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Abstract

This study aims to replicate and extend the methodology of Laloux et al. (1999), by applying Random
Matrix Theory (RMT) to a modern dataset (Laloux et al., 1999). The data comprises the opening prices
of S&P 500 constituent stocks from 2013 to 2018 (Kaggle, 2018). The objective of the research paper is
to determine the extent to which observed correlations in asset returns are driven by genuine market
structure versus the anomalies that are present. Standardised log returns will be used to construct
empirical correlation matrices. The eigenvalue spectra will be compared to the theoretical bounds
predicted by the Marcenko — Pastur distribution (Marcenko & Pastur, 1967). This provides the
theoretical eigenvalue density for large random correlation matrices under the assumption of Gaussian
distributed and uncorrelated time series (Wigner et al., 1955). There is a limited number of significant
outliers (Laloux et al., 1999). It is most notably a dominant market mode (Plerou et al., 2002). Spectral
filtering has been employed to denoise the correlation matrix, leading to improved clarity in identifying
systematic components (Bun et al., 2017). Empirical validation shows that portfolio volatility remains
stable before and after Spectral filtering (Allez & Bouchaud, 2012). Therefore, it confirms that RMT
preserves essential market dynamics while reducing estimation outliers (Potters et al., 2005). These
findings support the continued relevance of Random Matrix Theory in financial modeling and risk
analysis (Potters et al., 2005). This is particularly relevant for volatility forecasting and robust portfolio
construction in high dimensional environments (Allez & Bouchaud, 2012).
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1. Introduction

Understanding the co-movement of asset prices is essential for effective risk management, portfolio
construction and the analysis of market volatility (Potters et al., 2005). Correlation matrices are
commonly used to capture these relationships (Bun et al., 2017). However, when the number of assets
are large and the available time series is relatively short, these matrices are often dominated by
anomalies (Laloux et al., 1999). This makes it difficult to distinguish meaningful market structure from
random statistical fluctuations (Marcenko & Pastur, 1967).

Random Matrix Theory (RMT) was originally developed in Nuclear Physics to model the distribution of
energy levels in complex quantum systems (Wigner, 1955). It was introduced by Wigner in the 1950s
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(Wigner, 1955). Random Matrix Theory provides a theoretical benchmark for identifying the anomalies
(Marcenko & Pastur, 1967). By comparing the empirical eigenvalue spectrum of a correlation matrix to
that predicted by the Marchenko — Pastur distribution, it is possible to separate eigenmodes which are
dominated by anomalies from those areas that contain true information (Marcenko & Pastur 1967).

In the foundational paper, Laloux et al. (1999) applied Random Matrix Theory to empirical stock return
correlation matrices. These matrices are constructed by using observed historical stock returns and they
capture the degree of correlation between different asset pairs over a defined time window (Plerou et al.,
2002). They found that the majority of eigenvalues matched the predictions of Random Matrix Theory
for random matrices (Laloux et al., 1999). This indicated that most of the correlations were not
statistically meaningful (Plerou et al., 2002). However, a small number of large eigenvalues lay well
outside the random anomalies band (Potters et al., 2005). These outliers were found to correspond to
collective market movements, such as the overall market mode or sector specific patterns (Plerou et al.,
2002). The authors concluded that most of the empirical correlation matrix is "noise dressed” (Plerou et
al., 2002). However, filtering out this noise or disruptions reveals a reduced set of significant
eigenmodes that better describe the true dynamics of the market (Plerou et al., 2002).

