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Abstract 
This thesis investigates the applicability of eight stylized facts in financial markets by 

comparing the behavior of gold and the equities. Using daily, weekly, monthly and annual 

log-returns data from 2000 to 2023, we apply various statistical tests to analyze properties 

such as non-stationarity, stationarity, asymmetry, heavy tails, aggregational Gaussianity, lack 

of autocorrelation, volatility clustering, and the leverage effect. The findings reveal that while 

most of the stylized facts are applicable on both asset classes, distinct differences exist. For 

instance, significant autocorrelation in daily returns and the leverage effect are observed in 

the equities but not in gold, highlighting differences in market dynamics and risk profiles. 

These results suggest that financial models must be tailored to account for asset-specific 

characteristics, particularly when managing risks associated with extreme market events. 

Future research could extend this comparative analysis to other asset classes and explore 

high-frequency data to capture more granular market behaviors. 
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1. Introduction 

1.1. Background 
Financial markets, the complex networks that facilitate the exchange of financial securities, 

are essential for the global economy. They represent the collective behavior of numerous 

market participants, ranging from individual investors to large institutional entities. The 

dynamics of these markets reflect the underlying economic conditions, market sentiment, and 

geopolitical tensions. Within these dynamics, certain regularities are consistently observed 

across different markets and time periods. In econometrics, these are called stylized facts. 

Sewell (2011) posits that stylized facts refer to a set of empirical observations about financial 

return series that hold true across a variety of instruments, markets, and time periods.  

 

Stylized facts in financial markets are important for understanding market dynamics and 

developing robust financial models. Cont (2001) recognized that these facts serve as 

benchmarks for financial modeling and risk management. Without a proper understanding of 

the underlying characteristics behind these stylized facts, models may fail to capture the 

reality of market behavior.  

 

Among these regularities, the price movements of gold and equity markets stand out for their 

influential roles. Baur et al. (2010) states that gold has traditionally been perceived as a safe 

haven for investors due to its low volatility, which often makes it show resilience or even 

growth in periods of economic uncertainty. At the same time equity markets are more closely 

tied to the economic cycles, advancing in periods of growth and retracting during economic 

downturns. This sets the stage for an examination of how the stylized facts manifest in these 

two different asset classes, each playing a unique role within the financial ecosystem. 

1.2. Problem description 

Empirical research, such as that conducted by Cont (2001), has highlighted the importance of 

stylized facts across diverse financial instruments, pointing out their role in enhancing risk 

management and economic forecasting strategies. Substantial research on stylized facts exists 

within homogeneous asset classes, for example the investigations by Silvennoinen et al. 

(2013) on metals and Bollen et al. (2004) on stock indices. However, a comparative analysis 

across different asset classes remains absent. Baur et al. (2010) states that both gold and 
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equities play important but distinct roles in financial portfolios and react differently to 

economic events, suggesting that stylized facts might manifest uniquely in each asset class.  

 

Zivot (2021) summarizes the following eight observations in his book: 1. Prices appear to 

random walk non-stationary; 2. Returns appear to be second order stationary; 3. Returns 

show negative skewness; 4. Returns show excess kurtosis; 5. Returns exhibit a normal 

distribution as the data becomes more aggregated; 6. Returns are approximately uncorrelated 

over time; 7. The volatility of returns appears to be autocorrelated and clustered. 8. There 

seems to be an increase in volatility during financial crises, a phenomenon that, while not 

directly attributed to, resonates with Black's (1976) theory of the leverage effect, where 

financial leverage contributes to heightened volatility following negative price movements. 

 

The absence of studies exploring the characterization of these eight stylized facts between 

contrasting asset classes leaves unanswered questions about the applicability and reliability of 

financial theories across broader market scenarios. This oversight restricts the ability to fully 

explore stylized facts for more comprehensive financial modeling and strategic risk 

management in diverse economic conditions. 

1.3. Purpose 

This study aims to examine the applicability of the eight stylized facts in financial markets by 

comparing gold and the equity market. By examining how these stylized facts manifest in 

both asset classes, we seek to provide an understanding of their dynamics and implications. 

By comparing gold, considered one of the safest asset classes, with equities, which are on the 

opposite side of the investment risk spectrum, the goal is to underscore the broad range of 

investment behaviors and market reactions.  

1.4. Research question 

• How does the applicability of the eight stylized facts differ between the gold and 
equity market? 

1.5. Structure of The Thesis 
In chapter 2 (Theory) we review relevant theories and previous literature on stylized fact in 

financial markets. In chapter 3 (Methodology), we outline the methodological approach, 

including data collection statistical tests, and analysis procedures used to investigate the 

stylized facts. In chapter 5 (Empirical Result), we present the findings from the statistical 
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analysis, comparing the behavior of gold equities. In chapter 6 (Discussion), the results are 

discussed in the context of existing theories and previous research, highlighting the 

implications for financial modeling and risk management. Finally in chapter 7 (Conclusion), 

we summarize the key findings, address the research question, and suggest directions for 

future research. 

2. Theory 

2.1. Theoretical Framework 
Stylized fact 1 - Non-Stationarity of Prices 

Osborne (1959) posited in The Random Walk Theory that stock prices follow a path where 

each step is random and independent of previous steps, suggesting that prices are inherently 

unpredictable. This concept is mathematically represented by the equation 𝑋! = 𝑋!"# + 𝑍!, 

where 𝑋! and 𝑋!"# are the price at time t and t-1 respectively and 𝑍! is a white noise error 

term. The theory highlights the non-stationary behavior of stock prices, as the statistical 

properties of the series change with each new price realization.  

 

Fama (1970), in his formulation of the Efficient Market Hypothesis (EMH) and particularly 

its strong form, suggests that all public and private information is fully reflected in stock 

prices at any given time. According to EMH, changes in stock prices arise only due to new 

information entering the market, which is inherently random and unpredictable. This theory 

supports the non-stationarity of prices, implying that price levels can shift significantly upon 

the arrival of new information, affecting the overall statistical characteristics of the series. 

 

Stylized Fact 2 - Stationarity Of Returns 

The Efficient Market Hypothesis (EMH) (Fama, 1970) plays an important role in explaining 

why financial returns tend to exhibit stationarity. Since this new information is random and 

unpredictable, the resulting price changes (returns) are independent and identically 

distributed, thus supporting the notion of stationarity in returns.  

  

The Random Walk Theory (Fama, 1965) suggests that asset prices evolve stochastically, 

where price changes are independent of past prices. This independence implies that returns, 

calculated as the first differences in prices, are stationary because their characteristics depend 

solely on new information rather than historical data. 
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Additionally, the Central Limit Theorem (Billingsley, 1995; Feller, 1968) provides a 

theoretical basis for expecting returns to exhibit stationarity over larger time scales. It states 

that the distribution of aggregated observations tends to approximate a normal distribution, 

provided the original observations have finite variance. 

  

  

Stylized Fact 3 - Asymmetry in Returns 

Prospect Theory, introduced by Kahneman and Tversky (1979), brings up the psychological 

aspects of financial decision-making, revealing that investors perceive losses more intensely 

than equivalent gains. This variation in perception helps explain why negative market news 

often has a disproportionate impact on market prices, leading to asymmetric responses in 

financial returns. 

  

Similarly, the Leverage Effect theory (Black, 1976) complements this understanding by 

linking financial leverage to market reactions. This theory suggests that an increase in a 

firm’s leverage, typically following a drop in asset prices, also increases the equity's 

volatility. This dynamic is particularly evident during market downturns when negative price 

movements increase volatility more than positive movements would decrease it, thereby 

contributing to the negative skewness observed in return distributions. 

   

Stylized fact 4 - Heavy Tails in Financial Returns 

The exploration of heavy tails in financial returns begins with Mandelbrot's Stable Paretian 

Hypothesis (1963), which posits that financial returns might be more accurately described by 

stable distributions, known for their heavy tails, rather than normal distributions. These 

distributions accommodate events with extremely large deviations from the mean, reflecting 

the significant swings often observed in market prices. 

