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Abstract

This thesis investigates the effect of US monetary policy shocks on semiconductor equity returns
employing a monetary policy decomposition model. Surprise federal funds rate changes,
identified through futures contracts, are found to negatively affect stock performance of
semiconductor firms more than manufacturing firms. Subsamples of semiconductor ETFs do not
exhibit a significant link with unexpected monetary policy. A traditional event study approach
reveals positive abnormal stock activity in response to different FOMC decisions, with strong
evidence for rate hikes, weaker responses when rates are maintained, and no evidence for rate
cuts. Cross-sectional analyses indicate no link between firm-level variables and abnormal returns
on days of monetary policy announcements. These findings suggest limited sensitivity to Fed

policy changes, signifying the sector is a stable investment class.
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Introduction

The semiconductor sector lies at the heart of today’s digital economy as global demand for
computing power is rising at an increasing rate. Consumer electronics, autonomous vehicles,
and the latest developments in artificial intelligence (Al) drive unprecedented growth in chip

consumption (Jiang et al., 2023). Because of wide-ranging military applications, the

semiconductor industry is also heavily intertwined with politics and security (Witt et al.

2022). Geopolitical tensions have given rise to a race for technological advancement between

competing states (Luo & Van Assche, 2023). This led nations worldwide to prioritize the

semiconductor sector in industrial policy programs (Goldberg et al., 2024). Despite expansion

of foreign chip industries, the US semiconductor sector has maintained dominance within the

international supply chain (Malkin & He, 2023). Notoriously prone to business cycles, the

sector faced many crises that necessitated government intervention (Brown & Linden, 2011;

Tan & Mathews, 2009). Moreover, the chip industry is famous for its technological

developments and large capital expenditures (Qiao & Lu, 2024). Semiconductor firms often

receive support to meet their vast financial requirements owing to this focus on intensive

innovation (Bown & Wang, 2024).

Semiconductor firms are important for industrial stability and closely linked to the

financial system, thus commanding special investigation (Wu et al., 2015). The modern chip

industry holds a unique and prominent position in economics and politics, as noted by Bown

and Wang (2024), but has received insufficient attention. Semiconductor firms have acquired

a pivotal position within the international business environment while also gaining
prominence in financial markets. Over the last decade, the market capitalization of the US

semiconductor sector has grown over triple the rate of the S&P 500 index (Yahoo Finance,

2025). Understanding of the sector’s stock behavior can still, however, be greatly enriched.
The industry’s background justifies decoupling the performance of its traded equities from
more common classifications used in finance. Semiconductor firms enjoy substantial
government support and relentless chip demand fueled by digitalizing societies (Thorbecke,
2021). On the other hand, characteristics such as cyclicality and huge investment needs define
the sector and suggest increased sensitivity to monetary policy shocks. Consequently, several

studies have examined how federal funds rate (FFR) fluctuations affect semiconductor stock
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performance. Existing research, however, has been limited in scope as it focused on few

instances of rate hikes in 2022 (Liu, 2023b). Other analyses examined only TSMC, the biggest

manufacturer of chips in the sector (Liu, 2023a). The effect of FFR movements on the chip

sector thus remains far from complete (Sun, 2023). The current deficiency within academic
literature describing the movement of semiconductor shares sparked the following research
question:

“How do stocks of US semiconductor firms respond to monetary policy shocks?”
Monetary policy and its role in the economy are widely documented in literature (e.g.,

Friedman, 1968; Bernanke & Gertler, 1995; Woodford & Walsh, 2005). Various scholars have

explored the effect of monetary policy on interest rates (e.g., Cook & Hahn, 1989; Kuttner,

2001), while numerous others investigated the impact on asset prices (e.g., Bigrnland &
Leitemo, 2008; Smirlock & Yawitz, 1985; Thorbecke, 1997). Monetary policy decisions in the

US are made by the Federal Open Market Committee (FOMC) of the Federal Reserve.
Consequently, the influence of FOMC announcements on the stock market has been

investigated extensively (e.g., Hausman & Wongswan, 2011; Rigobon & Sack, 2004; Savor &

Wilson, 2014). Previous research has looked into sector differences regarding their reactions

to monetary policy shocks, but adhered to more customary sector classifications (Ewing et al.,
2003). For instance, academics have explored the exposure of the manufacturing and high-

tech sector to monetary policy (Bernanke & Kuttner, 2005), or industrials and information

technology (Jarefio et al., 2016). This work complements prior literature by relaxing the

assumption that equities within these groups exhibit similar stock performance. Considering
a sector with unique qualities offers valuable insights into investment behavior following
monetary policy announcements.

This paper employs a monetary policy decomposition model to measure the effect of
monetary policy shocks on semiconductor stock returns. If markets are efficient, they

incorporate all information regarding future Fed policy into prices (Fama, 1970; Nakamura &

Steinsson, 2018a). To distinguish between expected and unexpected FFR movements,

Krueger and Kuttner (1996) proposed a method that exploits federal funds futures contracts

to measure changes in market beliefs. This approach has been practiced in the context of

interest rates (Kuttner, 2001), and later to assess stock price activity (Bernanke & Kuttner,

2005). Since then, many others have utilized the same technique (e.g., Jarocinski & Karadi,
5
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2016; Kontonikas et al., 2013). Adopting this method allows to measure the immediate

response of semiconductor stocks to monetary policy decisions in comparison to other
sectors. As a supplement to this, a traditional event study methodology is conducted to
evaluate the sector’s stock activity on monetary policy announcement days relative to
performance on regular trading days. This work largely follows the typical approach laid out

in recognized literature on event studies (MacKinlay, 1997; Brown & Warner, 1985). Research

has previously used this method in the context of FOMC announcements to measure
deviations in stock price behavior (Velikov, 2015). The rolling regression approach similar to

Fama and MacBeth (1973) allows to explore abnormal stock activity. This in turn allows to

examine firm-level characteristics that may explain variation in abnormal stock performance
through regression analysis.

Retail and institutional investors can gain valuable insights regarding reliable
investment opportunities from this research. By analyzing semiconductor stock returns, these
findings can help investors make more informed decisions when constructing and rebalancing
their portfolios. Additionally, semiconductor firms can gain a deeper understanding of factors
that drive behavior of their outstanding equity.

Estimations initially indicate that semiconductor stocks are not susceptible to surprise
FFR changes while benchmark sectors are. Robustness checks partially reject this finding as
subperiod samples reveal that semiconductor stocks are more negatively affected than other
electronic and computer device manufacturers. The chip industry remains more resilient to
monetary policy than S&P 500 and software firms. Subsamples of popular semiconductor ETFs
reveal no statistically significant correlation with unexpected FFR adjustments. Event study
analyses reveal positive abnormal returns for semiconductor stocks when the FOMC decides
on a rate hike and moderate evidence for excess returns when the target rate is maintained.
Rate cuts are not associated with abnormal returns. Lastly, semiconductor firm-level
characteristics were not found to offer explanations for stock price variation.

This thesis is structured as follows. First, a comprehensive overview of existing
literature is presented, from which the hypotheses follow. Second, the methodological
approach including data collection and processing techniques will be stated. Third, results of
all data analyses are provided and reviewed. The thesis ends with a critical discussion of the

results, a summary of the findings with their implications, and suggestions for future research.
6



S. L. Blankestijn 30 June 2025 Master Thesis, Economics

1 Theoretical background

The central research question in this work arises from the intersection of semiconductor
industry fundamentals, monetary policy theory, and stock market dynamics. This chapter
begins with giving an outline of the semiconductor industry. It then continues by expanding
on the connection between monetary policy and equity markets. Hypotheses are derived

from the established theoretical framework.
1.1 Literature review

1.1.1 Semiconductor industry

First developed in 1946 in the United States, semiconductors are more commonly known as

chips and have become essential to nearly all modern technologies (Qiao & Lu, 2024;

Thorbecke, 2021). Their production process is widely considered the most technologically

complex in existence. It involves assembling electronic circuits on pieces of silicon (Kamal,
2022). This material can transmit electricity or function as an insulator, thereby receiving the

name semiconductor. (Rinehart & Kirchhoff, 2023). Currently, the semiconductor sector is a

crucial technological innovator and is regarded as a key driver of economic development

(Goldberg et al., 2024).

