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Abstract: This research analyzes and predicts the daily return on the SP500 and FTSE 100 

indices from 2015 to 2023 using the autoregressive (AR), moving average (MA), and 

autoregressive moving average (ARMA) models. The AR model asserts that both indices 

have the mean reversion feature of returns, which means that past performances do not predict 

future results. The analysis of the findings in this paper demonstrates this. Nevertheless, it 

was evident that the FTSE 100's mean reversion was more reliable than that of the SP500, 

suggesting that the FTSE 100 has the capacity to promptly reverse such a situation. The MA 

model of the preceding period's return forecast discrepancy was used to adjust the subsequent 

returns by both indices. Market fluctuations, like those that occurred at the inception of the 

COVID-19 pandemic, exacerbate these effects. Therefore, as in previous analyses, ARMA 

derived advantages from the inclusion of errors and information about the prior returns. In 

contrast to the SP500, which is more sensitive and based on shocks, this index exhibits more 

accurate mean reversion and superior correction mechanisms than the FTSE 100. 

Consequently, the research confirms that the ARMA model can effectively forecast the 

financial markets by leveraging historical results and forecast error. These models may be 

beneficial to policymakers and investors due to their ability to capture the non-parametric 

characteristics of financial time series.  

Keywords: SP500 Index, FTSE 100 Index, Autoregressive (AR) Model, Moving Average 

(MA) Model, Autoregressive Moving Average (ARMA) Model. 

1. Introduction 

In the formulation of sound economic policies and risk management, as well as investment decisions, 

risk analysis, and the precise prediction of asset prices are critical factors for investors, speculators, 

and policymakers. The information regarding the future prices of equities, bonds, and other 

commodities will also be beneficial to all stakeholders in the organization, as the prevailing market 

conditions are quite volatile. This is further exacerbated by volatility effects that are influenced by 

macroeconomic factors, geopolitical events, the company's performance, and investors' sentiment 

regarding asset returns [1]. In this type of environment, it is possible to analyze and verify that time 

series models are also effective for forecasting future asset prices by utilizing historical data. Financial 

time series analysis employs three varieties of models: Autoregressive (AR), Moving Average (MA), 

and Autoregressive Moving Average (ARMA). 
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AMF uses the observed values of data presented in a time series through the AR model to predict 

future observations. In contrast, it assumes that asset prices have fluctuated according to their 

historical value, regardless of the present or future. On the other hand, the MA model relies on its 

ability to use the misfit or error values from previous predictions to create new ones. The combination 

of these two functions renders ARMA a significantly more valuable forecasting instrument than either 

the autoregressive or moving average when utilized independently. A variety of financial sectors, 

including equities, commodities, bonds, and volatile crypto currencies, extensively employ these time 

series models [2]. Based on historical data and forecasting errors, these models are significantly more 

precise than any other model. The financial market has extensively implemented autoregressive time 

series-based forecasting models. Specifically discussed the AR, MA, and the modified model, ARMA.  

 Autoregressive (AR), Moving Average (MA), and Autoregressive Integrated Moving Average 

(ARIMA) are the most frequently employed time series models, as previously discussed in the 

literature. All markets have implemented basic models to generate financial time series forecasts. The 

equities, bonds, and commodities markets have been analyzed using AR, MA, and ARMA categories 

[3]. However, there is a lack of extensive research on the potential implementation of the 

aforementioned models in established markets like the United Kingdom or the United States. 

The purpose of this paper is to demonstrate the pertinent application of AR, MA, and ARMA 

models in the forecasting of financial series data, with a particular emphasis on their efficiency and 

effectiveness. Underscores the significance of these models in the enhancement of forecasting 

accuracy and the conduct of market analyses. The study underscores the necessity of conducting a 

more thorough examination of these models, their efficacy in developed markets, and their 

susceptibility to market fluctuations [4]. 

2. Data and Methods  

2.1. Data Source 

In order to obtain an accurate trend of stocks from historical aspect, yahoo finance is used [5]. This 

study used statistical data from Yahoo Finance, a trusted and popular website. Yahoo Finance 

provides historical data on stocks, indices, commodities, and crypto currencies. Daily closing prices, 

opening prices, range, trading volume, and more for numerous assets are included. In addition to 

Yahoo Finance, the Federal Reserve Economic Data (FED) and World Bank provide interest rates 

and inflation estimates to ensure that the models incorporate the proper macro variables that may 

affect asset values. 

