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Abstract 
Combined with machine learning and other techniques, quantitative investment can 
handle a large amount of tedious data more accurately and efficiently. In this paper, we 
use the random forest algorithm to predict stock prices and apply the random forest 
model to the process of quantitative investment. This paper first predicts the change in 
the stock price of a single stock Vanke A (000002) from January 1, 2006 to December 31, 
2021, using three different sets of technical indicators as the dataset of the random 
forest model, and finds that the model with the last 24 periods of return data performs 
the best. And then, using the return data of the past 24 periods as technical indicators, a 
rolling forecast of the returns of all constituent stocks in the CSI 300 stock pool from 
January 2005 to December 2021 is conducted. Finally, this paper attempts to construct a 
portfolio using the forecasted stock prices, that is, a long-short portfolio is constructed 
by ranking the stocks according to their forecasted returns. The constructed portfolio 
performs relatively well with an annualized return of 24.83% and an annualized Sharpe 
ratio of 67.22%. 
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1. Introduction 

As one of the innovative forms of financial technology, intelligent quantitative investment, 
which can significantly improve the efficiency of asset management through artificial 
intelligence technology, is becoming an important part of the high-quality development of 
China's financial industry. For example, Ping An Asset Management believes that intelligent 
quantitative investment will be the mainstream investment approach in the future and 
undertook quantitative transformation and technology empowerment in 2018, committing to 
build a technology-based asset management company. Meanwhile, the rapid development of 
artificial intelligence is profoundly changing human society. 2017 saw the release of China's 
Next Generation Artificial Intelligence Development Plan, which elevated the development of 
artificial intelligence to a national strategy. In this context, how to take advantage of AI 
technology represented by machine learning to promote the improvement of asset 
management is gradually attracting the interest and wide attention of the Chinese financial 
industry and academia.  
Intelligent quantitative investing uses fundamental stock data or historical trading data to 
accurately predict the future returns of stock and invest in a portfolio of assets or a portfolio of 
factors that will generate better returns. This paper uses one of the machine learning 
algorithms, the random forest algorithm, which was first proposed by Leo Breiman and Adele 
Cutler and is essentially an integration learning algorithm. In general, the random forest is an 
algorithm that integrates multiple trees through the idea of integration learning, where the 
basic decision unit is a decision tree. The stochastic nature of random forests allows the 
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algorithm to have better fault tolerance and robustness, and to be able to fit the model better 
under the many disturbances of the market. 
In this paper, we will study the application of the random forest model in intelligent 
quantitative investment and try to predict the stock price movement based on the random 
forest algorithm and historical stock trading data. The main research is divided into two parts: 
in the first part, we will predict the stock price movement of a single stock based on three 
different sets of technical indicators; in the second part, based on the first part of the research, 
we will select the better-performing stocks in the stock pool, constitute a long-short portfolio, 
form a quantitative trading strategy, and evaluate the strategy. 
The research in this paper finally finds that the random forest model for stock price prediction 
based on past n-period returns has a high accuracy rate. Therefore, in the second part, we 
forecast the stock returns in the stock pool based on the past n-period returns. After obtaining 
the predicted return series, we rank the predicted returns at each point in time, buy the top 10% 
and sell the bottom 10% to form a long-short portfolio. The final annualized return of this 
portfolio is 24.83% and the annualized Sharpe ratio is 67.22%, which is a relatively good 
performance. 

