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Abstract 

 

The S&P 500 (Standard & poor’s 500) is one of the most widely followed equity indices in the world. 

The SPDR S&P 500 ETF Trust (SPY) is used to track the performance of the S&P 500 index as closely as 

possible and can also be traded in the stock exchanges. Not many studies have been carried out to 

forecast daily closing prices of SPY for recent years. This study presents a time series analysis and 

forecasting of the daily closing prices of the SPY index. The dataset extends from 2000 to 2025, capturing 

key financial events, market movements and long-term growth trends. Due to high volatility, we were 

forced to consider variance equation in additional to the mean equation and the best fitted model 

identifies is ARIMA (1,1,1) + GARCH (1,1). The best fitted model was selected by comparing multiple 

parsimonious models using AIC, HQC and Schwarz Criterion. Diagnostic checks confirmed that the 

residuals were white noise, indicating that the model sufficiently captured the fundamental structure 

of the data. The model was trained using the historical data from 3rd January 2000 to 2nd April 2025 and 

validated for 3rd April 2025 to 13th June 2025. The percentage error for the testing dataset had a range of 

-13.9% to 3.9%.  The intention was to build a model and analyse the behaviour of SPY and provide 

short-term forecasts that could assist investors, business analysts, and policymakers in decision-

making. The results are a testament to the high predictive ability of the postulated model, which also 

provides a methodological framework for future predictions. 
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Introduction 

 

The ability to accurately forecast the financial markets has long been a focal point in the fields of 

Finance, Data science and Economics due to the profound role it plays in both risk management and 

investment decision making. Among the various financial instruments, the S&P 500 index is one that 

stands out, due to its prominence in manifesting the broad trend of the U.S. equity markets (Nickolas, 

2024). Hence the SPDR S&P 500 ETF Trust (SPY), which tracks the performance of that very index and 

which is also one of the most actively traded and highly influential exchange-traded funds (ETFs) is of 

paramount importance in both acting as a proxy to the U.S. Equity markets and also in reflecting 

investor sentiment and macroeconomic trends. 

  

The SPY is one of the most profound financial instruments in U.S. capital markets offering current and 

prospective investors a holistic exposure to benchmark the performance of the Equity markets via a 

single tradable security. SPY represents the collective movement of 500 of the largest U.S. companies 
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spanning various sectors and launched in 1993 (State Street global advisors, 2025). Its high liquidity, 

low transaction fees and high transparency make it an attractive investment vehicle for both 

institutional and retail investors. Beyond acting as a financial instrument, SPY plays a pivotal role in 

financial research, particularly in forecasting long term trends, volatility and market behavior due to 

its consistent historical data and real time price action.   

 

Several models have been applied to forecast financial time series such as ARIMA, ARCH and GARCH, 

there exists significant debate regarding the accuracy and predictive power of these models, especially 

under conditions of high market volatility and structural shifts. Furthermore, most of the research has 

been centered around the S&P 500 index itself and no research has been done with regard to SPY despite 

the differences in dividend payout structure, liquidity and trading behavior.  Overfitting risks in model 

performance highlights the need to postulate a more updated model for daily price movements, 

validate the model and use the model to predict future price movements. 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                         

 

Materials and Methods  

 

Secondary Data 

 

The daily SPDR S&P 500 ETF Trust (SPY) prices in US dollars from 3rd January 2000 to 13th June 2025 

were obtained. This Data set excludes weekends and holidays. The dataset from 3rd January 2000 to 2nd 

April 2025 was used to train the model and the data ranging from 3rd April 2025 to 13th June 2025 was 

used to validate the model. Statistical software packages such as Minitab and E-views 12 were used to 

perform this analysis. 

