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Abstract 
The purpose of this thesis is to measure stock market efficiency when passive investing increases. 

We address this research question through a novel approach by creating an artificial stock market, 

which is founded on theoretical literature and empirical data. This model replicates stock market price 

behavior and interactions, thereby allowing us to measure effects of different passive share 

environments. The methodology applied to measure market efficiency is based on active investors 

average CAGR relative to the artificial stock market CAGR throughout multiple stochastic 

forecasting periods of 20 years, which then are processed through a Monte Carlo Simulation method 

that enables us to obtain statistical valid outputs. Our results indicate that an increase in passive 

investing may affect market efficiency in a high passive share environment. Moreover, we find 

indications that stock market volatility is not impacted when passive investing increases. We go on 

to consider potential practical implications of our findings on three levels, 1) Markets, 2) Regulators, 

and 3) Investors. Finally, we elaborate on our results in perspective to other financial markets, such 

as the bond market. 
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1. Introduction 
 
Stock markets provide opportunities for investors to place capital with the aim of compounding their 

investments through time. Until 1976, investors could solely conduct trades by selecting specific 

stocks or placing their capital in active mutual funds who traded based on their strategy. In 1976 John 

Bogle introduced the first open-end index mutual fund and founded the phenomena of passive 

investing, which allowed investors to track an index instead of attempting to beat it (Elton, et al., 

2019). Bogle famously quoted: “Do not look for the needle in the haystack – just buy the haystack”, 

which combined with low fees and historical poor performance of active investing fueled the 

exponential growth of passive investing (Askew, 2019).  

 

The current level of passive investing’s market share (passive share) is estimated to account for 

roughly 30% of the global stock market’s AUM (Factbook, 2020). However, the level of passive 

share is estimated to expand rapidly throughout the next decade, which has raised concerns among 

researchers (Anadu, et al., 2020). To our knowledge, no theoreticians have conducted a research 

examining the effect of a high passive share environment on stock market efficiency. Based on this 

research gap, we seek to explore concerns related to potential effects from passive investing on stock 

market efficiency through a novel approach. 

 

We address our research question by constructing an artificial stock market based on theoretical well-

founded interactions of stock market price behavior combined with empirical data. Therefore, this 

model replicates realistic behavior of stock market prices based on stochastic dynamics, resulting in 

multiple forecasting simulations that are processed through a Monte Carlo Simulation method, which 

allows us to obtain statistical valid outputs. Our goal of this study is to construct the artificial stock 

market to measure the effects from passive investing on stock market efficiency.  

 

Finally, we focus on related practical implications to passive investing, to provide deeper insights on 

potential spillover effects of a stock markets with a high passive share environment. 
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1.1 Motivation 

An abundant number of studies have shown that active investors, on average, are unable to 

consistently beat the market causing a substantial surge in passive AUM (Liu & Sinha, 2020). The 

rapidly growing expansion has raised many unanswered questions about the effects that passive 

investing might carry. One of these questions is closely linked to the fundamental theory of market 

efficiency which we have encountered several times at Copenhagen Business School. More 

specifically, researchers disagree on whether passive investing has an impact on market efficiency or 

not. Passive investing has been accused of lack of rationality in capital allocation and moreover been 

alleged for being worse than Marxism (Klein, 2017), while some theorists claim that passive investing 

causes markets to be more efficient (Malkiel, 2003). Furthermore, some argue that passive investing 

has democratized investments from a global perspective (ibid). This debate caught our interest and 

inspired us to conduct research to provide valuable information on the effect of passive investing on 

market efficiency. Unlike traditional empirical research, we are inspired to deploy a novel exploratory 

study because the problem has not been studied thoroughly previously. 

 

2. Research Question 
Global stock markets have experienced a significant transition in flow of funds from active to passive 

investing since the invention of passive investing in 1976. The transition in flow of funds is suspected 

to ignore fundamentals, thus valuations, which has led to accusations of a free-rider problem (Blitz, 

2014). However, this transition is not without reason as active investors on average underperform 

relative to passive investing in a historical perspective. Some researchers have argued that an increase 

in passive investing could result in potential implications. Although, to our knowledge, no researchers 

have found evidence on whether an increase in passive investing impacts market efficiency, which is 

crucial to determine. Today, economists are convinced that if stock markets consisted of 100% 

passive investing, total capitalization would be “dead money” and no coherent valuation rules would 

be applicable, thereby destroying market efficiency. 

 

Based on limited previous research on the link between passive investing and market efficiency, we 

apply a novel approach to test whether stock markets are efficient in a high passive share environment. 

An artificial stock market allows us to adjust the level of passive investing (passive share) in a simple 
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world, while measuring whether there are any effects associated with passive share. On this basis, we 

form our research question as: 

 

 
Does an increase in passive investing affect market efficiency? 

 
 

3. Delimitations 
One of the drivers in this thesis is to construct a replicable and simplified artificial global stock market 

with sound assumptions. On that note, we seek to construct a model that other researchers can use as 

a starting point for future research where it is possible to add additional complexity to the model. The 

process of creating a simple artificial global stock market has inevitably resulted in several limitations 

and exclusions on theoretical and practical purposes in this thesis. Our research does not attempt to 

predict future stock market price levels, nor does it seek to determine growth projections for the 

market level of passive share. 

 

The main scope of constructing the artificial stock market has its main outset in fundamentals, where 

CAPM and EMH are the cornerstones of the theoretical foundation. However, fundamentals have 

proven not to contain the full explanatory power in stock price movements. Nonrational behavior in 

the stock markets have been observed for decades, where behavioral finance has attributed for 

explanations discrepancies of fundamentals (Subrahmanyam, 2007). Behavioral finance builds its 

roots in understanding the psychology of investors (Sewell, 2007). Several researchers have presented 

various models to explain psychological mechanisms on financial markets to understand effects of 

over or underreaction to stock prices in relation to news (ibid). Even though the behavioral finance 

aspect in financial theory has profoundly impacted today’s common understanding for investors, the 

aspect is wide-spanning and typically very complex to integrate into financial models (Muradoglu & 

Harvey, 2012). However, to narrow down our research field to formal constraints, it has been decided 

to disregard the behavioral aspect. 

 

The artificial global stock market is decided to have a 20-year lifetime and is based on monthly data 

which is later argued as an acceptable outer frame in the forecasting periods. The artificial stock 

market is restricted to five primary variables, where each has separated underlying mechanisms that 
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have been determined to be adequate to mimic a real stock market. Consequently, a large number of 

factors have been omitted, thus only reflecting the most influential, which describes behavior and 

interactions of stock price movement. For reference, the artificial stock market merely undertakes one 

currency, which is US Dollars. 

 

Another significant delimitation in the construction of the artificial stock market is the number of 

investor types. We squeeze investors into three groups, 1) Active investors, 2) Passive investors, and 

3) Noise traders, where in fact, numerous investor types are present in real stock markets. The two 

primary investors are passive investors, who are unconcerned about valuation, and active investors 

who are value investors and are concerned about valuations. In our model, investors have solely two 

investment opportunities 1) The global stock market index, or 2) Liquidating stocks from the index 

to a cash position with no interests. Furthermore, to restrict the complexity of the model, active 

investors are not capable of going short in the stock market, they only have the opportunity to “go 

long”. 

 

We have delimited this thesis from several related areas. No other financial instruments, such as 

options, warrants, or futures, are applicable for investors in the artificial stock market. In real stock 

markets, bid/ask prices exist, which is created by a buyer and seller reaching an agreement that leads 

to the final trading price. However, this so-called normal trading mechanism has been delimited, 

which is why active, passive, and noise traders always are capable to buy or sell at any time they see 

fit. This implies that all investor types have sufficient cash holdings to buy the underlying stocks in 

the index throughout the entire forecasting period. Moreover, there are no trading costs in the artificial 

stock market such as transaction costs, management fees, or other related fees regular investment 

companies charge. Lastly, there are no taxes or inflation in the artificial global stock market. As a 

result, all prices are nominal prices. The rationale behind these delimitations is adding additional 

elements would impact the artificial stock market with excessive noise and complexity, which blur 

our measurements. Although options, warrants and futures are closely related to stock markets, they 

are outside the scope of this thesis. 

 

The exclusions, limitations, and mechanisms this thesis does not cover keeps complexity at an 

operational level, making the artificial stock market as modular as possible. We seek to avoid adding 

needless complexity to the model to get a better grasp of measurements. 
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4. Active and passive investing at a glance 
The New York Stock Exchange conducted a survey seeking to understand why investors choose to 

invest in the stock market between the years 1954 and 1959. The conclusion was indisputable. The 

main goal behind investing is to receive dividends and long-term capital gain. Despite the fact that 

the survey is conducted before the introduction of passive investing, their findings still apply today 

for active and passive investors (Aspara & Tikkanen, 2011). Active and passive investing are broad 

terms that can be interpreted in several ways depending on the context. The following section defines 

and explains discrepancies and potential ambiguities in the investing definitions and defines a 

common understanding which is applied in this thesis. Moreover, a brief review of the global 

movement in passive share assets under management (AUM) is provided. 

 

4.1 Active investing 

Throughout the history of stock markets, different types of active investors have emerged ranging 

from private individuals to corporate institutional investors. Some of these investors are experienced 

professionals whereas others are clueless and invest in the stock market based on rumors (DeLong & 

J. Bradford, 1991). A common distinction is made between inexperienced and experienced investors, 

where the former is categorized as “noise traders” and the latter is categorized as “active investors”. 

Noise traders represent a large part of the total trading volume on the global stock market, 

consequently impacting the stock price, which is why we have chosen to devote a full section to 

explain their behavior and impact in section 7.3.3. The latter categorization of “active investors” is 

distinguished by having a professional background, such as fund managers, that invest based on a 

trading strategy with the goal of beating the market/index (Han & Hirshleifer, 2015). These active 

fund managers attempt to outperform the market by altering their positions from the benchmark, 

known as "active share" (Cremers & Petajisto, 2009). Active managers have the ability of stock 

selection, factor timing, and choose when to enter or leave a specific stock (ibid). Factor timing refers 

to a variety of factor strategies as well as market timing. Professional open-end and closed-end mutual 

funds, hedge funds, and other active trading funds with an underlying trading strategy that aims to 

outperform the market rather than tracking an index are examples of active investing (Cremers & 

Petajisto, 2009). On that note, the expressions active investors and active investing throughout this 

thesis are used interchangeably and refers to professional traders with a trading strategy. The 

expression “active flow” refers to the amount active investors are investing, specifically their stock 
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market activities. Lastly, the inexperienced traders outlined above are denoted as noise traders in this 

thesis. 

 

4.2 Passive investing 

Opposing active investing that attempts to outperform the market, passive investing simply tracks the 

market. John Bogle pioneered the phenomenon of passive investing as his well-known company, 

Vanguard, realized that active investors struggled to consistently outperform the market, thus 

inventing the first open-end index mutual fund in 1976. This index fund only had one purpose: to 

track the S&P 500 Index (Elton, et al., 2019), as such generating the expression of passive investing 

since no stock picking is required. Bogle famously quoted, “Do not look for the needle in the haystack 

– just buy the haystack”, as the entire stock market tends to rise, why not just buy the market? This 

comment gained traction for index investing as more investors realize the difficulty of outperforming 

the market consistently (Askew, 2019). Together with this realization, lower fees came along as index 

funds are rule-based and avoid the cost of price discovery, which accelerated the growth of passive 

investing as it became cheaper to invest in passive funds than active funds. The only time indexes 

restructure is when new stocks are added to an index, or indices are rebalanced, which causes index 

tracking vehicles to adjust their composition in the index, creating passive flows (Vanguard, 2014). 

 

While all index investments are passive, not all passive investing is index investing. In the 1990s, a 

new stock tracking vehicle was introduced called exchange-traded-funds (ETFs), which essentially 

is a portfolio often focused on particular industries or sectors (Elton, et al., 2019). Unlike passive 

mutual funds, ETFs can be traded directly on an exchange, allowing investors to trade ETFs as regular 

stocks. However, traders of ETFs do not own the underlying asset, which belongs to ETF providers 

who have constructed portfolios consisting of stocks from a given industry or index. The 

compositions of these portfolios (ETFs) change when the sector or index that they track changes. For 

example, consider an ETF tracking the S&P 500 Index (SPY), and then two new stocks are added to 

the index, then the ETF provider must adjust the composition of the ETF and acquire the new stocks 

according to their index weight. A vice versa scenario portrays when, e.g., two stocks are removed 

from the index, then the ETF provider must sell the underlying stocks (Vanguard, 2014). In relation 

to ETFs, this thesis defines passive investing as an ETF provider or an index fund that buys or sells 

the underlying assets without reviewing fundamentals or having trading strategies. 
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Reviewing the global stock market, reveals that it is not only North America which has experienced 

rapid growth in passive investing. In North America and Asia, the passive share of asset under 

management (AUM) in their stock markets are estimated to account for approximately 35% as of 

January 2021: 

 

Figure 1 – Global passive investing 

 

Source: Own creation, Morningstar data 

 

As illustrated on the word maps above, the passive share of AUM has increased rapidly in a global 

perspective. The passive share of AUM in Europe is estimated to account for 20%, whereas the 

passive share of AUM in Switzerland is estimated to account for 58.7% (Johnson, 2020). According 

to Blackrock (2017), passive share of AUM accounted for less than 20% of global equities in 2017 

but has since increased significantly to roughly 30% (Factbook, 2020). 

 

5. Review of related literature  
The main focus of this theoretical literature review is aimed at market efficiency and its relation to 

active and passive investing. The theory of market efficiency contains an abundance of sub-theories, 

whereas serval of these are still under heavy theoretical debate. The theoretical review only touches 

upon few of the most central topics of market efficiency, which are fundamental to examine before 

proceeding with this research. This thesis structures the literature review based on market efficiency 

into two categories 1) Efficient market theories and 2) Inefficient market theories. Following the 

theoretic reviews is a section that outlines previous research methodologies to identify the impact of 

passive investing on market efficiency. Lastly, a research gap is identified, allowing us to examine 

the impact of passive investing on market efficiency through a novel approach. 
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5.1 Efficient market theories 

This section deliberates five different but connected theories which all relate to efficient markets. The 

mechanism of these theories is reviewed and acts as a bedrock to our methodology approach. For this 

reason, a deep dive into the driving factors of stock price movement in efficient markets theories is 

conducted. 

 

5.1.1 Efficient Market Hypothesis 

The main principle of capital allocation in the stock market is the expectation of receiving a positive 

return on the investment. Investors in the stock market have the opportunity to assemble their own 

portfolio and capital allocation. However, this raises the question for most investors on which 

securities to invest in and at what time to enter the market? Active investors often invest in stocks 

they consider to be undervalued together with the expectation of appreciation in the future. Likewise, 

this principle is the baseline for the valuations of securities on the stock market. 

 

Fama (1970) originated the Efficient Market Hypothesis, which consists of three market forms 1) 

Weak form, 2) Semi-strong form, and 3) Strong form. Fama argues that as markets become more 

efficient, the difficulty of finding undervalued stocks increases, which complicates active investors’ 

ability to stay competitive. 

 

The weak form of efficient markets indicates that all historical information is reflected in current 

prices. Consequently, historical data cannot benefit investors in generating abnormal returns, as stock 

prices, in that case, follows a random walk (Claessen, et al., 1995). The theory of random walk 

essentially describes the movement of stock prices when stock markets are efficient. Therefore, we 

have devoted a full section to this matter, in section 5.1.3. Several recognized academics argue that 

the movement of stock prices at least has followed the weak form of market efficiency since 1990s 

in the industrialized part of the world (Tiwari, et al., 2019). Moreover, previous studies have 

discovered that even markets in the emerging BRIC countries behave efficiently, at least in its weak 

form (Mobarek & Fiorante, 2013). However, there are still some researchers claiming that stock 

markets in the developed world are not even efficient in its weak form (Sharma & Seth, 2015). The 

research from Sharma & Seth originates from Jefadeesh & Titman (1993) who found evidence that 

some active investors could obtain an abnormal profit by following a strategy where they sell losers 
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and buy winners in a 3-to-12-month period. This strategy violates the core assumptions of the efficient 

market hypothesis. Although this finding did not gain traction as active investors still struggle to 

outperform the market (Liu & Sinha, 2020). The empirical consensus regarding market forms in the 

developed world is still debatable, although the majority agree that markets are efficient, at least in 

their weak form (Tiwari, et al., 2019). 

 

The second form is the semi-strong form of market efficiency based on similar assumptions from the 

weak form. In addition to the assumptions on the weak form, the semi-strong form assumes that stock 

prices reflect all public information available (Fama, 1970). This means, that announcements of 

quarterly earnings and stock splits are immediately reflected in the stock price. Because all public 

information is reflected immediately, investors are unable to trade based on announcements to obtain 

abnormal returns. Mandal & Rao (2010) found empirical evidence that the average abnormal return 

on the day following either a declaration of dividends, absence, or dividend initiations is statistically 

insignificant, which is a general technique to test for a semi-strong form of market efficiency. In 

Mandal & Rao’s research, the price reactions occurred shortly after the dividend announcement, 

indicating that the stock market is efficient in the semi-strong form. On the other hand, some 

researchers have found that volatility trading strategies focused on planned news releases yield a 

significant and positive mean return on major announcement days (Raquel & Carlos, 2021). The 

discovery stands in a conflicting opposition to the semi-strong form theory. Although, the trading 

strategy is challenging to implement for private investors due to the necessity of exceptionally fast 

news and real-time price access for publicly traded firms and access to buy or sell rapidly. 

 

Last form in the EMH is the strong form of market efficiency, which builds on the weak and semi-

strong form assumptions and further expands these with the assumption that all private information 

is reflected in stock prices. This market form implies that all security prices represent all public and 

private information of the underlying companies, leaving active investors with no option to find 

undervalued or overvalued companies. Therefore, as active investors attempt to outperform the 

market, it is more a game of chance than of talent (Fama, 1970). One of the main reasons for the 

growth in passive investing vehicles (ETFs) is that the investors believe in the strong form of EMH. 

The fact that only a few mutual fund managers consistently have been able to beat the market return 

through time, supports the argument that stock markets are efficient in their strong form. 
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According to recent research, only a small fraction of large mutual funds in the United States have 

managed to outperform the S&P 500 Index in a time horizon of fifteen years (Liu & Sinha, 2020). 

The fact that even experts have a hard time consistently beating the market demonstrates a strong 

level of market efficiency (Fama, 1970). However, some investors have managed to outperform the 

market consistently over time, such as Warren Buffet, the main shareholder and CEO in Berkshire 

Hathaway’s. Buffet has since 1964 managed to outperform the S&P 500 Index being an active value 

investor, although he has acknowledged that beating the S&P 500 Index has been a “tough time” in 

recent years (La Monica, 2019), which could indicate that markets have become more efficient. 

Moreover, Buffet recommends private investors to buy ETFs that track indices, as it has become more 

challenging to beat the market (Jackson, 2020). According to McManus (2020), there are periods 

when assets are mispriced due to investor cognitive error, market disruptions, illiquidity, and investor 

emotions, recently seen in the Gamestop stock short squeeze (Chohan, 2021). Some active investors 

are able to find these market disruptions and actively trade on these to obtain abnormal returns. 

 

Based on recent research on the three different market forms, there is no common understanding to 

which state the most prominent stock markets currently behave in. It is reasonable to argue that 

prominent stock markets exhibit a combination of the different market forms. Moreover, stock 

markets are said to behave efficiently when actives investors on average are unable to beat the market 

consistently over a long period. This implies that if active investors on average manage to beat the 

market consistently in a long time period, the stock market are considered inefficient. 

 

5.1.2 CAPM 

William Sharpe developed the Capital Asset Pricing Model (CAPM) in 1964, which since became 

one of the most widely used methods for valuing risky assets. For a given asset, CAPM indicates the 

equilibrium between systematic risk and expected return. In its basic form, the model demonstrates 

that risk and return are linearly related. The higher the return an investor expects, the more risk the 

investor is required to take (Sharpe, 1964).  
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The expected return can be expressed using the CAPM equation: 

 

![#!] = &" + (!(![##$%] − &") 
 

Where ![#!] is the expected return of investments, &" is the interest on the risk-free asset, ![##$%] is 

the expected market return, (! is the covariance with the market, and ![##$%] − &") is the market risk 

premium. 

 

CAPM rests on two main assumptions where 1) All investors can borrow or lend on the same poor 

risk-free interest rate with equal terms, and 2) Investor expectations are homogeneous for correlations, 

volatility, and expected returns for any given security (Sharpe, 1964). CAPM is based on investors 

optimal security selections to identify the efficient portfolio, which becomes the market portfolio that 

contains all securities in the market (ibid). These assumptions are closely linked to the efficient 

market hypothesis as investors determine the pricing of stocks based on risk-return expectations 

(Stout, 1997). Additionally, Black et al. (1972), found that valuations of stocks were consistent with 

CAPM predictions, even though CAPM is an approximation of reality. 

 

Following the introduction of CAPM, a number of opposing researchers have emerged with criticism, 

whereas their utmost critique point is aimed at the assumptions of CAPM (Dayala, 2012). Another 

critique point is from Fama & French (1992), who pioneered the CAPM research, and demonstrated 

that the model's beta has no major impact on a cross-sectional variation on the average return on large 

quantity of stocks. Instead, they discovered that financial ratios such as book to market value and size 

as explanatory variables account for a significant portion of the variation in average stock returns 

over time. 

 

Despite several critique points, CAPM has remained a vital component in the theory of efficient 

markets (Fama, 1970). Based on these theories, investors’ expectations for risk-return are uniformed 

along with the ability to price assets accordingly. 
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5.1.3 Random Walk 

The movement of stock prices has been a breeding ground for major conflicting viewpoints across 

the financial literature throughout the last several decades. Today, two main opposing perspectives 

on the movement of stock prices arise, explicitly those who argue that stock prices move randomly 

and those who argue that stock prices are predictable. 

 

The first perspective advocates the random walk hypothesis, who Sharpe (1964) and Burton (1973), 

among others, argue that stock prices follow a random pattern and past movement cannot predict the 

stock price when markets are efficient. In more depth, they argue that stock prices follow a Brownian 

Motion which is essentially a psychics process that describes the random movement, namely the 

random walk. The notation originates from c. 60 BC, where Lucretius describes what occurs when 

beams from the sun flow through a place with shadow and a congregation of microparticles emerge 

while moving in a completely random pattern (Jenkyns, 2007). Despite the observation in 1802 later 

was falsified by leading physicists, who argued that Lucretius’ observation consisted of dust particles 

wiggled by air currents, Lucretius immaculately described the Brownian motion, thus by an incorrect 

example (Tabor, 1991). The first person to mathematically phrase, but not solve, the random motion 

was botanist Robert Brown in 1828, the notation Brownian motion (Carr, 2017). In 1900, a French 

mathematician named Louis Bachelier demonstrated the Brownian motion as a useful model for 

predicting asset prices in the stock market, which later advanced into the foundation of the recognized 

Black and Scholes model (Osborne, 1959). Bachelier's main argument was that if asset prices 

followed a recognizable pattern, then speculators would find it, and capitalize on it, which would 

result in the elimination of the pattern (ibid). The argument that a predictable pattern cannot exist in 

an efficient market, which reflects all information, supports the efficient market hypothesis as changes 

in asset prices will be random beyond the expected rate of return (Delcey, 2019). 

 

The second perspective is the opposing side of the random walk hypothesis. A substantial number of 

theories and studies exist where Stiglitz & Grossman (1980), John Campbell (1997), Mikio Ito (2009), 

among others, have rejected the original null hypothesis of stock prices following a movement of a 

random walk. They claimed that stock prices had some short-term correlation with past prices, and 

therefore, stock price movements could be predicted with statistical significance by applying OLS, 

RUNS, and unit-root-test models. This finding challenges the first assumption of independence of 

stock price movements by the random walk hypothesis. More precisely, empirical findings from 
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Borna & Sharma (2011) discover that if stock prices tend to increase, then the probability of the 

movement continuing to rise is marginally higher than zero. However, they did not find any 

significant results testing on a longer time period (ibid). Another widely criticized point of the 

Brownian motion's basic form is that it follows a normal distribution which is inconsistent with the 

distribution of stock market returns which has fat tails. The Brownian motion notation does not 

mathematically account for these large fluctuations, which previously have been present in the stock 

market (Grossmann & Stiglitz, 1980). 

 

The contradictory findings may emerge from different measuring methods and varying datasets 

throughout time. Nevertheless, the proponents of stock predictability do not find a statistical 

indication of stock prices being predictable in longer time periods, which is also in harmony with the 

random walk theory when markets are efficient. Sheldon M. Ross (2014) claims that Brownian 

motion and its variations are the most frequently applied frameworks to quantitative models when 

predicting and simulating financial markets. This claim is well supported by Nguyen & Islam (2020) 

who presents a comparative study on financial models for stock price predictions. They compare three 

of the most popular models for predicting stock price movement, explicitly, 1) The artificial neural 

network, 2) Autoregressive integrated moving average, and 3) The stochastic process of a Geometric 

Brownian motion. Their findings shows that the application of Brownian motion provides a better 

estimate for the stock price movement in a longer time period. Therefore, to our knowledge, the 

consensus still exists that applying the random walk theory in longer time periods, is the most 

favorable to describe the movement of stock prices in an efficient market. 

 

Taking the application of a Geometric Brownian motion on stock price movements under a technical 

scope, we find the basic form consists of two parts. The first is a deterministic component, and the 

second is a stochastic differential equation (SDE), which combined illustrates the movement of a 

stock price in an efficient market: 

 

log(/%) − log	(/%&') = 12 − 1256 7 + 58(7)	 
 

Where log	(/%) is the natural logarithm of the stock price at time 7, log	(/%&') is the natural logarithm 

of the stock price at time 7 − 1, 2 is a constant which determines the mean percentage drift, 5 is a 

constant of the implied mean volatility of the underlying asset, 7 is the time interval of each period, 
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and 8	is the stochastic Brownian Motion process (Suganthi & Jayalalitha, 2019). The latter part of 

the equation (8(7)) is essentially the random walk process which follows a normal distribution with 

a mean of zero and variance of 7 9:~(0, 7)>. The stochastic process occurs throughout time, {8%: 0 ≤
7 ≤ ∞}, where 8( = 0, with a continuous sample path that is independent normally distributed 

increments (ibid). Osborne (1959) found that the natural logarithm of stock price movements follows 

a Geometric Brownian motion on a long-term time horizon. Hence, using Itô’s interpretation (Ross, 

2014), the analytical expression of the equation becomes: 

 

/% = /%&' expGH2 −
5
2I 7 + 58%J 

 

The Geometric Brownian motion illustrated above falls short in a realistic perspective as it assumes 

constant volatility throughout time, which is not consistent with historical stock prices. Additionally, 

the expression does not take into account that stock prices might rapidly rise or crash in the case of 

an unpredictable change in the macroeconomic environment or to news announcements. To 

accommodate these shortfalls, a jump-diffusion process can be integrated into the Geometric 

Brownian motion. Wang (2006) examinates more than ten different jump diffusion models and finds 

that Menton’s (1976) Jump Diffusion Model addresses the problem with fat tails of stock returns and 

can be directly attached to the Geometric Brownian motion. The jump process is defined as a Poisson 

distribution with the probability density of (*!)
"

,!
K&*!, where L is the intensity parameter with the 

probability of a jump occurring independently throughout a time period (Gourieroux & Jasiak, 2001). 

When a random jump appears, it changes the underlying value with M which is the magnitude of the 

jump. The jump value is independent from L and follows a pre-determined distribution. When adding 

the jump-diffusion element to the Geometric Brownian motion, it expands to: 

 

/% = /%&' expGH2 −
5
2I 7 + 58%J +N M!

.!

!/(
 

 

:% is the Poisson process with a jump intensity of L. When a jump occurs, then /% is affected by the 

stochastic jump magnitude of M. If there is no jump, then the jump-diffusion element is zero. 

Since the Brownian motion and the jump-diffusion element are stochastic, the outcome changes each 

time the equation is performed. A Monte Carlo simulation is applicable to measure the ‘true’ outcome 
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of the Geometric Brownian motion with a jump-diffusion process. This simulation is based on 

consecutively recreating and running the equation numerous times while observing and storing the 

mean outcome, which converges to the correct value as the number of simulations are increased 

(Kroese, et al., 2014).  

