can not only provide a useful reference for predicting the stock 
trend before the stock investment, but also help investors to construct an appropriate stock 
investment strategy after having a further understanding of the actual stock price. 

2. Theory 

2.1. Introduction to the ARIMA Model 

The Auto Regression Integrated Moving Average model(ARIMA for short) initially proposed by 
C.P.Box and G.M.Jenkins is to stabilize the non-stationary time series by D-order difference. 
Then the obtained stationary time series were identified by Auto Regressive process (AR (P) 
process), moving average process (MA (Q) process) and sample Auto Correlation Function 
(ACF), Partial Auto Correlation Function (PCF). What’s more, they came up with a full set of 
modeling, estimating, testing and controlling methods. ARIMA (P, D, Q) model is described in 
mathematical language as 

(1 − 𝐿)𝑑𝑦𝑡 = 𝑢𝑡 = 𝜑0 +𝜑1𝑢𝑡−1+. . . . . . +𝜑𝑝𝑢𝑡−𝑝 + 𝜀𝑡 + 𝜃1𝜀𝑡−1+. . . . . . +𝜃𝑞𝜀𝑡−𝑞  

𝑦𝑡  represents the observed time series data;  

L represents the delay operator;  

𝜑𝑖(𝑖 = 1,2. . . . , 𝑝) represents the AR regression coefficient; 

𝜃𝑖(𝑖 = 1,2, . . . . , 𝑞) represents the MA regression coefficient; 

𝜀𝑡 represents the perturbation term; 

2.2. Introduction to the Machine Learning Algorithm 

Machine learning is a multidisciplinary specialty, which combines multiple disciplines such as 
probability theory, statistics, mathematics, information and so on. In the background of the 
rapid development of computer hardware, it has attracted considerate attention of scholars. 
Existing studies have found that machine learning algorithms perform well in fitting nonlinear 
data. (Liu Wei et al., 2008; Huang Pengpeng et al., 2010) Common machine learning algorithms 
include random forest, gradient enhanced decision tree, etc. 

Random Forest (RF) is an algorithm based on classification tree proposed by scholars Breiman 
and Cutler in 2001. Firstly, with the help of the Bootstrap re-sampling method , it extract 
numerous samples from the original samples, and then conducts decision tree modeling for 
each Bootstrap sample before combining the predictions of multiple decision trees, and finally 
concludes the ultimate prediction results through voting. This summary of a large number of 
classification trees significantly improves the prediction accuracy of the model, and has a good 
tolerance to outliers, and is not prone to over-fitting. In addition, random forests are fast and 
perform well when processing big data. Therefore, random forest algorithm is widely used in 
various fields. 
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Gradient Boosting Decision Tree (GBDT) is a CART regression Tree based  Boosting algorithm 
proposed by Friedman in 1999. GBDT is composed of multiple decision trees. During the 
prediction, an initial value is first assigned to the sample, and then the initial value is adjusted 
and corrected by multiple decision trees. The final result is obtained by summation of the 
results of each decision tree. GBDT algorithm has been widely used in various commercial fields 
because of its strong generalization ability and its loose requirements on sample size and 
characteristic data type. 

Support Vector Machines (SVM) is a binary classification model, whose purpose is to find a 
hyperplane to segment samples. The principle of segmentation is to maximize the interval, and 
then transform it into a convex quadratic programming problem to solve. The process above 
can fall into several categories.The first one is when the training sample is linearly separable, 
learning a linearly separable support vector machine through hard interval maximization.The 
second one is when the training sample is nearly linearly separable, a linear support vector 
machine is learned by maximizing the soft interval. The last one is when the training sample is 
linearly inseparable, a nonlinear support vector machine (SVM) is learned by kernel technique 
and soft interval maximization. 

3. Data Preprocessing 

The data set of this paper is the price of Ping An Bank from January 1, 2016 to February 4, 2021, 
a total of 1227 periods. There are no abnormal or missing values, all of which are valid values. 
The data include: date,open,high,close,low,volume, price_change,p_change. 

