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ABSTRACT 
As an essential part of risk investment and a microcosm of the national economy, predicting the stock market’s change 
accurately and efficiently becomes extremely important. The purpose of this paper is to evaluate the accuracy of SVM 
and LSTM models to judge whether the Efficient Markets Hypothesis (EMH) is correct or not by predicting the typical 
stock indexes of the relatively mature American stock market and the gradually mature Chinese stock market. Therefore, 
this article applies the Kaggle Data Set to predict the stock price of S&P 500 and SSEC from January 01, 2013 to 
January 01, 2018 by using both the LSTM model and the SVM model. First, this paper compares the predicted trends 
with the actual trend respectively. Second, this paper compares the two stocks and concludes the efficiency of markets 
in different countries. Third, this paper analyzes the influence of different policies on stock market fluctuation to explain 
the unpredictable change in the stock market. Finally, according to the results, the statistically significant conclusions 
are drawn that LSTM is more stable and accurate than SVM in the stock indexes prediction and American stock market 
is more effective than the Chinese stock market. Therefore, relevant forecasters can be more inclined to use LSTM 
model when making predictions.  
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1. INTRODUCTION 

Since the establishment of the stock market, there has 
been substantial active trading activities. The common 
consensus of the stock market is that it changes from 
moment to moment. As the financial market is constantly 
changing, the financial derivatives are also constantly 
changing, which leads to the uncertainty of investment 
returns. Besides, the stock market variations, for instance, 
short selling, may result in various perils, such as stock 
market crashes. What’s more, stock analysis costs 
substantial time and money to form investors' own 
investment experience, which is highly subjective. [1]  

However, applying computers to spontaneously study 
and analyze historical data in the market and form models 
to predict the future trend of stocks can not only reduce 
the cost of manual learning but also avoid investors being 
affected by subjective market sentiment. Therefore, 
many scholars are also constantly exploring the role of 
machine learning in the stock market which is why many 
quantitative hedge funds and stock trading firms hire 
millions of Mathematics PHDs and Physics PHDs to find 
the law of stock migration using various models. [2] Of 
hundreds of models which we are familiar with, the Long 
Short-term Memory (LSTM) model and the Support 

Vector Machine (SVM) are commonly used. The LSTM 
model uses known stock market data to analyze the ups 
and downs of a given period and predict whether a stock 
will rise or fall next. The problems of gradient 
disappearance and gradient explosion in long sequence 
training could be solved by its advantages in sequence 
modeling and long-term memory. [3] The SVM model is 
based on nonlinear mapping theory. The core of the 
support vector machine method is the idea of the optimal 
hyper plane of feature space partition and maximization 
of classification margin. It is crucial in classification 
decision making.  

To make full use of our knowledge, this paper makes 
the following arrangements. First, the paper briefly 
introduces the Efficient Markets Hypothesis (EMH) to 
draw forth the idea that investors are difficult to obtain 
excess profits higher than the market average especially 
by analyzing past prices. Second, the paper collects the 
data of stock price from the Kaggle Data Set and 
leverages LSTM and SVM models to predict the stock 
price changes of S&P 500 and SSEC during the period 
from January 01, 2013, to January 01, 2018. Then, the 
paper finds out the LSTM model is much better than the 
SVM model by comparing different prediction results 
with the actual stock price. Finally, the paper analyses the 
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market efficiency by comparing the stock trend charts of 
S&P 500 and SSEC. The paper also analyses the different 
macroeconomic policies of the two countries to make a 
conclusion that the market of the USA is more efficient 
than the market of China and it is quite important to make 
a fundamental analysis. 

This paper is constructed as follows. Section 2 
reviews the literature. Section 3 shows the data and the 
methods. Section 4 compares the results. Section 5 draws 
the conclusion. 

2. LITERATURE REVIEW 

The Efficient Markets Hypothesis (EMH) was put 
forward by Fama in 1965. It states that a security market 
is efficient if its prices fully reflect all available 
information. This assumption assumes that people are 
rational economic agents. The weak, semi-strong, and 
strong form hypotheses are the three forms of efficient 
market hypothesis, and the three forms are progressive. 
[4] 

The weak form hypothesis holds that market prices 
have fully reflected all historical security price 
information, including various prices and quantities of 
stocks. The semi-strong form hypothesis indicates that a 
company's condition can be fully represented by prices, 
including stock prices and trading volumes mentioned in 
the first hypothesis, as well as macroeconomic aspects 
and financial reports that can reflect a company's 
operating and financial conditions. The last strongly 
efficient market hypothesis reveals that both publicly 
available information and undisclosed information are 
already reflected in prices. [5] 

However, since there is no specific measurement 
standard for market effectiveness, different scholars have 
tested market effectiveness empirically through different 
methods. Autocorrelation test, run test, unit root test, and 
variance ratio were used to test the weak-form market 
efficiency of stock market returns in Asia-pacific markets. 
[6] They concluded that monthly prices did not follow a 
random walk across all countries in the Asia-Pacific 
region, meaning investors could profit from the arbitrage 
process. 