 

5.1.4 Liquidity 

Market liquidity is a crucial element in a stock market as it essentially ensures that there is a buyer 

for every seller (Brennan, et al., 2012). A prerequisite for markets to be efficient is that markets must 

be adequately liquid to facilitate trades between the buyer and seller without any significant price 

change in the underlying security (Jacoby, et al., 2000). Moreover, stock market liquidity is 

correspondingly linked to buyers and sellers' willingness to agree to a transaction without any time 

delay (Naik & Reddy, 2021). Therefore, an adequately liquid stock market is essential for active 

investors because they trade based on a predetermined strategy. If there is no buyer or seller at present, 

then active investors are not able to trade instantaneously at market prices, which obliterate their 

strategy. Chordia et al. (2008) argues that an increase in liquidity enhances market efficiency. The 

level of liquidity among stocks and indices varies substantially depending on where they are listed. 

Stocks with the highest level of liquidity are typically listed on large and acknowledged indices in 

developed markets. Less liquid stocks are mostly found on small emerging market stock exchanges 

and small-cap indices (ibid).  

 

According to Morningstar (2017), various sources have argued that if the share of passive AUM 

increases, then the proportion of passively held shares increases correspondingly, thus leaving fewer 

shares for trading and thereby lowering the liquidity in the stock market, impacting market efficiency. 

However, the largest stock indices in the world are float-weighted, which means stocks are weighted 

according to the number of free-floating shares in the stock market and not to its total capitalization 

(Ganti & Lazzara, 2018). Shares that are not free-floating and excluded from the indices are, e.g., 

founders’ control shares or shareholdings from the government. Walmart Inc. is currently listed on 

the S&P 500 Index and has more than half of its capitalization strictly held by the founding Walton 

family (ibid). This implies that approximately 50% of Walmart’s capitalization is included in the 

index. The shares that the Walton family closely holds are a proxy for an ETF holding or a ‘passive 

share’ that do not actively trade and simply holds while collecting their dividends and vote on proxies. 

As previously stated, the presumed passive share AUM is roughly 30% of the current total market, 
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which corresponds to an even higher stake of the Walmart stock being passively held, leaving large 

parts of its capitalization excluded from the S&P 500 Index. Reverting to the sources from 

Morningstar who speculates on effects of liquidity and market efficiency that passive share conveys, 

their arguments become highly debatable. To our knowledge, no one has claimed that Walmart is 

inefficiently priced even though more than 50% of their shares are non-floating or indexed. The same 

yields for ETF holdings which basically removes free-floating shares but do not have any impact on 

pricing efficiency for the Walmart stock at the current passive share AUM level (Ganti & Lazzara, 

2018). 

 

5.1.5 Flow from passive investors 

The historical exponential growth of passive investing has initiated studies revolving around flow 

impact on return on the underlying securities. Passive flow is defined as when an index fund or ETF 

provider expands or creates passive investment vehicles, they need to acquire the underlying stocks, 

which creates a flow effect on the stock market. 

 

The growth of ETFs represents a substantial part of the surge in passive investing and is consequently 

under the scope for what effects it may convey on stock prices. Edward & Zhang (1998) investigates 

daily ETF fund flows effects on stock prices but does not find significant evidence on a causality. 

Kalaycioglu (2004) examines the findings from Edwards & Zhang (1998) by applying weekly and 

monthly data from a three-year time interval (2000-2003) instead of daily data and finds significant 

evidence of flow-induced price pressure on the underlying securities. Furthermore, Staer (2017) 

documented that ETF fund flows affect underlying stock prices on a ten-year basis. These findings 

have led to a quantamental research from S&P Global (Daniel J. Sandberg, 2018) who are presenting 

a model for estimating passive flow impact on stock prices: 

 

O&PQK	O&KRRS&K% = T%UV%/%	

T% = W+1|/Y01%! > /Y01%!#$
−1|SH234% < /Y01%!#$

	 

V% = ^O%&'9/Y01%! − /Y01%!#$>^	

/$,% = (_P`SPaP7b	c&KdPSd ∗ 5%)f
g$,%
h$,%  
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T% is an indicator of whether the net flow from an ETF is positive or negative, /Y01%! is the number 

of shares outstanding on an ETF, V% is the absolute magnitude of an ETF net flow, /$,% is the 

sensitivity of the index to ETF flow, _P`SPaP7b_c&KdPSd is the risk-return ratio which liquidity 

suppliers demand, and 5% is the standard deviation of the index return, g$,% is the weight of the security 

in the stock market, and h$,% is the periodically trading volume (Daniel J. Sandberg, 2018). 

 

The price pressure formula has provided researchers with a flexible formula that could serve as 

inspiration for other price pressure applications in financial markets, as well as a foundation for other 

quantitative applications. 

 

5.2 Inefficient market theories 

This section deliberates four different theories related to market anomalies and outlines factors that 

drive stock prices away from fundamentals. These dynamics are present even when markets are said 

to be efficient, which is why their mechanics and influence are reviewed. 

 

5.2.1 Flow from active investors 

Active flow is the sum of the monetary investment from active investors and the monetary flow 

received by selling an investment. Active investors believe that the market is inefficient and that they 

can beat it by following a trading strategy (Han & Hirshleifer, 2015). However, only a few active 

investors have consistently managed to outperform the market through time. Several trading 

techniques have emerged over time, resulting in various trading strategies, which in turn makes it 

difficult to portray how and when active flow happens in general. Wermers (2019) claims that active 

flow causes the stock markets to be efficient as all active investors settle the price with the goal of 

finding the true price, which leaves limited space for abnormal returns. Active flow is quite counter-

intuitive since it occurs as some investors believe the market is inefficient, which they want to exploit. 

However, if active investors do not believe they can beat the market, there is no justification for them 

to choose active investing over passive investing. 

 

Equally to passive flow, the flow from active investors has an impact on stock prices. Section 5.1.5 

outlines the impact of flow on stock prices, which essentially is directly applicable to active flow as 

the fundamental concept of flows must be considered the same regardless of whether flow is passive 

or active. The only distinction between the passive and active flows is what causes the flows 
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(Sandberg, 2018). Active flows typically occur from trading strategies based on stock fundamentals 

and passive flows generally occur with no rationale behind the timing to stock markets. 

 

5.2.2 Beating the market – Investor types 

Technological advancements within news distribution and online presentations have contributed to 

rapid growth in different investor types. This growth subsidized a shift to individual active investors 

who have increased their competitiveness compared to institutional investors (Biais, et al., 2015). 

  

Researchers have identified various investor types who are trading on stock markets. The most 

common definition of these types is outlined in the Myers-Briggs indicator model, which identifies 

16 different investor types (Myers & McCaulley, 1985). Myers-Briggs’ study was based on a 

qualitative design by interviewing multiple private investors on stock markets. Bailard, Biehl & 

Kaiser (1986) reframed Myers-Briggs’ indicator model into a five-way categorial model. A 

consistency among these investor-types-models was that they distinguished active investors from 

passive. Based on these studies, Barnewall (2012) developed the two-way model illustrated in Figure 

2, which straightforwardly represents all forms of investors. She categorizes an investor as either an 

active investor or passive investor, depending on their perspective on value creation. 

 

Figure 2 – Investor types 

 
Source: Own creation 

 

Based on this categorization, active investors are defined as professional investors who believe that 

by following an investment strategy, they can identify stocks that are undervalued or have the ability 

to grow faster than the combined index growth (Han & Hirshleifer, 2015). The investment strategies 
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are what set apart active investors from each other. The list of investment strategies is long, but most 

active investors apply factor investing, which is promoted as "smart beta". Factor investing is a 

trading technique for selecting stocks and indices based on their characteristics. “Low Size”, 

“Quality”, “Momentum”, and “Value” are four of the most well-known strategies. The most 

prominent hereof is the Value strategy, where investors stock pick based on a fundamental analysis 

to capture “cheap companies”, hence buying cheap to obtain abnormal returns. Investors typically 

conduct this analysis to determine whether the stock is fairly priced compared to its peers. Common 

metrics that are examined in the fundamental analysis are book to market price (B/M), enterprise 

value to EBIT (EV/EBIT), and price to earnings (P/E). If such metrics or financial ratios appear to be 

lower than usual, it may indicate that the stock valuation has decreased in value, indicating a buy 

signal to investors (Bender, et al., 2013). One of the most powerful financial metrics for investors to 

determine whether a stock is underpriced or overpriced is the P/E ratio. Portfolios with low P/E ratios 

have proved to obtain higher absolute and risk-adjusted rates of return than portfolios with high P/E 

ratios, according to Basu (1977). The study provided evidence by finding stocks with a high P/E level 

had inflated expectations, which turns into a zero-sum game for investors when certain stocks fail to 

meet the high expectations (ibid). Truong (2009) discovered that value investors could achieve 

consistently abnormal returns by investing in low P/E stocks, which supports the findings from Basu 

(1977). However, not all researchers agree that P/E ratios are a powerful financial ratio to predict 

future returns. Lewellen (2004) found limited evidence that P/E is a powerful predictor for returns 

and instead found that some GARCH models provided stronger signals. 

 

As previously clarified that passive investors are defined as investors who simply track an index or 

hold an ETF. These investors are simply price takers who are unconcerned about the index's valuation 

(Han & Hirshleifer, 2015). The investment perspective regarding passive investors is that they have 

a common understanding of the aspect that they cannot outperform the market. However, passive 

investors are satisfied with obtaining the market return rather than chasing abnormal returns, as they 

are long-term investors who follow a "buy and hold" strategy until they decide to sell. Passive 

investors common understanding is deemed to be an acceptance of the efficient market hypothesis 

(Fama, 1970). 

 

The last investor type impacting the markets are denoted as noise traders, who are non-experienced 

and unprofessional investors that generally trade on rumors (Dow & Gorton, 2006). Therefore, they 
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are not part of the group of active investors who trade based on a Value strategy. Moreover, noise 

traders do not belong to the group of passive investing as they trade sporadically (ibid). Noise traders 

have their own characteristics and impact the movement of stock prices differently from active and 

passive investors, which is why we have devoted the following section to highlight this matter. 

 

5.2.3 Noise Traders 

Noises in stock markets indicates when the price of an asset deviates from its expected price, which 

essentially leads to the markets being less efficient (Black, 1986). Deviations are frequently 

associated with the inefficient market hypothesis and denoted as “Noise traders”, who provide a large 

part of the liquidity in stock markets. Studies have previously shown that volatility of stock prices 

could not entirely be attributed to changes in fundamentals but rather to irrational noise trading (Long, 

et al., 1991). Noise traders are characterized as illogical investors who decide to buy or sell based on 

inaccurate data, hypes, fake news, and rumors, which principally leads to random investment choices 

(ibid). The behavior of noise traders has been a deliberated topic in financial literature; Morris et al. 

(2020) reviews different aspects of noise trader behavior and finds indications for noise traders to be 

independent identically distributed and posit that their behavior follows a random walk. The primary 

driver of this viewpoint is Long et al. (1991) who propose a model for noise traders and finds that the 

behavior of noise traders is unpredictable and deviates from fundamentals. This conclusion challenges 

the link between liquidity and the increasing market efficiency (Section 5.1.4), as the proportion of 

noise traders increases, since noise traders make the stock price deviate more from fundamentals, 

causing market inefficiency even though they provide more liquidity to the market. 

 

Conversely, if an increase in noise traders should invalidate the efficient market hypothesis, they must 

move together in the form of a herd and not cancel each other out (Garcia, 2011). If one-half of the 

noise traders are too optimistic and the other half too pessimistic, they unassumingly cancel out the 

effect of one another. This herd movement only occurs in short intervals causing up or downward 

shock effects on the price that are not correlated with fundamental earnings (ibid). 
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5.2.4 Volatility 

The fluctuations in stock prices are typically referred to as volatility. Changes in stock prices imply 

changes in the valuation of a company. Shiller (1987) points out three main reasons for price changes, 

1) Price changes reflect changes in dividends, 2) Real interest rates, and 3) Direct measure of 

intertemporal marginal rates of substitutions. Although Shiller attempted to narrow down explanation 

of stock price changes to three reasons, he still argues that the largest part of volatility in stock prices 

appears to be unexplained (Shiller, 1987).  

 

According to Mendelson et al. (1992), there is coherence between volatility and the expected return, 

which is in line with the CAPM theory (Sharpe, 1964). The CAPM theory endorses that higher or 

lower volatility should not be instrumental for investors to obtain abnormal return. However, 

throughout the last decades, volatility has proven to be an instrumental tool for designing trading 

strategies that can provide investors with abnormal returns, specifically strategies based on the VIX 

Index. The VIX index is a volatility index, also known as the fear index, which is based on S&P 500 

Index options and has been a reference index for several constructed trading strategies (Cipollini & 

Manzini, 2007). Trading upon the market volatility to obtain abnormal returns is a strict violation 

against the efficient market hypothesis. However, several researchers have successfully designed 

trading strategies that provide abnormal returns by exploiting market inefficiencies (Carporale, et al., 

2018). Volatility has on several occasions been associated with market inefficiencies, as some active 

investors can obtain abnormal returns by trading based on the VIX Index. Moreover, some researchers 

have linked an increase in stock market volatility to a decrease in market efficiency (Hameed & 

Ashraf, 2006). 

 

5.3 Methodologies on previous research 

To our knowledge, there are currently no concrete findings on whether a large increase in passive 

share has an impact on stock market volatility and market efficiency. Anadu et al. (2020) conducts a 

literature review on passive investing and its potential effects on financial stability and finds that it is 

unclear what happens to market volatility and market efficiency if passive investing increases.  

 

Research on passive investing impact on market volatility is a debated topic. Malamud (2016) 

invented a model that allowed him to introduce more passive investing into a dynamic equilibrium 

model of ETFs. Introducing more passive investing into the model reduced the volatility in the 
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underlying securities. Opposed to Malamud's findings, Krause et al. (2014) found the opposite impact 

from passive investing, namely that securities which are included in index traded funds had higher 

volatility, a finding Ben-David et al. (2018) supports. However, research findings are fragmented as 

a recent research argues that passive investing does not exhibit causality with market volatility 

(Rowley, et al., 2019). 

 

Sushko & Turner (2018) conducted an empirical study examining the effects of an increase in passive 

share from its origin to its current level of around 40% in the US market and whether it would harm 

market efficiency. They did not find that the current level of passive share had any effect on market 

efficiency but raised concerns about possible effects on market efficiency if the level of passive share 

expands further. Moreover, Sushko & Turner questioned if there could be an upper limit to the level 

of passive share. Some researchers have tried to measure the various effects from passive investing 

through different approaches, all of which are reviewed below. 

 

Belasco et al. (2012) applied a least square regression to analyze the impact from capital flow into 

S&P 500 Index funds in respect to the P/E ratio valuation of individual companies. They used a panel 

study allowing researchers to manage effects across time and cross-sections. Moreover, they 

employed a fixed-effect model, which supports the Hausmann specification test for random versus 

fixed effects (Belasco, et al., 2012). With these remedies, they tested the null hypothesis that flows 

into S&P 500 Index funds impacted the P/E ratio of companies that were already included in the 

index relative to companies that are not part of the index. Their findings concluded that money flows 

into S&P 500 Index funds increase corporate valuation of stocks in the index relative to those outside 

the index, and the impact did not diminish through time. Despite the high level of significance in their 

findings, Belasco et al. (2012) were not able to find to what extend passive flow could continue before 

corporate valuations deviate too far from fundamentals, which consequently results in market 

inefficiency. 

 

Another research related to passive investing comes from Fang & Sanger (2012), who applies an 

information share method to examine ETFs' effects on the price discovery process on underlying 

stocks. They found that ETFs played a significant role in price discovery instead of just serving as a 

passive index vehicle. The findings from Fang & Sanger have later been supported by Ivanov et al. 

(2013) who concluded that increasing passive investing significantly affect price discovery on several 
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prominent indices. However, Petersson and Thomsen (2019) found that an increase in passive 

investing did not cause stocks that are highly indexed less or more efficiently priced compared to 

their peers who are not indexed. These contrary findings are based on empirical research and do not 

examine the level of passive share above the current level. 

 

5.3.1 Identifying and addressing the research gap 

To our knowledge, limited research exists on the hybrid between increasing passive investing and 

whether it impacts market volatility and stock market efficiency. As outlined above, some researchers 

have examined the effect of passive investing but did not link it directly to market efficiency, except 

for Petersson and Thomsen (2019), who did not find any conclusive evidence. Based on limited 

research methodology attempts, this thesis identifies several research gaps. Prior studies related to 

passive investing, market volatility, and market efficiency applied a methodology of a traditional 

empirical framework to measure statistical significance among introduced variables. However, they 

were not able to test the effect on market efficiency in a high passive share environment. 

  

Some speculators anticipate that the level of the passive share must have a limit. According to Cliff 

Asness (2017), the level of passive share could increase substantially before stock markets are 

impacted. John Bogle, as previously introduced, quoted: “If everybody indexed, the only word you 

could use is chaos, catastrophe. The markets would fail”. Bogle implies that a limit must exist 

(Holmes, 2018). Familiar to us, no one yet has conducted a research testing whether there is a limit 

to passive share and whether this limit impacts market efficiency. Furthermore, the research on 

passive investing and stock market volatility is fragmented, which provokes an emerging interest to 

examine this uncertain area further. 

  

The research gap gives us the opportunity to test whether market volatility is impacted by passive 

investing, and if there exists a limit in the level of passive share, and whether passive investing 

impacts market efficiency. This requires a novel approach why we conduct a variation of an 

exploratory study that can provide a better understanding of the possible effects of passive investing 

on market efficiency. To acquire new insights, our research constructs a model that provides a 

comprehensive understanding of the dynamics and interventions in stock market behavior relative to 

the impact of passive investing. The main goal of the model is not to predict specific index prices or 

estimate growth predictions of future passive share levels, but to test the effects of interventions in 
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realistic index price scenarios. Creating a model enables us to test circumstances that are not present 

today, but through realistic modeling provides a better understanding of potential effects of passive 

investing on market efficiency. On this note, we create an artificial stock market based on profound 

literature and empirical data. 

 

6.  Hypotheses 
This section develops two hypotheses based on our research question and the theoretical literature 

review on market efficiency, which was conducted in the previous section. Limited research exists 

on the relationship between passive investing and market efficiency. A scarce number of researchers 

investigated topics closely related to our research question. However, no researchers examined 

passive investing in a high passive share environment but raised some questions which assist in 

formulating our hypotheses. 

 

Hameed & Ashraf (2006) argues that stock market efficiency decreases as volatility increases, which 

is an important factor to test in our model, as this causality would blur other measurement approaches. 

As reviewed in the previous section, Malamud (2016) deploys a method where he introduces passive 

investing into the stock market, which seems to reduce return volatility and improve the stock market 

liquidity. Ben-David et al. (2018) discover that passive investing results in higher volatility for stocks 

with high passive investing ownership but has been meet by conflicting evidence from other 

researchers. The latest research is from Anadu et al. (2020), who performs a literature review based 

on passive investing on market stability and finds an unclear consensus of whether an increase in 

passive investing has an impact on stock market volatility. More specifically, they address four 

potential risk types: 
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Table 1 – Passive investing impact on financial stability 

Risk Type Description 
Impact of active-to-passive shift 

on financial stability 

1. Liquidity 

transformation and 

redemption 

Funds redeem daily in cash regardless 

of portfolio liquidity; investor flow 

respond procyclically to performance 

 

Reduced 

2. Investing strategies 

that amplify 

volatility 

Leveraged and inverse exchange-traded 

products require high-frequency 

“momentum” trades, even in the 

absence of flows 

 

Increases 

3. Asset-management 

industry 

concentration  

Passive asset managers are more 

concentrated than active ones, so the 

shift to passive increase concentration 

 

Increases 

4. Changes in asset 

volatility, valuation, 

and comovement 

Index-inclusion effects: Assets added to 

indexes experience changes in return 

and liquidity, including greater 

comovements 

 

Unclear 

Source: Own creation & (Anadu, et al., 2020) 

 

The table above explains the impacts of four risk types on financial stability. Anadu et al. (2020) find 

that 1) Liquidity transformation and redemption decrease as passive investing increase, 2) Investing 

strategies that amplify volatility increases as passive investing increases, 3) Asset-management 

industry concentrates more when passive investing increases, and 4) Changes in asset valuation, 

volatility, and comovement is unclear when passive investing increases. The latter risk type, which 

they found unclear, act as a theoretical foundation to our first hypothesis: 

 

 
Hypothesis I 

 
Does an increase in passive share affect market volatility? 
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The null hypothesis and corresponding alternative hypothesis are mathematically derived 

subsequently to the model construction and model validation in section 8.2.1. Although, the 

hypotheses are illustrated in the following figures: 

 

Figure 3 – Hypothesis I 

 
Source: Own creation 

 

The second element which is unclear in the fourth risk type in Table 3 from Anadu et al. (2020), who 

questions whether a change in assets valuations occurs if passive investing increases. This implies 

that stock markets become inefficient if asset valuations are priced less efficiently, hence indicating 

market inefficiency (Fama, 1970). Belasco et al. (2012) find empirical evidence that an increase in 

passive investing increases valuations on stocks that are included in an index relative to some stocks 

that are not, which conflicts with the underlying assumptions of CAPM (Sharpe, 1964). Contrary to 

this finding, Petersson & Thomsen (2019) found no evidence that passive investing should harm price 

discovery and had even found proof that securities have become more efficiently priced. These recent 

and conflicting findings do not answer the effect on market efficiency if passive investing increases 

to a high environment relative to active investing. These conflictions act as a theoretical foundation 

to our second hypothesis: 

 

 
Hypothesis II 

 
Does an increase in passive share decrease market efficiency? 
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Similar to the first hypothesis, the null hypothesis and corresponding alternative hypothesis are 

mathematically derived in section 8.2.2. The second hypotheses are illustrated in the figure below: 

 

Figure 4 – Hypothesis II 

 
Source: Own creation 

 

7. Methodology 
The following sections carefully outlines the entire process of our methodology applied to construct 

the artificial stock market, which is the instrument for further testing in the analysis section. We 

pursue to be transparent to ease replicability to future research. The methodology section is divided 

into six sub-sections, where the first section outlines the research design together with the scientific 

approach to create a common understanding of our approach to the following sections. The second 

section explains in depth how data is collected, processed, and managed. The third section deep dives 

into each element of the artificial stock market and combines theory and empirical data to construct 

each variable. The fourth section explains the construction of mechanism which allows us to measure 

active investors return. The fifth section outlines the measurement of market efficiency and 

inefficiency based on the data output received from the artificial stock market. The sixth and last 

element in the methodology section explains how all outputs from the model are examined and 

recalculated to approach true values of stochastic processes through Monte Carlo simulations. 
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7.1 Research design 

Apart from general deductive and inductive research designs, this thesis applies an abductive 

exploratory research method. This approach creates a hybrid among the inductive open research 

setting and the deductive hypothesis verification, thus enhancing a pragmatic and complex approach 

to process a quantitative model (Dubois & Gadde, 2002). The abductive method allows us to design 

an artificial stock market based on profound economic literature and subsequently test the research 

question through an extrapolation perspective. The abductive reasoning is illustrated below: 

 

Figure 5 - Scientific Approach 

 
Source: Own creation, inspired by Business Research Methodology (2021) 

 

A prerequisite for the chosen research design is having a high level of quality in the data. Therefore, 

this thesis builds on a necessity to collect valid and corroborated empirical data, as the model is 

configured adjacent to these inputs. To stress the importance of this necessity, we have devoted an 

entire section describing data processing in the section 7.2. In the pursuit of unbiasedness and 

objectivity, this thesis’ scientific approach adheres to the paradigm of positivism as knowledge is 

gained through quantitative observations and interpretations (Collins, 2010). The paradigm 

establishes a common horizon of understanding for the knowledge production in this dissertation. 

 

To preserve the usefulness of this study, we strive towards having the highest level of reliability, 

validity, and reproducibility. Reliability relates to the extent of the overall consistency of a measure 

under consistent circumstances (Heale & Twycross, 2015). Several variables are based on stochastic 

processes, which implies that outputs from these equations change each time the equations are 

executed, hence changing the artificial stock markets price accordingly. Therefore, a Monte Carlo 

simulation technique is applied to obtain a numeric approximation of the expected values of the 

stochastic variables. This simulation is performed j times and demonstrates uniqueness when solving 

complex analytic expressions, which enhance reliability in measurements. We have devoted a full 

section to explain the application of Monte Carlo simulations in section 7.6. 
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Furthermore, inputs to the model undertake a critical review with a transparent data processing 

section, which increases reliability. The validity level of this study plays an important role. Therefore, 

we have devoted an entire section regarding this matter, ensuring that our data input is well-founded 

in Section 7.2. Furthermore, a validation and sensitivity check of the model is examined under various 

and extreme conditions to challenge the assumptions. Safeguarding the reproducibility of this study 

is one of our foremost important principles when the model is designed. The methodology section 

thoroughly portrays how each variable is constructed based on well-founded financial literature and 

empirical data and their effects on the stock market price movement. Moreover, to ease the process 

of replicating our study, the methodology applied to construct the model is carefully outlined in 

section 7.3 to 7.6. 

 

The quantitative modeling carried out in this study is performed through R Studios software and MS 

Excel. Programming codes used to create outputs are located in Appendix 1 & 2 to ease 

reproducibility. This study is based on profound quantitative secondary data that has been compiled 

by recognized and acknowledged publishers (Johnston, 2014). The gathering of historical quantitative 

data is extracted from two primary sources, Bloomberg terminals and the Robert Shiller database, 

which are addressed more comprehensively in the section 7.2.1. Unlike numerous studies examining 

effects on market efficiency in a short time horizon, this study partakes a longitudinal focus as we 

measure market efficiency based on long term forecasted signals according to theory, which is 

explained more in depth in Section 7.5. The time series forecasting is extrapolation in nature as 

predictions in the forecasts are based on historical data, thus seeking to describe artificial behavior 

with previous trends, levels, and noise. Due to the longitudinal focus, fundamental business cycle 

effects are implemented into the model as well. 

 

7.2 Data processing 

The construction of the model is based on profound literature and empirical data to generate adequate 

inputs. Therefore, producing adequate inputs requires trustworthy data collection, data preparation, 

and data processing. To ease the replicability of this study, each data processing step is carefully 

outlined. All quantitative data gathered in this research are processed through three software 

programs: Microsoft Excel, VBA, and R Studio. 
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7.2.1 Data collection 

The quantitative data collection process has been centered around three acknowledged data providers, 

1) Bloomberg Market Data Feed, 2) Robert Shiller Data, and 3) Morningstar to preserve consistency, 

robustness, and quality in the research. Bloomberg has been awarded the best market data provider 

multiple times due to its extremely stringent procedures and requirements (Anderson, 2020). 

Furthermore, data retrieved from Bloomberg terminals are scrubbed, continuously checked, and 

provides the ability to alter various parameters before retrieving data (ibid). These quality metrics are 

recognized by major financial institutions that consider Bloomberg to be best in class in terms of data 

providing (Bloomberg, 2021). The second source of data collected in this thesis comes from Robert 

Shiller, who was granted the Nobel Prize in 2013 for his empirical analysis of stock prices (The Nobel 

Price, 2013). Together with Yale, Shiller assembled a dataset consisting of monthly stock price, 

earnings, and dividends, which has been well recognized throughout the world of finance (Shiller, 

2021). The last data provider is the well-known finance institution of Morningstar, which has a more 

detailed focus on mutual funds and passive investing. Similar to Bloomberg, Morningstar has been 

awarded several prizes for its precise data and independency (Newswire, 2021). On this basis, we 

find it adequate to retrieve empirical data from these sources. 

 

The literature review outlines that a Geometric Brownian Motion (GBM) describes the movement in 

stock prices when markets are efficient. GBM requires two deterministic inputs, which are based on 

empirical data. These inputs consist of previous drift and average volatility in the underlying 

variables. As GBM is applied to simulate earnings per share (EPS), this variable is retrieved from 

Bloomberg to calculate historical drift and volatility. This raises the question of which EPS series 

should be analyzed? In 2018 the United States accounted for roughly 50% of the global stock markets’ 

AUM, while China came second with 9.2% of total AUM (Surz, 2018). A world map is provided in 

Appendix 3, where stock capitalization between the largest countries is illustrated. On the grounds 

that the United States accounts for nearly half of the global stock markets’ AUM together with having 

the most widely quoted index, S&P 500, which represents roughly 75% of all public traded stocks in 

the country. The S&P 500 Index serves as a proxy for our global indicator. On this basis, the EPS 

series used for analysis is collected from the S&P 500 Index. 
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7.2.2 Data preparation 

The largest part of data preparation on EPS is performed through the Bloomberg terminal, where 

observations are selected from 1976 to 2021, as passive investing was invented in the former year 

(Cox, 2019). The data are selected in monthly terms given the long forecasting horizon of 20 years 

which correspondingly occurs in monthly intervals. The methodology Bloomberg applies to calculate 

EPS on S&P 500 Index, is that they take dilutes, warrants, options, and convertible loans into 

accounts, which then are reshaped into “income available”: 

 

!O/% =
kjQldK	mhmP_mn_K%

oKPpℎ7Ka	mhK&mpK	lr	#tlddlj	Rℎm&KR	lS7R7mjaPjp% 

 

The weighted average of outstanding common shares is adjusted to the appropriate duration of each 

company. Furthermore, Bloomberg adjusts for stock splits, spinouts, dividends, and other vital 

corporate actions throughout the chosen time period. Following the data processing in the Bloomberg 

terminal, EPS data are gathered in Microsoft Excel, where the log return of each period from 1976 to 

2021 is calculated to find average monthly drift and standard deviation. To ensure a high level of 

validity, collected data are subject to eyeball tests and comparisons from other leading data providers 

(Refinitiv and Morningstar), ensuring consistency. 