The semiconductor industry can be classified in five big categories. In the early days of
the sector, firms oversaw all parts of their chip manufacturing process to maintain data
integrity. Today, some big names (e.g., Intel, Samsung, Texas Instruments) classify as
integrated device manufacturers (IDMs). Standardization of production processes offered the
possibility for disintegration and thereby the beginning of the “fabless” business model

(Balconi & Fontana, 2009). These fabless enterprises (e.g., Broadcom, Nvidia, Qualcomm) are

specialized in designing chips and transfer fabrication to other firms (Monteverde, 1995).

Around 90 percent of all semiconductor firms are currently fabless while they generate a third

of total industry revenue (Goldberg et al., 2024). Fabless firms are not forced to spread out

their financial resources over multiple parts within their value chain. This enables them to

better leverage their investments to achieve financial performance (Shin et al., 2016).

Conversely, “foundries” (e.g., TSMC, GlobalFoundries) operate as pure manufactures. Some

firms are specialized in producing chips for memory (e.g., Micron). Meanwhile, the entire
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sector makes use of the semiconductor equipment lithography machines designed and made

by ASML, once spun off from Philips (Jiang et al., 2023; Rinehart & Kirchhoff, 2023).

Research and development (R&D) is an essential focus of semiconductor firms to stay
competitive. Co-founder of Intel, Gordon Moore, proposed in 1965 that the capabilities of the
chips would double roughly every 18 months. Known as “Moore’s Law”, the concept was
supported for over five decades and is fundamental to the industry. Products therefore face

a short lifespan, and constant innovation is required (Goldberg et al., 2024). Consequently,

large and increasing amounts of capital costs make that the sector needs vast financial

resources (Bown & Wang, 2024; Brown & Linden, 2011). Production costs are significantly

higher than in other industries. Machines from ASML are priced around $200 million while

fabrication facilities cost up to $20 billion to build (Peters, 2022; Yen et al., 2023). Capital

expenditures form a barrier for existing firms to develop and news ones to enter (Qiao & Lu

2024). The race for innovation has also resulted in instances of overinvestment in R&D (Shin
et al., 2016).

The semiconductor sector has long been intertwined with national security concerns
due to its critical role in defense technologies, receiving significant attention from domestic

authorities (Bown & Wang, 2024; Witt et al., 2022). In the early stages of the industry, the US

military was its primary customer, which meant public agencies played a significant role in

shaping its development (Goldberg et al., 2024). Chips find their origin on American soil, but

most production has since largely moved elsewhere. Taiwan, South Korea, and Japan have
taken large market share, and the US faces intensifying competition mainly from China, where
the sector is advancing rapidly. Today, advanced chips define modern defense departments

through applications in autonomous and cyber-assisted military systems (Peters, 2022). Given

its implications for security, semiconductor firms are often aided with subsidies or protected

from external competition by their respective governments (Brown & Llinden, 2011).

President Trump, for example, initiated a trade war against the Chinese chip sector. His
administration imposed export restrictions to China for motives related to national security

(Thorbecke, 2021). Meanwhile, the Japanese, South Korean, and Taiwanese governments

continue to undertake major incentives to aid domestic semiconductor firms (Wu et al.

2015). China is investing towards one trillion dollars into its domestic sector (Peters, 2022).

According to the Semiconductor Industry Association (SIA), competing countries offering
8



S. L. Blankestijn 30 June 2025 Master Thesis, Economics

substantial support to their chip industry led to the decline of US market share (Lazonick &
Hopkins, 2021). Consequently, the US launched their biggest cash injection in the industry
with the CHIPS (Creating Helpful Incentives to Produce Semiconductors) Act in 2022 (Peters,
2022). This act is a sign of what some call techno-nationalism and indicates a strong linkage

between national protection and chip innovation (Luo & Van Assche, 2023).

Historically, the sector is also largely driven by business cycles, having endured major

crises that required government intervention (Brown & Linden, 2011; Malkin & He, 2023).

Changes in consumer demand generate a pronounced impact for semiconductor production
and investment because capital expenditures are such a profound component of the industry

(Tan_& Matthew, 2009). Semiconductor firms worldwide required support through

governments policies during various downturns. As such, the global financial crisis placed the

industry under severe pressure, challenging its survival and development (Wu et al., 2015).

During the Covid-19 pandemic, the sector faced other difficulties. Businesses expected
weaker demand and cut back on their orders. People started working from home and
consumption of electronic devices surged. This initiated a global chip shortage that has

rendered demand within the sector inelastic (Rinehart & Kirchhoff, 2024; Thorbecke, 2021).

Rapid advancement of Al has once again placed the chip industry in the spotlight. Besides
government agencies, semiconductor firms have now drawn great interest from stock market

investors (Aguirre, 2024). This renewed attention underscores the importance of

semiconductors in enabling the next technologies and driving future economic growth.
Few scholars have investigated stock behavior of the chip industry in macroeconomic
context even though literature indicates substantial exposure to economic conditions (Jiang

et al., 2023; Yen et al., 2023). Semiconductor stock prices rose after FFR hikes in 2022, but

existing research does not provide a structural and comprehensive analysis of the impact of

monetary policy (Liu, 2023a; Liu, 2023b; Sun, 2023). This research fills the gap in literature on

the relationship between equities of semiconductor firms and monetary policy shocks.

1.1.2 Monetary policy and the stock market

The longstanding relationship between monetary policy and stock prices has been studied in
various regards. A central bank exercises influence on the price level through control over

short-term nominal interest rates (Woodford & Walsh, 2005). When an economy thrives, the

9
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threat of inflation grows, and interest rates are driven up. Such tight monetary policy is
generally associated with negative consequences for economic growth and equity markets.
Prices of traded assets are assumed to be determined by taking the sum of all discounted

future payments (Campbell & Shiller, 1988; Gordon & Shapiro, 1956). This implies a negative

link between the discount rate, at which commercial banks borrow from the central bank,

and stock returns (Smirlock & Yawitz, 1985). Higher interest rates thus imply a lower present

value of future cash flows, or dividend, thereby suggesting lower stock prices. For firms,
acquiring external capital now becomes more difficult in two ways. First, liabilities on current
outstanding floating rate debt expand while direct borrowing costs for new capital increase.

Second, collateral of firms to leverage against new debt shrinks (Bernanke & Gertler, 1995).

This hinders the ability of the firm to grow. Tight monetary conditions further reduce
willingness and ability of consumers to spend, resulting in diminished revenue (Bernanke &

Gertler, 1995). Overall, contractionary monetary policy thus puts upward pressure on risk-

free returns and downward pressure on stock proceeds, shrinking the equity premium.

Thorbecke (1997) examined the effect of monetary policy, employing different interest rate

measures and finding evidence that monetary policy greatly affects stock returns. An increase
in the short-term interest rate leads to a decline of the S&P 500 but the largest effect is

measured on the Nasdaq index (Rigobon & Sack, 2004).