Many existing works on the stock predictions are 
based on Linear Regression. [7] [8] It can tell on average, 
what has been the past trend. The prediction will be quite 
accurate only if the future trend happens to be the same 
as the past trend. In reality, it is always possible that the 
trend reverses which the linear forecast can never reveal. 
Therefore, more complex models should be chosen in 
order to cope with the variability in the actual data. [9] 

 

 

 

3. DATA AND METHOD 

3.1. Data 

The statistics of this article are based on the Kaggle 
Data Set (http://www.kaggle.com) to predict the stock 
price of S&P 500 and SSEC from January 01, 2013 to 
January 01, 2018 and build a moving window that uses 
the first 5 days’ data to predict the sixth day’s data. 
Besides, 80% of the overall data is taken as the training 
set of the model and 20% is taken as the test set of the 
model. To predict the accuracy of LSTM and SVM, the 
paper uses the Mean Square Error loss function and the 
Adam optimizer. At the same time, Root Mean Square 
Error (RMSE) is used to evaluate the accuracy of 
prediction.  

Through visualizing the data in Table 1, data 
characteristics including mean, standard deviation, 
minimum and maximum. When it comes to these 
characteristics, the index value of SSEC is consistently 
higher than that of S&P500. 

Table 1. Data description 

 S&P500 SSEC 

Mean 1698.5818 2926.0284 

Standard deviation 546.7881 758.1871 

Minimum 676.5300 1706.7000 

Maximum 2930.7500 6092.0600 

3.2. Method 

Since the traditional simple linear regression model is 
not effective in stock prediction, this article selects SVM 
and LSTM models, which have outstanding performance 
in the existing research results. [10] 

To propose the Support Vector Machine Algorithm, 
the following equation (1) represents the mathematics 
involved behind SVM, also known as the primal formula 
which subjects to formula (2) (3) (4) (5): [11] 

𝐽ሺ𝛽ሻ ൌ
1
2

𝛽ᇱ𝛽 ൅ 𝐶 ෍ሺ𝜉௡ ൅ 𝜉௡
∗ሻ

ே

௡ୀଵ

 ሺ1ሻ 

Subjects to: 

∀𝑛: 𝑦௡ െ ሺ𝑥௡
ᇱ 𝛽 ൅ 𝑏ሻ ൑ 𝜀 ൅ 𝜉௡  ሺ2ሻ 

∀𝑛: ሺ𝑥௡
ᇱ 𝛽 ൅ 𝑏ሻ െ 𝑦௡ ൑ 𝜀 ൅ 𝜉௡

∗  ሺ3ሻ 

∀𝑛: 𝜉௡
∗ ൒ 0  ሺ4ሻ 

∀𝑛: 𝜉௡ ൒ 0  ሺ5ሻ 

𝜉௡ and 𝜉௡
∗  are slack variables. The constant C is used 

to control the penalty which lies outside the epsilon 
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margin (ε), known as the box constraint, a positive 
numeric value. 

LSTM model is a special type of Recurrent neural 
network (RNN). It had a long history and was first 
proposed by Sepp Hochreiter and Jürgen Schmidhuber in 
1997. It is a special algorithm to train the data with time-
series information, that is, these data are not only 
arranged in ascending order of time, but also have a 
strong connection with the data before and after. The 
LSTM model can be summarized as the following 
equations (6) (7) (8) (9) (10) (11). For more details, 
please refer to Hochreiter. [12] 

