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Abstract

The Shanghai composite index is an important index that general investors pay close attention to.
Shanghai composite index, which not only reflects the basic situation of the stock market in our
country, but also takes an important guiding role to our economy. Prediction of Shanghai compo-
site index and trend analysis plays an important role to stabilize market and guide investors. And
stock market data are a typical nonlinear system; traditional statistical forecasting methods pre-
dict a low accuracy. In this paper, we use R software comprehensively and combine with the latest
six kinds of methods in machine learning field, decision tree, boosting, bagging, random forests,
support vector machine (SVM), neural network to train the training set, respectively, get the cor-
responding model. And set up the corresponding ten-fold cross validation to calculate the predic-
tion mean square error of each method for comparison. Select the model with better effect, and
make a visualized comparison between prediction data and real data. Analysis shows that the re-
sults of random forests, SVM are more fitting, and have high precision.
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Figure 1. Decision tree diagram
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library(""neuralnet");library("MASS");v=w;v8v5=v§v5/max(w[,5]);set.seed(1010)#wSv5<=max(w[,5])
b=neuralnet(v5~v1+v2+v3+v4,data=v,err.fct="sse";hidden=6,linear.output=F ALSE);plot(b)
Horph e 2 &, W 2.
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Figure 2. Randon forest diagram
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Table 1. Mean square error of ten fold cross validation for six kinds of machine learning methods
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Figure 3. Four machine learning methods to predict the values and the real value of the visual comparison
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