
 
J. COMBIN. MATH. COMBIN. COMPUT. 127b (2025) 9557--9571  

 

 

  

 

Journal of Combinatorial Mathematics 
and Combinatorial Computing 
www.combinatorialpress.com/jcmcc 

 
Optimization of Random Forest Algorithm and Research on 
the Effectiveness of its Application in Stock Index 
Forecasting 
 
Jingdan Luo1, Yang Shen1,✉ 
 
1 Guilin Institute of Information Technology, Guilin, Guangxi, 541000, China 

 
ABSTRACT 
Random forest algorithm is a kind of integrated learning algorithm with strong universality, high 
prediction accuracy and not easy to overfitting, and strong stability in stock index prediction 
application. This study constructs a stock index prediction model based on the random forest 
algorithm, and predicts the stock index futures price state according to the iteration of the decision 
tree in the random forest algorithm. Then we propose to use the regular term and ARMA-GARCH time 
series forecasting model to optimize the overfitting and large forecasting errors in the Random Forest 
model to achieve the construction of stock index forecasting optimization model. It is verified that the 
average absolute error of the random forest optimization model proposed in this paper is only 0.0316 
in stock index forecasting, and the robustness in stock index forecasting is excellent. The empirical 
application results of stock index forecasting show that the accuracy of this paper's model for CSI 300 
and CSI 500 indexes is above 90%, and the total return of the strategy during the backtesting period 
is relatively high. The practical application of the stock index forecasting model proposed in this study 
has the value of further research, which can provide reference and guidance for investors. 

Keywords: random forest; regular term; ARMA model; GARCH model; stock index forecasting 
 

1. Introduction 

Random forest algorithm is an integrated learning algorithm, the essence of which is to form a random 
forest model from multiple decision trees [1]. It constructs multiple decision trees and synthesizes 
their prediction results to obtain more accurate prediction results. Each decision tree is independent, 
based on random sampling of samples and random selection of features, different tree structures are 
constructed, and ϐinally the average or voting results of each decision tree are obtained [2-3]. The 
advantages of the random forest algorithm include high accuracy and the ability to handle high-
dimensional data [4-6]. The decision tree of random forest is a sequence of segmentation by a set of 
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features, where one optimal feature is selected for segmentation at a time, and after the segmentation, 
the data is divided into two subsets [7-8]. The subsets are partitioned by recursion until the ϐinal leaf 
node satisϐies certain conditions, such as the number of data reaches a certain threshold or the 
information entropy is low to a certain degree. Random forests can be used in a variety of situations 
such as classiϐication and regression problems, the most commonly used of which is the binary 
classiϐication problem. It has been widely used in the ϐields of food quality testing, medical diagnosis, 
marketing analysis, and credit assessment [9-12]. 

However, with the increase of data volume and problem complexity, the defects of the random forest 
algorithm have gradually appeared, such as large computational volume and easy to be affected by 
noisy data. In order to reduce the computational complexity of the random forest algorithm, 
researchers have proposed a variety of optimization methods. Among them, feature selection-based 
optimization method is an effective means, which reduces the computation by selecting important 
feature subsets to construct decision trees [13-14]. In addition, the computational efϐiciency of 
Random Forest algorithm can be signiϐicantly improved by using parallel computing technique [15]. 
For the overϐitting problem, researchers have proposed various methods. Among them, Out-of-Bag 
(OOB) is a commonly used technique. By setting aside a portion of data as a validation set when 
constructing each decision tree, the generalization ability of the model can be evaluated, thus 
preventing overϐitting [16-18]. In addition, pruning techniques can be used to simplify the structure 
of decision trees and reduce the risk of overϐitting [19-20]. In addition, data noisy data has a large 
impact on the performance of random forest algorithm. In order to deal with noisy data, researchers 
have proposed some anti-interference measures, such as through the integrated learning method, the 
prediction results of multiple models are synthesized, which can reduce the impact of noisy data on 
the model performance [21-22]. However, the current random forest algorithm still has the 
disadvantages of frequent training time, high computational overhead, black-box model, and not good 
at dealing with sparse data, which need to be further optimized. 