 

Table 1. Description of the data 
 open high low close Price_change P_change volume 

count 1242 1242 1242 1242 1242 1242 1242 
mean 12.18087 12.35048 12.0361 12.20031 0.01219 0.096789 957094.841 

std 2.955755 3.053161 2.88962 2.979559 0.26352 1.919684 589114.655 
min 8.56 8.6 8.45 8.57 -1.55 -9.9743 170777.76 
25% 9.65 9.7725 9.5175 9.635 -0.1 -0.83 544652.93 
50% 11.29 11.455 11.15 11.295 0 0 810652.515 
75% 14.005 14.28 13.8475 14.05 0.11 0.96615 1205144.12 
max 24.18 25.24 24.04 24.95 1.7 10.0351 4711460.78 

 

date refers to the time when a stock trades  

open (close) refers to the price for a share at the beginning(end) of a day of trading on a stock 
market 

high (low) is the highest (lowest) price for a share at a day of trading on the stock market 

volume refers to the number of shares traded during a day of trading on a stock market 

Price_change refers to high minus low 

P_change refers to a percentage change at a day of trading on a stock market 

Based on the closing price, this paper calculated the corresponding 100-day moving average to 
observe the trend of the closing price of Ping An Bank more intuitively, and plotted it in the 
following table. (See Figure 1 for details) 

As can be seen from the figure, Ping An Bank presents an upward trend on the whole, and there 
are two periods of obvious fluctuations, both lasting about two years. Due to its obvious trend 
(non-stationarity), it is wiser to model its return rate instead of price. (See Figure 2 for details) 

𝑟𝑡 = (𝑝𝑡 − 𝑝𝑡−1)/𝑝𝑡  

𝑝𝑡  represents closing price at a day of trading on a stock market (close); 

𝑝𝑡−1 represents yesterday closing price 
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Figure 1. Moving average of Pin An Bank’s closing price 

 
Figure 2. Return rate of Pin An Bank 

 

 
Figure 3. 100-day moving average of Pin An Bank’s return rate 
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Then, the 100-day moving average corresponding to the rate of return was calculated to 
observe the change trend of Ping An Bank, which is plotted in the following table. (See Figure 3 
for details) 

It can be found from the figure.3 that the attachment fluctuation with the rate of return at zero 
is a stationary series. 

4. Empirical Research 

In this paper, the ARIMA, RF, GBDT and SVM algorithm are selected to predict the accumulation 
yield of Ping An Bank in the next five days. The data set is the trading volume of Ping An Bank 
from January 1, 2016 to February 4, 2021, high-low percentage, percentage change and the 
closing price of the first six days. In this paper, 1160 periods of data from January 1, 2016 to 
November 1, 2020 are used as the training set, and 67 periods of data from November 1, 2020 
to February 4, 2021 are used as the test set. 

4.1. ARIMA 

First, the paper performed the unit root test after removing the missing values. 

 

 
Figure 4. The result of unit root test 

 

 
Figure 5. Fitting prediction result by ARIMA 
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According to the results in the figure.4, the considered model parameters is P = 4, Q = 4. Since 
the prediction effect will decrease rapidly as time goes by if the ARMA model is adopted, the 
rolling back test method is considered to obtain the prediction effect with a mean square error 
of 20.19433768826947. 

4.2. Random Forest 

By using the method of rolling back test, the mean square error of the test set was finally 
obtained as 10.720077538941355 

 

 
Figure 6. Fitting prediction result by Random Forest 

 

4.3. GBDT 

By using the method of rolling back test, the mean square error of the test set was finally 
obtained as 11.563674585811206 

 

 
Figure 7. Fitting prediction result by GBDT 

 

4.4. SVM 

By using the method of rolling back test, the mean square error of the test set was finally 
obtained as 21.92524725909645 
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Figure 8. Fitting prediction result by SVM 

5. Conclusion 

The relevant research in this paper found that the prediction effect of the random forest 
algorithm and the gradient enhanced decision tree algorithm are about the same, but the 
random forest algorithm is slightly better than the gradient enhanced decision tree algorithm, 
and far better than the time series algorithm and the support vector machine algorithm. The 
random forest algorithm adopts the integrated algorithm, so its own accuracy is higher than 
other single algorithms, and its prediction accuracy is higher. It is not easy to fall into excessive 
fitting, and its operation speed is faster. It has certain advantages in processing large-scale data, 
but all the above methods have good effects in predicting trends. 
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