  

Mandelbrot later expanded his theory (Mandelbrot et al, 1999), suggesting that financial 

markets exhibit complexities well captured by stable distributions, especially in terms of 

unpredictability and extremeness of market movements. Additionally, Multifractal Models 

are introduced to address the multifaceted scaling behaviors in financial markets, accounting 

for heavy tails and other complex phenomena by considering multiple scaling behaviors or 

“multifractality” in return distributions. 
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Stylized Fact 5 - Aggregational Gaussianity 

Proposed by Feller (1966), the Central Limit Theorem posits that the average of many 

independent, identically distributed variables with finite means and variances will 

approximate a normal distribution, regardless of the original distribution. This theorem 

establishes the expectation of Gaussianity in aggregated financial data, illustrating how 

random fluctuations in returns tend to cancel out over larger samples, leading to a more 

predictable normal distribution. 

  

The Law of Large Numbers supports this by demonstrating that as more observations are 

collected, the average of these observations tends to converge towards the expected value, 

resulting in more stable and predictable patterns that closely resemble a Gaussian distribution 

(Chow & Teicher, 1997). 

  

Stylized Fact 6 - Lack of Autocorrelation in Returns 

Under the Efficient Market Hypothesis (Fama, 1970), returns should be uncorrelated because 

any patterns in past prices would already have been acted upon, leaving no advantage to be 

exploited. 

  

Complementing the EMH, the Random Walk Theory (Malkiel, 2011) suggests each price 

change is a result of fresh, random and unpredictable information, thereby making past 

returns poor predictors of future returns. 

  

Stylized Fact 7 - Volatility Clustering 

Volatility clustering suggests that large changes in financial markets tend to be followed by 

large changes, and small changes by small ones. This pattern, well-documented by 

Mandelbrot (1963) and formalized in Engle's (1982) ARCH model, reflects underlying 

investor behaviors and market reactions. 

  

Shiller's work (2003) discusses how emotional responses to market events can create 

prolonged periods of volatility, challenging the traditional efficient market hypothesis and 

highlighting the need for models that accommodate such behaviors. 

  

Stylized fact 8 - Leverage Effect 
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The Financial Leverage Hypothesis (Black, 1976) suggests that as a company's stock price 

falls, its leverage (debt/equity ratio) increases because the value of equity decreases while the 

debt remains constant. Higher leverage implies greater risk and consequently increased 

volatility. This relationship explains why volatility spikes as asset prices plummet. 

  

Volatility Feedback Theory (Campbell & Hentschel, 1992) posits that higher perceived risk 

(volatility) necessitates a higher risk premium, lowering the current asset price. This price 

reduction, in turn, escalates volatility, creating a feedback loop where changes in volatility 

directly influence future returns. 

2.2. Previous Literature 

Cont’s (2001) paper has become a cornerstone in financial econometrics, analyzing the traits 

of asset returns. The paper organizes empirical findings into a set of stylized facts that remain 

relevant today. Traits such as fat tails and volatility clustering, identified by Cont, serve as 

essential benchmarks for this thesis. These benchmarks help assess and compare the behavior 

of gold and equity markets, aiming to validate these phenomena under different market 

conditions.  

 

Trejo-Pech et. al.’s study on the Mexican Stock Exchange Index (BMV) provides a 

benchmark for comparative market studies. This research compares the BMV to indices from 

developed markets, highlighting subtle deviations in market behavior due to regional 

economic factors, investor profiles, and regulatory environments. The most important results 

from their study are the following: Skewness is generally negative, indicating return 

asymmetry, although this is not the case for the major Mexican and Brazilian exchange 

indices; all markets exhibit an excess kurtosis1, suggesting heavy tails; no significant linear 

autocorrelations after a few lags2, indicating no autocorrelation in returns; evidence of non-

linear autocorrelation, demonstrating volatility clustering.  

  

In challenging the random walk hypothesis, Lo and MacKinlay's (1988) research introduces 

the possibility of predictability in stock price movements. By identifying autocorrelations in 

stock returns, they propose that markets may not be entirely efficient. Their methodology and 

conclusions present a critical contrast to this thesis's examination of the market, questioning 

 
1 A statistical measure that describes the shape a distribution’s tails in relation to its overall shape. 
2 Lag is the number of time periods before the current time t. 
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whether such patterns of predictability exist beyond equities and how these might influence 

investment strategies.  

  

Bouchaud et al. (2001) provides a detailed analysis of the leverage effect, showing a negative 

correlation between future volatility and past returns. In individual stocks, this correlation is 

moderate and decays over a few months. However, it is much stronger and decays faster in 

stock indices. This distinction arises from a delayed effect where the reference price for price 

updates is considered a moving average over recent months, rather than the immediate price. 

Their model, supported by data from U.S., European, and Japanese stocks, bridges short-term 

additive and long-term multiplicative stochastic processes. In stock indices, the rapid decay 

of this correlation suggests a market panic phenomenon, differing from individual stock 

behavior. 

  

Chevallier & Ielpo (2017) conducted a comprehensive study on the leverage effect within 

commodity markets using a recursive estimation approach. Their research provided 

significant insights into the dynamic interactions between past returns and future volatility 

across various commodities. Unlike the consistent negative correlation seen in equity 

markets, the leverage effect in commodity markets showed varying degrees and patterns. This 

variation indicates an interplay between market-specific factors and the broader economic 

conditions influencing these assets. Their analysis confirmed that the leverage effect exists in 

commodity markets, even though these markets do not involve companies with equity 

structures. 

  

Barndorff-Nielsen and Shephard’s (2002) research on high-frequency financial data is 

notable for its approach to analyzing price movements. By examining the microstructure 

noise and price jumps, they developed advanced tools for examining market behavior. Their 

insights into price fluctuations are particularly relevant for this thesis, informing the analysis 

of the gold market’s response to macroeconomic news and micro-level trading activities. 

2.3. Conclusion Of Theoretical Insights 
The theories and previous literature underpinning the eight stylized facts highlight the 

complexity of financial markets. The Random Walk Theory and Efficient Market Hypothesis 

emphasize the non-stationarity of prices and the stationarity of returns, driven by new 

information. Prospect Theory and the Leverage Effect offer insights into the asymmetric 
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responses to market movements and the increased volatility during downturns. The empirical 

studies by Cont (2001) and Trejo-Pech et al. (2013), confirm the presence of heavy tails, 

volatility clustering, and the lack of autocorrelation in returns. 

4. Methodology 

4.1. Method Approach 
This chapter outlines the methodological approach to investigate the eight stylized facts of 

financial returns for gold and equities. The equities’ data will be represented by the S&P 500, 

chosen for its wide coverage as well as the historic data available. We will begin by defining 

the key statistical properties and theorical foundations necessary for this analysis. We will 

also apply various statistical tests to thoroughly examine these properties across different 

time scales. By applying advanced data analysis tools, we aim to provide a comprehensive 

understanding of the dynamics behind the financial returns of gold and the S&P 500, 

ensuring a robust comparative analysis of these two distinct asset classes. 

 

To investigate stylized facts 1 and 2, we will examine the statistical properties of non-

stationarity of prices and stationarity of returns. This will be done for a daily, monthly, and 

annual frequency. Hamilton (1994) stated that a time-series process 𝑋!, ∀	t ∈ Z (for all t 

which belongs to the integers Z) is weakly or second order stationary if:      

 

Definition 1 

1. 𝐸[𝑋!] = µ is finite and independent of t ∀ 𝑡 ∈ Z,  

With 𝐸[𝑋!] being the expected value of the time series process at time t, µ being the 

sample mean. 

 

2. 𝑉[𝑋!] = σ$ is finite and independent of t, ∀ 𝑡 ∈ Z,  

With 𝑉[𝑋!] being the variance of the time series process, σ$ being sample variance. 

 

3. 𝐶𝑜𝑣(𝑋! , 𝑋!"%) = 𝛾% is finite and independent of t ∀ 𝑡 ∈ Z,	 
𝐶𝑜𝑣(𝑋! , 𝑋!"%) being the covariance of the time series process at time t and t-k, 𝛾% 

being autocorrelation at lag k. Lag k is the number of time periods before the current 

time t.  
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For stylized Fact 1, we will compute and display the adjusted closing prices using the formula 

𝑃! = 𝑃!"# + 𝜖!, where 𝑃! & 𝑃!"# are prices at period t and t-1, and 𝜖 is white noise (Osborne, 

1959). In line with Campbell, Lo, & MacKinlay (1997), a transformation to logarithmic 

prices will be made to stabilize variance and analyze the properties more precisely: 𝑝! =

ln(𝑃!) − ln(𝑃!"#). To analyze stylized fact 2, we will use logarithmic returns 𝑟! = ln	( &!
&!"#

). 

