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Abstract: This study investigates the use of the ARIMA model to forecast S&P 500 index
price fluctuations. Finding out if ARIMA is a good fit for financial time series forecasting
with an emphasis on trend and volatility detection is the main goal. The study employs
historical data from January to May 2024, using ARIMA to forecast future trends. Part of the
inquiry includes a comprehensive assessment of the model's performance, including its
ability to spot short-term fluctuations and anticipate accurately. Data detection such as white
noise and seasonality is carried out to determine whether the model can be applied, and
parameters of the model are determined to pursue the accuracy of the prediction results and
the comparison with historical real data. The results suggest that while ARIMA effectively
forecasts long-term trends, it struggles with capturing short-term volatility.
Recommendations are made for future studies to improve prediction accuracy by integrating
more complex models or enhancing parameter tuning.
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1. Introduction

Many people agree that the S&P 500 index is a crucial gauge of the state of the US economy and
investor mood [1].Understanding its price movements is of paramount importance to investors,
economists, and analysts alike, as it offers insights into market trends and economic health. Due to the
inherent volatility and complexity of financial data, it is still difficult to predict these fluctuations.

The ARIMA model is used in this study to predict the S&P 500 index's price patterns. ARIMA
models are always applied in financial markets for predicting price movements due to their flexibility
in handling time series data which is non-stationary [2].

The aim is to determine the model’s suitability for predicting financial time series data, particularly
in its ability to capture both long-term trends and short-term fluctuations. This study delves further
into the real-world uses of ARIMA in financial forecasting, including theoretical and empirical
perspectives on the model's advantages and disadvantages.The final results show that the model has
advantages in predicting long-term trends, but lacks in predicting specific changes in the short term.

This paper is structured as follows: The data section provides an overview of the dataset used,
including its source, characteristics, and the steps taken to ensure it is suitable for analysis. The
methodology section explains the ARIMA model, how the model parameters were selected, and the
process of model fitting. The results and analysis section presents the findings of the ARIMA model’s
performance and evaluates its predictive accuracy. Lastly, the conclusion discusses the implications
of the results, the limitations of the ARIMA model, and suggests potential future improvements.

© 2025 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Data

An overview of the data utilized in this study is given in this section, together with information on the
source, particular variables, and dataset characteristics. It also describes the procedures followed to
make sure the data is suitable for analysis, including stationarity and white noise testing. The section
concludes with the data processing methods applied to prepare the dataset for ARIMA modeling.

2.1. Data source

The data used here were obtained from Yahoo Finance, covering the daily S&P 500 index from
January 1, 2024, to June 30, 2024. The S&P 500 data is often used in financial forecasting studies due
to its comprehensive representation of the U.S. market [3].

Among the various data components are the opening price , closing price , adjusted closing price ,
highest price , lowest price , and trading volume . These data comprehensively capture the market’s
movements and trends during this period, providing high-quality foundational data for the study. The
data were subsequently processed and analyzed using R.

2.2. Data characteristics

White noise and stationarity tests were performed on the closing price (Close) data to verify that it
was suitable for analysis. The autocorrelation function (ACF) plot (Figure 1) and the Ljung-Box test,
which are used in the white noise test, revealed a considerable amount of autocorrelation in the
closing price data. With 10 degrees of freedom, the Ljung-Box test result showed a chi-square value
0f 795.37 and a p-value lower than 2.2e-16. This indicates that the p-value is below the 0.05 threshold,
confirming that the data exhibits substantial autocorrelation and does not meet the standard for white
noise.

ACF of the S&P 500 Close Prices
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Figure 1: ACF result (Picture Credit: Original)

In financial forecasting, the Augmented Dickey-Fuller test is frequently used to verify the
stationarity of time series data [4]. Following this, an ADF test was performed to assess the
stationarity. Following the test, the lag order was 4, the p-value was 0.5334, and the Dickey-Fuller
statistic was -2.1039. Given that the p-value is higher than 0.05 and the data are implied to be
non-stationary, the unit root null hypothesis cannot be rejected.
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2.3. Data processing

To address this, a differencing procedure was applied to the closing price data. After first-order
differencing, Dickey-Fuller statistic of -5.0705 with lag order of 4 and p-value of 0.01 was obtained
from the ADF test. This shows that the differenced data are now stationary and appropriate for further
modeling and time series analysis.