In this paper, the state of stock index futures price is classiϐied as rising or falling, on the basis of 
which the stock index forecasting problem is transformed into a classiϐication problem, and the 
combined iterative improvement of decision tree in the random forest algorithm is utilized to realize 
the stock index forecasting, and the regular term is used to alleviate the overϐitting problem of the 
model and to smooth the stock index forecasting results of the random forest model. Then use the time 
series forecasting ARMA model to predict the lag term of the random forest stock index forecasting 
error, and use the GARCH model to portray the residual term of the ARMA model to construct the 
ARMA-GARCH model. The model is used to optimize the random forest model to reduce the error of 
stock index forecasting results. The stock index forecasting performance and robustness of the random 
forest optimization model are tested and analyzed by the stock index forecasting model robustness 
test index. Then, CSI 300 index and CSI 500 index are selected for empirical application of stock index 
forecasting to analyze the stock index return prediction of the random forest optimization model and 
the strategy return under the application of the model to explore the application effect of the random 
forest optimization model in stock index forecasting. 

2. Method 

2.1. Random Forest-based Stock Index Forecasting Models 

Random forest is an integrated learning algorithm based on decision trees, which can be applied in 
similar occasions such as predicting the price rise and fall of stock index futures [23]. The basic 
prediction unit of the model is the decision tree, and the combination of the decision tree model is 
iteratively improved to achieve the purpose of improving the prediction effect. In the speciϐic process 
of improving the decision tree, the model is iteratively improved based on the direction of the gradient 
of the error that exists in the prediction of stock index futures, and according to the formula (1), the 
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combination of the error situation to form a weight vector, and the combination of the decision tree 
model produced in the training, to form the overall prediction results: 
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Where   represents the progress of updating the weights during the iterative process, the value, if 
taken smaller, the random forest uses a smaller magnitude to update the weights, which helps to 
improve the accuracy of the prediction of stock index futures rise and fall, but also brings the risk of 
overϐitting. 

When predicting the price rise and fall of stock index futures, the random forest model has the 
following characteristics. 
1) The random forest model has good predictability. Since the model is based on the second-order 
Taylor expansion of its loss function, it can be more carefully used to improve the ϐitting degree of the 
loss function in the iteration, which helps to improve the predictive effect of the model. At the same 
time, the combination of regular terms in the model also avoids the overϐitting of the Random Forest 
model in the prediction of time series models such as stock index futures prices, and improves the 
robustness of the model prediction. 
2) The random forest model has good robustness. The random forest model uses random sampling 
and other strategies to form a collection of random samples from the stock index futures price data 
collection, and forms a training model based on the randomly selected sample collection, reducing the 
interference of the noise that may exist in the sample on the prediction results, and reducing the 
impact of various types of abnormal data in the sample, enhancing the robustness of the model. 
3) The random forest model can adapt to non-linear prediction scenarios. The stock market 
represented by stock index futures has a certain degree of validity, and the inϐluence of various factors 
on the price of stock index futures is not linear, thus causing the common ARMA time series, logistic 
regression and other linear models are not well adapted to this kind of prediction scenario. However, 
there are certain nonlinear mechanisms in the random forest model for ϐitting the possible nonlinear 
effects, thus improving the predictive ability of the model. 

Therefore, based on the applicability of the random forest model to the prediction of stock index 
futures price rise and fall analyzed above, this paper chooses this model to construct the ϐinal 
prediction model. 