2. Literature Review and Theoretical Preparation 

2.1. Literature Review 
2.1.1. Machine Learning and Quantitative Trading 
The common algorithms of machine learning are the Decision Tree algorithm, Support Vector 
Machine algorithm, Random Forest algorithm, Artificial Neural Network algorithm, Boosting 
and Bagging algorithm, Association Rule algorithm, EM algorithm, Deep Learning algorithm, 
and so on. There are a large number of cases in the existing literature that apply machine 
learning to quantitative trading. Bin Li et al.[1] used various machine-learning algorithms to 
predict stock returns based on stock fundamentals and found that the investment strategies 
obtained from the training of machine-learning algorithms possess better performance than 
traditional linear algorithms and single-factor algorithms. Based on artificial neural network 
algorithms, many studies have used neural network models such as classification models (e.g., 
discriminant analysis, logit models, probit models, probabilistic neural networks, etc.), adaptive 
exponential smoothing, Kalman filtering with vector autoregression, multi-system variable 
transfer functions, OAO neural networks, and OAA neural networks to predict stock market 
trends and design trading strategies. However, many studies have shown that due to a large 
amount of noise and the multidimensional characteristic of stock market data, neural networks 
are prone to be unstable and difficult to predict when dealing with large amounts of complex 
data (Kim et al., 2000)[2]. Similarly, many scholars have applied support vector machines 
(SVMs) to stock market forecasting. Kim and Kyoung-jae[3] used support vector machine 
algorithms to predict the up and down movements of the Korean composite stock index; Huang 
et al.[4] used support vector machine algorithms to predict the weekly up and down 
movements of the NIKKEI 225 index; Di X[5]  used support vector machine algorithms to 
predict the weekly up and down movements of AAPL, MSFT, and AMZN stocks by extracting 84 
technical indicators such as RSI, OBV, and Williams%R, while later applying SVM algorithm to 
predict the future return of the stocks; Devi et al. [6] combined support vector machine 
algorithm with cuckoo search algorithm and selected RSI, cash flow indicator, EMA, stochastic 
indicator, and MACD as technical indicators to model forecasts for the Indian BSE-Sensex and 
CNX-Nifty indices. Decision tree algorithms have also been applied to the stock market, such as 
Sorensen et al.[7] used the CART model to select fundamental data of stocks to build a static 
tree and a dynamic tree for technology stocks in the U.S. market respectively, and constructed 
portfolios based on these two trees. 
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2.1.2. Random Forests and Quantitative Trading 
Random forest algorithms are widely used in the field of classification, and many studies using 
random forest algorithms to predict financial market trends have emerged in recent years. 
Michel Ballings et al.[8] compared the effects of various integrated learning models such as 
random forest and Adaboost Factory with single classification models such as neural networks 
and support vector machines and found the superior performance of random forest models on 
the classification domain. Khaidem et al.[9] conducted a study using the same dataset as 
Xinjie[5], replacing the training model with a random forest model, and found an improvement 
in the correctness of the model predictions, reaching 85%-90%. Moritz and Zimmermann[10] 
constructed a random forest model based on past n-period returns for forecasting a random 
forest model and obtained high and stable excess returns. Krauss et al. [11] integrated a deep 
neural network DNN, a gradient boosting tree GBDT, and a random forest strategy to predict 
the rise and fall of the S&P 500 using past returns of all stocks. 
Many chinese scholars have also explored the use of random forest algorithms in quantitative 
stock selection. Liu Wei et al.[12] used the random forest method to analyze the financial 
indicators and market indicators of fund long positions and constructed a prediction model of 
long positions based on this. Cao Zheng Feng et al.[13] used the random forest to construct a 
quantitative stock selection model with value growth as the base indicator system, and the 
paper compared two stock selection methods, random forest and support vector machine, and 
found that the random forest method had better stock selection results. Han Yanlong[14]  
applied the random forest algorithm to the study of indexed portfolios and found that the stocks 
selected by using the model training were more evenly distributed in terms of market 
capitalization and industry. Wang Shuyan et al.[15] proposed an eight-factor stock selection 
model indicator system and used the random forest algorithm to predict the rise and fall of 
stocks with high accuracy. Shi Weifeng[16] applied PCA and random forest to the BARRA 
quantitative hedging model and found that the random forest algorithm enabled the stock 
selection portfolio to achieve more robust excess returns. 

2.2. Theoretical Preparation 
2.2.1. Random Forest Algorithm 

 
Figure 1. Random Forest Algorithm 

 
In 2001, Leo Breiman proposed the random forest algorithm, which is one of the most popular 
machine learning methods in recent years. The basic logic of random forest is shown in Figure 
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1. The random forest model forms a dataset by Bootstrap random sampling, and through 
training, the samples are trained into weak classifiers, each of which is a decision tree 
representing a basic unit. And then, the random forest focuses on tree integration learning. 
After the tree integration (forest) is generated, the model uses a voting method to combine the 
prediction results, and the category with the most votes is designated as the final output. 
The random forest algorithm is essentially based on an improvement of the decision tree 
algorithm, where each decision tree in its component units is generated with independently 
drawn training samples. The randomly generated multiple decision trees greatly improve the 
comprehensive classification and regression ability of the model, and its classification results 
are more reliable. 

