
Forecasting S&P 500 Index: 

ARIMA + GARCH, Neural Networks, and Support Vector Machine Models


Natalia Gust-Bardon


September, 2019




Introduction 

The aim of this project is to present models that can be used for forecasting on time series 
problems. We train our models on S&P 500 Index (Yahoo Finance) from 1995-01-01 to 
2018-08-01. The test set comprises 12 months (2018-09-01 to 2019-08-01). We present three 
methods: ARiMA + GARCH, Neural Networks, and Support Vector Machine.




Figure 1 presents our training set.


1. ARIMA + GARCH Model




S&P 500: 1995 − 2018
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https://finance.yahoo.com/quote/%5EGSPC/history/


Based on Figure 2, we conclude the following:


• The trend is not linear. It has three visible picks (2000, 2008, and 2015)

• There is no significant seasonal effect

• The random component seems to have a constant mean

• We can see high volatility 


Conclusion: because of high volatility, an ARIMA model would have failed to capture this 
phenomenon, as it assumes constant variance of the errors. To get rid of the trend, we take the 
first differences of the S&P500 Index.




The general upward trend has now disappeared, no seasonality is observed. The mean seems 
to be stable around 0, the changes in the variance are worrisome (Figure 3).





Time Series Plot of the First Differences of S&P 500: 1995 − 2018
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Based on ACF and PACF plots (Figure 4, Figure 5) we can conclude that the S&P500 Index 
follows a random walk process (ARIMA(0,1,0)). The auto.arima() function in R proves the same. 
Nonetheless, we violate the constant variance assumption.


We fit the ARIMA + GARCH model using garchFit() function. Table 1 shows the summary of the 
model.







The predicted values skyrocket away from the observed values (Figure 6). 


ARIMA + GARCH model does not look like a good fit for our data.


Table 1

Figure 6
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2. Neural Network 

In this section, we use feed-forward neural network with a single hidden layer and lagged 
inputs for forecasting S&P 500 Index using nnetar() function in R.







Figure 7 and Figure 8 present the forecast. 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3. Support Vector Machines (SVM)


We use tune.svm() function to find the best gamma and cost arguments. Subsequently, we use 
svm() function to fit the model.


Figure 9 shows the predicted values.




Summary 

Figure 10 shows that the closest prediction to the actual S&P 500 Index was provided by the 
Neural Networks Model and the Support Vector Machines Model. 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