Moreover, in order to facilitate the analysis of the stock index futures rise and fall problem and to 
provide reference for the subsequent construction of trading strategies, this paper classiϐies the state 
of daily stock index futures prices as rising or falling, and transforms the prediction problem into a 
classiϐication problem, which can therefore be represented using the random forest model of (3): 

     
1

ˆ, 2 log 1 exp 2
q

i i i i
i

L y y y p


    (3) 

where   ,i ix y   represents the historical sample data of stock index futures, where 
 1 2, ,i i i qix x x x   denotes the indicators entered into the random forest model. iy  represents the 

rise and fall of stock index futures at the i th trading day. Then, based on the theory of the random 
forest model, (4) can be used to represent the prediction model, where K  represents the number of 
decision trees formed in the modeling process: 
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Where, kf  denotes that the function when the knd decision tree is used to predict the price rise 
and fall of the stock index, and the prediction objective can be expressed by Equation (5): 
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In Eq. (5), the ϐinal prediction results of the rise and fall of stock index futures are formed by 
synthesizing the decision tree models generated in the learning process and based on different weights 
as well as the joint mechanism, and then iterative learning is carried out based on Eq. (6), which is 
used to update the weights corresponding to the different decision trees in each round of the learning 
process: 
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where ˆ tiy  represents the prediction result of the Random Forest model for the stock index futures on 
day i  in t  rounds of iterations, and further expansion of Eq. (6) leads to Eq. (7): 
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Where, ( )( )t q xf x   , tR   ,  : 1, 2,3dq R T   ,    represent the ratio of leaf nodes in the 
overall decision tree nodes during the construction of the model, and q   represents the speciϐic 
structural information of the decision tree formed during the construction of the model. 
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      is a regularity term that is used to smooth the prediction results of the 

random forest model for the stock index to mitigate the overϐitting problem. Where T  denotes the 
leaf node size of the decision tree generated in the model. Since the decision tree is the basic prediction 
unit in the random forest and branching is required for its construction, it is represented by 

  |j iI i q x j   and can be further varied from (7) to the form of (8): 
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To further solve the objective function, we can assume 
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The ϐinal objective function of the random forest to predict the price movement of stock index 
futures is obtained and denoted as: 
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2.2. ARMA-GARCH based random forest optimization method 

2.2.1. Model Optimization Principles: 

1) ( , )ARMA i j  Model. ARMA model [24] is a time series forecasting method. Currently, the model is 
widely used in linear time series forecasting. Among them, the general expression of the i nd order 
autoregressive model  AR i  is: 

 1 1 2 2t t t i t i ty c y y y e           (11) 

In the above equation, c   is the constant term, 1 2, , , i     is the autocorrelation coefϐicients of 
each order, and te  includes all the new information that the series could not be explained by past 
values in period t . Therefore, te  and  1, 2,3t iy i    are independent of each other. 

And the j  th order moving average model  MA j   uses the lag term of prediction error te   to 
further improve the predicted value of the model with the general expression: 

 1 1 2 2t t t t j t jy e e e e        (12) 

In the above equation, 1 2, , , j     is the moving average coefϐicient of each order. 
If the time series contains both an autoregressive and a moving average component, the two models 

can be combined to obtain the classical ( , )ARMA i j  -model, which has the following general 
expression: 
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2) Model ( , )GARCH p q . The general expression for the ( , )GARCH p q  model is given below: 
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In the above equation,   is the conditional mean term of the model and te  is the residual term 
whose conditional variance varies over time. p  is the order of ARCH, q  is the order of GARCH, i  
and j  are the coefϐicients of each term, these coefϐicients are required to satisfy the non-negativity. 
The GARCH model [25] can be generalized in several ways, for example, the model's conditional mean 
can not be a ϐixed value, using the ARMA model to be engraved, while the residual term of the ARMA 
model and then use the GARCH model to be engraved, then the generalization of the model is 