The research paper replicates the methodology of Laloux et al. (1999) by using a modern dataset from
Kaggle, which includes the opening prices of current S&P 500 constituents from 2012 to 2018 (Kaggle,
2018). The study constructs correlation matrices from standardised log returns of opening prices and
analyses their eigenvalue spectra (Bun et al., 2017). Log returns are used instead of simple returns
because they are time additive and symmetrically distributed (Bun et al., 2017). This makes them more
suitable for modeling and statistical inference (Bun et al., 2017). Then, the empirical distributions
will be compared to the theoretical bounds defined by the Marcenko — Pastur distribution (Marcenko
& Pastur, 1967). These are derived from the ratio of the number of time steps to the number of assets
(Potters et al., 2005). They provide a reference for distinguishing anomalies from structure in large
random matrices, and apply spectral filtering to extract informative components (Potters et al., 2005).
The research aims to address the following question: To what extent is the observed correlation structure
in modern equity market data explained by outliers? How effectively can Random Matrix Theory isolate
signals relevant to market volatility? By focusing on opening prices, which are more sensitive to
overnight news and investor sentiment, the paper aims to capture a different dynamic than what is
observed with closing prices (Allez & Bouchaud, 2012). This study tests whether the original
conclusions of Laloux et al. remain valid after the 2008 financial scenario (Allez & Bouchaud, 2012).
Additionally, whether the Random Matrix Theory continues to offer value in understanding and
predicting financial market behaviour (Allez & Bouchaud, 2012).

2. Literature Review

2.1 Development and Theoretical Foundations of the Random Matrix Theory in Finance
Random Matrix Theory (RMT) originated as a tool to describe the statistical behaviour of energy levels
in atomic nuclei (Wigner, 1955). However, its statistical properties have proven highly adaptable to the
problem of distinguishing structure from randomness in financial time series (Laloux et al., 1999). The
theory offers a benchmark for evaluating whether empirical features, such as correlations between asset
returns, exceed what would be expected in a purely random system (Marcenko & Pastur, 1967). The
core utility lies in its ability to establish statistical thresholds for anomalies by modeling eigenvalue
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distributions for large and randomly constructed matrices (Wigner, 1955).

The seminal study by Laloux et al. (1999) demonstrated that the statistical properties of empirical
correlation matrices in finance align well with those predicted by the Random Matrix Theory (Laloux et
al., 1999). This is when no real structure is present (Laloux, 1999). This provided a rigorous way to
identify the subset of correlations that could be attributed to genuine economic or financial interactions
(Plerou et al., 2002). The study’s impact lies in its methodological contribution and its practical
implications (Potters et al., 2005). Research has suggested that most of the signals used in financial risk
modeling may be contaminated by random effects (Bun et al., 2017). Therefore, they are unreliable
without any spectral filtering (Plerou et al., 2002).

2.2 Empirical Expansions and Methodological Refinements

Building on the foundational results, Plerou et al. (2002) extended the empirical evidence base by
applying the same approach to a broader universe of stocks (Plerou, 2002). Their findings supported the
earlier work, and provided deeper insights into the robustness of the method across different datasets
(Laloux et al., 1999). A key innovation in this aspect of literature was the use of detailed eigenvector
analysis (Plerou et al., 2002). This enabled the identification of market modes and sector level patterns
embedded in the leading eigenvectors (Potters et al., 2005).

Potters et al. (2005) contributed to the methodological evolution of the Random Matrix Theory
applications in Finance, by proposing practical ways to clear disruptive correlation matrices. Their
framework of rotationally invariant estimators allowed for improved estimation of true correlations in
the presence of outliers (Bun et al., 2017). It was particularly important for financial applications, such
as risk forecasting and portfolio optimisation (Potters et al., 2005). This is where the sensitivity to
estimation error can lead to poor out of sample performance (Potters et al., 2005).

23 The Random Matrix Theory Based Filtering for Portfolio Construction and Volatility
Forecasting

Random Matrix Theory filtering techniques have found increasing traction in quantitative finance due to
their ability to reduce model instability (Bun et al., 2017). Researchers have performed an extensive
evaluation of cleaning techniques and concluded that Random Matrix Theory based filters outperform
traditional shrinkage estimators (Bun et al., 2017). This is specific in high dimensional settings where
the number of assets approaches the number of time points (Allez & Bouchaud, 2012). Their work
showed that denoised correlation matrices produce more stable risk estimates (Potters et al., 2005). In
saying that, they also reduce the turnover and instability in optimised portfolios (Potters et al., 2005).
Beyond portfolio construction, the filtered matrices have also shown superior performance in volatility
forecasting (Bun et al., 2017). Cleaned correlation structures help in identifying co-movement
patterns that persist across time (Potters et al., 2005). Thus, making them useful for anticipating clusters
of volatility and contagion effects during market stress (Allez, 2012). These advances highlight how
Random Matrix Theory has progressed from a diagnostic tool to a practical element of modern financial
modeling (Laloux et al., 1999).