Logarithmic returns are preferred because they are additive over time and better fit the 

statistical assumptions of many financial models. This includes normality, as logarithmic 

returns are ∈ (−∞, ∞), whereas simple returns are ∈ (−1, ∞), thus not satisfying the sample 

space of a normal distribution (Hamilton, 1994).  

 

To test for autocorrelation, the third requirement of stationarity, we will compute the 

autocorrelation function as outlined by Chaudhuri and De (2021): 𝜌(𝑘) = '()!"*)()!"$"*)
,%

, 

where 𝜌(𝑘) is the autocorrelation, 𝑋! is the return at time t, 𝜇 is the mean of the returns, and 

𝜎$ is the variance of the returns. This will help us determine if there is any significant 

autocorrelation in the returns.  

 

Stylized fact 3 and 4 describe similar characteristic of financial returns and are best analyzed 

together. For these two stylized facts, we will compute the skewness to look for asymmetry 

and the kurtosis for heavy tails as described by Campbell, Lo, & MacKinlay (1997).  

The skewness is calculated as:  

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 = 𝐸[(
𝑋 − 𝜇
𝜎 )-] 

A skewness of 0 means that the distribution is perfectly symmetrical, while a negative 

skewness value indicates a tendency towards more frequent and severe negative returns than 

positive ones.  

The kurtosis is calculated as: 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 = 𝐸[(
𝑋 − 𝜇
𝜎 ).] 

The kurtosis is a statistical measure that describes the shape a distribution’s tails in relation to 

its overall shape. A kurtosis value greater than 3, which is the kurtosis of a normal 

distribution, indicates the presence of heavier tails.  

In both equations, X is the return, µ is the mean, 𝜎 is the standard deviation, and E denotes 

the expected value.  
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We will present the rolling skewness and kurtosis over a trading year (252 days) to show how 

these measures evolve over time. Additionally, the returns will be plotted using QQ-plots and 

compared to a normal distribution to visually assess the distribution shape. This will be done 

for daily, monthly, and annual frequencies.  

 

To support the graphical analysis, we will also provide numerical values of skewness and 

kurtosis in tables, along with the corresponding D’Agostino p-value in line with D'Agostino 

(1970). The D’Agostino test evaluates whether the sample data significantly deviates from a 

normal distribution based on skewness and kurtosis. 

The test is calculated as: 

𝐾$ = 𝑍#$ + 𝑍$$,  

Where: 

 𝑍#$ = I
/( &(&(#)

(&"#)(&"%)"&"*))∙1#

23(4"$)(45-)(456)
J,  

 𝑍$$ = K -(4"#)%

45#)(45-)
∙ M𝑔$ −

-(4"#)
45#

OP.  

In the equations, n is the sample size, 𝑔# is the sample skewness and 𝑔$ is the sample 

kurtosis. The null hypothesis states that the data follows a normal distribution.  

 

By analyzing the skewness and kurtosis along with QQ-plots and the D’Agostino test results, 

we can determine if the returns exhibit asymmetry and heavy tails, as proposed by the 

stylized facts.  

 
Stylized fact 5 involves testing whether the distribution of returns becomes more normal 

(Gaussian) as the time scale increases. To investigate this, we will analyze the data at 

different frequencies and use several statistical tests to determine normality.  

 

To formally test for normality at various frequencies, we will compute the following test 

statistics: 

1. Jarque-Bera test (Jarque & Bera, 1980): 

𝐽𝐵 = 4
3
(𝑆$ + #

.
(𝐾 − 3)$),  

where n is the sample size, S and K are the measures of skewness and kurtosis of the 
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data respectively. The Jarque Bera test assesses whether the sample data has the 

skewness and kurtosis matching a normal distribution.  

2. Lilliefors test (Lilliefors, 1967):  

𝑇 = sup|F ∗ (x) − S(x)| 

Here, sup denotes the supremum, F ∗ (x) is the empirical cumulative distribution 

function (CDF) adjusted for the data, and S(x) is the CDF of the normal distribution. 

The Lilliefors test is used to compare the empirical CDF with the expected CDF of a 

normal distribution.  

3. Kolmogorov-Smirnov test (Kolmogorov, 1933): 

𝐷4 = 𝑠𝑢𝑝7|𝐹4(𝑥) − 𝐹(𝑥)|  

In this test, sup again denotes the supremum, 𝐹4(𝑥) is the empirical CDF, and 𝐹(𝑥) is 

the CDF of the reference distribution. The Kolmogorov-Smirnov test evaluates the 

distance between the empirical and theoretical CDFs to assess normality.  

 

We will present the results of these test in a table, where the p-values will be multiplied by 

100 for clarity in the table format. When discussing the results in text, the p-values will be 

presented in their standard format. For example, a p-value of 10 in the table will be discussed 

as the standard p-value of 0.1.  

 

A rejection of the null hypothesis in any of these tests would indicate that the underlying 

distribution significantly deviates from a normal distribution. Conducting multiple normality 

tests provide a comprehensive assessment, as each test uses slightly different methodologies, 

potentially offering various insights into the distribution characteristics.  

 
Stylized fact 6 involves testing for the absence of autocorrelation in financial returns, which 

means that past returns do not predict future returns. This property aligns with the efficient 

market hypothesis, suggesting that returns are random and unpredictable.  

 

To investigate this, we will compute the autocorrelation function (ACF) for different lags. 

The ACF is defined in line with Chaudhuri and De (2021): 

𝜌(𝑘) = '()!"*)()!"$"*)
,%

  

Where 𝜌(𝑘) is the autocorrelation at lag k, 𝑋! is the return at time t, 𝜇 is the mean of the 

returns, and 𝜎$ is the variance of the returns.  
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We will compare the computed autocorrelation values against the Bartlett’s confidence 

intervals defined by (Bartlett, 1937), which are given by: 

1 + 2∑ 𝜌8$%
89#   

Where 𝜌8$ are the autocorrelation values at previous lags. If the autocorrelation values stay 

within these intervals, it indicates no significant autocorrelation at that specific lag.  

 

Additionally, to quantify and test the significancy of autocorrelations, we will use two 

statistical tests: 

1. Box-Pierce test (Box & Pierce, 1970): 

𝑄 = 𝑛d 𝜌%$e
:

%9#
 

Where n is the sample size, m is the number of lags being tested, and 𝜌%$e is squared 

the sample autocorrelation at lag k. The Box-Pierce test assesses whether the 

cumulative autocorrelations are significantly different from zero.  

2. Ljung-Box test (Ljung & Box, 1978): 

𝑄 = 𝑛(𝑛 + 2)d
𝜌;$e

𝑛 − ℎ

<

;9#
 

where n is the sample size, H the number of lags being tested, 𝜌%$e is squared the 

sample autocorrelation at lag h, n-h an adjustment factor for each lag h, and +2 a 

correction factor to improve the tests approximation. The Ljung-Box test is a 

refinement of the Box-Pierce test that adjusts for sample size and the number of lags. 

 

A rejection of the null hypothesis would mean a rejection of no autocorrelation. The results of 

these tests will be presented with the exact figures for both tests in the appendix for daily and 

monthly frequencies.  

 

Stylized fact 7 involves testing for volatility clustering, which is the phenomenon where 

large changes in financial markets are often followed by large changes, and small changes are 

followed by small changes. This indicates that volatility tends to cluster over time.  

 

To investigate this, we will analyze the autocorrelation of the squared returns. Volatility 

clustering can be detected by examining the autocorrelation function (ACF) of the squared 
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returns. If the autocorrelation of the squared returns is significant and positive for several 

lags, this indicates volatility clustering.  

 

We will compute the autocorrelation function of the squared returns defined by Hamilton and 

James (1994): 

𝜌(𝑘) =
𝐸[(𝑟!$ − µ$)(𝑟!"%$ − µ$)]

𝜎.  