3. Study Design 

3.1. Research Ideas 
The idea of this paper has two main parts: In the first part, the random forest algorithm is used 
to predict the stock price movement of a single stock. In the second part, the random forest 
algorithm is used to predict the stock price movement of each stock in the stock pool, and the 
stocks that perform well are selected to form a portfolio, then invested and recorded the 
performance. 
In the first part, this paper selects the stock Vanke A (000002.SZ) and applies three different 
types of parameters to predict the stock price change based on the random forest algorithm, 
and finally finds that the prediction model based on the stock's past n-period returns has the 
highest accuracy.  
Therefore, the second part of this paper will be conducted based on the stock's past n-period 
returns. In the second part, we use the CSI 300 constituent stocks as a stock pool and apply the 
random forest algorithm to forecast the return of each stock in the pool for each period, and 
then buy the top 10% and sell the bottom 10% of stocks to form a long-short portfolio as a 
trading strategy for investment. 

3.2. Data Source 
3.2.1. Data for the First Part  
The data of Vanke stock price is obtained from the tushare interface. In this paper, the daily 
data of the previous compounding from January 1, 2006 to December 31, 2021 are selected (as 
shown in Figure 2). Most of the indicators used for training the model are obtained through the 
calculation of these daily data. 
 

 
Figure 2. Daily Data for Vanke A, 2006-2021 (Partial) 
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3.2.2. Data for the Second Part  

 
Figure 3. Monthly Data for CSI 300 Constituents, 2005-2021 (partial) 

 
The data of the stock pool are obtained from the JoinQuant interface of Python software. For all 
stocks of the CSI 300 constituents, monthly data from January 2005 to December 2021 are 
selected in this paper (as shown in Figure 3). The indicators used for training the model are 
obtained by the calculation of these monthly data. 

4. Prediction Model of a Single Stock 

4.1. Data Processing 
In this chapter, Vanke A (000002.SZ) will be used as an example to forecast the stock price 
movement of a single stock through random forest algorithm. 
4.1.1. Exponential Smoothing 
Exponential smoothing was proposed by Brown, who argued that the posture of a time series 
has stability and regularity, so that the time series can be reasonably deferred homeopathically; 
he argued that the most recent past posture, to some extent, will persist in the future, so a larger 
weight is placed on the most recent posture. 
As a result, the raw stock price data are exponentially smoothed so that more weight is given 
to recent data in future forecasts. Since the time series is volatile and has an upward trend in 
the long term, the smoothing factor 𝛼 is chosen to be 0.5. The specific processing equation is as 
follows. 
 

𝑆 = 𝛼𝑦 + (1 − 𝛼)𝑆  (1) 
 
where 𝑆  is the t-period smoothed value, and 𝛼 is the smoothing coefficient, and 𝑦  is the actual 
value in period t. The predicted value in the first period is equal to the observed value. Some of 
the data after exponential smoothing are shown in Figure 4. 
 

 
Figure 4. Daily data after exponential smoothing (partial) 
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4.1.2. Technical Indicators Acquisition 
In this paper, three different sets of technical indicators (i.e., factors) are used to predict stock 
price movements, and the optimal one is then selected for the next step of the study. 
Group 1: Financial technical indicators based on momentum, trend, and market behavior 
Referring to the model of Khaidem L et al.[9], the relative strength index, stochastic oscillator, 
rate of change, commodity channel index, momentum, on balance volume, money flow index, 
accumulation/distribution index, average true range, ease of movement, exponential moving 
average, triple exponentially smoothed average, vortex indicator, moving average convergence 
divergence as technical indicators are added to the training model of random forest, which are 
calculated as shown in Table 1. All the above financial technical indicators are calculated by 
daily data after the exponential smoothing process. 
The training metrics for the first set of models we set the observation periods (n) to 5, 14, 26, 
44, 66, 78 (where 𝐸𝑀𝐴 ,  are set to 5, 14, 21, 50. The fast line and slow line observations of 
𝑀𝐴𝐶𝐷 ,  are set to 12 and 26, respectively), and for each trading day, we obtain 79 technical 
indicators. 
 

Table 1. Financial technical indicators (Group 1) 
Name Code Calculation Formula Remarks 

Relative Strength Index 𝑅𝑆𝐼 ,   𝑅𝑆𝐼 , = 100 −   

𝑅𝑆 =
     

     
  

Reflecting the market 
boom in a certain 
period. 