2.2. Time Range 

This research spans January 2010–December 2023. This 13-year research period was chosen for the 

following reasons. First, it can analyse bullish, bearish, and volatile phase situations. This expanded 

time frame allows the study to examine important market dynamics like the post-2008 financial crisis 

rebound, the volatility as markets tumbled in the 2011 European debt crisis, the long bull run in the 

2010s, the rapid and severe declines caused by the 2020 COVID-19 pandemic, and the recovery to 

that point. The selected time span encompasses low and high market torque, making the dataset better 

for comparing AR, MA, and ARMA model accuracy in varied situations. 

2.3. Selection Criteria 

This study then identifies global market indices, including the S&P 500 index, which represents US 

markets. There are technology markets in the United States, the United Kingdom, and the United 

States. Given that it is unfeasible to optimize the efficacy of trading strategies for a specific set of 
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parameters, it is logical to allow for a variety of analyses that are contingent upon market conditions.  

The indices selected based on their liquidity, capitalization, and geographical location [6]. 

3. Methodology 

This section includes three primary time series models: autoregressive (AR), moving average (MA), 

and autoregressive moving average (ARMA) types. 

3.1. AR Regression Model 

The AR model analyzes past values derived from a time series. The financial industry. The previous 

stock's price determines future stock prices, and stock returns also exhibit autocorrelation. The AR 

model is appropriate for this purpose because there is a linear relationship between an asset's present 

value and the prior value scenario. The AR model is effective for financial forecasting when it focuses 

on short-term price movements in stable markets [7]. 

3.2. Moving Average (MA) Model 

The Moving Average (MA) Model uses the link between future values and past mistakes (or shocks) 

to forecast, making it a powerful tool. Because prior forecast mistakes can explain variance, the MA 

model works well with random shocks or short-term volatility [8]. 

3.3. Autoregressive Moving Average (ARMA) Model 

The ARMA model, as its name implies, combines the advantageous features of both the AR and MA 

models. It does so by modeling the past values and errors simultaneously, thereby enabling a more 

thorough understanding of the time series. The ARMA model is well-suited to financial markets that 

exhibit both autoregressive (represented by the AR component) and moving average (represented by 

the MA component) components [9]. In the context of commodities and equities, the value of ARMA 

models in anticipating the operations of markets that are subject to fluctuating volatility. ARMA was 

found which provides a more thorough analysis of data [10]. 

4. Result of the Study 

The “Market Price Trends” of SP500 and FTSE 100 from 2015 to 2023 show market price 

fluctuations and patterns for approximately nine years (See Figure 1-2). The orange FTSE 100 has 

outperformed SP500, indicating its longevity. This indicator is rising steadily, with its peak volatility 

in early 2020 during the COVID-19 pandemic. This occurred as a result of the global economic shock 

that shook major financial markets. As proven by the FTSE 100's swift rebound and return to growth, 

this index contains strong firms that can endure such shocks. The figure shows a different trend for 

SP500 (blue). Thus, despite its general uptrend, it is more volatile. SP500 constituents may be 

suffering from sectorial or regional economic issues that caused the 2018 decline. The pandemic 

makes the SP500 more vulnerable to market disruptions, which explains the early 2020 fall. After 

2020, the SP500 improves but is less stable than the FTSE 100 due to its higher volatility. When 

comparing the aforementioned two indexes' time series, their market behaviors differ greatly. The 

fluctuations of the FTSE 100 indicate a stable market, dominated by significant corporations with 

strong financials that can withstand global economic swings. Compared to other public sector bodies, 

the SP500 has a more erratic development path, implying that it is vulnerable to more risks due to its 

nature or the economic circumstances of the venues or industries in which it works. 
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Figure 1: Market Price Trends of SP500 

 

Figure 2: Market Price Trends of FTSE 100 

Table 1 summarizes SP500 and FTSE 100 daily return descriptive information. These statistics 

provide significant information about time series data, which is needed to understand both indices' 

behavior during the given time period. Descriptive statistics are used to analyze the performance of 

financial institutions [11].  

Table 1: Descriptive Statistics 

 SP500 FTSE 100 

Mean 0.00037 0.00007 

Standard Error 0.00024 0.00022 

Median 0.00056 0.00054 

Mode 0.00000 0.00000 

Standard Deviation 0.01156 0.01027 

Sample Variance 0.00013 0.00011 

Kurtosis 15.64665 12.74394 

Skewness -0.80524 -0.87888 

Range 0.21734 0.20179 

Minimum -0.12765 -0.11512 

Maximum 0.08968 0.08667 

Sum 0.84048 0.15092 

Count 2270 2270 

 

