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Quantitative Easing’s Impact on Equity Markets: 

The Implications of Volatility Suppression 

Evidence from the S&P 500 Index 

 

Jakob Per Landin Ola Angeltvedt 

Abstract 

With interest rates at their zero lower bound, Quantitative Easing (QE) has been 

the Federal Reserve Bank’s (Fed) policy of choice to deal with the recent 

economic crisis. We examine the impact of the Fed’s massive and rapid 

expansion of its balance sheet on the S&P 500 index and the possible collateral 

effect of volatility suppression on equity market risk. This thesis aims to provide 

more insight into the less discussed consequences of QE’s impact on equity 

markets. Our empirical results reveal that the “flow-effect” from QE has 

significantly impacted the stock market since the onset of the unconventional 

policy in 2009. By employing various time-series regressions, we find that QE 

has boosted returns, suppressed volatility, and increased the Value at Risk in the 

index. Considering the broader implications of these findings, they suggest that 

financial stability risk could be exacerbated as a byproduct of QE. We find 

indications that the low-interest-rate environment created by the Fed’s 

unconventional policies combined with intensified market interventions have led 

to increased risk-seeking behavior among market participants. 
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1.   Introduction 

“There is no freedom without noise – and no stability without volatility.” – Nassim Nicholas Taleb 

and Mark Blyth [2011, p. 7] 

By the end of this introduction, the Federal Reserve Bank (Fed) will have purchased an estimated $15 

million worth of financial assets in the U.S.1 Financed by expanding the central bank’s balance sheet, 

these purchases include, among others, Treasury securities, mortgage-backed securities (MBS) and 

corporate credit. Since the great financial crisis in 2008-09 triggered by the burst of the U.S housing 

market bubble and the collapse of major investment banks, the Fed has purchased financial assets 

worth an approximated $7 trillion, effectively expanding its balance sheet by more than 800% (FRED 

[2021a]). Around half of this expansion came in the aftermath of the COVID-19 pandemic, where 

the Fed took unprecedented measures to stabilize collapsing credit and equity markets to save what 

seemed to become one of the worst financial crises in modern history. By opening all facets and 

purchasing assets worth $120 billion every month, they effectively backstopped the equity market 

correction and revived credit markets.2 For the remainder of 2020 and to date, equity investors never 

looked back. The stock markets are currently at all-time highs in what can be considered one of the 

quickest crisis recoveries in the history of financial markets. 

Referred to as Quantitative Easing (QE) or large-scale asset purchases, the Fed utilizes this 

unconventional monetary policy tool to impact macroeconomic variables through various 

transmission channels (Bernanke [2008]). Such channels consist of pushing down market interest 

rates in the long end of the yield curve, with the intent to affect investment and consumption decisions 

for households and firms through cheaper financing (Andrés et al. [2004]). Furthermore, by injecting 

fresh liquidity, QE is also employed to restore market stability and ensure efficient flow of credit 

 
1 Assuming 5 minutes reading time. The Fed is purchasing $120 billion worth of financial assets monthly (see FOMC 

statement from 17th of March 2021 on page 29).  
2 See FOMC statement from 17th of March 2021 on page 29 
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(Curdia and Woodford [2010]). The policy originated in the U.S when the official short-term interest 

rate, so-called the Fed Funds Rate, hit its zero-lower bound (ZLB) for the first time during the great 

financial crisis. Due to the ZLB constraint, the Fed Funds Rate could not be lowered further to 

stimulate the troubled economy. 

Consequently, since the economy needed additional stimulus, the Fed implemented QE to stabilize 

financial markets, avoid deflation and maximize employment. Although the intentions of such an 

unconventional monetary policy are considerate, the fact remains that policymakers are navigating in 

unchartered waters as QE is a relatively new phenomenon. The massive and rapid expansion of the 

Fed’s balance sheet has raised important questions regarding its impact on equity markets and the 

possible collateral effect on financial stability (Woodford [2016]). Particularly the evidence of the 

Fed viewing the U.S stock market as a driver rather than a predictor of economic growth has led to 

increased interventions when financial markets are tumbling (Cieslak and Vissing-Jorgensen [2020]). 

After twelve years of QE, the U.S equity markets have been on a consistently increasing pathway, 

where the S&P 500 has returned more than 450% since 2009 while at the same time maintaining 

relatively low volatility levels on average (excluding COVID-19).3 The term no risk-no reward is a 

commonly used analogy of returns and volatility, creating the basis of why investors receive a 

premium for investing in risky assets. In other words, investors should be rewarded for taking the risk 

of investing in more volatile assets. When volatility becomes suppressed, so does risk perception, and 

if equities are perceived to be less risky parallel to reduced yields in risk-free securities, more 

investors allocate into equities (Schon [2019]). The supply/demand forces of equity prices then kick 

into place, and the prices increase. These propositions align with existing literature, which suggests 

QE has played a role in suppressing volatility in the equity markets, adding another layer to the 

risk/return dynamics in the market. The perception of low risk eventually reduces risk premiums, and 

to generate higher premiums again, an investor’s consequent solution is to increase his/her risk 

exposure even more (Drechsler et al. [2017]). 

The idea behind these relationships is the motivational backbone of this thesis. The bull market 

following the financial crisis is seemingly a distorted case of these fundamental concepts, why we 

aim to examine the Fed’s potential role in the market by comparing their influence on the S&P 500 

before and after QE. While existing literature investigates the effect on either returns or volatility in 

the stock market, we try to shed light on how QE has affected both aspects in combination (e.g., 

 
3 Aggregate arithmetic returns from 2009 – 2021. 



 

3 

 

Balatti [2018]; Joyce et al. [2017]). Furthermore, due to recent literature emergence, we aim to shift 

the focus towards the potential consequences of QE’s impact on the U.S equity markets using the 

S&P 500 index as a proxy variable. An important source of inspiration has been from Drechsler et al. 

[2017], who employs a conventional monetary policy and risk premia model. They analyze the so-

called “Fed Put” and how interest rate cuts initially suppress volatility, followed by large volatility 

shocks resulting from rising leverage.4 We follow their suggestion on applying similar studies on 

unconventional monetary policy interventions such as QE and the Fed Put in an alternative context. 

To our knowledge, there are no current papers that consider returns, volatility, and the consequences 

of volatility suppression in combination where the statistical effects are determined through the Fed’s 

balance sheet expansion/contraction. To provide content to this gap, we have taken pieces of the 

existing literature as our inspirational approach when deciding the scope and methodology. The result 

is a three-part empirical analysis where we econometrically test QE’s impact on the S&P 500 returns, 

volatility, and Value at Risk, respectively, in addition to comparing the dynamics of each aspect pre-

and post-financial-crisis. The purpose of this thesis is to both contribute to the existing literature on 

how unconventional monetary policy affects equity returns and volatility, as well as to shine a light 

on the less discussed consequences of volatility suppression. We consider QE from the Fed’s balance 

sheet expansion/contraction’s continuous flow effect rather than policy announcements that are 

denser in the existing literature. 

With our motivational background in mind, we investigate the following research question: 

How has Quantitative Easing impacted the U.S equity market and its corresponding risk 

environment since its onset in 2009 until 2021? 

Furthermore, we break the research question down into three parts to narrow our scope. We aim to 

answer the following sub-questions, which illustrates the three-part structure of our empirical testing 

approach: 

• How has the Fed balance sheet impacted S&P 500 returns, and how has this relationship 

evolved since the onset of QE? 

• How has the Fed balance sheet expansion impacted volatility in the S&P 500? 

• How have risk measures in the S&P 500 changed since the introduction of QE? 

 
4 The Fed Put refers to the belief that the Fed can always rescue the economy and financial markets, with the term 

originating from the analogous comparison of selling a put option on the market. See Drechsler et al. [2017] for more 

detailed implications. 
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The rationale behind this three-part analysis is to provide an overview of how the Fed has impacted 

the S&P 500 concerning returns, volatility, and Value at Risk. These three aspects are very much 

interlinked and provide an intuitive implication of how QE has affected the U.S equity market. In 

order to cover all three areas, insights from various publications were gathered. Below, a summary 

of the most relevant publications for topics and how they relate to this thesis is outlined. 

When modeling QE’s impact on returns, our methodology approach is inspired by existing literature 

that deals with the effect of the Fed’s balance sheet expansion using time series regressions such as 

autoregressive distributed lag (ADL) and vector autoregressive (VAR) models. Authors include Al-

Jassar, and Moosa [2018], who employs a structural VAR looking at the effect of the balance sheet 

on the S&P 500, and Villanueva [2015], who uses a VAR model in a forecasting fashion with a 

constructed QE proxy variable based on the flow effect rather than the balance sheet. Furthermore, 

Barroso [2015] uses a panel regression to consider the Fed balance sheet expansion’s impact on U.S 

portfolio allocation into foreign assets. Although a different scope, we use a similar methodology as 

Barroso [2015] by extending the regression into ADL models as we expect the flow effect to be 

gradually captured by the market. 

For the methodology covering QE’s impact on return volatility, we follow a similar approach as 

Steeley and Matyushkin [2015], who estimates QE’s effect on volatility in U.K bond returns and 

employs a GJR-GARCH model with an added dummy regressor of QE announcements. We use a 

similar model, however, substituting the QE announcement variable with the Fed balance sheet. The 

use of the GJR-GARCH allows us to capture the direct relationship between the S&P 500’s 

conditional variance and changes in the balance sheet and thus to test if QE suppresses volatility. 

When estimating the potential consequences of volatility suppression, the existing literature is more 

limited than the two preceding aspects. We use the approach of Woodford [2016] and Hattori et al. 

[2016], who looks at QE’s effect on financial stability in the U.S, as inspiration. However, the risk 

variable and model choice are inspired by Lu et al. [2019], who studies how pension funds Value at 

Risk is affected by the low yield environment following QE. We estimate a similar model by 

regressing the S&P 500’s Value at Risk on the Fed balance sheet; however, we use a time series 

approach to account for lagged effects through a Distributed Lag (DL) model. Leading up to the DL 

model, we study the return distributions over different sample periods to look for changes in kurtosis 

and skewness to indicate changes in tail-risk by comparing the data pre-and-post the 2008 financial 

crisis. 
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In general, our results obtained from the empirical analysis indicate that QE had a significant impact 

on the S&P 500 index since the great financial crisis when the policy was introduced. We find that 

QE has been a substantial driver of stock returns in the index, in line with existing literature. 

Furthermore, when testing how QE has impacted volatility in the index, we find suppressing effects 

where the conditional variance has decreased and that the general level of volatility persistence is 

lower in a QE environment. We also find that risk measures in the S&P 500 have changed since the 

introduction of QE. Evidence from the data suggests that the return distribution from the index has 

developed fatter tails where statistical measures such as kurtosis and negative skewness have 

increased compared to pre-financial-crisis. When testing this econometrically, the results indicate that 

QE is associated with increased Value at Risk in the S&P 500.  

The remainder of the thesis is structured as follows. Chapter 2 introduces the theoretical implications 

behind conventional and unconventional monetary policies and their respective transmission 

channels. Chapter 3 opens with a description concerning the origin of unconventional monetary 

policy, followed by an overview of the Fed’s actual and most influential monetary policy events 

between 2008 and 2021. The last section in chapter 3 considers earlier empirical research regarding 

QE’s impact on financial markets. Chapter 4 provides the econometric methodology and coherent 

models used to conduct our analysis. Chapter 5 describes the data employed in the study. 

Subsequently, in Chapter 6, we display and interpret our results to answer the problem statements. 

Chapter 7 introduces a comprehensive discussion involving the broader implications of our research 

to provide a richer understanding beyond the narrow objectives of this thesis, followed by limitations 

and suggestions regarding future research. Lastly, chapter 8 concludes the thesis.
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2.   A Pilot to Monetary Policy Theory 

This chapter introduces the theoretical implications behind conventional monetary policies, their 

respective tools, and how these can transmit into the economy, followed by a short literature review 

regarding their impact on equity markets. Moreover, theoretical implications behind unconventional 

monetary policies, their respective tools, and how these can transmit into the economy are outlined, 

followed by two macroeconomic models examining the effectiveness of QE in theory. 

2.1 Conventional Monetary Policy 

The notion that the Fed should pursue various policies to achieve specific goals can be traced back to 

the end of the second world war. With the great depression fresh in mind, unemployed soldiers 

returning home, and an economic transition from wartime production, Congress passed the 

Employment Act of 1946. Through this act, Congress declared that it is the Federal Government’s 

responsibility to use all practicable means to “promote maximum employment, production, and 

purchasing power” among others (Steelman [2011], p. 1). Although many policymakers approved 

the policy’s goals, there were alarming opinions about the dangers of price instability, often referred 

to as inflation, and how the act failed to prescribe a price policy. During 1978, after a period of 

stagflation in the U.S, Congress acted and instructed the Fed to incorporate the “Full employment and 

Balanced Growth Act,” better known as the “Humphrey-Hawkins Act.” The act encompassed explicit 

goals where unemployment and inflation should not exceed certain thresholds. Central banks have 

extensively practiced this dual mandate in almost all developed economies through a conventional 

monetary policy strategy. As an example, the inflation target in the U.S, measured by the personal 

consumption expenditure price index, is set to be 2% over time.56 However, it is essential to 

emphasize that priorities placed on either unemployment or inflation objectives vary between 

 
5 For consumer price index calculations, see Blair [2013].  
6 See FOMC statement from August 27th 2020 on page 29 
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different countries. To achieve the policy objectives of the dual mandate, the central banks have a 

variety of instruments at hand. The following subsections provide insight into conventional monetary 

policy’s main instruments and how they are used to accomplish the Fed’s economic objectives. In 

particular, the transmission mechanism effect from conventional monetary policy tools will be 

outlined in detail.  

2.1.1 The Federal Funds Rate 

To achieve price stability while maximizing employment, central banks can adjust the official short-

term interest rate. This type of policy, where the short-term interest rate is adjusted to affect targeted 

economic variables, is referred to as conventional monetary policy. In the U.S, the short-term interest 

rate is termed the Fed Funds Rate and is determined by the Federal Open Market Committee (FOMC) 

eight times a year. However, policymakers face a significant challenge when ascertaining the optimal 

target interest rate, uncertainty regarding the future state of the economy, and, more specifically, 

uncertainty around employment and inflation (Mandler [2012]). To reduce uncertainty and to assist 

central bankers in deciding the optimal interest rate, economists have developed a broad range of 

macroeconomic models and approaches (e.g., Boivin [2006]; Clarida et al. [2000]; Kim & Nelson 

[2006]). Many of these models are based upon the influential and well-recognized work by John B. 

Taylor, and his model named the Taylor rule (Taylor [1993]). Taylor’s macroeconomic model uses a 

function of two economic variables to predict the optimal nominal Fed Funds Rate. The first variable 

describes the output gap measured by the percentage difference between real GDP and an annualized 

trend GDP. Thus, a positive percentage deviation of the output gap is a potential indication of an 

overheated economy that needs to be dampened to reduce aggregate output (and vice versa). The 

second variable explains the difference between the inflation rate over the prior four quarters and the 

desired inflation threshold rate determined by policy makers, which is 2% in this example. Hence, a 

negative percentage deviation means that consumer prices increase slower than desired (and vice 

versa). A negative percentage deviation greater than the chosen threshold rate would, in this context, 

mean that there is deflation in the economy, and consumer prices are decreasing. Taylor’s (1993) rule 

is illustrated in equation (2.1), where (𝑟) is the nominal Fed Funds Rate, (𝑝) is the rate of inflation 

in the U.S, and (𝑦) is the output gap in the U.S computed in percentage points. The author estimated 

the model based on U.S conditions and policies during the early 1990s, and hence the numerical 

values and coefficients represent an illustrative example. 

𝑟 = 𝑝 + 0.5𝑦 + 0.5(𝑝 − 2) + 2 (2.1)  
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According to the Taylor rule, all other things being equal, the nominal Fed Funds Rate increases 

(decreases) if there is a positive (negative) output gap where real GDP is above (below) trend GDP. 

In other words, when there is a positive (negative) output gap, real money demand exceeds (falls 

short) real money supply in the economy, and the short-term interest rate is below (above) the 

equilibrium level. Hence, the Fed Funds Rate will be increased (decreased) since higher (lower) 

interest rates are expected to decrease (increase) real money demand through lower (higher) aggregate 

consumption and investment which will, in theory, restore the desired level of output and employment 

in the economy (Obstfeld et al. [1996]). Furthermore, the Taylor rule predicts that the nominal Fed 

Funds Rate decreases (increases) when inflation is below (above) the desired threshold. Thus, a lower 

(higher) interest rate will, all else equal, have a positive (negative) effect on consumer prices since it 

facilitates cheaper (more expensive) borrowing, which increases (decreases) money demand which 

in turn drives (reduces) inflation to the desired level (Woodford & Walsh [2005]). Notably, the model 

assumes that policymakers have an expected inflation rate target rather than output or GDP targets. 

The rationale behind the target of low and stable inflation is that households and firms would not 

need to waste excess resources to protect themselves when the value of money fluctuates. Thus, they 

can save and invest with confidence (Poole and Wheelock [2018]). However, on the other side, there 

is some evidence that inflation targeting does not improve the economy’s performance (Ball and 

Sheridan [2003]).  

Since many theoretical models are simplifications of real-world problems, they naturally have certain 

flaws and drawbacks. The most severe disadvantage of Taylor’s [1993] model is that it only looks at 

a snapshot of the current state of the economy and does not take the Fed’s future expectations 

regarding inflation and output into account. As mentioned previously, Taylor’s rule has influenced 

many economists to develop the model to become more accurate. For example, Kim & Nelson [2006] 

and their forward-looking monetary policy rule model, examinates the optimal Fed Funds Rate (𝑟𝑡
∗) 

as a function of future expectations of macroeconomic variables. Where (𝜋𝑡
∗) is the target inflation 

rate; (𝑔𝑡,𝐽) is the output gap calculated as an average between time 𝑡 and 𝑡 + 𝐽; (𝜋𝑡,𝐽) is the percentage 

change in inflation between time 𝑡 and 𝑡 + 𝐽; (𝛽0,𝑡
∗ ) is the target interest rate when both output and 

inflation is at the desired level; and (𝐸𝑡) which is an expectation on information in time 𝑡 when the 

Fed Funds Rate is decided. Furthermore, as seen in equation (2.3), Kim & Nelson [2006] argues that 

the Fed adjusts the Fed Funds Rate by a fraction (1 − 𝜃𝑡) between current and past target levels to 

achieve a smoother interest rate path.  
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𝑟𝑡
∗ = 𝛽0,𝑡

∗ + 𝛽1,𝑡(𝐸𝑡(𝜋𝑡,𝐽) − (𝜋𝑡
∗) + 𝛽2,𝑡𝐸𝑡(𝑔𝑡,𝐽) (2.2) 

𝑟𝑡 = (1 − 𝜃𝑡)𝑟𝑡
∗ + 𝜃𝑡𝑟𝑡−1 +𝑚𝑡      (2.3) 

                                     0 < 𝜃𝑡 < 1  

The forward-looking model from equations (2.2) and (2.3) is very similar to Clarida et al. [2000] 

model, which instead has fixed and not time-varying coefficients. Still, when disregarding the 

extended features of Kim & Nelsons [2006] and Clarida et al. [2000] models, there are still analogous 

implications to the Taylor rule. For example, underlying assumptions regarding rational future 

expectations from the Fed on output and inflation can be put into question. Additionally, as mentioned 

beforehand, a target inflation rate policy can worsen output in the short term compared to a more 

flexible monetary policy (Ball and Sheridan [2003]). 

The adjustment of the Fed Funds Rate is the most utilized modern policy tool by central bankers. 

However, there are two other instruments within the scope of conventional monetary policy that the 

Fed can employ to impact economic variables. The first is the minimum reserve requirement tool. As 

the name suggests, the instrument regulates the portion of deposits that a private bank must hold in 

cash at the Fed. An increase (decrease) of the minimum reserve deposit means that the private banks 

must deploy more (less) money at the Fed and thus have fewer (additional) funds to lend to consumers 

and firms. Therefore, an increase (decrease) has a contractionary (expansionary) effect on inflation 

and output. The second instrument is very much linked to the first and was introduced to the Fed after 

the great financial crisis in 2008-2009. The tool adjusts the interest paid on excess reserves held by 

private banks at the Fed. By changing the interest rate on excess reserves, the Fed can influence bank 

lending. A lowered rate would give incentive for private banks to lend out their surplus funds to make 

more money which increases the money supply and should have expansionary effects on the 

economy. Consequently, an increased rate on excess reserves would give incentives for private banks 

to hold more deposits and therefore have a contractionary impact on the economy since the money 

supply is reduced. 

2.1.2 Transmission Channels  

The text outlined above has provided insights into how the Fed can utilize conventional monetary 

policy tools to impact economic variables. For example, lowering or increasing the Fed Funds Rate 

influences financing costs in private and the public sectors, affecting spending, consumption, and 
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investment, ultimately leading to a change in employment, output, and inflation. However, the links 

between the Fed’s adaptation in the nominal short-term interest rate and overall economic 

performance are far from straightforward. Moreover, households’ and firms’ consumption and 

investment decisions that ultimately affect economic variables should not be based upon short-term 

rates but rather on rates with longer maturities, making it more complex (Andrés et al. [2004]). The 

subsequent sections will examine the transmission mechanism from central bank conventional 

monetary policy to the real economy. More specifically, main transmission channels such as the 

interest rate channel, the exchange rate channel, other asset price effects, and the balance sheet 

channel will be outlined (Mishkin [1995]). 

Several complementing theories explain how monetary expansion (contraction) of the short-term 

nominal interest rate, through the interest rate channel, impacts long-term borrowing and pushes up 

(down) the term structure of interest rates. Martin et al. [2017] describe how policy affects 

microeconomic behavior, which affects macroeconomic variables, and this relationship is visualized 

by a simple schematic diagram as seen below. Here, an expansionary monetary policy indicated by 

(M ↑) causes a contraction in real rates (i ↓) which in turn decreases the costs of capital for 

households and firms, boosting investment activities (I ↑) and thereby leading to an increase in 

aggregate demand and output (Y ↑).  