Where 𝜌(𝑘) is the autocorrelation at lag k, 𝑟!$ squared return at time t, µ$ is the mean of the 

squared returns, and 𝜎. is the variance of the squared returns.  

 

We will plot the autocorrelation function of the squared returns and compare it to the 

confidence intervals to the determine if the autocorrelations are significant. Significant 

positive autocorrelations at multiple lags would indicate the presence of volatility clustering.  

 

To visualize volatility clustering, we will also create a time series plot of the squared returns. 

This plot will help illustrate periods of high and low volatility, demonstrating the clustering 

effect.  

 

For the autocorrelation function in stylized fact 6 and 7, we are going to use daily, weekly, 

and monthly frequencies instead of the otherwise used daily, monthly and annual. This to get 

a more robust result, since there are too few observations obtained to analyze the ACF 

through an annual frequency. At lag 0 the autocorrelation will always equal one since it 

measures the correlation of the time series with itself. 

 

Stylized fact 8 involves testing for the leverage effect, which describes the phenomenon 

where negative returns increase future volatility more than positive returns of the same 

magnitude. This asymmetry is often observing in equity markets and is indicative of a 

negative correlation between returns and future volatility.  

 

To investigate the leverage effect, we will compute the cross-correlation between past log 

returns and squared log returns in line with Black (1976): 

𝐶𝑜𝑟𝑟(𝑟!"8 , 𝑟!$) for j > 0 

This represents the correlation between the return 𝑟!"8 at time t-j and the squared return 𝑟!$ at 

time t. To showcase the relation properly, this will be demonstrated graphically. 
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4.2. Data 
Utilizing Python, we will compute and analyze each stylized fact through a series of 

statistical tests and models. The choice of Python is motivated by its extensive libraries and 

frameworks designed for data analysis, which are ideal for processing financial time series 

data and conducting complex numerical simulations. To begin with, all the needed data on 

equities and gold will be downloaded from Yahoo Finance to the Python Jupyter Notebook. 

This will be the adjusted closing prices of each asset class. The adjusted price is the closing 

price of the stock after adjustments have been made for any corporate actions that occurred 

before the next trading session. These adjustments account for events such as dividends, 

stock splits, rights offerings, and other distributions. The time span of the data begins at 

2000-01-01 and ends on 2023-12-31, which adds up to 6037 trading days. This time span is 

the longest available for gold and therefore the most appropriate one that allows for a 

comparable analysis. To ensure that the data is not influenced by outliers, we remove any 

data point that exceeds the mean + 5 standard deviations. This threshold is chosen for several 

reasons: It ensures that the most extreme values won’t disproportionally influence the 

analysis while maintaining the integrity of the data. A threshold of 5 standard deviations is 

stringent enough to exclude outliers but not so strict as to remove valid observations. By 

using this threshold, we can observe the eight stylized facts without distortion. The 

calculation gets rid of 20, 3, 1 and 1 data points for daily, weekly, monthly, and annual 

respectively. After this adjustment, the total observations for S&P 500 are 6017, 1249, 287 

and 23 for daily, weekly, monthly, and annual respectively. For gold, the total amount of 

observations after the adjustment are 5842, 1216, 280 and 23 for daily, weekly, monthly, and 

annual respectively.  

 

From the Python results, graphs and visualizations are generated directly, providing an 

understanding of the dynamics behind each market analyzed. This empirical approach allows 

for a thorough investigation into the properties of both markets, with an emphasis on the 

differences and similarities that arise when contrasting the two asset classes. To show the 

numbers behind the graphical results, tables referred to will be provided in the appendix.  
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5. Empirical Result     

Stylized Fact 1: Prices Are Non-Stationary 
In figure 1 we see a generally increasing trend in the closing prices for all frequencies across 

gold as well as the S&P 500. The gradual uptrend suggests that the market on average grows 

over time, reflecting economic growth and inflation. However, there are also periods of 

decline that reflect market corrections or economic downturns. Even though it smoothens out 

as we go to the less frequent monthly and annual data, the trend is still increasing.  
Figure 1 – Adjusted Closing Prices For S&P 500 & Gold. Daily, Monthly & Annual (2000-2023) 

It can be seen from figure 1 that the prices over time resemble a random walk, thus having a 

time-dependent mean, variance, and covariance. This can be seen by looking at the short-term 

unpredictability in the time series movements and goes against the definition of weak 

stationarity. Since the time series resembles a random walk, we can say	E[𝑃!] = 𝑃= + 𝑡µ, 

V(𝑃!) = tσ$	and	Cov(𝑃! , 𝑃!5>)	= 𝑡σ$. Therefore, we can assume that 𝜇	→ ∞ and σ$ → ∞ as 𝑡 

→ ∞. In other words, as time goes to infinity, we can assume that the sample mean (µ) and 

variance (σ$) also do, implying time dependent variables. The presence of the time-

dependent parameters gives strong evidence of the non-stationary nature in prices for both 

gold and the S&P 500.  

 

To confirm the other properties of non-stationarity, figures 2 below shows the logarithmic 

(log) transformation of closing prices for all frequencies for both gold and S&P 500. This 

transformation is made to smooth out the fluctuations but retains the overall upward trend for 

gold as well as the S&P 500. The general growth of the log adjusted closing prices suggest 

that the random walk is still applicable, further indicating non-stationarity. 
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Figure 2 – Log Adjusted Close Prices For S&P 500 & Gold, Daily, Monthly & Annual (2000-2023) 

Finally, figure 3 illustrates how the daily log prices, of gold and S&P 500 respectively, 

correlate with their past values at different lags. Each dot represents one lag, and the first lag 

correlates with itself, meaning it will always equal 1. The peaks at each lag are well outside 

bartlett intervals represented by the blue dashed lines, indicating that the log prices have a 

strongly significant positive correlation with their immediate past values. Like in a random 

walk, the autocorrelation decreases slightly for each lag. This persistence suggests that past 

values have a significant influence on future values, which is typical of a non-stationary 

process.  
Figure 3 – Empirical Autocorrelation of Daily Adjusted Closing Prices For S&P 500 & Gold 

In all graphs, the non-stationary nature is evident in the time series, for both gold and the 

S&P 500 which shows similar trends. This due to the changing means, variances and 
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covariances over time, which makes them dependent on time, why stylized fact 1 is 

applicable on both gold and the S&P 500. 

Stylized Fact 2: Returns Are Stationary 

Figure 4 illustrates the logarithmic returns of the S&P 500 and gold across daily, monthly, 

and annual data. It shows significant fluctuations, but within a certain range for both asset 

classes across all frequencies. According to stylized fact 2 returns are stationary, meaning 

they follow the properties of definition (1) in the methodology chapter.  
Figure 4 – S&P 500 & Gold Log Returns for Daily, Monthly and Annual (2000-2023) 

The graphs display a mean logarithmic return close to 0 and remains constant over time, since 

the observations fluctuate around the black line in the graph throughout the sample. 

Additionally, the variance seems to cluster in certain periods, but this does not happen in a 

periodic or systematic way, remaining constant over long subperiods. This is most evident in 

the daily log returns for both asset classes but can clearly be seen for the monthly and annual 

frequencies as well, supporting the stationarity of log returns.  

 

In figure 5 below we see the autocorrelation function for S&P 500 and gold. It measures the 

linear relationship between the log prices of the S&P 500 and their past values over different 

time periods. The first lag shows an autocorrelation of 1, which is always the case since any 

dataset is perfectly correlated with itself at lag 0. For subsequent lags, the autocorrelations 

fall within the blue-dotted Bartlett intervals for almost all lags, indicating that they are not 

statistically significantly different from zero. Though we observe that S&P 500 display more 

significant autocorrelations than gold does. Overall, the pattern for both asset classes suggests 

that there is little to no predictable pattern in the returns from one day to the next. 
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The behavior aligns with stylized fact 2 regarding returns being stationary. More specifically, 

it is related to the concept that returns do not typically exhibit significant autocorrelation, 

meaning today's returns are not a reliable predictor of tomorrow's returns.  
Figure 5 – Empirical Autocorrelation of Daily Log Returns For S&P 500 & Gold 

All the graphs show that the data for both gold and S&P 500 meet all the requirements of 

second order stationarity in definition (1), meaning stylized fact 2 is applicable on both asset 

classes.  