( , ) ( , )ARMA u v GARCH p q  model and its expression is: 
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2.2.2. ARMA-GARCH modeling. Based on the above analysis, this paper proposes ARMA-GARCH 
model for the improvement and optimization of Random Forest stock index forecasting model, there 
are six main steps in the modeling of ARMA-GARCH model, the speciϐic process is as follows. 
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1) White noise test on the sequence, if the sequence is white noise then the modeling is over, otherwise 
go to step 2. 
2) Smoothness test of the series, if the series is not smooth, then the difference operation to make it 
smooth, to be smooth data into the third step. 
3) Determine the alternative orders of the model by autocorrelation function and partial 
autocorrelation function, and set the order of the ARMA model according to the AIC and BIC criteria. 
4) Estimate the parameters of the model and test the residuals of the model for ARCH effect, if there is 
no ARCH effect, the ARMA model establishment is completed, and residuals diagnosis and prediction 
can be carried out, etc. If there is ARCH effect, then go to the ϐifth step. 
5) Fix the order of the GARCH model and determine the distribution of its new interest, which is 
usually determined using the AIC and BIC criteria; 
6) Estimate the coefϐicients of the ARMA-GARCH model, modeling is completed, and residuals are 
diagnosed and predictions are made, etc. 

2.3. Optimization model construction for stock index forecasting 

The expression of the proposed Random forest-ARMA-GARCH combination model in this paper is as 
follows: 
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 (16) 

Where,  tf x  is the value ϐitted by the random forest model, do white noise and smoothness test 
on the ϐitted residuals tu , if the residuals sequence is not white noise and smooth, then construct 
ARMA model to ϐit the residuals, and then ARCH test on the residuals ϐitted by the ARMA model, if 
there is a conditional heteroskedasticity property, then construct GARCH model, otherwise do not 
construct GARCH model. 

The ϐlowchart of the Random forest-ARMA-GARCH model obtained after the optimization of the 

random forest algorithm is shown in Fig. 1. The input part is the training set   
1

,  
T

t t t
x close


, where 

 ,1 ,, ,t t t Mx x x   , and 1T    period input variables 1Tx   . The output part is the prediction result 

1Tclose  . 
1) Calculate the correlation coefϐicients between each feature and the target variable separately, and 
rank the importance of the features according to the calculation results; establish a random forest 
model, and rank the features according to the importance of each feature to the model; synthesize the 
results of feature importance obtained from these two feature screening methods, and select  top k  

feature to form a new training set   
1

,
T

t t t
x r


  , where  ,1 ,, ,t t t kx x x      is the input variable of the 

random forest. 
2) According to the feature selection results in step 1, a new input variable  1 1,1 1,, ,T T T kx x x       can 
be obtained from  1 1,1 1,, ,T T T Mx x x    . 
3) Train the random forest model in the training set and use the Bayesian optimization algorithm to 
select the optimal parameter set. 
4) Fit the training set on the trained random forest to get the ϐitting result  if x , and according to Eq. 

 i i ie y f x  , get the residual time series  
1

T

t t
u


 of the training set. 
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5) Do white noise test on  
1

T

t t
u


 . If the sequence is not white noise, perform the following steps 

sequentially, otherwise, go to step 11. 

6) Construct an ARMA model for the residual time series   1

T

t t
u


, whose order is determined using the 

autocorrelation function, partial autocorrelation function, and the AIC and BIC criteria, so that the 

residual time series   1

T

t t
e


 of the ARMA model can be obtained. 

7) Do the conditional heteroskedasticity test on   1

T

t t
e


. If there is an ARCH effect on the residual series, 

perform the following steps sequentially, otherwise go to step 10. 
8) Fit to obtain parameter , , , ,i j i j     , thus building a combined forecasting model. 

9) Use the 1t  -period input variables obtained in step 2 and the residual time series   1

T

t t
u


 obtained 

in step 4 as inputs to the combined model to obtain 1tclose   and 1t  , respectively, and transfer to 
step 12. 
10) At this point, the random forest-ARMA model is constructed, using the 1t  -period input variables 

obtained in step 2 and the residual time series   1

T

t t
u


  obtained in step 4 as inputs to the random 

forest-ARMA model to obtain 1tclose  . 
11) Use the 1t  -period input variables obtained in step 2 as inputs to the random forest model to 
obtain 1t  -period predictions  1tf x  , let  1 1t tclose f x   . 
12) Output the prediction 1tclose  . 