The average daily return of the S&P 500 is 0.00037, whereas the median is 0.00056. This indicates 

that daily returns exhibit a slight positive bias. The SP500 exhibited moderately positive daily returns 
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during the review period. The FTSE 100's average daily return is 0.00006. The mean and median 

differ, signifying a skewed distribution with a slight positive shift. The daily returns of the S&P 500 

have a standard deviation of 0.01155, indicating mild activity volatility. The random sample's 

variance around the population mean is 0.00013. The standard deviation for the FTSE 100 is 0.01027, 

signifying that it exhibits less volatility than the S&P 500. The population and sample variances of 

0.00011 indicate that the FTSE 100 had less return variability during the analyzed period, 

corroborating this result. The skewness of the SP500 is -0.80524, whereas that of the FTSE 100 is -

0.87888. This indicates that both distributions exhibit left skewness, signifying that negative returns 

were more prevalent than positive ones during the observation period. The FTSE 100 demonstrated 

more pronounced negative returns than the S&P 500 owing to its negative skewness. 

5. Analysis of Models 

5.1. Analysis of the Autoregressive (AR) Model 

The model equation that forecasts return on equity using an intercept and the product of a coefficient 

with the previous day return provides market behavior and information (See Table 2-5). 

Table 2: Autoregressive (AR) Model Regression Analysis of SP500 

Statistic Value 

Multiple R 0.14304 

R Square 0.02046 

Adjusted R Square 0.02003 

Standard Error 0.01144 

Observations 2270 

F-Statistic 47.37058 

Significance F 0 

Table 3: Autoregressive (AR) Model Coefficients of SP500 

Variable Coefficients Standard Error t Stat P-value Lower 95% Upper 95% 

Intercept 0.00043 0.00024 1.79645 0.07256 -0.00004 0.00090 

X Variable -0.14295 0.02077 -6.88263 0.00000 -0.18369 -0.10222 

Table 4: Autoregressive (AR) Model Regression Analysis of FTSE 100 

Statistic Value 

Multiple R 0.01531 

R Square 0.00023 

Adjusted R Square -0.00021 

Standard Error 0.01027 

Observations 2270 

F-Statistic 0.53157 

Significance F 0.46602 

Table 5: Autoregressive (AR) Model Coefficients of FTSE 100 

Variable Coefficients Standard Error t Stat P-value Lower 95% Upper 95% 

Intercept 0.00008 0.00022 0.35433 0.72312 -0.00035 0.00050 

X Variable -0.01530 0.02098 -0.72909 0.46602 -0.05643 0.02584 
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The SP500 intercept of 0.00043 predicts favorable returns, despite no changes from the previous 

day. The negative coefficient of -0.00034 indicates an indirect association between obesity and 

exercise. The negative coefficient suggests a weak mean reversion characteristic, meaning a portfolio 

with a favorable return today would likely have a slightly lower return tomorrow. Thus, previous 

performance has no effect on future returns, resulting in a zero anticipated return. This highlights the 

model's ability to maintain return estimates even if prior returns change. 

Similar to FTSE, the intercept is 0.00008; due to a cautious market or less variation than SP500, 

FTSE has a lower baseline return expectation. The coefficient has a negative sign and a significantly 

greater negative value of -0.00279; this value suggests mean reversion is more precise since past 

returns are reversed faster in the succeeding period. The AR model's examination of the indices 

demonstrates that it can capture the intricate topography of financial time series, where historical 

returns temper future returns with a slight influence. These models prepare for more complex models 

like the Moving Average (MA) and ARMA models, which use prior errors to improve prediction 

accuracy. 

5.2. Analysis of the Moving Average (MA) Model 

The SP500 and FTSE 100 MA models answer problems like how past inaccuracy affects future 

performance. Since it estimates market returns, the MA model uses the mean return as its benchmark. 

SP500's mean return (μ) is 0.00037 with an intercept of 0.00043, and the lagged error coefficient is -

0.00034. The negative sign implies that prior period mistakes effect current period returns in the 

reverse manner; if it overestimated returns, then it was somewhat corrected downward. In turbulent 

markets, this negative adjustment affects the predicted return, resulting in a more cautious milestone. 

The index is adjusted more negatively if the latest period return indicates a deviation from its 

predicted trend. This model's forecasted return for FTSE 100 is 0.00010, and for SP500 is 0.00043 

(See Table 6-10). 

The MA model shows that earlier errors affect return predictions, especially given financial 

markets' high-or-low volatility. Through application of these frameworks, SP500 and FTSE 100 have 

unique market behavior and structure that alter how errors are gauged to estimate future returns, 

increasing future forecasting. 