2.4 Modern Challenges and Directions in Random Matrix Theory Research

As financial markets evolve, the challenges which are associated with capturing their structure will
begin evolving too (Allez & Bouchaud, 2012). Research studies explored the non-stationarity of
correlation matrices and proposed time-resolved spectral analysis to track the evolution of significant
eigenmodes (Allez & Bouchaud, 2012). This refers to the principal components or patterns of movement
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extracted from the correlation matrix that represent collective behavior across assets (Plerou et al.,
2002). For instance, overall market trends or sectoral co-movements (Potters et al., 2005). Their work
introduced tools for assessing the persistence and transition of market modes, offering a dynamic
perspective on correlation structures (Allez & Bouchaud, 2012).

Recent developments in machine learning and high frequency trading have introduced additional
complexities (Bun et al., 2017). There is growing interest in how Random Matrix Theory can be
integrated with or adapted to these new paradigms (Allez & Bouchaud, 2012). For example, dynamic
filtering frameworks and online learning Random Matrix Theory techniques are being developed to
account for rapidly changing correlation structures in intraday trading environments (Potters et al.,
2005). This direction of research suggests that Random Matrix Theory will remain relevant as long as its
assumptions and techniques evolve alongside financial markets (Bun et al., 2017).

2.5 Positioning the Current Study

The majority of Random Matrix Theory research has historically focused on daily closing prices (Laloux
et al., 1999). However, opening prices represent a crucial yet understudied segment of financial data that
reflects overnight news and trader sentiment at market open (Allez & Bouchaud, 2012). By focusing on
standardised log returns of opening prices from a modern dataset between the years 2012 to 2018, this
study applies Random Matrix Theory techniques in a context that captures different market dynamics
(Plerou et al., 2002).

Furthermore, the selected dataset which is available on Kaggle includes consistent data across hundreds
of S&P 500 constituents (Kaggle, 2018). It allows for a replication of Laloux et al.’s original
methodology under contemporary conditions (Laloux et al., 1999). This contributes to a limited body of
work that revisits and revalidates foundational theories in the light of modern structural changes in
equity markets (Potters et al., 2005). The structural changes include increased automation of trading,
market globalisation and the growing use of ETFs (Exchange Traded Funds) that cluster securities based
on themes or sectors (Bun et al., 2017). Thus, potentially distorting correlation structures (Bun et al.,
2017). It helps determine the temporal robustness of Random Matrix Theory based noise filtering while
testing whether eigenvalue outliers still carry explanatory power for volatility patterns after the 2008
environment (Allez & Bouchaud, 2012).

3. Methodology

3.1 Dataset and Pre-processing

The dataset used in this study consists of the daily opening prices of 468 S&P 500 constituent stocks
over the period 2013 to 2018, retrieved from Kaggle (Kaggle, 2018). Each stock’s data was stored in a
separate CSV file and included fields such as date, open, close and volume (Bun et al., 2017). To ensure
consistency, only stocks with complete data across the full time range were retained (Laloux et al.,
1999). The final dataset included 1,258 trading days (Plerou et al., 2002).

Daily log returns were computed from the opening prices using the formula

ri,t=log(Pi,t)—log(Pi,t—1)

where Pi,t is the opening price of stock i on day ¢ (Potters, 2005). Then, these returns were standardised
to have zero mean and unit variance (Laloux, 1999). The resulting matrix of standardised returns served
as the basis for the empirical correlation matrix (Plerou, 2002).
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Figure 1:

Daily Log Returns of Selected Stocks (AAPL, ADBE, JPM)
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Figure 1: Daily log returns of three representative stocks, AAPL, ADBE, and JPM, over the 2013-2018
sample period (Kaggle, 2018).

The plot illustrates the fluctuations in return magnitudes across time and highlights the presence of
volatility clusters and market driven price jumps (Plerou et al., 2002).

Figure 2:
Standardized Log Returns of 9 Major S&P 500 Stocks Over 100 Trading Days
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Figure 2: Line plot of standardized log returns for 9 major S&P 500 stocks over the first 100 trading
days (Kaggle, 2018).