Stochastic Oscillator %𝐷 ,   %𝐾 , = 100 ∗
( )

( )
  

%𝐷 , =
∑ %

  

Relatively high and low 
of the closing price in 
the most recent period. 

Rate of Change 𝑅𝑂𝐶 ,   𝑅𝑂𝐶 , =   Measuring the 
magnitude of price 
changes 

Commodity Channel Index 𝐶𝐶𝐼 ,   𝐶𝐶𝐼 , = ,

. ,
  

𝑀 =
( )

  

𝑆𝑀 , =
∑

  

𝐷 , =
∑ ,   

Measuring the degree of 
deviation of the security 
price from the mean. 

Momentum 𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚 ,   𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚 , = 𝐶 − 𝐶   The difference between 
the current price and 
the price before a 
certain period. 

On Balance Volume 𝑂𝐵𝑉 ,   𝑂𝐵𝑉 , =
∑

  

𝑂𝐵𝑉 =
𝑂𝐵𝑉 + 𝑉𝑜𝑙    ,   𝐶 > 𝐶
𝑂𝐵𝑉 − 𝑉𝑜𝑙    ,   𝐶 < 𝐶
𝑂𝐵𝑉                  ,   𝐶 = 𝐶

  

Measuring the trend of 
the stock's trading 
volume. 

Money Flow Index 𝑀𝐹𝑅 ,   𝑀𝐹𝑅 , =
∑

  

𝑀𝐹𝑅 =
∗

∗
     ,   𝑀 > 𝑀

      0                      ,   𝑀 < 𝑀
  

𝑀 =
( )

  

The four elements that 
reflect the movement of 
the stock price: the 
number of days up, the 
number of days down, 
and the increase and 
decrease of the volume 
range. 
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Accumulation/Distribution 
index 

𝐴𝐷 ,   𝐴𝐷 , =   

𝐴𝐷 =
( ) ( )

  

Volume Indicators. 

Average True Range 𝐴𝑇𝑅 ,   𝐴𝐷 , =   

𝐴𝐷 =
( ) ( )

  

Measuring the intensity 
of market volatility. 

Ease of Movement 𝐸𝑂𝑀 ,   𝐸𝑂𝑀 , =
∑

  

𝐸𝑂𝑀 =
[( ) ( )]∗( )

∗
  

Indicating the necessary 
volume to drive price, 
showing potential buy 
and sell signals. 

Exponential Moving 
Average 

𝐸𝑀𝐴 ,   𝐸𝑀𝐴 , =
,

  

𝐸𝑋 , = 𝛼𝐶 + (1 −

𝛼)𝐸𝑋 ,    ,   𝛼 =   

Using to determine the 
future trend of price 
movements. 

Triple Exponentially 
Smoothed Average 

𝑇𝑅𝐼𝑋 ,   𝑇𝑅𝐼𝑋 , = , ,

,
  

𝐸𝑋 , = 𝛼𝐸𝑋 , + (1 −

𝛼)𝐸𝑋 ,   ,   𝛼 =   

𝐸𝑋 , = 𝛼𝐸𝑋 , + (1 −

𝛼)𝐸𝑋 ,   

𝐸𝑋 , = 𝛼𝐶 + (1 − 𝛼)𝐸𝑋 ,   

Predicting the long-
term trend of stock 
prices based on the 
theory of moving 
averages. 

Vortex Indicator 𝑉𝑂𝑅𝑇𝐸𝑋 ,   𝑉𝑂𝑅𝑇𝐸𝑋 , =
( ∑ )/

( ∑ )/
  

𝑇𝑅 = 𝑚𝑎𝑥{𝐻  , 𝐶 } −
𝑚𝑖𝑛{𝐿  , 𝐶 }  
𝑉𝑀 = | 𝐻 − 𝐿 | − | 𝐿 −
𝐻 |  

Identifying the 
beginning of a new 
trend or the 
continuation of an 
existing trend in the 
financial markets. 