 

Dividends per share (DPS) are sorted from EPS in the Bloomberg terminal. However, this data is 

significant to incorporate in the GBM to illustrate a correct drift in earnings throughout time. A similar 

procedure as the data preparation on EPS is applied to DPS data, which then is retrieved from the 

S&P 500 Index. The price on S&P 500 Index is only applied directly into the model as the starting 

point. However, the corresponding price on the S&P 500 Index with equal adjustments as EPS and 

DPS with similar the time period is retrieved from the Bloomberg terminal, because price output from 

the artificial stock market is continuously checked to ensure the constructed model behaves 

realistically. 

 

Morningstar specializes within worldwide funds and capitalization of data. Opposite to a Bloomberg 

terminal, technical selection options for data processing are relatively limited at Morningstar. 

Therefore, we have reached out to Morningstar with a request of active and passive flow data together 

with active and passive total capitalizations. This data is presented more thoroughly in the sections 

7.3.4 & 7.3.5. 
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7.3 Construction of the model 

This section combines theoretical literature and empirical data to construct the model of the artificial 

stock market. We refer the index price movement in the model to stock price or stock market price 

behavior and use these terms interchangeably. The stock market price behavior is highly complex, 

with an abundance of sequences influencing its movement. However, we strive towards keeping the 

model-construction-process modular to ease replicability while also persevering a realistic and 

profound model where effects from interventions can be analyzed. Therefore, we introduce five 

fundamental variables to simulate the index price movements. The first variable introduced is 

earnings-per-share (EPS) which act as the main driver behind the movement in price. EPS represents 

fundamentals that generally are used to value stock prices (Rapach & Wohar, 2005). The second 

variable implemented is denoted as recuperate effect, which captures size divergence between a crash 

in EPS and the price. The third variable introduced in the model addresses the effect from noise 

traders who are known for irrational trading (Bloomfield, et al., 2009). The fourth variable introduced 

in the model is the flow effect from passive investing which arises from index or ETF providers’ 

activity. The fifth variable implemented in the model is the flow effect from active investors, who 

trade according to a value strategy. Aggregating the movement of these variables results in the index 

price movement, which is forecasted 240 periods, each representing one month, equaling 20 years of 

forecast, which Schoenmaker & Schramade (2019) argues as an appropriate example of a time 

horizon for long time investing. 

 

Based on the index price forecast, a market capitalization for active and passive investors is created, 

which combined illustrates the total market value of the model (market cap). The total market cap is 

only separated between active and passive investors by the control parameter “passive share”. As an 

example, if the passive share control parameter is preset to 20%, then active investors would represent 

80% of the market cap, and if the passive share control parameter is, e.g., preset to 90%, then active 

investors would have a market share of 10% of the total market, and vice versa. Because data sources 

used in this research originates from the S&P 500 Index, and the price pressure expressions derived 

from literature depend on the change in shares outstanding in the S&P 500 Index, the number of 

shares applied in this model equals the average level of shares outstanding in S&P 500 Index. Yardeni 

& Abbott (2021) outlines total shares outstanding in the S&P 500 Index, adjusted for stock splits and 

dividends, each year since 2007. Throughout their research period, they found S&P 500 Index has 
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outstanding shares on average amounting to 300 billion. The S&P 500 Index’s average outstanding 

shares is reduced to 6((	8!99!0,
'(.(((

= 30	dP__Plj to ease the computational modeling. A similar mitigation 

is applied to the flow variables. Therefore, the total shares assigned to the market capitalization in the 

model is 30 million shares. For the purpose of allowing active investors to execute trades in the stock 

market according to their strategy while also measuring their return, two components are added to the 

model. The first component is denoted as “cash holdings”, and the second is “active assets under 

management (AUM)” where the effect of active investors trades are captured. This model is denoted 

as the artificial stock market. We carry out a deep dive into the construction of each variable 

implemented in the model which are based on theoretical literature and empirical. 

 

We build the artificial stock market model based on six assumptions, 1) There is no significant 

autocorrelation on the artificial stock returns in any passive share environment, 2) Monthly returns 

from the artificial stock market are similar to empirical data, 3) The stock market price growth rate is 

similar to empirical data in all passive share environments, 4) No unintentional drift in the forecasted 

P/E ratios in any passive share environments, 5) A stable and unbiased trading strategy for active 

investors, and 6) No omitted variable bias. We go on to test and elaborate each of these assumptions 

in sections 8.1 to 8.1.6, At last, active investors assets under management (AUM) is explained 

followed by the methodology approach to measure market efficiency and data output. 

 

7.3.1 Earnings per share 

The main goal of active investors is typically to buy stocks at a low price and then sell the stocks 

again at a higher price with the right timing to gain a profit. To achieve this, investors must be able 

to buy the stocks at the optimal price and at the right time. Therefore, executing buy and sell decisions 

often rely on financial ratios that are closely related to stock price movement. Earnings per share 

(EPS) is a well-known financial ratio that has several studies behind, claiming that it significantly 

contributes to explaining long-term stock price behavior (Campbell & Shiller, 1988). The reason why 

EPS is a solid indicator to determine stock prices is that EPS embodies fundamental values (earnings), 

which is the preeminent figure applied in valuation models on companies throughout time, such as a 

discounted cash flow model (Rapach & Wohar, 2005). Essentially, earnings represent the amount of 

a company’s profit that is distributable to shareholders after all expenses. Companies have a different 

amount of outstanding shares, thus solely comparing earnings among different companies does not 
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reveal how much profit a company made for each of its shares. This stress the importance of the 

earnings per share metric. 

 

Before quarterly earning seasons, active investors attempt to estimate EPS based on expectations. 

When companies release earnings reports, they either exceed, fall short, or are on-line with the active 

investors’ expectations which causes the stock price to move in the respective direction (Campbell & 

Shiller, 1988). An example of the latter is the dot-com bubble. In this IT crisis, earnings fell 

significantly short of expectations as an abundant number of tech companies had an elevated 

valuation, which could simply not be sustained without earnings. Stock prices are a long-term concept 

and are mainly determined from discounted earnings. However, a change in the current earnings 

obviously affects future expectations and the current stock price (Chang, et al., 2008). When a 

company experience earnings, it has several options to appoint it to shareholders. The first option is 

to distribute earnings as a share buyback, the second is through dividends, and the third option is to 

reinvest earnings in the company to improve future earnings, hence increasing the stock price through 

expectations. These options rest on a similar foundation as they provide a return to shareholders, 

which is all reflected through EPS (ibid). 

 

Campbell and Shiller (1988), found that stock market prices followed a mean reversion process 

fluctuating around the change in EPS on a long-term horizon. This finding is coherent with those of 

Chang et al. (2008) who investigates the relationship between EPS and stock price movements on a 

leading stock market. Plotting EPS and stock price data from the S&P 500 Index in the time period 

from 1999 to 2020, an eyeball test clearly reveals a significant relationship between these figures 

appears: 

 

 

 

 

 

 

 

 

 



Master’s Thesis 2021   Copenhagen Business School  

 Page 35 of 136  

 

Figure 6 – S&P 500 Index price and EPS 

 
Source: Own creation, Bloomberg Data 

 

Calculating the correlation between the S&P 500 Index price and EPS yields a result of roughly 90% 

(Appendix 4), which is highly significant and confirms the statistical findings of Campbell & Shiller 

(1988) and Chang et al (2008). Based on the correlation between stock market price behavior and 

EPS, numerous studies have tried to develop models to predict EPS behavior. Raj & Seetharaman 

(2011) summarizes these studies in an extensive literature review and find consistency amongst 

forecasts from analysts is superior in a short-term horizon. Conversely, serval studies claimed that a 

random walk model is superior to analysts’ projections when forecasting earnings on a long-term 

horizon. Bradshaw et al. (2012) presents a paper applying a random walk model to forecast EPS and 

finds evidence that a random walk model is more accurate than the forecasts from analysts. 

 

The methodology applied in this thesis to forecast EPS is based on the approach of Bradshaw et al. 

(2012) with modifications and extensions to make a proper fit to simulate realistic earnings. The 

random walk theory, presented in the literature review, specifies the Geometric Brownian motion 

(GBM), which is applied as a groundwork to forecast EPS. 

 

 

 

20

70

120

170

220

0

500

1.000

1.500

2.000

2.500

3.000

3.500

4.000

De
c-
99

M
ay
-0
0

Oc
t-0

0

M
ar
-0
1

Au
g-
01

Ja
n-
02

Ju
n-
02

No
v-0

2

Ap
r-0

3

Se
p-
03

Fe
b-
04

Ju
l-0
4

De
c-
04

M
ay
-0
5

Oc
t-0

5

M
ar
-0
6

Au
g-
06

Ja
n-
07

Ju
n-
07

No
v-0

7

Ap
r-0

8

Se
p-
08

Fe
b-
09

Ju
l-0
9

De
c-
09

M
ay
-1
0

Oc
t-1

0

M
ar
-1
1

Au
g-
11

Ja
n-
12

Ju
n-
12

No
v-1

2

Ap
r-1

3

Se
p-
13

Fe
b-
14

Ju
l-1
4

De
c-
14

M
ay
-1
5

Oc
t-1

5

M
ar
-1
6

Au
g-
16

Ja
n-
17

Ju
n-
17

No
v-1

7

Ap
r-1

8

Se
p-
18

Fe
b-
19

Ju
l-1
9

De
c-
19

M
ay
-2
0

Oc
t-2

0

S&
P 

50
0 

In
de

x E
PS

S&
P 

50
0 

In
de

x p
ric

e 
US

D

!"#$%&&$'()*+$,-./*$0()$1#!

Price EPS



Master’s Thesis 2021   Copenhagen Business School  

 Page 36 of 136  

 

Recalling the GBM equation with jump modifications from section 5.1.3, we interchange the asset 

price value /% with !O/%: 
 

!O/% = !O/%&' exp GH2 −
5
2I 7 + 58%J +N M!

.!

!/'
 

 

The first step following the GBM is to determine the input values that drive the forecast, known as 

the deterministic part. As a starting point, the !O/%&' value is selected from the S&P 500 Index on 

31st of December 2020. The second expression in the GBM is the drift term μ, which is the baseline 

for growth in the forecasting period. Arriving at the correct drift rate involves several steps, whereas 

the first is computing the average log change of historic EPS data, which is representing the 

continuous periodical return: 

 

2 =N1
jvw: 1

!O/%
!O/%&'6x

,

!/'

 

 

This data is extracted from Bloomberg S&P 500 Index (Appendix 5), containing historical monthly 

EPS figures in the designated time period from 1976 to 2021. As previously outlined, earnings are 

monetarily distributed to shareholders in two ways, either by dividend or as a share buyback. The 

EPS data from Bloomberg contains only share buyback and has excluded dividends distributed to 

shareholders. To accommodate for this shortfall and lagging of real drift in a stock market, the average 

monthly drift of historic dividends per share (DPS) in the corresponding time period is added to μ, 

thus obtaining the most accurate estimate of previous real EPS drift. To simplify the drift-forecasting 

process, an assumption is made that all future earning distributions simply occur through share 

buybacks. The combined calculation on historical EPS and DPS yields an average monthly drift of 

0,8275% (Appendix 5). The second part of the drift term, following the GBM, subtracts half of the 

implied variance. The variance input is determined by taking the standard deviation of the log value 

of EPS growth in the historical time period, which results in a monthly standard deviation of 

11,4090% (Appendix 5). The combined drift term is finally multiplied by the time element, 7 = ;

,
 

accordingly with the GBM. The computations of historic EPS drift and volatility is used as a proxy 
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for drift and volatility in the EPS simulation. Even though historical stock market data are no 

guarantee to predict of future levels and trends, the model assumes to follow the previous trend. 

 

The second step when following the GBM refers to the stochastic component of the equation, which 

essentially is the original Brownian motion. The 58% term is the implied volatility from historical 

EPS scaled by the random variable 8%. The random variable follows a standard normal inverse 

distribution with a mean and standard deviation of zero. The mean (drift) and volatility are separately 

added and multiplied to the random variable, causing an upward drift with stochastic volatility, which 

consequently follows a random walk with drift in the forecasting period. 

 

In the period between year 2000 and 2020, three large crashes in EPS have occurred, more specifically 

under the IT bubble in 2000, the financial crisis in 2008, and under the recent COVID-19 crisis in 

2020 (Appendix 6). The Geometric Brownian motion does not account for such large random crashes 

throughout time, hence making it inadequate when applied in a forecast of a 20-year time frame. 

Some studies have estimated that a crash in EPS on average happens approximately two to three times 

in a period of 20 years (Sharif, et al., 2015), which is consistent with the estimate from Morningstar 

(Kaplan, 2021). To accommodate for realistic EPS behavior in the forecasting period, it is decided to 

introduce a jump-diffusion process presented by Menton (1976), which is deliberated in the literature 

review. Adding this element to the GBM results in a more representative forecast, as the jump-

diffusion process accounts for stochastic and independent crashes in the forecasting period. 

Furthermore, this element counterweighs the drawback of assumed constant volatility throughout the 

forecasting horizon. Therefore, the probability of future EPS crashes occurring must be incorporated 

into the GBM. This elaboration leaves a question mark to the notation of “what is a crash?” and its 

accompanying size? According to the research from Lento & Yeung (2018) and a research from Jiang 

et al. (2018), who perform an empirical literature review of stock price crashes, there is coherence 

about the large crashes in stock prices mainly are caused by a crash in EPS. These crashes typically 

occur in economic downturns where earnings of most companies rapidly fall in a short period of time 

due to unforeseen macroenvironment events. There is no exact numerical definition of the size of a 

crash in EPS. However, the crash term is generally applied when earnings of a large index fall more 

than 15% in a short period of time (ibid). As illustrated in Appendix 6, the historical S&P 500 Index 

EPS data from the year 2000 to 2020, EPS have declined more than 15% three times in this 20-year 

period, namely under the IT bubble, the financial crisis, and the recent COVID-19 crisis. This means 
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that in a period of 20 years, a probability of a crash occurring each month historically equals 6

<=(
=

1,250%, correspondingly to one crash per eighth year. Therefore, the probability of a crash arriving 

is also determined to be 1,250% in each of the 240 forecasting periods. Consequently, the EPS 

variable is constructed with an overall probability of three crashes arriving randomly throughout the 

forecasting period, which is matching historical crash intervals in EPS. 

 

The jump notation in the GBM equation essentially symbolizes crashes in EPS. The arrival of crashes 

is independently and identically distributed with no autocorrelation. The intensity of the EPS crashes 

is denoted L and is equal 1 if an evenly distributed random number between 0 and 1 is less than 

0,0125, elsewhere it obtains a value of zero. This means, that if the stochastic equation is performed 

240 times, there should be three times where L = 1. However, since the process is based on a random 

number, one simulation of 240 periods does not necessarily result in three crashes throughout the 

time period, but when running the 240 forecasting periods multiple times, the average crash 

intensity,	L, should statistically be three times during the simulation of 240 periods. When L = 1, the 

magnitude of the crash is activated: 

 

M!(7) = �1, gP7ℎ	c&ln.															La7
0, gP7ℎ	c&ln.				(1 − La7) 

 

Where M is the magnitude of a crash that follows a Poisson distribution, such that one crash size does 

not have an effect on future crash sizes. This ensures that crash sizes are not necessarily equal but 

ranges in size and time of arrival because they are incorporated as stochastic variables. Therefore, the 

exact size of the crash is stochastic when performing a simulation, but the crash size interval is 

predetermined from the range of [−15%;−45%], which is in accordance with the interval of past 

crashes in EPS (Appendix 6) and Morningstar (2021). 

 

Previously, when a crash in EPS occurs, the length of peak-to-trough varies from 6 to 24 months 

(Pan, 2020). Therefore, M has been modeled to randomly extend the crash period between 6 to 24 

periods from the initial one period of the basic jump-diffusion process. This modulation ensures that 

a predefined crash length is not outlined as a single period but instead unfolds in a random pattern 

between 6 and 24 periods. 
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The last alteration to the jump-diffusion process is implemented after a crash has happened. History 

has shown that after an economic downturn, company earnings from different industries in the stock 

market recover at mismatched rates (Demertzis, 2021). The overall formation of various recoveries 

has different shapes such as a V-shaped, U-shaped, W-shaped, L-shape and lastly a K-shaped 

recovery where the latter encumbers the walking path of earnings. The K-Shaped Recovery illustrates 

that some segments of the economy recover at a faster pace whereas other segments are stagnating. 

When plotting the growth from the different segments together, they diverge and their paths illustrates 

the letter K (Burns & Mitchell, 1946). A recent example of this K-shaped recovery is present in the 

current COVID-19 rebound illustrated in Figure 7: 

 

Figure 7 – K-Shaped recovery 

 
Source: Own creation for illustrative purpose, inspired by Jones (2020) 

 

To represent a realistic future growth path of EPS, the K-Shaped recovery effect must be integrated 

as part of the jump-diffusion process in a continuation of a historical perspective. As the graph above 

illustrates, some industries are growing at a faster pace, whereas other industries are stagnating in the 

recovery period. The fast-recovering industries generally elevate the total level of index earnings at a 

faster drift pace compared to earnings prior to crises (Demertzis, 2021). A stochastic model similar 

to the crash length modulation explained above is incorporated into the jump-diffusion process to 

accommodate this recovery effect. This means, that after a random crash-length period has transpired, 
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a stochastic recovery effect is triggered, which artificially boosts the drift, 2, of EPS in a stochastic 

period. The interval of this stochastic period is inspired by Morningstar, who investigates the length 

of recovery after crashes and argues that the interval lies between two months and four years (Kaplan, 

2021). The magnitude of the boost factor is equalized to match the stochastic recovery process. 

 

Combining the GBM foundation with the jump-diffusion process along with the recovery effect 

outlines the following equation for the EPS simulation: 

 

!O/% = !O/%&' expGH2 −
5
2I 7 + 58%J + M! 	Ç>% + É% 

 

Where Ç>% is the stochastic process of the crash-length, which is triggered when L = 1. The last term, 

É%, is the stochastic recovery effect which applies when the stochastic crash-length has transpired. 

 

The interpretation of the EPS expression starts with the previous EPS value multiplied by the 

exponential values of the estimated drift term scaled by the Brownian motion with implied historical 

volatility of EPS. This first part of the equation is essentially a random walk with historical EPS drift 

and volatility. Given the somewhat long forecasting horizon of 20 years, it would be unrealistic not 

to account for the possibilities of larger economic downturns that are surpassing the average implied 

volatility. A jump-diffusion process is then added to the first part, which ensures a possibility for 

crashes in EPS which in a historical interval has occurred every eight years on average. Lastly, a 

stochastic recovery effect is applied when the peak-to-trough is transpired. Combining this process 

ensures that the forecast builds on previous trends. 

 

The EPS equation is constructed on stochastic processes, resulting in a different outcome each run 

when predicting !O/%. To verify that one simulation of the 240 forecasting periods is representative, 

a Monte Carlo simulation is applied. The Monte Carlo simulation test the average annual growth rate 

(drift) and the standard deviation of each run of the 240 forecasting periods 2.000 times, ensuring that 

the simulated figures are consistent with historic drift and volatility. The Monte Carlo simulation 

method is a fundamental tool when engaging with stochastic processes, which is why we have 

devoted a full section to this matter (Section 7.6). 
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As formerly argued, EPS is the most vital financial ratio used to determine stock prices, and a 

percentage change in EPS corresponds to a roughly similar and direct change to the stock price on 

average in a historical perspective. Therefore, the percentage change in the stochastic EPS process 

has a direct impact on the estimated price function.  

 

7.3.2 Recuperate effect 

The relationship between EPS and stock market price under an economic downturn is previous 

denoted as a crash diversion in terms of crash size when reviewing the historical S&P 500 Index 

relationship (Appendix 6). A reason behind this divergence is captured in the simplest form of way 

analytics value stock prices, namely through discounted expected future cash flows (Farrell, 1985). 

To illustrate this divergence between earnings and price, a simple example is provided. Assuming the 

strongest form of market efficiency where stocks are valued precisely at their present value of 

expected future cash flows. Suppose a company is expected to generate earnings of $1 million each 

year that grows at a rate of 3% for the next 25 years. Discounting these cash flows with a 10% discount 

rate results in a present value of $11.525.038. Imagining a market crash appears in year two and 

earnings drop a dramatic 50%, and resume to $1 million with same growth rate in year three. What 

happens to the price? The market crash alters the present value of the future cash flows to 

$10.538.884, hence a price decrease of 8,56%. Consequently, despite earnings are falling 50%, the 

price (present value of future cash flows) only fell 8,56%. The simple explanation for this divergence 

is that companies and their stock prices are not just valued from a single year of earnings, but they 

are valued from expected earnings discounted throughout their expected lifetime. 

 

Reviewing past market crashes on the S&P 500 Index, divergences become more visual (Appendix 

6). The following table illustrates the latest economic downturns in the S&P 500 Index and the peak-

to-trough of the market price and EPS: 
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Table 2 – Size difference in price and EPS crashes 

Economic downturns S&P 500 price S&P 500 EPS %-change 

2000 – 2002 (IT-bubble) -28,06% -28,76% 2,50% 

2007 – 2009 (Financial crisis) -39,63% -41,74% 5,32% 

2020 – 2021 (COVID-19) -33,92% -36,36% 7,12% 

Mean 5,02% 
Source: Own creation & Bloomberg data 

 

The three large stock crashes have experienced a larger EPS drop than the stock market price on S&P 

500 Index. The price fell on average 5,02% less than EPS during a market crash in a historical 

perspective. When, forecasting a realistic price series based on EPS movements, it would be 

inaccurate not to mitigate for this divergence. Therefore, a stochastic element is added to the model 

with an intentional positive price drift. The variable triggers when L = 1 in the random jump-

diffusion process on EPS. The stochastic element is defined as ‘recuperate effect’ and follows a 

normal distribution with a mean of the historical divergence of 5,02%. The recuperate effect equation 

is denoted below: 

#!% = W(1 + 5,02%)O%						Pr	L?@A! = 1
	0																															Pr	L?@A! = 0 

 

The recuperate effect is defined as #!%, which reduces the market price impact from the EPS crash. 

O% is the price on the artificial stock market in time t, L?@A is the crash indicator on EPS, which equals 

1 when a crash occurs, and equals zero if there is no crash occurring.  

 

7.3.3 Noise traders 

The role of noise traders is ubiquitous when defining dynamics of a stock market (Bloomfield, et al., 

2009). As deliberated in the literature review, noise traders are well defined, but there is not a clear-

cut numerical classification of their respective size of AUM in a stock market. Although it is 

established, the existence of noise traders and their trades in the stock market have a considerable 

impact on the stock price. This difficulty challenges the problem of how to measure their effect on 

the price. Black (1986) is arguing that noise traders deviate the stock price from fundamentals and its 

expected price following a mean-reverting process, hence making the market less efficient. Active 
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professional investors are exploiting these inefficiencies, hence stabilizing the effect from noise 

traders. Wagner et al. (2007) presents an empirical study on the validation of stochastic models of 

noise traders and finds that more complex models do not forecast the effect of noise traders better 

than a simple random walk process in the long term. Schmidt & Peress (2018) describe a realistic 

noise trading process and argue that the effect from noise traders on a stock price can be captured 

through a random walk process. Furthermore, they argue that noise traders are uncorrelated with 

earnings, hence EPS. 

 

Drawing on the methodology presented by Schmidt & Peress (2018) to estimate the long-term noise 

trading effect on the stock price, this thesis applies a similar approach. The parametric shape of trades 

made from noise traders is bell-shaped, implying a normal distribution. However, fat tails are present 

in a longer term (ibid). To properly manage the effect that noise traders follow a random walk on a 

monthly basis and include fat tails in a longer time horizon, the stochastic process is separated into 

two variables. The first variable is constructed as a random walk process, following a normal 

distribution, that is, i.i.d, with a mean of zero, since the effect of noise traders is mean-reverting. 

Furthermore, the mean of zero is consistent with literature as noise traders are considered to be a zero-

sum game on a longer time horizon (Garcia, 2011). The second input to the random walk process is 

the implied volatility of noise traders. This volatility figure has undertaken a considerable amount of 

research, but coherence among findings is modest. A research conducted on a large stock market 

index in the USA found evidence that stock market volatility increases when noise traders are present 

(Koski, et al., 2004). These findings are confirmed by Podolski et al. (2008) who investigates noise 

trader effect on volatility and returns. In the literature review conducted by Schmidt & Peress (2018) 

it is settled that no exact estimate of the volatility level is available, and previous researchers have 

arbitrarily chosen a volatility value for a random walk process. The arbitrary historic span varies from 

1% to 4% implied volatility of the total market size (ibid). In the pursuit of being objective and 

unbiased, the volatility applied in this thesis is set to the “average” historic level of 2,5%. However, 

as the random walk process is distributed with a mean of zero, the volatility does not affect or scale 

the average price drift. 

 

The second variable is constructed to accommodate for fat tails which have been present historically 

and correspondingly is linked to noise trading (Schmidt & Peress, 2018). These fat tails illustrate a 

rapid increase or decrease in the stock price in a short period of time and are shaped like a spike, 
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which is empirically highlighted in Appendix 7. The spike impact on the stock market price is 

typically higher than the average volatility but lower than historical crash sizes. Tse & Kittiakarakun 

(2011) are examine fat tails on the Asian stock markets and finds that the fat-tailed distribution has 

finite variance. Furthermore, they provide evidence of return effects of a fat tail distribution behaves 

similarly in the U.S stock market and MSCI World Index. Scalas et al. (2019) builds upon Tse & 

Kittiakarakun (2011) findings and find that the fat tails can be estimated through a student’s t-

distribution with four degrees of freedom. Based on these findings, the second variable of noise 

traders is also constructed as a stochastic process but distributed with an inverse student’s t-

distribution with four degrees of freedom instead of a normal inverse distribution. 

 

Fat tails of historical S&P 500 Index data have occurred approximately one time for every six months 

throughout the last two decades (Scalas, et al., 2019). Therefore, we integrate a probability parameter, 

c, that is applied to the student's t-distribution, which ensures that the fat tails do not occur in every 

forecast period. Prolonging the previous intensity tend from the S&P 500 Index, this thesis applies a 

probability of 20%, implying when an even distributed random variable between 0 and 1 falls below 

0,2, the student's t-distribution is activated. The probability parameter corresponds to the historical 

S&P 500 Index data and equals the probability of 48 spikes occurring throughout the 240 forecasting 

periods. Since the spikes are based on a uniform distribution, one simulation of 240 periods does not 

assure 48 spikes occurring. However, when examined through a Monte Carlo simulation of 2.000 

runs, the mean number of spikes is 48. The spike process is based on a stochastic procedure to ensure 

that placement of spikes throughout the time period is not predetermined, hence affecting the 

outcome. This results in a stochastic impact on the price which is transpired from the random outcome 

of the student's t-distribution. Correspondingly with the first noise trader variable, the second variable 

is also distributed with a mean of zero, which ensures only a noise effect, and no price drift is applied 

by adding this spike element throughout the forecasting period. Additionally, to create an equal 

probability of a positive and a negative spike, the inverse student's t-distribution is implemented. Tse 

& Kittiakarakun (2011) found that the volatility of spikes in the stock price is finite and capped. We 

set the cap at 10% hence, to distinguish a crash from a spike. To accommodate this distinction, the 

student's t-distribution is limited to move beyond 10% in either direction, hence not tampering with 

the jump-diffusion process. 
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Combining the noise trader variables outlined above, they constitute the following equation: 

 

:Ñ% = :Ñ%&'8Ö.&"'~(2, 5, Ü) + M%	8Ö;&"'~(2, 5, Ü) 
 

Where :Ñ% is the noise trading percentage effect at time t and :Ñ%&' is the noise trading effect at time 

7 − 1. 8Ö is a Brownian Motion process with no drift, why the mean,	2, is zero with a standard 

deviation, 5, matching historical data, and Ü is the random component that is normally distributed. 