M ↑ →  i ↓ →  I ↑ →  Y ↑ 

Nevertheless, this model does not explain how the adjustment of the nominal short-term interest rates 

is passed through from the central bank to the private banking sector and further to households and 

firms. A rational explanation of this relationship goes as follows (assuming competitive and efficient 

markets). The Fed Funds Rate functions as a measure for the cost of liquidity to the private banking 

sector. When changed, this should be reflected on other securities with short tenor such as the 

interbank offered rate, or IBOR, which is the rate that private banks charge one another for short-term 

loans. Therefore, when IBOR and similar short-term rates are changed, they should be passed through 

and reflected on the financing costs for short-term loans to private bank customers. However, this 

does not clarify how real long-term rates, which should be the benchmark for investment decisions 

for households and firms (Andrés et al. [2004]), are impacted by a change in nominal short-term rates. 

Ireland [2005] explains this dynamic by using the arbitrage argument backed by the expectation 
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hypothesis of term structures.7 When a change occurs in the Fed Funds Rate, investors will trade 

away the difference in expected returns, adjusted for risk, on debt securities of various durations. This 

relates to a change in the slope and (or) a shift in the term structure of interest rates, typically referred 

to as the yield curve. These movements in nominal rates tend to translate into changes in the real rates 

as well, at least for a time (Mishkin [1995]). Hence, the cost of funding across all horizons is 

decreasing (increasing) for firms when the nominal short-term interest rate is lowered (raised), 

boosting (mitigating) aggregate investments. For example, let us assume a scenario where real rates 

are decreased, such as in the schematic diagram above, and let us think of the return of an investment 

into a project. According to Modigliani & Miller [1958], lower financing costs should yield a 

decreased required return on the investment to make it break even. Thus, there should be more 

attractive investment opportunities on an aggregate level when interest rates are lowered. The same 

argument holds for households. A reduction in borrowing costs would scale up investments into 

houses and durable goods on an aggregate level. This shift in investment and consumption behavior 

from firms and households yields the desired policy effect on output and inflation. Therefore, a 

lowered (raised) Fed Funds Rate will increase (decrease) aggregate demand and a rise (fall) in output, 

employment, and inflation through the so-called interest rate channel (Mishkin [1995]). However, it 

is essential to mention that the effects of changes in the official short-term interest rate on real interest 

rates depend strongly on the central bank’s credibility and, further, market expectations on the future 

interest rate path (Kuttner [2001]). A reliable forward-looking policy is crucial to accomplish real 

change in interest rate with longer maturities. This concept will become more apparent in the 

upcoming sections of unconventional monetary policy. 

Furthermore, in open economies with flexible exchange rate systems, additional transmission effects 

of changes in the nominal short-term interest rate can be seen through the exchange rate channel 

(Ireland [2005]). Particularly the impact on net exports and output when the value of the domestic 

currency moves due to expansionary or contractionary conventional monetary policy. The schematic 

diagram below presents the transmission mechanism on exchange rates when expansionary policy 

(M ↑) is utilized. As previously outlined, a decrease in the Fed Funds Rate causes real interest rates 

to decline (i ↓). Consequently, the return to investors of holding domestic U.S dollar deposits is 

lessened relative to holding deposits denominated in foreign currencies. Hence, investors seek more 

 
7 The expectation hypothesis of term structures, also referred to the unbiased expectations theory, predicts that future 

short-term interest rates are based on current long-term interest rates. For example, the theory states that an investor will 

yield the same return by investing in three consecutive one-year bonds versus investing in a three-year bond today. See, 

for example, Mishkin [1991]. 
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attractive investment opportunities abroad. The flow of capital from dollar to foreign currency 

deposits leads to a fall in the dollar value relative to foreign currencies, which is a depreciation of the 

dollar (E ↓) (Dornbusch [1976]). In other words, domestic goods are cheaper relative to foreign goods 

due to a lower value of the dollar. Thus, there is a higher demand for domestic goods, which increases 

net exports (NX ↑), employment, and aggregate output (Y ↑) (Mishkin [1995]).  

M ↑ →  i ↓ →  E ↓ →  NX ↑ →  Y ↑ 

However, the initial depreciation of the dollar relative to a foreign counterpart means that the foreign 

exchange market is not in equilibrium (Mundell [1963]). Investors will, again, exploit this and 

arbitrage away differences on various debt instruments denominated in both currencies. 

Consequently, the dollar will gradually appreciate to a new equilibrium. However, all else equal, the 

new equilibrium will be depreciated relative to its initial level (Kawai [2015]).  

Another transmission channel that conventional monetary policy can flow through to affect the 

economy is via equities’ valuation, also referred to as the other asset price effects (Mishkin [1995]). 

One way to explain this mechanism is with Tobin’s q-theory of investment (Tobin [1969]). Tobin’s 

q is the ratio between the equity market value of the firm and the book value of the firm, also referred 

to as the replacement cost of capital. A high q implies that the firm’s property, plant, and equipment 

is relatively cheap to its market value (and vice versa). Hence, in theory, firms can issue new equity 

for a high (low) price relative to their assets which increases (decreases) investments and causes 

employment and output to rise (fall). 

Nevertheless, the question remains how conventional monetary policy impacts equity valuation and 

further Tobin’s q. In essence, there are two arguments, the Keynesian, and the monetarist, where both 

arrive at a similar conclusion (Mishkin [1995]). The Keynesian view focuses on the asset substitution 

effect when changes in monetary policy occur and is explained by the following logic. An 

expansionary policy where real interest rates decrease makes bonds less attractive relative to equities. 

This leads to a higher demand for equities, which improves their market value, and Tobin’s q 

increases (and vice versa). The monetarist explanation focuses on the money supply when there is a 

change in real interest rates. An expansionary policy increases the money supply through cheaper 

borrowing, and agents can increase their spending, for example, in the stock market. Consequently, 

the demand for equities rises and, therefore, their prices which leads to a higher q (and vice versa) 

(Mishkin [1995]). These relationships are summarized in the schematic diagram below, where 
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expansionary monetary policy causes equity prices (Pe) to increase, which increases Tobin’s q, 

leading to additional investments I ↑ , which boosts output Y ↑. 

M ↑ →  Pe ↑ →  q ↑ →  I ↑ →  Y ↑ 

When examining the other asset price effects further, it appears that a lowered Fed Funds Rate should 

have a positive impact on the stock market due to a rise in Tobin’s q. Since this topic is highly relevant 

for practitioners, the literature covers it thoroughly. A short review of the empirical literature is 

presented in the upcoming section. Moreover, an additional way of how conventional monetary policy 

can transmit into the economy via the private sector is through the balance-sheet channel (Bernanke 

& Gertler [1995]). As the name suggests, this channel concerns the health of agents’ balance sheets 

when monetary policy is utilized and how this ultimately impacts macroeconomic variables. For 

example, when the Fed Funds Rate is reduced, the short-term cost of credit for households and firms 

becomes lessened, as explained in previous sections. With a lower financing cost, agents with floating 

rate bonds or loans on their balance sheets have improved their position with newly freed-up capital. 

Additionally, since yields and prices on bonds move inversely, expansionary monetary policy causes 

asset prices to increase, and the return on those assets decreases. Hence, if agents hold assets impacted 

by the expansion policy, their balance sheets are improved by inflating asset prices. On top of this, 

due to the lower cost of debt and more substantial capital base, agents become more credit-worthy. 

Thus, the agents’ risk premia should decrease, and additional funding through the debt capital markets 

becomes cheaper. On an aggregate level, this balance sheet improvement should increase investment 

activity which again causes employment, output, and inflation to rise. Contractionary monetary policy 

will have the opposite effect (Bernanke & Gertler [1995]).  

To conclude, the practice of conventional monetary policy is essentially about affecting future 

expectations regarding macroeconomic variables by modifying the nominal short-term interest rate. 

These interest rate adjustments can transmit into the economy via a variety of channels and 

mechanisms. Nevertheless, these future expectations of inflation, output, and employment are based 

on forecasts that assume efficient markets, making these channels and mechanisms uncertain. For 

example, the possibility of major disruptions such as recessions and financial crises are not 

considered. 
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2.1.3 Literature Review 

This literature review will only focus on how conventional monetary policy has influenced equity 

valuations due to the scope of this paper. The academic and empirical research within this topic is 

generally consistent, showing a significant link between expansionary monetary policy and higher 

stock prices. To mention a few, Thorbecke [1997] and Jensen et al. [1996] use an identified vector 

autoregression method to investigate the relationship between stock markets’ reactions to changes in 

discount rates. The two papers examine the effects on equity valuations when the Fed Funds Rate 

adjustment is anticipated and unanticipated. Hence, the anticipated impact from a change in the Fed 

Funds Rate should already be reflected in the stock prices (assuming efficient markets). Therefore, 

when including the anticipated effect, it becomes more difficult to immediately understand the actual 

impact on stock prices after a change in the Fed Funds Rate. 

Bernanke and Kuttner [2005] provide a slightly more innovative approach to the literature where they 

isolate the unanticipated effect by using data on future interest rates, dividends, and excess returns. 

Their event-study analysis investigated the reaction of the CRSP value-weighted index when 

unanticipated changes occurred in the Fed Funds Rate from 1989 until 2002. Using a vector 

autoregression, they find that a hypothetical 25 basis point decrease of the Fed Funds Rate would 

contribute to a daily increase of the CRSP index by one percent with high significance. Moreover, 

when testing market reactions with anticipated policy changes, they find no, or minimal effects. 

Lastly, when substituting the CRSP value-weighted index to the S&P 500 index, Bernanke and 

Kuttner [2005] found similar results.  

2.2 Unconventional Monetary Policy 

As a result of the most severe U.S financial crisis since the Great Depression, the FOMC effectively 

lowered the Fed Funds Rate to essentially zero percent in December 2008. With the Fed Funds Rate 

at its ZLB, the Fed faced a constraining issue where it could not adjust the short-term interest rate any 

lower to stimulate the economy. An interest rate below zero (for an extended period) would have 

distorted the very fundamental way of thinking about the money market. For example, agents would 

have paid instead of received interest when depositing cash. Put differently, the traditional monetary 

policy utilized for decades had lost its traction, and the Fed had to think of alternative and more radical 

methods to boost the economy. These alternative methods are commonly referred to as 

unconventional monetary policies. The following subsections examine the different tools and 
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instruments of unconventional monetary policy, their objectives, and, in theory, how these transmit 

into the economy. Furthermore, two macroeconomic models which investigate the effectiveness of 

QE will be outlined. 

2.2.1 Instruments, Tools, and Transmission Channels 

Unlike conventional monetary policy, where real interest rates are affected by adjusting the nominal 

short-term interest rate, the unconventional monetary policy focuses specifically on impacting rates 

with longer maturities. Thus, non-traditional policies are characterized by targeting external financing 

costs to private banks, firms, and households. These sources of financing can come in various forms, 

such as the issuance of equity, loans, bonds, and other fixed-income securities. For example, 

conventional monetary policy tries to alter IBOR rates which usually trades at a discount to external 

financing. The deployment of unconventional measures attempts to tighten the spread between IBOR 

and various external financing sources where longer maturities characterize these. Furthermore, the 

economic instruments and tools employed by the two policy types differ. However, the Fed’s 

objectives of achieving price stability at a targeted level while maximizing employment and output 

are the same.  

With policy rates at or close to zero percent, the Fed mainly achieves the monetary stimulus through 

two unconventional instruments. These are the guidance of medium and long-term interest rate 

expectations and large-scale asset purchase programs. The former, which is also referred to as a 

“forward guidance strategy,” tries to manipulate real long-term interest rates by affecting market 

participants’ expectations (Muchlinski [2014]). The central banks can articulate these expectations in 

various ways. For instance, as is the case, long-term interest rates are a weighted average of short-

term interest rates (Ireland [2005]). By communicating credibly to the market that the nominal short-

term interest rates will be kept at the ZLB for a more extended period should shift the entire yield 

curve down. Hence, all else equal, the central bank would reduce the spread between short- and long-

term yields, effectively lowering financing costs and increasing aggregate demand (Eggertsson & 

Woodford [2003]). However, a problem emerges when the economy, for whatever reason, needs 

further stimulation with interest rates already at the ZLB. As aforementioned, the central bank cannot 

(generally) lower it further since private agents would instead hold their cash in non-interest-bearing 

deposits than paying interest when depositing them. Furthermore, the adjustment of the Fed Funds 

Rate during financial turbulence may not provide the desired effect and, therefore, other tools need 

to be deployed to stimulate the economy. 
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When a forward-looking guidance strategy combined with the Fed Funds Rate at the ZLB is 

insufficient to stimulate the economy, the Fed can utilize its other unconventional instrument, 

commonly referred to as Quantitative Easing (QE). This instrument is constructed to influence GDP 

and inflation when buying financial securities on a larger scale. As long as it satisfies the dual 

mandate, the Fed can purchase a large variety of securities with different maturities spanning from 

government treasuries and agency debt to corporate bonds and more exotic products such as 

mortgage-backed securities (MBS). Such a policy aims to push down the entire yield curve by 

exogenous shocks in the supply and demand of these securities. 

An exogenous demand shock, for example, would increase the prices and consequently drive down 

the yields on the specific securities. Nevertheless, there are several channels that the Fed’s QE 

program can transmit into the economy. To figure out how these transmission mechanisms work, we 

first need to understand what happens when the Fed conducts large-scale asset purchases. A QE 

program is accomplished by expanding the central bank’s balance sheet (Curdia and Woodford 

[2010]). The expansion occurs when the Fed purchases financial securities in the open market and 

finance these purchases by creating new central bank reserves. The purchased securities are reported 

as assets on the balance sheet, while the receiver of the newly created central bank reserves is booked 

as a liability. An important note is that the Fed could sell older assets on its balance sheet to finance 

new purchases and, hence, the money supply would not change but rather the composition of the 

balance sheet. However, in this context of QE, we assume that the balance sheet is expanding, and 

fresh liquidity is provided to the market.  

The various transmission channels are visualized below in figure 2.1. Looking at the right-hand side 

of the figure, QE can help reduce uncertainty and provide confidence in markets during turbulent 

times. By injecting fresh liquidity, a pressured financial system where money markets are restrained 

can be stabilized so that credit can continue to flow. Moreover, by increasing the supply of central 

bank reserves, QE can limit the risks of a funding/liquidity crisis in the banking sector (Woodford 

[2016]). Eventually, in theory, this leads to increased lending, consumption, and investments, which 

boosts GDP and inflation. 

As previously mentioned, the main objective of QE is to decrease external funding costs to agents by 

lowering the yield of a variety of securities with different maturity profiles. To purchase a significant 

amount of all these different securities would be an almost impossible logistical task for the central 

bank. Instead, the Fed focuses its purchases on a few selected financial assets which prices are driven 
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up, and subsequent yields are reduced. Consequently, the price difference between the assets targeted 

by QE and similar assets would be exploited by arbitrageurs. The cheaper assets would face a higher 

demand, effectively lowering their yields (Munk [2013]). In addition, risk-seeking agents may shift 

to assets that offer higher yields, putting pressure on those yields as well. This phenomenon is 

commonly referred to as the portfolio rebalancing channel. As a result of this rebalancing, the entire 

yield curve has been flattened, and thus external funding costs for firms and households become 

cheaper (figure 2.1). 

Moreover, with QE in place, the supply of financial securities to institutional investors is also reduced. 

Pension Funds, which have long-term liabilities, are typical purchasers of treasury bonds and notes 

(Jondeau and Rockinger [2014]). With less supply from these securities, one could argue that private 

agents put further upward pressure on prices which drives down yields.  

Furthermore, QE can also transmit and affect macroeconomic variables by depreciating the exchange 

rate (Kawai [2015]). Essentially, there are two forces in play at the same time. On the one hand, by 

using a forward guidance strategy with interest rates at the ZLB, the dollar will depreciate by using 

the same logic as the exchange rate channel described in the conventional monetary policy section. 

On the other hand, by heavily increasing the supply of dollars when applying QE, the yield curve 

should be lowered. All else equal, the dollar depreciates to a new equilibrium. Consequently, a lower 

value of the dollar relative to other currencies will increase net exports on an aggregate level. Further, 

this drives investments and employment, which enhances output and inflation (figure 2.1).  

Lastly, QE and forward guidance can transmit and affect GDP and inflation through the wealth effect 

channel. The flattening of the yield curve affects the value of assets held by households since yields 

and asset prices move inversely (Huston and Spencer [2016]). These assets are, among others, stocks, 

bonds, and real estate. When the value of these assets improves due to lowered yields, households 

feel “wealthier,” which alters their consumption behavior. On an aggregate level, spending increases 

which boost GDP and inflation (figure 2.1). 

To conclude, the unconventional monetary policy includes two main instruments with the same 

objective as conventional policy - to satisfy the mandate of price stability while maximizing output. 

The first instrument is the forward guidance strategy in combination with the Fed Funds Rate at the 

ZLB. The second instrument is QE which function as a substitute when interest rates cannot be 

lowered any further. The former instrument is achieved by expanding the Fed’s balance sheet. 
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Figure 2. 1 Transmission Channels of Unconventional Monetary Policy 

2.2.2 Macroeconomic models 

Predicting the effectiveness of the unconventional monetary policies on inflation and output by using 

theoretical models has turned out to be ambiguous. The results differ vastly between models and, 

further, among the same version of a model when the underlying assumptions are altered. This section 
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introduces the reader to two distinct macroeconomic models that examine the effectiveness of QE in 

theory. 

Curdia and Woodford [2010] question whether large-scale asset purchase programs are a substitute 

for conventional monetary policy or if they have different objectives than those of interest-rate policy. 

The authors investigate the effect of these programs by applying a modified New Keynesian model 

where the central bank’s balance sheet is included as an additional dimension.8 The model simplifies 

the real world in various aspects where, for example, households and firms are not distinguished from 

one another. Instead, they are treated as infinite-lived households-firms where private expenditures 

and investment spending yield instant utility at a diminishing marginal rate. Further, Curdia and 

Woodford [2010] assume heterogeneity in spending opportunities between private agents, 

imperfections in private financial intermediation, and imperfect substitutions between financial 

instruments with similar structures. With these assumptions, the authors do not find the practice of 

QE as a reliable instrument for price stabilization, even when the Fed Funds Rate is at its ZLB. In 

other words, inflation and output are not affected by QE. However, the model predicts that QE may 

have a role when financial markets are under unusual distress and transaction costs increase 

dramatically. Such as during the great financial crisis. The reason for this is that QE helps to tighten 

credit spreads. Hence, the authors argue that this type of policy is only relevant to deploy when 

financial markets are inefficient. It should not be utilized when markets are well-functioning. 

Furthermore, the model also investigates an appropriate “exit” strategy from when the Fed should 

stop purchasing financial assets. The authors conclude that the exit strategy should be independent of 

a decision regarding a raise in the Fed Funds Rate since the effects of these two types of policies 

differ regardless. Thus, the decision to unwind a QE program should be based on the current market 

condition only. Lastly, Curdia and Woodford [2010] emphasize that different results could be 

obtained if the theoretical assumptions were modified.  

As aforementioned, numerous models try to predict the macroeconomic effects of a large-scale assets 

purchase program. Priftis and Vogel [2017] apply a dynamic stochastic general equilibrium (DSGE) 

model to investigate where the world is divided into two regions – the Euro area and the rest of the 

world. The model has a microeconomic foundation derived from utility and profit optimization where 

 
8 New Keynesian econimics is a revised theory from classical Keynesian economics which stams from John Maynard 

Keynes. In essence, New Keynesian economics views prices and wages as “sticky” and slow to adjust to short-term 

economic fluctuations. For additional information, see for example Rochon and Rossi [2017]. 
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goods, labor, and financial markets are not frictionless. Moreover, the authors simplify the two-region 

real-world economy by including three different sectors in their theoretical framework: central banks, 

firms, and households. Households are separated between Ricardian households that can access the 

financial markets and households with no access. Both regions have central banks that follow the dual 

mandate policies. When the central banks conduct QE, they only buy long-term government bonds 

financed by expanding their balance sheets, providing liquidity to the private sector. Both regions 

have a production sector where households own the firms. The model’s central assumption includes 

imperfect substitution between short-term and long-term government bonds by introducing portfolio 

rebalancing costs. More specifically, households prefer holding an optimal mix of these securities in 

their portfolio. If a deviation occurs where the ratio of short-term to long-term bonds is shifted, they 

need to rebalance their portfolio, which comes at a cost. These assumptions allow the authors to 

investigate how central banks’ balance sheet expansion endogenously affects different transmission 

channels such as the yield curve and equity valuations, exchange rates, and private agent’s saving 

decision and further macroeconomic variables. Priftis and Vogel [2017] find that large-scale asset 

purchases influence private sector portfolio rebalancing and saving decisions. This effect leads to a 

tightening in credit spreads, increased equity valuations, and a depreciation of the domestic currency, 

which, in turn, increases real GDP and inflation. Thus, by using this model, the authors justify the 

usage of QE as an independent policy.
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3.   Unconventional Monetary Policy - In Practice 

After providing the fundamental theoretical aspects of monetary policy, we turn our focus on how 

unconventional monetary policies have been applied in practice by the Fed. This chapter explains the 

justifications of why unconventional monetary policies were introduced. Thereafter, we will give a 

detailed description of the most significant unconventional monetary policy events in the U.S between 

2008 up until the start of 2021. Finally, the most relevant empirical research of QE’s impact on 

financial markets are summarized. 

3.1 The Arise of a New Policy 

To fully understand the rationale behind the employment of QE, we must look back at the great 

financial crisis during 2008-2009, where these new policies were applied for the first time in the U.S. 