As per the previous section, announcements regarding monetary policy have large and
foreseeable consequences for equity markets. Interest rates are the foremost tool to shape
monetary policy. Recognized finance theory posits that markets are efficient if they fully
reflect all available information (Fama, 1970). This is known as the Efficient Market Hypothesis
(EMH) and implies that interest rate news should be immediately incorporated into stock

prices (Nakamura & Steinsson, 2018a). Stocks offer rights to real assets. This means that,

assuming monetary neutrality, they should not be affected by monetary policies in the long-
term. On the short to medium-term however, they can be affected by changes in monetary

policy (Bernanke & Kuttner, 2005). Accordingly, it has been shown that asset prices behave

differently on days where macroeconomic news is scheduled for announcement as investors
expect to learn critical information and demand higher returns from more volatile equities

(Savor & Wilson, 2014). US monetary policy announcements are especially relevant as they

are found to determine global market risk premia (Du, 2017).
10
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1.1.3 FOMC announcements

In the United States, the Fed is given authority over monetary policy under the Federal
Reserve Act of 1913. The body within the Fed in charge of conducting monetary policy is the
FOMC. Reserve requirements, the discount rate, and open market operations are policy tools
the committee can utilize to steer the FFR. Ordinary circumstances dictate that the FOMC

convenes eight times a year to set the federal funds target rate (Federal Reserve, n.d.). Efforts

in identifying Fed policy shocks argue that different indicators can be valuable depending on

the regime of the central bank (Bernanke and Mihov, 1998). The FFR is, however, the most

forward measure to reflect the Fed’s stance on monetary policy and provide insight into

macroeconomic variables (Bernanke & Blinder, 1990). Real stock prices are expected to fall

seven to nine percent following a hypothetical 100-basis points target rate hike (Bjgrnland &

Leitemo, 2008). Hence, FOMC announcements are highly relevant. Investors require

additional compensation for holding stocks on days of meetings (Ai et al., 2021). The

phenomenon known as the pre-FOMC announcement drift was found by Lucca and Moench

(2014), which hypothesizes that annual excess stock returns are for 80 percent attributable
to the 24 hours before scheduled FOMC announcements. Investors seemed to have exploited

this anomaly as the effect weakened since (Dor & Rosa, 2019). Subsequent press releases by

the committee reveal information regarding monetary policy as well as current economic

conditions (Bauer & Swanson, 2023a; Jaroconski & Karadi, 2020). Each of these components

is discussed in greater detail below.

The outcome of FOMC meetings is not known beforehand, but the market forms rational
beliefs about monetary policy based on all available information. As a result, financial markets
do not respond strongly to changes in the FFR target that were anticipated. Changes in fed
funds futures can display modifications of market sentiment and thus signify predictions of

monetary policy (Krueger and Kuttner, 1996). While interest rates exhibit only a modest

reaction to expected changes in the FFR target, they react significantly to changes in the fed

funds futures (Kuttner, 2001). Stock prices behave similarly and also incorporate market

beliefs about future policies. Bernanke and Kuttner (2005) found that unforeseen deviations

of the target FFR generate the largest reaction among stocks. Stock indices rise around 1

11
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percent for a 25-basis-points rate cut. In a global perspective, equity indices also

predominantly respond to surprise changes to the target FFR (Hausman & Wongswan, 2011).

Conveyed in FOMC announcements is the committee’s assessment of the economic
outlook. It is suggested that the Fed has additional information about the economy not open
to the public. Some of this knowledge is shared when the FOMC declares new monetary policy

(Romer & Romer, 2000). This can explain why, conflicting with conventional understanding of

monetary tightening, stock prices are regularly found to surge following a rate hike

(Nakamura & Steinsson, 2018b). lllustrating this relationship, the negative link between

interest rates and stock prices was not consistent throughout the global financial crisis as cuts

were regarded an indication of unfavorable economic conditions (Kontonikas et al., 2013).

FOMC statements communicate the underlying motivation for policy, influencing asset prices

(Farka & Fleissig, 2011). The influence of FOMC announcements on the beliefs of firms and

individuals on economic circumstances is referred to as “Fed information effects”, and widely

investigated (e.g. Bauer & Swanson, 2023a; Nakamura & Steinsson, 2018b). Evidence shows

that considering this additional factor improves discovery of the impact of monetary policy

announcements (Girkaynak et al., 2004; Jarociiski & Karadi, 2020). In sum, this provides

rationale for a positive link between the revisions in the FFR and stock prices.

1.2 Hypotheses development

Given that semiconductor firms require vast capital investments, they benefit more from low

interest rate economies than firms in other industries (Brown & Linden, 2011). Moreover, the

sector is traditionally cyclical and greatly affected by macroeconomic factors (Tan &

Matthews, 2009). However, recent structural changes have contributed to greater stability.

These include the global supply chain reorganization triggered by the Covid-19 pandemic, the
growing integration of Al technologies, and increased government support through targeted

funding and policy initiatives (Aguirre, 2024; Bown & Wang, 2024; Thorbecke, 2021).

Together, these factors may have made the semiconductor industry more resilient and less

vulnerable to crises and shocks. In sum, this leads to the following hypotheses.

HO:1:  Semiconductor stocks are more strongly affected by monetary policy announcements
than comparison groups and exhibit stock activity line with systemic risk during

monetary policy announcements.

12
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Hai:  Semiconductor stocks are less strongly affected by monetary policy shocks than
comparison sectors.
Ha;:  Semiconductor stocks exhibit abnormal stock activity during monetary policy

announcements.

Variation in semiconductor equities on days of monetary policy announcements may depend
on deeper firm-specific characteristics. Just as tech firms can have a wide variety of business

models, the semiconductor sector displays considerable heterogeneity (Rinehart & Kirchhoff,

2022). Since the fragmentation of the semiconductor industry, the fabless firm has gained

considerable popularity (Goldberg et al., 2024). It is argued that compared to IDMs, fabless

firms can better transform capital and knowledge into financial performance (Shin et al.

2016). Others state that IDMs will continue to lead technological development in the near

future (Qiao & Lu, 2024). As discussed, core activities of chip designers and manufacturers

involve their vast R&D expenditures (Bown & Wang, 2024). This specific aspect of the sector

is tied to amplified capital costs in case interest rates rise, restraining growth of firms.
Excessive R&D spending within the semiconductor sector is even found to be a concern (Shin

et al, 2016). Prior research has also established, however, that there is a positive link between

R&D and firm stock price (Eberhart et al., 2007). This correlation is even stronger in more

competitive sectors (Gu, 2015). Abovementioned core features of the chip sector raise

guestions about whether R&D and business type are reflected in stock price. This gives rise to

the following hypotheses.

HO,:  Firm-level characteristics are not related to semiconductor stock returns on monetary
policy announcement days.

Has:  Firm-level characteristics are related to semiconductor stock returns on monetary

policy announcement days.

13
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2 Methodology

In accordance with related studies, the appropriate research design is presented here.
Empirical models and key variables that aid in testing previously stated hypotheses are laid

out. Lastly, the sample is defined and ways of data collection are provided.

2.1 Research design

To explore how semiconductor stock prices respond to interest rate shocks, a monetary policy
decomposition model is best suitable. This involves a regression estimation widely adopted
in well-established studies on FOMC announcements. Baseline estimations originate from

literature that regressed FFR changes on market interest rates (Cook & Hahn, 1989). The

approach then separates the anticipated and unanticipated components of FFR movements

toisolate true monetary policy surprises (Bernanke and Kuttner, 2005; Kuttner, 2001; Rigobon

& Sack, 2004). The unanticipated part of a potential rate change is proxied using changes in

fed funds futures surrounding the announcement date. Subsequent empirical work has
frequently applied this way of regressing stock returns on monetary policy shocks (e.g.,

Hausman & Wongswan, 2011; Kontonikas et al., 2013). Adopting this approach in the context

of the chip industry offers relevant and methodologically sound insights of a unique sector
given its current environment.

Additionally, this work conducts a typical event study analysis that explores potential
abnormal stock activity on announcement days. Separating between different policy
decisions gives further insight while the approach also provides a basis to perform analyses
on firm-level variables. Under the assumption that markets react swiftly to new information,
this methodology estimates the impact of events over a short period. Common applications
include earnings announcements, corporate scandals, and stock splits, or in this case,
monetary policy decisions. In most cases, the analysis focuses on how such events affect the

price of a firm’s stock price (MacKinley, 1997). Research equipping daily stock data fits an

event study well and produces good test statistics. Necessary assumptions tend to hold well

and analyses pose few issues (Brown & Warner, 1985). This method exposes deviations from

normal stock price movements on and around FOMC announcements, or otherwise: events

(Corrado, 2010). The objective is to determine whether US semiconductor firms exhibit

abnormal stock price movements around monetary policy announcements. To estimate the

14
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potential abnormal response of semiconductor equities, the analysis relies on the standard
Capital Asset Pricing Model (CAPM), which will be specified later in this section.