Preprocess the dataset and 
perform feature filtering

Train the Random forest 
model

Determine whether
 the model residuals are 

white noise

Determine whether
 the residuals have ARCH 

effect

Construct Random forest-
ARMA-GARCH vinegar.

Construct Random forest-
ARMA model

Construct 
ARMA model

Construct Random forest 
model

Tuning the model 
using algorithm

N

Y N

Y

 

Fig. 1. Random forest-ARMA-GARCH model ϐlow chart 
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3. Results and discussion 

3.1. Stock Index Forecasting Model Robustness Tests 

3.1.1. Robustness assessment indicators. In order to analyze the robustness and predictive 
performance of the model in stock index forecasting, this paper will refer to the following six 
evaluation metrics commonly used in machine learning. 
1) Mean Absolute Error (MAE), which is the average of absolute errors: 

 

1

1 N

t t
t

MAE r r
N 

   (17) 

Where tr  is the actual rate of return at moment t ; t̂r  is the expected rate of return at moment t . 
2) Mean Square Error (MSE), is the average of the sum of the squares of the differences between the 
predicted and true values: 

  2
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N 
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3) Root Mean Square Error (RMSE), the square root of the mean of the squared differences between 
the predicted and true values: 

  2
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RMSE r r
N 
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4) Deviation calculates the expected value of the difference between the predicted and true values: 

 
t tBias E r r     (20) 

5) The variance represents how well the model obtained by training with the samples performs in the 
test set: 

   
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6) HitRatio, which measures the percentage of predictions that are correct in the predicted direction: 

 

ˆ{ * 0
1

      
     

     

 

1
1

t

N

r r
t

H
i

Number of times direct
a

ion prediction was correct
Number of correct direct on predictions

number of incorrect direction pred i

it r tio

N

ict ons




 
 





 



 (22) 
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3.1.2. Results of comparative robustness analysis. The experimental data for the comparative 
evaluation of stock index forecasting models in this paper come from the Wind Financial Database. In 
order to comprehensively and systematically compare the robustness of various machine learning 
forecasting models in stock index forecasting, the input features of all the models are the 1-minute 
price-volume information and technical indicators, and the logarithmic returns of the output stock 
index futures are forecasted, and the experiment adopts the cross-validation method by selecting 2 
months as the training set and 1 month as the test set. First, at the end of each month, this paper tunes 
the parameters of each stock index forecasting model with the known most recent 2-month data, and 
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then uses the tuned model to forecast the log return of stock index futures for the latter 1 month. 
Calculations are performed based on the six assessment metric formulas, and the overall forecast 
robustness performance and accuracy of each model are shown in Table 1. In terms of mean absolute 
error (MAE), mean square error (MSE) and root mean square error (RMSE), these metrics (0.0316, 
0.00256, 0.0493) of the improved and optimized Random forest-ARMA-GARCH model proposed in this 
paper are signiϐicantly smaller than those of the other models, which indicates that the difference 
between its predicted value and the true value is minimal. The reason for the larger error in the 
decision tree model in the comparison model is that most of the predicted values are smaller than the 
true values, while the random forest model and the neural network model have a larger error because 
many of the predicted values are much larger than the true values. 