Stylized Fact 3 & 4: Returns Are Asymmetric & Have Heavy Tails 

Figure 6 shows the rolling measures of skewness for the S&P 500 and gold returns, with the 

blue shaded area being the confidence intervals.  
Figure 6 – Rolling Skewness of S&P 500 and Gold on 252 Days 

For S&P 500 we see significant fluctuations in skewness. Almost all significant values that 

are outside of the confidence intervals, are negative. This trend highlights that S&P 500 

return distributions tend to be negative, implying the presence of negative skewness and more 

extreme negative returns relative to positive ones. Such a pattern of negatively distributed 

returns confirms Stylized Fact 3, which suggests that financial returns are typically 

asymmetric and negatively skewed. The graph for gold in figure 6 shows variability in 
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skewness, shifting between positive and negative values. The periods of positive skewness 

suggest that there are times when gold experiences more extreme positive returns than 

negative ones. Conversely, periods of negative skewness indicate that extreme losses are 

more frequent than equivalent gains, which align with stylized fact 3. Overall, we observe 

more periods exhibiting significant negative values, which would confirm stylized fact three 

for gold. Though, since we still see some periods of a significant positive skewness, we will 

need to investigate this further.  

 

Figure 7 displays the rolling kurtosis of the S&P 500 and gold returns, with the blue shaded 

area representing the confidence intervals.  
Figure 7 – Rolling Kurtosis of S&P 500 and Gold on 252 Days 

The kurtosis values for S&P 500 exhibit substantial variability over the observed period. 

Notably, there are some kurtosis spikes well above the blue shaded area. These spikes 

indicate heavy tails in the return distributions, meaning that extreme returns occur more 

frequently than expected under normal distribution assumptions. For some of the period, the 

kurtosis values lie within the confidence intervals, suggesting that the tail behavior is within a 

normal range. Also, the kurtosis can be observed below the blue shaded area for some longer 

periods, indicating lighter tails and fewer extreme returns.  

 

The kurtosis values for gold also show considerable fluctuations throughout the period. We 

observe a few spikes where the kurtosis rises above the blue shaded area, though they don’t 

rise as high as for the S&P 500. These elevated values suggest heavy tails in the return 

distributions, indicating a higher frequency of extreme returns than predicted by a normal 

distribution. For a portion of the time, the kurtosis values fall within the confidence intervals, 

suggesting that the tail behavior of gold returns is often within the expected normal range. 
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There are also longer periods where the kurtosis dips below the confidence intervals, 

indicating lighter tails and fewer extreme returns, suggesting relatively lower market 

volatility.  
Figure 8 – S&P 500 & Gold Q-Q Plots of Daily, Monthly and Annual Log Returns 

Figure 8 illustrates the distributional characteristics of gold and the S&P 500 log-returns at 

daily, monthly, and annual frequencies through Q-Q (quantile-quantile) plots. These graphs 

provide insights into the skewness (stylized fact 3) and kurtosis (stylized fact 4) of the 

returns.  

 

The Q-Q plot for daily log-returns reveals similar deviations from the normal distribution at 

the tails for both asset classes, indicating a heavier lower tail. For monthly log-returns, the Q-

Q plot shows deviations from the normal line at both ends, reflecting heavier tails. Though, 

these results show a smaller departure from normality for monthly returns than for daily 

returns for both asset classes. The Q-Q plots for annual log-returns also show deviations from 

the normal line in the tails, with the deviation being a little greater for the S&P 500 than for 

gold.  

 

Since the results from the graphs presented in this chapter are somewhat contrasting and not 

entirely convincing, some tables of the exact numbers are presented below.  

 

Table 1 displays the sample skewness of S&P 500 and gold returns at different frequencies 

and the corresponding p-values from the D'Agostino's K-squared test. which is a statistical 

test used to determine if the skewness of a dataset differs significantly from that of a normal 

distribution.  
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Table 1 – Sample Skewness & D’Agostino p-value for S&P500 And Gold 

        S&P 500           Gold 

 

 

 

 

We observe negative skewness values across all frequencies for both asset classes. This 

indicates a distribution that leans towards the left, implying that there are more extreme 

values on the left side of the mean or more frequent extreme negative returns. This aligns 

with Stylized Fact 3 which states that return distributions are typically negatively skewed. 

The small p-values suggest that the skewness of these distributions is significantly different 

from zero, reinforcing the presence of asymmetry. 
Table 2 – Kurtosis & Excess Kurtosis for S&P500 (left) and Gold (Right) 

        S&P 500                Gold 

 

 

 

 

 

Table 2 presents the kurtosis and excess kurtosis of the returns, which measures the 

'tailedness' of the distribution. A kurtosis greater than 3 (which would mean a positive excess 

kurtosis) indicates a leptokurtic3 distribution with heavy tails. The daily and weekly returns 

exhibit high kurtosis values, much larger than 3, confirming the presence of heavy tails as 

stated in Stylized Fact 4. Monthly and annual returns have lower kurtosis, but they still 

suggest more extreme outcomes than would be expected from a normal distribution. The 

D'Agostino test from table 1 and its small p-values suggest that the distribution contrasts that 

of a normal one significantly different from zero, reinforcing the presence heavy tails for both 

asset classes. 
 

Together, the graphs and tables presented in this chapter collectively validate stylized fact 3 

and 4 for the S&P 500 and gold logarithmic returns, suggesting they are applicable in both 

 
3 Leptokurtic refers to a type of statistical distribution that exhibits higher kurtosis than the normal distribution, 
specifically with kurtosis greater than 3 
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asset classes. The skewness becomes more pronounced and negative as the frequency 

decreases from daily to annual returns, indicating a higher frequency of extreme negative 

returns over longer periods. The kurtosis is evident in the deviations from normality, with 

heavier tails as we move from annual to daily returns, indicating a higher likelihood of 

extreme returns.  

Stylized Fact 5: Aggregational Guassianity in Returns 

In table 3, we observe the Jarque Bera, Kolmogorov-Smirnov, and Lilliefors test statistics as 

well as their p-values which are multiplied with a 100 for the S&P 500. The null hypotheses 

of the tests are in this case that the underlying data equals a normal distribution. The bigger 

the test statistic, the further away from a normal distribution the underlying data is. 
Table 3 – S&P 500 Jarque Bera, Lilliefors, Kolmogorov-Smirnov stat & p-value (p-values multiplied by 100) 

For S&P 500 the Jarque-Bera test, which assesses whether the sample data matches a normal 

distribution in terms of skewness and kurtosis, shows a significant deviation from normality 

at the daily frequency, with a Jarque-Bera statistic of 3131.60215 and a p-value of 0. As we 

move to weekly returns, the statistic decreases to 633.93620, though the p-value remains at 0, 

indicating a continued deviation. At the monthly frequency, the Jarque-Bera statistic further 

drops to 34.19052 with a p-value still at 0, showing some improvement but still significant 

deviation from normality. Finally, the annual returns exhibit the lowest Jarque-Bera statistic 

of 8.04909, with a higher p-value of 0.0178716, suggesting a closer fit to normality, although 

not perfect. 

 

The Lilliefors test also indicates significant deviation from normality at the daily frequency 

with a statistic of 0.08181 and p-value of 0.001, and weekly frequency with a statistic of 

0.06616 and p-value of 0.001. Monthly returns show a statistic of 0.09226 with the same p-

value of 0.001. The annual returns, however, show an increased statistic of 0.17295 but with 

a p-value of approximately 0.0726, saying that we cannot reject normality of the data.  
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The Kolmogorov-Smirnov test results align with these findings, showing the highest 

deviation at the daily frequency with a statistic of 0.47985 and p-value of 0, and a gradual 

decrease in deviation as the time horizon increases. Weekly returns have a statistic of 

0.46636, monthly returns 0.45577, both with a p-value of 0. For annual returns, the t-statistic 

is 0.39770, with a p-value of 0.0008565, indicating the data becomes more normally 

distributed as the data is more aggregated. 
 