Moving Average 
Convergence Divergence 

𝑀𝐴𝐶𝐷 ,   

𝑀𝐴𝐶𝐷𝑠𝑖𝑔𝑛 ,   

𝑀𝐴𝐶𝐷𝑑𝑖𝑓𝑓 ,   

𝑀𝐴𝐶𝐷 ,  = 𝐸𝑀𝐴𝑓𝑎𝑠𝑡 , −

 𝐸𝑀𝐴𝑠𝑙𝑜𝑤 ,   
𝐸𝑀𝐴𝑓𝑎𝑠𝑡 ,  = 𝛼𝐶 + (1 −

𝛼) 𝐸𝑀𝐴𝑓𝑎𝑠𝑡 ,     

𝐸𝑀𝐴𝑠𝑙𝑜𝑤 ,  = 𝛼𝐶 + (1 −

𝛼) 𝐸𝑀𝐴𝑠𝑙𝑜𝑤 ,   

 𝛼 =  ，n=𝑛 , 𝑛  

𝑀𝐴𝐶𝐷𝑠𝑖𝑔𝑛 ,  =

0.2𝑀𝐴𝐶𝐷 , +

0.8 𝑀𝐴𝐶𝐷𝑠𝑖𝑔𝑛 ,   

𝑀𝐴𝐶𝐷𝑑𝑖𝑓𝑓 ,  =

𝑀𝐴𝐶𝐷 , +

 𝑀𝐴𝐶𝐷𝑠𝑖𝑔𝑛 ,   

Indicate the current 
long-short status and 
the possible trend of the 
stock price 
development. 

where n denotes the observation date of the technical indicator as the nth day before the tth day; 𝐶   denotes the 
closing price on day t; 𝐶  is the closing price of the past n days compared to day t; 𝐿  is the lowest price on 
day n; 𝐻  is the highest price on day n; 𝑉𝑜𝑙  is the trading volume on day t;  𝑛  is the observation period of the 
fast line technical indicator;  𝑛  is the observation period of the slow technical indicator. 

 
Group 2: Barra Style Factor 
In the second group, the indicators used for training and prediction are the Barra style factors 
from the JoinQuant factor library. There are ten factors, namely beta factor, book to ratio factor, 
earnings yield factor, growth factor, leverage factor, liquidity factor, momentum factor, 
nonlinear market size factor, residual volatility factor, and market size factor. The time span is 
from January 2006 to December 2021, and some of the data are shown in Table 2. 
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Table 2. Barra Style Factor (Group 2) 

Factor Beta Book_to_price_ratio Earnings_yield Growth Leverage 
0 2.5820 -0.9140 -0.1629 -0.0594 0.0628 
1 2.6003 -0.8977 -0.1392 -0.0549 0.0558 
2 2.5112 -0.9007 -0.1162 -0.0567 0.0957 
3 2.4204 -0.9068 -0.1996 -0.0550 -0.0073 
4 2.1693 -0.8792 -0.1504 -0.0529 -0.0074 
Factor Liquidity Momentum Non_linear_size ResiduaL_volatility Size 
0 0.2083 1.5992 -1.1488 0.2153 1.6225 
1 0.2523 1.5897 -1.1642 0.1939 1.6171 
2 0.2436 1.5552 -1.1527 0.1097 1.6148 
3 0.2200 1.5800 -1.1511 0.2217 1.6017 
4 0.2002 1.4984 -1.1745 0.2644 1.5887 

 
Group 3: Forecasts based on past n-period returns 
In the third group, referring to the methodology of Moritz B and Zimmermann T (2016), we will 
forecast the stock price movement based on the stock's return over the last 24 periods. 
Based on the daily closing prices after exponential smoothing, we calculate the return for each 
period. And then for the current time t, we will obtain the return data from t - 1 to t - 25 and 
then normalize the data for the same cross-section. For Ri, the specific calculation formula is as 
follows. 
 

𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑅 =
𝑅 − min {𝑅 }

max {𝑅 } − min {𝑅 }
     𝑡 = 1,2, … , 𝑛 (2) 

 
where min {𝑅 }  and max {𝑅 }  is the minimum and maximum value of the cross-sectional 
factor Ri expanded in time series. 

4.2. Model Setup 
The dependent variable of the model 𝑃𝑟𝑒𝑑   is the change in the current stock price from n days 
ago, and n days is considered as the holding period of the stock (in this paper, we set the holding 
period to 5). If the closing price of the stock is a negative change, then 𝑃𝑟𝑒𝑑 = 0; If the closing 
price of the stock is positive, then 𝑃𝑟𝑒𝑑 = 1. 
The independent variables of the model are each of the three sets of technical indicators in 4.1.2. 
The dependent and the independent variables were sorted by time, and the first 2/3 of the data 
were set as the training set and the last 1/3 as the test set. 
After iterative optimization of the tuning parameters, we set the parameters of the random 
forest training to the following data. 
 