Table 1. Analysis of performance indicators of different models 

Model MAE MSE RMSE Bias Variance Hit ratio 

Decision tree 0.0492 0.00318 0.059 3.12E-04 3.73E-03 0.5031 

Random forest 0.0491 0.00305 0.0585 3.09E-04 3.37E-03 0.5141 

XGBoost 0.0388 0.00305 0.0573 3.88E-04 3.07E-03 0.5154 

Neural network 0.0385 0.00293 0.0548 3.30E-04 1.73E-03 0.5213 

Support vector machine 0.0352 0.00285 0.0507 3.72E-04 1.32E-03 0.5359 

Random forest-ARMA-GARCH 0.0316 0.00256 0.0493 3.65E-04 1.05E-03 0.5256 

Comparing the analysis results of Hit Ratio indicators in the above results, it can be found that the 
accuracy of the Random forest-ARMA-GARCH model proposed in this paper in predicting the direction 
is relatively high (0.5256), and in order to make a better comparison, this paper carries out a further 
analysis based on the Hit Ratio of each prediction window. The results of the analysis of the predicted 
Hit Ratio metrics for each window of each model are shown in Table 2, although the average Hit Ratio 
of the neural network model is the highest (0.5282), there is a window (June) of only 0.4927, and the 
excessive ϐluctuation of the Hit Ratio indicates that the prediction accuracy is not stable. On the 
contrary, in the Random forest-ARMA-GARCH model, the Hit Ratio is kept above 0.5156 (0.5156-
0.5374), so the prediction accuracy is relatively high and stable compared with other models. Based 
on the above analysis, the improved and optimized Random Forest model proposed in this paper has 
the best overall performance in terms of the robustness of the prediction of stock indices, including 
the smallest model error indexes, the bias-variance trade-off that reduces both of them to the order of 
magnitude of 510  and below, as well as the prediction accuracy and the stability of the accuracy are 
both excellent. 

Table 2. Each window predicts the Hit Ratio 

Model 
Decision 

tree 

Random 

forest 

XGBoo

st 

Neural 

network 

Support vector 

machine 

Random forest-ARMA-

GARCH 

March 0.4932 0.5019 0.4977 0.5149 0.5129 0.5156 

April 0.4784 0.5004 0.4936 0.522 0.5092 0.5252 

May 0.4981 0.5072 0.5147 0.5195 0.5109 0.5197 

June 0.4645 0.506 0.4776 0.4927 0.5044 0.5374 

July 0.4616 0.502 0.4863 0.5434 0.5017 0.5344 

August 0.4561 0.5031 0.465 0.5461 0.5083 0.5237 

Septemb

er 
0.4576 0.5077 0.4953 0.5342 0.5057 0.5244 

October 0.4852 0.5084 0.4989 0.5274 0.5012 0.5238 

Novembe

r 
0.4992 0.5049 0.4603 0.5336 0.5111 0.5364 



9566 LUO AND SHEN 

 

Decembe

r 
0.4640 0.5026 0.5172 0.5482 0.5193 0.5332 

Average 0.4758 0.5044 0.4907 0.5282 0.5085 0.5274 

3.2. Analysis of empirical stock index forecasting applications 

3.2.1. Data Selection and Description: 

1) Selection of Technical Indicators. Technical indicators are calculated based on stock index time 
series data, and can be used to measure the proϐitability, solvency and operational capacity of the 
sample stocks included in the stock exchange. The technical indicators selected in this paper are 
relatively commonly used by investors and investment institutions, covering both fundamental 
analysis indicators and dynamic indicators, which can measure the trend of stock index data from 
multiple perspectives. The selected technical indicators include market capitalization (CMV), return 
on equity (ROE), return on assets (ROA), current ratio (CR), price-earnings ratio (PE), price-to-book 
ratio (PB), earnings per share (EPS), dividend yield (DY), relative strength index (RSI), exponentially 
smoothed moving average of differences and similarities (MACD), and momentum indicator (MOM). 
(b) Experimental data. 

2) Experimental Data. In this paper, two stocks, CSI 300 index and CSI 500 index, are selected as the 
object of empirical application analysis. The CSI 300 is the core index of China's A-share market, 
reϐlecting the comprehensive movements of the top 300 representative stocks in the Shanghai and 
Shenzhen markets in terms of liquidity and size. The sample stocks included in CSI 300 are similar to 
the industry distribution of the market and cover most of the current market capitalization. After 
excluding the constituents of CSI 300 and the top 300 stocks in terms of total market capitalization in 
the A-share market, the top 500 stocks in terms of total market capitalization are the sample stocks of 
the CSI 500 Index, which reϐlects the consolidated changes in the value of small and mid-cap 
companies. The CSI 500 Index is calculated in the same way as the CSI 300 Index, but the difference 
lies in the composition of its constituents. The sample stocks of the CSI 300 Index are mainly large-cap 
stocks, which are large in size, competitive, sound in operation and have good performance, while the 
sample stocks of the CSI 500 Index are mainly small and mid-cap stocks, which have good growth and 
high development potential. 