Table 6: Moving Average (MA) Model Regression Analysis of SP500 

Statistic Value 

Multiple R 0.14304 

R Square 0.02046 

Adjusted R Square 0.02003 

Standard Error 0.01144 

Observations 2270 

F-Statistic 47.37058 

Significance F 0 

Table 7: Moving Average (MA) Model Coefficients of FTSE 100 

Variable Coefficients Standard Error t Stat P-value Lower 95% Upper 95% 

Intercept 0.00043 0.00024 1.79645 0.07256 -0.00004 0.00090 

X Variable -0.14295 0.02077 -6.88263 0.00000 -0.18369 -0.10222 
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Table 8: Moving Average (MA) Forecast 

MOVING AVERAGE (MA) 

 GPSC FTSE 100 

Mean 0.00037 0.00007 

Intercept 0.00043 0.00008 

Lagged Error Coefficient Coefficients -0.00034 -0.00279 

Forecasted Return 0.00043 0.00010 

Table 9: Moving Average (MA) Model Regression Analysis of FTSE 100 

Statistic Value 

Multiple R 0.01531 

R Square 0.00023 

Adjusted R Square -0.00021 

Standard Error 0.01027 

Observations 2270 

F-Statistic 0.53157 

Significance F 0.46602 

Table 10: Moving Average (MA) Model Coefficients of FTSE 100 

Variable Coefficients Standard Error t Stat P-value Lower 95% Upper 95% 

Intercept 0.00008 0.00022 0.35433 0.72312 -0.00035 0.00050 

X Variable -0.01530 0.02098 -0.72909 0.46602 -0.05643 0.02584 

5.3. Analysis of the Autoregressive Moving Average  

For complicated and accurate forecasting, the ARMA model allows direct inclusion of historical 

returns and errors. It is ideal for financial time series analysis because it includes autoregressive (AR) 

to identify the influence of prior returns and moving average (MA) to control forecasting errors. The 

SP500 model Intercept is 0.00043, and the AR's coefficient is -0.00034. The FTSE100 index ARMA 

model uses a smaller intercept of 0.00007. The AR coefficient is -0.00278, which is larger than SP500, 

indicating that returns to mean following a high prior return are more likely than SP500 (See Table 

11). The FTSE 100 is more likely to have negative anticipated returns. 

Table 11: Autoregressive Moving Average 

Autoregressive Moving Average 

Intercept 0.00043 0.00007 

Coefficients -0.00034 -0.00278 

Last Return -0.00283 0.00501 

Last Error -0.00320 0.00495 

6. Conclusion 

The objective of this paper was to evaluate time series models, such as auto regressive (AR), moving 

average (MA), and auto regressive moving average (ARMA), in response to the time series data of 

the SP500 and FTSE 100 index from 2015 to 2023. Furthermore, the analysis pinpointed the key 

differences between these indices and the predicted range of fluctuations and recoveries for each. 

SP500's volatility was higher than that of FTSE 100, which generally increased. The COVID-19 
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outbreak significantly impacted both of these indices during the initial half of the 2020 calendar year. 

However, the FTSE 100's recovery was significantly more rapid due to the stability of the companies 

that comprise this index. The AR model illustrated the correlation between historical and 

contemporary returns, and accordingly, neither index exhibited significant mean reversion. It implies 

that the returns of one day are not influenced by the returns of the following day, or, in other words, 

the performance of one day does not affect the performance of the next day. For the same reasons, 

the presence of negative second coefficients implies that high returns on one day typically result in 

slightly lower returns on the subsequent day. Conversely, the FTSE 100's market participants 

displayed more efficient corrective action, as evidenced by their elevated RMM values. However, the 

SP500 market also needed a longer period of time to recover. 

Future research can concentrate on the comparison of the AR, MA, and ARMA models for a 

broader range of financial indicators, particularly those that are indicative of emerging or other highly 

unstable markets. The objective was to enhance the confidence in the adaptability of these models by 

stress-testing them in a variety of financial environments. Additionally, the accuracy of these models 

could be improved in the event of an unstable economic environment or a significant shift in market 

sentiment through the incorporation of external variables such as sentiment indices or geopolitical 

indicators. The utilization of machine learning methodologies in conjunction with other conventional 

time series models is an additional area that could be investigated in the future. This combination has 

the potential to enhance the models' capacity to detect complex patterns in markets and rail with high 

fluctuation, such as the 2008 financial collapse or COVID-19. Researchers and financial analysts can 

offer more precise predictions, which are particularly beneficial to investors and policymakers in the 

dynamic financial markets, by refining these models, which would necessitate the implementation of 

novel methodologies. 
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