The situation, which was triggered mainly by the burst of the U.S housing market bubble, excessive 

risk-taking by financial institutions, and the collapse of central investment banks such as Bear Stearns 

and Lehman Brothers, led to a severe economic recession where output plummeted, and deflationary 

tendencies arose. From the end of 2007 throughout 2009, real GDP fell by 4,3%, and unemployment 

skyrocketed to 9,5% from its 5% level in 2007 in the U.S. With deflationary tendencies and falling 

output, the Taylor rule would, in theory, predict that the Fed should conduct expansionary monetary 

policy by lowering its Fed Funds Rate to stimulate the economy (Taylor [1993]).9 When applying the 

Taylor rule in practice, the above statement turned out to be true. However, given these abnormal 

macroeconomic numbers, a (modified) Taylor rule predicted that the Fed Funds Rate should be 

lowered to as much as negative 1.35% to cope with the troubled economy during the financial crisis 

(Figure 3.1).10 As aforementioned, a negative interest rate that low would not be practically possible 

due to the option of private agents to deposit their cash in non-interest-bearing accounts instead of 

 
9 See section 2.1.1 regarding detailed description of the Taylor rule. 
10 A modified Taylor rule (similar to equation 2.2 and 2.3) is used to give a more realistic picture of the theoretical Fed 

Funds Rate in contrast to the simple version of the original Taylor rule (equation 2.1).  
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paying interest when depositing them at banks. Thus, the actual Fed Funds Rate could not be lowered 

below 0% due to the existence of cash, which is why it is also referred to as the ZLB. 

 

 

Figure 3. 1 Theoretical Fed Funds Rate 

Note: The figure displays a theoretical Fed Funds Rate in percentage predicted by a modified Taylor rule 

from October 2002 until February 2021. The data is retrieved from the Federal Reserve Bank of Atlanta 

(Taylor Rule Utility [2021]).  

On top of this, financial markets and especially credit markets dried up with investor confidence 

evaporating during the crisis. Hence, because of the severe recession, the practice of traditional 

monetary policy and its transmission channels failed to stabilize financial markets and to get a 

bleeding economy back on its feet. Consequently, in early 2008, the former chairman of the Fed stated 

the following: “Broadly, the Federal Reserve’s response has followed two tracks: efforts to support 

market liquidity and functioning and the pursuit of our macroeconomic objectives through monetary 

policy” (Bernanke [2008]). The response Mr. Bernanke referred to was the implementation of 

unconventional monetary policies due to the ineffectiveness of conventional monetary policy, 

constrained by its ZLB. The unconventional monetary policies contained two main components. It 

first lowered the target Fed Funds Rate to its ZLB combined with the Fed’s strategy to heavily engage 

in forwarding guidance regarding the future path of interest rates. Such a policy aims to provide 

transparency to the public about the likely course of long-term monetary policy. If the central bank is 

credible in its commitment to keep interest rates at their communicated target, individuals and firms 

can use this information to make financial decisions today regarding consumption and investments. 
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In this case, where the FOMC flagged for a more extended period of low-interest rates, an effective 

forward guidance strategy would decrease the yield of securities with longer maturities since market 

participants should expect interest rates to stay low for a longer time. This would generate cheaper 

financing alternatives for the public and, thus, impact the real economy. Second, the other tool was 

conducting large-scale asset purchase programs by expanding the central bank’s balance sheet. This 

instrument was introduced to stimulate the economy further and restore capital markets’ functionality. 

Hence, on the one hand, the Fed used these instruments to achieve its mandate of price stability and, 

on the other hand, to reestablish confidence in markets. The following sections will provide a detailed 

summary of the main events of unconventional monetary policy in the U.S since the great financial 

crisis and up until today.  

3.2 The Zero Lower Bound and Forward Guidance 

Since the late 1990s, nominal short-term interest rates have fallen steadily in most advanced 

economies in the world. When the great financial crisis spread across the globe, most central banks 

acted forcefully by sharply decreasing their rates. However, the timing of the rate cuts differed 

between regions. The Fed was one of the first central banks in the world to start lowering their rates, 

whereas, for example, the European Central Bank began their rate cut with a lag of approximately 

one year. Nevertheless, in autumn 2007, the Fed lowered the Fed Funds Rate from its 525 bps target 

to 475 bps. Just over a year later, on the 16th of December 2008, the Fed did its last rate cut to 25 bps, 

effectively hitting its ZLB for the first time during its history. Because of the severe recession and its 

aftermath, the rate was kept at 25 bps for several years to stimulate economic growth and keep 

inflation away from negative territory. It was first during the end of 2015 when the economic outlook 

had improved that the Fed Funds Rate started to climb back upwards, and in early 2019, it was at 250 

bps. 

The following year, the COVID-19 pandemic emerged, leading to substantial negative supply and 

demand shocks causing output and employment to plummet, and deflationary tendencies arose again. 

Consequently, the Fed acted and lowered the target Fed Funds Rate to its effective ZLB for the second 

time on the 15th of March 2020. Figure 3.2 displays the interest rate path for the actual Fed Funds 
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Rate and the theoretical interest rate predicted by a (modified) Taylor rule from January 2005 until 

February 2021.11 

 

 

Figure 3. 2 Theoretical and real Fed Funds Rate 

Note: The figure displays a theoretical Fed Funds Rate (in black) predicted by a modified Taylor rule and 

the actual Fed Funds Rate (in grey) in percentage from October 2002 until February 2021. The data is 

retrieved from the Federal Reserve Bank of Atlanta (Taylor Rule Utility [2021]).  

Illustrated in figure 3.2, one can see the sharp decrease in the real Fed Funds Rate during 2008 and 

2020. However, around those periods, the optimal rate predicted by the (modified) Taylor rule should 

have been much lower to provide the desired inducement to the economy. As described earlier, this 

was practically not possible. Thus, in addition to interest rates at the ZLB, the Fed engaged in a 

forward guidance strategy to influence the expectations of the future path of interest rates. This 

strategy was applied both during the great financial crisis and during the COVID-19 pandemic. As 

an example, the current chairman of the Fed, Jerome H. Powell, stated the following during the FOMC 

meeting in April 2020: “Last month we quickly lowered our policy interest rate to near zero. We 

stated then and again today that we expect to maintain interest rates at this level until we are confident 

that the economy has weathered recent events and is on track to achieve our maximum-employment 

and price-stability goals”.  

 
11 A modified Taylor rule (similar to equation 2.2 and 2.3) is used to give a more realistic picture of the theoretical Fed 

Funds Rate in contrast to the simple version of the original Taylor rule (equation 2.1). 
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3.3 Quantitative Easing 

The second unconventional instrument that the Fed implemented during the great financial crisis was 

the purchase programs of long-term assets on a large scale. These purchases implied a significant 

increase in the monetary base funded by expanding the Fed’s balance sheet. Again, the motivation 

for this type of policy was that the Fed Funds Rate could not be lowered any further, even though the 

economy needed additional support. Hence, QE was implemented to provide additional stimulus 

when the conventional monetary policy became inefficient. However, the intention of large-scale 

asset purchases was very similar to traditional policies where the objective was to limit the risk of 

deflation, foster long-term economic growth, provide price stability, and stabilize financial markets.  

During the great financial crisis and up until 2015, the Fed executed three rounds of QE, commonly 

referred to as QE1, QE2, and QE3. Furthermore, when the COVID-19 pandemic started in the early 

2020s, the Fed employed the fourth round of QE, referred to as QE4. The QE intervals are visualized 

in figure 3.3 below, together with the Fed’s balance sheet development. 

 

 

Figure 3. 3 QE rounds and the Fed’s balance sheet 

Note: This figure displays the development of the Fed’s balance sheet in trillion U.S dollars from January 

2008 until April 2021. The blue-dotted areas show the time intervals when the Fed conducts QE, starting 

with QE1 from the left and continues with QE2, QE3, and, lastly, QE4 (ongoing). The data is retrieved 

from the Federal Reserve Bank of St. Louis (FRED [2021a]).  
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At the FOMC meeting in March 2009, QE1 became a reality.12 The members of the committee agreed 

to buy long-term assets with a total value above one trillion dollars. These long-term assets consisted 

of $750 billion of MBS, $300 billion of Treasury securities, and $100 billion of agency debt, which 

would be purchased over the following nine months. From the FOMC meeting, it became clear that 

the rationale behind these large purchases was to stimulate aggregate demand in the economy to 

improve GDP growth and keep inflation away from negative territory. Furthermore, during this time, 

indicators such as volatile stock prices and widening spreads on credit default swaps from financial 

institutions were proof of inadequate functioning financial markets. This was taken very seriously by 

the FOMC since a well-functioning market, and especially a credit market, is vital for investment and 

consumption choices for private agents. Hence, the objective of QE1 was also to unwind the 

uncertainty in financial markets by injecting fresh liquidity into the system (Bernanke [2008]). 

However, it turned out that QE1 did not provide enough stimulus to the economy, and according to 

the committee, the recovery of the dual mandate was “disappointingly slow.” Hence, QE2 was 

introduced in November 2010 to promote an even more powerful economic healing.13 With QE2, the 

committee announced that long-term Treasury securities should be purchased at a total of $600 bn, 

occurring on a monthly pace of $75 bn through the second quarter of 2011. 

The last QE program (QE3) linked to the great financial crisis and its aftermath was announced in 

December 2012.14 This program differed slightly from the other two as  there was no volume limit of 

the asset purchases. The FOMC decided that $40 bn of MBS and $45 bn of longer-term Treasury 

securities should be purchased on a monthly pace until the goals of maximum employment and price 

stability were achieved. This statement can also be viewed as a type of forwarding guidance where 

the Fed signals that purchases will continue for a more extended undecided period. Approximately 

two years later, the FOMC ended the QE3 program in October 2014.15 During the three QE rounds, 

the Fed’s balance sheet was expanded by approximately $3.5 tn from purchasing long-term assets. 

In 2015, the great financial crisis and the subsequent recession were declared over. Consequently, the 

Fed started to conduct contractionary monetary policy since the economic outlook had improved. In 

terms of QE, this implied that the Fed would decrease its holding on its balance sheet by not replacing 

the maturing assets with new ones. The contractionary cycle is visualized in figure 3.3 above, where 

 
12 See FOMC statement from March 18th 2009 on page 29 
13 See FOMC statement from November 3rd 2010 on page 29 
14 See FOMC statement from December 12th 2012 on page 29 
15 See FOMC statement from October 29th 2014 on page 29 
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the balance sheet is slowly shrinking between 2015 and up until 2020. However, this pathway 

changed when the COVID-19 pandemic became a reality in early 2020, and the economic outlook 

got exceptionally worsened in just a couple of weeks. This time, the Fed decided to act forcefully and 

more immediately in contrast to the great financial crisis where the FOMC waited to implement QE 

until 2009. In March 2020, the committee held an emergency meeting to announce the 

implementation of the QE4 program.16 Over the upcoming months, the FOMC decided to purchase 

$500 billion in Treasury securities and an additional $200 billion in MBS with the main argument to 

restore market stability so that credit could continue to flow. 

A few days later, the S&P 500 index had dropped around 30%, the VIX index was trading at all-time 

highs, and credit spreads between corporate bonds and Treasury securities had widened out of control. 

Thus, the announced purchases on the 15th of March did not seem to have any effect at all. Therefore, 

the FOMC held an additional emergency meeting on the 23rd of March, which turned out to be a 

game-changer in modern market dynamics.17 This time, the committee decided to expand the QE4 

program to an unlimited amount, and it allowed private banks to decrease their capital levels so they 

could lend more funds to the public. Moreover, the Fed implemented various measures to restore 

stability in the panicking markets, such as the purchases of commercial MBS. However, the statement 

that turned everything around was when the FOMC announced that it would begin to purchase a 

significant amount of corporate bonds. The corporate bond purchases would be conducted in the 

primary and secondary markets to support new bond issues and provide liquidity to outstanding 

bonds. Almost immediately after the announcement, markets stabilized with credit spreads tightening, 

and the S&P 500 index was turning back up. 

Interestingly, the Fed did not purchase any corporates bonds that day and not even in the upcoming 

month since they needed to set up the facility that should conduct the purchases. Hence, the markets 

only reacted to the information that the committee provided. Nevertheless, during 2020 the FOMC 

made several statements where all contained announcements to keep the QE4 program intact. 

Furthermore, in August 2020, the FOMC announced changes in its policy strategy to allow inflation 

to run above the target level of 2% to cope with the spike in unemployment.18 The FOMC’s latest 

meeting in March 2021 declared that the economy was still in bad shape, with employment and 

 
16 See FOMC statement from March 15th 2020 on page 29 
17 See FOMC statement from March 23rd 2020 on page 29 
18 See FOMC statement from August 27th 2020 on page 29 
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inflation a long way from the central bank’s goal.19 Subsequently, the purchase volume of the QE4 

program was increased to $80 billion of Treasury securities and $40 billion in agency MBS per month.  

From the beginning of QE1 during the great financial crisis and up until early 2021, the Fed’s balance 

sheet increased from approximately 1 trillion dollars to almost 8 trillion dollars, with QE4 still 

ongoing. A summary of the critical QE events and announcements from 2008 to early 2021 can be 

found in table 3.1 below. The summary is inspired by Lutz [2014] and from studying the FOMC 

minute releases. 

  

 
19 See FOMC statement from March 17th 2021 on page 29 
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Table 3. 1 Significant FOMC announcements 

   

Announcement Date  QE Round Announcement Description 
   

25/11/2008 1 
FOMC announces planned purchases of $100 bn of GSE 

debt and up to $500bn in MDS  

28/01/2009 1 
FOMC indicates that it will increase its purchases of 

agency debt and long-term U.S Treasuries  

18/03/2009 1 

FOMC announces that it will purchase $750 bn in agency 

MBS, up to 300 bn of long-term U.S Treasuries and up to 

$100 bn of agency debt 

27/08/2010 2 
Chair Bernanke states that monetary easing will be 

continued  

03/11/2010 2 

FOMC announces its plan to purchase an additional total 

of $600 bn in long-term U.S Treasuries with a monthly 

pace of $75 bn  

31/08/2012 3 
Chair Bernanke states that monetary easing will be 

continued  

12/12/2012 3 

FOMC announces monthly purchases of 40$ bn in agency 

MBS and 45$ bn in long-term U.S Treasuries with no end 

date  

18/12/2013 Taper  
FOMC announces to modestly reduce its monthly assets 

purchases by $10 bn in U.S Treasuries  

29/10/2014 Taper  

FOMC announces to stop expanding the Fed’s balance 

sheet and only reinvest principal payments from its 

investments  

14/06/2017 Taper  

FOMC announces to stop reinvesting principal payments 

and, hence, start to shrink the Fed’s Balance sheet from 

$4.5 trillion  

15/03/2020 4 

FOMC announces to purchase $500 bn in long-term 

Treasuries and $200 bn in agency MBS during the 

upcoming months  

23/03/2020 4 

FOMC announces to expand asset purchases by an 

unlimited amount. Furthermore, it announces the 

purchasing of commercial MBS as well as corporate 

bonds in the primary and secondary market  

27/08/2020 4 
FOMC announces strategy changes in their policy. Can 

allow inflation to run above 2% in the short-term  

17/03/2021 4 
FOMC announces to increase purchases of U.S Treasuries 

by $80 bn and MBS by $40 bn per month  
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3.4 Literature Review 

After assessing unconventional monetary policy’s theoretical and practical attributes, we now turn to 

the empirical findings regarding this topic. Due to the scope of this paper, this literature review will 

focus on the evidence from the U.S economy when the Fed is conducting large-scale asset purchases. 

More specifically, it will be divided into three sections where the effect of QE on interest rates, equity 

prices, and financial stability will be reviewed. 

QE and interest rates: The empirical literature examining the relationship between QE and its effect 

on interest rates is thoroughly covered. One of the first and perhaps most cited event studies was 

conducted by Gagnon et al. [2011a,b]. The researchers studied the impact that QE1 had on the yield 

on various U.S debt instruments from late 2008 until early 2010. These instruments included 2-year 

and 10-year Treasuries, 10-year agency bonds, and 10-year agency MBS. Furthermore, to improve 

the robustness of the study, the authors applied two different event sets. The first set of events referred 

to as the “baseline event set,” included 23 announcements regarding unconventional monetary policy 

decisions made by the Fed in the period described above. The second set of events looked at the 

baseline event set plus additional FOMC statements during the period and was denoted the “baseline 

+ all FOMC event set.” Both events sets provided significant results in terms of decreasing yields 

during the announcement days. More specifically, the 2-year Treasury yield declined by 34 basis 

points (bps) and the 10-year Treasury yield by 91 bps during the “baseline event set” and slightly less 

during the “baseline + all FOMC event set.”  These results are very much in line with, for example, 

Krishnamurthy and Vissing-Jorgenssen’s [2011] event study. 

Moreover, when looking at QE’s effect on agency debt, the result was even more substantial. Gagnon 

et al. [2011a,b] found that both 10-year agency bonds and 10-year agency MBS fell by 156 and 113 

bps, respectively, during the baseline event. Thus, this relatively more considerable decrease on MBS 

than Treasuries from the FOMC announcements implied a lower default and prepayment risk on 

agency bonds and MBS. 

Hancock and Passmore’s [2011] regression analysis and Krishnamurthy and Vissing-Jorgenssen’s 

[2011] event study also found a substantial decline in MBS rates when QE was conducted. However, 

Stroebel and Taylor’s [2012] regression analysis on QE’s impact on MBS discovered opposing results 

with positive and insignificant coefficients in their model. This study differed from Hancock and 

Passmore’s [2011] regarding the variables included in the models. Stroebel and Taylor [2012] looked 

at the option-adjusted spread (OAS), whereas Hancock and Passmore [2011] looked directly at MBS 
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yields. Nevertheless, all studies reviewed have one thing in common: the announcements regarding 

QE from the Fed and how that impacts interest rates. In other words, they are not studying the effect 

on how interest rates move when the actual purchases are conducted, i.e., the flow effect. D’Amico 

and King [2013] examinates the flow effect from Treasury purchases conducted by the Fed during 

QE1. They found that the impact from the average purchase operation was statistically significant on 

long-term Treasury yields, which were reduced by 3.5 bps. 

Furthermore, the authors found that the complete purchase program shifted the entire term structure 

of interest rates down by up to 30 bps. A similar flow effect study was conducted by Meaning and 

Zhu [2011]. In contrast to D’Amico and King [2013], they looked at QE operated by the Fed during 

QE2. During this period, they found a decrease in the yield curve by 21 bps when the entire QE2 

program was conducted, and, further, the average purchase operation lowered yields on long-term 

Treasuries by 4.7 bps. A reasonable explanation of the more significant decline in long-term 

Treasuries in Meaning and Zhu’s [2011] study is that the Fed purchased Treasuries for a more 

considerable amount during QE2 than in QE1. 

QE and equity prices: Much of the empirical literature covering QE’s impact on equity prices is 

consistent with a positive relationship between the two. However, the link between stock prices and 

QE is more complicated than, for example, the connection between QE and Treasury yields which 

makes it harder to distinguish the effect (Joyce et al. [2010]). The reason behind this is essentially the 

global and open economy that we are operating in. For example, the U.S stock market is correlated 

with how other stock markets perform in the rest of the world and how the U.S dollar performs. 

Consequently, the various studies differ in how significant QE's effect on the stock market is. 

Villanueva [2015] and his research “Quantitative Easing and Stock Prices” focus on the U.S stock 

market before and after the great financial crisis when the Fed started conducting large-scale asset 

purchases. In his regression analysis, he finds that U.S stock price movements depend, among others, 

on the factors just described but also on QE, which affected stock prices positively with high 

significance. 

Furthermore, Villanueva [2015] introduces a Vector Autoregressive (VAR) model to examine 

endogenous QE shocks on stock prices. He finds that QE shocks have a significant and positive 

impact on the S&P 500 index. However, he emphasizes that QE is an important explanatory variable 

regarding stock prices, although not the most important. Balatti et al. [2018] also employ a VAR 

model in their study when investigating the impact QE has on various variables such as GDP, 
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inflation, stock prices, and stock market volatility in the U.S. The sample period stretches from the 

beginning of QE in 2009 until 2015, including QE1, QE2, and QE3. Their findings suggest that 

exogenous QE shocks do not substantially impact the macroeconomic variables but significantly 

affect the financial variables. More specifically, the researchers found that U.S stock prices had a V-

shaped pattern. When the Fed purchased assets, U.S stock prices declined at a start but did 

successively gain positive momentum and increased above the initial level, thereby shaping a V. 

Hence, their results are in line with Villanueva’s [2015] as well as Joyce et al. [2010]. Al-Jassar and 

Moosa [2018] perform another study that examines the impact of QE on stock prices. The authors 

use a structural time series model where the S&P 500 index is the dependent variable, and the Fed’s 

balance sheet is the explanatory variable. Using this approach, the researchers can account for missing 

variables in the model and identify them. Another reason for using this model is that it has time-

varying coefficients, allowing the two variables' relationship to change over time. The empirical 

results demonstrated a significant positive coefficient on the explanatory variable, which means that 

an expansion of the balance sheet will boost the returns of the S&P 500 index. Moreover, the missing 

variables in the model were also significant, implying that other factors also affect stock prices. 

Finally, the last article reviewed in this section focuses on evidence from the Euro area when the 

European Central Bank (ECB) started conducting QE in 2015. Lamoen et al. [2019] investigate QE’s 

impact on stock markets in ten vital European countries. Specifically, the researchers examine if QE 

triggers irrational risk-taking behavior from market participants in a low-yield environment, thereby 

suppressing risk premia when driving prices on risky assets (stocks) upwards, causing speculative 

bubbles. To test this, the authors use a GSADF-test, which is constructed to detect exorbitant price 

behavior. In five out of the ten countries, the test demonstrated statistical significance: there is 

evidence of stock market bubbles resulting from QE even after controlling for different variables. 

Furthermore, the results displayed that almost all countries leading stock indices increased 

explosively after the QE announcement in 2015. 

QE and financial stability: QE’s purpose, like conventional monetary policy, is to achieve the central 

bank’s goal of price stability while maximizing output. However, as will be more evident in this 

section, QE is also utilized to stabilize financial markets when, for example, liquidity is constrained. 