𝑓௧ ൌ 𝜎௚൫𝑊௙ ൈ 𝑥௧ ൅ 𝑈௙ ൈ ℎ௧ିଵ ൅ 𝑏௙൯  ሺ6ሻ 

𝑖௧ ൌ 𝜎௚ሺ𝑊௜ ൈ 𝑥௧ ൅ 𝑈௜ ൈ ℎ௧ିଵ ൅ 𝑏௜ሻ  ሺ7ሻ 

𝑜௧ ൌ 𝜎௚ሺ𝑊௢ ൈ 𝑥௧ ൅ 𝑈௢ ൈ ℎ௧ିଵ ൅ 𝑏௢ሻ  ሺ8ሻ 

𝑐௧
ᇱ ൌ 𝜎௖ሺ𝑊௖ ൈ 𝑥௧ ൅ 𝑈௖ ൈ ℎ௧ିଵ ൅ 𝑏௖ሻ  ሺ9ሻ 

𝑐௧ ൌ 𝑓௧ ൉ 𝑐௧ିଵ ൅ 𝑖௧ ൉ 𝑐௧
ᇱ  ሺ10ሻ 

ℎ௧ ൌ 𝑜௧ ൉ 𝜎௖ሺ𝑐௧ሻ  ሺ11ሻ 

𝑓௧  is the forget gate. 𝑖௧  and 𝑜௧  represents the input 
gate and output gate respectively. 𝑐௧ is the cell state. ℎ௧ is 
the hidden state. 

LSTM model uses known stock market data to 
analyze the ups and downs of a given period of time and 
predict whether the stock will rise or fall next. LSTM 
model is good at sequence modeling and long-term 
memory and is easy to implement. [13] 

With the aim of the optimal hyperplane of feature 
space partition, the SVM model is based on the theory of 
nonlinear mapping, the optimal hyperplane of feature 
space partition, and the idea of maximizing classification 
margin. The support vector is the key to the SVM 
classification decision. SVM model has strict theoretical 
foundations which basically do not include probability 
measures and the law of large numbers; therefore, it is 
different from the existing statistical methods. Moreover, 
it uses deduction as a substitute for induction in the 
traditional process. SVM model also achieves efficient 
"transduction inference" from training samples to 
prediction samples, greatly simplifying the usual 
classification and regression problems. 

After the data is preprocessed, this paper normalizes 
the data first. Second, the article uses the historical data 
of the first 5 days to predict the data of the sixth day and 
build a moving window 80% of the overall data is taken 
as the training set of the model and 20% is taken as the 
test set of the model. Third, this paper builds the model 
using the Mean Square Error as the loss function and the 
Adam as the optimizer. Finally, predict data and reverse 
normalization to restore the data. Root mean squared 
error (RMSE) is used as the evaluation of the accuracy of 
prediction. Figure 1 shows the process mentioned above. 

 

Figure 1. Moving window 

4. RESULTS 

To find out which model can predict the alteration of 
stock price more accurately we based on the Kaggle Data 
Set to predict two different stocks: S&P 500 from the 
USA and SSEC from China from January 01, 2013 to 
January 01, 2018 using both the LSTM model and the 
SVM model. After the training of the sample set, the 
predicted performance of the two machine learning 
models in the test set is shown in the table. As shown in 
the following Table 2 and Figure 2 3 4 5, the blue line 
shows the real stock price, and the orange line shows the 
prediction of the stock index by SVM or LSTM mode. 
[14] 

From the line graphs above we can clearly see that the 
MSE of LSTM in S&P 500 is 3.99e-0.5 and MAE is 
0.0046 while the MSE of SVP in S&P 500 is 0.000149 
and MAE is 0.0105. For SSEC the MSE of LSTM is 
0.00027 and MAE is 0.01303 while the MSE of SVM is 
0.01689 and the MAE is 0.12716. [15] Since the LSTM’s 
numerical value of MSE and MAE are far lower than 
SVP’S that indicates the prediction ability of SVM 
fluctuates greatly, while the prediction ability of LSTM 
fluctuates less. That’s because quadratic programming is 
used to solve support vectors. However, we will have to 
calculate m-order matrices in quadratic programming. 
When it comes to a large number of samples, machine 
memory and computing time consumption are inevitable 
for matrix storage and calculation. Therefore, the SVM 
algorithm is incompatible with large-scale training 
samples. What’s more, the traditional support vector 
machine algorithm only applies to binary classification. 
However, in practice, the multi-class classification 
problems need to be solved in the data mining application. 
Since the stock market has thousands of millions of data, 
solving multiple classification problems becomes 
extremely difficult when using SVM. But for LSTM, it is 
suitable for learning time series and has a certain memory 
effect on time series sensitive problems and tasks. The 
LSTM model also adds special units of memory cells, 
such as accumulators and gated neurons. Therefore, in 
the next time step, LSTM will have a weight connected 
to itself in parallel and at the same time copy the real 
value of its own state and the accumulated external signal. 
This special implicit unit increases the network storage 
and can learn and store information for a long time. That 
is why the prediction effect of LSTM is somehow 
awesome. [16] 
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Since the fluctuation of stock price can reflect the 
current economic situation of the whole country directly, 
it is accepted by most people that the fluctuation of stock 
price can reflect all available information. [17] Through 
LSTM's analytic data shown above and the structure and 
subsequent variance ratio test, we can clearly see that 
S&P 500 and the US market represented by it are far 
better than SSEC and the Chinese market represented by 
it, in terms of overall size and market size. [18] In order 
to find out the reason for this, the paper shows the line 
graph in Figure 6. 