RandomForestClassifier (random_state = 44, max_depth = 70, max_features = 'sqrt', 
min_samples_leaf = 4, min_samples_split=2, n_estimators=65) 

 
where random_state is the seed used by the random number generator; max_depth is the 
maximum depth of the decision tree; max_features is the number of features to be considered 
in finding the best split, and max_features = 'sqrt' denotes the square root of the number of 
features; min_samples_leaf is the minimum number of samples needed at the leaf nodes; 
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min_samples_split is the minimum number of samples needed to split the internal nodes; 
n_estimators is the number of decision trees in the forest. 
Table 3 shows the confusion matrix for the dichotomous problem, for which the following four 
possibilities exist for the results predicted by the model. 
 

Table 3. Barra Style Factor (Group 2) 

The real situation 
Predicted results 

Positive Example Counterexample 

Positive Example 
True Example 

(TP: true positive) 
False Counterexample 

(FN: false negative) 

Counterexample 
False positive Example 

(FP: false positive) 
True Counterexample 

(TN: true negative) 

 
Based on this confusion matrix, our evaluation metrics for the model are Precision and Recall, 
which are calculated as follows. 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(4) 

 
To measure Precision and Recall, F-score is often used, which is calculated as follows. 
 

𝐹 =
(1 + 𝛽 ) ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝛽 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(5) 

 
Where, when  𝛽 = 1, F-score is the standard F1-score, and the F1-score is used to evaluate the 
model in this paper. 
Next, we evaluate the overall judgment ability of the classifier using the Accuracy. The specific 
calculation formula is as follows. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(6) 

 
In the model evaluation of this paper, the training results of three sets will be evaluated using 
Precision, Recall, F1-score, and Accuracy. 

4.3. Evaluation of Model Training Results 
4.3.1. Group 1: Based on Financial Technical Indicators 

Table 4. Assessment of training results (Group 1) 
 Precision Recall F1-score Support 

0 0.58 0.78 0.66 605 
1 0.61 0.38 0.47 555 

Accuracy   0.59 1160 
Macro 0.60 0.58 0.57 1160 

Avg 0.59 0.59 0.57 1160 
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The evaluation metrics of the training results of the Group 1 are shown in Table 4. for the 
samples with decreasing returns (605), the Accuracy rate of the model is 58%, the Recall rate 
is 78%, and the F1-score is 66%. For the samples with increasing returns (555), the Accuracy 
rate of the model is 61%, the Recall rate is 38%, and the F1-score is 47%. The overall Accuracy 
rate of the model is 59%. The stock price movements predicted by the first set of indicators are 
shown in Figure 5 along with the real stock price movements. 
 

 
Figure 5. Predicted and real stock price movements for the first set of indicators 

4.3.2. Group 2: Based on Barra style factors 
Table 5. Assessment of training results (Group 2) 

 Precision Recall F1-score Support 
0 0.52 0.48 0.50 667 
1 0.48 0.52 0.50 609 

Accuracy   0.50 1276 

Macro 0.50 0.50 0.50 1276 
Avg 0.50 0.50 0.50 1276 

 

The evaluation metrics of the training results for the Group 2 are shown in Table 5. For the 
samples with decreasing returns (667), the model has an Accuracy rate of 52%, a Recall rate of 
48%, and an F1-score of 50%. For the samples with increasing returns (609), the model has an 
Accuracy rate of 48%, a Recall rate of 52%, and an F1-score of 50%. The model has an overall 
Accuracy rate of 50%. The stock price movements predicted by the second set of indicators are 
shown in Figure 6 along with the real stock price movements. 
 

 
Figure 6. Predicted and real stock price movements for the second set of indicators 
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4.3.3. Group 3:Based on Past n-period Returns 
The evaluation metrics of the training results of the third group are shown in Tables 6. for the 
samples with decreasing returns (649), the model has an Accuracy rate of 72%, a Recall rate of 
70%, and an F1-score of 71%. For the samples with increasing returns (581), the model has an 
Accuracy rate of 68%, a Recall rate of 70%, and an F1-score of 69%. The model has an overall 
Accuracy rate of 70%. The stock price movements predicted by the third set of indicators are 
shown in Figure 7 along with the real stock price movements. 
 