Each curve represents a different stock's normalized return profile, revealing overlapping patterns, co-
movement tendencies, and short-term volatility behavior (Potters et al., 2005).

3.2 Eigenvalue Spectrum and Random Matrix Filtering

The research constructed the empirical correlation matrix C using the standardized log returns and
performed an eigenvalue decomposition (Laloux et al., 1999). To determine which eigenvalues represent
genuine information and which are likely to be dominated by anomalies, the study compared the
spectrum to the theoretical predictions of the Marc¢enko — Pastur distribution (Mar¢enko & Pastur, 1967).
With 468 stocks and 1,258 daily observations, the empirical ratio Q=7/N=2.69. This yields a theoretical
eigenvalue range for random anomalies of:
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Amin=(1-1/3)2=0.15, Amax=(1+/3)2~2.59

Out of 468 eigenvalues, 14 exceeded Amax. The largest eigenvalue, approximately 133.33, represents
the dominant market mode, where nearly all stocks move together in response to macroeconomic
conditions (Plerou et al., 2002).

Figure 3:
Figure: Empirical Eigenvalue Spectrum with Theoretical M-P Distnbution
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Figure 3: Histograms of the eigenvalues obtained from the empirical correlation matrix constructed
using standardized log returns.

The top panel displays eigenvalues in the range 0 to 5, with a Marcenko - Pastur (M—P) reference curve
overlaid to illustrate the theoretical noise band.

The bottom panel presents the full eigenvalue spectrum on a logarithmic scale, revealing significant
outliers such as the dominant market mode near 133, which lies far beyond the Mar¢enko—Pastur bound.
3.3 Spectral Filtering and Matrix Denoising

Following the method outlined by Laloux et al. (1999), we applied Random Matrix Theory filtering to
clean the correlation matrix (Laloux et al., 1999). All eigenvalues within the Marcenko — Pastur noise
band [Amin, Amax] were replaced with their average value, while the outliers were left unchanged
(Marc¢enko & Pastur, 1967). The cleaned matrix was reconstructed using the original eigenvectors and
the filtered eigenvalues (Bun at al., 2017).

The heatmaps below illustrate the difference between the original and cleaned matrices. The cleaned
matrix retains meaningful structure while reducing spurious correlations (Potters et al., 2005):
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Figure 4:

Empirical Correlation Matrix (Top 20 Stocks)
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Figure 4: Comparison of the empirical correlation matrix (top) and the Random Matrix Theory cleaned
correlation matrix (bottom), each constructed from standardized log returns of 20 representative S&P
500 stocks.

The cleaned matrix retains only statistically significant eigenmodes while suppressing noise dominated
components (Laloux et al., 1999). The color scale ranges from -1 (strong negative correlation) to +1
(strong positive correlation).

3.4 Scree Plot and Market Structure

The steep decline after the top few eigenvalues indicates that a small number of dominant factors explain
most of the variance. To visualize the structure of the correlation matrix, the study plotted the
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eigenvalues in descending order. . The flat tail aligns with the predictions of Random Matrix Theory
(Allez & Bouchaud, 2012).

Figure 5:

Figure 3: Scree Plot of Eigenvalues (Log Scale)
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Figure 5: Scree plot of the eigenvalues of the empirical correlation matrix, shown on a logarithmic scale.
The rapid decay of eigenvalues illustrates the presence of a few dominant market modes followed by a
dense bulk of noise dominated eigenvalues consistent with the Marcenko — Pastur distribution
(Marcenko & Pastur, 1967).

3.5 Interpretation of Leading Eigenvectors

The research paper analyzed the top five eigenvectors to understand the structure of the significant
modes. The first eigenvector had uniformly positive weights across all stocks. This indicated the
presence of a global market mode (Plerou et al., 2002). The second to fifth eigenvectors displayed

clusters of large weights, which may correspond to sector-level movements such as technology, energy,
or healthcare (Plerou et al., 2002).