For gold, in table 4, the Jarque-Bera test reveals a significant deviation from normality for 

daily returns, with a statistic of 1495.41447 and a p-value of 0. For weekly returns, the 

statistic reduces to 152.36252, though the p-value remains at 0, indicating continued 

deviation. At the monthly level, the statistic drops significantly to 13.45740, with a p-value of 

approximately 0.0012, suggesting an alignment closer to normality. The annual returns show 

the lowest Jarque-Bera statistic of 7.78553, with a p-value of approximately 0.0203, 

indicating an even better fit to normality. 
Table 4 – Gold Jarque Bera, Lilliefors, Kolmogorov-Smirnov stat & p-value (p-values multiplied by 100) 

Similarly, the Lilliefors test indicates significant deviations from normality for daily and 

weekly frequencies, with a statistic of 0.06485 and 0.05639 respectively, and a p-value of 

0.001 for both. However, for monthly returns, the statistic decreases to 0.03018, with a p-

value of approximately 0.8318, showing a considerable improvement towards normality. The 

annual returns have a Lilliefors statistic of 0.10717 and a high p-value of approximately 

0.7006, indicating a much closer approximation to normality. These results are clearer for 

gold than for the S&P 500 and means we cannot reject normality for neither monthly nor 

annual data, showing evidence of aggregational gaussianity. 

 

The Kolmogorov-Smirnov test results confirm these findings, showing the highest deviation 

at the daily frequency with a statistic of 0.48271 and p-value of 0, and a gradual improvement 

as the time horizon increases. The weekly returns have a statistic of 0.47048, the monthly 

returns 0.44834, and the annual returns 0.41262. The p-values are 0 for the weekly and 

monthly frequencies, improving to 0.0005 for the annual frequency, suggesting a closer fit to 

normality as the data becomes more aggregated. 



 24 
 
 

 

Overall, the results from these tests collectively support the concept of aggregational 

gaussianity for the S&P 500 and gold. While daily and weekly returns exhibit significant 

deviations from normality, the monthly returns show some improvement, and the annual 

returns demonstrate the greatest approximation towards a normal distribution for both asset 

classes. This trend is even more clear for gold than it is for the S&P 500. Though, it goes 

towards normality with increasing aggregation periods for both assets, aligning with stylized 

fact 5, confirming that as data becomes more aggregated, it becomes more normally 

distributed.  

Stylized Fact 6: Returns Are Not Autocorrelated  

Stylized Fact 6 posits that financial returns are generally not autocorrelated. To examine this 

for gold and the S&P 500, we analyze figure 9 and the autocorrelation functions (ACF) of 

daily, weekly, and monthly log-returns for both assets. The autocorrelation at lag 0 equals 1 

in all graphs since the underlying dataset will always correlate with itself. We also conducted 

the Box-Pierce and Ljung-box test statistics and p-values to look at the actual numbers behind 

the graphs. Those can be found in table 5-8 in appendix. 
Figure 9 – S&P 500 & Gold AFC for Daily, Weekly and Monthly Log Returns 
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For the S&P 500, figure 9 reveals most values in the ACF of daily log-returns that most 

autocorrelations lie within the 95% confidence intervals. This indicates a lack of significant 

autocorrelation at most lags. Though there are 7 lags with values stretching outside the 

confidence intervals, opposing the idea behind stylized fact 6. Nonetheless these observations 

are few when compared to the number of insignificant lags, suggesting minimal and random 

autocorrelation. To investigate this further, we look at table 5 in the appendix, which shows 

us the Pierce-Box and Ljung-Box tests. In the table. We find p-values of 0 across all lags, 

indicating a rejection of the null hypothesis which states that the data is not autocorrelated. 

This finding suggests that the data is autocorrelated at a daily frequency and therefore not 

consistent with Stylized Fact 6 for the S&P 500.  

 

In the case of weekly log-returns for the S&P 500, the ACF displays less variability, with 

fewer lags showing autocorrelation values outside the 95% confidence intervals. This 

indicates next to nonsignificant autocorrelation overall, though we see somewhat of a 

deviation from the expectation of no autocorrelation here as well.  

 

Finally, the ACF for monthly log-returns of the S&P 500 shows minimal autocorrelation, 

with no lags apart from the first one being outside of the confidence intervals. This is 

consistent with table 6 in the appendix, where we are not able to reject no autocorrelation in 

the Box-Pierce and Ljung-Box tests, which validates Stylized Fact 6 over longer time 

periods. 

 

The ACF for daily log-returns of gold demonstrates that most autocorrelation values fall 

within the 95% confidence intervals, represented by the blue dashed lines. This indicates that 

there is no significant autocorrelation at most lags. Only a few points lie outside the 

confidence intervals, suggesting minimal and random autocorrelation for daily returns. This 

is consistent with the result of the Pierce-Box and Ljung-Box tests in table 7 in the appendix, 

where we cannot reject the null of no autocorrelation for any lag apart from the first one in 

the daily returns. 

 

For weekly log-returns in gold, the ACF shows a similar pattern as in the daily data, with 

only one lag exhibiting an autocorrelation value outside the confidence intervals. This 

suggests next to no significant autocorrelation for weekly returns in gold, consistent with the 

result for daily returns and therefore stylized fact 6. 
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When examining the ACF for monthly log-returns of gold, we capture only the most 

persistent trends. Here, like in the daily returns, we see significant autocorrelation at a few 

lags. Though most lags still show next to no autocorrelation in returns for the monthly 

frequency. We look at table 8 in the appendix to investigate this further but again, from the 

Box-Pierce and Ljung-Box tests, find that there is no significant autocorrelation at any lags. 

This finding is in line with stylized fact 6. 

 

In conclusion, The ACF and corresponding Box-Pierce and Ljung-Box tests indicate 

significant autocorrelation, as evidenced by p-values of 0 across all lags. This suggests that 

daily returns for the S&P 500 do not align with Stylized Fact 6, showing that autocorrelation 

is present. This result contrasts the one of gold, which demonstrates that most autocorrelation 

values fall within the 95% confidence intervals, suggesting no significant autocorrelation at 

most lags. The Box-Pierce and Ljung-Box tests corroborate this, with no significant 

autocorrelation detected, aligning with Stylized Fact 6. For the rest the result we observe 

decreasing autocorrelation as we go to weekly and then annual frequencies for both the S&P 

500 and gold. For the S&P 500, this suggests that stylized fact 6 is applicable on a weekly 

and monthly frequency, but not on daily. For gold, this suggests that stylized fact 6 is 

applicable across all frequencies.  

Stylized Fact 7: Volatility Clustering 

To analyze stylized fact 7, volatility clustering in returns, for the S&P 500 and gold, we 

examine the autocorrelation functions (ACF) of squared log-returns at daily, weekly, and 

monthly frequencies seen in figure 10. To see the actual numbers behind the graphs of the 

squared log returns, see table 9 and 10 in the appendix. In the same table, we also computed 

the Box-Pierce as well as the Ljung-Box test, with the correlated p-value. These tests are 

statistical tests used to determine whether there is significant autocorrelation in a time series. 
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Figure 10 – S&P 500 & Gold ACF for Daily, Weekly and Monthly Squared Log Returns 

The ACF for daily squared log-returns of the S&P 500 shows significant positive 

autocorrelation at all lags, with values remaining above the 95% confidence intervals (blue 

dashed lines). We observe that as the lag increases, the autocorrelation gradually decrease. 

This strong autocorrelation indicates pronounced volatility clustering, where high volatility 

periods are followed by more high volatility periods, and low volatility periods follow low 

volatility periods. 

 

The ACF for weekly squared log-returns also demonstrates significant positive 

autocorrelation, with the values remaining above the confidence intervals for several lags. 

The difference is that the pattern starts decaying way faster and more pronounced than it does 

for the daily data. Overall, there are still many significant autocorrelations, confirming the 

presence of volatility clustering at a weekly frequency.  

 

Similarly, the ACF for monthly squared log-returns shows significant autocorrelation at 

various lags, though with lower magnitudes than daily and weekly data. This indicates that 

volatility clustering persists even at monthly intervals, suggesting long-term periods of high 

and low volatility. 
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The ACF for daily squared log-returns of gold shows significant positive autocorrelation at 

various lags, with values remaining above the 95% confidence intervals for many lags. This 

strong autocorrelation indicates the presence of volatility clustering 

 

The ACF for weekly squared log-returns also demonstrates significant positive 

autocorrelation, though the values are generally lower than those observed in the daily data. 