When assessing financial stability, volatility is often the preferred measure to examine. As reviewed 

above, Balatti et al. [2018] investigate how QE impacts stock market volatility through their VAR 

model. They measured volatility by looking at the rolling 30-day standard deviation of daily returns 

from the S&P 500 index. As opposed to their findings of QE’s impact on stock prices, they found 
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that the S&P 500 market volatility got reduced when the Fed conducted QE. According to the authors, 

the reason for this is that the fresh liquidity provided to the market from QE would marginally reduce 

stock price movements. 

Similar results are found by Tan and Kohli [2011], which uses an autoregressive (AR) framework to 

study the relationship between QE and stock market volatility. However, a significant difference 

between the studies is that Tan and Kohli [2011] measures volatility through the VIX index in their 

AR model instead of realized standard deviation from the S&P 500 index. In other words, they are 

examining the implied volatility derived from out-of-the-money options on the S&P 500 index when 

QE is conducted. Their sample spans from the 2008 crisis period until the post-crisis period, with 

results displaying a suppressive impact on implied volatility when QE was conducted and opposite 

effect when such a policy comes to an end. Furthermore, Hattori et al. [2016] estimate the relationship 

between unconventional monetary policy announcements and financial stability through an event 

study regression focusing on tail-risks in stock markets. The policy announcements include both QE 

and forward guidance of the Fed Funds Rate. They assess financial stability via forward-looking 

measures of options on the S&P 500 index, similar to the VIX index. According to the study, these 

announcements significantly reduce the tail risk in the S&P 500, where the forward guidance strategy 

had a more considerable effect. While the authors conclude that these announcements reduce 

volatility, they emphasize the role of leverage in this context and how that can alter these results.  

While QE is an instrument used to stabilize financial markets, there are concerns that QE could be 

counterintuitive and increase financial stability risk (Hattori et al. [2016]). Woodford [2016] 

investigates this concern in his paper “Quantitative Easing and Financial Stability.” He finds that QE  

increases financial stability risk due to agents having access to cheaper financing, and, thus, leverage 

is rising. Hence, the policy that had an intention to suppress volatility, at least in the short-run, might 

contribute to an increased probability of speculative bubbles to build up in the medium- or long-run 

(Chorafas [2013]). However, Woodford [2016] also found that expansionary conventional monetary 

policy (such as lowering the Fed Funds Rate) was a more significant driver of financial stability risk 

than QE.
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4.   Methodology 

At this point, one should be familiar with the history of QE and the various literature on QE’s impact 

on financial markets. This thesis aims to answer the overall question of how the QE liquidity flow 

affects the U.S equity markets in both a traditional and original approach. To capture the QE flow 

effect, we use the Fed balance sheet as the QE variable on which the S&P 500 is regressed. 

Conventionally, we employ models similar to those in the existing literature to answer how QE’s 

impacts equity returns and volatility (e.g., Balatti [2018]; Steeley and Matyushkin [2015]). Moreover, 

the less explored issue of QE’s impact on equity market risk is examined. In this approach, we use a 

Value at Risk measure derived from empirical returns of the S&P 500 to test if QE is associated with 

increased tail-risk within the index inspired by Lu et al. [2019]. This chapter provides the theoretical 

foundation for our empirical results along with model construction and structure of approach. Our 

empirical results consist of three main parts, and the remainder of this section is structured 

accordingly. 

4.1 Modelling S&P 500 Returns 

How has the Fed balance sheet impacted S&P 500 returns, and how has this relationship evolved 

since the onset of QE? 

To investigate QE’s impact on the S&P 500 returns and examine how the economic drivers have 

changed since the financial crisis, we use two different model approaches (Campos et al. [2005]). 

Using an autoregressive distributed lag (ADL) model, we examine how the S&P 500 responds to the 

Fed balance sheet expansion from QE. Furthermore, a vector autoregressive (VAR) model is utilized 

to examine the symmetrical transfer function and how shocks in the S&P 500 impact the balance 

sheet. The dynamic two-way relationship is examined to account for changes in the balance sheet 

potentially caused by changes in the S&P 500. In other words, a significant shock in the S&P 500 

may lead to balance sheet expansion through QE, followed by a feedback response into the S&P 500 
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again. Differing from the ADL model, the VAR model enables capturing this feedback from the S&P 

500 to the balance sheet while still producing unbiased estimates (Enders [2015]). The approach of 

modeling the QE effects on S&P 500 returns is structured as followed: 

1. Two ADL models are estimated based on pre and post-QE samples using monthly data. In 

these models, we also include a series of economic variables to examine changes in return 

determinants.  

2. An ADL model is estimated based on the post-QE weekly sample, excluding the economic 

variables due to their low frequency. 

3. A VAR model is estimated on both pre-and post-QE using the weekly frequency data. 

4. Impulse response functions are computed, illustrating how endogenous shocks affect the S&P 

500 returns and Fed balance sheet. 

4.1.1 Autoregressive Distributed Lag model 

We initiate the empirical testing with the ADL model to capture QE’s impact on the S&P 500 returns. 

Employing the ADL model enables consideration of potential delayed QE effects captured in the S&P 

500 as the returns can be regressed on both simultaneous and lagged values of the balance sheet. 

Since we rely on the flow effect, the model allows us to examine delayed effects from the weekly 

purchases made by the Fed. More specifically, it is expected that the QE flow effect is absorbed in 

the markets gradually as the liquidity is disbursed throughout the markets. Moreover, we include the 

economic variables, M2 money supply, London interbank overnight rate (LIBOR), and Industrial 

production (INDPRO) to examine changes in their association with the S&P 500 since the onset of 

QE. The ADL model takes the form:  

𝑦𝑡 = 𝑎0 +∑𝑎𝑖𝑦𝑡−𝑖

𝑝

𝑖=1

+∑𝑐𝑖𝑧𝑡−𝑖

𝑛

𝑖=0

+ 휀𝑡 (4.1) 

Where 𝑎0 is the return intercept and 𝑎𝑖 is the Autoregressive (AR) coefficient of 𝑦𝑡 =

𝑆&𝑃 500 𝑟𝑒𝑡𝑢𝑟𝑛𝑠. The  𝑐𝑖 coefficient constructs the combined transfer function estimating how 

changes in 𝑧𝑡 affects 𝑦𝑡. The error term 휀𝑡 is a white noise error process with conditional mean zero 

given all regressors and their lags (Enders [2015]). Moreover, 𝑧𝑡 represents the external regressors, 

such that the equations take the form: 
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𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑡 = 𝛼0 + 𝛼𝑖𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑡−𝑖⏟        
∑ 𝑎𝑖𝑦𝑡−𝑖
𝑝
𝑖=1

+ 𝛽𝑖𝑄𝐸𝑡−𝑖 + 𝛾𝑖𝑀2𝑡−𝑖 + 𝛿𝑖𝐿𝐼𝐵𝑂𝑅𝑡−𝑖 + 𝜃𝑖𝐼𝑁𝐷𝑃𝑅𝑂𝑡−𝑖⏟                                
∑ 𝑐𝑖𝑍𝑡−𝑖
𝑛
𝑖=0

+ 휀𝑡 (4.2)
 

𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑡 = 𝛼0 + 𝛼𝑖𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑡−𝑖⏟        
∑ 𝑎𝑖𝑦𝑡−𝑖
𝑝
𝑖=1

+ 𝛽𝑖𝑄𝐸𝑡−𝑖⏟    
∑ 𝑐𝑖𝑍𝑡−𝑖
𝑛
𝑖=0

+ 휀𝑡 (4.3)
 

Where equation 4.2 is a model of monthly returns, and 4.3 is a model of weekly returns. The models 

illustrate a generic version of the operational models without specifying the sum of lags, as 

insignificant lags will be removed when the models are estimated. The weekly model naturally holds 

a greater number of observations and allows for a more detailed estimation between the variables as 

more variance can be captured. 

The best-fitting models are found using backward elimination techniques to establish the most 

suitable combination of significant regressors and their lags. The General-to-specific (GETS) model 

is used to estimate the complete models through a three-step procedure. Foremost. a general 

unrestricted model (GUM) is constructed and passed through a series of diagnostic tests. Stage two 

is the process of backward elimination, where insignificant regressors are removed in an orderly 

fashion. The maximum number of 8 lags and significance level 10% is pre-specified, and each lag 

removal is validated against the diagnostic tests and parsimony against the GUM. The final step is 

selecting the best fitting model according to the information criteria AIC, in which the final 

parsimonious model is estimated (Pretis et al. [2018]). With the monthly data, we estimate 

parsimonious models based on both pre-and post-financial-crisis samples to examine the difference 

in the significance of the macroeconomic variables before and after QE. For the weekly model, we 

estimate the parsimonious model solely based on the post-crisis data as the focus is shifted towards 

QE’s impact on S&P 500 returns. We do, however, fit both pre-and-post samples to the model for 

comparison. 

4.1.2 Vector Autoregressive model 

A fundamental assumption in the ADL model is that the external regressors are exogenous such that 

the 𝑧𝑡 sequence is not dependent on 𝑦𝑡. In the presence of feedback, where 𝑦𝑡 and 𝑧𝑡 are dependent 

on each other, transfer function models such as the ADL are deemed insufficient. The VAR model 

solves this issue by letting the time path of the S&P 500 sequence be affected by current and past 

realizations of the balance sheet while simultaneously letting the time path of the Fed balance sheet 

sequence be affected by current and past realizations of the S&P 500 sequence (Enders [2015]). To 
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test for feedback, we perform a Granger Causality test which is essentially an F test of the null 

hypothesis that all lags of the variable 𝑧𝑡 included in the regression model do not have predictive 

power for 𝑦𝑡. A rejection of the null does not mean 𝑧𝑡 actually causes 𝑦𝑡, rather it is informative in 

predicting 𝑦𝑡. The test results indicate that both variables Granger cause each other deeming the VAR 

model appropriate (see Appendix 1). Empirical evidence and QE's purpose suggest that the balance 

sheet grows following large shocks in the economy, which is likely captured in the S&P 500. The 

expansion of the balance sheet will then distribute its impact back to the market resulting in the 

premise of the feedback effect. The VAR model enables testing this coinciding relationship while 

also examining how shocks in the S&P 500 impact the Fed’s response through balance sheet 

expansion/contraction. The below equations give the VAR model of the S&P 500 and Fed balance 

sheet: 

𝑦𝑡 = 𝛽10 + 𝛽11𝑦𝑡−1 +⋯+ 𝛽1𝑝𝑦𝑡−𝑝 + 𝛾11𝑧𝑡−1 +⋯+ 𝛾1𝑝𝑧𝑡−𝑝 + 휀1𝑡 (4.4) 

𝑧𝑡 = 𝛽20 + 𝛽21𝑦𝑡−1 +⋯+ 𝛽2𝑝𝑦𝑡−𝑝 + 𝛾21𝑧𝑡−1 +⋯+ 𝛾2𝑝𝑧𝑡−𝑝 + 휀2𝑡 (4.5) 

With the assumptions that the series 𝑦𝑡 = 𝑆&𝑃 500 and 𝑧𝑡 = 𝐹𝑒𝑑 𝑏𝑎𝑙𝑎𝑛𝑐𝑒 𝑠ℎ𝑒𝑒𝑡 are stationary, 휀1𝑡 

and 휀2𝑡 are uncorrelated white-noise disturbances with standard deviations σ𝑦 and σ𝑧 respectively 

(Enders [2015]). The β and γ represent the coefficients estimated for the S&P 500 and balance sheet 

using Ordinary Least Squares (OLS), respectively. 

A key element to consider when fitting a VAR model is the selected combination of variables and 

their associated lags. We ensure enough lags are included to capture the gradual impact on returns 

following the weekly asset purchases conducted through QE. However, the inclusion of each variable 

results in the loss of degrees of freedom equivalent to the number of lagged variables included in the 

model (Enders [2015]). Hence, we specify the VAR model solely with the S&P 500 and Fed balance 

sheet to make room for more freedom in the process of selecting the number of lags. Furthermore, 

the two-way association between the balance sheet expansion and returns is examined to understand 

how the two variables affect each other. The section is concluded with the employment of impulse 

response functions (IRF), allowing for the tracing of endogenous shocks applied to the variables 

contained in the VAR. In other words, the IRF is used as a vector moving average model enabling an 

impact test from shocks in the VAR system applied on the time-varying variables (Enders [2015]). 
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4.2 Modelling S&P 500 Volatility 

How has the Fed balance sheet expansion impacted volatility in the S&P 500? 

This subsection provides a brief background on the nature of volatility and how the well-known 

ARCH and GARCH models have commonly become the models of choice when examining volatility. 

Furthermore, we consider stylized facts of financial time series such as asymmetric distributions and 

leverage effects that provide direction for specifying the models. We employ both standard 

GARCH(1,1) models together with a GJR-GARCH(1,1) model accounting for distribution 

asymmetry to model the S&P 500’s conditional volatility. To appropriately answer the sub-research 

question, we regress the S&P 500 conditional variance on lagged values of the Fed balance sheet and 

compare results across the models. 

4.2.1 ARCH and GARCH processes 

The nature of return volatility as an unobserved variable can be modeled and interpreted in various 

ways. Its simplest form can be denoted as the standard deviation of returns estimated over fixed time 

frames (Engle [2001]). However, a challenge arises when specifying how the information is used to 

forecast the mean and variance of the return, conditional on the past data. The rolling standard 

deviation is calculated using a fixed number of the most recent observations in the series. It assumes 

that the variance of tomorrow’s return is an equally-weighted average of the squared residuals from 

the past days. The assumption of equal weights is seemingly too simple as we expect that more recent 

events would be more relevant and, therefore, should have higher weights. An alternative method of 

modeling the conditional variance in financial time series which solves the weight restriction is 

through the autoregressive conditional heteroskedasticity (ARCH) family of statistical processes 

(Engle [2001]).  

In conventional econometric models, the variance of the disturbance term 휀𝑡 is assumed to be 

constant. However, financial time series often exhibit periods of considerable variance followed by 

periods of relative tranquility. In these circumstances, the assumption of homoskedasticity is violated 

(Brooks [2014]). Engle [1982] developed a technique to simultaneously model the mean and variance 

of a series to account for this, namely through the autoregressive conditional heteroskedastic (ARCH) 

model. A simple model of ARCH order q with a constant mean is illustrated in equation 4.5. 
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𝑟𝑡 = 𝜇 + 휀𝑡 

휀𝑡 = 𝜎𝑡𝑧𝑡,    𝑧𝑡  ~ 𝑖𝑖𝑑 𝑁(0, 1) 

𝜎𝑡
2 = 𝜔 +∑𝛽𝑖휀𝑡−𝑖

2

𝑞

𝑖=1

(4.6) 

Where 𝑟𝑡 illustrates the series returns with 𝜇 being the mean expected return plus a white noise error 

sequence 휀𝑡. Also, note that 𝑧𝑡 can follow a variety of distributions, but for now, we assume a normal 

distribution. 𝜎𝑡
2 represents the variance equation ARCH(q) which shows that the variance in a given 

period depends on the magnitudes of the squared errors in the past q periods. Hence, the model can 

be used to estimate the series conditional variance. A common challenge with the ARCH model is 

that we will often detect a large number of significant lags in the conditional variance, making it 

challenging to implement in practice due to the possibility of model overfitting. 

Bollerslev [1986] extended Engle’s original work by developing a model that allows the conditional 

variance to be an Autoregressive Moving Average (ARMA) process rather than just an 

Autoregressive (AR) process by adding lagged terms of the conditional variance itself into the 

equation. The resulting product was the generalized autoregressive conditional heteroskedastic 

model, also known as the GARCH model. We follow the same assumption as in equation 4.5 to 

illustrate a standard GARCH(p,q) model with p representing the ARCH- and q, the GARCH term. In 

other words, p denotes the lags of the squared residuals while q denotes lags in the conditional 

variance. 

𝜎𝑡
2 = 𝜔 +∑𝛼𝑖휀𝑡−𝑖

2

𝑝

𝑖=1

+∑𝛽𝑗𝜎𝑡−𝑗
2

𝑞

𝑗=1

(4.7) 

As illustrated in equation 4.6, the GARCH(p,q) model allows for both autoregressive and moving 

average components in the heteroscedastic variance. Note that for the series to be stable and 

covariance-stationary, it’s assumed that 𝛼 + 𝛽 ≤ 1 since the long run or unconditional variance can 

be defined as 𝜎2 = √
𝜔

(1−𝛼−𝛽)
. Since (1 − 𝛼 − 𝛽, 𝛽, 𝛼) represent the parameter weights, it’s also 

assumed that these are strictly positive, i.e., (𝛼 > 0, 𝛽 > 0, 𝜔 > 0), which leads to the concluding 

assumption that 𝜎𝑡
2 ≥ 0 (Engle [2001]). In essence, the model is still a weighted average of past 
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squared residuals, but the weights are declining without ever ultimately reaching zero. As a result, 

the benefits of the GARCH model come from the fact that a higher-order ARCH model likely has a 

more parsimonious GARCH representation that is much easier to identify and estimate, solving for 

the large order issue in the original ARCH (Enders [2015]).  

The widely regarded GARCH (1,1) model is generally sufficient in capturing the conditional variance 

of financial time series. Since we look for a parsimonious model, we likely reap the benefits of this 

generalization without the risk of underfitting the model (Enders [2015]). From comparing a series 

of standard S&P 500 GARCH models of different orders, information criteria indicate the 

GARCH(1,1) is indeed the best fit of the bunch. Thus, for the remainder of the section, we will refer 

to this as the base model stated below in equation 4.7. 

𝑟𝑡 = 𝜇 + 휀𝑡 

𝜎𝑡
2 = 𝜔 + 𝛼휀𝑡−1

2 + 𝛽𝜎𝑡−1
2 (4.8) 

Although this particular model is essentially forecasting a single period conditional variance, 

multiperiod forecasts are conducted based on previous forecasts through repetition, by which we can 

construct the entire in-sample volatility series. 

Asymmetric characteristics and the leverage effect 

We have so far established the power and versatility of the standard GARCH model. However, we 

have yet to discuss some features in the data that violate some critical assumptions in the standard 

model. Detailed under the maximum likelihood estimation (see Appendix 2), the premise of normally 

distributed residuals is often violated, resulting in asymmetric distributions of errors and the so-called 

leverage effect (Brooks [2014]). The asymmetry features are derived from the stylized fact that 

positive and negative shocks of equal magnitude have different impacts on volatility (Caporin and 

McAleer [2008]). The leverage effect refers to the observed tendency of an asset’s volatility to be 

negatively correlated with an asset’s return, i.e., negative returns are accompanied by increasing 

volatility and vice versa (Aït-Sahalia et al. [2013]). Black [1976] developed an economic 

interpretation of how a decrease in asset prices mechanically increases the leverage ratio as equity is 

depleted while the debt value remains constant. With this increase in the leverage ratio, the asset 

naturally becomes riskier and more volatile (Aït-Sahalia et al. [2013]). However, the hypothesis has 

been debated, and due to the sheer magnitude of the leverage effect, it is deemed unlikely that 

financial leverage alone accounts for the effect. Establishing the drivers of the leverage effect is 
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outside the scope of this paper. We merely rely on the observations of the leverage effect in the data 

when specifying the models.  

Following the clarified distinction between asymmetry and leverage, it’s important to note that as a 

matter of model design, few conditional volatility models allow for leverage effects as this requires a 

negative ARCH effect which contradicts theory and violates one of the key assumptions in the 

GARCH model (Caporin and McAleer [2008]). Details surrounding these stylized facts and how to 

deal with them will be covered under the specific model of interest.  

Model selection and misspecification tests 

Before the volatility model can be estimated, the mean model: 𝑟𝑡 = 𝜇 + ∑ 𝛽𝑖𝑟𝑡−𝑖
𝑝
𝑖=1 + 휀𝑡 has to be 

specified. The best-fitting ARMA model is identified through the Box-Jenkins methodology, where 

the appropriate mean model is selected. Enders [2015] describes a well-specified model to be (i) 

parsimonious, (ii) has coefficients that imply stationarity and invertibility, (iii) fits the data well, (iv), 

has residuals that approximate a white-noise process, (v) has coefficients that do not change over the 

sample period, and (vi), has good out-of-sample forecasts. When a battery of model candidates is 

specified, we compare the different models based on the information criteria (AIC), which should be 

minimized in the best fitting model. The method suggests an ARMA(0,1) or MA(1) be the most 

appropriate mean model. However, since we’re only interested in how external regressors affect 

conditional volatility, there is no need to complicate the mean model as it should not significantly 

affect the conditional variance. Hence, we estimate the mean model in its simplest form, namely an 

ARMA(0,0) or a constant mean model: 𝑟𝑡 = 𝜇 + 휀𝑡. 

When specifying the variance equation, we use the same methodology as in the mean model. More 

considerably, we also conduct tests to ensure the model does not suffer from serially correlated 

standardized residuals and standardized squared residuals using the Ljung-Box test along with a test 

to determine the distribution of errors (Enders [2015]). Furthermore, the AIC of different specified 

models is compared where the minimized criteria value is used to proceed with the best fitting model. 

For all the GARCH models estimated, we use variance targeting to alleviate the numerical difficulties 

encountered. Essentially, we define the variance equation intercept 𝜔 as the unconditional variance 

to relieve the model from having to estimate it. Francq et al. [2011] suggest variance targeting to be 

exceptionally good for estimating Value at Risk, which will be utilized later in the thesis. 

Additionally, the AIC is minimized on all models compared to those estimated with standard quasi-

maximum likelihood.  
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4.2.2 GJR-GARCH model 

Following the background and composition of ARCH and GARCH models, we divert to the primary 

model estimated in this paper to answer if and how unconventional monetary policy has affected the 

volatility in the S&P 500. 