:!,B is a standard normal inverse distribution, and Ñ!,B	is a student’s inverse t distribution.	M is either 

0 or 1 dependent on a uniform distributed variable between 0 and 1. When the latter random variable 

undertakes a value below c, then M equals 1 or zero otherwise: 

 

M!(7) = �1, gP7ℎ	c&ln.															c%
0, gP7ℎ	c&ln.				(1 − c%) 

 

When M equals 1, the inverse student’s t-distribution, Ñ!,B, is triggered with a mean of zero and 

standard deviation of 20%. The noise trader impact on the stock market price results in a stochastic 

process containing only a noise effect and no price drift impact on the long run. Visualizing four 

random chosen stochastic noise trading time series processes (240 periods) and their effect on the 

stock market price in the artificial stock market, illustrates a basic noise element with a spike effect 

resulting in zero price drift in Figure 8: 

 

Figure 8 – Noise trading samples from the Artificial stock market 

 
Source: Own creation 
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7.3.4 Passive flow 

The passive flow represents the effect from passive investors in the artificial stock market. The level 

of passive investing has experienced exponential growth in the global stock market throughout the 

last decade, which has increased the prominence of passive flow, as Figure 9 illustrates. The rapid 

growth in passive investing generated additional passive flow into the stock market, consequently 

impacting stock market prices in a larger extent. Recalling that passive flow is defined as when 

passive investors, who are unconcerned about valuations, enter or leave the index. The following 

graph illustrates passive net flow and S&P 500 Index market price: 

 

Figure 9 – Passive net flow & S&P 500 Index 

 
Source: Own creation, Morningstar, and Bloomberg data 

 

Estimating passive flow is challenging, as passive investors' decisions to buy or sell are entirely 

random. Figure 9 illustrates net flow from passive investors plotted on a graph with S&P 500 Index 

price growth since 2008, which was the latest data point available according to Morningstar. This 

graph shows that there is no causality between flow from passive investors and S&P 500 Index. To 

mathematically test if the net flow from passive investors is independent of the growth in the S&P 

500 Index, the correlation of the last 12 years is calculated, resulting in a correlation of 21,4344% on 

a monthly basis (Appendix 8). According to Taylor (1990), correlations below 30% are considered 

to be negligible, which is confirmed by an eyeball test on the graph above. Furthermore, it is observed 

that outflows from passive investors only occur 25 months out of 156 months, equally to roughly 
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16% of the time, which indicates flow from passive investors are robust, even under financial crises, 

corrections, and bear markets in a historical perspective. 

 

Several researchers have examined the drivers of flows but there is no common understanding of a 

definitive answer. Mercado Jr. (2011) found clear evidence that income growth per capita and trade 

openness are both important drivers of passive flows in the Asia region. Later, Sarno et al. (2016) 

discovered that more than 80% of the stock market's variation of flows results from push factors from 

the United States to other countries. Economic fundamentals partly explain the dynamics of these 

push factors among dominant economies. Moreover, researchers have found numerous factors that 

influence passive flows into the stock market but have so far not found any exact drivers other than 

fees to passive investing are lower than active investing, which drive flows to passive (Clifford, et 

al., 2014). However, it is challenging to determine with high certainty what exactly drives passive 

flows.  

 

Based on the independence of passive flow relative to S&P 500 Index growth, there is no distinctive 

clear passive flow driver or pattern. Based on the low correlation, limited theory, and an eyeball test 

on Figure 9, it is arguable to state that passive flow behaves randomly. Therefore, we simulate passive 

flow through a stochastic random walk process with historical volatility. Despite the rapid increase 

in passive share throughout the last decade, the growth must be considered as a transition of funds. 

On this basis, historical growth cannot be attributed equally to growth in a simulation period as this 

would create an unintentional drift in the price, and hence the P/E ratio across the times series. 

Therefore, the sum of net passive flow must be zero at the end of the forecasting period. Otherwise, 

passive share environments would change across the time series, which would lead to false 

measurements. Consequently, the variable of passive flow is constructed through a random walk 

process with a mean of zero. The historical monthly standard deviation of passive flow was on 

average equal to 0,5% of passive investors' total assets under management (Appendix 9). Therefore, 

the standard deviation in the random walk process is correspondingly set to 0,5% of the passive 

investors áàÖ%&' in the model. 

 

Researchers have investigated impact of flows on securities prices, which they denote as price 

pressure. Edward & Zhang (1998) were the first to examine this impact, but they found a limited price 

pressure impact. Kalaycioglu (2004) extended the research from Edward & Zhang and found 
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significant evidence on the causality of net flow and price pressure, which later Staer (2017) 

confirmed. Based on the previous researchers Sandberg (2018) developed the price pressure formula 

based on the S&P 500 Index, which was deliberated in the literature review section 5.1.5. We follow 

this price pressure formula with minor modifications adjusting it to our artificial model, to estimate 

the flow effect on the stock market price: 

 

O&PQK	O&KRRS&K	OmRRPhK% = OOO% = T%U:OV%	

T% = W
+1|/Y01%(! > /Y01%(!#$
−1|SH234)% < /Y01%(!#$

	 

:VO% = âO%&' H/Y01%(! − /Y01%(!#$Iâ 	wO 

 

wO is the liquidity premium, which is the risk-return ratio demanded by liquidity suppliers. According 

to Ben-Rephael, et al. (2015), the liquidity premium has declined substantially throughout the last 40 

years. Recent research estimates the current liquidity premium to be around 25 basis points, 

corresponding to 0,25% (Andreasen & Christensen, 2020). Based on these findings, wO is set to 

0,25%. V% is the absolute value of the flow, which is determined from a random walk process that 

simulates flows, hence impacting the number of shares at the nominal prior stock market price level 

of the passive investors. Recalling that the average number of shares outstanding on the S&P 500 

Index was 300 billion had been reduced to 6((	8!99!0,
'(.(((

= 30	dP__Plj	Rℎm&KR shares due to limit on 

computational processing power, the V% impact is equally reduced with the same factor to equally 

accommodate the share reduction. T% indicates whether the net flow from the random walk process 

is negative (outflow) or positive (inflow). Aggregating these factors into the price pressure formula 

results in a percentage change impact on the price (Sandberg, 2018). Consequently, the passive flow 

effect on price has a positive price pressure impact when the net flow from passive is greater than 

zero and vice versa. 

 

As previously stated, passive flow follows a Brownian Motion with a mean of zero and a monthly 

standard deviation of 0,5% of total passive áàÖ%&': 

 

:VO% = O%&'8Ö.&"'~(2.C@ , 5.C@ , Ü%)wO 
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:VO% is the net flow from passive investors, BM is a Brownian Motion with no drift that follows a 

standard normal inverse distribution, :!,B, with a mean, 2.C@, of zero and a standard deviation, 5.C@, 

matching historical data corresponding to 0,5% of total passive investors áàÖ%&', and Ü% is the 

random component that is normally distributed between 0 and 1. 

 

The passive investors flow, :VO%, is integrated into the price pressure passive formula, OOO%, which 

defines the passive flow impact on the artificial stock market price: 

 

OOO% = T%U:VO% 
 

7.3.5 Active flow 

In the artificial stock market, the active flow variable reflects trading actions from active investors, 

who opposite to passive investors, are concerned with fundamentals and thus valuation of assets. 

Several researchers attribute effects from active investors as the key explanation why financial 

markets are perceived to be efficiently priced (Wermers, 2019). Even though most active managers 

cannot outperform the stock market consistently over a longer time horizon, they are still contributing 

to an efficient market (Jones & Wermers, 2011). Contrary to passive investing, active investing has 

experienced a diminishing share of the total stock market. Similar to flow from passive investing, 

flow from active investors has historically been volatile, as Figure 10 illustrates: 

 

Figure 10 – Flow from active investing & S&P 500 Index 

 
Source: Own creation, Morningstar, and Bloomberg data 
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The graph above illustrates net flow from active investing plotted with the S&P 500 Index price from 

2007 to 2021, as this was the maximum data length available from Morningstar. The graph shows 

that substantial outflows from active investing have occurred when the stock market experienced 

corrections, crises, and bear markets. Throughout the last decade, stock markets have experienced an 

abundance of uncertainty, such as the financial crisis, Brexit, the recent trade war between China and 

USA, historically low interest rates, and most recently, the COVID-19 pandemic (Phan & Narayan, 

2020). These uncertainties have inflicted the stock market with additional noise and volatility, 

resulting in over and under reactions from active investors, which enlightens the theory that active 

flow affects stock price movement. Although, due to the vast number of active investors, it is 

challenging to determine when active investors buy, hold, or sell investments for the reason that they 

have various trading strategies (Section 5.2.2). Therefore, strategies that cause active flow must be 

considered one of the most complex elements in a stock market. 

 

According to Frankel & Froot (1986), active investors can be separated into three groups 1) 

Fundamentals, 2) Chartists (technical analysts), and 3) Portfolio managers. The first group consisting 

of fundamentals are active investors who trade based on earnings and macroeconomic factors and 

often have a long-term horizon perspective on investments. The second group of active investors are 

chartists who only trade based on technical graphs, ignoring fundamentals, and invest on a short time 

horizon. The third and last group is portfolio managers who trade based on analytical expectations 

and invest in a mixture of the short and long-term horizon. Based on the groupings from Frankel et 

al. (1986), we create and deploy an active investor type in the artificial stock market, which is a hybrid 

of the fundamental and chartist groups. We ignore the last group of portfolio managers because future 

expectations are not in the scope of this study. Consequently, the hybrid active investor type is 

assumed to follow a simple trading strategy that enables them to execute trades with the goal of 

beating the market. There are different trading strategies active investors can pursue, whereas one 

strategy is based on analyzing VIX development in the market (Carporale, et al., 2018). However, 

designing this strategy would require forecasting the VIX Index, which is not the main scope of this 

thesis. Another popular trading strategy for active investors is based on value and charts, thus trading 

based on a moving average of the P/E ratio. This ratio is considered to be one of the most prominent 

financial ratios for active investors to conduct decision on their trading behavior (Basu, 1977). 

Moreover, this type of value strategy is acknowledged as one of the most prominent active investing 

factor-strategies (Bender, et al., 2013). Despite some disagreement among which financial ratios that 
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provides optimal buy or sell signals, this research anchor on value investors who favor the P/E ratio 

to make buy, hold, or sell decisions in the stock market. 

 

When active investors trade upon a Value strategy, they analyze financial metrics to perform trading 

decisions. The moving average is known as one of the most widely used statistical approaches when 

analyzing financial data. A moving average detects patterns, reversals, momentum, and resistance 

levels in the stock market, which active investors can use to monitor price valuation in relation to 

EPS growth (Drakopoulou, 2018). There is no general rule on determining the length of a moving 

average. We decided to create an active investor type who is a hybrid between fundamentals and 

chartist, who have different investment horizons. Some researchers argue that a six-month moving 

average is appropriate when identifying an intermediate to long-term market movement for investors 

(Gencay & Stengos, 1998). On this basis, we apply a similar six-month moving average, which active 

investors use as part of their trading strategy. Therefore, it is determined that the created active 

investor follows a trading strategy based on a six-month moving average of the P/E ratio. 

 

The strategy assigned to active investors is designed with the primary focus that the investors do not 

have the availability to know future movement in the stock market price and the corresponding 

earnings. Consequently, active investors can only conduct trades based on a six-month moving 

average of P/E ratios. Truong (2009) elaborates on a common value trading strategy based on average 

P/E ratios. On this basis we define active investors trading strategy as they invest in the stock market 

when the current P/E ratio is below the six-month moving average of P/E (MA6), hence indicating 

the market is “cheaper” than usual as the price to earnings-per-share is lower than previous levels. 

Conversely, active investors sell their investment in the market when the current P/E ratio is higher 

than MA6, hence indicating that the market has become more “expensive” compared to prior levels. 

Inspired by Truong’s (2009) research and elaborations, active investors' strategies in the artificial 

stock market are determined based on these parameters. The ratio determining the buy, hold, or sell 

decisions from active investors is denoted as: 

 

O/!∗ = tS&&Kj7	O/!
Öá6	O/!  
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On this basis, active investors do not know if the P/E ratio increases or decreases, hence not 

knowing future movements. An example of the as O/!∗ calculation is illustrated in the table below: 

 

Table 3 – MA6 P/E example 

Six-month moving average of P/E example 

Periods ! − 6 ! − 5 ! − 4 ! − 3 ! − 2 ! − 1 )*6 ! +/-∗ = /
012 

P/E- 
ratio 

35,20 35,60 35,30 36,20 35,70 36,00 35,67 36,50 6, 789 

Source: Own creation 

 

The O/!∗ trading strategy in the artificial stock market is determined from the previous movement 

of O/!∗ from the S&P 500 Index. The following graph illustrates monthly net flow from active 

investors divided with their AUM together with a calculated  O/!∗ (with six-month moving 

average) from the S&P 500 Index the last ten years: 

 

Figure 11 - Monthly active flow and å/ç∗ - S&P 500 Index 

 
Source: Own creation, Morningstar, Bloomberg Data 
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Figure 11 illustrates that the highest inflow in one month from active investors was 0,35% of their 

AUM, and the largest outflow in one month was 0,25% of active investors AUM. Furthermore, it is 

noticeable from the graph that a pattern between the active flow of AUM and O/!∗ exists. It is 

perceptible that when active inflows occur, the O/!∗ is below 1. Conversely, when outflows from 

active investors occur, the O/!∗  is above 1. This relationship indicates that when active investors 

invest in the market, the current P/E-ratio is lower than the previous six-month moving average of 

P/E-ratio, thus signifying that the stock market is “cheaper” than usual. Inversely, outflows from 

active investors occur when the current P/E-ratio is higher than the six-month moving average of P/E-

ratio, signifying that the stock market is more “expensive” than usual. This relationship falls well in 

line with the most famous active investors adage in the stock market “Buy low, sell high”. However, 

in the period from March 2020 to October 2020, the relationship between active investors flow and 

O/!∗ diminish, which is mainly a result of the COVID-19 crisis. Despite the entire relationship is not 

perfect, we specify active investors mechanical trading strategy in the artificial stock market based 

on the pattern in the graph above, hence prolonging historical trends: 

 

Table 3 – Active investors trading strategy 

Active investors trading strategy 

BUY/HOLD/SELL :;	+/-∗ AF effect 

BUY ≤ 0,94 0,18% 

BUY > 0,94 < 0,96 0,14% 

BUY > 0,96 < 0,98 0,12% 

HOLD > 0,98 < 1,02 0,00% 

SELL > 1,02 < 1,04 −0,14% 

SELL > 1,04 < 1,06 −0,16% 

SELL ≥ 1,06 −0,20% 
Source: Own creation 

 

The table above explains the specific parameters of active investors' strategy in the artificial stock 

market based on the relationship in Figure 11. If O/!∗ is equal to or below 0,94 in a forecast period, 

it illustrates that the market is “cheaper” than the previous six-month moving average, hence 

indicating a buy signal. The flow effect of the buy signal, (áV	KrrKQ7), is correspondingly set to the 

matching level of the historical relationship between O/!∗	and net flow from active investors, which 
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is 0,18% of their áàÖ%&'. A similar sequence is performed when O/!∗ is in the interval from 0,94 

to 0,96 and in the interval from 0,96 to 0,98, with the respective net flow effects illustrated in the 

table above. When the O/!∗ is in the interval from 0,98 and 1,02, the artificial stock market is 

considered fair priced in the P/E valuation perspective, hence indicating a hold strategy where the net 

flow effect is set to zero. When the O/!∗ obtains a value above 1,02, the market is more “expensive” 

than usual, which indicates a sell signal for active investors, with a flow effect of -0,14% of their 

áàÖ%&'. A similar sell sequence happens when the O/!∗ has a value in the interval from 1,04 to 1,06 

and above 1,06, with respective net flows effects. Consequently, active investors buy, hold, or sell at 

a specific O/!∗ level. If the general O/! ratio in the artificial stock market encounters a period with 

a defined O/!∗ interval, except the holding interval, then a dollar net flow from active investors 

occurs based on the respective net flow effect of their áàÖ%&'. As an example, if the O/!∗ = 0,95 

in a forecasting period, and active investors áàÖ%&' is USD 100 billion in a similar period, then a 

flow of USD 140 million (Net flow effect of 0,14% - Table 3) is invested in shares into the stock 

market, which reduce active investors cash holdings. Equally, if O/!∗ is above 1,02, then active 

investors sell shares in the stock market, hence increasing their cash holdings. This flow effect is 

treated equally as the price pressure formula applied in passive flow, as all price pressure flows are 

equal (Section 7.3.4): 

 

O&PQK	O&KRRS&K	áQ7PhK% = OOá% = T%U:Vá%	

T% = W+1|/Y01%*! > /Y01%*!#$
−1|SH234+% < /Y01%*!#$

	 

:Vá% = ^O%&'9/Y01%*! − /Y01%*!#$>^	wO 

 

wO is the liquidity premium, which is set to 0,25%, similar to the passive flow argument. :Vá% is the 

absolute value of the flow, which in the example above was USD 140 million. Similar to passive 

flow, :Vá% is reduced with the same factor as the total share reduction (Section 7.3.4). T% is the 

indicator of whether the net flow from active investors is negative (outflow) or positive (inflow). 

Aggregating these factors into the price pressure formula results in a percentage change impact on 

the price (Sandberg, 2018). Consequently, the active flow effect on the artificial stock market price 

has a positive price pressure impact when the net flow from active investors is greater than zero and 

vice versa. Furthermore, this trading strategy has a stabilizing effect on the price because they invest 
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when the market decreases, hence inflicting the market with positive flow effect and vice versa. The 

net flow from active investors is denoted as the following equation in the model: 

 

:Vá% = wO ∗

⎩
⎪⎪
⎪
⎨
⎪⎪
⎪
⎧ áEF#!#$ ∗ :V%	(0,18%)														Pr − ∞ < O/!∗ > 0,94	
áEF#!#$ ∗ :V%	(0,14%)														Pr	0,94 < O/!∗ > 0,96	
áEF#!#$ ∗ :V%	(0,12%)														Pr	0,96 < O/!∗ > 0,98	
áEF#!#$ ∗ :V%	(0,00%)														Pr	0,98 < O/!∗ > 1,02		
áEF#!#$ ∗ :V%	(−0,14%)											Pr	1,02 < O/!∗ > 1,04		
áEF#!#$ ∗ :V%	(−0,16%)											Pr	1,04 < O/!∗ > 1,06		
áEF#!#$ ∗ :V%(−0,20%)												Pr	1,06 < O/!∗ > ∞							

 

 

Where áEF#!#$ is the active investor's AUM in the previous period. :V% is the net flow effect with 

its encompassed impact. 

 

Recalling the definition, UV%	/%	, from the original price pressure formula from section 5.1.5, the 

U:Vá% stated above corresponds to an equal equation why this variable is included in the price 

pressure formula instead of V%	mja	/%. Finally, the active flow impact on the artificial stock market 

results in following active price pressure equation: 

 

OOá% = T%U:Vá% 
 

An assumption on liquidity purposes is made, such as the active investors always having enough cash 

to execute trades at every time point, allowing them to react to index price movements. Also, the 

artificial stock market consists of one active investor, which represents all active investors, and one 

passive investor, which represents all passive investors. These investors only have the availability to 

trade a single asset: the index of the artificial stock market. 

 

7.3.6 Price function 

The previous sections carefully outlined the methodological approach of the construction of each 

variable in the artificial stock market. The aggregation of these variables jointly defines the movement 

of the artificial stock market index price, which then is subject to further measurements. To obtain a 

better grasp of the interactions between the variables and their impact on the index price movement, 

a simplistic version of the artificial stock market is illustrated below: 
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Figure 12 – Artificial stock market  

 
Source: Own creation 

 

Figure 12 illustrates the fundamental interactions among the variables and how active and passive 

investors returns are derived in a simplistic version. The EPS variable is created from three different 

components 1) Geometric Brownian Motion, 2) Jump diffusion process, and 3) Recovery effect, 

which jointly defines the movement of EPS. The percentage change in EPS is reflected directly in the 

price function. Based on jump diffusion process, the recuperate effect initiates and reduces the impact 

of EPS crash effect on the price. The noise trader variable impacts the price through a noise element 

which makes the price deviate slightly from fundamentals (EPS). The passive flow impacts the market 

price through a price pressure formula as passive investors enter and leave the market, which entails 

a flow effect. Active investors trade based on a O/!∗ strategy which likewise causes a flow effect 

that is captured in active AUM which enables active investors return to be calculated. 

 

The control parameter “passive share” defines the starting point of active and passive investors AUM, 

which is the single exclusive parameter that can be altered to measure effects of different passive 

share environments. Because the parameter controls the initial AUM split among active and passive 

investors, it indirectly impacts the size of flows from both investor types.  
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Based on the created variables, the price function for the artificial stock market index price is defined 

as: 

O% = O%&'(1 + ∆!O/% + #!% + :Ñ% + OOO% + OOá%) 
 

Where O is the price of the artificial stock market, 7 is the time component, ∆!O/	is the percentage 

change in !O/,	#! is the recuperate effect, :Ñ is the noise trading impact, OOO is the passive 

investors flow impact, and OOá is the active investors flow impact. Accumulating the equations 

throughout the 240 forecasted periods results in the total price forecast series. Four simulations of the 

stochastic price series are outlined below: 

 

Figure 13 – Stochastic price series from the Artificial stock market 

 
Source: Own creation 

 

The construction of the artificial stock market is based on several stochastic variables, processes, and 

components, whereas only EPS inflicts the market price with drift throughout the forecasting periods. 

For the reason that crash timing, crash sizes, recovery periods, noise effects, and passive flows, are 

stochastic elements and therefore not known beforehand, outputs from the model cannot be known in 

advance. 
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7.4 Active investors assets under management  

Active investors do not simply track the index as they execute trades based on their determined 

strategy, which alters their return from the market return. Therefore, it is necessary to determine a 

return calculation for active investors, which can be measured from their assets under management 

(AUM). Reviewing past development in active and passive investors AUM signifying an expansion 

for both categories: 

 

Figure 14 – Global AUM Passive vs. Active investing 

 
Source: Own creation, Morningstar 

 

Passive investors AUM has increased faster than active investors AUM from 2007 to 2020, which 

has increased the passive investors significance and influence on the global stock markets. However, 

active investors AUM still represents 70% of total AUM as of 2020, thus remaining as the foremost 

largest investor type. The expansion in total AUM results from an increasing capital flow into the 

stock market together with the compounding effect. The artificial stock market incorporates the 

compounding effect as earnings tend to grow, which is reflected in the price. However, to avoid 

creating an unintentional drift in P/E throughout the forecasting period, the capital flow from active 

and passive investors must, on average, sum to zero at the end of the forecasting period, even though 

each period could undertake large inflows or outflows. Moreover, if there were any drift incorporated 

to flows throughout the forecasting period, it would be challenging to measure the return from active 

investors accurately. 
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AUM has been calculated differently among funds. However, the general computation is a function 

of all assets under management summed up (Odqvist, 2020). Active investors execute trades that 

causes inflow or outflows in the artificial stock market, which could result in some periods where 

active investors are not fully invested in the market if more outflow than inflow has occurred. To 

account for capital that is not invested in the market in some periods, a cash holding component is 

created, capturing and accumulating flows from active investors in each forecasting period. Equally, 

if active investors invest more into the artificial stock market than they sell during a forecasting 

period, the cash holding component is negative, indicating that they are gearing their position in the 

market. However, the active investors' O/!∗ trading strategy is designed such as their total flow on 

average equals zero at the end of a forecasting period, ensuring that unintentionally drift to P/E is not 

added. An unintentionally drift in P/E would mean that active investors either tend to buy or sell 

more. The cash holding component allows us to calculate the real price increase in AUM while 

mitigating and preventing that inflows cause higher returns and outflows to cause lower returns. 

Applying this interim cash holding component technique enables us to calculate active investors 

AUM through the equivalent methodology as Tippett (1994), which subsequently enables us to 

calculate active investors' return. Several researchers acknowledge Tippetts approach to calculate 

AUM (D'Alessandro, 2016). However, the measurement technique to calculate return throughout a 

defined period has been a debated topic. Some researchers argue that a “time-weighted-return” is 

superior, whereas other researchers argue that a “money-weighted-return” or IRR method is more 

appropriate to calculate return (ibid). 

 

Despite disagreements, D’Alessandro (2016) argues that the calculation methods apply to different 

circumstances. The money-weighted return calculation measures specific investments, whereas the 

time-weighted return measures a portfolio of investment throughout a time period. Based on active 

flows in the artificial stock market are not distinct from each other and represent a portfolio of 

investments, the latter method of time-weighted return seems more appropriate to apply as a 

measurement technique in the artificial stock market. Furthermore, the CFA Institute (2020) argues 

that this technique is more accurate and is considered as an industry standard. On these grounds, we 

apply the time-weighted-return technique to measure active investors' return throughout a forecasting 

period while accounting for inflows and outflows. 
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The active investors AUM is constructed through four steps based on the premises for the time-

weighted-return measurement technique, enabling accurate measurements (D'Alessandro, 2016). The 

first step is determining the number of shares that a specific net flow from active investors generate: 

 

/ℎm&KR% = /ℎm&KR%&' ± 1
V_lg%
O&PQK%6 

 

Where the /ℎm&KR%&' is the number of shares in the previous period. The initial number of shares are 

determined from the passive share control parameter, which is at time 7( 30 million shares in total. 

V_lg% is the active investors net flow, :V%, and O&PQK% is the artificial stock market price at time 7. 
The second step is to determine the market cap for active investors in the artificial stock market, 

which change continuously throughout the forecasting periods based on flow and price movements: 

 

Öm&îK7	tmc% = /ℎm&KR% ∗ O&PQK% 
 

The third step mitigates for active inflows or outflows, which is a component with interim 

computations denoted as cash holdings: 

 

tmRℎ	ℎl_aPjp% = tmRℎ	ℎl_aPjp%&' + V_lg% 
 

The fourth and last step assembles the active investor's AUM by combining market cap and cash 

holdings: 

áàÖ% = Öm&îK7	tmc% + tmRℎ	Yl_aPjp% 
 

The AUM equation above enables us to measure annualized active investors return throughout the 20 

years forecasting period according to D’Alessandro (2016): 

 

ájjSm_PïKa	mQ7PhK	PjhKR7l&R	&K7S&j = ñGáQ7PhK	áàÖ%,-.
áQ7PhK	áàÖ%.

J
'
<(

− 1ó 

 

The reason behind the return is measured from period 6 to period 246 is because active investors 

earliest have the opportunity to trade in period (month) six based on their O/!∗ trading strategy, 
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which depends on a six-month moving average. The market return for passive investors is equally 

measured from period 6 to period 246, hence obtaining equivalent conditions. 

 

For the purpose of not overcomplicating active investors AUM, a few assumptions are made. 

Realistically when active investors execute flows, certain fees would be affiliated with these, causing 

a net-of-fees return (Ippolito, 1989). In the artificial stock market, these fees are ignored to increase 

the direct measurement of return. 

 

7.5 Measurement of market efficiency 

The global stock market has historically demonstrated to behave efficiently, which was deliberated 

in the review of related literature (Section 5.1.1). The increasing belief in the existence of efficient 

markets has been instrumental for several investors as they convert into passive investing. However, 

as the increase in passive investing expanded, their respective size of total AUM expanded. This trend 

has been accused of being a threat to the stock market efficiency because the increase of “dead 

money” and the ignoration to fundamental stock valuations (Holmes, 2018). 

 

According to Liu & Sinha (2020), only a few of the large mutual funds in the United States have 

consistently outperformed the S&P 500 Index throughout the last fifteen years. Furthermore, they 

find that active investors, on average, fail to outperform the market return. The empirical findings 

exemplify that when markets are efficient, active investors struggle to outperform the market return. 

However, in certain periods, active investors, on average, have managed to outperform the market 

and obtain an abnormal return. Conversely, these periods have indicated signs of inefficiency on the 

stock market, typically linked to post-crisis times (McManus, 2020). These findings extrapolate 

Warren Buffet’s recommendations that investors should invest in passive investment vehicles, as he 

says “it has been a tough time to beat the market” (Jackson, 2020). As previously stated, Warren 

Buffet is an active investor who has managed to beat the market consistently since 1964, although he 

suggests investors to invest passively (Jackson, 2020), which is thought provoking. There is an 

increase in active investors common acceptance that the majority of the investors cannot beat the 

market over a long-term horizon, which is highly in line with the efficient market hypothesis (Fama, 

1970) and the underlying assumptions from CAPM (Sharpe, 1964). Therefore, it is reasonable to 

argue that: “When active investors consistently can beat the market over a long-term horizon, the 

market must be considered inefficient”, which is the underlying premise of the efficient market 
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hypothesis (Fama, 1970). The “long-term horizon” may seem diffuse and undertake several 

definitions dependent on contexts. According to Schoenmaker & Schramade (2019), an appropriate 

example of a time horizon for long-term investing is between 15 to 20 years. Based on this 

declaration, we define the length of the artificial stock market of 20 years, corresponding to 240 

periods (months), to account for a reliable and sufficient forecasting period to support conclusions. 