Table 6. Assessment of training results (Group 3) 
 Precision Recall F1-score Support 

0 0.72 0.70 0.71 649 
1 0.68 0.70 0.69 581 

Accuracy   0.70 1230 
Macro 0.70 0.70 0.70 1230 

Avg 0.70 0.70 0.70 1230 

 

 
Figure 7. Predicted and real stock price movements for the third set of indicators 

4.3.4.  Model Comparison 
Comparing the three models, the stock price prediction model based on past n-period returns 
performs the best with a 70% Accuracy rate, while the two groups based on financial technical 
indicators and Barra style factors only have a 59% and 50% Accuracy rate, respectively. 
Therefore, the third model, the past n-period return-based stock price prediction model, is 
selected for the next part of this paper. 

5. Prediction Model of CSI 300 Constituent Stocks 

In this section, we will predict the return of each stock in the stock pool through a rolling 
window, construct a long-short portfolio as a trading strategy based on the predicted return 
ranking, and finally evaluate the constructed trading strategy. 

5.1.  Data Processing 
The original data are monthly data of CSI 300 constituent stocks from January 2006 to 
December 2021. The original monthly data are processed using the prediction model based on 
past n-period returns. We obtain the past 24-period returns for each stock at each time point, 
normalize them (see Equation 4.2) and finally get the past 24-period  𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑅 . Some of the 
technical indicators obtained are shown in Figure 8. 
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Figure 8. Stock Pool Return Forecast Model Technical Indicator Acquisition (partial) 

5.2. Improved Random Forest Prediction Model 
5.2.1. Prediction Model for Rolling Windows 
In this section, the random forest prediction model is improved by referring to the method of 
Moritz B and Zimmermann T [10]. The specific logic is shown in Figure 9. A rolling forecasting 
approach is used, using data from the past five years as the training set to predict the future 
year's returns, and the model is retrained by cycling through each year. For each month's 
forecast, we will execute a long-short trading strategy, i.e., rank the stocks according to the 
forecast results, buy the top 10% of stocks and sell the bottom 10% of stocks. 
 

 
Figure 9. Rolling Window Prediction Model 

5.2.2. Model Setup 
The dependent variable for the training model is the monthly stock return R-1 for each stock at 
moment t + 1. 
The independent variables of the training model are the normalized monthly stock returns of 
each stock for the past 24 periods R0, R1, R2, R3, …, R23, R24 as shown in 5.1, with the addition 
of the monthly trading volume Volume of each stock. 
As described in 5.2.1, a rolling forecast is used, using data from the past five years as the training 
set to forecast future year's returns, and the model is retrained in an annual cycle. 
As shown in Figure 10, six years are used as a cycle for one random forest return prediction, for 
example, the first cycle is from month t-60 to month t+12, where month t-60 to month t is the 
training set and month t to month t+12 is the test set, and the return series pred1 is obtained 
after training. Similarly, month t-48 to month t+24 is used as the second cycle. The second 
random forest yield prediction is performed to obtain the yield series pred2 for the second year. 
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By analogy, the random forest model will traverse all the monthly yield data and finally obtain 
the predicted yield data from January 2010 to December 2021. 
 

 
Figure 10. Training set, test set division 

 
Since there are multiple stocks in the stock pool, the forecast in this section will be made 
separately for each stock's return, with a rolling forecast in six years as a cyclic unit. 
The model parameters used in this section are the same as in the previous section. 
 

RandomForestClassifier (random_state = 44, max_depth = 70, max_features = 'sqrt', 
min_samples_leaf = 4, min_samples_split=2, n_estimators=65) 

5.3. Model Training Results 
5.3.1. Prediction Results 
The model prediction results are shown in Figure 11, and there are 2750800 rows of results, 
sorted by date and stock code. Where R-1 is the model's real return of t+1th month and pre is 
the model's predicted return. Figure 12 plots the predicted return against the real return for a 
single stock (603993.XSHG) as an example. 
 