A commonly known and often preferred model used to incorporate asymmetric volatility is the GJR-

GARCH, developed by Glosten et al. [1993]. Compared to another popular model, the EGARCH, the 

GJR-GARCH can model the variance directly without using natural logarithms as done in the 

EGARCH, making for a simpler model to implement in practice. Additionally, when comparing the 

two models to our series, the GJR-GARCH fits the data better based on information criteria 

comparisons. Later in the paper, we will also be looking at how the impact from changes in the Fed 

balance sheet affects Value at Risk measures which, according to other studies, is best modeled 

through the GJR-GARCH (e.g., Liu & Hung, [2010]; Zhang et al. [2017]). The specific model that 

will be applied is a GJR-GARCH(1,1) supplemented with an external regressor of lagged variables 

of the Fed balance sheet giving a GJR-GARCH(1,1)-X model displayed in equation 4.9. 

𝜎𝑡
2 = 𝜔 + (𝛼 + 𝛾𝐼𝑡−1)휀𝑡−1

2 + 𝛽𝜎𝑡−1
2 +∑𝛿𝑗𝑋𝑡−𝑗

𝑛

𝑗=0

(4.9) 

Where: 

𝝈𝒕
𝟐: The estimated conditional variance. 

𝝎: Intercept for the variance. 

𝜶: Coefficient for the ARCH term. 

𝜺𝒕−𝟏
𝟐 : Lagged squared residuals (ARCH term). 

𝜸𝑰𝒕−𝟏: Asymmetry dummy with coefficient 𝛾. 

𝜷: Coefficient for the GARCH term. 

𝝈𝒕−𝟏
𝟐 : Lagged estimated conditional variance (GARCH term). 

𝜹𝒋: Coefficient for external regressors that make up the transfer function showing how 

changes in 𝑋𝑡−𝑗 affects 𝜎𝑡
2. 
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𝑿𝒕−𝒋: Logarithmic growth rate of the Fed’s balance sheet with n lags. 

The dummy variable 𝐼𝑡−1 is activated by negative shocks (휀𝑡−1 < 0) which in this case becomes 

(𝑟𝑡−1 < 𝜇) since the model assumes a zero-constant mean, allowing the model to account for the 

asymmetry explained in the previous section. 

𝐼𝑡−1 ≔ {
0   𝑖𝑓 𝑟𝑡−1 ≥ 𝜇
1   𝑖𝑓 𝑟𝑡−1 < 𝜇

 

From equation 4.9, it’s shown that (𝛾 + α) captures the negative shocks in the returns, and it should 

be clear from these assumptions that the model becomes a standard GARCH(1,1)-X in the cases of 

positive shocks as this is captured by α alone due to 𝛾𝐼𝑡−1 = 0 (Dahlvid and Granberg [2017]). As 

explained in the previous section, the GJR-GARCH model may be asymmetric but is unlikely to 

exhibit leverage effects as this would require a negative ARCH effect. This would essentially be 

violating the GARCH model assumption of (𝛼 > 0, 𝛽 > 0, 𝜔 > 0) and contrary to most empirical 

findings in the financial econometric literature (Caporin and McAleer [2008]). However, the focus of 

this paper is not on this matter, and we are only concerned about the reliability of the model. By 

restricting the ARCH coefficient to 𝛼 > 0, we may not capture the leverage effect. However, we can 

still capture the predicted asymmetry and ensure a positive conditional variance over the entire sample 

without necessarily affecting the coefficient of interest being the external regressor of the Fed balance 

sheet.  

4.3 Modelling S&P 500 Value at Risk 

How have risk measures in the S&P 500 changed since the introduction of QE? 

Until this point, we have to a large degree, followed existing literature in the context of the two 

preceding sub-research questions. We now shift the focus towards the potential consequences of QE’s 

volatility suppression in equity markets, which is scarcer in the existing literature. We, therefore, 

suggest an approach of comparing stylized facts in the S&P 500 before and after the introduction of 

QE. Furthermore, we introduce a distributed lag model to measure QE’s effect on the S&P 500’s 

estimated Value at Risk. 
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4.3.1 Evidence from the data 

To get a fundamental understanding of how risk in the S&P 500 has changed over time, we examine 

the actual data over different time frames. Distribution properties such as kurtosis and skewness tell 

us something about the frequency of positive/negative returns, the magnitude of these, and the 

probability of occurrence. Hence, probability density function plots of daily S&P 500 returns are 

employed at different sample periods and descriptive statistics to examine the features pre and post 

the QE environment.  

Furthermore, we estimate a daily Value at Risk series of the S&P 500 from 1985-2021 and analyze a 

visual plot to supplement the distribution plots. Value at Risk is a statistic measuring and quantifying 

the level of financial risk in a specific asset over a given time frame. Hence, a Value at Risk model 

determines the potential loss in the assessed asset and the probability of occurrence for the amount of 

loss. As explained in the preceding volatility section, we observe that returns often exhibit time-

varying volatility. Hence, estimating Value at Risk based on the realized standard deviation that 

assumes constant daily variance is likely to misestimate the statistic. We, therefore, follow the same 

intuition as in the volatility chapter and estimate a GARCH(1,1) model to capture the conditional 

volatility. We specify a standard GARCH(1,1) with a student t-distribution which takes the form: 

𝜎𝑡
2 = 𝜔 + 𝛼휀𝑡−1

2 + 𝛽𝜎𝑡−1
2 (4.10) 

Hence the Value at Risk is expressed as: 

𝑉𝑎𝑅(𝑎) = 𝜇 + 𝜎𝑡|𝑡−1 ∗ 𝐹
−1(𝑎) (4.11) 

Where: 

μ: Mean S&P 500 returns. 

𝝈𝒕|𝒕−𝟏: Conditional standard deviation given the information at 𝑡 − 1.20 

𝑭−𝟏: Inverse PDF function of the student t-distribution.21 

The PDF defines the probability distributions, i.e., the probability of an outcome. Hence when 

specifying 5% Value at Risk, we estimate the maximum return loss with a 5% probability of 

 
20 𝜎𝑡|𝑡−1: Derived from the square root of the conditional variance estimated from the GARCH(1,1). 
21 PDF: Probability density function. 
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occurrence based on empirical returns in a given time frame. This thesis examines the daily 1%, 5%, 

and 10% Value at Risk over the time frame 1990-2021. 

4.3.2 Distributed Lag model 

Analyzing the data characteristics and stylized facts provides good information of changes in risk 

patterns over time. However, it does not allow us to conclude on what factors are associated with 

these changes. Essentially, we aim to test if there is a relationship between QE and increased tail risk 

in the S&P 500. To do this, we employ a distributed lag model where we regress the differenced 

Value at Risk series onto lagged values of the Fed balance sheet and S&P 500 returns to construct the 

following model: 

𝑦𝑡 = 𝑎0 +∑𝑐𝑖𝑧𝑡−𝑖

𝑛

𝑖=0

+ 휀𝑡 (4.12) 

Where:  

𝒚𝒕: Differenced Value at Risk (VaR). 

𝒂𝟎: Value at Risk intercept. 

𝒛𝒕−𝒊: Regressors (S&P 500 returns + QE) 

𝒄𝒊: Coefficient that makes up the combined transfer function from changes in 𝑧𝑡  

𝜺𝒕: White noise error term. 

Yielding the functional equation: 

𝑉𝑎𝑅𝑡 = 𝛼0 + 𝛼1𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑡−1 +⋯+ 𝛼𝑖𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑡−𝑖 + 𝛽1𝑄𝐸𝑡−1 +⋯+ 𝛽𝑖𝑄𝐸𝑡−𝑖 + 휀𝑡 (4.13) 

To test whether there has been a change in equity risk since the introduction of QE, we estimate the 

model using 1%, 5%, and 10% Value at Risk and compare pre-and post-financial-crisis samples. 

Estimating the different Value at Risk levels lets us examine the distinct impact QE may have on 

large, medium, and small market corrections. Hence, the resulting output provides information on 

how the equity risk spectrum has changed since the inception of QE.
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5.   Data 

The dataset utilized in the empirical study includes two primary variables besides a set of economic 

variables using both month-to-month and weekly frequency data contingent on the specific model, as 

outlined in the methodology section. 

Table 5. 1 Variables 

Variables Description Data source 

S&P 500 Index Equity index of 500 major corporations in the U.S Yahoo Finance [2021] 

Fed Balance sheet Assets held outright by the Federal Reserve FRED [2021a] 

M2 Measure of U.S money supply FRED [2021b] 

LIBOR London Interbank Offered Rate (USD) FRED [2021c] 

Industrial production Industrial output in the U.S. FRED [2021d] 

 

The primary variables employed throughout this thesis are the S&P 500 index and the Fed balance 

sheet. Additional regressors such as Industrial Production and the 3-month (USD) LIBOR are used 

as economic indicators to consider changes in the S&P 500 determinants and avoid possible omitted 

variable bias. We use industrial production instead of GDP, given its monthly incurrence. As with 

GDP, we would need to appraise at a quarterly recurrence which would significantly lessen the 

number of observations and variance. The short-term LIBOR rate can also be viewed as a proxy for 

the Fed Funds Rate, given its mirroring properties and is indicative of changes in conventional 

monetary policy exercised by the Fed. The M2 money supply is a supplementary representation for 

Fed interference.22 Since QE is conducted through the printing of money, followed by liquidity 

disbursements through QE, we expect the effects to be reflected in the M2 money supply (see 

 
22 The M2 money supply measures cash, checking deposits, savings deposits, money market securities, mutual funds and 

other time deposits in the U.S.  
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Appendix 3). All data is retrieved from Yahoo! Finance and the Federal Reserve Bank of St. Louis 

(FRED), and the complete data set runs from 2003 to 2021 and is structured accordingly: 

• Pre-financial-crisis: 01/10/2003 – 27/08/2008 

• Post-financial-crisis: 03/09/2009 – 01/03/2021 

The structure is determined by the onset of QE so that no QE effects are present in the pre-financial-

crisis period. The monthly pre-crisis sample encounters a low number of observations contrasted with 

the post-crisis time frame, 60 versus 147, respectively. Testing with weekly observations permits us 

to catch much more variance with 257 and 652 observations for the pre-and post-samples. This is the 

maximum number of observations we can obtain as we are restricted to the accessible data on the fed 

balance sheet, which only dates to 2002. 

5.1 Main Variables 

This thesis utilizes the S&P 500, being a weighted measurement of 500 large U.S companies, as the 

dependent variable to represent the US stock market. The index being both well diversified and well 

regarded as an equity market benchmark makes it a suitable variable to capture economy-wide events 

such as stock market booms and recessions. The S&P 500 series displays a characteristic upward 

trend with a few protruding events in 2008, 2018, and 2020 corrections, where the financial crisis in 

2008 and the 2020 pandemic illustrates the measures taken by the Fed as seen in the expanding 

balance sheet. 

For the QE variable, we use the Fed balance sheet consisting of total assets held by the Federal 

Reserve, most of which are US Treasuries and Mortgage-Backed Securities. An evident shift can be 

seen in 2008 when the Fed launched the first round of QE (QE1) to support the damaged economy, 

which can be seen in line with the significant downfall of the S&P 500. The following periods 

illustrate QE2 and QE3, which purposely promoted economic and financial market growth. In 2020, 

credit markets reached a deadlock, and QE4 was initiated, being the most extensive program to date. 

The complete series displays an upward trend with the outlined key expansions, as stated above. 
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Figure 5. 1 Entire sample level series of S&P 500 and Fed Balance Sheet 

Note: This figure displays the S&P 500 index (black line) level series development from December 2002 

until February 2021, measured on the left axis. The right axis illustrates the development of the Fed’s 

balance sheet in trillion dollars over the same period (grey line).  

5.2 Data Preparation 

A crucial component to consider when conducting time-series regressions is that all the series 

contained in the model are deemed stationary. Stock and Watson [2015] defines a series to be 

stationary if its probability distribution remains constant over time, that is, if the joint distribution of 

(𝑌𝑠+1, 𝑌𝑠+2,…, 𝑌𝑠+𝑡) does not depend on s regardless of the values of 𝑇.  For all the models estimated 

in this thesis, we require the variables to only be covariance-stationarity as is the case if the series 

mean and autocovariance does not change over time (Enders [2015]). As illustrated in figure 5.1, it 

is illustrated that both series violate these assumptions. Autocorrelation functions (ACF) and Partial 

(ACF) provide additional support for non-stationarity with slowly decaying significant 

autocorrelation (see Appendix 4). An augmented dickey fuller (ADF) test is conducted to test for 

stationarity on all the variables. The null hypothesis of no unit root present is rejected in all series 

based on the comparison of t-statistics and the dickey fuller critical value, which means the series is 

non-stationary (see Appendix 5). 

Furthermore, a Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test is conducted to ensure there are no 

doubts when examining stationarity properties. The null hypothesis of stationarity is rejected for all 

the series, confirming all variables to be non-stationary (see Appendix 6). To ensure stationarity, the 
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variables are transformed as outlined below in table 5.2. The differenced variables represent the 

growth rates of the respective series and will be the functional variables used in the models. 

Table 5. 2 Stationary variables 

Variable Derived from: 

𝒚 𝑺&𝑷 𝟓𝟎𝟎 Δlog(S&P 500) 

𝒙 𝑭𝑬𝑫 Δlog(Fed balance sheet) 

𝑥 𝑀2 Δlog(M2 money supply) 

𝑥 𝐿𝐼𝐵𝑂𝑅 Δ(LIBOR) 

𝑥 𝐼𝑁𝐷𝑃𝑅𝑂 Δlog(Industrial production) 

 

Figure 5.2 below displays the S&P 500 and Fed balance sheet logarithmic growth rates, which 

indicates the typical characteristics of a stationary series with a constant autocovariance and mean. 

We follow the same methodology when testing for stationarity as detailed above, where all tests and 

ACF plots indicate stationarity for the growth rates in table 5.2 (see Appendix 7). 

 

Figure 5. 2 Logarithmic returns of the S&P 500 index 

Note: This figure displays the logarithmic differenced series of the S&P 500 (top) and the Fed balance sheet 

(bottom) from 2002 until 2021.  
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5.3 Latent Variables 

In addition to the variables used from the gathered data, we construct the latent variables applied in 

the volatility-based models displayed in table 5.3. 

Table 5. 3 Latent variables 

Variables Description 

S&P 500 Volatility Conditional variance estimated from S&P 500 GARCH 

Value at Risk  Estimated from the S&P 500 GARCH 

 

Furthermore, an indication of time-varying variance in the S&P 500 return structure is evident by 

significant autocorrelation in the squared values of the returns. Figure 5.3 below illustrates the 

associated autocorrelation statistics for squared returns up to the 29th-week lag. As outlined in the 

methodology, this higher-ordered dependence can be modeled to construct the conditional variance 

of the series. Figure 5.4 illustrates the conditional standard deviation estimated from the GJR-

GARCH(1,1), fitted on squared returns of the S&P 500 across the entire sample period.  

 

Figure 5. 3 ACF of squared S&P 500 returns 

Note: This figure displays the autocorrelation of squared S&P 500 absolute returns. The vertical axis 

measures the correlation coefficients, and the horizontal axis illustrates weekly lags. 
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Figure 5. 4 GARCH volatility 

Note: This figure displays the S&P 500 daily conditional volatility (blue) fitted with absolute returns (grey), 

also referred to as the unconditional volatility. The vertical axis measures standard deviation, and the 

horizontal axis shows time.
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6.   Results 

This chapter presents and interprets our main findings from the models to answer the three problem 

statements. The common theme throughout all the models is how QE has impacted the S&P 500 since 

the policy onset in 2009. We use the Fed balance sheet as the QE regressor and consider its impact 

on returns, volatility, and Value at Risk in the S&P 500. The chapter opens with an interpretation of 

our results regarding how the Fed’s balance sheet has impacted S&P 500 returns using ADL models 

and a VAR model. Subsequently, we divert to how the Fed’s balance sheet has impacted volatility in 

the S&P 500 index, where the resulting GARCH models are presented. Lastly, we report our findings 

on how tail risk in the S&P 500 has changed since the great financial crisis by analyzing stylized facts 

in the data. Additionally, we present the DL model where QE’s impact on S&P 500 Value at Risk is 

estimated. Throughout the results, we compare both pre-and post-financial-crisis samples and 

conclude the chapter with a robustness section. 

6.1 QE and S&P 500 Returns 

The following section provides results from a series of conditional mean models aiming to capture 

the relationship between the Fed’s Balance Sheet and S&P 500 returns. We commence the results 

with the monthly ADL models, including macroeconomic regressors, followed by a weekly model 

composed of the Fed balance sheet and S&P 500 solely. Furthermore, we estimate a VAR model 

composed of the S&P 500 and the Fed balance sheet to account for the assumption that the two 

variables may be endogenous. All models in this section aim to answer how QE has affected S&P 

500 returns since the inception of the policy. 
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6.1.1 ADL models 

ADL Monthly 

As described in chapter 4, we use a general-to-specific (GETS) methodology to estimate the models 

that best fit the data, referred to as the parsimonious model, displayed in Table 6.1 below. Due to the 

inclusion of economic regressors such as LIBOR, INDPRO, and M2, we estimate two separate 

models based on which combination of lagged regressors best explain the S&P 500 returns in each 

sample period. Hence, the resulting output illustrates both QE’s impact on returns and how the 

return’s associated drivers have changed since the financial crisis. More specifically, Model 1 is the 

parsimonious model based on the pre-financial-crisis sample, and to compare, we fit the same 

regressors to the post-crisis sample. In contrast, Model 2 is the parsimonious model based on the post-

crisis sample, and similarly, we apply the selected regressors to the pre-financial-crisis sample to 

compare the difference. 

We first consider the results in Model 2 in table 6.1, being the model based on the post-crisis sample. 

The AR coefficients (S&Pt-i) are not of interest in this paper other than fitting the models. Hence, they 

will not be discussed in-depth. We do, however, observe an interesting transition in the Fed balance 

sheet variable (FEDt-i). The estimated parameters for the conditional mean equation indicate that QE 

has played a significant role in boosting returns in the S&P 500 since its inception in 2009. The 

findings are consistent with existing literature which shows that QE has been a substantial driver of 

equity returns since the financial crisis (e.g., Al-Jassar and Moosa [2018]; Joyce et al. [2010]; Priftis 

and Vogel [2017]; Villanueva [2015]). More specifically, we observe that the 1-month lagged balance 

sheet change (Fedt-1) is significant at the 0.1% level with a coefficient of 0.643, implying a 1% 

increase in the balance sheet is associated with a 0.64% increase in S&P 500 returns post-financial-

crisis. In other words, from the purchase date, it takes roughly one month for the stock market to react 

to the liquidity injections on average. Not only is the coefficient statistically significant, but we would 

argue that it is also highly economically significant given the magnitude of the coefficient. Pre-

financial-crisis we find no significant relationship between the balance sheet and S&P 500 returns, 

making sense as the balance sheet grew insubstantially before the onset of QE in 2009. 

Shifting focus towards the economic regressors, we notice a significant shift in the M2 variable. Pre-

financial-crisis, M2 had no predictive power on the S&P 500 returns, while post-financial-crisis, the 

contemporaneous relationship turns negative with the M2 coefficient displaying -2.63 at 0.1% 

significance. We previously explained how to interpret the M2 money supply concerning the liquidity 
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provision into the economy, which appears to have a negative effect on the S&P 500. A justification 

for believing that the M2 money supply is not a good variable to explain S&P 500 returns is that 

Fed’s asset purchases are only one of many factors captured in the M2 expansion. Moreover, another 

consideration is that the money supply captured in M2 does not diminish; instead, the growth rate 

changes over time, making it less beneficial when considering it as a policy proxy. 

Moreover, when examining model 1 in table 6.1, the Fed balance sheet variable (FED) is excluded 

due to its insignificance as this model is the parsimonious model based on the pre-financial-crisis 

sample. However, we notice a significant shift in Industrial Production (INDPRO’s) effect on the 

S&P 500, as seen when comparing the sample periods under model 1 pre-financial-crisis, the two-

month lag of industrial production is a significant driver of the S&P 500 returns with a coefficient of 

1.766 at 0.1% significance. However, this relation is insignificant post-crisis. In comparison, we see 

in model 2 that the post-crisis relationship is negative and highly significant with a coefficient of -

1.015 for the five-month lag INDPRO (INDPROt-5). A rational explanation of the unstable INDPRO 

coefficient could be that the financial markets have become less interlinked with the real economy. 

Evidence suggests that a significant portion of QE’s effects is absorbed in the financial markets rather 

than the real economy (Balatti [2018]).  

Furthermore, when considering the LIBOR coefficients across both models, the aggregate results 

suggest LIBOR is positively and significantly associated with S&P 500 returns pre-financial-crisis 

and significantly negative post-crisis. Note that the pre-financial-crisis sample only dates back to 

2002, so the term “pre”-crisis is relative, and the period may contain events that cause biased 

coefficients due to the small sample size. Nonetheless, the results may indicate that conventional 

monetary policy has also become a more prominent determinant in equity markets as more emphasis 

is put on the Fed in general (Drechsler [2017]). 

From comparing the two models, we obtain the following takeaways. We find significant evidence 

that QE is associated with increasing returns in the S&P 500. We also observe a change in the 

importance of macroeconomic variables’ role in explaining equity returns since the financial crisis. 

This is further indicated by comparing the R2 from each parsimonious model. That is, model 1 (pre-

crisis) effectively explains almost double the variance of S&P 500 returns to that of model 2 (post-

crisis) with an R2 of 0.45 and 0.26, respectively. The purpose of including the macroeconomic 

variables is to control for omitted variable bias once we remove them for the remainder of the result 

section due to their low frequency. However, their inclusion provides indicative evidence of how 
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stock market drivers have changed since the financial crisis and QE onset. As interesting as the 

findings around the economic variables are, they are outside the scope for further analysis. 