 

Based on the theoretical literature, we measure market efficiency through active investors' excessive 

return compared to the general market return. As an example, if active investors' total return 

throughout the forecasting period is less than the general market return on average, then the artificial 

stock market is considered efficient. Inversely, if active investors' return is higher than the general 

market return on average, then the artificial stock market is considered inefficient. However, if active 

investors return increases compared to the market return as the level of passive share increases, then 

the stock market is considered less efficient and vice versa. The calculation for the market return is 

based on the generic compounded average growth rate: 

 

táò# = ñ1 !jaPjp	hm_SK
8KpPjjPjp	hm_SK6

'
, − 1ó 

 

The market return is equal to passive investors return, which in the artificial stock market on an annual 

basis is defined as: 

Öm&îK7	&K7S&j = ñGO%,-.O%.
J
'
<(

− 1ó 

 

Where O%G is the market price in period six,	O%<=G is the ending market price in period 246, and 20 is 

the number of years in the forecasting period. For the reason that active investors trade on a O/!∗ 
strategy which depends on a six-month moving average, the market return for passive investors is 

equally measured from period 6 to period 246 to achieve equivalent conditions. 
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The stock market is considered efficient when: 

 

áQ7PhK	PjhKR7l&R	mjjSm_PïKa	&K7S&j ≤ Öm&îK7	mjjSm_PïKa	&K7S&j 

 

 And considered inefficient when: 

 

	áQ7PhK	PjhKR7l&R	mjjSm_PïKa	&K7S&j > Öm&îK7	mjjSm_PïKa	&K7S&j 

 

This results in when áQ7PhK	mjjSm_PïKa	KôQKRRPhK	&K7S&j < 0 then the artificial stock market is 

considered efficient, and when	áQ7PhK	mjjSm_PïKa	KôQKRRPhK	&K7S&j > 0 then the artificial stock 

market is deemed inefficient. 

 

7.6 Monte Carlo Simulation 

Creating an artificial stock market with stochastic variables leads to different outcomes that are not 

known in advance each time the equation in the model is executed. This randomness raises the 

question “Does stochastic events ever lead to tangible results, as they are all random?”. The Monte 

Carlo simulation solves exactly this statistical problem. The simulation is based on a mathematical 

technique that performs an excessive number of stochastic processes and subsequently calculates a 

statistic average based on the output from each iteration (Raychaudhuri, 2008). 

 

Figure 15 – Monte Carlo Simulation 

 
     Source: Own creation 

 

The variables impacting the model are based on four different probability distributions, 1) Uniform 

distributions, 2) Normal distributions, 3) Student’s t-distribution, and 4) Poisson distributions, which 

can be challenging to derive a mathematic analytical approximation upon in a time-series event. The 

Monte Carlo simulation is well suited to handle such distributions as each iteration is computed with 

inputs determined from a new set of random outcomes from the stochastic variables (ibid). The level 

of significancy from the output of the Monte Carlo Simulation is dependent on the number of 

iterations, n, and when n approaches infinity the statistics output converges to the true value (Cruse, 
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1997). Obviously, it is impossible to run the simulation infinite times, so a limit on j is set. There is 

not a fixed number of iterations that can be applied to every model to obtain a statistically significant 

output, as the number of underlying distributions is different in each model. However, a common 

number of iterations with uniform and normal distributions is generally said to be a minimum of 1.000 

iterations to obtain accurate results (Cruse, 1997). Since our model has introduced a Poisson 

distribution and a student’s t-distribution with fat tails, a higher number of iterations is needed to 

capture all outcomes of the variables connected to these distributions. Mudford & Lerche (2005) 

presents an article describing a simple approach to determine the number of iterations in a Monte 

Carlo simulation. The approach is based on a trial-and-error method where a simulation with an 

arbitrary number above 1.000 iterations is executed while observing the robustness of each outcome. 

If an outcome of one simulation with, e.g., 1.500 iterations return the same value, with a small margin 

of error, as the following simulations, then are j said to be accurate, and the model is accepted. 

Applying this methodology in our model results in a number of iterations of approximately 2.000 

times, which is coherent with the central limit theorem and law of large numbers (Kotelenez, 1986). 

 

Running a Monte Carlo simulation with a large number of iterations and four different underlying 

distributions, two of those with fat tails, requires a substantial amount of computer processing power. 

Therefore, we have obtained access to a computer with high processing power to perform these 

computations. We have developed a VBA code that is used to run the simulation, which can be found 

in Appendix 1. 

 

8. Analysis 
Based on the preceding sections, which carefully outlined the construction of the model in relation to 

theory and empirical data, this section analyzes outputs from the model. The first sub-section 

conducts an extensive validation analysis and tests whether the model represents realistic behavior, 

interactions, and outputs, compared to empirical data, and finally assesses the durability of the model. 

The second section tests the hypotheses which was created in Section 6, based on the outputs from 

the model. The third section elaborates on our findings together with a critical view. Finally, the last 

section conducts a sensitivity analysis on three influential parameters and test whether our findings 

are consistent under extreme conditions. 
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8.1 Model validation 

The goal of the model validation section is to determine to what degree the created artificial stock 

market and its data output are an accurate representation of real financial data. The created model 

consists of multiple stochastic elements, which are processed through a Monte Carlo simulation to 

obtain consistent and valid outcomes that subsequently are subject to empirical data comparison. This 

validation approach is in line with the stochastic validation framework from Reynolds. Jr. et al. 

(1981). The section is separated into six sub-analyses to obtain profound justification of the validity 

of the model, whereas the analyses are 1) Q-Q-plot comparison, 2) Examination of autocorrelation, 

3) Growth rates, 4) Stationarity of P/E, 5) Durability, and 6) Omitted variable bias. These 

examinations indicate if the model is suitable to further testing of our hypotheses. 

 

8.1.1 Autocorrelation 

According to the weak form market efficiency, stock market returns must have low autocorrelation. 

Particularly, the movement of stock market prices is random and should not reflect any pattern that 

traders can exploit. The active investor's strategy is based on output from the artificial stock market. 

If the forecasted times series behaves as a lagged version of itself (autocorrelation), then active 

investors' strategy could be modified to consistently outperform the market return (Lo & MacKinlay, 

1987). This dilemma would abolish our research question as the answer would be mathematically 

given beforehand. Therefore, it is critical that the forecasted times series does not show any signs of 

high autocorrelation. On this basis, the autocorrelation of the forecasted time series return is 

calculated for five states of passive share, representing each passive share environment: 

 

Table 4 – Artificial stock market autocorrelation in different passive share environments 

Autocorrelation based on 2.000 Monte Carlo iterations 

Passive share: 1% PS 25% PS 50% PS 75% PS 99% PS 

Lag 1 0,0797	 0,0774	 0,0894	 0,0863	 0,0847	
Lag 2 0,0810	 0,0859	 0,0894	 0,0825	 0,0872	
Lag 3 0,0753	 0,0768	 0,0793	 0,0737	 0,0842	
Lag 4 0,0673	 0,0677	 0,0721	 0,0711	 0,0710	
Lag 5 0,0547	 0,0557	 0,0546	 0,0567	 0,0595	
Lag 6 −0,0369	 −0,0379	 −0,0388	 −0,0390	 −0,0426	

Source: Own creation 
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The table above illustrates autocorrelation calculations in each passive share environment with six 

lag periods corresponding to six months similar to active investors trading strategy, where each 

autocorrelation value is an average of 2.000 Monte Carlo iterations of autocorrelations. A sample of 

the correlation calculation is illustrated in Appendix 10. The first lag period illustrates the correlation 

between the initial return and the immediately following return next period. The last lag period (Lag 

6) is the correlation between the initial return and the return of the sixth period in the same time series. 

There is no clear trend or pattern in the autocorrelation values between 1% passive share environment 

and 99% passive share environment, which is satisfactory. Across all states of passive share 

environments in the artificial stock market, the average autocorrelation values are below ±0,1, which 

indicates a low and insignificant autocorrelation level (Martin, 2021). These outcomes are complying 

with past monthly autocorrelation levels on the S&P 500 Index (ibid). The low levels of 

autocorrelation ensure that the artificial stock market at least is efficient in the weak form (Fama, 

1970), and stock movements do not behave as a lagged version of itself. Therefore, we can ensure 

that active investors' strategy cannot be altered to follow a predefined time pattern, as no such seem 

to exist. 

 

8.1.2 Quantile-Quantile Plot 

A Quantile-Quantile Plot (Q-Q Plot) is a graphical tool that can be applied to analyze whether a 

specific dataset is normally distributed or follows another statistical distribution (McCulloch & 

Easton, 1990). Empirical stock market return data is notoriously known for not following a normal 

distribution as it is recognized for its fat tails on long time horizon. Fat tails describe that extreme 

events appear more frequently than a regular normal distribution demonstrates. Therefore, empirical 

stock market returns typically follow a t-distribution (Praetz, 1972). On this basis, we assume that the 

monthly returns from the forecasting periods are not normally distributed but follow a t-distribution. 

However, to validate this assumption, we apply a Q-Q plot analysis to determine the distribution of 

the artificial returns.  
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Creating a Q-Q plot with log return data from the artificial stock market indicates that the returns 

encounter fat tails similar to financial data from the S&P 500 Index, which highly suggest that the 

returns from the artificial stock market replicate real stock market behavior: 

 

Figure 16 – Q-Q Plot comparison of the Artificial stock market & S&P 500 Index returns 

 
Source: Own creation, Bloomberg data 

 

To determine whether the forecasted data follows a student's t-distribution, we deploy a Q-Q plot 

analysis. The first step in the Q-Q plot analysis is to determine what return measurement approach is 

most suitable to test for student’s t-distributed data. Four general return measurements are plotted in 

Q-Q plots below to determine what return measurement to apply when testing for a student's t-

distribution: 

 

Figure 17 – Q-Q Plot of different return measurements from the Artificial stock market 

 
Source: Own creation 
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As Figure 17 illustrates, the four return measurements are 1) Absolute return, 2) Relative Return, 3) 

Relative return -1, and 4) Natural Logarithm of relative returns. Estimated returns from the artificial 

stock market are plotted on the y-axis, and the x-axis represents theoretical quartiles (Das & Imon, 

2016). All four graphs illustrate similarity with minimal difference among the return calculations. It 

is noted that the absolute return measurement has higher upper tails compared to the others but 

remains significant. Researchers generally argue that log returns are the preferred return measurement 

method when calculating stock market indices return (Platen & Rendek, 2007). Moreover, there is no 

remarkable difference in the Q-Q plots, which indicates all return measurement methods are suitable 

to proceed with. However, we continue with the log return measurement as researchers generally 

favor this approach (ibid). 

 

It is observed in Figure 17 above that the data points do not assemble on the red line, which indicates 

that the data is not normally distributed. However, to ensure our supposition, we plot our data against 

simulated normal distributed data: 

 

Figure 18 – Artificial stock market LN returns against normal distributed simulated data 

 
Source: Own creation 
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The Q-Q plot in the upper left corner in the figure above is the LN return measurement of the artificial 

stock market, which is equal to Figure 17. The eight others Q-Q plots are random simulated normal 

distributed data, where the data points are placed close to the red line indicating normal distributions. 

None of the simulations have fat tails similar to the LN return Q-Q plot from the artificial stock 

market, indicating that our returns are student’s t-distributed similar to real financial data. 

 

We conclude that stock market returns from the artificial stock market are student’s t-distributed, but 

we need to determine the degree of freedom in the distribution. Consequently, the estimated returns 

are illustrated with Q-Q plots in Figure 19 and plotted against a student’s t-distribution with 

respectively 1 to 9 degrees of freedom to determine which distribution fits our data best. The nine LN 

return Q-Q plots below which has data points closest to the red line demonstrates the ideal number of 

degrees of freedom: 

 

Figure 19 – Determining degrees of freedom in the student’s t-distribution 

 
Source: Own creation 

 

Based on the nine different Q-Q plots with different degrees of freedom, possible candidates for the 

best fit could include 3, 4, 5, or 6 degrees of freedom. However, it appears that 3 degrees of freedom 

have data points closest to the red line, especially if observing the lower tails. Therefore, it is 

determined to proceed with 3 degrees of freedom. 
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The last step is to simulate LN return data from the artificial stock market through a student’s t-

distribution with three degrees of freedom against simulated Q-Q plots of student's t-distributions 

with three degrees of freedom as well: 

 

Figure 20 – Validation of student’s t-distribution with three degrees of freedom 

 
Source: Own creation 

 

The Q-Q plot in the upper left corner in the figure above is the LN return from the artificial stock 

market illustrated with a red line representing student’s t-distribution with three degrees of freedom, 

which is equal to Figure 19. It is arguable that the Q-Q Plot (upper left corner) fits the red line to a 

better extent than some of the others simulated t-distributions with three degrees of freedom, namely 

6, 7, and 8, which highly indicates that the LN return data from the artificial stock market is student’s 

t-distributed with 3 degrees of freedom. 

 

The coding software R-studio is applied to construct the previous Q-Q Plots. To ease the replicability 

for other researchers, the entire code is displayed in Appendix 2. 

 

8.1.3 Testing growth rate 

For the reason that the artificial stock market consists of numerous stochastic variables, it is essential 

to ensure that there is no unintentional drift added to the stock market price movement besides the 

growth element in EPS. Furthermore, it is necessary to test if the growth in the artificial stock market’s 

price aligns with historical growth rates from the S&P 500 Index, which is used as a reference (Section 
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7.2). The S&P 500 Index has grown at a compounded annual growth rate (CAGR) of 6.6% from 

December 31, 1999, to December 31, 2020, which is ilustrated in Appendix 11. The EPS input data 

originates from the S&P 500 Index and is modeled through various stochastic processes and added 

crash events. Therefore, to authenticate the created model, CAGR must allign closely with past S&P 

500 Index growth. 

 

To test the artificial stock market's annualized growth rate, we apply a similar CAGR computation, 

as to the S&P 500 Index, on the forecasted 20 years. The test is performed in various passive share 

environments from 1% to 99% to ensure consistency and validity among different passive share 

environments. The test is based on 2.000 Monte Carlo simulations in each passive share state to obtain 

valid statistical approximations: 

 

Table 5 – Artificial stock market CAGR in different passive share environments 

 
Source: Own creation 

 

The results from Table 5 above illustrates that each passive share environment is consistent, varying 

between 6,1% and 6,4%, which arguably corresponds to the S&P 500 Index CAGR illustrated in 

Appendix 11. The findings demonstrate that the artificial stock market follows a similar CAGR to 

past S&P 500 Index data, which ensures the model is comparable and indicates a global index. 

 

8.1.4 P/E stationarity 

The purpose of the fourth validity analysis is to test whether the relationship between stock market 

prices and EPS (P/E-ratio) is stationary throughout the forecasting period. There are two primary 

reasons why a series of P/E ratios are stationary, 1) The general valuation principles have remained 

constant throughout the last several decades according to the common understanding of CAPM, 2) 

There is a fundamental relationship between prices and earnings, hence cointegrating these two 

variables create stationarity. The cointegration means that the P/E is mean reverting, and the variables 

have equal stochastic trends (Irons & Wu, 2013). Besides, the present value of future earnings 

determine stock prices, which implies that it is the same factors that drive volatility in stock prices as 

in EPS (ibid). This relationship creates a strong degree of correlation among the two variables (Tse, 

2002). Furthermore, the trades from active investors are based on a O/!∗ strategy, and if there were 

Passive share 1% 10% 20% 30% 40% 50% 60% 70% 80% 90% 99%
Annualized growth rate 6,2639% 6,3486% 6,3475% 6,1480% 6,2320% 6,2095% 6,3656% 6,3483% 6,2464% 6,2021% 6,3016%
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a constant drift, either positive or negative, this would imply that active investors always buy or sell 

accordingly, which would be a damaging factor to our tests. On this basis, we test whether the P/E 

ratios from the artificial are stationarity. 

 

Prior to the test, we review past P/E ratio levels from the S&P 500 Index since the start of passive 

investing in 1976 in the following figure: 

 

Figure 21 – Historical S&P 500 Index P/E 

 
Source: Own creation, Shiller data 

 

Figure 21 illustrates that the past series of P/E ratios has remained stationary since the start of passive 

investing based on an eyeball examination. However, it is observed that P/E spikes under large crises, 

which signals a rapid and large drop in earnings compared to the price which falls slightly less. This 

behavior strengthens the statement of the recuperate effect, which acts as a brake on prices under 

crashes (Section 7.3.2). 

 

To statistically determine whether there is drift in the P/E series from the artificial stock market, we 

perform a Dicky Fuller (DF) test (Dickey & Fuller, 1979). The DF test is an adequate and 

acknowledged approach to test for stationarity in time series (Hadri, 2000). The methodology is to 

test for a potential unit root that corresponds to |ö| = 0. If the forecasted P/E ratio series has a unit 

root, the P/E ratio series follows a random walk with drift that implies non-stationarity, and if ö < 0 

the series are considered stationary with no unit root. To enhance the robustness of the DF test, the 
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test-outcome of one simulation in the artificial stock market is repeated 2.000 times in each passive 

share environment from 1% to 99% passive share with a 10%-point increment in between. The DF 

test converges towards its true value through this methodology by the law of large numbers (Gio & 

Rosmaini, 2018). 

 

The following figure illustrates four simulations of P/E ratios throughout the forecasting period 

from the artificial stock market: 

 

Figure 22 – Stochastic P/E series from the Artificial stock market 

 
Source: Own creation 

 

Figure 22 above illustrates that the P/E series have a stable mean fluctuating around 2O/! ≈ 35 over 

time, which signifies stationarity. However, to statistically test this assumption through a DF test, a 

unit root test for the intercept is conducted, examining whether there is a random walk with a drift 

trend in the P/E series. Therefore, the forecasted P/E series are converted into an autoregressive model 

based on calculations of the difference in the forecasted P/E ratios for one period against another 

lagged P/E period: 

∆ú% = (( + öú%&' + S% 
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Where ∆ú% is the P/E difference between two periods in time t, ö is the unit root, ú%&' is the P/E ratio 

t-1 (lagged), (( is the intercept, and S% is the error term. Following the DF test, we create a one-sided 

hypothesis to test for stationarity: 

 

The null and alternative hypothesis: 

Y(: d	 = 	0	 
YE: ö < 0 

 

The Y( corresponds to a unit root in the P/E ratio, implying that the P/E ratio sequence follows a 

random walk with drift, implying non-stationarity. YE implies the P/E series are stationary and follow 

a random walk without any drift, hence indicating stationarity. The DF values corresponding to the 

t-stat are derived by dividing O/!		%&' coefficient by the regression standard error (Dickey & Fuller, 

1979). As previously stated, we perform this test on 2.000 Monte Carlo simulations in each of the 

passive share environments below to obtain a valid result: 

 

Table 6 – Dickey Fuller test of the Artificial stock markets’ P/E-series 
Testing P/E stationarity 

Passive share: 
-------------- 

DF-test 
1% 10% 20% 30% 40% 50% 60% 70% 80% 90% 99% 

t-stat -3,0355 -3,4318 -5,5842 -3,3794 -2,3456 -3,5650 -3,8950 -2,3011 -6,0821 -3,4440 -4,3789 

t-stat -4,0260 -3,4987 -2,6155 -2,5507 -4,4393 -3,0273 -2,6646 -4,0138 -2,1219 -3,2764 -3,5242 

t-stat -6,7820 -2,2609 -5,3179 -4,3060 -4,5787 -5,0679 -2,5864 -2,5382 -3,2952 -3,2376 -3,5812 

t-stat -4,3114 -5,5624 -5,0827 -2,9956 -5,1813 -3,6058 -3,3483 -4,0444 -4,0264 -4,6580 -1,7008 

…. …. …. …. …. …. …. …. …. …. …. …. 
Mean of 2.000 

MC t-stats 
-4,5224 -3,5770 -3,9748 -3,6721 -3,7975 -3,9485 -3,4753 -3,4898 -3,8720 -3,9325 -3,5073 

Source: Own creation 

 

As illustrated in Table 6 above, the average t-stat value for each passive share environment with 2.000 

simulations yields a stable result throughout the passive share environments. A sample of one t-stat 

calculation is performed in Appendix 12. To determine whether the t-scores are significant, they are 

compared with the critical values in Table 7: 

 

 

 



Master’s Thesis 2021   Copenhagen Business School  

 Page 75 of 136  

 

Table 7 – Critical values in Dickey Fuller test 
 Quantiles 

Distribution 1% 2,5% 5% 10% 

N (0,1) -2,33 -1,96 -1,64 -1,28 

DF -2,56 -2,23 -1,94 -1,62 

!"/ -3,43 -3,12 -2,86 -2,57 

!"0 -3,96 -3,66 -3,41 -3,13 

Source: (Tabor, 2017) 

 

For the reason that we test for drift, which implies DYt = b0 + dYt–1 + ut, the quantiles for “TVH"  are 

used. As Table 7 illustrates, the calculated average t-stat scores are less than -3,43 for all passive 

share environments. Therefore, with 99% confidence, we can reject the null hypothesis that the P/E 

ratio series has a unit root, implying that our results are stationarity. Finally, we can confirm that our 

artificial stock market P/E ratio series indicates stationarity, which is in line with theory (Tse, 2002), 

thereby validating our data output. On this basis, we ensure active investors have no advantage or 

disadvantage with any unintentionally upward or downward drift in the P/E. 

 

8.1.5 Model durability 

The artificial stock market is constructed to have one control parameter, which is denoted as “passive 

share”, which controls the origin of the total AUM split between active and passive investors, 

explained extensively in section 7.4. Because passive share solely determines period 7(, it does not 

have any influence on the proceeding periods. However, it is important that the AUM split stays 

constant throughout the 240 forecasting periods, such that the passive share environment is stable in 

each simulation and does not fluctuate into other passive share environments during the simulation, 

hence invalidating our measurements. To test whether the initial AUM split is constant throughout 

the forecasting period, 2.000 Monte Carlo simulations are performed on the ending passive share 

level in the last period to compare if the ending value is equal to the starting value. The following 

table summarizes the simulations of each passive share environment: 
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Table 8 – Market share consistency 
Starting passive 

market share 
1% 10% 20% 30% 40% 50% 60% 70% 80% 90% 99% 

Ending Mean 

passive share  
1,005% 10,117% 20,202% 30,261% 40,263% 50,486% 60,059% 70,158% 80,022% 90,001% 98,999% 

Ending Median 

passive share 
1,004% 10,126% 20,195% 31,354% 40,369% 50,512% 60,174% 70,236% 80,167% 90,057% 99,002% 

Source: Own creation 

 

Table 8 explains that the ending mean and median values are close to the initial starting point, 

indicating that the model is relatively stable. Furthermore, this indicates that the active investor 

strategy is designed symmetrically, with both active and passive investors capturing similar market 

share proportions over time. However, it is noted in Table 8 that passive investors capture a tiny part 

of the market share in the ending period but is indisputably insignificant. 

 

The active investors' trading strategy is likewise subjected to a robustness test to ensure that they have 

no advantage or disadvantage when executing trades as the forecasting period progresses. The active 

investors' trading strategy is designed with the primary focus that they do not have the availability to 

know future movement in the artificial stock markets price or P/E, hence does not have any incitement 

to buy rather than sell and vice versa. Some shortfalls that the active investor's strategy could be 

affected by is a non-symmetric strategy in terms of the O/!∗ levels triggering either buy or sell 

signals. Additionally, the net flow effect triggered by the O/!∗ levels could unintentionally impact 

the ending market share either up or down. However, we provide active investors with an impartial 

trading strategy that provides no immediate advantage and avoids any incentives of buying or selling 

at an ideal O/!∗ level. 

 

Nevertheless, the trading strategy is set under investigation for any ambiguities of either giving active 

investors incitement to sell or buy instead of an objective trading strategy. The difference between 

the number of times active investors buy, subtracted by the number of times they sell, which 

corresponds to the BUY/SELL spread, is defined as the measurement of the investigation of the 

trading strategy. The calculation method relies on 2.000 Monte Carlo simulations of the spread in 

each passive share environment as the former test. The result from the test is portrayed in the table 

below: 
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Table 9 – Active investors Buy/Sell spread 
Passive share 1% 10% 20% 30% 40% 50% 60% 70% 80% 90% 99% 

Mean Buy/Sell spread +7 +5 +5 +8 +6 +7 +5 +6 +5 +6 +5 

Median Buy/Sell spread +6 +5 +5 +7 +6 +7 +5 +7 +5 +6 +6 

Source: Own creation 

 

As illustrated in Table 9 above, active investors are more likely to buy rather than sell in the forecasted 

timeframe for each occurrence of different passive shares. Despite the finding, the number of times 

the active investors are more likely to buy is considered insignificant due to the number of active 

trading actions performed on average, which is between 138 to 155 trades throughout 240 periods, 

which is illustrated below in Table 10: 

 

Table 10 – Active investors average total trades 
Passive 

share 
1% 10% 20% 30% 40% 50% 60% 70% 80% 90% 99% 

Mean times 

of buy and 

sell 

+145 +144 +151 +138 +141 +138 +145 +152 +150 +153 +155 

Median 

times of buy 

and sell 

+145 +144 +151 +139 +141 +138 +145 +152 +150 +153 +155 

Source: Own creation 

 

The number of trades in each passive share environment seems relatively stable in all environments 

and does not suggest any pattern where a certain passive share environment increases the incentive 

to trade more intensively or less intensively that other environments. The difference between the total 

trades in Table 10 above to the 240 forecasted periods implies the times where active investors decide 

to hold. Consequently, the robustness test of the trading strategy for active investors indicates that 

buy and sell trades are relatively equally distributed, implying no preset incentives. Despite a 

marginally higher tendency to buy than sell throughout the forecast periods, we argue that this is 

insignificant due to its proportion of the total number of trades. 
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The model durability test signified that there is stability and consistency in the market share 

throughout the forecasting period, and the active investors trading strategy contains roughly equal 

numbers of buy and sell trades in each simulation. On this basis, the model durability test verifies that 

the artificial stock market is representative of further measurements and free of major prejudices that 

could affect the outcome of future research. 

 

8.1.6 Omitted variable bias 

There are two main drivers prior to the construction of the model, 1) Construction of a model that 

adequately replicates stock market behavior and interactions similar to global stock markets with 

limited variables, 2) Creating an artificial stock market that can be replicated by other researchers 

allowing the model to be further expanded with relevant inputs as new theory develops. Including all 

relevant variables is a challenge, as the financial markets are influenced by various factors and are 

considered by researchers to be one of the most difficult phenomena to directly predict, even though 

many researchers have examined global stock markets. This explains that researchers consider 

efficient stock markets to follow a random walk, which allows us to study interactions on theoretically 

well-founded interactions (Malkiel, 1973). However, the limited number of variables in the artificial 

stock market may raise concerns about omitted variable bias, potentially harming any conclusions. 

According to Arthur et al. (1996), the stock market is a dynamic regime in which psychological 

activity occurs, which is difficult to reproduce. Contrary, Zheng & Chen (2013) argue that these 

dynamics can be modeled through stochastic events but leaves out the specific variables.  

 

Over the last decades, numerous investor types with different trading strategies have emerged due to 

technological advancements. Their inclusion could improve the model but would complexify 

computations even further and improving the likelihood of unintentional noise. Several scholars have 

attempted to create an artificial stock market based on investor types. Chen & Bi (2011) tested 

corporate valuations through empirical data on two investor categories, 1) institutional investors and 

2) retail investors, combined with four different trading strategies to adopt. In their research, investors 

could be perma-bullish or bearish during the regression period, which is an alternative way of dividing 

investor types. Blanchard (1981) provides another example of including alternative variables into an 

IS-LM model. He argues interest rate has a substantial impact on the stock market as a standalone 

effect and therefore included the variable in his model.  
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Numerous variables appear to be relevant to include in an artificial stock market that aims to mimic 

real-world stock behavior. However, variable inclusions highly depend on the research perspective, 

and are dependent on the dynamics one seeks to measure. In this research EPS plays an essential role 

as it captures effects from macro environments as earnings are closely related and impacted by the 

macroeconomic events, which moreover includes interest rates. Ultimately, EPS captures a 

significant part of the external implications affecting stock prices (Carabias, 2018).  

 

According to Clarke (2005), even though researchers use additional control variables to screen for 

omitted variable bias, biases can still appear in any given situation. Therefore, omitted variable biases 

are a possibility that is almost impossible to avoid in models. Conclusively, we are aware of the 

possibility of omitted variable biases. Based on this section of model validation which indicates that 

the outputs from the artificial stock market are aligned with empirical data, we proceed with further 

testing of our hypotheses. 