The autocorrelation values remain above the confidence intervals for several lags, confirming 

the presence of volatility clustering at a weekly frequency. 

 

The ACF for monthly squared log-returns of gold shows significant autocorrelation at various 

lags, with values above the 95% confidence intervals, though generally lower than in daily 

and weekly data. This indicates that volatility clustering persists at the monthly frequency. 

 

For both gold and the S&P 500, significant positive autocorrelation at multiple lags in daily 

squared returns indicates pronounced volatility clustering. One big distinction is that the 

autocorrelation is stronger for the S&P 500 than what it is for gold. Weekly squared returns 

exhibit similar patterns, indicating that volatility clustering extends to a weekly scale but with 

a reduced intensity. Here the trends look more similar between the two asset classes than they 

do for the daily frequency. Monthly squared returns also show significant autocorrelation, 

indicating that volatility clustering persists even over longer periods. Though these 

observations are fewer for S&P 500 as well as gold, meaning the clustering decays as the 

frequency decreases. Overall, the volatility clustering is evident across all frequencies. This 

result is in line with the result from the Box-Pierce and Ljung-Box tests in table 9 and 10 in 

the appendix, which shows p-values of 0 across all lags, validating stylized fact 7 and 

suggesting it’s applicable in both asset classes.  

 

The graphs of squared daily S&P 500 and gold log-returns in figure 10 visually demonstrates 

Stylized Fact 7, showing clear volatility clustering. Periods of high volatility, indicated by 

spikes, are followed by more high volatility periods, while low volatility periods show 

smaller fluctuations. Notable clusters of high volatility are observed during significant market 

events, such as the 2008 financial crisis and the 2020 pandemic, highlighting sustained 

periods of market turbulence.  
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Figure 11 - S&P 500 & Gold Squared Daily Log Returns (2000-2023) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Stylized Fact 8: Leverage Effect 

Figure 12 displays the cross-correlation between daily returns and future squared returns over 

various lags for gold and the S&P 500, with the blue shaded are being the confidence 

interval. 
Figure 12 – S&P 500 & Gold Cross Correlations Between Past Log Returns & Squared Log  

For S&P 500, significant negative correlations at multiple lags are observed, with values 

lying below the 95% confidence intervals (represented by the blue shaded area). This 

indicates that negative returns today are associated with higher volatility in the future, a 
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hallmark of the leverage effect. Specifically, the cross-correlation values show that negative 

returns are followed by increased volatility for several days, with the strongest effects 

observed at shorter lags. This pattern is consistent with the leverage effect, where a decrease 

in asset prices leads to an increase in financial leverage, resulting in higher future volatility. 
 

For gold, the cross-correlation values for are close to zero and remain within the 95% 

confidence intervals across all lags. This indicates that there is no significant correlation 

between current returns and future volatility for gold. The absence of significant negative 

correlations provides evidence that the leverage effect is not present in gold returns. The lack 

of significant cross-correlation between current returns and future volatility indicates that 

negative returns do not lead to higher future volatility in the gold market.  

 

In conclusion, the graphs provide strong evidence of the leverage effect in the S&P 500 

returns, with almost all lags extending outside the blue shaded confidence interval. This 

contrasts the results of gold, where we found no no significant autocorrelations at any lag. 

Overall, the result shows that stylized fact 8, leverage effect, is applicable on the S&P 500 

but not in the gold market.  

6. Discussion  
Stylized Fact 1 

The analysis confirmed that both gold and the S&P 500 exhibit non-stationary price behavior, 

consistent with Stylized Fact 1 no matter the frequency. Both prices and logarithmic prices 

showed an increasing trend over time with periods of decline, reflecting market dynamics 

such as economic growth and downturns. We showed that the all the conditions of second 

order-stationarity brought up by Hamilton (1994) were contradicted, suggesting stylized fact 

1 is applicable in both gold and the S&P 500. This aligns with the Random Walk Theory 

(Osborne, 1959) and the Efficient Market Hypothesis (Fama, 1970), which suggest that prices 

are inherently unpredictable and influenced by new information. This finding is also in line 

with the work of Cont (2001), who emphasized the importance of understanding non-

stationary behavior in financial time series. The non-stationarity of prices indicates that 

financial models must incorporate elements that account for the randomness and 

unpredictability of price movements. This has implications for the Efficient Market 

Hypothesis and Random Walk Theory, suggesting that markets are continuously adjusting to 

new information in a stochastic manner. Investment strategies must account for this 
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unpredictability and make use of models that incorporate stochastic processes to better 

manage risk and predict price movements.  

 

 

Stylized Fact 2 

Logarithmic returns for both gold and the S&P 500 were found to be stationary across 

different frequencies, in line with stylized fact 2. The consistent mean and variance over time 

support the notion of second-order stationarity. Also, we found no significant autocorrelation 

apart from in the first lag, summing up to meet all requirements of second order stationarity. 

This result means that stylized fact 2 is applicable in both asset classes discussed in the thesis. 

This observation is in line with the Random Walk Theory and the Central Limit Theorem, 

which imply that returns, as opposed to prices, tend to exhibit stationarity. This finding 

supports Zivot's (2021) observations about the stationary nature of returns. Understanding 

this can help in the creation of more accurate predictive models for returns, and thereby 

enhance the precision of financial forecasts and improve portfolio management. 

 

Stylized Fact 3 & 4 

The analysis of skewness and kurtosis revealed varying results from the graphs, though there 

were clear signs of asymmetry with negative skewness as well as an excess kurtosis with 

heavy tails for both asset classes. After then looking at the actual numbers in table 1 and 2, 

including the D’Agostino K-squared test used to assess the normality of a distribution, it was 

clear to see the evidence. The skewness became more pronounced as we went from daily to 

annual frequency for both asset classes. This was generally the case with the kurtosis as well, 

except for the monthly frequency, which displayed the lowest kurtosis in both gold and the 

S&P 500. In summary, this supports the applicability of stylized facts 3 and 4 in both gold 

and the S&P 500. The presence of negative skewness aligns with Prospect Theory 

(Kahneman & Tversky, 1979), which suggests that investors react more strongly to losses 

than gains. Heavy tails are consistent with Mandelbrot’s Stable Paretian Hypothesis (1963), 

indicating that extreme market events are more common than a normal distribution would 

predict. The findings are also supported by the work of Silvennoinen et al. (2013), who 

documented similar behaviors in metals. To manage risk, traditional models assuming 

normality which may underestimate the likelihood of extreme events, could incorporate 

models that account for skewness and heavy tails, such as the Generalized Pareto 
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Distribution. This could improve risk assessments and help prevent underestimation of 

potential losses. 

 

Stylized Fact 5 

As the data aggregation increased from daily to annual, the returns distribution for both gold 

and the S&P 500 became more normal. This was very clear for gold where the Lilliefors test 

couldn’t reject normality of the data for the monthly and annual frequencies with a large p-

value for each. For the S&P 500 this wasn’t as apparent, though the statistical tests showed 

that as the frequency went from daily to annual frequency, the data showed more evidence of 

a distribution like a normal one. In conclusion, this supports Stylized Fact 5 which appeared 

to be applicable in both asset classes, demonstrating that larger time scales tend to smooth out 

deviations from normality and thereby aligning with the Central Limit Theorem (Feller, 

1971). This trend towards normality with increasing aggregation periods confirms the 

findings of Bollen et al. (2004) regarding stock indices. These results suggest that for long-

term investment horizons, simpler models assuming normality may be sufficient, whereas for 

short-term trading, models need to account for non-normal behavior to accurately assess risk. 

 

Stylized Fact 6 

Returns for both gold and the S&P 500 showed minimal autocorrelation at a weekly and 

monthly frequency in the graphs as well as the Box-Pierce and Ljung-Box tests, supporting 

Stylized Fact 6. For gold, this was the case at a daily frequency as well. On the other hand, 

for S&P 500, this was not the case. When looking at the Box-Pierce and Ljung-Box tests, we 

rejected the null hypothesis of no autocorrelation in returns for all lags at the daily frequency. 