 

Methodology 

 

An autoregressive Moving Average (ARMA) model is a popular time series forecasting method that 

combines two key components, the Autoregressive (AR) part and the Moving Average (MA) part. (Box 

& Jenkins, 1970). The AR model with order p and MA model with q are shown in equation (1) and 

equation (2) respectively. {𝑒𝑡} is purely random process with zero mean and constant variance. Thus 

ARMA(p,q) model can be expressed as shown in (3). 

 

 𝑌𝑡 =  ∅1𝑌𝑡−1 + ∅2𝑌𝑡−2 + . . . + ∅𝑝𝑌𝑡−𝑝  +  𝜀𝑡            ---------------(1) 

 

 𝑌𝑡 =  𝜀𝑡 − 𝜃1𝜀𝑡−1 − 𝜃2𝜀𝑡−2− . . . − 𝜃𝑞𝜀𝑡−𝑞              ---------------(2) 

 

𝑌𝑡 =  ∅1𝑌𝑡−1 + . . . + ∅𝑝𝑌𝑡−𝑝  + 𝜀𝑡 −  𝜃1𝜀𝑡−1− . . . − 𝜃𝑞𝜀𝑡−𝑞  ---------------(3)  

 

Where, 𝑓𝑖  is the Autoregressive coefficients and 𝑞𝑖  is the Moving Average coefficients. The main 

assumption in the ARMA model is, it requires stationarity. (Mean, variance, autocovariance constant 

over Time). If a series performs non-stationarity a technique called Differencing is used to make the 

series stationary. (Box & Jenkins, 1970). After differencing, the ARMA model can be expressed as 

ARIMA(p,d,q) where d is the number of differences to achieve stationarity and p, q denotes the order 

of AR and MA terms respectively. 

 

However, Financial time series such as Exchange rates and stock prices are more volatile because of 

several economic and structural factors. Thus, the errors are heteroscedastic, which means the variance 

of error terms is not constant. To model conditional variance, ARCH (Engle, 1982) /GARCH (Bollerslev, 

1986) models are used typically to build the variance equation to capture the clustering volatility. Since 
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volatility persisted for a long time in the SPY stock prices, we have used a GARCH model which is 

better for long-lasting volatility effects.  

The model equation for GARCH (p,q) where p is the order of the GARCH terms and q is the order of 

the ARCH terms) is written as: 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝑢𝑡−1

2 + 𝛼2𝑢𝑡−2
2 +. . . . . . . +𝛼𝑞𝑢𝑡−𝑞

2 + 𝛽1𝜎𝑡−1
2 + 𝛽2𝜎𝑡−2

2 +. . . . . . . . . +𝛽𝑝𝜎𝑡−𝑝
2    ---------------(4) 

Generally, GARCH balances model complexity with better performances in most financial time series. 

 

 

Results and discussion 

 

 

 

 

 

 

 

Figure 1: Temporal Variability of original series           Figure 2: ACF plot of original series    

 

Figure 1 shows the temporal variability of daily closing stock prices of SPY from 3rd January 2000 to 2nd 

April 2025. It varies between $50.3795 and $611.092 with a mean of $185.3521 and standard deviation 

of $136.737.  Jarque-Bera test statistic showed significant. It can be concluded that data is deviated from 

normality at 5% significant level. ACF is shown in Fig.2. Figure 2 shows that all the autocorrelations 

are significant at every lag, indicating the original series is not stationary. This was confirmed by the 

Augmented Dickey-Fuller test (Table1). 

 

Table 1: ADF Test for original series 

 

 

 

 

 

 

 

 

 

                    

 

 

 

 

 

 

 

 

Figure 3: Time series plot for 1st difference series                   Figure 4: Time series plot for 1st difference of log 
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Table 2: ADF test for 1st difference of log series 

 
 

According to figure 3, the volatility can be seen throughout the period, and it increases towards the 

later part. On such an occasion the original series can be transformed into its log difference series to 

reduce Heteroskedastic of variance. This will lead to better stationarity and better forecasting. Figure 4 

indicates that 1st difference of log series is better stationarity than the 1st differenced series. The 

stationarity of the log differenced series was confirmed statistically by the ADF test shown in table 2. 