 

8.2 Testing hypotheses 

We created the model which represents an artificial stock market with outset in the literature review 

and creations of hypotheses. The construction of each variable in the model was carefully outlined in 

the methodology section (Section 7 to 7.6), which was further subject to an extensive model validity 

analysis that verified that the output from the model represented realistic behavior compared to theory 

and empirical financial data. These analyses ensure that the model demonstrates realistic behavior, 

outputs, and interactions, which act as a solid foundation for testing our hypotheses. In relation to 

setting up the hypotheses, the significance level must be determined, reflecting the amount of 

statistical error we allow in the tests. The significance level corresponding to α is generally 

determined based on context, which in this regard relates to financial data. In general, a 5% 

significance level is frequently applied when analyzing financial data among researchers (Lieber, 

1990). On this basis, we join the bandwagon and apply a significance level of 5% throughout our 

tests. The second step is to determine whether to perform a one or two-sided hypothesis test. When 

researchers have adequate arguments with only one plausible inference, a one-sided hypothesis is 

often suitable, which has more exploratory power than a two-sided test (Bland & Altman, 1994). 

However, as this is an exploratory study on effects that are not yet present on the global stock market, 

we cannot justify applying a one-sided test on the stock market volatility, why we apply a two-sided 

test. However, we have a strong theoretical foundation supporting a one-sided test on our second 
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hypothesis, as stock markets has generally been considered to be efficient since the introduction of 

passive investing in 1976 (Tiwari, et al., 2019).  

 

8.2.1 Hypothesis I 

Based on the research question and the theoretical literature review, we formed our hypotheses, which 

act as a breeding ground for the artificial stock market creation. Recalling that our first hypothesis 

was formulated as: 

 
Does an increase in passive share change market volatility? 

 
 

This question is formed on limited empirical research and relates to the effect of passive investing on 

market volatility, hence market efficiency (Hameed & Ashraf, 2006). As explained in section 6, the 

mathematical form of the hypothesis is stated in this section. The corresponding null and alternative 

hypothesis are defined below: 

 

Y(: 2IJ0K	@A = 2IL!MN	@A	
YE: 2IJ0K	@A ≠ 2IL!MN	@A	 

 

Where 2IJ0K	@A is the mean value of 2.000 Monte Carlo simulations performed on the monthly 

market volatility, 5, in a low passive share environment, and	2IL!MN	@A is the mean value of 2.000 

Monte Carlo simulations performed on the monthly market volatility in a high passive share 

environment. Ultimately, the null hypothesis states that market volatility in a low passive share 

environment has similar volatility in a high passive share environment. The alternative hypothesis 

states that the market volatility is different in each passive share environment. We deploy two 

independent tests to examine the hypothesis, where the first is a group test and the second is a test on 

outer values. 

 

The first step in the hypothesis testing is to calculate the monthly (periodically) standard deviation, 

of a simulation of 240 forecasting periods. Since the outcome of each simulation is different due to 

the stochastic components, we approach the true value of the standard deviation by performing 2.000 
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Monte Carlo Simulation in each of the passive share environments, which is illustrated in the figure 

below: 

 

Figure 23 – Average monthly market volatility in different passive share environments 

 
Source: Own creation 

 

The passive share environment of 0% is excluded due to the lack of comparison between passive 

versus active share. Similarly, the 100% passive share level is excluded, as all capital otherwise would 

belong to passive investors, who are prices takers and allocates “dead money” to the market, leading 

to market crash as no stocks would be priced accordingly to their estimated value, collapsing the 

market. As Figure 23 illustrates, the average monthly volatility in each of the passive share 

environments is relatively stable with minimal variations for each state. Based on an eyeball test, it 

is reasonable to argue that the volatility fluctuates steadily around 3,7% in each passive share 

environment. This level is coherent with the past average monthly volatility on the S&P 500 Index, 

which is identified as 3,9% (Appendix 13). Furthermore, the yearly moving average of the S&P 500 

Index’s volatility has a median of 3,5%, illustrated in Appendix 14, which is fairly close to the output 

of the artificial stock market. As previously stated, the current global level of passive share is 

estimated to be marginally below 30%. The estimated volatility in the artificial stock market is 

calculated to 3,7059% in a 30% passive share environment, which is relatively close to the monthly 

volatility of the S&P 500 Index from the last 20 years (Appendix 14). This indicates that the volatility 

in the artificial stock market is moderately equivalent to realistic volatility, which strengthens the 

model’s legitimacy. 
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Even though an eyeball test appears reasonable to conclude that an increasing passive share does not 

influence the market volatility, we test this hypothesis statistically through a paired t-test. There are 

some central assumptions to the paired t-test, which require clarification. It was analyzed from the 

section “Quantile-Quantile Plot”, that data from the artificial stock market follows a student’s t-

distribution with 3 degrees of freedom with fat tails. However, the assumptions of normally 

distributed data are not violated due to the student’s t-distribution familiarity to the normal 

distribution (Lange, et al., 1987). Moreover, the data follows a continuous scale and relies on an 

extrapolation of S&P 500 Index data to produce valid results. The artificial stock market data has 

been tested to be stationary, which implies that the data is homogeneous, and the variance is equal 

and independent. Consequently, the dataset is considered to comply with assumptions of conducting 

a t-test (Havlicek & Peterson, 1974). Moreover, Boneau (1960) found evidence that the t-test should 

be nearly immune to any violations of the assumptions, which minimize potential underlying pitfalls. 

Because data from the artificial stock market comply with the assumptions of the paired t-test, we 

proceed with the testing of our hypothesis.  

 

As stated in the null hypothesis, we test a low passive share environment against a high passive share 

environment to detect if there is a statistical difference. The environments are separated into two 

groups, whereas the first represents a low passive share environment containing states of 1% to 40% 

passive share. The second group signifies the high passive share environment with states from 60% 

to 99% passive share. To accommodate for group similarity, the middle passive share environment 

of 50% is omitted from the test. Each value is independent of each other, as the passive share 

environment is changed. The 2.000 Monte Carlo simulations of average monthly volatility in each 

passive share environment from Figure 23 is tabled below into its coherent groups: 
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Table 11 – Statistics of average monthly volatility in the Artificial stock market 

Artificial stock market volatility 

Group 

 

Passive 

share 

Monthly average of 

market volatility 
Descriptive group statistics 

Group 1) 

Low passive 

share 

1% 3,6953% Group 1 Outer values (1%) 

10% 3,6998% 
,(.)1 = 1, 2334% 

.12 = 3, 3352% 

61 = 53. 333 

,(.)1% = 1, 89:1% 

.1%2 = 3, 335;% 

61% = <. 333 

20% 3,7005% 

30% 3,7059% 

40% 3,7005% 

 50% 3,6997%   

Group 2) 

High passive 

share 

60% 3,6981% Group 2 Outer values (99%) 

70% 3,7016% 
,(.)2 = 1, 8982% 

.22 = 3, 3358% 

62 = 53. 333 

,(.)44% = 1, 8;59% 

.44%2 = 3, 3358% 

644% = <. 333 

80% 3,7004% 

90% 3,7018% 

99% 3,6819% 

Source: Own creation 

 

Table 11 illustrates statistical values from the created groups, which are needed to calculate the 

following paired t-test: 

OmP&Ka	7 − R7m7 = ô̅ − 0
RO̅  

Where RO̅ is: 

RO̅ =
RQ!""
√j  

 

Where x° is the sample mean of the difference in the average monthly stock market volatility, RO̅ is the 

estimated standard error of the mean H A

√,
I, RQ!"" is the sample standard deviation of the differences, 

and j is the sample size of the underlying observations. The 0 signifies that we test whether the t-stat 

is different from zero. Applying the descriptive group statistics from the table above, the paired t-test 

yields a result of: 
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RO̅5678(9 =
0,5704%
√10.000 = 0,0057% 

 

OmP&Ka	7 − R7m7MS01TU =
3,7004% − 3,6967%

0,0057% = 0,6438 

 

The /Q!"" calculation is illustrated in Appendix 15. The score of the paired t-stat from the table above 

equals 0,6438, which is between the critical value of ±1,96 with a significance level of 5% and 

aKp&KKR	lr	r&KKald = (2.000 ∗ 5) − 1 = 9.999, which indicates that we fail to reject our null 

hypothesis (Dougherty, 2002). However, when simulating stochastic data, a single paired t-test does 

not justify insignificance (Gio & Rosmaini, 2018). Therefore, we reproduce Table 11, which contains 

2.000 Monte Carlo simulations in each passive share environment to calculate one t-stat score, 

additionally 2.000 times to approach the true value of the t-stat score. The average value of the 2.000 

t-stat calculations is used to evaluate significance. A sample of the process is illustrated in the table 

below: 

 

Table 12 – T-stat calculation of average monthly volatility of groups 

 
Source: Own creation 

 

The outcome of the average t-stat calculations is 0,6776, slightly diverges from the first calculation 

but still implies an insignificant result as it does not exceed the critical values. Consequently, we fail 

to reject the null hypothesis that an increase in passive share affect the average monthly market 

volatility in the artificial stock market on a 5% significance level. 

 

The second test of the null hypothesis examines the outer values of the average monthly stock market 

volatility. The outer values of the passive share environments are 1% and 99%, which undertakes an 
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equal testing procedure as the foregoing test. Based on Table 11, a t-stat is calculated on the outer 

values of monthly volatility: 

 

OmP&Ka	7 − R7m7V1%WS	BX91WU =
3,6953% − 3,6819%

0,5867%
√2.000

= 1,0226 

 

The outcome of this paired t-stat is 1,0226, which, equally to the first test, does not exceed the critical 

values of ±1,96. However, as one t-test does not justify insignificancy, a paired t-test is calculated 

based on additional 2.000 simulations. A sample of the second testing process is illustrated below: 

 

Table 13 - T-stat calculation of average monthly volatility of outer values 

 
Source: Own creation 

 

The average t-stat score of 2.000 simulations of the second t-test on outer values results in 0,8063, as 

illustrated above. The corresponding critical values for the two-sided t-stat with a significance level 

of 5% and aKp&KKR	lr	r&KKald = 2.000 − 1 = 1.999, has similar critical values of ±1,96 

(Dougherty, 2002). As the calculated average t-stat score in the second test is still between the critical 

values, we fail to reject the null hypothesis again. This indicates that we cannot reject a lower passive 

share environment has the same monthly market volatility as a higher passive share environment. 

 

Conclusively, the first and second test approaches are insignificant, which means that we cannot reject 

that an increase in passive share impacts monthly average volatility in the artificial stock market. This 

supports the claim that an increasing passive share does not affect stock market volatility. Hameed & 

Ashraf (2006) argues that if volatility increases, market efficiency decreases. Based on the findings 

above, we can also reject that volatility does not indicate to influence results of further testing of 

market efficiency. This result enables us to test our second hypothesis for passive investing’s impact 

on stock market efficiency. 
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8.2.2 Hypothesis II 

The second hypothesis test seeks to answer our research question, which is a debated and an unclear 

problem. A recent study from Petersson & Thomsen (2019) attempted to measure the effect of passive 

investing on market efficiency through a traditional empirical price discovery approach. However, 

they did not find any evidence answering their research question. Anadu et al. (2020) attempted to 

point out potential risks of passive investing to financial stability but found an unclear effect on 

market efficiency through a literature review. Unlike previous research that attempts to test the effect 

of increasing passive share on market efficiency through historical data, this thesis challenges former 

approaches by applying an entirely different framework by creating an artificial stock market. On this 

note, our thesis pursues to answer the following question: 

 

 
Does an increase in passive share decrease market efficiency? 

 
 

The corresponding null and alternative hypothesis are defined below: 

 

Y(: ô̅(á# −Ö#)J0K	@A ≥ ô̅(á# −Ö#)L!MN	@A 

YE: ô̅(á# −Ö#)J0K	@A < ô̅(á# −Ö#)L!MN	@A 

 

Where á# is the average annualized active investors return, Ö# is the average annualized market 

return, and ô̅ is the mean median value of the average annualized active investors excessive return 

based on 2.000 Monte Carlo simulations on a 20-year forecast period. The measurement of market 

efficiency is deliberated in the literature review, which concludes that stock markets are inefficient 

when active investors consistently achieve a higher return than the market return. Also, throughout 

the last several decades, active investors did not manage to achieve a consistently higher return than 

the market on average, consequently maintaining an efficient market (Section 5.1.1). The null 

hypothesis above states that the mean median value of active investors' excessive return (MAER) in 

a low passive share environment is equal or higher compared to the MAER in a high passive share 

environment. In other words, active investors achieve an equal or higher return in a low passive share 

environment compared to a high passive share environment. In this hypothesis, we focus on the 

magnitude of the specific spread between active investors' return and market return during the 

statistical tests. Moreover, there is a focus on whether active investors are able to achieve a higher 
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return when passive share increases. If ô̅(á# −Ö#)~0 market efficiency decreases. The stock 

market is considered to be inefficient if ô̅(á# −Ö#) < 0, as active investors' return, is lower than 

the market return on average. 

 

The technique applied to test the stated null hypothesis arises from outputs of the artificial stock 

market based on an extrapolation method. The first step in testing the hypothesis is to perform a 

Monte Carlo simulation on the mean median values of active investors' excessive return (MAER) in 

each level of passive share and observe if changes occur throughout the different states. Recalling 

that one simulation equals 240 periods corresponding to 20 years of forecast has a different outcome 

each time the simulation is performed due to the interactions of a complex stochastic processes. The 

MAER is repeatedly measured over 2.000 Monte Carlo iterations to approach the “true” value of 

these stochastic processes. Aligning the simulations in the following table illustrates MAER at 

different levels of passive share environments: 

 

Table 14 – MAER values in different passive environments 

Artificial stock market efficiency with 2.000 Monte Carlo simulations in each state 

Group 

 

Passive 

share 

20-years mean median of 

annualized active investors 

excessive return (MAER) 

@A(BC −EC) 

20-years mean median of active 

investors absolute excessive return 

Group 1) 

Low passive 

share 

1% −0,0042% −0,0840% 

10% −0,0058% −0,1159% 

20% −0,0061% −0,1223% 

30% −0,0059% −0,1179% 

40% −0,0047% −0,0946% 

 50% −0,0025% −0,0503% 

Group 2) 

High passive 

share 

60% −0,0017% −0,0340% 

70% −0,0031% −0,0620% 

80% −0,0036% −0,0526% 

90% 0,0053% 0,1056% 

99% 0,0046% 0,0920% 

Source: Own creation 
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The table above illustrates a single output of the MAER on 2.000 Monte Carlo simulations for each 

level of passive share from 1% to 99%. Correspondingly to the table from the first hypothesis, a stock 

market with 0% and 100% passive share is not representative because, at this state, all invested capital 

would belong to passive investors, hence also failing to meet a fundamental assumption “matching a 

buyer for every seller”. To get a better grasp of the movement of MAER, from the table above, a 

graph is provided: 

 

Figure 24 –Mean median of active investors excessive return (MAER) in different passive 

share environments 

 
Source: Own creation 

 

Recalling that the artificial stock market is determined to be efficient when ô̅(á# −Ö#) < 0. 

The magnitude of MAER fluctuates between −0,0061%	to −0,0026% from 1% passive share to 

80% but remains negative the entire period in this interval. This indicates that active investors, on 

average, obtain a lower return than passive investors (market return) in the passive share interval from 

1% to 80% with 2.000 simulations in each of the states, hence maintaining an efficient stock market. 

An interesting shift occurs when the level of passive share is preset to 90%, which results 

ô̅(á# −Ö#) > 0 as MAER converges to a positive value of 0,0053% between 80% and 90% passive 

share. The interpretation of this transition is that the return from active investors on average is higher 

than the market return when the level of passive share is between 80% to 90%. This converging is 

highly interesting as it visually implies that passive share influences market efficiency. Based on this 
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visual finding, the values of MAER are subject to further statistical tests to determine whether the 

converging or increase in MAER is statistically significant. 

 

Equally to the first hypothesis test, a paired t-test is applied to conduct the test, which tests whether 

there is statistical significance between the means of two sample groups (Ruxton, 2006). The general 

data assumptions on the two sampled paired t-test are considered to hold, as the MAER samples from 

the different levels of passive share are normally distributed and independent from each other as the 

passive share environment is changed. Table 14 illustrates 11 different MAER samples, one for each 

level of passive share with 10%-point increments ranging from 1% to 99%. In consistency with the 

methodology from the first hypothesis test, two groups of MAER are constructed, one group 

symbolizes MAER in a low passive share environment, and the second group embodies MAER in a 

high passive share environment. The low passive share group is determined as the lower group (1% 

to 40%), and the high passive share environment group is defined as the higher group (60% to 99%), 

leaving out the middle sample observation of 50% as mentioned previously. Performing a paired t-

test on the MAER sample outputs from Table 14 results in the following t-stat: 

 

OmP&Ka	7 − R7m7MS01TU =
0,0056%
0,2800%
√10.000

= 2,0140 

 

The critical value for the calculated t-stat is +1,645 with a 5% significance level. The outcome of the 

t-stat is 2,0140, which is higher than the critical value, thus signifying that there is a significant 

difference between the means of MAER in the low passive share environment and MAER in the high 

passive share environment. This specific t-test is performed on a single sample outcome and is 

statistically significant, thus leading to rejection of the null hypothesis. However, since each Monte 

Carlo simulation results in a slightly different outcome each time a simulation is performed, one 

significant t-stat calculation cannot justify significance. Rosmani & Gio (2018) present an article that 

examines the t-test of independent samples with Monte Carlo simulations and argues that to approach 

the true significance level of stochastic processes, the t-stat calculations with stochastic input should 

be repeated numerous times. Based on Rosmanni and Gio’s argument, the t-stat calculation procedure 

above is repeated 2.000 times to approach the true significance level. Since inputs to the t-test are 

derived from Table 14, which contains MAER for each level of passive share from already 2.000 

simulations in each state, this table is similarly recalculated additionally 2.000 times in each state 
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allowing inputs to the t-test to change. This procedure yields a slightly different outcome for the t-

stat scores in each run. A sample of this process is illustrated in the table below: 

 

Table 15 - T-stat calculation of MAER group values 

 
Source: Own creation 

 

Based on the similar approach in Hypothesis I, where the MAER-table and t-stat processes were 

simulated additionally 2.000 times, the average t-stat score of these simulations resulted in 1,6091, 

which is lower than the critical value of +1,645. Despite that the first Monte Carlo simulation resulted 

in a significant result, the average t-stat score of the additional 2.000 simulations was lower, 

consequently overruling its true significance (ibid). This means that the first test on groups from a 

high/low passive share environment failed to reject the null hypothesis with a significance level of 

5%. However, if the significance level, £, was set to 10% instead of 5%, a countervailing effect 

appears as the critical value for α is +1,2816, thus implying a significant result on a 10% £ level. This 

implies a borderline result. 

 

To further examine the null hypothesis, a second test is performed. This test investigates whether 

there is a significant difference between the two outer values of passive share, respectively 1% and 

99% passive share. Drawing from the MAER sample in Table 14 the figures are used to calculate a 

single paired t-test using outer values, which results in the following t-score: 

 

OmP&Ka	7 − R7m7V1%WS	BX91WU =
0,0088%
0,1373%
√2.000

= 2,8663 

 

The critical value for the calculated t-test is +1,645 with a 5% significance level. Since the t-score is 

greater than the critical value, this sample of MAER is statistically significant. Similar to the group 
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testing, one t-stat calculation does not justify significance (Rosmani & Gio, 2018). Therefore, we 

perform the MAER table along with t-stat calculation additionally 2.000 times, which results in the 

following t-stat scores: 

 

Table 16 – T-stat calculations of MAER outer values 

 
Source: Own creation 

 

Based on an additional 2.000 Monte Carlo simulations, the average t-stat score resulted in 2,4302, 

which exceeds the critical value of +1,645, hence indicating a statistically significant result on a 5% 

£-level. The interpretation of this result suggests that there is a significant difference between the 

active excessive return in the lowest state of passive share (1%) compared to the active excessive 

return in the highest state of passive share (99%). This finding conflicts with the results from the first 

t-test performed on high/low groupings, which did not indicate significance on a 5% level but instead 

on a 10% significance level. 

 

The second test that compared MAER at 1% passive share environment against MAER at a 99% 

passive share environment resulted in a substantially higher t-score than the first t-test on high/low 

groups, thus signifying a stronger and more significant result. Therefore, it is possible to conclude 

that the highly significant result on the latter test overruled the borderline result of the first t-test. On 

this basis, we can reject the null hypothesis and therefore we find indication that a change in passive 

share impacts market efficiency (Cela-Conde, 1999). 
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8.2.2.1 The grey zone of passive share 

It is established that an increase in the level of passive share indicates it has a negative impact on 

market efficiency when testing on outer values of MAER. This discovery poses an intriguing 

question: “At what degree of passive share can active investors outperform the market?” Recalling 

Figure 24, which illustrates 2.000 Monte Carlo simulations of each MAER value plotted against 

levels of passive share from 1% to 99%, shows a conversion between 80% passive share and 90% 

passive share. Zooming in on these passive share environments reveals the changeover level from 

Öá!# < 0 to Öá!# > 0, where active investors turn underperformance into outperformance 

compared to the market return. Plotting MAER at every percent level of passive share between 80% 

and 95%, with 2.000 Monte Carlo simulations in each state, discloses that the conversion happens 

between 84% passive share and 89% passive share: 

 

Figure 25 – The grey zone of market efficiency 

 
Source: Own creation –blur for illustrative purpose 

 

The blur reverting around the MAER line illustrates the uncertainty when running a Monte Carlo 

simulation in each of these levels. That means, when performing Monte Carlo simulations of 2.000 

iterations in each of the passive share levels between 84% and 89%, the MAER is fluctuating around 

0. When performing multiples Monte Carlo simulations at 83% passive share, the MAER values are 

consistently negative. On the other hand, when performing multiple Monte Carlo simulations in a 
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90% passive share environment, the MAER values are consistently positive, indicating that active 

investors can outperform the market in this environment. 

 

This examination indicates that there is not a definitive passive share level where active investors are 

able to outperform the market. However, there is a grey zone between the passive share level of 84% 

and 89% where the MAER values are fluctuating around 0, hence causing an unclear result. This 

implies that the converging of MAER occurs in an interval ranging from 84% to 89% passive share. 

In other words, we discovered an indication that active investors could outperform the market in the 

passive share level from 90% to 99% with enough Monte Carlo iterations to support the statistical 

claim. 

 

8.3 Findings 

Based on the research question and the theoretical literature review, we developed two hypotheses. 

These hypotheses, combined with literature, and empirical data, acted as a foundation for the design 

and construction of the artificial stock market model, which subsequently was subject to a validity 

analysis. As the output, behavior, and interactions from the model were perceived valid compared to 

empirical data, the hypothesis testing was authorized. 

 

The first hypothesis tested whether an increase in the level of passive share impacted monthly average 

stock market volatility through two independent tests. The first test amalgamated two groups of 

monthly average volatility in a low and a high passive share environment and tested whether there 

was a significant difference between groups. The second test examined values of monthly average 

volatility in outer passive share environments, respectively 1% passive share and 99% passive share, 

and tested whether there was a difference in monthly average volatility by changing the level of 

passive share. Both tests failed to reject the null hypothesis leading to the conclusion that an increase 

in passive share indicates that the average value of monthly volatility in the stock market does not 

change. However, this outcome was not expected, as when the level of passive share increases, net 

flows from passive investors increase, which impact the price with additional noise, hence implying 

higher volatility. This indicates that even when the effect from active investors flows decreases, as 

passive share increases, their stability effect remains present throughout the forecasting periods. 

 



Master’s Thesis 2021   Copenhagen Business School  

 Page 94 of 136  

The second hypothesis tested whether an increase in passive investing decreased stock market 

efficiency, as we ruled out that an increase in passive investing did not impact monthly average stock 

market volatility, hence did not decrease stock market efficiency in the artificial stock market. Based 

on the literature review, it is defined that stock markets are efficient when the market return is 

consistently higher than active investors' return. Inversely, stock markets are defined as inefficient if 

active investors return are consistently higher than the market return. Therefore, the second 

hypothesis tested whether active investors' excessive return in a low passive share environment was 

equal or lower in a high passive share environment. Equivalent to the first hypothesis, two statistical 

tests were performed to examine the second hypothesis. The first test amalgamated two groups of 

active investors annualized excessive return in a low and high passive share environment and tested 

if there were a significant difference. We failed to reject the first test outcome on a 5% significance 

level, even though an eyeball test suggested otherwise. However, the test was significant on a 10% 

significance level. The second test examined whether active investors excessive return on the outer 

values of passive share environments were higher in a high passive share environment compared to 

a low passive share environment, with respectively 1% and 99% passive share compared to each 

other. This second test revealed a substantially more significant result that active investors excessive 

return increased when passive share increased. Therefore, we conclude that the highly significant 

latter test result overruled the borderline result of the first test. On this basis, we rejected the null 

hypothesis and indicate that an increase in the level of passive share impacts stock market efficiency. 

 

Moreover, based on an eyeball test we find a grey zone passive share interval between 84% and 89% 

where active investors return exceeds the market return based on multiple Monte Carlo simulations. 

From 1% to 83% passive share, active investors average return is consistently lower than the market 

return. However, from 90% to 99% passive share, active investors average return consistently exceeds 

the market return. The exact reason behind this convergence is challenging to point out due to the 

various complex stochastic dimensions. Although, it is plausible that when the level of passive share 

reaches a high value, then active investors price pressure effect diminishes due to lower AUM which 

causes less flow effect. This implies that active investors can conduct trades with minor flow impact 

on the index price, hence facilitating the possibility for active investors to exploit market 

inefficiencies, due to the lack of price correction of the market index. 
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8.3.1 Critical view on findings 

This section evaluates findings from the previous tests through a critical review, outlining any 

potential deficiencies that may have arrived due to limitations and exclusions. The findings indicated 

that volatility do not change, which was not expected, when the level of passive share increases. 

Moreover, we find indications that an increase in passive investing decrease market efficiency if 

increased to a relatively high level. However, as deliberated in the delimitation section, the model 

behavior is based on several limitations and assumptions which could have a significant impact on 

our results. Nevertheless, the intentions of the model construction were to create an artificial stock 

market which represented realistic output, behavior, and interactions, and allows us to measure effects 

of a change in the control variable (passive share). The intention was not to predict specific index 

prices at a predetermined date in the future but to measure behavior and interactions in the stock 

market.  

 

Many researchers argue that an abundance number of different factors influence movement of stock 

market prices, however, we perceive the perception that such factors are captured in the EPS variable 

and the stochastic noise processes. We are aware that inclusions of other related potential exploratory 

variables could impact our findings. Similarly, our data collection process is based on the S&P 500 

Index, which could question validity as this index is world leading and may carry unknown behavior 

and trends compared to other indices. Therefore, utilizing different index data sources may alter our 

findings.  

 

As outlined in the model construction section 7.3, the artificial stock market was constructed to 

represent an index price, hence solely forecasting one asset price which is the only asset that active 

investors can trade. Realistically, active investors conduct trades based on multiple assets and do not 

exclusively trade the index. Therefore, if the artificial stock market consisted of multiple assets which 

active investors can trade, it may alter our findings. However, we argued to simplify the model to 

measure interactions more accurately, hence avoiding introducing additional noise elements to the 

model. On this note, George Box (1976) cites “All models are wrong, but some are useful”, and 

recognizes that scientific models always fall short of realistic complexities but can still be of great 

use. 
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8.4 Sensitivity analysis 

This section conducts a sensitivity analysis to examine the robustness of our findings, by comparing 

the original model with alterations to the input parameters. This analysis is a prerequisite when 

constructing a model to diagnose uncertainty of the input parameters (Saltelli, 2002). As outputs from 

the model are calculated through Monte Carlo simulations, the sensitivity analysis alters one variable 

at a time to obtain more accurate results (Rose, et al., 1991). It is determined and limited to examine 

three influential parameters affecting the stock price development, hence our findings. The 

parameters are tested by a large change of ±20% from the initial argued input value, which on some 

parameters are considered as extreme. The three parameters are 1) Drift element in EPS, 2) Noise 

trader volatility, and 3) Volatility in passive flow, which are analyzed in four different passive share 

states, specifically 25%, 50%, 75% and 99%. 