An event study calls for defining an estimation window and an event window. The
consensus in literature is that 120 trading days is appropriate for the estimation window

(Brown & Warner, 1985; Dyckman et al., 1984: MacKinlay, 1997; Sorokina et al., 2013). Since

FOMC meetings take place eight times a year, events will overlap with other estimation
windows. This is not considered to be an issue as the window is sufficiently long to average
out potential offsetting effects. Moreover, the estimation window for FOMC announcements
needs to account for any effects of the pre-FOMC announcement drift result obtained by

Lucca and Moench (2014) that have preserved. The estimation window therefore spans [-120,

-5], covering 116 days in total. During this period, systemic risk that semiconductor firms carry
is estimated. After assessing average volatility of semiconductor equities relative to the
market portfolio, abnormal stock activity is observed during the event window. Employing a
narrow event window around the FOMC announcements improves discovery. This prevents

other economic factors from blurring the effect (Bu et al., 2021). It is argued that a [-1, +1]

day event window is the most precise while allowing for potential spillover effects on

surrounding days (MacKinlay, 1997; Sorokina et al., 2013). Related literature on high-

frequency monetary policy identification also employs a [-1, +1] day window surrounding
FOMC announcements (Velikov, 2015). The analysis also employs a [0] day window on the
event date itself since these monetary policy announcements are highly anticipated.
Moreover, the one-day window is best in line with the proposition that efficient markets
immediately incorporate all available information into prices (Fama, 1970). This analysis will
thus apply two windows: a one-day window on the day itself [0], and a three-day window
spanning from one day prior to one day after the event [-1, +1]. The timeline of the event

study is visualized in Figure 1. Furthermore, Glirkaynak et al. (2004) estimated the response

of the S&P 500 index to a surprise 25-basis-points tightening and found similar estimations
across daily and intraday regressions. Daily closing prices are thus considered fitting for this

analysis (Bernanke & Kuttner, 2005). FOMC announcements occur during trading hours,

which offers no additional measurement issues in that regard.
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estimation window event window

Figure 1: Event study timeline with time in days. The analysis will equip event window [0] and [-1, +1].

Abnormal returns from the event study analysis offer opportunities to explore firm-level
variation in stock performance on monetary policy announcement days. Given the structure
of the data, a pooled regression model is best suited. Large firm-level changes over time are
not of interest or expected over the six-year sample period, making a fixed-effects model
unsuitable. A random-effects model is likewise unfitting as it can be assumed that firm-
specific effects are correlated with the explanatory variables. Abnormal stock activity is
regressed on financial variables to further investigate semiconductor firm financial variables,

offering an extension that sheds light on the underlying mechanisms.

Other analyses of the effects of monetary policy have to a large extent been addressed
employing Vector Autoregression (VAR) models. This approach has been applied in several

established studies (e.g., Bernanke & Mihov, 1998; Gertler & Karadi, 2015; Thorbecke, 1997),

and continues to be used in more recent work (e.g., Bijgrnland & Leitemo, 2008; Jarocinski &

Karadi, 2020). While VAR models are valuable for analyzing the transmission of monetary

policy over time, they rely on more restrictive identification schemes and structural
assumptions. Models aimed to expose the connection between monetary policy and
economic variables over time are more susceptible to confounding influences, which makes
it difficult to isolate the true causal effect. Although some inventions with respect to VAR
models have been done, they pose substantially more endogeneity concerns than event study

approaches used in this work (Romer & Romer, 2004). Interest rates are found to be

responsive to stock prices, indicating simultaneity (Rigobon & Sack, 2003). The monetary

policy decomposition model effectively differentiates between expected and unexpected
monetary policy adjustments, allowing to observe immediate investor behavior. Event studies
similarly allow for a transparent identification of stock activity following important economic
news. Although stock prices are affected by many factors, this joint approach provides a

relatively well isolated environment and is aligned with the objective of this study.
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2.2 Model specification

The proposed setup of this research requires further description. Econometric specifications
of the models in this analysis are presented in this section.

2.2.1 Monetary policy decomposition

Asset price responses on FOMC announcement days are estimated by separating the effects

of expected and unexpected policy moves (e.g., Bernanke & Kuttner, 2005; (Kontonikas et al.,

2013; Hausman & Wongswan, 2011) Unexpected changes in the FFR are measured using fed

funds futures, a method commonly used in finance literature (Krueger & Kuttner, 1996;

Kuttner, 2001). Implied future rates are 100 minus the contract price. A policy shock is
calculated as the change in the daily closing rate of the contract surrounding an event, scaled

by a factor that reflects the number of days in the month influenced by the policy decision,

. D (1)
Al = (fe = fe-1),

where Ai% is the unexpected change of the target rate. D is the number of days in the month
of the announcement, d is the current day of the month, and f; is the closing rate of the
futures contract. Subsequently, the expected component of the rate change is calculated
using,

Ai¢ = Ai — AiY, (2)
where Ai€ is the expected change in the target rate, and Ai is the actual adjustment in the
FFR by the committee. Stock prices can also respond when the FOMC maintains the target

rate even though market predicted a change (Bernanke & Kuttner, 2005). Figure 2 illustrates

the outcomes of this calculation, displaying all FOMC decisions over 2019 to 2024 alongside

their anticipated and unanticipated components.
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Figure 2: Federal funds target rate changes over 2019-2024 with anticipated and unanticipated
components. Unscheduled meetings are not part of the analysis.

To estimate the effect of the FOMC decision on stock performance, the following model is
estimated,

R = a+ BAi + &, 3)
where R; . denotes the return for firm i on day t of the FOMC announcement and is regressed
on Ai;, which captures actual change of the target rate. Then, to disentangle the effects of
anticipated and unanticipated components of monetary policy, the regression is extended to
the following,

R = a + BeAIf + BUAif + &, (4)
where Aif represents the expected component of the FFR move and Ai{ represents its

unexpected counterpart, or the policy surprise (Bernanke & Kuttner, 2005). Respective betas

are of interest, with % in particular as it isolates the unanticipated rate change.
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2.2.2 Event study for abnormal returns

Abnormal activity of semiconductor stocks will be estimated utilizing the standard market

model. To model stock returns, Sharpe (1964) and Lintner (1965) put forward the relationship

of expected return and systemic risk. This Capital Asset Pricing Model (CAPM) proposes that
the equilibrium value of assets is based on the market price of risk. The model was applied to

US data from before 1969 by Fama and Macbeth (1973), proving its use. This work uses a

similar two-step procedure that first calculates firm beta coefficients during the estimation

window and next obtains the excess return on announcement days. The CAPM is defined as
Ry = a+B(Rn—Rp) + ¢ (5)

where R; ; is the actual observed return of stock i at time t. Further, R, represents the market

return and Ry the risk-free rate that one can attain in the market. Existing studies suggest that

the CAPM performs reliably on days of macroeconomic announcements (Savor & Wilson,
2014). It remains to be seen whether this finding applies to semiconductor equities. Expected
return is based on each individual firm beta (f) and the market return during the event
window,

E(Rit) = Bi(Rm — Ry), (6)
where E(R; ;) is a firm’s expected return. Next, abnormal stock returns are obtained by taking

the difference between the expected and observed return, using

AR;; = Ry —E(R;y), )
1 (8)
ARt = NARi't’

where AR;, denotes the abnormal return of a firm. Further, AR, represent the abnormal
return of all firms divided by the number of firms (N) in the sample, or simply the average
abnormal return. This value is associated with the event window [0] of the announcement
day only. For the other event window [-1, +1], abnormal returns are summed over three days

using following formulas,

+1
CARi,t = z ARi't;

t=—1

— 1
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where CAR;, stands for the cumulative abnormal returns and CAR, denotes the average
cumulative abnormal returns of all firms. Time t is in days. So, abnormal stock activity equals

the difference between observed and predicted returns over the three-day period.