Therefore, to identify the possible ARIMA models, ACF and PACF plots for 1st differenced of log series 

was considered. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: ACF and PACF plots of 1st difference log series 

 

 

ACF and PACF patterns for the 1st differenced log series are shown in figure 5. According to this 

theoretical ACF & PACF it suggests that ARIMA (1,1,0), ARIMA (0,1,1), ARIMA (1,1,1) may be some 

possible models as lag 1 in both ACF & PACF is significant. The errors were checked in each model, 

and it was found that errors in each model are not randomly distributed. Thus, the ACF and PACF of 

squared residuals were taken and it showed that there are significant spikes at many lags. Thus, the 

ARCH effect for mean equations were tested by Heteroskedasticity test for residuals. 

 

 

Table 3: Heteroskedasticity Test for ARIMA models 

Model P value 

ARIMA (1,1,0) < 0.05 

ARIMA (0,1,1) < 0.05 

ARIMA (1,1,1) < 0.05 

 

According to table 3, the p values for test statistics for each mean equation were statistically significant, 

which concludes that significant ARCH effect exists in both models at 5% significant level. Thus, 

variance equation for the conditional variance is needed. Hence, the comparison of mean equations 

with GARCH (1,1) was conducted. 
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Table 4: Comparison of three postulated models with volatility 

Model MA  

Term 

AR  

Term 

ARCH  

Term 

GARCH 

Term 

AIC SC HQC 

ARIMA (0,1,1)+GARCH (1,1) Sig - Sig Sig -6.4600 -6.4547 -6.4582 

ARIMA (1,1,0)+GARCH (1,1) - Sig Sig Sig -6.4605 -6.4551 -6.4586 

ARIMA (1,1,1)+GARCH (1,1) Sig Sig Sig Sig -6.4620 -6.4556 -6.4598 

 

According to table 4, ARIMA (1,1,1) - GARCH (1,1) has all significant coefficients and the lowest AIC, 

SC and HQC values compared to the other models. Therefore ARIMA (1,1,1) - GARCH (1,1) is set to be 

the best model for forecasting. 

 

Table 5: Results of Heteroskedasticity test  

 

 

 

           

  

 

Table 5 shows that the p value is greater than 0.05 for Heteroskedasticity test statistic which means that 

there is no longer a significant ARCH effect. Thus, it can be concluded by 95% of confidence that 

ARIMA (1,1,1) + GARCH (1,1) model has been able to exert a significant control over the ARCH effect. 

 

 

 
Figure 6: ACF and PACF of residuals for the fitted model 

 

According to figure 6, Q statistic in every lag is not significant concluding with 95% confidence that the 

errors are distributed randomly in the fitted model.  The Jarque-Bera test statistic for residuals showed 

significant(p=0.00) It can be concluded that residuals are deviated from normality at 5% significant 

level.  But, because of the percentage error of validated data can be considerable and the predicting 

power is good in the fitted model; the non-normality of residuals would not be a significant impact for 

the model. 

 

Model equation for ARIMA (1,1,1) - GARCH (1,1) 

 

Let 𝑌𝑡  be the original series. Then the 1st difference is of log series is: ∆ log(𝑌𝑡)  = log(𝑌𝑡)  −  log(𝑌𝑡−1)  

 

Thus, the mean equation: ∆𝑙𝑜𝑔(𝑌𝑡)  =  0.0007167 +  0.9150 ∙ ∆𝑙𝑜𝑔(𝑌𝑡−1)  −  0.9409 ∙ 𝜀𝑡−1  +  𝜀𝑡 

 

Variance equation: 𝜎𝑡
2  =  2.4146 ×  10−6  +  0.1206 ∙ 𝜀𝑡−1

2  +  0.8612 ∙ 𝜎𝑡−1
2  
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Forecasting training data 

 

 
Figure 7: Forecasting statistics (Train data) 

 

According to figure 7, Theil Inequality Coefficient is close to 0 (0.005) and bias proportion is also close 

to 0 (0.0010), it indicates the forecasting accuracy of the model is good. The Mean absolute percentage 

error (MAPE) is 0.8. These statistics show how accurate and strong the postulated model is. 