According to the characteristics of this study, the data are particularly advantageous because they
not only provide comprehensive coverage of short-term movements of the market but also contain a
wide range of indicators that help capture the intrinsic dynamics of the market, thus supplying a
strong data basis for ARIMA-based price prediction as a result.

3. Research method

The methodology for this study is described in this part, along with an explanation of the ARIMA
model, how model parameters are chosen, and how the model is fitted. The steps involved in ensuring
data stationarity, determining the optimal parameters using ACF and PACF plots, and applying the
auto.arima function for model selection are described in detail. The section concludes by explaining
the model fitting process and how it was used to forecast future values of the S&P 500 index.

3.1. Overview of the ARIMA model

One popular method for examining and projecting non-stationary financial time series is the ARIMA
model [5]. The model can transform non-stationary data into stationary series by applying
differencing, which enables a better understanding of underlying patterns in the data.

Three essential parameters make up the ARIMA model: p, d, and q. The autoregressive part (p)
captures the linear dependence of current values on the past p values. The differencing element (d)
removes trends to stabilize the series, while the moving average component (q) illustrates the
relationship between the present values and the random errors of the previous q time points.

ARIMA is particularly suitable for financial time series data like the S&P 500 index because it
often shows exhibits trends and volatility. The model can capture these trends and fluctuations
through its autoregressive and moving average components. Additionally, ARIMA performs well in
short-term forecasting, reflecting market changes and fluctuations effectively over short periods.

3.2. Model parameter selection

In this study, after confirming the non-stationarity of the original S&P 500 data through stationarity
tests, differencing (d=1) was applied to make the data stationary. The identification of ARIMA model
parameters is typically guided by the behavior of autocorrelation and partial autocorrelation plots [6].
After the differencing order was determined, the ACF (Autocorrelation Function) and PACF (Partial
Autocorrelation Function) were plotted to determine the proper values for p and q.

Specifically, the ACF plot indicated that the autocorrelation in the data significantly decreased
after lag 1, indicating that the choice of p should be 1. The PACF plot showed a significant cutoff at
lag 3, suggesting that 3 was a reasonable choice for q. The model was further improved by using R's
auto.arima function, which can determine the ideal model order automatically based on AIC and BIC
values. This function verified that the auto-selected model performed better by comparing several
combinations of model orders and choosing the one with the lowest information criteria. Based on
this optimized model, the author proceeded with model fitting and forecasting.
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PACF of the S&P 500 Close Prices
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Figure 2: first-order differencing (Picture Credit: Original)

During the model fitting process, the ACF and PACEF plots played a crucial role in determining the
appropriate p and q values for the model. The autocorrelations in the data may be directly seen in
these graphs, which aids in determining whether moving average and autoregressive components of
the model are acceptable. The partial autocorrelation between the current value and the lag values is
first shown via the PACF graphic. An autoregressive term of order 1 is significant, as shown by a
strong spike in the PACF plot at lag 1 (beyond the confidence intervals), and this may be selected as
the starting parameter (Figure 2). Moreover, the overall autocorrelation of the time series is displayed
by the ACF plot. A notable surge at lag 1 in the ACF plot is followed by a slow decrease, indicating
that the moving average component could be able to depict the data's short-term dependencies.

After observing these patterns, the AIC values were used to determine the appropriate q-value for
the moving average component. Several g-values were tested, and the results are as follows:

For g=1, the AIC value was 1224.153.

For q=2, the AIC value was 1222.949.

For q=3, the AIC value was 1222.301, which is the lowest.

For q=4, the AIC value was 1222.898.

For =5, the AIC value was 1224.882.

For q=6, the AIC value was 1225.508.

These findings led to the decision that q=3, which reduced the AIC, was the best value for the
moving average component. Consequently, a moving average component of order three (q=3) and an
autoregressive component of order one (p=1) were incorporated in the final model.