Table 6. 1 ADL models (monthly data) 

    𝒀𝒕 = S&P 500 log Returns 

    Model 1 Model 2 

Regressors  Pre Crisis Post Crisis Pre Crisis Post Crisis 

S&Pt-1 
 - - 0.084 -0.174' 
 - - (0.113) (0.091) 

FEDt-1 
  - - -0.318 0.643*** 

  - - (0.436) (0.110) 

M2t-0 
 - - 1.124 -2.637*** 
 - - (0.865) (0.435) 

LIBORt-1 
  - - 0.028*** -0.075* 

  - - (0.007) (0.035) 

LIBORt-4 
 - - 0.012 0.037 

 - - (0.007) (0.028) 

INDPROt-5 
  - - -0.110 -1.015*** 

  - - (0.770) (0.202) 

INDPROt-7 
 - - -0.720 -0.051 
 - - (0.523) (0.306) 

INDPROt-8 
  - - 0.370 0.520 

  - - (0.622) (0.380) 

S&Pt-2 
 -0.217* -0.131' - - 

 (0.103) (0.073) - - 

S&Pt-3 
  -0.230* -0.097' - - 

  (0.099) (0.050) - - 

S&Pt-7 
 -0.255* -0.004 - - 

 (0.104) (0.061) - - 

INDPROt-2 
  1.766*** 0.038 - - 

  (0.347) (0.305) - - 

LIBORt-0  0.029** -0.121*** - - 

 (0.009) (0.029) - - 

LIBORt-1 
  0.024* 0.033 - - 

  (0.009) (0.052) - - 

LIBORt-2  -0.034*** -0.025 - - 

 (0.006) (0.022) - - 

LIBORt-5 
  0.042*** -0.006 - - 

  (0.007) (0.020) - - 

Constant 
  -0.142 1.209*** -0.148 2.097*** 

  (0.330) (0.325) (0.552) (0.325) 

Observations  53 139 52 138 

Adj. R2   0.452 0.086 -0.006 0.26 

Robust standard errors in parentheses   
' p<0.10, *p<.05, **p<0.01, ***p<0.001   

Note: This table displays the results of the ADL regressions of the monthly log change of the S&P 500 index 

on lagged values of itself and the log change in the Fed’s balance sheet. Other regressors consist of lagged 

values of Industrial production (INDPRO), M2 money supply (M2), London interbank offered rate 

(LIBOR). Model 1 on the bottom left is the parsimonious model based on the pre-financial-crisis sample. 

Model 2 on the top right is the parsimonious model based on the post-crisis sample. Each model is fitted 

with both pre-and post-financial-crisis samples. 
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ADL Weekly 

After establishing a relationship between QE and the S&P 500 and observing how the driving forces 

of macroeconomic variables have changed since the crisis, we alter the model to only focus on QE’s 

impact on returns. Modeling at weekly frequency, we obtain similar results as the monthly model but 

in much greater detail, suggesting that omitting the macroeconomic variables does not affect the 

balance sheet coefficient (FEDt-i). Differing from the monthly model, we estimate the parsimonious 

model based only on the post-crisis sample and fit the same model with the pre-crisis sample for 

comparison. 

Consistent with the monthly model, the estimated parameters in table 6.2 indicate that QE has played 

an essential role in explaining S&P 500 returns since the financial crisis. The 1-month lag seen in the 

monthly ADL model remains impactful both statistically and economically in the weekly model. The 

contemporaneous effect in FEDt-0 suggests an immediate negative response to QE purchases with a 

coefficient of -0.19 significant at the 10% level. Furthermore, we observe a lagging impact three 

weeks post-balance-sheet change with a coefficient of 0.268 significant at the 1% level. The QE flow-

effect seems to have the most considerable impact four weeks after the purchases with a coefficient 

of 0.305 at 0,1% significance. In aggregate, this projects an impact close to what is observed in the 

monthly model. The findings are consistent with Joyce et al. [2010] and can be interpreted as follows: 

The signaling effect QE proposes can explain the immediate negative response in returns as investors' 

perception of the economic outlook may be dampened. Furthermore, as liquidity is distributed 

throughout the markets, Treasury yields with longer tenors are lowered, causing future earnings to be 

discounted at lower rates, positively impacting equity valuations (Balatti [2018]). In this scenario, 

bonds and stocks can be viewed as competing asset classes, where a decrease in bond yields forces 

investors to allocate more capital into the equity market. The aggregate results align with those of the 

monthly model, where the offsetting effect between the first and third week could explain why we do 

not observe a contemporaneous impact in the monthly model. 
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Table 6. 2 ADL model (weekly data) 

    𝒀𝒕 = S&P 500 logReturns 

    Weekly frequency 

Regressors   Pre Crisis Post Crisis 

S&Pt-1 
 -0.139' -0.074' 
 (0.083) (0.041) 

S&Pt-4 
  0.028 -0.063 

  (0.069) (0.041) 

S&Pt-8 
 0.056  0.101** 
 (0.075) (0.036) 

FEDt-0 
   0.085 -0.190' 

  (0.099) (0.111) 

FEDt-3 
 -0.022 0.268** 

 (0.151) (0.087) 

FEDt-4 
  0.019 0.305*** 

  (0.112) (0.074) 

FEDt-7 

 0.113 -0.232 

  (0.118) (0.141) 

Constant 
  0.071 0.206* 

  (0.103) (0.085) 

Observations 249 644 

Adj. R2   0.002 0.066 

Robust standard errors in parentheses  
' p<0.10, *p<.05, **p<0.01, ***p<0.001 

Note: This table displays the results of the ADL regressions of the weekly log change of the S&P 500 index 

on lagged values of itself and the log change in the Fed’s balance sheet. The model is the parsimonious 

model based on the post-crisis sample, fitted with both pre-and post-financial-crisis samples. 

6.1.2 VAR model 

As considered in the methodology section, it could be the case that there is a two-way relationship 

between the S&P 500 and the Fed balance sheet, resulting in feedback effects, which would violate 

the assumption of exogenous regressors. A granger causality test suggests this might be the case, 

leading us to the VAR model in table 6.3 below. Similar to the ADL weekly model, we omit the 

economic regressors to obtain the highest possible frequency. As there are no significant coefficients 

from the external regressors in the pre-crisis sample, we only discuss the post-crisis sample in the 

righthand columns. The section is concluded with an impulse response function to illustrate how the 

two equations respond to endogenous shocks. 

Displayed in table 6.3 and consistent with the ADL model, it is observed how the S&P 500 post-crisis 

is affected four weeks into the cycle with a 0,34% increase in returns associated with a 1% increase 

in the balance sheet. The results align with Villanueva [2015], who implements a VAR model to 
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examine endogenous QE shocks and finds that the shocks significantly impact the S&P 500 returns 

positively. Similar results are found across the literature, such as Balatti [2018], who constitutes QE 

shocks to be a substantial driver of equity markets. Differing from the ADL, the 3rd-week lag is 

significant at the 10% level in the VAR model compared to 1% in the ADL. However, both 

coefficients of the 3rd and 4th lags are consistent with the ADL model in magnitude, and we face an 

interpretation of standard-error validity. The consistency in the coefficients between the two models 

may suggest that the balance sheet could be exogenous or weakly-exogenous in the equation, deeming 

the ADL reasonably reliable. 

When examining the balance sheet equation, the model reveals that a 1% increase in the S&P 500 

returns should reduce the balance sheet by 0.09% in the third week at the 1% significance level. A 

similar relationship is observed in the four-week lag, however, at a lower significance level. The 

results suggest that Fed accommodates the returns by either tapering down or reducing the purchase 

levels approximately three to four weeks following the observed returns. Additionally, a positive 

effect within the seven-week lag is observed with a coefficient of 0.056 at the 5% significance level. 

Although the coefficients are statistically significant, they are not economically significant, given 

their size. In other words, increasing S&P 500 returns are associated with reducing the balance sheet 

but without economic significance. It is also worth mentioning that the nature of the two variables 

differs quite a lot. The balance sheet mainly follows a predetermined policy plan and does not respond 

to changes in the S&P 500 in the same way as vice versa. Therefore, we are careful to make such 

conclusions given the evidence we have. 
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Table 6. 3 VAR model 

    Weekly frequency 

    Pre-Crisis Post-Crisis 

    VAR Equations  VAR Equations  

Regressors   Yt = S&P 500 Yt = Balance Sheet Yt = S&P 500 Yt = Balance Sheet 

S&Pt-1 
 -0.123' 0.067* -0.059 -0.058 
 (0.073) (0.033) (0.076) (0.044) 

FEDt-1 
  -0.078 -0.595*** 0.011 0.364*** 

  (0.144) (0.083) (0.129) (0.102) 

S&Pt-2 
 0.084 0.019 -0.013 -0.038 
 (0.073) (0.032) (0.060) (0.041) 

FEDt-2 
  -0.041 -0.324*** 0.073 -0.081 

  (0.153) (0.089) (0.147) (0.080) 

S&Pt-3 
 0.020 0.021 0.028 -0.090** 

 (0.080) (0.029) (0.060) (0.029) 

FEDt-3 
  -0.092 -0.432*** 0.260' 0.048 

  (0.154) (0.081) (0.132) (0.076) 

S&Pt-4 
 0.010 0.028 0.046 -0.052* 
 (0.068) (0.033) (0.046) (0.026) 

FEDt-4 
  0.031 -0.084 0.335** 0.412*** 

  (0.147) (0.081) (0.115) (0.069) 

S&Pt-5 
 -0.085 0.061* 0.039 -0.005 
 (0.063) (0.030) (0.045) (0.022) 

FEDt-5 
  -0.018 -0.193** -0.183 -0.105 

  (0.158) (0.074) (0.129) (0.072) 

S&Pt-6 
 -0.069 -0.040 0.030 -0.007 
 (0.064) (0.037) (0.045) (0.030) 

FEDt-6 
  -0.013 -0.162' -0.154 0.007 

  (0.159) (0.084) (0.133) (0.088) 

S&Pt-7 
 -0.027 -0.038 0.002 0.053* 

 (0.069) (0.034) (0.048) (0.023) 

FEDt-7 
  0.092 -0.176* -0.217' -0.007 

  (0.154) (0.080) (0.131) (0.078) 

S&Pt-8 
 0.057 -0.022 0.081* 0.022 
 (0.060) (0.038) (0.040) (0.027) 

FEDt-8 
  0.111 -0.083 0.037 -0.099 

  (0.163) (0.073) (0.114) (0.072) 

S&Pt-9 
 -0.030 -0.006 -0.039 -0.040 

 (0.072) (0.037) (0.048) (0.028) 

FEDt-9 
  0.104 -0.080 0.072 0.047 

  (0.161) (0.067) (0.103) (0.070) 

S&Pt-10 
 -0.015 -0.015 -0.112** 0.012 
 (0.067) (0.030) (0.041) (0.020) 

FEDt-10 
  -0.129 0.055 0.031 -0.057 

  (0.131) (0.065) (0.079) (0.063) 

Constant 
  0.093 0.230 0.192 0.141 

  (0.125) (0.052) (0.118) (0.041) 

Observations   247 247 642 642 

Adj. R2   -0.022 0.536 0.070 0.351 

Robust standard errors in parentheses   
' p<0.10, *p<.05, **p<0.01, ***p<0.001   

Note: This table displays the results of the VAR regressions of the weekly log change of the S&P 500 index 

on lagged values of itself and the log change in the Fed’s balance sheet and vice versa. The model is fitted 

with both pre-and-post crisis samples to illustrate the changed relationship since the introduction of QE. 

The key coefficients are highlighted. 
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Impulse Response Function 

We run impulse response functions for both equations post-crisis to illustrate the relationship and 

restrict the balance sheet equation from capturing any contemporaneous effects. Simultaneously, we 

assume there are contemporaneous effects in the S&P 500 equation from shocks in the balance sheet 

(figure 6.1). The plots indicate consistency with the VAR analysis, illustrating the impact on S&P 

500 from shocks in the Balance sheet as illustrated in figure 6.1. The model is unrestricted in that it 

captures contemporaneous effects based on the possibility of an impact in the 0th lag S&P 500. 

Although non-significant, the immediate response is negative, followed by a significant positive 

effect. Similarly, the slightly negative response in the balance sheet three- and four-week post-shock 

in the S&P 500 is illustrated in figure 6.2. We also find evidence that indicates there is a two-way 

relationship between QE and the S&P 500. However, the impact observed on the balance sheet from 

shocks in the S&P 500 returns suggests the relationship is economically insignificant. 

 

 

Figure 6. 1 IRF from a shock in the balance sheet 

Note: The figure displays two Impulse Response Functions illustrating the response in the balance sheet 

(top) and S&P 500 index (bottom) from a shock in the balance sheet. 
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Figure 6. 2 IRF from a shock in the S&P 500 index 

Note: The figure displays two Impulse Response Functions illustrating the response in the balance sheet 

(top) and S&P 500 index (bottom) from a shock in the S&P 500 index. 

6.2 QE and S&P 500 Volatility 

6.2.1 GARCH models 

So far, we have examined the characteristic relationship between the Fed’s balance sheet and S&P 

500 returns using distributed lag-and vector autoregressive models. We now consider how the return 

distributions and the conditional volatility in these returns are affected by QE, focusing on our second 

sub-research question. Table 6.4 below displays the results from three GARCH models estimated 

with different specifications to ensure consistency, as distribution specifications will impact the 

estimated parameters. We test using both a skewed student t, favored by the information criteria AIC, 

and a standard student t distribution to ensure we do not overcomplicate the model. Finally, we 

estimate the simplest model of a GARCH(1,1) to ensure that the results are not biased from over-

specification. The same models are estimated on the pre-crisis sample to compare the difference in 

volatility persistence before the introduction of QE (table 6.4). 

Overall, the estimated parameters on the Fed balance sheet in the conditional variance equation 

indicate that QE has significantly suppressed conditional volatility in the S&P 500 returns since the 
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financial crisis. The findings are consistent with existing literature that proclaims QE to reduce overall 

volatility in the equity markets significantly (e.g., Balatti [2018]; Tan and Kohli [2011]). Note that 

that the ARCH coefficients (휀𝑡−1
2 ) in the GJR models are 0 due to the non-negative constraints we 

imposed. Furthermore, the sum of the ARCH and GARCH coefficients or 휀𝑡−1
2 + 𝜎𝑡−1

2  tells us 

something about the persistence in the volatility. Volatility persistence essentially has to do with how 

fast large volatilities decay after a shock. In other words, the lower the sum, the faster volatility 𝑡 + 𝑖 

decays conditional on today's volatility 𝑡. Since the ARCH coefficient in the GJR-GARCH models is 

restricted, we consider the standard GARCH(1,1) for this interpretation. Pre-crisis, the coefficients 

yield a sum of 0.963 vs. 0.858 post-crisis. The results indicate that since the introduction of QE, 

volatility in the S&P 500 decays faster from shocks than pre-crisis, aligned with findings by Garbutt 

[2015]. It is noteworthy that the ARCH coefficient is insignificant pre-crisis, but even deeming this 

zero, the coefficient sums yield 0.885 and 0.858 pre-and post-crisis, respectively. Considering this, 

we still observe a decrease in persistence, however, at a lower magnitude. These indications do not 

necessarily suggest that QE itself has caused the change. However, it provides evidence that volatility 

is generally lower in the QE environment.   

To see if we can tie volatility suppression to QE in a more direct fashion, our focus shifts towards the 

regressors of the balance sheet denoted as Fedt-i, which provides some interesting results. The two 

models estimated with a standard student t distribution are very similar. They suggest that a 1% 

increase in the balance sheet is associated with a 0.412% and 0.453% reduction in conditional 

volatility at 1% significance. According to the diagnostics, the GJR model with skewed student t is 

the best fitting model and constitutes similar results of a greater magnitude with a 0.541% reduction 

at the 0.1% significance level.  

The results taken in the aggregate suggest that a week following QE purchases, the conditional 

volatility is reduced by 0.4% - 0.54% per 1% increase in the balance sheet on average. There are 

limited studies that estimate this specific relationship using the same model of volatility. However, 

our findings align with Balatti [2018], who used a VAR model to assess the effects of QE on volatility 

measured as a rolling standard deviation and found that fresh liquidity reduced stock price 

movements. Similar results are also backed by Tan and Kohli [2011], who found that QE had a 

suppressive impact on implied volatility and the opposite effect when QE came to an end. The 

suppression of volatility can also be considered a slimming of the distribution tails, i.e., the probability 

of losses of certain magnitudes is reduced. Hattori et al. [2016] examines this concept and find that 
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both QE announcements and forward guidance reduced tail risk in the S&P 500 when considering 

implied options volatility. 

Other findings  

Seen in context with the conditional mean models, which estimated an effect three to four weeks after 

purchases, the results suggest that QE purchases are first absorbed in the conditional volatility, 

followed by an increase in returns. The finding is quite intuitive from a forecasting perspective since 

we specify an ARMA(0,0) – GARCH(1,1), which essentially extracts all the forecasting properties 

from the conditional variance rather than the mean. In other words, if lagged values of the conditional 

variance are useful in predicting returns, QE effects may reduce volatility before it boosts returns. 

The evidence of the negative correlation between volatility and equity prices is further supported by 

Aït-Sahalia et al. [2013] and may suggest that the liquidity provision calms markets before they gain 

a positive traction in returns. The difference between increased returns and reduced volatility may 

also be due to differences in model type, specification, and variables, including the number of lags. 

Thus, we cannot conclude with the forecasting proposition, and further analysis of this matter is 

outside the scope of this paper. 
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Table 6. 4 GARCH models 

    Pre Crisis Post Crisis 

    𝝈𝒕
𝟐= Conditional variance S&P 500 𝝈𝒕

𝟐= Conditional variance S&P 500 

    GJR-GARCH GARCH(1,1) GJR-GARCH GARCH(1,1) 

Regressors 
  

Student t S-student t Student t Student t S-student t Student t 

μ 
 

0.141 0.085 0.198*** 0.310*** 0.131 0.383*** 
 

(0.089) (0.069) (0.049) (0.066) (0.087) (0.061) 

휀𝑡−1
2  

  0.009 0.012 0.078 0.000 0.000 0.205*** 

  (0.038) (0.040) (0.294) (0.081) (0.103) (0.059) 

𝜎𝑡−1
2  

 
0.865*** 0.808*** 0.885* 0.571*** 0.641*** 0.653*** 

 
(0.089) (0.095) (0.445) (0.109) (0.126) (0.116) 

𝛾𝐼𝑡−1 
  0.155 0.250* NA 0.497*** 0.505*** NA 

  (0.093) (0.109) NA (0.145) (0.126) NA 

FEDt-0 
 0.082 0.025 0.002 -0.055 0.141 -0.156 

 (0.267) (0.198) (0.230) (0.260)) (0.219) (0.310) 

FEDt-1 
  -0.001 0.092 -0.066 -0.412** -0.541*** -0.453** 

  (0.259) (0.232) (0.268) (0.206) (0.157) (0.193) 

FEDt-2 
 

-0.160 0.043 -0.199 0.439 0.366 0.493 
 

(0.357) (0.270) (0.718) (0.345) (0.281) (0.363) 

Skew 
  NA 0.703*** NA NA 0.647*** NA 

  NA (0.066) NA NA (0.050) NA 

Shape 
 

9.526 11.06 8.506** 4.576*** 5.593*** 4.385*** 

  (5.136) (6.530) (3.303) (0.751) (1.136) (0.562) 

𝜔 
0.182 0.145 0.125 0.651 0.515 0.523 

NA NA NA NA NA NA 

AIC  
3.825 3.790 3.835 3.871 3.789 3.904 

Log Likelihood -554.376 -548.203 -556.775 -1050.742 -1027.457 -1060.973 

Robust standard errors in parentheses     
' p<0.10, *p<.05, **p<0.01, ***p<0.001     

Note: This table displays the results of the GARCH models estimating the conditional variance 𝜎𝑡
2 of the 

weekly log change of the S&P 500 index regressed on external regressors of lagged values of the log change 

in the Fed’s balance sheet. Each model is fitted with both pre-and post-crisis samples. 𝜇 = mean, 휀𝑡−1
2  = 

ARCH term, 𝜎𝑡−1
2  = GARCH term, 𝛾𝑡−1

2  = Asymmetry term, Fedt-i = weekly lagged values of the Fed balance 

sheet. Skew and Shape indicates significance in the type of distribution we specify the models with. ω = 

variance intercept pre-specified as the unconditional variance using variance targeting. Three different 

models are estimated per sample period (six in total), as shown in each column. 

6.3 QE and S&P 500 Value at Risk 

The GARCH results above indicated that an expansion of the Fed’s balance sheet has effectively 

suppressed volatility in the S&P 500 index. With those results in mind, we now want to investigate 

if QE has affected the less probable tail risk events in the S&P 500 index measured by Value at Risk. 

First, evidence from the data in the form of return distributions, descriptive statistics, and a Value at 
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Risk simulation is displayed and analyzed. Furthermore, the results from the Distributed Lag model 

are presented and interpreted. 

6.3.1 Evidence from the Data 

Figure 6.3 below displays the daily S&P 500 return distribution within four different time frames, 

fitted with a normal distribution for comparison as shown in the blue bell curve. The distributions are 

structured as follows:  

• Top left distribution comprises return data from 1990-2007, where no QE is conducted. 

• Top right distribution comprises return data from 2009-2021, including all four rounds of QE. 

• Bottom left distribution comprises return data from 2009-2015, including QE1, QE2 and, 

QE3. 

• Bottom right distribution comprises return data from 2020-2021, including QE4. 

Starting on the top, when comparing the two top distributions of pre-and post-crisis samples, it is 

clear that the distribution shape has changed. In particular, we found two interesting differences worth 

discussing. The smaller loss returns seem to have contracted in the post-crisis distribution, suggesting 

a lower density of moderate losses in the QE environment 2009-2021. Visually, this can be seen 

where the gap between the blue line (the normal distribution) and the red line (the return distribution) 

has widened since the financial crisis. This evidence supports our findings from the GARCH model, 

where we observe a relation between QE and volatility suppression in the S&P 500. Moreover, we 

observe a fatter tail in the 2009-2021 period compared to the 1990-2007 period, suggesting fewer but 

larger downturns in the S&P 500. A reasonable explanation would be to say that the Fed has 

successfully backstopped the more moderate corrections over the past 13 years. However, volatility 

suppression may come at the expense of pushing risks further out in the distribution tail leading to 

increased tail risk (Chorafas [2013]). As supporting evidence, similar indications are suggested when 

comparing the bottom return distributions with the top left pre-crisis sample. 