The black line shows the money the Fed has pumped 
into the economy, which also represents the degree of 
quantitative easing. The green line represents the overall 
U.S. stock market. [19] So we can see that from 2008 to 
2020, the U.S. stock market continued to rise rapidly with 

the central bank's injection of capital. [20] Since the stock 
market rises and falls in a positive correlation with the 
economy, just like where there is a lot of money, 
especially where there are a lot of rich people, prices will 
continue to rise, the continues raising of the US stock 
price is inseparable from the central bank's capital 
injection. [21] This paper analyzes three reasons why the 
US stock market had a 12-year bull market from 2008 to 
2020. The first reason is quantitative easing and zero 
interest rates. The second reason is tax relief, and the last 
reason is that capital continues to flow to the U.S. due to 
weak markets elsewhere after the financial crisis. 
Because of the large amount of money in the U.S. 
economy and the general confidence in the U.S. stock 
market, people would buy stocks once the U.S. stock 
market fell, and thus the overall bear market in the U.S. 
stock market did not occur in the past 12 years. [22] 

 

Figure 2. Prediction of S&P500 using LSTM 

 

Figure 3. Prediction of S&P500 using SVM 

 

Figure 4. Prediction of SSEC using LSTM 
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Figure 5. Prediction of SSEC using SVM 

 

Table 2. RMSE of results 

Stock index type RMSE of LSTM RMSE of SVM 

S&P 500 0.016 0.130 

SSEC 0.006 0.012 

 

 

Figure 6. The US Central bank injection and the stock price chart

 

Figure 7. Chinese stock price chart in 2018 

On the contrary, as Figure 7 shows, since China 
began the deleveraging policy in 2017, there is less 
money in the overall domestic economy. So, 2018 has 
been a bear market in China. [23] 

5.CONCLUSION 

In this paper, first, the stock price of S&P500 and 
SSEC from 2013 to 2018 are analyzed by using both the 
LSTM model and the SVM model. Through the analysis 
of the above two models, both the SVM and LSTM 
models can predict the stock market movements, but with 
regard to accuracy and efficiency of prediction, the 
LSTM model is far better than the SVM model due to its 
special units of memory cells and powerful network 
storage. Second, the paper compares the stock price of 
S&P500 and SSEC, at the same time discovering that 
S&P 500 representing the US market is more efficient 
than SSEC representing the Chinese market, not only in 
its cash flow but also in its market size. Third, through 
the comparison with the random walk model, the paper 
finds out that neither the prediction of LSTM nor the 
prediction of SVM performs well, and shows that there is 
much information in historical market data as input 
variables that can improve future price expectations. The 
paper explains the phenomenon by showing the stock 
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price is random walking and there are many reasons to 
cause the fluctuation of the stock price it is very 
important to focus on not only technical analysis but also 
fundamental analysis. For example, the national policy 
such as quantitative easing, tax relief, and also 
deleveraging, what’s more, the impact of public opinion 
on the industry, like when Max announced that the world 
could buy Tesla with bitcoin, causing bitcoin stocks to 
jump. 

However, there are still several aspects of this paper 
that need to be improved. First, the time interval of the 
selected training set is not long enough, so there are few 
valid out-of-sample test results. In addition, because the 
application of improved Support Vector Machine in 
inventory forecasting has not been explored, the ideal 
forecast effect has not been achieved. The results of 
support vector machines may be better if they are 
combined with some proven algorithms. In addition, the 
input characteristic variables used in the machine 
learning model in this paper are only market indicators, 
which may be difficult to extract information for the 
machine learning model. If more factors such as 
corporate financial indicators, macro and industry 
indicators can be provided as input variables, more 
conclusions can be drawn compared with the empirical 
test results in this paper. 
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