Figure 6:

Top 5 Eigenvectors {Market & Sector Modes)
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Figure 6: Top five eigenvectors of the correlation matrix. The first eigenvector is mostly positive with
varying magnitudes, reflecting a dominant market-wide mode (Plerou et al., 2002). The remaining

eigenvectors show noisier structures, capturing residual co-movements not explained by the market
mode.
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Figure 7:
Eigenvector Corresponding to Largest Eigenvalue (Market Mode)
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Figure 7: Eigenvector corresponding to the largest eigenvalue (M = 132.72), representing the global
market mode (Laloux et al., 1999). Most components have similar weights, indicating collective
movement across stocks (Plerou et al., 2002). However, a strong positive peak is observed for Walmart
(WMT) and a strong negative peak for Chevron (CVX), suggesting these stocks contribute
disproportionately to the dominant market factor, potentially due to their size or sector-specific
sensitivity to macroeconomic trends (Laloux et al., 1999).

3.6 Portfolio Volatility Estimation

To assess the practical implications of cleaning, the paper compared the volatility of an equal weighted
portfolio by using both the empirical and cleaned correlation matrices (Bun et al., 2017). Volatility
was computed using the covariance matrix derived from the correlation matrix and the empirical
standard deviations of returns (Potters et al., 2005):

o=sqrt(wTXw.)

Metric Value
Portfolio Volatility (Empirical) 0.00791

Portfolio Volatility (Cleaned)  0.00791

Percent Reduction via Filtering 0.015%

While the difference in volatility for an equal weighted portfolio is minimal, spectral filtering offers
substantial benefits in reducing estimation outliers (Bun et al., 2017). This is particularly important in
optimised or leveraged portfolios where inaccurate correlation estimates can result in unstable
allocations and elevated risk (Potters et al., 2005).

To further validate that filtering does not distort individual asset behavior, we examined the standardised
log returns of two representative stocks, Apple Inc (Bun, 2017). (AAPL) and Alphabet Inc. (GOOGL).
This was before and after applying Random Matrix Theory filtering (Laloux, 1999). As shown below,
the time series overlap almost entirely, demonstrating that volatility and dynamics at the individual stock
level are preserved (Allez & Bouchaud, 2012).

Figure 8:
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Figure 8: Comparison of standardized log returns for AAPL and GOOGL before and after RMT
filtering (Laloux et al., 1999).

Original returns are shown in orange and filtered returns in black dotted lines. This illustrates their near-
identical behavior (Bun et al., 2017). The high degree of overlap confirms that volatility is preserved,
and that Random Matrix Theory filtering acts primarily on the correlation structure and not on individual
asset behavior (Allez & Bouchaud, 2012).

3.7 Summary

The results confirm the conclusions of Laloux et al. (1999). This includes the understanding that the
majority of the empirical correlation matrix is dominated by anomalies, and only a small subset of
eigenvalues carry statistically meaningful information (Laloux et al., 1999). By filtering out outliers,
Random Matrix Theory allows for a more accurate representation of underlying market dynamics
(Laloux et al., 1999). The cleaned correlation matrix yields more robust estimates for risk and improves
the interpretability of market structure (Potters et al., 2005). These results support the continued
relevance of Random Matrix Theory based filtering techniques in modern financial environments
(Potters et al., 2005).

4. Findings and Discussion

4.1 Primary Data Analysis

The empirical correlation matrix was constructed using standardized log returns of S&P 500 opening
prices between 2013 and 2018. Eigenvalue decomposition was performed on this matrix to analyse the
distribution of correlations. The resulting spectrum was compared to the theoretical bounds predicted by
the Marcenko—Pastur distribution, which defines the expected eigenvalue range under the assumption of
purely random correlations (Maréenko & Pastur, 1967). In this context, randomness refers to a system
where asset returns are statistically independent of each other and any apparent correlations arise solely
due to finite sample effects. The Marcenko - Pastur distribution thus provides a benchmark for
distinguishing genuine market structure from noise caused by limited data length relative to the number
of assets.