3.3. Model fitting

The ARIMA model was fitted using the auto.arima function from the R prediction package, which
determines the optimum values for p, d, and q automatically. The function automates the process of
model selection based on information criteria such as AIC and BIC [7]. This guarantees that the
chosen model avoids overfitting or underfitting by striking a balance between quality of fit and model
complexity.

After auto.arima was used to determine which model was best, the closing price information was
used to fit the model. The time series was guaranteed to be stationary by the differencing step, which
was included into the ARIMA framework. The chosen model parameters needed to be applied to the
time series data to ensure that the model accurately represented the autoregressive and moving
average components of the data. The S&P 500 index's future values were then predicted using this
fitted model, offering a strong basis for short-term trend forecasting.
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4.  Analysis of estimated research results

A thorough examination of the ARIMA model's predictive ability for the S&P 500 index is given in
this section. It covers how to use key measures like AIC, BIC, RMSE, and MAE to assess the
prediction accuracy and model's goodness-of-fit. The section further presents the predicted results
and compares them to the actual observed data, highlighting areas where the model succeeded and
struggled. Finally, a discussion explores the limitations of the model, particularly in forecasting
short-term volatility, and suggests potential improvements for future studies.

4.1. Model evaluation

Using the S&P 500 data from January to May 2024 as the training set, an ARIMA model was
employed to predict the closing prices for June 2024. The (2,1,0) model with drift, which has two
autoregressive (AR) components, one degree of differencing, and no moving average (MA) terms,
was automatically chosen using the auto.arima function.

The model’s AIC was 1039.26 and BIC was 1049.84, showing a relatively good fit to the training
data (Figure 3). The drift component suggests a linear trend in the data, which the model attempts to
capture.

4.2. Predicted results

It goes over how to assess the goodness-of-fit and prediction accuracy of the model using key
measures including RMSE, MAE, BIC, and AIC [8].In terms of model evaluation, the forecast results
produced a RMSE 0f 93.67 and a MAE of 85.09. The average error between the expected and actual
closing prices, according to these indicators, is approximately 85 points. While the model captured
the general trend, it struggled to closely follow the day-to-day fluctuations in the S&P 500 index.
ARIMA models have the ability to capture long-term trends effectively but may struggle with
short-term fluctuations [9]. The linear nature of the ARIMA model may be responsible for its
difficulty in forecasting short-term volatility.

4.3. Discussion

The contrast between the expected and actual values shows that the forecasted values followed a
relatively smooth upward trend, whereas the actual data showed significant fluctuations, particularly
in mid to late June, where a notable peak occurred. The ARIMA model failed to capture this peak,
likely due to its inability to handle non-linearities or sudden market swings (Figure 3). This limitation
highlights that while ARIMA models are robust in forecasting trends, they often underperform when
capturing short-term market volatility [10].

S&P 500: Forecast vs Actual for June 2024
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Figure 3: Predicted result (Picture Credit: Original)
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Despite these limitations, the ARIMA model proved effective in capturing the overall direction of
the S&P 500 index, suggesting it is useful for long-term trend forecasting. Future improvements
could include incorporating models that better handle volatility and non-linear patterns, such as
GARCH or deep learning models. Moreover, using a larger historical dataset or conducting more
advanced parameter tuning could further improve the model’s forecasting performance.

5. Conclusion

This study demonstrates that the ARIMA model can effectively predict long-term trends in the S&P
500 index, as evidenced by the findings obtained from the historical data analysis. The model is a
helpful tool for long-term financial market forecasting since it can capture broad price fluctuations.

However, the study also highlights the model’s limitations, particularly its difficulty in forecasting
short-term volatility and sudden market fluctuations. This implies that although ARIMA offers a
strong basis for price prediction, applications needing high-frequency precision can find it
insufficient. Future research could explore hybrid models or alternative approaches such as GARCH
or machine learning techniques to better handle non-linearities and improve short-term forecasting
performance. Hybrid models, such as ARIMA-GARCH, have been proposed as an improvement to
ARIMA for better handling volatility in financial data. Meanwhile, machine learning techniques are
increasingly being integrated with traditional time series models to improve forecasting accuracy in
financial markets.
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