 
Figure 11. Prediction results of random forest model (partial) 
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Figure 12. Random Forest Model Predicted Returns vs. Real Returns 

(Stock 603993.XSHG as an example) 
 

As we can see in Figure 5-5, the forecasts for the trend of the return movements are 
comparatively accurate. However, due to the normalization of the technical index, the 
fluctuations of the model's predicted returns are smaller compared to the real returns. 
5.3.2. Feature Importance 
For the n sets of feature importance values obtained after n times of model training, we do the 
averaging process on them, and then divide each feature importance value by the largest 
feature importance value to obtain the standard feature importance. The final importance of 
each feature obtained by this random forest model is shown in Figure 13. Among them, we can 
see that the most important one in the prediction of this model is the trading volume, followed 
by the monthly return data of the first 11, 0, 3, 12, 1, 2, 5, 17, 4, 16, 8, 6, 7, 21, 15, 10, 9, 18, 19, 
13, 22, 23, 24, 20, and 14 periods, respectively. 
 

 
Figure 13. Importance of model characteristics (technical indicators) 

5.3.3. Monthly Returns and Cumulative Returns of Long-Short Portfolios 
The trading strategy in this paper is to rank the predicted returns obtained from model training 
each month and make the top 10% into a long portfolio and the bottom 10% into a short 
portfolio to form a long-short trading strategy. 
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Table 7 shows the performance of the portfolio, which has a monthly return of 2.07%, monthly 
volatility of 7.26%, a monthly Sharpe ratio of 25.97%, an annualized return of 24.83%, an 
annualized volatility of 25.17%, an annualized Sharpe ratio of 67.22%, and maximum 
retracement of -0.23. Overall, the portfolio has a good return performance and a high Sharpe 
ratio, but in the meanwhile, the portfolio has a relatively high maximum drawdown rate as well 
as relatively high volatility. 
Figures 14 show a line graph of the cumulative return of the long-short portfolio, from which 
we can see that the long portfolio has the highest cumulative return, followed by the cumulative 
return of the long-short portfolio, then the cumulative return of the short portfolio, and finally 
the cumulative return of the market. Among them, the legend shows the cumulative return from 
January 2010 to January 2021 for investing one dollar in the risk-free portfolio, the market 
portfolio, the long portfolio, the short portfolio, and the long-short portfolio, which is 1.27, 1.50, 
36.34, 2.35, and 13.68 yuan respectively. 
 

Table 7. Long-short portfolio performance evaluation indicators 
 Mean Std SR Sharpe Ratio Max Drawdown 

Monthly 2.07% 7.26% 0.28 25.97% -0.23 
Annual 24.83% 25.17% 0.99 67.22%  

 

 
Figure 14. Comparison of cumulative returns of long-short portfolios 

6. Conclusion 

With the advent of the big data era, machine learning is widely used in various fields of 
measurement. In the financial field, machine learning is used in a series of financial models such 
as stock price prediction, factor screening, and other operations. 
In this paper, the random forest algorithm is used to forecast stock prices. In the first part of 
the study, three different sets of technical indicators are used to forecast the return of a single 
stock; in the second part of the study, the paper forecasts the return of all stocks in the stock 
pool and constructs a portfolio based on the predicted return ranking, and finally obtains a 
long-short trading strategy. 
Based on the two-part study, the following findings emerged from this paper. 
In predicting the stock price of a single stock, we applied three different sets of technical 
indicators: a series of financial technical indicators based on momentum, trend, and market 
behavior, the Barra style factor, and the past n-period return data indicator. Through the 
training and forecasting of the models, we found that the third model, which is based on past n-
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period return data, performs best, with a 70% accuracy rate. Thus, we start the study based on 
this set of technical indicators. 
In the forecasting of CSI300 constituent stocks' return, we set the past 24 periods of return data 
and trading volume as technical indicators for training, and then forecast the returns of all CSI 
300 constituents from January 2010 to January 2021 by means of rolling window forecasting. 
In the model training, we found that the trading volume of stocks was the most important 
feature. After completing the prediction of the model, we ranked the predicted returns of the 
constituent stocks each month in time, bought the top 10% of stocks, and sold the bottom 10% 
of stocks to form a long-short portfolio and obtain the returns of the long-short trading strategy. 
The portfolio was measured to have an annualized return of 24.83%, an annualized volatility of 
25.17%, and an annualized Sharpe ratio of 67.22%, which has an excellent return performance 
but is accompanied by relatively high fluctuations and risks. 
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