Since the data set is ϐinancial time series data, there are some noise values and outliers, for this part 
of the data to take data smoothing method. Because the numerical magnitude of each technical 
indicator is different, it is necessary to standardize the sequence of each technical indicator to 
eliminate the effect of magnitude, so as to map all the data into the range of [-1, 1]. The time span of 
the experimental data is 2021.1.1-2023.12.31, and the data of each technical indicator within 3 years 
are obtained to form the experimental sample space, and each trading day data is taken as a sample 
for calculation. The data from 2021.1.1-2022.12.31 is used as the training sample set for model 
training and parameter tuning, and the data from 2023.1.1-2023.12.31 is used as the test data set for 
evaluating the model's stock index prediction effect. 

3.2.2. Equity index yield forecasts. The preprocessed technical indicators are used as feature inputs, 
and the returns are used as labeled values to predict the CSI 300 and CSI 500 index data sets within 
the interval of 2023.1.1-2023.12.31 on the modiϐied random forest model, and compare them with the 
actual returns, and the outputs of the comparison results are shown in Fig. 2, with (a) and (b) 
representing the results of analyzing the returns of the stocks CSI 300 and CSI 500 index yield analysis 
results. The return volatility of CSI 300 is slightly larger than that of CSI 500, but the overall volatility 
trend of the returns of large-cap and small- and mid-cap stocks is similar from the time level. And the 
improved random forest model has better yield prediction effect on CSI 300 index data set and CSI 500 
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index data set, although there are still some deviations, the overall yield trend prediction is more 
accurate, and the prediction accuracy is 95.62% and 91.42% on average, respectively. 

 

(a) Shanghai and Shenzhen 300 

 

(b) Certiϐicate 500 

Fig. 2. Earnings forecast analysis results 

3.3. Backtest analysis of model application strategies 

3.3.1. Strategy evaluation indicators. This paper uses cumulative return, maximum retracement, and 
the traditional Sharpe ratio as evaluation metrics for trading strategies. 
1) The maximum retracement, which is the maximum value of the magnitude of the return 
retracement when the price reaches the lowest point looking backward at any point in the selected 
time period, can represent the worst case scenario that will happen with probability in the trading 
process, and is a very important risk indicator. The formula is: 

 max max i j

i

P P
Drawdown

P

 
  
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Where iP  is the price on day i ; jP  is the price on day j , i j . 
2) The traditional Sharpe ratio studies the size of the excess return of the portfolio while bearing a unit 
of total risk, the index can be the classic indicator of risk and return of the two integrated consideration, 
the formula is: 
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where  PE R   is the expected rate of return, fR   is the risk-free rate of return, and P   is the 
standard deviation of excess returns. 

3.3.2. Strategy backtesting results. This paper takes stock trading strategy as the starting point, 
imports the prediction results of Random forest-ARMA-GARCH model into the trading platform, and 
constructs trend timing strategy based on it. The results of the return analysis after the strategy runs 
backtest are shown in Figure 3. First, from the perspective of total return, the average total return of 
the strategy (91.57%) far exceeds the benchmark return (16.40%). The strategy return curve in red in 
the ϐigure is signiϐicantly higher than the benchmark return curve in black for most of the time. This 
suggests that over the long term, the strategy delivers higher returns and more lucrative proϐits for 
investors. Second, the volatility of the strategy's returns did not become greater as returns increased. 
On the contrary, the volatility of the strategy's return curve is relatively small, showing better stability. 
This reϐlects the strategy's pursuit of returns while taking into account risk control, reϐlecting a high 
investment value. Finally, even during periods of low benchmark returns, the strategy's returns have 
remained at a relatively high level, which indicates that the strategy has a certain degree of ϐlexibility 
and can still maintain its excellent return performance under different market conditions. All in all, the 
strategy's return has the advantages of higher total return, lower volatility and higher ϐlexibility than 
the benchmark's return. 