 

 

Validation of the fitted model with the independent data set  

 

 

 

 

 

  
Figure 8: Forecasting statistics (Test data)          Figure 9: Actual prices with predicted prices 

 

The fitted model ARIMA (1,1,1) - GARCH (1,1) was tested by an independent data set from 4/3/2025 to 

13/06/2025 and compared with actual values. The error percentages between actual closing stock prices 

and predicted closing stock prices varies between -13.9% and 3.9%. with a mean absolute percentage 

error of 3.89. It implies that the model can be validated for the independent data set. 

 

Table 6: Predicted values for future days 

Date Closing Stock Prices ($) 

6/16/2025 603.9586874 

6/17/2025 604.1258965 

6/18/2025 604.3091358 

6/19/2025 604.5073765 

6/20/2025 604.719742 

6/23/2025 604.9454058 

6/24/2025 605.1835914 

6/25/2025 605.4335694 
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6/26/2025 605.6946543 

6/27/2025 605.9662018 

6/30/2025 606.2476066 

     

Table 6 indicates the predicted closing stock prices for upcoming few days (Except weekends and 

Holidays). These predictions were predicted by using the ARIMA (1,1,1) - GARCH (1,1) model and 

future decisions can be made based on the above forecasted stock price. 

 

 

Conclusions 

 

The fundamental aim of this study was to postulate a time series forecast of the daily long run 

movement of the SPDR S&P 500 ETF Trust (SPY) by applying the Box-Jenkins ARIMA approach, 

utilizing the data from January 2000 to June 2025. Most of the previous research has been centered 

solely around the index itself (S&P 500), but fewer studies have specifically targeted SPDR S&P 500 ETF 

Trust (SPY) despite the subtle but noticeable differences between the two. The best fitted model for the 

long run SPDR S&P 500 ETF Trust (SPY) is the ARIMA (1,1,1) + GARCH (1,1), with all coefficients being 

significant, lower AIC, SC and HQC values. Furthermore, the diagnostic tests confirmed the fact that 

the errors random and white noise. 

 

The model was tested using an independent data set, in which the percentage errors varied from -13.9% 

to 3.9%, with the Mean Absolute Percentage Error being 3.89%, which manifests the accuracy and 

predictive power of the postulated model. The model is relatively simple and not overfitted, which 

helps people assess the long-term direction and behavior of the SPDR S&P 500 ETF Trust (SPY). The 

index seems to be on a growth trajectory, with years to come we predict the index could reach 606.25 $ 

by the end of June 2025.  

 

When forecasting, however, past values should not be the sole basis upon which future predictions are 

made. It is also necessary to incorporate subjective aspects to improve the validity and accuracy of the 

forecast. As an example, on liberation day 2025 when the Trump administration announced major 

tariffs on some of the key trading partners with the U.S., the SPY plunged approximately 11% in just 

two days. This was mainly caused due to the investor sentiment and speculation in the market as a 

reaction to such one-off events. Hence it is necessary to address such changes by incorporating 

structural breaks into the time series model by considering dummy variables. By doing so, the model 

can better capture the underlying volatilities in the price movements of the SPDR S&P 500 ETF Trust 

(SPY), leading to more accurate and reliable forecasts.    

 

The results of this research will be of immense benefit to policy makers, especially the FED in order to 

gauge financial market sentiment and systematic risks, both retail and institutional investors in order 

to position their portfolios and also corporate executives when deciding on investments that are worth 

undertaking with respect to the equity markets. 
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