2.2.3 Firm-level regression

Differences between firms that may explain cross-sectional variation in stock performance on
monetary policy announcement days are assessed using pooled regression. The dependent
variable is the estimated ARs on monetary policy announcement days. Explanatory variables
are the type of business model of a firm and a metric for R&D expenditures.

Additional control variables are added to the model to mitigate potential omitted
variable bias. It is reasoned that large firms are affected less strongly by interest rate changes

than their small counterparts (Thorbecke, 1997). The latter type sees both its earnings and

access to credit shrink considerably more in case of rate hikes (Gertler & Gilchrist, 1994).

Moreover, value stocks are found to be more affected by monetary policy than growth stocks

(Black, 2002). Excess debt has considerable effects on investment propensity, while monetary

policy can reduce the real value of liabilities (Occhino & Pescatori, 2014). In sum, the model

controls for firm size, valuation, and debt level. This leads to the following model,
AR;. = a + p;Fabless + B;R&D + p;Fabless * R&D + f;Leverage + ;P /B (11)
+ BiEmployees + ¢,

where fabless is a dummy that gets a value 1 if the company is fabless and a 0 otherwise,
which implies that the firm has its own manufacturing facilities. R&D represents R&D-to-sales
ratio, P/B is short for price-to-book ratio, and leverage denotes the debt-to-assets ratio.
Employees is a variable that takes the natural logarithm of the employees within a company.
The interaction term between fabless and R&D is equipped to evaluate firm performance in

earlier research and will assess stock behavior in this study (Shin et al., 2016).

2.3 Sample and data

2.3.1 Time period

Major developments marked the semiconductor sector from 2019 to 2024, hence this is the
preferred timespan for the study. Extending the analysis further into the past may limit its

relevance for understanding the current state of the semiconductor industry. Data collection,
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however, tracks back to 2018 to comply with all estimation windows. The selected time period
experienced two instances of repeated FFR cuts and one extended period of hikes. This offers
a variety of multiple datapoints for the analysis (Appendix: Table 12). The rest of this segment

depicts which and how the variables are retrieved.

2.3.2 Macroeconomic variables

For information on FOMC announcements between 2019 and 2024, this work referred to the

FOMC calendar on the official website of the Federal Reserve (Federal Reserve, n.d.).

Normally, the committee releases eight statements per year in which it reveals its decision on
the FFR target. The committee has three options: increase, maintain, or decrease the FFR
target. Voting members decide on policy by majority vote. Next to its planned meetings, the
FOMC can have additional meetings in case economic conditions command them. Over the
sample period, there have been three unplanned meetings. One occurred in October 2019 as

a reaction to the sudden increase in non-reserve liabilities of the Fed (Federal Reserve Board,

2019). The other two unscheduled meetings took place in March 2020 in light of the Covid-

19 downturn (Federal Reserve Board, 2020a; 2020b). The closest scheduled meeting of March

2020 was subsequently cancelled. The FOMC thus held 47 regular meetings over six years.
Similar research shows a divergence of preference for including unplanned meetings (e.g.,

Kontonikas et al., 2013), or excluding them (e.g., Savor and Wilson, 2014). Considering the

nature of unscheduled meetings in the sample period and that this work takes a short time
span relative to former studies, they are withdrawn from the dataset. Besides, the aim of this
research is to uncover the structural effect of monetary policy on semiconductor equity rather
than studying the impact of the Covid-19 pandemic. This specific crisis had a huge impact on
capital markets, likely skewing the results. All decisions over the sample period are presented
in Table 12 in the Appendix for reference.

Prior literature indicates that fed funds futures provide an appropriate way of
measuring changes in market beliefs regarding Fed policy. This approach of using high-

frequency changes in futures is well established (e.g., Bernanke & Kuttner, 2005; Kuttner,

2001). Both recognized and recent research employ the 3-month fed funds futures,

henceforth FFc3, to track surprise interest rate movements (e.g., Arin et al., 2024; Gertler &

Karadi, 2015; Putnin$, 2022). FOMC meetings occur approximately six weeks apart, which
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makes the FFc3 align well with market expectations following the next meeting. Changes to
the futures reflect unexpected FFR changes and shifts in forward guidance. Disturbances in
the standard planning of the meetings, or timing surprises, have little impact on economic
outcomes. Shorter-term contracts, however, can be highly sensitive to timing surprises,

reinforcing the argument for the 3-month futures (Jarocifiski & Karadi, 2020). The payout of

these contracts is based on the average effective FFR over the third calendar month ahead.
The implied futures rate is 100 minus the contract price. The FFc3 are traded under the
common name ZQ on the Chicago Board of Trade (CBoT) of the Chicago Mercantile Exchange

(CME). The daily data for this rate is retrieved from LSEG Datastream.

Table 1. Descriptive statistics of macroeconomic variables. Data of federal funds rate and associated futures
contracts from 2019 to 2024.

N Mean St.dev. Min. Median Max.

Panel A: Federal funds rate (FFR)

Fed funds target rate 1512 2.451 2.128 0.00-0.25 2.25-2.50  5.25-5.50
Fed funds target rate change 47 0.074 0.270 -1.00 0.00 0.75
Panel B: Fed funds futures (FFc3)

Implied closing rate 1512 2.489 2.127 0.045 2.123 5.450
Closing rate change 1512 0.001 0.042 -0.385 0.000 0.465
Unexpected change 1512 0.001 0.067 -0.663 0.000 0.581
Expected change 47 0.062 0.179 -0.948 0.000 0.983
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Figure 3: Federal funds target range. The FOMC Figure 4: Fed funds futures 3-month continuation
sets a target range of 25-basis-points. (FFc3). The implied closing rate is 100 minus the
contract price.
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2.3.3 Firm-level variables

This research investigates how interest rate announcements by the Fed affect stock prices of
publicly listed semiconductor firms headquartered in the US. The US equity markets account
for approximately 42 percent of the worldwide market capitalization, underscoring their
pivotal role in the global financial system. More than half of all listed semiconductor firms are

based in the US, and they continue to occupy a dominant position (Malkin & He, 2023; Peters,

2022). Performance of their respective equities are commonly tracked using the Philadelphia
Semiconductor Sector Index (*SOX) (Tokic, 2007). However, the composition of the ASOX
occasionally changes and some foreign firms less affected by Fed policies are included. This
work includes the entire US semiconductor industry for a more comprehensive analysis and
broader implications. Retrieving all US based semiconductor firms from the Orbis database
resulted in an initial sample of 91 firms. Firm-level financial and market variables were
subsequently gathered from LSEG Datastream. Stock returns were calculated by taking the
percentage change in daily closing prices. For 28 of the firms, no stock price data was available
for the sample period, leaving a total of 63 firms for the analysis. Of these, 36 have their own
fabrication facilities while 27 are classified as fabless. Information on each firm’s business
model is retrieved from company websites, news articles, stock market websites, or other

literature (e.g., Bown & Wang, 2024; Rinehart & Kirchhoff, 2024; Yeung et al., 2023).