 

Fig. 3. Comparison of strategy returns and benchmark returns 

The strategy can be further analyzed in a comprehensive manner by calculating the common 
evaluation metrics for strategy backtesting, which are shown in Table 3, along with the results. The 
total return of this strategy during the backtesting period is 176.88%, which means that the 
investment amount has increased by 176.88%, i.e., based on the initial investment amount, the 
adoption of this strategy is able to obtain nearly twice the return. The Sharpe ratio is 4.521, which 
indicates that the excess return obtained by this strategy per unit of total risk taken is much higher 
than the average, indicating that its risk-adjusted return is excellent. The maximum retracement was 
11.62%, which is very small relative to the total return, indicating that the strategy suffered a low 
capital loss in the event of a market decline. The Beta coefϐicient is 0.559, which is much lower than 1, 
indicating that the strategy has low market risk sensitivity, does not incur substantial losses due to 
market volatility, and has good market independence. The proϐit-loss ratio is 5.213, which means that 
the average gain of proϐitable trades of this strategy far exceeds the loss of average losing trades, and 
even if the losing trades occur, their impact on the overall return is small. Summarizing the 
performance of the strategy's indicators, it can be concluded that the trend timing strategy constructed 
based on the optimized random forest model performs well in terms of return, risk measure and 
trading evaluation. It not only delivers high returns, but also does a good job in risk control and 
maintains stable performance even under unfavorable market conditions. In addition, the high win 
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rate and high proϐit/loss ratio are further evidence of the effectiveness and proϐitability of its trade 
execution. 

Table 3. Evaluation metrics for trend timing strategy 

Type Index Numerical value 

Yield type 
Gross yield 176.88% 

Annual yield 91.57% 
Excess yield 124.62% 

Risk measurement 

Sharpe ratio 4.521 
Sotanol ratio 7.694 

Peak back 11.62% 
Beta coefficient 0.559 

Transaction evaluation type 
Odds 0.784 

Break-even ratio 5.213 

4. Conclusion 

In this paper, ARMA-GARCH model is proposed to predict the error generated by Random Forest model 
in the process of stock index forecasting, in order to improve the performance of Random Forest 
algorithm in stock index forecasting, and construct Random Forest-ARMA-GARCH stock index 
forecasting model. The prediction performance and robustness of the optimization model are 
examined, and the application effect of the model in stock index prediction is analyzed empirically, and 
the results show that: 
1) The average absolute error (0.0316), mean square error (0.00256) and root mean square error 
(0.0493) of the improved optimized stock index forecasting model proposed in this paper are 
signiϐicantly smaller than those of other comparative models in terms of robustness test, and the 
values of Hit Ratio indicator are kept above 0.5156 (0.5156-0.5374), which is relatively high and more 
accurate in forecasting than other models. The prediction accuracy is relatively high and stable 
compared with other models. 
2) In the empirical prediction of CSI 300 and CSI 500 indices, the model of this paper is more accurate 
in predicting the overall return trend of stocks, with an average prediction accuracy of 95.62% and 
91.42%, respectively. It is also found that the total return and proϐit/loss ratio of the stock strategy 
under the model application for the backtesting period reaches 176.88% and 5.213, respectively, 
which means that the average gain of proϐitable trades of this strategy far exceeds the loss of average 
losing trades. 

In summary, according to the experiments designed and results obtained in this paper, the 
optimized Random Forest stock index prediction model using ARMA-GARCH model is suitable for the 
prediction of the rise and fall of the stock price index as well as the construction of quantitative trading 
strategies, and the ϐindings of the study can provide a certain reference basis for both institutional 
investors and individual investors. 
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