The empirical ratio Q = T/N = 2.69 (with T = 1258 time points and N = 468 assets) results in the
theoretical eigenvalue interval (Marcenko & Pastur, 1967):

Amin=(1-1/3)2=0.15, Amax=(1+/3)2~2.59
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Out of 468 eigenvalues, only 14 were found to exceed the upper bound of Amax. This indicates that the
vast majority of observed correlations are consistent with statistical noise as predicted by the Marcenko
— Pastur distribution (Laloux et al., 1999). The largest eigenvalue, approximately 133.33, was
significantly beyond the theoretical noise band and is interpreted as a dominant market mode (Plerou et
al., 2002). This represents the collective response of all stocks to common macroeconomic information
or investor sentiment (Plerou et al., 2002). Examination of the corresponding eigenvector reveals that
most stocks contribute with similar magnitude and sign, indicating a strong co movement across the
market (Plerou et al., 2002). This near uniform structure confirms that the largest eigenvalue captures a
global factor influencing the entire portfolio, such as market wide sentiment or broad economic
developments (Laloux et al., 1999; Plerou et al., 2002).

The first eigenvector, associated with this eigenvalue, contained uniformly positive weights, which
supports the presence of a market wide factor influencing all stocks in the same direction (Plerou et al.,
2002). The next four largest eigenvalues were also located outside the noise band and their
corresponding eigenvectors revealed more structured patterns. The eigenvectors had concentrated
weights in subsets of stocks from similar industries, such as technology, energy, and healthcare (Potters
et al., 2005). Therefore, suggesting that they capture sector level co movement patterns (Potters et al.,
2005). In contrast to the first eigenvector, which shows global market behavior, these subsequent
eigenvectors reflect how specific groups of stocks tend to move together due to shared economic drivers
or industry specific news (Plerou, et al., 2002). For example, a high concentration of weights in
technology stocks within one eigenvector may indicate sensitivity to interest rate expectations or
innovation cycles, while another eigenvector dominated by energy stocks may reflect exposure to
commodity prices (Tola et al., 2008). This interpretation supports the idea that the largest non-random
eigenvalues represent genuine underlying structures in the market, separating systematic sector
influences from random noise (Laloux et al., 1999; Plerou et al., 2002). These patterns suggest that the
S&P 500 market exhibits a low rank structure, where a small number of dominant eigenmodes account
for the majority of systematic variation in asset returns (Laloux et al., 1999). This reinforces the
hypothesis that meaningful correlations can be separated from random outliers by using Random Matrix
Theory filtering (Laloux et al., 1999).

4.2 Secondary Data Analysis

Following eigenvalue decomposition, spectral filtering was employed to clean the correlation matrix
(Bun et al., 2017). This process involved replacing all eigenvalues within the Mar¢enko — Pastur interval
with their average value, while retaining the outliers (Bun et al., 2017). The filtered matrix was
reconstructed using the original eigenvectors and the modified eigenvalues (Bun et al., 2017).

To assess the effects of this filtering, the volatility of an equal weighted portfolio was calculated
using both the raw and filtered matrices. The formula for portfolio volatility is:

o=sqrt(wTXw)

where X is the covariance matrix, and w is a vector of portfolio weights (Bun et al., 2017). The results
are presented below:

Matrix Type Portfolio Volatility
Empirical (Raw) 0.00791
RMT Filtered 0.00791
Percent Difference 0.015%
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The volatility estimate remained nearly identical after filtering (Allez & Bouchaud, 2012). This confirms

that Random Matrix Theory denoising improves correlation structure without altering overall risk

exposure (Allez & Bouchaud, 2012). Furthermore, a time series comparison of standardized log returns
for Apple Inc. (AAPL) and Alphabet Inc. (GOOGL) before and after filtering revealed complete overlap

(Allez, 2012). This provides additional evidence that RMT filtering targets inter-stock correlation

anomalies without affecting the individual time series behavior (Allez & Bouchaud, 2012).

4.3 Correlations and Observed Patterns

The empirical findings revealed both global and sector-specific structures. The dominant eigenvector

exhibited uniform weights, confirming a strong market wide correlation (Plerou et al., 2002). In contrast,

subsequent eigenvectors showed patterns that appear to align with industry groupings (Plerou et al.,

2002). This observation can be interpreted as a conjecture that certain sectors may respond in a

collective manner to common economic signals (Plerou et al., 2002). Thus, contributing to observed

volatility clusters (Plerou et al., 2002).

The observed eigenvalue structure also supports the existence of time independent relationships between

stocks in the same sector (Plerou et al., 2002). For instance, banks within the financial sector reacting

similarly to interest rate decisions, oil and gas firms in the energy sector moving in response to crude
price changes, healthcare companies aligning with regulatory developments, and technology firms

showing co movement due to innovation cycles or global chip supply constraints (Tola et al., 2008).