Three comparison groups are used as a benchmark to the stock performance of
semiconductor firms: S&P 500 constituents, firms in computer or electronic device
manufacturing, and firms operating in computer programming or information service
activities. Samples are identified through sector classifications in the Orbis database and
hereafter labelled S&P 500, manufacturing, and software. Semiconductor firms belong to the
manufacturing classification, which makes this the best benchmark. To prevent bias in the
analysis, semiconductor firms are removed from benchmark samples. This results in a filtered
S&P 500 sample of 451 firms. Manufacturing and software samples contain a large portion of
zero stock returns, indicating illiquidity. Firms with more than 30 percent of zero daily stock
returns are excluded from the sample. This leaves 247 manufacturing firms and 172 software
firms. llliquidity and possible data errors also cause outliers in the data. Unrealistic values

ought to be taken care of to perform reliable analyses. In finance literature, this problem is
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most often tackled by winsorizing (Adams et al., 2019). This technique of removing outliers in

data replaces extreme values by the nearest values regarded as not extreme. Applying a cut

off rule of 1 percent (retaining the 1% to 99" percentile) renders the stock returns of

manufacturing and software firms normally distributed. Semiconductor and S&P 500 samples

contained only a small proportion of outliers and winsorizing just 0.1 percent of extreme

values suffices to make the distribution normal. These adjusted benchmarks serve as

comparison groups to gain meaningful interpretation of the semiconductor sector’s

sensitivity to monetary policy shocks.

Table 2: Descriptive statistics of stock return data from 2019 to 2024.

Beta (B) N Mean St. dev. Min. Median Max.

Panel A: Semiconductor

Fabless 1.45 27 0.115 3.564 -18.90 0.00 24.50
Integrated 1.40 36 0.100 4.101 -28.79 0.00 36.96
Total 1.42 63 0.106 3.883 -28.79 0.00 36.96
Panel B: Benchmarks

S&P 500 1.0 451 0.064 2.066 -13.40 0.10 13.60
Manufacturing 0.9 247 0.090 5.210 -28.60 0.00 41.20
Software 1.1 172 0.086 5.808 -33.30 0.00 50.00

Abnormal returns of semiconductor firms are subsequently regressed on a set of relevant

financial variables. These include R&D-to-sales ratio, debt-to-assets ratio, price-to-book ratio,

and employees. Natural logarithm is number of employees. All financials are retrieved from

LSEG Datastream.

Table 3: Descriptive statistic of other semiconductor financial variables.

N Mean St. dev. Min. Median Max.
R&D 55 19.86 15.65 1.06 17.04 109.39
Leverage 55 18.20 16.66 0.00 16.43 65.25
P/B ratio 55 5.16 4.83 0.38 3.41 33.37
In(employees) 55 8.12 1.68 4.30 8.15 11.79

Each variable is either time-series or panel data format. For some preliminary data

transformation, Microsoft Excel is used. Subsequently, all other data processing and statistical

analyses are performed using R.
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3 Results

This chapter is broken down into three main sections. First, the effect of expected and
unexpected components of FFR adjustments on equity returns are compared across sectors.
Second, the traditional event study exposes potential abnormal stock activity of
semiconductor firms. Third, abnormal stock returns are regressed on firm financials.

Robustness checks assess the reliability and consistency of the results.

3.1 Monetary policy shocks

Before analyzing the regression results on semiconductor equities, benchmark estimations
displayed in Table 4 are reviewed. Variance Inflation Factor (VIF) tests indicate no concern for
multicollinearity between the monetary policy shock variables. Expected and unexpected
monetary policy shocks exhibit VIF values of around 1.18 to 1.19, well below common
thresholds. The S&P 500 and manufacturing sample reveal a positive correlation of 0.25 and
0.61 percent stock return respectively in response to a 100-basis-points raw target rate
change. These values are rather low however, likely indicating high predictive power of the
market. A positive link is contradicting with conventional monetary policy theory and deviates

from the result in Bernanke & Kuttner (2005). As mentioned earlier, the financial crisis

triggered a shift and central bank decisions were more regarded to signal economic conditions

(Kontonikas et al., 2013). This effect can thus be explained with the notion of information

effects (Nakamura & Steinsson, 2018b). Next, monetary policy is broken down in their

anticipated and anticipated components. The S&P 500 and software samples do not exhibit
statistically significant associations with expected FFR changes, suggesting that people
effectively incorporate anticipated monetary policy in stock prices. Manufacturing equities
reveal a 0.48 percent positive correlation with expected rate changes, significant at the 5
percent level. The effect is possibly attributable to additional information revealed in FOMC
announcements. All three benchmarks are negatively affected by unexpected interest rate
increases, significant at the 1 percent level. S&P 500, manufacturing, and software firms
exhibit a -4.26, -2.41, and -3.75 percent decrease in stock valuations respectively in response
to a surprise 100-basis-points increase. FOMC decisions only explain a small portion of stock
returns as indicated by the R? and Adjusted R2. Monetary policy, however, is expected to

explain only a small portion of return variation and coefficients are of main interest.
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Table 4: Monetary policy decomposition model for benchmark samples. Dependent variable is stock return. The
S&P 500 represents the entire market. Manufacturing firms operate in computer or electronic device

manufacturing. Software firms are active in computer programming or information services.

S&P 500 Manufacturing Software
(a) (b) (c) (d) (e) (f)
(Intercept) 0.068*** 0.007 0.396*** 0.355*** 0.367*** 0.313***
(0.016) (0.017) (0.052) (0.054) (0.074) (0.076)
Actual change 0.246*** 0.610*** 0.239
(0.061) (0.197) (0.270)
Expected change 0.052 0.479** 0.073
(0.062) (0.201) (0.274)
Unexpected change -4, 255%** -2.414%** -3.753***
(0.275) (0.889) (1.241)
Durbin-Watson 1.341 1.360 1.836 1.838 1.724 1.727
N 20,364 20,364 11,562 11,562 6,719 6,719
R? 0.001 0.014 0.001 0.002 0.000 0.002
Adjusted R? 0.014 0.002 0.001

Significance indicators: *p < 0.1; **p < 0.05; ***p < 0.01

The following analysis examines the regression outcomes for semiconductor firms as reported
in Table 5. The full sample shows a 1.56 percent positive response to FFR changes, while the
fabless and integrated firms react to differing degrees of 1.73 and 1.44 percent respectively.
This implies that semiconductor equities react more strongly to FFR changes than all three
benchmarks. A possible explanation is that these firms are more affected by macroeconomic
news conveyed in FOMC announcements, or at least, that is what investors believe. The
positive correlation is consistent through the coefficient of the expected change. An
anticipated 100-basis-points hike is associated with a 1.61 percent stock return among fabless
firms compared to a 1.25 percent increase for integrated firms. The average of all firms is a
1.41 percent rise. The chip industry responds to cyclical demand, which is potentially why raw

and expected rate changes affect its stocks to a higher degree than benchmarks (Peters, 2022;

Tan & Mathews, 2009). It is imaginable that the Fed conveys additional economic information

in their press releases that affects the semiconductor equities (Girkaynak et al., 2004). On

the other hand, a surprise increase of the interest rate does not have a significantly strong
impact on semiconductor equities. The full sample shows a -2.13 percent return linked to a
100-basis-points unexpected hike, but the effect is not significant. Among the subsamples,
integrated firms are more negatively affected than fabless firms. Although the effects are not

significant, asymmetry in capital expenditures could provide a logical explanation for the
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difference in stock reactions as fabless firms can leverage the expensive assets of IDMs (Shin

et al., 2016).

Table 5: Monetary policy decomposition model for the semiconductor sector. Dependent variable is stock return.
Estimations differentiate between the full sample, fabless firms, and firms with own manufacturing facilities.