The general lack of predictability in returns at all frequencies for gold, but only for weekly 

and monthly frequencies in the S&P 500, aligns with the Efficient Market Hypothesis and the 

Random Walk Theory. Though the result of empirical autocorrelation in daily returns for the 

S&P 500 is consistent with the findings of Lo and MacKinlay (1988), who also identified 

limited autocorrelation in stock returns. This suggests that in the long term for stock indices 

and no matter the horizon for gold, past returns are not indicative of future performance, 

reinforcing the challenge of predicting short-term price movements and supporting the 

principle for a diversified investment strategy. On the contrary, in the short term past returns 

evidently could be a good predictor of future ones for the S&P 500. 

 

Stylized Fact 7 
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Significant positive autocorrelation in squared returns indicated pronounced volatility 

clustering, confirming Stylized Fact 7 is applicable in both asset classes. The only real 

difference observed was at the daily frequency, where the clustering seemed to be more 

pronounced in the S&P 500 than in gold. This phenomenon, where high volatility periods are 

followed by more high volatility periods, reflects underlying market behaviors and investor 

reactions, as described by Mandelbrot (1963) and Shiller (2003). The findings align with the 

volatility patterns observed by Chevallier & Ielpo (2017) in commodity markets. Volatility 

clustering then suggests that models such as GARCH (Generalized Autoregressive 

Conditional Heteroskedasticity) are particularly well-suited for forecasting future volatility. 

Implementing such models can help in developing trading strategies that adjust dynamically 

to changing market conditions, potentially enhancing returns and reducing risk. 

 

Stylized Fact 8 

The S&P 500 exhibited a significant leverage effect, where negative returns led to increased 

future volatility, with a significant negative correlation between past log returns and squared 

log returns at almost all lags. This was not observed for gold, with insignificant correlations 

between past log returns and squared log returns at all lags. This highlights a key difference 

in the behavior of these asset classes. The leverage effect, as proposed by Black (1976), 

suggests that market downturns increase volatility due to higher financial leverage. This 

result is supported by the research of Bouchaud et al. (2001), who documented a similar 

effect in stock indices. The same goes for Chevallier & Ielpo (2017), who contradicted our 

result in gold and documented a leverage effect in commodity markets, where gold was one 

of them. The absence of the leverage effect in gold found in this thesis indicates its role as a 

safe haven asset, less affected by leverage and past returns, and more by other factors like 

inflation and currency fluctuations. Furthermore, the absence of a leverage effect in gold 

could be attributed to the fact that gold is not a leveraged entity like companies in the S&P 

500, which have debt and equity structures impacting their volatility. The observed leverage 

effect in equities but not in gold highlights the differing market dynamics and risk profiles of 

these asset classes. This finding suggests that during periods of market stress, equity markets 

may exhibit heightened volatility due to financial leverage, while gold remains relatively 

stable. These differences should be considered in portfolio diversification and risk 

management strategies, as they point out the unique roles that different asset classes play in 

financial markets. 
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7.  Conclusion 
This thesis has explored the applicability of 8 stylized facts within financial markets, 

comparing gold and equities represented by the S&P 500. The analysis utilized daily, weekly, 

monthly, and annual data from 2000 to 2023. We ensured robust results by excluding data 

points that exceeded five standard deviations from the mean, thereby minimizing the 

influence of extreme outliers on the analysis and preserving the integrity of the dataset.	We 

defined the key statistical properties and theoretical foundations necessary for this analysis. 

We also applied various statistical tests to thoroughly examine these properties across the 

different time scales. By employing advanced data analysis techniques, we gained a 

comprehensive understanding of the dynamics underlying the financial returns of gold and 

equities. Our empirical analysis has led to several key conclusions regarding the behavior of 

these two distinct asset classes. 

 

The similarities between gold and equities, such as non-stationarity in prices and stationarity 

in returns, shows that these stylized facts are broadly applicable across different types of 

financial instruments. This similarity suggests that risk management models can adopt similar 

strategies to assess and mitigate risks associated with extreme returns across various financial 

instruments. However, the nuanced differences between asset classes necessitate tailored 

approaches for accurate risk modeling and management. This difference implies that risk 

models for equities should incorporate leverage effects, while models for gold should focus 

on other volatility drivers. Also, we observed a difference in the daily autocorrelation in log 

returns. For equities, the returns appeared to be autocorrelated, meaning the equity market 

might not be entirely efficient as opposed to gold.  

 

Future research should focus on developing advanced financial models that specifically 

incorporate the leverage effect for equities and other volatility factors for gold. These models 

need to account for the unique risk and return characteristics of each asset class. Designing 

trading strategies that exploit the unique behaviors of gold and equities could also be 

beneficial. Strategies could capitalize on leverage effect and volatility clustering in the S&P 

500 or the safe-haven properties of gold during market downturns.  

 

For example, one could attempt to create a trading strategy based on the implications of the 

leverage effect found in the S&P 500. This by using the volatility feedback hypothesis, where 
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increased volatility ultimately results in an immediate decrease in the current asset price. In 

the trading strategy, the research could also use our result from stylized fact 7 and assume 

that in periods of high volatility which persists, the price decline will continue into the days 

following the increase in volatility. From there, one could monitor the rolling standard 

deviation of the S&P 500, calculated over various time scales, and determine when the rolling 

standard deviation falls within the Bartlett intervals. When the rolling standard deviation 

drops within the Bartlett intervals, signaling a potential period of sustained high volatility, 

one could initiate a short sell position on the S&P 500. Hold the short position for 10 days, 

based on the observation that the cross-correlation between past log returns and squared log 

returns diminishes after 10 lags. Then buy back the S&P 500 after the 10-day period. 

 

Moreover, extending the comparative analysis to include other asset classes such as bonds, 

real estate, and cryptocurrencies could provide a more comprehensive understanding of 

stylized facts across diverse financial instruments. Investigating the behavior of gold and 

equities using high-frequency data to capture microstructure noise and intraday volatility 

patterns could reveal additional insights into the dynamics of these markets. On the other 

hand, extending the analysis over more years than twenty could also provide insights and 

might affect the result. Also, exploring how significant economic events (e.g. financial crises, 

pandemics) impact the stylized facts of different asset classes could enhance the 

predictiveness of financial models during periods of economic stress. 

 

In conclusion, this thesis successfully compares the applicability of stylized facts of financial 

returns between gold and equities. By empirically examining these asset classes, we provide 

detailed insights into their unique and shared statistical properties. Specifically, our findings 

on non-stationarity prices, stationarity of returns, asymmetry, heavy tails, aggregational 

Gaussianity, autocorrelation, volatility clustering, and the leverage effect offer precise 

quantitative evidence that can inform better risk management and investment strategies. The 

distinct leverage effect identified in the equities but absent in gold, for example, highlights 

the need for equity-specific models that account for financial leverage impacts. Conversely, 

recognizing gold's consistent behavior without leverage effects suggests it can be more 

reliably used as a hedge in portfolios. Furthermore, the evidence of volatility clustering and 

heavy tails in both asset classes highlights the importance for risk models to incorporate these 

features to accurately predict extreme market movements. These contributions provide a 

direct support for developing targeted financial instruments and improving existing financial 
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theories, offering precise tools to improve portfolio optimization and risk assessment 

methodologies. The detailed empirical comparisons also serve as a benchmark for future 

studies, promoting more nuanced and asset-specific financial research.  
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Appendix 
Table 5 – Descriptive Statistics of Different Log Returns Sampling Frequencies  

         S&P 500             Gold 

Stylized Fact 6 
Table 7 – ACF Values, Ljung-Box and Box-Pierce Tests for Daily Log Returns of S&P 500 
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 Table 8 – ACF Values, Ljung-Box and Box-Pierce Tests for Daily Log Returns of Gold 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 9 – ACF Values, Ljung-Box and Box-Pierce Tests for Monthly Log Returns of S&P 500 
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 Table 10 – ACF Values, Ljung-Box and Box-Pierce Tests for Monthly Log Returns of Gold 
 

 

 

 

 

 

 

 

 

 

 

 

 

Stylized Fact 7 

Table 11 – ACF Values, Ljung-Box and Box-Pierce Tests for Squared Log Returns of S&P 500 
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 Table 12 – ACF Values, Ljung-Box and Box-Pierce Tests for Squared Log Returns of Gold 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