These sectoral components reflect stable co dependencies that persist over time and are less affected by

short-term noise (Allez & Bouchaud, 2012). Therefore, it can be understood that certain sectors exhibit

persistent internal linkages that manifest as structured eigenvectors beyond the noise band (Bun et al.,

2017). This layered structure of financial correlations suggests that broader market level signals are

superimposed on more specific industry level interactions (Potters et al., 2005). For a deeper treatment

of this hypothesis, see Potters et al., 2005.

4.4 Impacts of Methodology

The application of Random Matrix Theory in the Methodology section had several important impacts:

o It allowed the separation of meaningful correlation structures from statistical anomalies (Laloux et
al., 1999). This provided clarity in identifying systemic market components (Laloux et al., 1999).

e It enabled more stable estimation of risk by eliminating spurious correlation effects from the
empirical matrix (Bun et al., 2017).

e [t retained macroeconomic and sector level co-movements, where stocks within the same industry
tend to move together due to shared exposures such as interest rates, commodity prices, or policy
changes, crucial for understanding portfolio behavior (Potters et al., 2005).

These impacts contribute to more reliable modeling of financial systems and better informed portfolio

construction.

4.5 Consequences and Differences

One major consequence of filtering is improved model stability (Bun et al., 2017). When noisy

correlations are used as input in optimisation algorithms, they often result in erratic asset weight

allocations and overfitted portfolio structures (Bun et al., 2017). The cleaned matrix reduces this
instability by presenting a smoothed, interpretable representation of asset relationships (Bun et al.,

2017).

The filtered matrix also exhibits clear structural differences when compared with the raw matrix (Potters

et al., 2005).The raw matrix is densely populated with high magnitude correlations, many of which are
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driven by random fluctuations (Potters et al., 2005). The filtered matrix retains only meaningful signals,
reducing artificial clustering and improving interpretability (Potters et al., 2005).

4.6 Challenges and Limitations

Despite its strengths, the Random Matrix Theory based filtering approach is subject to several
limitations. One challenge lies in the interpretation of mid range eigenvectors (Allez & Bouchaud,
2012). While the top few eigenvectors have clear economic meaning, many in the middle spectrum are
difficult to map to specific sectors or themes (Allez & Bouchaud, 2012). This introduces uncertainty in
determining whether those components are outliers or partially informative (Allez & Bouchaud, 2012).
Additionally, the filtering technique used in this study assumes stationarity over time (Allez &
Bouchaud, 2012). Real financial markets are dynamic, and correlations may evolve with changing
market conditions (Allez & Bouchaud, 2012). Therefore, static filtering may fail to capture important
shifts in structure during periods of volatility or crisis (Allez & Bouchaud, 2012).

Finally, since the "true" underlying correlation matrix is unknown, validation is inherently indirect
(Laloux et al., 1999). The accuracy of Random Matrix Theory filtering is inferred through metrics such
as portfolio volatility and visual analysis (Laloux et al., 1999).

4.7 Predictive Use and Future Trends

The current dataset and methodology offer several insights that could be applied to predict future market
behavior (Plerou et al., 2002). The persistence of dominant eigenmodes suggests that Random Matrix
Theory can be used to track long term systemic risk factors (Plerou et al., 2002). Sector eigenvectors,
when monitored over time, may reveal the emergence of industry specific bubbles or contagion patterns
(Allez & Bouchaud, 2012).

Additionally, combining filtered matrices with machine learning models could enable the development
of adaptive, real time forecasting tools (Bun et al., 2017). Future studies may explore this integration to
detect volatility shifts and anticipate market transitions with greater precision (Bun et al., 2017).