All Fabless Integrated
(a) (b) (c) (d) (e) (f)
(Intercept) 0.619*** 0.570*** 0.618*** 0.580*** 0.620*** 0.562***
(0.083) (0.085) (0.120) (0.122) (0.114) (0.117)
Actual change 1.560%** 1.726%** 1.438***
(0.309) (0.445) (0.425)
Expected change 1.405%** 1.609*** 1.254%**
(0.314) (0.452) (0.432)
Unexpected change -2.127 -1.117 -2.867
(1.405) (2.027) (1.930)
Durbin-Watson 1.407 1.411 1.284 1.287 1.479 1.484
N 2,778 2,778 1,172 1,172 1,606 1,606
R? 0.009 0.012 0.013 0.014 0.007 0.010
Adjusted R? 0.011 0.013 0.009

Significance indicators: *p < 0.1; **p < 0.05; ***p < 0.01

Estimations show that semiconductor equities respond more strongly to expected FFR hikes
than benchmark groups. This result potentially suggests that investors belief a strong
economy will benefit semiconductor firms more than manufacturing or software firms.
Conversely, expected rate cuts are often coupled with a more pessimistic macroeconomic
outlook. This in turn might also have a larger effect on semiconductor equities than the
market sample or manufacturing firms. As illustrated by the lower left quadrant in Figure 5,
the biggest portion of stocks exhibits negative returns between 0 and 7 percent associated
with a forecasted rate cut of around 25-basis-points. Economic news thus appears to be
regarded as more important for semiconductor firms than for comparison groups. This can

be explained by the industry’s cyclical demand (Tan & Mathews, 2009). The Fed signaling a

bad outlook on the economy indicates reduced demand for chips which has a substantial

impact on firms’ future revenue streams (Qiao & Lu, 2024). The fitted regression line in Figure

5 displays a positive and significant effect of expected rate changes on equity returns.
Considering most FOMC decisions change the target rate by 25 to 75-basis-points and a no

highly clear pattern present, the impact on stock returns is relatively limited however.
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Figure 5: The effect of expected monetary policy shocks on

semiconductor stock returns. Strong significant positive correlation (p

<0.01).
Semiconductor firm valuations seem to be even less affected by surprise monetary policy. All
coefficients are smaller than the benchmark groups. Estimations signal that semiconductor
firms with own fabrication facilities might suffer more from contractionary monetary policy,

but the evidence is weak. Manufacturing firms bear the costs of expensive facilities from

which fabless firms can benefit (Shin et al.,, 2016), possibly explaining the difference.

Meanwhile, the fabless firms put their effort towards technological innovation (Qiao & Lu,
2024). The effect of surprise interest rate changes is illustrated in Figure 6 and shows the
fitted regression line. Note that the market is relatively accurate in predicting monetary policy
as displayed in Figure 2, which is why the x-axis here has a shorter range than in Figure 5. The

effect is not statistically significant however, and the data clearly shows no pattern.
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Figure 6: The effect of unexpected monetary policy shocks on
semiconductor stock returns. No significant negative correlation.

Overall, the monetary policy decomposition model reveals a striking result. Surprise interest
rate changes do not cause significant price movements among semiconductor stocks, as
displayed in Table 5. Other computer and electronic device manufacturers, however, incur a
2.41 percent stock price decrease in case of a hypothetical 100-basis-points interest rate hike.
Other benchmarks reveal an even stronger negative effect. This offers preliminary support
for the first hypothesis, which states that semiconductor stocks are less strongly affected by

monetary policy shocks than comparison sectors.

To ensure robustness of these findings, the original sample from 2019-2024 is split up
between two subperiods of three years: 2019-2021 and 2022-2024. This approach accounts
for time-varying economic conditions, thereby assessing whether the results remain
consistent across distinct time frames. Estimations of these regressions are presented in Table
6 and show some, at first, shocking results. The effect of expected monetary policy changes
on semiconductor stocks between 2019 to 2021 becomes rather large compared to the other
groups. This suggests that these equities might respond even stronger to any additional

information that the Fed communicates in their announcements (Gurkaynak et al., 2004). The

coefficients of the unexpected monetary policy component, however, reveal some
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inconclusive outcomes. Only the S&P 500 sample remains moderately significant. The other
sector classifications are not significant and show differing degrees of a positive response to
surprise rate movements. These findings can be rationalized however. In this subperiod, the
FOMC decided on a rate change five times, two of which were after unscheduled meetings
and not included in this analysis for reasons stated earlier. This means that the committee
maintained the rate for all other twenty FOMC announcements. Although this does not imply
no changes in expectations regarding the FFR, no substantial monetary policy changes
occurred as showcased by Figure 2. Stock price fluctuations are therefore likely not due to
monetary policy but rather other factors or noise, limiting explanatory power of monetary
policy shocks. Returns showed different reactions to monetary policy shocks between 2022
and 2024. Equities, like before, reacted only mildly to expected changes in the FFR.
Manufacturing firms, including the semiconductor sample, continue to exhibit a positive
relationship with expected rate changes. On the other hand, all stocks reacted more strongly
to unexpected changes to the target rate than in the initial estimations. This presents
substantial nuance for earlier findings. Surprise target rate changes continue to have the
largest effect on S&P 500 firms at -4.81 percent, followed by software firms revealing a -4.12
percent reaction, both significant at the 1 percent level. An unanticipated 100-basis-points
rate hike decreases manufacturing and semiconductor sector valuations 3.43 and 2.32
percent respectively, indicating significance at the 5 percent level. In sum, semiconductor
stocks do in fact respond negatively to FFR changes, but only if there are substantial shifts in
monetary policy. Nonetheless, semiconductor firm valuations are reduced to a lesser extent

than S&P 500 and software firms, suggesting relative investor confidence.
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Table 6: Monetary policy decomposition model for benchmark samples. Dependent variable is stock return.
Estimations differentiate between the full sample, fabless firms, and firms with own manufacturing facilities

2019-2021
Semiconductor S&P 500 Manufacturing Software
(Intercept) 0.870%** 0.225%** 0.724%*** 0.635%**
(0.138) (0.024) (0.079) (0.109)
Expected change 5.958*** 2.181*** 4.425%** 2.333*
(1.516) (0.257) (0.852) (1.241)
Unexpected change 4,957 -0.979* 1.212 0.165
(3.103) (0.524) (1.733) (2.520)
N 1,298 9,952 5,658 2,873
R? 0.012 0.012 0.006 0.002
Adjusted R? 0.010 0.012 0.005 0.001
2022-2024
Semiconductor S&P 500 Manufacturing Software
(Intercept) 0.446%** -0.152*** 0.088 0.194**
(0.116) (0.068) (0.081) (0.092)
Expected change 1.302%** 0.137* 0.667*** 0.150
(0.323) (0.071) (0.226) (0.297)
Unexpected change -3.433** -4.810%** -2.315%* -4,115%**
(1.530) (0.338) (1.069) (1.434)
N 1,480 10,412 5,904 4,995
R? 0.022 0.025 0.004 0.002
Adjusted R? 0.021 0.025 0.003 0.002

Significance indicators: *p < 0.1; **p < 0.05; ***p < 0.01

The set of firms is modified as an additional robustness check. Prior literature indicates that
tracking the ASOX is a reliable way to measure the performance of the US semiconductor
sector (Tokic, 2007). This index continues to be utilized in contemporary research (Yen et al.,
2023). For a list of the firms in the ASOX, this work referred to the iShares Semiconductor ETF

that follows the index (iShares, n.d.). As an alternative, this subsample analysis uses the

VanEck Semiconductor ETF (VanEck, n.d.). The advantage of conducting analysis on these ETFs
is that they hold more liquid stocks and offer greater implications for retail investors that
trade these assets. Note that the composition of the two trackers largely overlaps. Following
the results of the subperiod analysis, it makes sense to repeat this setup. Results are
presented in Table 7. Stock price reactions for 2019-2021 are largely similar. Expected
monetary policy changes have a positive and significant impact on stock returns while surprise
changes are not statistically significant. For the 2022-2024 period, both semiconductor indices
reveal only a weakly significant response to expected FFR changes of close to 1.00 percent.
Surprise target rate changes have a negative impact on the ETFs, but this effect is not

significant as standard deviations reveal high values. This is a strong indication that more
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highly traded securities are not very susceptible to FOMC announcements than when taking
the entire US semiconductor industry. This limited sensitivity to monetary policy shocks

demonstrates investor confidence in these ETFs.

Table 7: Monetary policy decomposition model with subsamples of heavily traded ETFs.