 

8.4.1 Sensitivity of EPS drift 

The monthly drift parameter, 2, act as an input value to the Geometric Brownian Motion, which 

generate the upward drift movement in EPS. This parameter is a significant component, as EPS is the 

only variable which inflicts the stock market price with upward drift, as it illustrates growth in 

earnings (fundamentals). The initial value of the monthly drift in EPS is determined by empirical data 

from the S&P 500 Index, which is used as a reference. Despite that historical trends and interactions 

are the best estimates for future trends and interactions, it is uncertain that these estimates are accurate 

when performing a long-term horizon forecast. Therefore, we analyze whether a substantial change 

in the underlying EPS drift have an impact on our results. All outputs are illustrated in a two-

dimensional table and based on 2.000 Monte Carlo simulations. The following table illustrates the 

sensitivity in the artificial stock market’s volatility with a ±20% change in the drift element in four 

different passive share states:  

 

Table 17 – Sensitivity of average monthly volatility by a change in EPS drift  

 
Source: Own creation 
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The bold figures in Table 17 above represent the initial result of monthly average volatility in the 

original model, whereas the upper figure (-20%) is the average monthly market volatility when EPS 

drift is 20% lower than its initial value. The figures beneath the initial baseline (+20%) represents 

average monthly market volatility when EPS drift is set 20% higher than in the original model. The 

table indicates a lower drift implies lower volatility in all passive share environments and vice versa. 

An increase in passive share with respect to a fixed drift seems to be negatively correlated with 

average monthly market volatility, however the impact is minor. The sensitivity analysis shows that 

a 20% change in EPS drift throughout different levels of passive share impacts the average market 

volatility to a minimal extent, why it is considered insignificant and does not alter findings of market 

volatility. 

  

Similar to the analysis above, a change in the drift parameter to EPS is measured on the MAER 

results:  

 

Table 18 - Sensitivity of MAER by a change in EPS drift  

 
Source: Own creation 

 

Table 18 illustrates that a change in the EPS drift has a notable impact on MAER. A 20% lower drift 

in EPS signifies that active investors on average can outperform the market at a lower level of passive 

share compared to the initial drift level in EPS. The shift where active investors averagely outperform 

the market in the low drift scenario is changed to a passive share level beneath 50% but above 25% 

passive share compared to the initial level of around 90%. Conversely, in the scenario where monthly 

EPS drift is increased by 20%, active investors do not outperform the market on average in either 

level of passive share. This sensitivity analysis on the drift element in EPS appear to have significant 

impact on MAER. The reason behind this change is that a monthly change in EPS drift of 20% affects 

the model substantially throughout the 240 forecasting periods as EPS is the only variable which 

provides drift into the market. The drift input is an important driver for the stock market’s 

development and influences active investors trades during the forecasting period. Despite the 

sensitivity analysis on EPS appears to be impactful, the growth element in EPS is strongly supported 
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by solid empirical and theoretical foundation. Therefore, we do not consider this as a kicker which 

alter the finding on market efficiency as substantial. Although, we acknowledge that a sizeable change 

in the underlying drift in earnings is connected with sensitivity and impact our findings on market 

efficiency. 

 

8.4.2 Sensitivity of noise trader volatility 

The second parameter to undertake a sensitivity check is the volatility input to the noise trader 

variable. As outlined from section 7.3.3, the noise trader variable’s primary purpose in the artificial 

stock market is to provide additional noise into the market, which causes instability to the stock 

market price movement in respect to the development in EPS. As noise traders impact the stock 

market price, they influence active investors trading mechanism, and therefore active investors return. 

The variable represents a central part of the stock market's volatility and is therefore noteworthy to 

include in a sensitivity analysis. The table below illustrates a change in the volatility parameter in the 

noise trader variable and its results on monthly average stock market volatility: 

 

Table 19 - Sensitivity of average monthly volatility by a change in Noise trader volatility  

 
Source: Own creation 

 

Table 19 signifies that a change in noise traders volatility parameter has an impact on average monthly 

stock market volatility. Naturally, if the volatility in the noise trader variable is reduced by 20% then 

the average monthly market volatility lowers and vice versa. However, it is notable that the average 

monthly market volatility remains stable throughout each level of the passive share environments, 

which supports our initial hypothesis I. Therefore, a large change in the volatility parameter in the 

noise trader variable does not indicate to alter the conclusion of the findings significantly. 

 

An equal examination of the noise trader volatility is performed on the MAER value, where the results 

are tabled below: 

 

 



Master’s Thesis 2021   Copenhagen Business School  

 Page 99 of 136  

 

Table 20 - Sensitivity MAER by a change in Noise trader volatility 

 
Source: Own creation 

 

Table 20 above illustrates that a 20% change in the volatility parameter to the noise trader variable 

impacts the MAER values. In the low volatility scenario, the conclusion of market efficiency is 

unchanged, except at a passive level of 99% where active investors on average just marginally 

outperform the stock market compared to the initial scenario where active investors on average did 

outperform the market to a higher degree. When increasing the volatility by 20% in the noise trader 

variable, MAER values converges to a positive value at a lower level of passive share compared to 

the initial model, indicating that the active investors on average outperform the stock market at a 

lower level of passive share, hence signifying an alteration to our finding under heavy change in noise 

trader volatility. However, the underlying shift in market efficiency to market inefficiency still occurs 

in either extreme noise trader scenarios. Therefore, our findings seem to be robust, even under 

extreme noise trader volatility changes. 

 

8.4.3 Sensitivity of passive flow volatility 

The last parameter to undertake a sensitivity check is the volatility input to passive flow. Passive 

investors constitute a vital role in the artificial stock market due to the consequences of their impact 

on stock market volatility and market efficiency. Passive flow impacts the stock market price through 

a price pressure with no underlying strategy, impacting the stock market price with random 

fluctuations, which is in line with theory and empirical data. The table below illustrates a 20% change 

in either direction of the volatility parameter to passive flow and its effects on monthly average 

volatility in the stock market:  
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Table 21 - Sensitivity of average monthly volatility by a change in Passive flow volatility 

 
Source: Own creation 

 

Table 21 above illustrates that a change in either direction of the volatility parameter to passive flow 

has minimal impact on the average monthly market volatility. Moreover, the average monthly market 

volatility appears to be stable throughout the different levels of passive share environments. 

Therefore, it is reasonable to argue that the volatility parameter in passive flow does not alter our 

initial finding of equal average monthly volatility in the different passive share environments. This 

sensitivity analysis supports the initial findings from Hypothesis I. 

 

Equally to the analysis above, a sensitivity analysis of a change in passive flow volatility is performed 

on the MAER values: 

 

Table 22 - Sensitivity of MAER by a change in Passive flow volatility 

 
Source: Own creation 

 

Table 22 above illustrates that a 20% decrease in the volatility parameter input to passive flow does 

not impact the MAER values significantly. Moreover, the passive share level where MAER values 

converge does not change when passive flow volatility is heavily decreased. When increasing the 

passive flow volatility parameter with 20% from its initial value, the MAER values at a 99% passive 

share level equals 0,0000% which indicates a borderline result. However, a shift from active investors 

underperformance to overperformance still indicates to be present in the extreme passive volatility 

scenarios. Therefore, an extreme change in passive flow volatility does not appear to alter our findings 

on market efficiency, hence supporting our initial findings in Hypothesis II. 
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8.5 Alterations in findings 

The sensitivity analysis examined the effect of an extreme change in three input parameters, 

separately, and measured if there were alterations in the sensitivity findings compared to the initial 

model. The first parameter to be examined in the sensitivity analysis was the drift element in the EPS 

variable, which demonstrated to have a significant effect on our initial finding on market efficiency. 

The analysis pointed out that our initial finding on MAER values is sensitive to extreme changes in 

the underlying drift parameter to EPS. When lowering the monthly EPS growth, the change reflects 

directly in the price growth, which subsequently reduces the market return, hence passive investors 

return. However, this change does not directly impact active investors return as they trade based on a 

value strategy where they invest into the stock market when the P/E ratio is lower than the previous 

six-month moving average of P/E. When reducing EPS drift, active investors are still able to 

outperform the stock market on average, even in a lower level of passive share compared to the initial 

model. An increase in monthly EPS drift by 20% alters the finding on MAER, as active investors are 

not able to outperform the market in any passive share environment. However, a monthly increase of 

20% in EPS drift is particularly high, why the outcome is not unexpected.  

 

The average monthly market volatility appeared to be relatively unchanged throughout the different 

levels in passive share. However, when increasing the drift parameter in EPS by 20%, average 

monthly volatility increases, although, to a minimal and insignificant extent. The sensitivity analysis 

highly supported our initial findings in Hypothesis I of stable monthly average volatility in all passive 

share environments. Nevertheless, it is essential to perform a sensitivity analysis with significant 

alterations to input parameters to examine model behavior under extreme changes. We acknowledge 

that our finding on market efficiency is sensitive to a large change in the underlying drift parameter. 

 

The sensitivity analysis on noise trader and passive flow volatility parameters affected our initial 

findings differently, even though both parameters introduced noise into the artificial stock market. 

The volatility in passive flow did not alter our initial findings, however, noise trader volatility did. 

The reason behind this contradicting result is grounded in the different underlying distributions of the 

variables. Noise traders follow a student’s t distribution with fat tails, why the volatility effect is larger 

compared to the normal distribution applied in the passive flow.  
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There were three parameters designated to encounter a sensitivity analysis based on their heavy 

influence in the artificial stock market. Certainly, additional parameters affecting the model could be 

subject to further testing on their influence on our results, but as of constraints, we have limited the 

test to the most influential parameters. 

 

9. Practical implications 
We created the artificial stock market to measure the effect of an increase in passive investing on 

stock market efficiency and found a significant result that indicates stock markets become less 

efficient when passive share increases. Moreover, we find indications of market inefficiency when 

passive share increases to a sufficiently high level. According to theory, when markets become 

inefficient, the stock prices do not accurately reflect their “true” values, which generates opportunities 

for active investors to trade some stocks at a barging, hence consistently obtaining a higher return 

than the market (Fama, 1970). Market inefficiency leads to market failure as passive investors end up 

worse than if they had invested their capital in an efficient market. Therefore, this section deliberates 

the potential practical implications of our results of market inefficiency on three levels, 1) Markets, 

2) Regulators, and 3) Investors. 

 

9.1 Markets 

If a high level of passive share causes stock markets to be inefficient, then the stock markets 

themselves are the first place to experience implications. The sensitivity analysis concluded that the 

underlying drift parameter in EPS, which reflects price growth, is sensitive to our finding on market 

efficiency (MAER). When the underlying drift is sufficiently low, active investors outperform the 

market at a lower passive share environment compared to the initial drift input. This causes the stock 

market to be inefficient. However, the exact level of passive share that causes market inefficiency is 

questionable due to the vulnerability in EPS drift. Although, when market inefficiency occurs due to 

a high level in passive share, fundamentals are not truly reflected in the stock price. This consequence 

results in asset mispricing, which active savvy investors exploit, hence managing to consistently beat 

the market. This implies that stock markets become an unattractive environment for investors to place 

capital due to mispricing of companies, thus implicating the stock market with substantial outflows. 
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As AUM of passive investing increase, larger proportions of free-floating shares belong to passive 

investors who ignore valuations and simply tracks the market and not votes on their proxies. This 

dilemma impacts corporate governance as the passive ownership in listed companies reflects the 

market by managers who take excessive risk or become risk averse. Poor governance is associated 

with poor decision-making, resulting in unhealthy public firms, which finally results in lower stock 

returns (Brown & Caylor, 2004). The causality between profound corporate governance and 

improved financial results measured by ROA, ROE, ROCE, and EPS is strong (ibid). Active investors 

are an essential part of strong governance as they continuously engage management through 

expectations (Strampelli, 2018). However, when passive share increases, active investors' influence 

decreases, accelerating poor governance, lower return, and market inefficiency. 

 

9.2 Regulators 

When stock markets become inefficient and affected by the market implications outlined above, it 

creates a necessity for regulators to intervene. Regulators have the opportunity to address stock 

market failure that cannot settle itself, although interventions do not come without costs and 

implications. One of the main task regulators administrates is providing investors with stable, sound, 

and safe financial markets (Kemna, 2015). The regulators represent governments who might design 

interventions with outcomes accommodating own benefits on the costs of economic growth and free 

markets by taxing passive investors return more heavily than active investors return if they evaluate 

the interventions as necessary to stabilize the market conditions.  

 

Another implication from regulators may infer restrictions on shareholders' rights, market 

infrastructure, and anticompetitive effects of common ownership, if passive investing reaches a 

crucial level. According to Elhauge (2015) who found horizontal shareholding is likely to 

anticompetitively increase prices when the owned businesses compete in a concentrated market and 

raise concerns of common ownership with passive investing. Therefore, our results suggest that 

interventions from regulators are a necessity to maintain efficient stock markets and avoid 

unintentionally effects of passive investing. 
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9.3 Investors 

Active and passive investors also experience implications if markets become inefficient, as our 

findings indicates. When the level of passive share increases, market liquidity decreases, hence failing 

to meet the assumption of “a buyer for every seller” (Anadu, et al., 2020). This drawback implicates 

active investors' ability to perform instantaneous trades according to their strategy, which might 

become the kicker for a gradual withdrawal from the stock market. This implication is consistent with 

the inefficiency spillover that makes stock valuations deviate too far from their “true value”, which 

creates uncertainty and skepticism and drives investors away from the stock market to seek 

alternatives, such as the bond market. 

 

Based on our findings, the main practical implication of this thesis is to draw attention to the spillover 

effects from a high level of passive investing and its potential effect on market efficiency. 

 

10. Theoretical implications 
We created a novel approach to measure the effect of an increase in passive investing on market 

efficiency, as only limited research explored this field. The results of our first hypothesis indicated 

that stock market volatility does not change in relation to an increase in passive share. Therefore, our 

results are inconsistent to those of Krause et al. (2014),  Malamud (2016), and Ben-David et al. (2018) 

who links passive investing to impact market volatility. However, we support the most recent finding 

from Rowley et al. (2019), who claims that an increase in passive investing does not lead to excessive 

stock market volatility. 

  

The results from our second hypothesis indicates that an increase in passive investing decrease market 

efficiency at a high passive share environment. This finding contradicts the empirical findings from 

Sushko & Turner (2018) and Petersson & Thomsen (2019), who finds no evidence supporting 

increasing passive investing decrease market efficiency, however, they were worried if a continuing 

increase in passive investing caused markets to become inefficient. Despite this inconsistency, we 

support the findings from Belasco et al. (2012), who measures mispricing of securities which are 

indexed relative to those securities that are not indexed. Moreover, they find that passive investing 

decrease market efficiency. Fang & Sanger (2012) and Ivanov et al. (2013) found that passive 
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investing has a significant role in price discovery and links it to a decrease in market efficiency, which 

is consistent with our findings. 

 

Moreover, our methodology and research are created transparently to create a foundation that enables 

incoming researchers to further develop our initial model as new theories arrives. 

 

11. Reflections on implications 
When markets become inefficient, asset prices deviate too far from their “true value”, hence 

impacting the stock market and its actors with implications, which is necessary for regulators to 

address, thus finally impacts investors. In a retrospective view, regulators have intervened with 

special legislations on stock markets when uncertainty is high. During the heat of the financial crisis 

in 2007, the Securities and Exchange Commission (SEC) in United States temporality restricted short 

selling of roughly 1.000 companies in the stock market, with the goal of preventing market failure 

(Boehmer, et al., 2008). Implementing such restrictions on free markets demonstrates the supremacy 

of regulators and their ability to intervene to avoid inefficient markets. 

 

Our results suggest that a high level of passive share causes markets to be inefficient. A solution to 

prevent such a scenario could be for regulators to increase taxation on passive investing products, 

specifically on capital gains or dividends, thus enforces passive investing to more unfavorable 

conditions for investors. Contrary, regulators could reduce taxes on active investing products 

compared to passive investing products, hence reduce investors' costs of investing actively, which 

could stagnate the growth in passive investing.  

 

If the level of passive investing reaches an unstable level, corporate governance implications might 

prevent markets from revert to an efficient form. In a scenario where passive investing constitutes of 

90% passive share, then corporations who provide passive investment vehicles suddenly have large 

ownership and voting rights in thousands of companies with insufficient number of managers to 

monitor corporate governance actions of each company, which active investors generally scrutinize. 

Therefore, we suggest that regulators need to impose even stricter restrictions on corporate 

governance-monitoring in corporations in a high passive share environment. Although, the EU 

parliament already focus on corporate governance issues and has implemented regulatory measures 
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to encourage active corporate governance (European Comission, 2012). Stricter restrictions on 

passive investing providers should encourage them to recruit additional employees to assist with their 

ownership obligations in the cooperate governance field to facilitate more active governance. This 

would inflict passive investing providers with higher costs, which results in costlier passive investing 

products, consequently facilitating active investing with more favorable conditions. 

 

The solutions deliberated above are not exhaustive and solely provide suggestions to regulators on 

how to stabilize market inefficiency due to passive investing. Although, we should not neglect the 

market power and ignore the possibility of the problem solving itself. When active investors suddenly 

outperform passive investors on a continuous basis at a passive share level of 90%, would passive 

investors revert to active investing, hence automatically creating a passive share equilibrium? 

 

12. Perspective 
Our research found that a high level of passive share implies that stock markets become less efficient, 

as active investors return increases as passive share increases relative to the market return. Moreover, 

we discuss the potential implications that an inefficient market may experience in a high passive share 

environment. The potential implications of passive investing might be similar in related markets 

where passive investing experiences growth. An alternative investment opportunity to the stock 

market is the bond market, which accounts for a large part of the total financial markets with 

approximately 21% of the worldwide regulated open-end funds (Factbook, 2020). Similar to the stock 

market, investors can actively or passively place investments into the bond market, hence attempting 

to either beat or track the bond market. The current level of passive share in the bond market is 

approximately 2% of the total AUM (Laipply, 2020), which is reasonably low compared to the stock 

market and may be the reason for the lack of attention. As with the dynamics in the stock market, 

active investors in the bond market on average underperform relative to passive investors who track 

the market (Novara, et al., 2019). This indicates that the passive share in the bond market might 

develop accordingly to the passive growth in the stock market. Therefore, we argue that our results 

may have a similar impact on the bond market and decrease bond market efficiency if passive share 

increases to a high passive share environment. 
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In a long-term horizon, the upcoming market of cryptocurrencies may also be subject to the problem 

of indexing. SEC currently rejects passive investment vehicles for cryptocurrencies (Shriber, 2021), 

although some exchanges have recently permitted passive investing in cryptocurrencies, such as 

Bermuda Stock Exchange (Nasdaq, 2021). However, we are aware of the difference in the underlying 

dynamics of their pricing mechanism compared to the stock market but could undertake some similar 

implications of passive investing in the future.  

 

13. Further research 
Our research applied data from the S&P 500 Index to replicate stock market price behavior, 

interactions, and dynamics, as it is the world-leading index. Future researchers could test whether our 

results apply under different circumstances and local stock market environments by applying other 

data sources. Moreover, we delimitated our model construction from several areas that allow future 

studies to increase the number of relevant variables, introduce additional investor types and strategies 

or alternative asset classes for investors to undertake if they go cash. At last, it is interesting to 

investigate if our results apply to the bond market or other relevant financial markets. 

 

14. Conclusion 
Throughout the last couple of decades, a significant change in flow of funds from active investing to 

passive investing has occurred as active investing has higher fees and on average underperform 

relative to their index on a long-time horizon. This transition created a breeding ground for 

researchers to philosophize on potential effects of what an increase in passive investing conveys to 

the stock market efficiency. We address the research gap of the link between passive investing and 

stock market efficiency. Consequently, our research contributes to existing literature with a new 

perspective and indications of potential negative effects of passive investing on market efficiency. 

 

To answer our research question, we construct an artificial stock market based on theoretical literature 

and empirical data to replicate realistic stock market behavior and interactions, which allows us to 

measure changes in passive share environments. This model was subjected to an extensive validation 

analysis, which authorized further testing of our hypotheses, which lead to three findings. Firstly, we 

found no significant impact on stock market volatility as passive share increases. The sensitivity 



Master’s Thesis 2021   Copenhagen Business School  

 Page 108 of 136  

analysis confirmed this finding to be robust, even under extreme changes in influential parameters 

relative to initial model settings. Secondly, we tested whether an increase in passive share decreased 

stock market efficiency and found significant results which indicates that stock market efficiency 

decreases in a high passive share environment. Moreover, our results indicated that if the level of 

passive share reached 90%, then active investors on average outperformed passive investors, hence 

indicating stock market inefficiency. However, we do not provide significant evidence for market 

inefficiency at a specific passive share level due to the sensitivity analysis, which illustrated 

vulnerability of these findings under extreme parameter changes. Thirdly, active investors 

performance was sensitive to changes in the drift element in EPS. A lower drift has a positive impact 

in active investors return where a higher drift favors passive investing. 

 

Our findings support researchers who advocate that an increase in passive investing have no impact 

on stock market volatility, but negatively affects stock market efficiency. In relation to passive 

investing, we highlight practical implications that stock market inefficiency may impose on three 

levels, 1) Markets, 2) Regulators, and 3) Investors. The first level outlines that stock prices might 

deviate too far from fundamentals and a high passive share environment creates a negative impact on 

corporate governance. The second level relates to regulators who need to intervene with restrictions 

which subsequently impact investors. The third level clarifies that in an inefficient stock market, 

investors may pursue alternatives due to implications on markets and from regulators, hence losing 

an attractive opportunity to compound savings. Moreover, we reflect on potential solutions which 

might could prevent such practical implications and elaborate on whether our findings may be 

applicable to other markets, such as the bond market. 

 

Finally, we can answer our research question as our results indicates that an increase in passive 

investing may decrease stock market efficiency in a high passive share environment. For the reason 

that this is an exploratory study, we cannot provide direct evidence and conclusions with true 

certainty, however, we constructed an artificial stock market based on theoretically well-founded 

interactions, which provides strong and reliable indications of our findings. 

 

 

 

 



Master’s Thesis 2021   Copenhagen Business School  

 Page 109 of 136  

15. Bibliography  

 

Anadu, K., Kruttli, M., McCabe, P. & Osambela, E., 2020. The Shift from Active to Passive 
Investing: Risks to Financial Stability?, s.l.: Federal Reserve Bank of Boston. 

Anderson, V., 2020. Waterstechnology. [Online]  
Available at: https://www.waterstechnology.com/awards-rankings/7682306/the-inside-
market-data-inside-reference-data-awards-2020-all-the-
winners?utm_content=140287217&utm_medium=social&utm_source=twitter&hss_cha
nnel=tw-133675499 
[Accessed 10 apr Apr 2021]. 

Andreasen, M. M. & Christensen, J. H., 2020. The TIPS Liquidity Premium, s.l.: Economic 
Research. 

Askew, C., 2019. Don’t look for the needle, just buy the haystack! – farewell Jack Bogle. [Online]  
Available at: https://www.citywidefinancial.co.uk/dont-look-for-the-needle-just-buy-
the-haystack-farewell-jack-bogle/ 
[Accessed 1 May 2021]. 

Aspara, J. & Tikkanen, H., 2011. Individuals’ Affect-Based Motivations to Invest in Stocks: 
Beyond Expected Financial Returns and Risks. Journal of Behavioral Finance, 12:2, 
pp. 78-89. 

Bailard, T., Biehl, D. & Kaiser, R., 1986. Personal Money Management , s.l.: Science Research 
Associates. (5th ed.). Chicago, IL. 

Basu, S., 1977. Investment Performance of Common Stocks in Relation to Their Price-Earnings 
Ratios: A Test of the Efficient Market Hypothesis, s.l.: The Journal of Finance, Vol. 32, 
No. 3, pp. 663-682. 

Belasco, E., Finke, M. & Nanigian, D., 2012. The impact of passive investing on corporate 
valuations, s.l.: Managerial Finance Vol. 38 No. 11, pp. 1067-1084. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 110 of 136  

Ben-David, I., Franzoni, F. & Moussawi, R., 2018. Do ETFs Increase Volatility?, s.l.: The journal 
of finance, VOL. LXXIII, NO. 6. 

Bender, J., Briand, R., Melas, D. & Subramanian, R. A., 2013. Foundations of Factor Investing, 
s.l.: MSCI. Reseach Insight. 

Ben-Rephael, A., Kadan, O. & Wohl, A., 2015. The Diminishing Liquidity Premium, s.l.: Source: 
The Journal of Financial and Quantitative Analysis, Vol. 50, No. 1/2, pp. 197-229. 

Biais, B., Foucault, T. & Moinas, S., 2015. Equilibrium fast trading, Toulouse: Journal of Financial 
Economics 116, 292-313. 

Black, F., 1986. Noise. The Journal of Finance, Vol. XLI, No.3 , July, pp. 529-541. 

Black, F., Jensen, M. C. & Scholes, M., 1972. The capital asset pricing model: Some empirical 
tests, New Yorl: In Studies in the theory of capital markets, ed. 

BlackRock, 2017. Index Investing Supports Vibrant Capital Markets, s.l.: BlackRock. 

Blanchard, O. J., 1981. Output, the Stock Market, and Interest Rates. The American Economic 
Review, Vol. 71, No. 1 , March, pp. 132-143. 

Bland, J. M. & Altman, D. G., 1994. Oneandtwosidedtestsofsignificance. StatisticsNotes, p. 248. 

Blitz, D., 2014. The dark side of passive investing, s.l.: Robeco: The Investments Engineers. 

Bloomberg, 2021. Content and Data: Bloomberg Professional Services. [Online]  
Available at: https://www.bloomberg.com/professional/solution/content-and-data/ 
[Accessed 10 March 2021]. 

Bloomfield, R., O'Hara, M. & Saar, G., 2009. How Noise Trading Affects Markets: An 
Experimental Analysis. The review of Financial Studies Vol 22, No. 6, Jun, pp. 2275-
2302. 

Boehmer, E., Jones, M. C. & Zhang, X., 2008. UNSHACKLING SHORT SELLERS: THE 
REPEAL OF THE UPTICK RULE. November, pp. 1-19. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 111 of 136  

Boneau, A. C., 1960. The effects of violations of assumptions underlying the t test. Psychological 
Bulletin, Vol. 57, No.1 , pp. 49-55. 

Box, G. E., 1976. Science and Statistics. Journal of the American Statistical Association, Vol. 71, 
No. 356, December, pp. 791-799. 

Bradshaw, M. T., Drake, M. S., Myers, J. N. & Myers, L. A., 2012. A re-examinatin of analysts' 
superiority over time-series forecasts. Springer Science+Business Media, pp. 945-960. 

Brennan, M. J., Chordia, T., Subrahmanyam, A. & Tong, Q., 2012. Sell order liquidity and cross-
section of expected stock returns. Journal of Financial Economics, Volume 105, Issue 3, 
pp. 523-541. 

Brown, L. L. & Caylor, M. L., 2004. The Correlation between Corporate Governance and Company 
Performance. Institutional Shareholder Services, pp. 1-8. 

Burns, A. F. & Mitchell, W. C., 1946. Measuring Business Cycles. National Bureau of Economic 
research.  

Business Research Methodology, 2021. Abductive reasoning (abductive approach). [Online]  
Available at: https://research-methodology.net/research-methodology/research-
approach/abductive-reasoning-abductive-approach/ 
[Accessed 11 May 2021]. 

Campbell, J. Y., Lo, A. W. & MacKinlay, A. C., 1997. The Econometrics of Financial Markets. The 
Econometrics of Financial Markets, pp. 149-181. 

Campbell, J. Y. & Shiller, R. J., 1988. Stock Prices, Earnings, and Expected Dividends. The 
Journal of Finance Vol XLIII. No. 3, July, pp. 661-675. 

Carabias, J. M., 2018. The real-time information content of macroeconomic news: implications for 
firm-level earnings expectations. Review of Accounting Studies, 10 February, p. 136–
166. 

Carporale, G. M., Gil-Alana, L. & Plastun, A., 2018. Is market fear persistent? A long-memory 
analysis. Finance Research Letter, 27, pp. 140-147. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 112 of 136  

Carr, P., 2017. Bounded Brownian Motion. Risks, 5, 61, pp. 1-11. 

Cela-Conde, C., 1999. Choosing between Two Conflicting Scientific Hypotheses: The Orce 
Dilemmas. Human Evolution, pp. 47-61. 

CFA Institute, 2020. Global Investment Performance Standards (GIPS®) for Firms, s.l.: CFA 
Institute: Global Investments Performance standards. 

Chang, H.-L., Su, C.-W., Chen, Y.-S. & Chang, Y.-W., 2008. The Relationship Between Stock 
Price and EPS: Evidence based on Taiwan Pandel Data. Economics Bulletin Von 3, No 
30, pp. 1-12. 

Chen, Y. & Bi, S., 2011. The impact of passive investing on corporate valuations. National Natural 
Science Foundation of China.  

Chohan, U. W., 2021. Counter-Hegemonic Finance: The Gamestop Short Squeeze. January, p. 6. 

Chordia, T., Roll, R. & Subrahmanyam, A., 2008. Liquidity and market efficiency. Journal of 
Financial Economics Vol 87, issue 2, pp. 249-268. 