A statistical summary of the S&P 500 daily returns is displayed in table 6.5, in addition to the return 

distributions. These statistics are measured using the same time frames to provide numerical evidence 

of the data characteristics discussed above. Overall, the numerical evidence is in line with the 

distribution plot characteristics. As a reminder, a normal distribution has an excess Kurtosis of 0 and 

a Skewness of 0 where for example, a positive excess Kurtosis, or a leptokurtic distribution, entails 

fatter tails (more risk), and a negative Skew describes longer tails on the left side of the distribution. 
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When reviewing the statistics, the pre-crisis sample displays an excess Kurtosis and a Skewness of 

3.87 and -0.12, respectively. When comparing to the 2009-2021 period, the Kurtosis has increased to 

15.94 and the Skewness to -0.86. These numbers imply that the statistical tails have become fatter 

and more negatively skewed, indicating longer left side tails since the introduction of QE. Hence, 

there are frequent small gains and a few significant losses in the data, which we visually observed in 

the return distributions. As supporting evidence, we find similar indications when comparing the 

2009-2015 and 2020-2021 statistics with the pre-crisis sample. 

 

 

Figure 6. 3 Return distributions from the S&P 500 index  

Note: This figure displays four return distributions from different time frames. The “pre-crisis” period 

(1990-2007) does not include QE operations. The “post-crisis” period (2009-2021) consists of all four 

rounds of QE. The 2009-2015 period includes QE1, QE2 and, QE3. The 2020-2021 period include QE4. 

The blue line illustrates a normal distribution.  
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Table 6. 5 Descriptive statistics from the S&P 500 daily returns 

    S&P 500 Daily Returns 

Statistics   1990-2007 2009-2021 2009-2015 2020-2021 

Mean 
 

0.0031 0.0047 0.0006 0.0011  

Std. Deviation 
  

0.0099 0.0110 0.0102 0.0217 
  

Excess 

Kurtosis 

 
3.8729 15.9374 4.0973 8.8576  

Skewness 
  

-0.1229 -0.8563 -0.4648 -0.9036 
  

Note: This table displays descriptive statistics of daily returns from the S&P 500 index from four different 

time frames. The “pre-crisis” period (1990-2007) does not include QE operations. The “post-crisis” period 

(2009-2021) consists of all four rounds of QE. The 2009-2015 period includes QE1, QE2 and, QE3. The 

2020-2021 period includes QE4. A normal distribution has an Excess Kurtosis of 0 and a Skewness of 0. 

Furthermore, figure 6.4 below illustrates a daily estimation of the 1%, 5%, and 10% Value at Risk 

from 1985-2021 in the S&P 500 returns. When examining the right-hand side of the plots, one can 

observe a consistent period of more significant spikes since the financial crisis relative to the previous 

periods. The black line displays the Value at Risk while the red dots show losses exceeding the 

predicted Value at Risk. The return spread is illustrated by the gray dots and where a tight spread 

suggests generally low volatility. Since the introduction of QE, we can see a long period of 

consistently tight spreads relative to 1990-2008, but the Value at Risk seems to be consistently higher 

in the same period. The evidence further supports the proposition of moderate shock suppression 

parallel to more severe tail-risk events. 
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Figure 6. 4 Value at Risk in the S&P 500 returns  

Note: This figure displays the 1%, 5%, and 10% Value at Risk of daily returns from 1985-2021 in the S&P 

500 index, which can be observed in the black line. The red dots measure losses exceeding the predicted 

Value at Risk. The grey dots illustrate the return spread from the index.  
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To sum up, we have so far seen evidence of how return distributions in the S&P 500 have changed 

since the introduction of QE. Post-crisis, there is a lower density in the moderate loss portion in the 

left tails, indicating that the probability of moderate losses has been reduced, in line with volatility 

suppression. Moreover, the longer and fatter left-tail indicate that the less probable far left tail-risk 

has increased in magnitude, supported by the Value at Risk estimation from figure 6.4, the return 

distributions (figure 6.3), and their complementing statistics (table 6.5). The evidence from the data 

illustrates a transformation of the risk dynamics in the S&P 500 since the introduction of QE. 

6.3.2 Distributed Lag model 

This subsection considers the evidence above, with the intention to test econometrically if QE is 

associated with changes in the S&P 500 Value at Risk. We introduce a Distributed Lag (DL) model 

where different levels of Value at Risk are regressed on lagged values of the Fed balance sheet and 

S&P 500 returns. The Value at Risk variable is constructed at 1%, 5%, and 10%, defined as the 

probability of a specific magnitude loss. In other words, the lower the probability, the further out on 

the left tail we are, and the greater the losses. The Value at Risk is not to be confused with volatility 

itself. However, it is derived from the conditional variance. 

Table 6.6 below displays the resulting DL model for each level of Value at Risk estimated both pre-

and post-crisis. The estimated parameters for the Value at Risk equation indicate that the Fed balance 

sheet expansion significantly increased the Value at Risk of the S&P 500 on all levels since the 

initiation of QE. More specifically, the effect is highest on the far-left end of the tail at 1% Value at 

Risk, where a 1% increase in the balance sheet is associated with a 0.23% increase in the Value at 

Risk at the 1% significance level. Furthermore, the effect diminishes the further we move towards 

the mean of the distribution where the 5% and 10% Value at Risk is increased by 0.11% and 0.077% 

respectively per 1% increase in the balance sheet, both significant at the 5% level. The diminishing 

effect is consistent with our results from the GARCH models, suggesting that QE suppresses 

volatility, reducing the probability of moderate losses. The evidence is also compatible with existing 

literature, such as Woodford [2016], who finds that QE increases financial stability risk due to the 

ability for agents to access cheaper financing resulting in a rise of leverage. Hattori et al. [2016] 

suggest that while QE is an instrument used to stabilize financial markets, evidence may show that it 

can be counterintuitive and increase financial stability risk. In a slightly different but relatable study, 

Lamoen et al. [2019] find that QE policy contributed to an increase in the probability of speculative 

stock market bubbles building up in the medium or long run. Pre-Crisis, we find a significant but 
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negative relationship on all levels between the balance sheet and Value at Risk. However, the 

coefficients are so small that we arguably deem them economically insignificant. 

A noteworthy transition in the S&P 500 regressor is also observed where pre-crisis, there seems to 

be no significant relationship between returns and the Value at Risk. In contrast, the post-crisis 

samples suggest positive returns suppress the Value at Risk on all probabilities at the 0,1% 

significance level. Since the introduction of QE, a 1% increase in S&P 500 returns is associated with 

a 0,61%, 0,36%, and 0,25% decrease in the 1, 5, and 10 percent Value at Risk. The findings could be 

explained by the negative correlation between returns and volatility suggested by Aït-Sahalia et al. 

[2013], as the Value at Risk is derived from a rolling volatility estimation. Moreover, the 𝑅2 is also 

indicative for a better fitting model post-crisis with the balance sheet deemed a significant factor of 

increased Value at Risk. This is not to say that the improved goodness of fit is solely due to the change 

in balance sheet dynamics, as the S&P 500 returns themselves also contribute a significant amount in 

the pre-post transition. 

Table 6. 6 DL model 

Regressors 

  Pre-Crisis Post-Crisis 

  𝒀𝒕 = Value at Risk 𝒀𝒕 = Value at Risk 

  1 % 5 % 10 % 1 % 5 % 10 % 

FEDt-0 
 0.012 0.009 0.008 0.009 0.014 0.013 
 (0.018) (0.013) (0.010) (0.104) (0.057) (0.039) 

FEDt-1 
  -0.021* -0.016* -0.013* 0.230** 0.117* 0.077* 

  (0.010) (0.007) (0.005) (0.081) (0.046) (0.033) 

FEDt-2 
 -0.002 -0.005 -0.006 -0.187' -0.087 -0.054 
 (0.016) (0.011) (0.008) (0.097) (0.054) (0.038) 

S&Pt-0 
  -0.004 -0.003 -0.002 0.005 0.002 0.001 

  (0.012) (0.008) (0.006) (0.039) (0.024) (0.017) 

S&Pt-1 
 -0.038 -0.026 -0.020 -0.613*** -0.359*** -0.254*** 

 (0.025) (0.018) (0.014) (0.089) (0.054) (0.039) 

S&Pt-2 
  0.003 0.003 0.003 0.064 0.033 0.022 

  (0.007) (0.004) (0.003) (0.059) (0.036) (0.026) 

S&Pt-3 
 -0.009 -0.007 -0.006 0.073' 0.043' 0.030' 
 (0.013) (0.009) (0.007) (0.043) (0.025) (0.018) 

S&Pt-4 
  -0.006 -0.003 -0.001 0.057' 0.029 0.019 

  (0.008) (0.005) (0.004) (0.032) (0.021) (0.015) 

Constant 
  0.014 0.009 0.007 0.080* 0.045* 0.031' 

  (0.014) (0.013) (0.008) (0.033) (0.022) (0.017) 

Observations   160 160 160 516 516 516 

Adj. R2   0.058 0.060 0.059 0.418 0.399 0.389 

Robust standard errors in parentheses     
' p<0.10, *p<.05, **p<0.01, ***p<0.001     

Note: This table displays the results from the Distributed Lag regressions of the weekly Value at Risk 

change of the S&P 500 index on lagged values of the S&P 500 returns (S&P) and balance sheet (FED). 

The model is fitted with both pre-and-post crisis samples to illustrate the changed relationship since the 

introduction of QE. 
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6.4 Robustness 

This sub-chapter includes robustness measures taken throughout the empirical testing. The structure 

of the result section above does, however, contain some robustness measures where we fit different 

models with the same intention, such as both VAR and ADL and differently specified GARCH 

models. The following will thus include different sample periods and inclusion/exclusion of control 

variables to ensure coefficient stability and diagnostic checks for model adequacy to verify that our 

results are conclusive. A standard measure taken is to examine the residuals for all models estimated 

to fit models with no serial correlation. To ensure validity, we thus report all results using robust 

standard errors. Furthermore, we estimate all the models using the sample period 2009-2014 to isolate 

the first three rounds of QE. 

6.4.1 ADL models 

In the sample period 2009-2014, we estimate the parsimonious monthly and weekly models. The 

monthly model only consists of 48 observations making it less reliable but indicates the balance sheet 

has an even greater impact on returns than the main models (see Appendix 8). Due to the low number 

of observations in the monthly frequency model, we focus on the weekly model for the remainder of 

this section. Over the period 2009-2014, the weekly model suggests a 1% increase in the balance 

sheet is associated with 0.23% and 0.53% change in the 3rd, 4th, lag (see Appendix 9). We do not 

expect the coefficients to be precisely the same as in the main results, as they are estimated over 

different periods. However, they provide the same overall result, in that QE has played an essential 

role in explaining S&P 500 returns since the financial crisis. 

For consistency, we also estimate the parsimonious pre-crisis models at a weekly frequency. Similar 

to the ADL monthly model, there are no observed associations between the balance sheet and S&P 

500 before the introduction of QE in the weekly frequency model (see Appendix 10). The 

parsimonious pre-crisis model comes out to an AR(1), indicating no balance sheet association. To 

ensure the data does not suffer from structural breaks, a chow test indicates no apparent signs of 

breaks (see Appendix 11). Furthermore, we estimate a recursive regression to ensure the coefficients 

in the weekly model remain stable across the sample period. The resulting regression suggests the 

QE coefficient to deviate marginally over time but remains within the threshold (see Appendix 12). 

The overall robustness checks indicate the models are reliable with consistent estimates. For an 

additional layer of robustness, we estimate the weekly ADL model to include earnings per share 
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(EPS) of the S&P 500 as a control variable. The balance sheet coefficients remain stable when 

compared to the main model, indicating the estimates are not biased from omitting relevant regressors 

(see Appendix 13). 

6.4.2 VAR model 

The primary VAR model yields residuals with some distant serial correlation,  potentially resulting 

in standard errors bias; why we use robust standard errors for all the regressions. However, a closer 

look at residuals suggests the model fits the data relatively well. An ACF plot of the residuals displays 

weak autocorrelation in two further out lags, and the serial correlation has not been deemed a problem 

through the passing of a Ljung-Box test. (see Appendix 14). A cumulative sum of the residuals 

suggests stable coefficients in the S&P 500 equation with no indication of structural breaks. However, 

there is some deviation in the balance sheet equation, although the residuals remain within the 

confidence interval. This should be considered when analyzing the balance sheet equation, and as 

detailed earlier, we’re careful when making conclusions regarding how the S&P 500 affects the 

balance sheet (see Appendix 15). We estimate the VAR on the sample period 2009-2014 and maintain 

a coefficient of 0.34 on the 3rd lag of the balance sheet (see Appendix 16). The three-week post-

purchase effects are consistent over different periods post-crisis, in line with the main results. 

6.4.3 GARCH model 

In the GARCH models, we took a series of measures in the result section by estimating both the 

standard GARCH and GJR-GARCH specified with different types of distributions. Furthermore, the 

residuals indicate well-specified models with no significant autocorrelation from the Ljung-box and 

ACF showing one distant significant spike (see Appendix 17). The model passes the most important 

diagnostics, but we use robust standard errors for all results. Like we did with both the ADL and 

VAR, we estimate the GARCH models on the 2009-2014 sample. In line with our main results, the 

impact remains at the 1-week lag with a more substantial presence. Across all three models, the 

coefficients remain between -0.68 and -0.9, suggesting an even greater suppressive impact from QE 

on the S&P 500 volatility during the first three active QE periods (see Appendix 18). As previously 

stated, the different periods may lead to varying coefficients; however, the concluding evidence of 

volatility suppression remains stable.  

Since volatility is a latent variable, intuition is an essential factor when answering the research 

question. The GARCH model can quickly become complex and subject to researcher flaws. To 
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account for this, we also test for QE effects in the unconditional volatility using the squared S&P 500 

returns. We perform an autoregressive distributed lag model (ADL) where the unconditional volatility 

is regressed on lagged values of itself and the Fed balance sheet. The resulting output yields similar 

but less impactful results as the conditional volatility, where a 1% increase in the balance sheet is 

associated with a 0.20% reduction in the unconditional volatility (see Appendix 19). 

6.4.5 Distributed Lag model 

In line with the other models, we run the DL models through a series of diagnostic tests to ensure 

they are adequate. (see Appendix 20). Furthermore, we estimate the three models with 1%, 5%, and 

10% Value at Risk as the dependent variable on the sample period 2009-2014. The coefficients are 

slightly less impactful but remain both economically and statistically significant (see Appendix 21). 

They display the same patterns as in the main models, where the most significant impact comes from 

the 1% Value at Risk, and the effect diminishes towards the higher probabilities. Like the GARCH, 

the smaller coefficients and significance levels do not necessarily mean the coefficients in the main 

models are unstable. We estimate a fraction of the period with a lower number of observations. The 

most important evidence is that the overall results remain consistent in that QE is effectively 

associated with an increase in the S&P 500 Value at Risk. Furthermore, we estimate a recursive 

regression on the 1-week lag coefficient from the main model to look for structural breaks and overall 

coefficient stability across the sample period (see Appendix 22). The coefficient is relatively stable 

except for two points in time, and there are no clear indications of breaks.
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7.   Discussion 

From the vast literature on QE’s impact on financial markets, there is plenty of evidence considering 

the effect on stock market returns. However, academic research considering volatility suppression 

and its neglected consequences appear to be less explored in our opinion. As previously stated, the 

purpose of this thesis is to add some insight to this matter and shift the focus towards the potential 

emergence of equity risk exposures as a result of this experimental policy. As Nassim Taleb elegantly 

puts it, “It is both misguided and dangerous to push unobserved risks further into the statistical tails 

of the probability distribution of outcomes and allow these high-impact, low-probability “tail-risks” 

to disappear from policy makers’ field of observation” (Taleb and Blyth [2011, p. 1]).  

We have so far split QE’s impact on the S&P 500 into three scopes, namely how returns, volatility, 

and Value at Risk are affected. Our results indicate that the QE flow-effect continuously boosts 

returns, supported by several models and modeling techniques and in line with existing literature. 

Furthermore, we establish a significant link between the Fed’s balance sheet expansion and volatility 

in the S&P 500 through the employment of GARCH models, suggesting QE effectively suppresses 

volatility and that volatility persistence has been reduced since the financial crisis.  Moreover, we 

find evidence of increased tail-risk in the S&P 500 since the introduction of QE from examining the 

return distributions, indicating “fatter tails” and an increased Value at Risk on the probability levels 

1%, 5%, and 10%. The evidence from the data is further supported by employing a Distributed Lag 

model, which indicates that QE increases all three Value at Risk levels. Throughout this section, we 

aim to connect the dots between these scopes through theoretical aspects and the potential 

implications of the results, considering how QE has impacted equity markets in the big picture. The 

chapter is concluded with proposals for future research and a discussion of limitations faced in this 

thesis. 
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7.1 The Fed Put  

With our main findings in mind, we introduce a discussion of the broader implications of the research 

area and how the Fed has become a significant factor in agents' financial decision-making. More 

specifically, the evidence of increased risk-seeking behavior among market participants as a possible 

consequence of the Fed’s expansionary policies, in particular QE, will be discussed. The purpose is 

to provide a richer understanding beyond the narrow objectives of the study. 

From chapters 2 and 3, it is evident that the Fed monitors the economic conditions thoroughly and 

will act forcefully if their dual mandate is threatened. In other words, the central bank is doing exactly 

what it is instructed to do. However, since the mid-1990s, the Fed has emphasized the stock market 

as a driver rather than a predictor of the economy. For example, negative stock returns highly correlate 

with lower growth expectations by the Fed, and, as is the case, lower growth expectations are highly 

related to monetary policy (Cieslak and Vissing-Jorgensen [2020]). 

Consequently, the Fed will interfere when the stock market is falling by conducting expansionary 

monetary policy. In particular, the Fed will lower its Fed Funds Rate, engage in forward guidance, 

and conduct QE when the stock market plummets. The Fed's active attempt to rescue tumbling 

markets is also referred to as the “Fed Put” or the “Greenspan Put.” The Fed Put had its origin from 

the late 1990s when the former Fed chairman Alan Greenspan implemented loose monetary policies 

by lowering the Fed Funds Rate to encourage growth in equity markets. This made sense from a 

monetary policy perspective since the Fed views the stock market as a driver of economic 

development (Cieslak and Vissing-Jorgensen [2020]). From an investor's perspective, the policy led 

to new investment strategies. Knowing that the Fed would not allow sizeable negative stock returns, 

investors believed that they were insured against significant down-side risk, effectively creating a put 

option (Miller et al. [2002]). An additional result of this low-rate policy is the reduction in liquidity 

premiums, providing market participants with cheaper financing, resulting in increased leverage 

(Drechsler et al. [2017]). 

Furthermore, as Drechsler et al. [2017] described, a Fed Put policy can alleviate volatility in moderate 

market downturns. However, due to the significant leverage built up by market participants and their 

belief in the Fed as a rescuer, more significant market corrections cause volatility to increase 

drastically. Additionally, the authors argue that unconventional monetary policies, such as QE, 

increases risk-taking among market participants, essentially acting as an alternative Fed Put.    
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Since the introduction of QE and the evolution of the Fed put, we have more or less lived in a low-

rate environment with the Federal Funds Rate currently at its ZLB. On top of this, QE and forward 

guidance strategies have been actively used by the Fed during the last decades, contributing to an 

additional reduction in Treasury yields with longer maturities, effectively pushing down the entire 

yield curve (D’Amico and King [2013]; Gagnon et al. [2011a,b]; Meaning and Zhu’s [2011]). Thus, 

enabling even cheaper financing for market participants, encouraging increased leverage (Drechsler 

et al.[2017]). When flipping the coin, lowered yields on fixed-income securities should make it harder 

for risk-averse investors to meet their return targets. 

Conspicuous market events such as the great financial crisis and the COVID-19 pandemic illustrate 

market participant's confidence in the Fed. Particularly during COVID-19, the S&P 500 index went 

into a “bear market,” dropping more than 30% in a couple of days.23 As previously detailed, the Fed 

announced enormous stimulus packages, including the purchase of corporate debt and significant rate 

cuts.24 Consequently, the market went straight back up, and the S&P 500 index accomplished one of 

its fastest recoveries ever. Hence, the Fed had once again successfully rescued panicking markets 

and, by that, effectively exercised the Fed Put through lowering the Fed Funds Rate and by conducting 

QE. In other words, through the introduction of QE, the Fed has started to intervene even more in 

financial markets, tempting investors to take on greater risk due to the limited downside.  

To summarize, over the last decades, the Fed has intensified its involvement in financial markets, 

with the main argument that prospering markets are an important factor for economic growth. In 

general, this has impacted market participants in two different ways. Firstly, the Fed policies have 

contributed to a low-interest-rate environment, providing market participants access to cheap 

financing, which increases leverage and, on the contrary, making it harder to find returns in fixed 

income securities. Secondly, the Fed has acted as an insurer when markets are plummeting by 

injecting fresh liquidity through QE, limiting downside risk. The below sections will discuss and give 

examples of how these new prerequisites have affected the behavior of market participants. 

 
23 A bear market is characterized by a 20% drop or more in the overall market or in a broad index, such as the S&P 500, 

with an overall negative investor sentiment. A bear market can also be linked to negative economic conditions such as 

recessions.  
24 See FOMC statement from March 23rd, 2020 on page 29 
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7.1.1 Investor Behavior 

Institutional investors such as hedge funds largely rely on the use of leverage, and their level of 

leverage naturally depends on the cost of obtaining it. Hedge funds often employ leverage on their 

low-risk and low-return strategies to enhance asset returns, which on an unlevered basis would not 

be sufficiently high to support their investors' expected return (Frazzini and Pedersen [2020]). 