5. Conclusion

5.1 Summary of Findings

This study applied Random Matrix Theory to the analysis of empirical correlation matrices derived from
the opening prices of S&P 500 constituents (Kaggle, 2018). The findings confirm that most observed
correlations lie within the range expected from random matrix theory (Maréenko & Pastur, 1967).
However, a limited number of significant outliers reveal true market structure (Plerou et al., 2002). It is
most notably a dominant market mode and a series of sector level components (Plerou et al., 2002).
Filtering these matrices using spectral techniques led to cleaner and more interpretable representations of
asset interdependencies (Laloux et al., 1999). Portfolio level volatility was tested using both the original
and cleaned correlation matrices and was found to remain stable after filtering (Bun et al., 2017). This
suggests that risk characteristics are likely preserved while spurious correlations are suppressed (Bun et
al., 2017). Therefore, it can be highlighted that Random Matrix Theory filtering maintains the essential
risk structure of portfolios, even as it reduces estimation noise (Bun et al., 2017). Individual asset return
trajectories also remained unaffected, validating that Random Matrix Theory filtering acts solely on the
correlation structure (Allez & Bouchaud, 2012).

5.2 Support for the Hypothesis

The hypothesis guiding this study was that Random Matrix Theory could isolate meaningful correlation
signals in high dimensional financial data (Potters et al., 2005). The evidence strongly supports this
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claim (Potters et al., 2005). The presence of consistent outliers in the eigenvalue spectrum, combined
with the retention of key market behaviors after filtering, demonstrates the effectiveness of Random
Matrix Theory based methods (Potters et al., 2005).

5.3 Implications and Broader Message

The results point to an important broader message: in high dimensional financial systems, only a small
subset of features carry real information (Bun et al., 2017). Distinguishing these from anomalies is
critical for effective modeling (Bun et al., 2017). By providing a mathematically grounded framework
for filtering correlations, Random Matrix Theory enhances the reliability of financial analytics, risk
forecasts and portfolio designs (Laloux et al., 1999).

The filtered matrices are less prone to estimation error and offer clearer insights into structural
relationships in the market (Potters et al., 2005). This has implications for portfolio managers,
quantitative researchers and financial regulators alike (Potters et al., 2005).

5.4 Policy Applications

The cleaned correlation structures produced in this study can be used to assess systemic risk more
accurately (Allez & Bouchaud, 2012). Regulatory bodies may consider integrating similar filtering
methods in their stress testing frameworks to identify hidden linkages between institutions and asset
classes (Allez & Bouchaud, 2012).

Moreover, the ability to isolate persistent eigenmodes could serve as an early warning signal for
financial contagion (Plerou et al., 2002). Governments and central banks could incorporate Random
Matrix Theory based models into tools that monitor capital flows and volatility clustering across sectors
(Plerou et al., 2002).

5.5 Future Research Directions

Future research may extend this analysis in several directions (Allez & Bouchaud, 2012). Dynamic
versions of Random Matrix Theory filtering could allow for real time updating of the correlation matrix
as new market data arrives (Allez & Bouchaud, 2012). The application of Random Matrix Theory to
high frequency or intraday datasets would allow researchers to capture short term shocks and transitions
(Bun et al., 2017).

There is also potential for integrating Random Matrix Theory filtering into machine learning pipelines
(Potters et al., 2005). Cleaned matrices could be used as input features in neural networks or time series
models aimed at predicting market volatility, asset returns, or regime shifts (Potters et al., 2005).

5.6 A Related Research Question

This study has allowed for future research opportunities that can be related to similar areas of
investigation (Plerou et al., 2002). A connected research question for another study could be: To what
extent can Random Matrix Theory filtered matrices predict financial contagion during market crises
(Plerou et al., 2002). By studying the behaviour of eigenmodes across time and under stress, researchers
could gain insight into how systemic risk propagates through interconnected financial systems (Plerou et
al., 2002).

Another possible area is the use of Random Matrix Theory filtered structures in derivatives pricing and
volatility surface modeling, where clean inputs are essential for minimising pricing errors in instruments
(Bun et al., 2017).

5.7 Final Remarks

In conclusion, this study demonstrates that Random Matrix Theory remains a powerful tool for modern
financial modeling (Laloux et al., 1999). The theory’s ability to isolate genuine structure from outliers
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offers clear advantages in risk estimation, portfolio management and systemic risk monitoring (Laloux et
al., 1999). As financial datasets continue to grow in size and complexity, Random Matrix Theory
filtering provides a robust foundation for clarity, precision and insight (Potters et al., 2005).
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