Cipollini, A. P. L. & Manzini, A., 2007. Can the VIX Signal Market's Direction? An Asymmetric 
Dynamic Strategy. UBS Alternative Investments SGR, April, pp. 1-24. 

Claessen, S., Dasgupta, S. & Glen, J., 1995. Return Behavior in Emerging Stock Markets, s.l.: The 
World Bank Economic Review, Vol. 9 No. 1. 

Clarke, K. A., 2005. The Phantom Menace: Omitted Variable Bias in Econometric Research. 
Conflict management and peace science, Vol 22, Issue 4, pp. 1-20. 

Cliff Asness, 2017. Caveat Investor?. [Online]  
Available at: https://www.aqr.com/Insights/Perspectives/Caveat-Investor 
[Accessed 21 March 2021]. 

Clifford, C. P., Fulkerson, J. A. & Jordan, B. D., 2014. What Drives ETF Flows?, s.l.: The Financial 
Review, Volume49, Issue 3, 619-642. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 113 of 136  

Collins, H., 2010. Creative Research: The theory and practice of research for the creative industries. 
AVA publ, pp. 173-177. 

Cox, J., 2019. Jack Bogle changed investing forever with index funds, but wasn’t always happy 
about it. [Online]  
Available at: https://www.cnbc.com/2019/01/16/bogle-changed-investing-with-index-
funds-but-wasnt-always-happy-about-it.html 
[Accessed 8 March 2021]. 

Cremers, K. J. M. & Petajisto, A., 2009. How Active Is Your Fund Manager? A New Measure That 
Predicts Performance, s.l.: The Society for Financial Studies. 

Cruse, T. A., 1997. Reliiability-based Mechanical Design. Nashville, Tennessee: Marcel Dekker, 
Inc. 

D'Alessandro, J., 2016. Using Brinson Attribution to Explain the Differences Between Time-
Weighted (TWR) and Money-Weighted (IRR) Returns , s.l.: The Journal of Performance 
Measurement. 

Daniel J. Sandberg, 2018. A case of "Wag the Dog" ETFs and Stock-level liquitidy, s.l.: S&P 
Global. 

Das, K. R. & Imon, A. H. M. R., 2016. A Brief Review of Tests for Normality, s.l.: American 
Journal of Theoretical and Applied Statistics 5(1): 5-12. 

Dayala, R., 2012. The Capital Asset Pricing Model: A Fundamental Critique. Business Valuation 
Review, 31 (1), 1 March, pp. 23-34. 

Delcey, T., 2019. Samuelson Vs Fama on the Effecient Market Hypothesis. [Online]  
Available at: https://hal.archives-ouvertes.fr/hal-01618347v2/document 
[Accessed 5 April 2021]. 

DeLong & J. Bradford, A. L. H. S. a. R. W., 1991. The Survival of Noise Traders in Financial 
Markets. Journal of Business, pp. 1-19. 

Demertzis, M., 2021. A K-Shaped recovery and the role of fiscal policy. Gale academic.  



Master’s Thesis 2021   Copenhagen Business School  

 Page 114 of 136  

Dickey, D. A. & Fuller, W. A., 1979. Distribution of the Estimators for Autoregressive Time Series 
With a Unit Root. Journal of the American Statistical Association, Vol. 74, No. 366, 
June, pp. 427-431. 

Dougherty, C., 2002. Statistical tables. Oxford University Press, pp. 1-2. 

Dow, J. & Gorton, G., 2006. Noise Traders, s.l.: National Bureau of Economic Research. 

Drakopoulou, V., 2018. A Review of Fundamental and Technical Stock Analysis Techniques, s.l.: 
Journal of Stock & Forex Trading, Volume 5: Issue1. 

Dubois, A. & Gadde, L., 2002. Systemattic Combining: An abductive approach to case research. 
Journal of Business research vol 55, pp. 553-60. 

Edwards, F. R. & Zhang, X., 1998. Mutual Funds and Stock and Bond Market Stability. Journal of 
finance services research, 13, pp. 257-282. 

Elhauge, E., 2015. Horizontal shareholding. Harv. L. Rev. 129, pp. 1267-1285. 

Elton, E. J., Gruber, M. J. & de Souza, A., 2019. Passive mutual funds and ETFs: Performance and 
comparison. Journal of Banking & Finance, Volume 106, pp. 265-275. 

European Comission, 2012. Communication from the Commission to the European Parliament, the 
council, the European economic and social committee and the committee of the regions. 
European Commission, pp. 1-8. 

Factbook, I., 2020. Investment Company Fact Book, s.l.: s.n. 

Fama, E. F., 1970. Efficient Capital Markets: A Review of Theory and Empirical Work, New York: 
The Journal of Finance 25(2). 

Fama, E. F. & French, K. R., 1992. The Cross‐Section of Expected Stock Returns, s.l.: The Journal 
of Finance, 47, No. 2. 

Fang, Y. & Sanger, G. C., 2012. Index Price Discovery in the Cash Market, s.l.: SSRN. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 115 of 136  

Farrell, J., 1985. The Discount Model: A Primer. Financial Analyst Journal Vol 41. No. 6, Nov, pp. 
16-25. 

Frankel, J. A. & Froot, K. A., 1986. Understanding the US Dollar in the Eighties: The expectation 
of chartist and Fundamentalist. Economic Record 62, p. 24–38. 

Garcia, M. J. R., 2011. Financial Education and behavioral finance: New insights into the role of 
information in financial decisions. Journal of Economic Surveys, pp. 1-19. 

Gencay, R. & Stengos, T., 1998. Moving Average Rules, Volume and thePredictability of Security 
Returns withFeedforward Networks, s.l.: Journal of Forecasting 17, 401±414. 

Gio, P. U. & Rosmaini, E., 2018. The Robustness of Two Independent Samples t Test Using Monte 
Carlo Simulation with R. Materials Science and Engineering, pp. 1-5. 

Gourieroux, C. & Jasiak, J., 2001. Financial econometrics 1st edition. Princeton University Press.  

Grossmann, S. J. & Stiglitz, J. E., 1980. On the impossibility of informationally efficient markets. 
The American Economic Review, Vol. 70, No.3, pp. 393-408. 

Hadri, K., 2000. Testing for stationarity in heterogeneous panel data. Econometrics Journal Volume 
3, , pp. 148-161. 

Hameed, A. & Ashraf, H., 2006. Stock Market Volatility and Weak-form Efficiency: Evidence 
from an Emerging Market. The Pakistan Development Review 45:4, pp. 1029-1040. 

Han, B. & Hirshleifer, D., 2015. Self-Enhancing Transmission Bias and Active Investing, s.l.: 
SSRN. 

Havlicek, L. L. & Peterson, N. L., 1974. Robustness of the t test: A guide for researchers on effect 
of violations of assumptions. Psychological Reports, pp. 1095-1097. 

Heale, R. & Twycross, A., 2015. Validity and reliability in quantitative studies. CrossMark, 10 
August, pp. 66-67. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 116 of 136  

Holmes, F., 2018. Are We Headed For A Passive Index Meltdown?. [Online]  
Available at: https://www.forbes.com/sites/greatspeculations/2018/09/19/are-we-
headed-for-a-passive-index-meltdown/?sh=597aecd0413e 
[Accessed 10 March 2021]. 

Ippolito, R. A., 1989. Efficiency with costly information: A study of mutual fund performance, 
1965-1984, s.l.: Quarterly Journal of Economics, Vol. CIV, Issue 1. 

Irons, R. & Wu, T., 2013. Will the market P/E ratio revert to its mean?. Investment management 
and Financial Innovations 10 (4-1), Saturday, 28 December, pp. 1-8. 

Ito, M. & Sugiyama, S., 2009. Measuring the Degree of Time Varying Market Inefficiency. 
Economics Letters, Volume 103, Issue 1, pp. 62-64. 

Ivanov, S. I., Jones, F. J. & Zaima, J. K., 2013. Analysis of DJIA, S&P 500, S&P 400, NASDAQ 
100 and Russell 2000 ETFs and their influence on price discovery, s.l.: Global Finance 
Journal, 24, 171–187. 

Jackson, A.-L., 2020. If you invested $500 in 2010 according to Warren Buffett’s advice, here’s 
how much you’d have now. [Online]  
Available at: https://grow.acorns.com/warren-buffett-suggests-investing-in-sp-500-
index-funds/ 
[Accessed 11 February 2021]. 

Jacoby, G., Fowler, D. J. & Gottesman, A. A., 2000. The capital asset pricing model and the 
liquidity effect. Journal of Financial Markts, pp. 69-81. 

Jegadeesh, N. & Titman, S., 1993. Returns to Buying Winners and Selling Losers:Implications for 
Stock Market Efficiency, s.l.: The Journal of Finance, Vol. 48, No. 1.. 

Jenkyns, R., 2007. The Nature of Things. 
s.l.:https://www.aub.edu.lb/fas/CVSP/Documents/Fall%202017-2018/Fall%202017-
2018/LUCRETIUS%20--
%20The%20Nature%20of%20Things%20trans%20Stallings.pdf. 

Jiang, H., Hasan, M. M. & Habib, A., 2018. Stock price crash risk: review of the empirical 
literature. Accounting and Finance, pp. 1-41. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 117 of 136  

Johnson, S., 2020. Passive funds’ share of European investment market jumps to 20%. [Online]  
Available at: https://www.ft.com/content/0b5325da-585f-41ad-8267-0741e9693a7a 
[Accessed 19 March 2021]. 

Johnston, M. P., 2014. Secondary Data Analysis: A Method of which the Time Has Come. 
Qualitative and Quantitative Methods in Libraries, , pp. 619 –626,. 

Jones, C., 2020. Three Charts Show A K-Shaped Recovery. [Online]  
Available at: https://www.forbes.com/sites/chuckjones/2020/10/24/three-charts-show-a-
k-shaped-recovery/?sh=ebcfdcc305f7 
[Accessed 30 April 2021]. 

Jones, R. C. & Wermers, R., 2011. Active Management in Mostly Efficient Markets, s.l.: Financial 
Analysts Journal, 67:6, 29-45. 

Jurevičienė, D. & Ivanova, O., 2012. Behavioral finances of financially savvy households: the types 
of investors, s.l.: Vilnius Gediminas Technical University. 

Kalaycioglu, S., 2004. Exchange Traded Fund Flows. 28 Frebruary, p. 32. 

Kaplan, P. D., 2021. Morningstar. [Online]  
Available at: https://www.morningstar.com/articles/1028407/in-long-history-of-market-
crashes-coronavirus-crash-was-the-shortest 
[Accessed 8 April 2021]. 

Kemna, A., 2015. The impact of regulation, s.l.: McKinsey & Company. 

Klein, . M. C., 2017. The folks who think “passive investing is worse than Marxism” think Trump 
will #MakeActiveGreatAgain. [Online]  
Available at: https://www.ft.com/content/b70f29b2-a8c7-3762-a527-6af83edfdc9c 
[Accessed 16 March 2021]. 

Koski, J. L., Rice, E. & Tarhouni, A., 2004. Noise Trading and Volatility: Evidence from day 
trading and message Boards. SSRN 533943, April, p. 49. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 118 of 136  

Kotelenez, P., 1986. Law of Large Numbers and Central Limit Theorem for Linear Chemical 
Reactions with Diffusion. The Annals of Probability, Vol. 14, No. 1, January, pp. 173-
193. 

Krause, T., Ehsani, S. & Lien, D., 2014. Exchange-traded funds, liquidity and volatility. Applied 
Financial Economics, Vol. 24, No. 24, p. 1617–1630. 

Kroese, D. P., Bereton, T. & Taimre, T., 2014. Why the Monte Carlo method is so important today. 
WIREs Comput Stat, pp. 386-390. 

La Monica, P. R., 2019. Warren Buffett says he can't beat the S&P 500. [Online]  
Available at: https://www.cnn.com/2019/02/25/investing/warren-buffett-sp-500-
stocks/index.html 
[Accessed 11 February 2021]. 

Laipply, S., 2020. U.S. bond ETFs hit $1 trillion AUM. [Online]  
Available at: https://etfdb.com/equity-etf-channel/u-s-bond-etfs-hit-1-trillion-aum/ 
[Accessed 4 May 2021]. 

Lange, K. L., Little, R. J. & Taylor, J. M., 1987. Robust Statistical Modeling Using the t 
Distribution. Journal of the American Statistical Association, Volume 84, Issue 408, pp. 
881-896. 

Lento, C. & Yeung, W. H., 2018. Stock Price crash risk and unexpected earnings thresholds. 
Managerial Finance Vol 44, issue 8, August.  

Lieber, R. L., 1990. Statistical Significance and Statistical Power in Hypothesis Testing. Journal of 
Orthopaedic Research, pp. 1-20. 

Liu, B. & Sinha, G., 2020. Persistence Scorecard: Does Past Performance Matter?, s.l.: S&P Dow 
Jones Indicies: A division of S&P global. 

Long, B. D., Schleifer, A., Summers, L. H. & Waldmann, R. J., 1991. The Survival of Noise 
Traders in Financial Markets. Journal of Business, Vol. 64, No. 1, pp. 1-19. 

Lo, W. A. & MacKinlay, A. C., 1987. Stock market prices do not follow random walk: Evidence 
from a simple specifikation test. Nber Working Paper Series , February, pp. 1-20. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 119 of 136  

Malamud, S., 2016. A Dynamic Equilibrium Model of ETFs, s.l.: CEPR Discussion paper No. 
DP11460. 

Malkiel, B., 1973. A random walk down Wall Street. Norton.  

Malkiel, B., 2003. Passive Investment Strategies and Efficient Markets. European Financial 
Management, pp. 1-10. 

Mandal, N. & Rao, N., 2010. Semi-Strong Form of Indian Stock Market Efficiency: An Empirical 
Study*, s.l.: The XIMB Journal of Management, Vol. 7 Issue 1. 

Martin, I., 2021. On the Autocorrelation of the Stock Markets. Journal of Financial Ecoonometrics 
Vol 19, Iss. 1, pp. 39-52. 

McCulloch, R. E. & Easton, G. S., 1990. A Multivarite Generalization of Quantile Quantile Plots. 
Journal of the American Statistical Association Vol 85, No 410, pp. 376-386. 

McManus, P. M., 2020. How Efficient is Market Pricing: Can Investors Beat the Market? Further, 
are Prices Always Right as Stated in the Efficient Market Hypothesis?, s.l.: University 
of New Hampshire. 

Mendelson, H., Christensen, B. J. & Amihud, Y., 1992. Further evidence on the Risk-Return 
Relatioonship. Graduate School of Business, Stanford University Vol 11, pp. 1-16. 

Mercado Jr., R. V., 2011. What Drives Different Types of Capital Flows and their Volatilities in 
Developing Asia?, s.l.: International Economic Journal, 25:4, 655-680. 

Merton, R., 1976. Option pricing when underlying stock returns are dscontinius. Journal of 
Financial Econoomics, 3, pp. 125-144. 

Mobarek, A. & Fiorante, A., 2013. The prospects of BRIC countries: Testing weak-form market 
efficiency, s.l.: Elsevier B.V.. 

Mohammed Rafiqul Islam, N. N., 2020. Comparison of Financial Models for Stock Price 
Prediction. Risk and Financial Management, 12 August, pp. 1-19. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 120 of 136  

Morningstar, 2017. Morningstar: Articles. Has Indexin Become Too Big?, 26 November, p. 1. 

Mudford, B. S. & Lerche, I., 2005. How Many Monte Carlo Simulations Does one Need to do?. 
Energy Exploration & Ecploitation Vol 23, no 6, pp. 405-427. 

Muradoglu, G. & Harvey, N., 2012. Behavioural finance: the role of psychological factors in 
financial decisions. Review of Behavioral Finance, pp. 68-76. 

Myers, I. B. & McCaulley, M. H., 1985. Manual: A guide to the development and use of the Myers-
Briggs Type Indicator, s.l.: Palo Alto, CA: Consulting Psychologists Press.. 

Naik, P. & Reddy, Y. V., 2021. Stock Market Liquidity: A Literature review. Sage, pp. 1-15. 

Nasdaq, 2021. Hashdex Launches First Crypto ETF. [Online]  
Available at: https://www.nasdaq.com/articles/hashdex-launches-first-crypto-etf-2021-
02-16 
[Accessed 6 May 2021]. 

Newswire, 2021. Morningstar Launches the Morningstar Market Monitoring Platform Offering 
Real-Time Market Data and Live News Updates. [Online]  
Available at: https://www.newswire.ca/news-releases/morningstar-launches-the-
morningstar-market-monitoring-platform-offering-real-time-market-data-and-live-news-
updates-816403636.html 
[Accessed 7 May 2021]. 

Novara, A., McGee, C. M. & Rice, M. R., 2019. The Next Chapter in the Active vs. Passive Debate, 
s.l.: Fiducient Advisors. 

Odqvist, P., 2020. Information Visualization of Assets under management: A qualitative research 
study concerning decision support design for InfoVis dashboards in fund management, 
s.l.: KTH. 

Osborne, M. F. M., 1959. Brownian motion in the stock market. [Online]  
Available at: 
https://www.jstor.org/stable/pdf/167153.pdf?casa_token=Wc5WOZqBdLsAAAAA:89e
khKn7BZl4LgRs_XXWVJrKkomTGkm4OUYLsKkcAx_NvuSVWm1MFaVGew3-



Master’s Thesis 2021   Copenhagen Business School  

 Page 121 of 136  

16ub4yAdxeE4LW7NKmyogNZrcY_SkPgAkpFH7hshl31hUny0KOcR 
[Accessed 24 April 2021]. 

Pan, W.-F., 2020. Does Invester Sentiment Drive Stock Market Bubbles? Beware fo Excessive 
Optimism!. Journal of Behavioral Finance, pp. 27-41. 

Peress, J. & Schmidt, D., 2020. Noise traders incarnate: Describing a realistic noise tradingprocess. 
Journal of Financial Markets, pp. 1-21. 

Petersson, I. A. L. & Thomsen, K. S., 2019. The Effect of Passive Investment on Market Efficiency, 
Frederiksberg: Copenhagen Business School. 

Phan, D. H. B. & Narayan, P. K., 2020. Country Responses and the Reaction of the Stock Market to 
COVID-19—a Preliminary Exposition Dinh Hoang Bach Phan & Paresh Kumar 
Narayan, s.l.: Emerging markets Finance and Trades, Volume 56, 2020 - Issue 10. 

Platen, E. & Rendek, R., 2007. On the Distributional Characterization of Daily Log‐Returns of a 
World Stock Index, s.l.: Journal of Statistical Theory and Practice, Volume 2. 

Podolski, E., Kalev, P. S. & Duong, H. N., 2008. Deafened by Noise: Do Noise Traders Affect 
Volatility and Returns?. SSRN, pp. 1-23. 

Praetz, P. D., 1972. The Distribution of Share Price Changes. The Journal of Business Vol 45, No 1, 
Jan, pp. 49-55. 

Raj, J. R. & Seetharaman, A., 2011. An Empirical Study on the Impact of Earnings perShare on 
Stock Prices of a Listed Bank in Malaysia. The International Journal of Applied 
Economics and Finance 5, pp. 114-126. 

Rapach, D. E. & Wohar, M. E., 2005. Valuation Ratios And Long-horizen Stock Price 
predictability. Journal of Applied econometrics, pp. 327-344. 

Raquel, L. & Carlos, E., 2021. Analysis of the performance of volatility-based trading strategies on 
scheduled news announcement days: An international equity market perspective., s.l.: 
International Review of Economics & Finance, Vol. 71. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 122 of 136  

Raychaudhuri, S., 2008. Introduction to Monte Carlo Simulation. Proceedings og the 2008 Winter 
Simulation Conference, pp. 1-10. 

Reynolds. Jr, M. R., Burkhart, H. E. & Daniels, R. F., 1981. Procedures for Statistical Validation of 
Stochastic Simulation Models. Forest Science, Vol. 27, No. 2, pp. 349-364. 

Rose, K. A. et al., 1991. Parameter sensitivity, Monte Carlo filtering, and model forecasting under 
uncertainty. Journal of Forecasting, Vol. 10 , pp. 117-133. 

Rosmani, E. & Gio, P. U., 2018. The Robustness of Two Independent Samples t Test Using Monte 
Carlo Simulation with R. International Conference on Operational Research, pp. 1-6. 

Ross, S. M., 2014. Introduction to Probability Models: Variations of Brownian Motion. Academic 
Press, pp. 612-630. 

Rowley, J., Zhu, C. & Zorina, I., 2019. With greater unceretainty comes greater volatility. The 
journal of Index Investing, 10(3), pp. 6-14. 

Ruxton, G. D., 2006. The unequal variance t-teest is an underused alteernative to student's t-test and 
the Mann-Whitney U test. Behavioral Ecology Vol 17, Iss 4, Jul, pp. 668-690. 

Saltelli, A., 2002. Sensitivity Analysis for Importance Assesment. Risk Analysis, Vol. 22, No. 3, pp. 
579-589. 

Sandberg, D. J., 2018. A Case of ‘Wag the Dog’?: ETFs and Stock-Level Liquidity, s.l.: 
Quantamental research. 

Sarno, L., Tsiakas, I. & Ulloa, B., 2016. What drives international portfolio flows?, s.l.: Journal of 
International Money and Finance, Volume 60, 53-72. 

S&P Dow Jones, 2018. The Slings and Arrows of Passive Fortune, s.l.: S&P Global . 

Scalas, E., Kaizoju, T. & Eom, C., 2019. Fat Tails in Financial Return Distributions Revisited: 
Evidence from the Korean Stock Market. Physica A: Statistical Mechanics and its 
Applications, Volume 526, pp. 1-24. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 123 of 136  

Schmidt, D. & Peress, J., 2018. Noise Traders Incarnate: Describing a Realistic Noise Trading 
Process. 13 May, pp. 1-68. 

Schoenmaker, D. & Schramade, W., 2019. Investing for long-term value creation, s.l.: Journal of 
Sustainable Finance & Investment, Volume 9, 356-377. 

Sewell, M., 2007. Behavioural Finance. Department of Computer Science, pp. 1-10. 

Shaheen Borna, D. S., 2011. How much trust should risk managers place on “Brownian motions” of 
financial markets?. International Journal of Emerging Markets, 25 January.  

Sharif, T., Purohit, H. & Pillai, R., 2015. Analysis of Factors Affecting Share Prices: The case of 
Bahrain Stock Exchange. International Journal of Economics and Finance Vol 7, No 3.  

Sharma, A. K. & Seth, N., 2015. International stock market efficiency and integration: Evidences 
from Asian and US markets. Journal of Advances in Management Research.  

Sharpe, W. F., 1964. A theory of market equilibrium under conditions of risk. Journal of Finance 
Vol 19, pp. 425-442. 

Sharpe, W. F., 1964. Capital asset prices: A theory of market equilibrium under conditions of risk, 
s.l.: The Journal of Finance, Vol. XIX, No. 3. 

Shiller, R., 1987. The Volatility of Stock Market Prices. Science, 235, 2 January, pp. 33-37. 

Shiller, R., 2021. Online Data Robert Shiller. [Online]  
Available at: http://www.econ.yale.edu/~shiller/data.htm 
[Accessed Apr 2021]. 

Shriber, T., 2021. A New SEC Chair Ignites Hopes for a Bitcoin ETF. [Online]  
Available at: https://www.etftrends.com/crypto-channel/new-sec-chair-ignites-hopes-
bitcoin-etf/ 
[Accessed 6 May 2021]. 

Staer, A., 2017. Fund Flows and Underlying Returns: The case of ETFs. International Journal of 
Business 22(4), pp. 1-30. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 124 of 136  

Stout, L. A., 1997. How efficient markets undervalue stocks: CAPM and ECMH under conditions of 
uncertainty and disagreement , s.l.: SSRN. 

Strampelli, G., 2018. Are Passive Index Funds Active Owners? Corporate Governance 
Consequences of Passive Investing. San Diego Law Review, Vol.55, pp. 804-852. 

Subrahmanyam, A., 2007. Behavioural Finance: A Review and Synthesis. European Financial 
Management, Vol. 14, No. 1, pp. 12-29. 

Suganthi, K. & Jayalalitha, G., 2019. Geometric Brownian Motion in Stock Prices. Journal of 
Physics: Conference Series, pp. 1-12. 

Surz, R., 2018. U.S. Stock Market Is Biggest & Most Expensive In World, But U.S. Economy Is Not 
The Most Productive. [Online]  
Available at: https://www.nasdaq.com/articles/us-stock-market-biggest-most-expensive-
world-us-economy-not-most-productive-2018-04-02 
[Accessed 19 March 2021]. 

Sushko, V. & Turner, G., 2018. The implications of passive investing for securities markets, s.l.: 
Social Science Research Network. 

Tabor, D., 1991. Perfect gases - "bulk properties and simple theories," in Gases, Liquidity and 
Solids: And Other States of Matter. Cambridge University Press, 3rd edn., pp. 45-81. 

Tabor, M. N., 2017. Critical Values. Department of Economics, University of Copenhagen.  

Taylor, R., 1990. Interpretation of Correlation Coefficient: A Basic Review, s.l.: Sage journals, Vol 
6, Issue 1. 

The Nobel Price, 2013. Nobelprice.org. [Online]  
Available at: https://www.nobelprize.org/prizes/economic-sciences/2013/shiller/facts/ 
[Accessed Apr 2021]. 

Tippett, M., 1994. Estimates returns on financial instruments: Time versus money-weighted returns, 
s.l.: Journal of Business Finance & Accounting, 21(5),. 



Master’s Thesis 2021   Copenhagen Business School  

 Page 125 of 136  

Tiwari, A. K., Aye, G. C. & Gupta, R., 2019. Stock market efficiency analysiis using long spans of 
Data: A multifractal detrended fluctuation approach. Finance Research Letters 28 , pp. 
398-411. 

Truong, C., 2009. Value investing using price earnings ratio in New Zealand, s.l.: Business Review, 
Volume 11, No.1. 

Tse, R. Y., 2002. Price-Earnings Ratios, Dividend Yields and Real Estate Stock Prices. Journal of 
Real Estate Portfolio Management, Volume 8, pp. 107-113. 

Tse, Y. & Kittiakarasakun, J., 2011. Modeling the fat taisl in Asian stock markets. International 
Review of Economics and Finance, pp. 430-440. 

Vanguard, 2014. How ETFs work, s.l.: Vanguard. 

Wagner, F., Lux, T. & Alfarano, S., 2007. Empirical validation of stochastic models of interacting 
agents - A maximally skewed noise trader model. The European Physical Journal B, 
pp. 183-187. 

Wang, S.-H., 2006. Jump diffusion model. Encyclopedia of Finance, pp. 676-687. 

Wermers, R., 2019. Active Investing and the Efficiency of Security Markets, s.l.: SSRN. 

Yardeni, E. & Abbott, J., 2021. Stock Market Briefing S&P 500 Shares By Sectors Since 2007, s.l.: 
Yardeni Research, Inc.. 

Zheng, X. & Chen, B. M., 2013. Stock Market Modeling and Forecasting: A System Adaptation 
Approach. Springer, pp. 8-20. 

 

 

 



Master’s Thesis 2021   Copenhagen Business School  

 Page 126 of 136  

16. Appendices 
 

16.1 Appendix 1 – Monte Carlo VBA codes 
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16.2 Appendix 2 – R studio codes 
 

 

 
Source: Own creation, R studio 
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16.3 Appendix 3 – All stock capitalization  
 

 
Source: Own creation, Morningstar 

 

 

16.4 Appendix 4 - S&P 500 Index & EPS correlation 
 

 
Source: Own creation, Bloomberg 
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16.5 Appendix 5 - Earnings per share drift 
 

 
Source: Own creation, Robert Shiller data 
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16.6 Appendix 6 – Recuperate effect 
 

COVID-19 
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Source: Bloomberg 
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IT-Bubble 

 
Source: Bloomberg 

 
 

 

16.7 Appendix 7 – Spikes on S&P 500 Index 
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16.8 Appendix 8 – Correlation on passive flow and S&P 500 Index price 
 

 
Source: Own creation, Morningstar 

 

 

16.9 Appendix 9 – Passive flow standard deviation  
 

 
Source: Own creation, Morningstar 
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16.10 Appendix 10 – Autocorrelation calculation 
 

 

Source: Own creation 

 

 

16.11 Appendix 11 - S&P 500 Index CAGR 
 

 
Source: Bloomberg 
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16.12 Appendix 12 – Dicky Fuller test 
 

 
Source: Own creation 

 

 

16.13 Appendix 13 – Monthly volatility S&P 500 Index 
 

 
Source: Own creation, Robert Shiller Data 
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16.14 Appendix 14 – Moving average of S&P 500 Index volatility 
 

 
Source: Own creation, Bloomberg data 

 

 

 
16.15 Appendix 15 – Monte Carlo Simulation of volatility t-tests 
 

 
Source: Own creation 
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