Leverage amplifies or dampens market risk and allows funds to obtain notional exposure greater than 

their capital base (Ang et al. [2011]). To assess how this impacts the equity markets, we need to 

consider two critical factors that arise. First, since the Fed’s policies systemically reduce the “risk-

free” Treasury and accompanied bond yields, they become less attractive to investors. Hence, capital 

is allocated towards riskier assets such as stocks. In this sense, stocks and bonds are competing asset 

classes, so by disincentivizing investors to buy bonds, they are incentivized to purchase stocks (Schon 

[2019]). Second, stock prices are primarily driven in a supply/demand fashion. When new capital is 

allocated into equities, demand increases, and the price rises to find a new equilibrium.25 Moreover, 

stock valuations are determined by the expectation of future cash flows or earnings. This is 

particularly the case for “growth” stocks which do not necessarily deliver positive or sufficient 

earnings in the present. 

The discount rate or cost of capital applied in commonly used models such as the discounted cash 

flow (DCF) model is largely dictated by the risk-free rate based on longer-term Treasury yields 

(Andrès et al. [2004].26 Hence, a lower risk-free rate reduces the weighted cost of capital by 

construction, increasing discounted future cash flows.27 Furthermore, and in line with the Fed Put, 

risk premiums are reduced in context with lowering rates (Drechsler et al. [2017]).28 In other words, 

if equities are perceived to be less risky, both from a “Fed as insurer” standpoint, but also from the 

supply/demand characteristics outlined, the risk premia will also be reduced. As such, a reduction in 

both treasury yields and risk premia implies a lower discount rate that projects higher valuations. To 

summarize: 

QE ↑ → Risk-free rate ↓ → Risk premium ↓ → Discount rate ↓ → Valuations ↑ 

 
25 The argument of positive returns as a result of the allocation into the equity markets assumes that demand grows faster 

than supply, resulting in a higher price. 
26 Discounted cash flow model: 𝐷𝐶𝐹 =  ∑

𝐶𝐹𝑛

(1+𝑟)𝑛
∞
𝑛=𝑖 . See Vishwanath [2009].  

27 The reduced cost of capital by construction assumes the use of: 𝑊𝐴𝐶𝐶 =
𝐸

𝐸+𝐷
𝑟𝑒+ 

𝐷

𝐸+𝐷
𝑟𝑑 ∗ (1 − 𝜏𝑐) See Magni [2015]. 

28 Risk premia is the amount by which the return of a risky asset is expected to outperform the known return on a risk-

free asset (Drechsler et al. [2017]). 
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Hence, the intuition behind the systemic mechanisms explained above, along with the covered theory, 

provides support for our overall results regarding QE’s impact on S&P 500 returns. 

As aforementioned, the theory regarding the negative correlation between returns and its 

accompanying volatility was detailed (Aït-Sahalia et al. [2013]). In this sense, a consistent increase 

in returns over time, induced by QE, suggests volatility has been suppressed since the inception of 

the policy. Another component to consider is how the Fed intervenes when markets are in distress. 

During crisis periods, the Fed has effectively backstopped the most significant corrections through 

both rescue and forward guidance announcements. Our resulting GARCH models provide evidence 

in both aspects. Foremost, we observe how an expansion of the Fed balance sheet was associated with 

reduced levels of conditional volatility in the S&P 500. Furthermore, we found indications of reduced 

volatility persistence when comparing samples pre-and post-crisis, which essentially means large 

volatility shocks have been decaying faster since the introduction of QE. Both aspects of the results 

can be considered in line with the theoretical intuition along with similar findings in the existing 

literature (e.g., Balatti [2018]; Garbutt [2015]). 

With all of these mechanisms in mind, let us rewind it all to the role of hedge funds. We mentioned 

how hedge funds use leverage to meet both return and volatility targets (Frazzini and Pedersen 

[2020]). Since volatility is often referred to as a measure of how risky an asset is, lower volatility 

implies lower risk perception. In other words, more leverage can be applied if volatility is low, and 

persistent periods of positive returns are associated with a reduction in volatility. To summarize: 

QE ↑ → Cost of Leverage ↓ → Leverage ↑ → Returns ↑ → Volatility ↓ → Leverage ↑ → Tail risk ↑ 

The diagram above is a simplified illustration of the proposed relation between returns, volatility, and 

Value at Risk throughout all of our models, with QE being the main instigator.  

A highly relevant event took place as we were writing this thesis. Archegos Capital, a family office 

investment firm that reportedly managed $20 bn in capital, managed to leverage its holdings 500% 

to a total AUM of $110 bn.29 In April 2021, the fund went bankrupt due to a default in margin calls 

from some of the world’s largest investment banks, which suffered losses of an estimated $10 bn in 

aggregate.30 The defaulted margin calls resulted in a fire sale of Archegos holdings initiated by the 

 
29 AUM: Assets under management. 
30 An investor's margin account contains securities bought with borrowed money (typically a combination of the investor's 

own money and money borrowed from the investor's broker). A margin call refers specifically to a broker's demand that 

an investor deposit additional money or securities into the account so that it is brought up to the minimum value. 
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banks, causing massive price reductions. The event ultimately unveiled the enormous risk these banks 

were exposed to from a single investor. By no means are we tying this event directly to QE. However, 

it illustrates how over-leveraged investing works in a low volatility environment and the risk 

implications following such conduct.  

Hedge funds and equivalent investment firms are some of the most significant contributors to 

leveraged investing, primarily due to the nature of their business (Ang et al. [2011]). The case of 

hedge funds fits the theory and empirical evidence well to explain how investor behavior is affected 

by lower volatility and the potential consequences when tail-risk and volatility spikes occur. 

Another important topic that has been widely discussed over the last decade stems from the downsides 

of lower yields in less risky assets. The pension and insurance (P&I) sector accounts for a substantial 

share of capital under management and is, therefore, a key factor to consider in this context (OECD 

[2020]). In contrast to hedge funds, pension funds rely on lower-risk investments while 

simultaneously meeting a target return. This is because they are obliged to long-term liabilities and 

particularly from defined benefit plans where a required return is necessary to satisfy these liabilities 

(Stalebrink [2012]). With Treasury yields near zero, these funds are naturally forced into higher-

yielding and riskier assets such as equities and alternative investments.31 To back these claims, we 

consider some empirical evidence from existing literature. Boubaker et al. [2017] suggest that low 

yield environments have led to a substantial increase in pension funds’ allocation to equity assets. 

They note that the shift from bonds to equities is even more significant during unconventional 

monetary policy measures. Furthermore, they find a positive correlation between pension funds’ risk-

taking and low interest rates. A study performed by the Federal Reserve bank of Boston provides 

more evidence on this, suggesting the low-interest-rate environment post-crisis accompanied by the 

underfunding dilemma has led to significant increases in the funds’ Value at Risk.32 Their findings 

indicate the fund’s risk-taking behavior related to underfunding and low-interest rates accounted for 

1/3 of their total risk exposure (Lu et al. [2019]). The current evidence provides a few takeaways to 

consider. Foremost, the lowering of yields is forcing risk-averse investors into equities, increasing 

demand on these assets leading to higher valuations. Moreover, the change in risk behavior increases 

tail risks as less probable portfolio losses are growing in magnitude. The search for yield concept and 

 
31 Alternative investments may consist of private equity, hedge funds, infrastructure, low performing debt, real estate etc. 

(Lu et al. [2019]) 
32 Underfunding: Mismatch between assets and liabilities at time T where T is the period retirees are to receive the 

pensions they were promised. For financial stability implications, see Rauh [2018].  
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pension funds’ role in the markets is an evident contribution to how persistent positive returns, 

volatility suppression, and increased downside risk have developed since the financial crisis. 

7.1.2 Non-financial Corporates’ Behavior 

Following the implications of changing and increasing risk-seeking behavior among investors, the 

focus is diverted towards non-financial corporates in discussing how their behavior has changed since 

the onset of QE. More specifically, we examine how capital structures have changed over the last 

years, why it has changed, and discuss the implications of these changes in the light of monetary 

policy and the equity risk environment. 

Over the last years, share buyback strategies are increasingly utilized by managers, where for 

example, firms in the S&P 500 repurchased their own shares for more than $800 bn in 2018, compared 

to $600 bn in 2014 and $400 bn in 2012 (Aramonte [2020]; Guthrie [2020]). There are various reasons 

why managers have incentives to do this. However, for the sake of the thesis scope, we only consider 

the relevant matter. Nevertheless, a central reason for share buybacks is to manage a firm's capital 

structure. When a buyback occurs, shareholders' equity is reduced, which increases the Debt/Equity 

ratio, or leverage, in a firm. These buybacks are often funded by the firm’s free cash flow or by issuing 

debt. 

Interestingly, but not surprisingly, issuing debt to fund buybacks has increased in popularity during 

recent years. According to Aramonte [2020], an explanation of this behavior is the current interest 

rate environment where firms have access to cheap financing, which reduces the cost of funds. 

Consequently, when share buybacks are financed by debt and not cash, the Debt/Equity grows more 

drastically as the level of debt increases while the equity level decreases. Furthermore, according to 

Fed’s latest Financial Stability Report [2021], current debt levels among corporates is at a high level 

compared to GDP, fueled by low rates and government stimulus. The Federal Reserve estimates that 

total public debt in the U.S has increased from around $9.5 tn in Q2 2008 to almost $28 tn in Q4 2020 

(FRED [2021e]). Although we cannot conclude that conventional and unconventional monetary 

policies are the primary drivers of the increased buybacks, they have certainly incentivized increased 

leverage in firms' capital structures through cheap debt financing (Caldentey [2017]). 

The implications of excess leverage are evident in that it becomes a financial stability concern over 

time (Rauh [2018]). In this case, one of the concerns can be explained through a simple example. As 

a reminder, the reason why the Fed keeps pushing down interest rates throughout the yield curve is 
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to stimulate economic growth and to keep inflation away from negative territory, in line with their 

dual mandate. However, at some point in time, the economy will have recovered; hence, the Fed is 

forced to conduct contractionary monetary policy. In other words, they will increase the Fed Funds 

Rate and start tapering their QE programs to prevent the economy from overheating, effectively 

increasing the liquidity premium. For firms that have tied their debt to a floating rate, this means 

increased funding costs. Additionally, firms will eventually need to refinance their debt, which 

consequently will come at a greater cost. Thus, one can argue that the risk of bankruptcy, on an 

aggregate level, is increased due to the highly leveraged capital structures following a shift in policy. 

This argument is further supported by the Fed’s Financial Stability Report [2021, p. 25]: “Moreover, 

low interest rates continued to mitigate, to some degree, investors concerns about default risk (in 

corporates) arising from high leverage.” 

Furthermore, another concern involves the event of supply and demand shocks in the economy. The 

COVID-19 pandemic exemplified the consequences of such a shock. Generally, shocks in that size 

would, on an aggregate level, increase financial distress in highly leveraged firms since their cash 

flows are reduced, making it harder to meet their debt obligations, ultimately leading to a rise in 

bankruptcies (Financial Stability Report [2021]). Aramonte [2020] investigated how high-leveraged 

firms behaved during the COVID-19 shock when markets were in distress.33 Compared to low-

leveraged firms, tail- and downside risk in high-leveraged firms increased substantially measured 

through kurtosis and skewness in the return distributions. 

When considering the concerns outlined, bankruptcies should be a very natural procedure for firms 

with high leverage and earnings just enough to service their debt, also referred to as zombie firms.34 

Within efficient markets, bankruptcies are a normal part of the cycle to make room for healthier firms. 

Moreover, zombie firms usually have low productivity as they use their cashflows to cover interest 

instead of investing it, which impacts economic growth (De Martiis et al. [2020]). However, a 

potential problem arises when policymakers interfere in this “bankruptcy process.” This became 

particularly apparent in March 2020, when the Fed announced that it would purchase corporate 

credit.35 In other words, by offering financing to companies that otherwise would not be able to obtain 

it, the Fed is keeping these zombie firms alive, which normally would cease to exist following a 

 
33 Aramonte [2020] classifies high-leveraged firms with a BB- rating or lower and low-leveraged firms as BBB- or higher 
34 Zombie firms are defined as mature companies with cash flows that are equal or less the interest paid on their debt for 

the past three years. 
35 See FOMC statement from March 23rd, 2020 on page 29 
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recession. Although zombie firms are not a new phenomenon created by QE, they have increased in 

numbers since the great financial crisis, covering around 15% of the firms in Russel 3000 (Su [2020]). 

The increase in zombie firms is something that policymakers are aware of due to their impact on 

economic growth, although they are continuing to rescue them. This conduct could be explained by 

the potential positive net effect of when the Fed rescues disabled capital markets, limiting output 

losses compared to the lesser negative growth effect from the surviving zombie firms (Crouzet and 

Tourre [2020]). Nevertheless, the so far unrealized consequences of this conduct cause concern if the 

trend of increasing leverage and nurturing of zombie firms continues. 

7.1.3 Takeaways 

Over the last years, it is evident that there has been a changing behavior among market participants. 

Agents have become more risk-seeking, with institutional investors rebalancing their portfolios into 

more volatile assets and applying more leverage to meet return requirements. Furthermore, non-

financial corporates’ have reconstructed their capital structure by utilizing more debt financing and, 

in the meantime, shrinking shareholders' equity through share buybacks. A reasonable explanation of 

this leveraged environment is the Fed’s recurrent attempts to suppress capital markets' volatility, 

limiting downside risk for investors while generating cheap financing to the public by keeping interest 

rates at historic lows. Moreover, results from the empirical study indicated that unconventional 

monetary policy, in the form of QE, is a supporting factor of equity valuations, suppressed volatility, 

and increased Value at Risk in the S&P 500 index. Hence, the policies used to stabilize financial 

markets, could in the long term, have opposing effects by increasing financial stability risk through 

the leveraged environment.  

This leads us to a discussion regarding the future tapering of the QE4 program and the implications 

surrounding the equity markets. As aforementioned, the economy will recover at some point, and the 

Fed is obliged to decrease and eventually stop their asset purchases to prevent an inflationary spiral. 

A similar event occurred when the Fed reduced purchases of the QE3 program in December 2013, 

followed by ending the program in October 2014.36 Villanueva [2015] examined the completed QE3 

program’s impact on U.S stock prices and found that it had fewer adverse effects than first expected. 

Considering volatility, Tan and Kohli [2011] found that when the QE1 program came to an end, 

implied volatility increased in the S&P 500 measured via the VIX index. However, a big difference 

 
36 See FOMC statement from December 18th 2013 and October 29th 2014 on page 29 
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from the previous QE programs is that QE4 alone has accounted for approximately the same purchase 

volume in one-fifth of the time. An additional distinct feature of QE4 is the corporate credit funding, 

which was not part of the easing in previous programs. Consequently, a taper of the QE4 program 

would most likely shift the entire yield curve upwards due to decreased demand on long-term 

Treasuries combined with future expectations regarding inflation, effectively increasing the liquidity 

premium. Hence, by using the opposite logic applied in the above sections, one should expect equity 

risk to increase following the end of QE4. Figure 7.1 below provides implications of how equity risk 

is impacted. 

 

Figure 7. 1 QE tapering on Equity risk 

7.2 Future Research and Limitations 

The purpose of this thesis is to both contribute to the existing literature on how unconventional 

monetary policy affects equity returns and volatility, as well as to shine a light on the less discussed 

consequences of volatility suppression. We consider QE from the continuous flow-effect of the Fed’s 

balance sheet expansion/contraction rather than policy announcements that are denser in the existing 

literature. The following suggests future research based on some unanticipated findings outside the 

thesis scope, limitations, and alternative contexts. 

Throughout the result section, we discovered several interesting findings outside the scope for further 

analysis. In the monthly ADL models concerning returns, we observed a clear shift in the importance 

of economic variables such as industrial production as an explanatory factor for S&P 500 returns. 

Pre-crisis, it seemed to be a significant determinant of returns. However, since the introduction of 

QE, we found it to be insignificant and even negative. The results are indicative when posing the 

question of whether stock markets lead or lag macroeconomic variables and if QE has played a 

significant role in the shift. Camilleri [2019] investigates this particular question in selected European 

countries, however leaving unconventional monetary policy unconsidered. 

Furthermore, the thesis initiates the empirical testing by considering how QE affects returns and ends 

with suggestive evidence of how QE has impacted equity risk in the S&P 500, followed by the 
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implications of increased leverage and risk-induced behavior by market participants. Although we 

find evidence in favor by connecting the dots between financial theory and literature (e.g., Hattori et 

al. [2016]; Woodford [2016]), we do not formally test for direct relationships between volatility 

suppression and leverage or leverage and equity risk. We suggest future research ought to focus on 

expanding our model, looking at Value at Risk or similar measures of risk in the equity markets, and 

provide further evidence on the mechanisms that fuel tail-risk along with its linkage to QE.  

Moreover, this thesis only considers QE’s impacts in the S&P 500, which essentially serves as a proxy 

for the aggregate U.S equity market. The index should capture most of the high-level implications of 

QE intervention. However, there are undoubtedly other areas affected that are not necessarily 

captured in the index. A similar methodology applied on filtered segments of the equity markets and 

those outside the S&P 500 may reveal more robust evidence on where the impacts of QE can be 

found. Lastly, QE and volatility suppression are equally relevant in other countries and particularly 

in the EU, where the European Central Bank conducted QE in a similar fashion, although at a later 

stage. Thus, it would be interesting to compare similarities and differences between the EU and the 

U.S. As an example, Lamoen et al. [2019] suggest QE and the low yield environment boost equity 

returns primarily lead by irrational risk-taking behavior from investors. The authors, however, do not 

put much emphasis on the potential downside risk. Thus, research with a focus on the consequences 

of volatility suppression in the EU is highly suggested. 

The use of the Fed balance sheet as a proxy for QE faced us with limitations considering data 

frequency and sample size. When comparing pre-and post-crisis effects, the pre-crisis sample only 

dates to 2002. Thus, our “pre”-crisis results lack robustness concerning sample size. Another 

limitation is the frequency of the Fed balance sheet data. Although our results may still be consistent, 

it would be interesting to estimate the daily relationship between QE flows and equity returns and 

volatility, allowing us to capture substantially more variance. Additionally, the COVID-19 pandemic 

caused some data access restrictions, such as a lack of access to the CBS Bloomberg terminal. 

Luckily, FRED and Yahoo finance provided sufficient data. However, additional variables in the 

weekly frequency models could strengthen robustness and further support the implications discussed.
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8.   Conclusion 

With interest rates at their zero lower bound, purchasing financial assets on a massive scale has been 

the Federal Reserve Bank’s (Fed) primary weapon to tackle the great financial crisis and the ongoing 

COVID-19 pandemic. The massive and rapid expansion of the Fed’s balance sheet has raised 

important questions regarding its impact on stock markets and the possible collateral effect on 

financial stability. In this thesis, we examine Quantitative Easing’s (QE) impact on U.S equity 

markets from the unconventional policy’s origin in 2009 until early 2021. Using econometric time-

series models, we empirically test how the “flow-effect” of QE has affected the S&P 500 index 

returns, volatility, and Value at Risk. 

Through the employment of ADL models of both monthly and weekly frequency followed by a VAR 

model, we found that QE has played a significant role in boosting returns in the S&P 500 since its 

onset. We discover the most significant impact to be captured three to four weeks following changes 

in the balance sheet. Furthermore, we reveal a significant shift in the drivers of the S&P 500 returns 

when comparing sample periods pre-and post-crisis. Pre-crisis, we found core economic variables 

such as Industrial Production to be a key determinant of returns, where increasing returns follow an 

increase in Industrial Production. Post-crisis, however, this relationship is seemingly lost, and QE 

takes over as one of the more essential variables in explaining returns. We also considered the 3-

month LIBOR, which indirectly mirrors the Fed Funds Rate and its impact on returns. The effects 

became more protruding after the financial crisis, indicating that conventional monetary policy has 

also presumably grown into a more significant determinant of S&P 500 returns. 

Modeling the conditional volatility of the S&P 500 returns, using GARCH models of different 

specifications, we find that QE has effectively suppressed volatility in S&P 500. We also find that 

volatility persistence has been reduced since the onset of QE by comparing the levels with pre-and 

post-crisis sample periods. Moreover, we used a DL model to identify QE’s potential effect on Value 

at Risk in the S&P 500 following a distribution analysis indicating that tail-risk has increased since 
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the onset of QE. In line with stylized facts from the data, the DL model provides evidence that QE 

has played a role in increasing Value at Risk on the 1%, 5%, and 10% probability levels. We find the 

impact to be the most substantial and most significant on the lower end of the probability scale at 1% 

Value at Risk, i.e., further out in the distribution tails, indicating that QE has played a role in 

increasing tail risk in the S&P 500. 

While these findings apply to the particular policy intervention (QE) that we consider, the broader 

implications of the Fed’s intensified involvement in financial markets are important matters. 

Throughout the low-interest-rate environment created by the Fed’s unconventional policies, we find 

evidence of increased risk-seeking behavior of market participants. Foremost, lowered liquidity 

premiums have incentivized risk-seeking investors' to take on more leverage. On the contrary, risk-

averse investors with long-term liabilities such as Pension Funds are forced into riskier assets. 

Moreover, investors' belief that the Fed will rescue plummeting markets by exercising the “Fed Put” 

through both rate cuts and QE provides an inducement to take on even more risk. We also discuss 

indications of a changing behavior among non-financial corporates in the U.S, where leverage and 

share buybacks have increased since the introduction of QE. An explanation is firms' access to cheap 

financing, where they can issue debt to fund equity buybacks. Additionally, Fed’s decision to start 

purchasing corporate credit combined with the low-interest-rate environment has most likely 

improved the survival rate of zombie firms. 

Quantitative Easing reduces risk aversion while boosting returns and suppressing volatility in equity 

markets, effectively pushing risks further out in the statistical tails of the probability distribution. The 

implications considered around the potential consequences of QE have provided indications of the 

downside risk to which equity markets are being exposed. The question of the actual consequences 

is, however, left unanswered. Although QE has been a successful tool in recovering markets and 

financial stability, it is still an experimental policy, and we have yet to see the final outcome. We 

encourage other researchers to expand on this topic and provide more evidence on QE’s impact on 

investor behavior, the rise of leverage, and how equity risk is changing as a result.
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