2019-2021 2022-2024
iShares VanEck iShares VanEck
(Intercept) 0.783*** 0.713*** 0.558%** 0.582***
(0.175) (0.183) (0.184) (0.203)
Expected change 5.875*** 7.353*** 0.915* 0.989*
(1.889) (1.972) (0.511) (0.563)
Unexpected change 4.343 4.865 -1.184 -0.665
(3.844) (4.012) (2.419) (2.662)
N 414 345 432 360
R? 0.024 0.041 0.011 0.012
Adjusted R? 0.019 0.035 0.007 0.006

Significance indicators: *p < 0.1; **p < 0.05; ***p < 0.01

In summary, unexpected monetary policy changes have a larger effect on semiconductor
stocks than on equities of other manufacturing firms. This only holds for periods that contain
multiple instances of FFR adjustments. S&P 500 constituents and software firms, however,
suffer greater stock losses. Popular ETFs reveal only weak significance levels, indicating
resilience to monetary policy decisions. This offers partial support for Hai, which states that
semiconductor stocks are less strongly affected by monetary policy shocks than comparison
sectors. The results indicate distinct reactions to different Fed policy decisions, which will be

further assessed in the next section.

3.2 Abnormal stock activity

Based on their level of systemic risk, a conventional event study approach estimates whether
semiconductor stocks exhibit abnormal activity during monetary policy announcements. This
allows a comparison between normal stock price behavior and equity returns on monetary
policy announcement days. As stated before, this study employs two windows to estimate
average abnormal returns. Since FOMC meetings are widely anticipated, most information
should be incorporated in stock prices on the day of the announcement. A narrow window
[0] best isolates the monetary policy effects. Results for the average abnormal returns (ARs)

are presented in Figure 7. For all possible monetary policy decisions, the average abnormal
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return of semiconductor equities on announcement days is 0.43 percent and significant at the
1 percent level. This is in line with earlier findings that chip sector stocks react more strongly
to raw rate adjustments than the rest of the market. Next, the different decision types are
split up. For FFR hikes, the sample shows a slightly stronger response at 0.62 percent and
similar significance levels, which is aligned with the result that the chip sector is believed to
gain more from a strong economic environment as communicated by the Fed than other
industries. Through FOMC meetings where the rate is unchanged, the stocks show significant
positive abnormal returns of 0.35 percent. Rate cuts generate a 0.47 percent more positive
response among semiconductor equities than expected, but the effect is only weakly
significant. Two possible explanations apply here. It could be that the sample size is
insufficiently large to exhibit a significant effect, as just six rate cuts are estimated.
Alternatively, semiconductor stocks simply exhibit behavior during FFR cuts that is in line with
their beta. This would imply that monetary policy and economic news, which is generally
pessimistic in case of a cut, has a proportional effect on semiconductor equities when the

target FFR is decreased.
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Figure 7: Average abnormal returns (ARs) of semiconductor equities on
monetary policy announcement days between 2019 and 2024.
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Accounting for a slightly more gradual incorporation of monetary policy news into stock
prices, a broader event window [-1, +1] estimates three-day average cumulative abnormal
returns (CARs). The combined sample reveals positive abnormal returns of 0.29 percent
significant at the 5 percent level, shown in Figure 8. Around rate hikes, semiconductor equities
respond 1.42 percent greater than is expected. No change in the FFR again result in no
abnormal stock activity as both the excess return and significance levels are low. After the
monetary policy composition estimations revealed that all stock market samples are
positively correlated with FFR changes, it is confirmed that the chip sector responds more
strongly to optimistic Fed signals. At the same time, cuts do not bring about the reverse effect.
In windows that the FOMC decides to cut or maintain the prevailing target rate,
semiconductor stocks do not display significant abnormal stock behavior. Equities do show a
relatively high response to cuts at -0.48 percent, but this effect is not significant. Once again,
the large confidence interval here might be due to the thin sample. Although the CARs results
offer modest support as indicated by its sign, the confidence interval is rather large. So, to
reiterate, FFR reductions do not generate abnormal stock behavior among semiconductor

equities.
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Figure 8: Average cumulative abnormal returns (CARs) of semiconductor
equities around days of monetary policy announcements between 2019 and
2024.
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Two statistical tests are used to further assess the reliability of these findings. The Patell
(1976) statistic is widely adopted parametric test that relies on standardized abnormal

returns. The Corrado (1989) test makes use of ranks and better accounts for extreme values

(Campbell et al., 2010). The results of these tests are reported in Table 8 and show some

slightly contradicting outcomes. The full sample is still significant with the exception of the
Corrado test in the [-1, +1] window. Rate hikes continue to be strongly significant. The result
for ARs on days of a maintained target rate also holds, while the additional tests are not
significant for associated CARs. The Patell and Corrado tests show no agreement regarding

abnormal returns for rate cuts.

Table 8: Results for Patell and Corrado tests assessing the reliability of the abnormal returns estimations.

ARs [0] CARs [-1, +1]
Corrado-Z  p-value  Patell-Z  p-value Corrado-Z  p-value  Patell-Z p-value
All 5.865 0.000 8.660 0.000 1.697 0.090 3.795 0.000
Hike 5.783 0.000 6.661 0.000 9.411 0.000 8.653 0.000
Maintain 3.148 0.016 5.302 0.000 -2.452 0.142 0.855 0.855
Cut 1.306 0.192 3.137 0.002 -3.157 0.002 0.230 0.230

Above findings suggest that semiconductor equities yield positive abnormal returns on
monetary policy announcement days in case the FOMC does not decide on a rate cut. Equities
reveal the largest response to interest rate hikes, with CARs over three days showing the
strongest effect. These results indicate abnormal behavior of semiconductor stocks following
FOMC announcements, providing preliminary support for the second hypothesis.

Two alternative estimation windows are adopted to account for potential impactful
economic events during estimation windows. The first additional estimation window [-80, -5]
is slightly shorter whereas the second window [-200, -10] is slightly longer and ends earlier.
Results of these analyses are presented in Table 9 and are similar to the initial estimations in
terms of significance levels. Estimated abnormal returns deviate slightly from earlier results,
which is expected. Overall, this provides further support for the observation that
semiconductor equities perform better on monetary policy announcement days than

estimated by CAPM.
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Table 9: Average abnormal returns of semiconductor equities around days of monetary policy announcements
between 2019 and 2024 with alternative estimation windows. Time between brackets is in days.

Estimation ARs [0] CARs [-1, +1]
Window Mean AR t-statistic ~ p-value Mean CAR  t-statistic  p-value
[-80, -5] All 0.456 6.386 0.000 0.376 2.915 0.004
Hike 0.644 6.409 0.000 1.379 6.843 0.000
Maintain 0.409 4.404 0.000 0.194 1.180 0.238
Cut 0.318 1.220 0.223 -0.689 -1.506 0.133
[-200, -10] Al 0.448 6.364 0.000 0.238 1.767 0.077
Hike 0.635 6.242 0.000 1.452 7.363 0.000
Maintain 0.357 4.011 0.001 -0.077 -0.456 0.649
Cut 0.503 1.532 0.127 -1.135 -1.867 0.063

Findings of abnormal stock price behavior can be solidified taking an approach that examines
randomly selected event dates. This can confirm abnormal stock behavior on days of FOMC
announcements compared to regular trading days. On these pseudo dates, there should thus

be no deviation of the from the long-run risk to return relationship (Ahern et al., 2009; Brown

& Warner, 1985). Over the same sample period of 2019 to 2024, three sets of ten days were

selected (Appendix: Table 13). Each set was randomly yet carefully selected to include only
trading days. All other parameters are equal to the regular event study in this work. Results
are presented in Table 10. All three samples indicate moderate deviations from their expected
returns. Significance levels are particularly low for ARs and improve to some degree for
CARs. In general, the findings indicate that semiconductor equities behave reliably on
random trading days but exhibit abnormal stock performance when monetary policy

announcements are scheduled.

Table 10: Event study results with pseudo-dates. Average abnormal returns of semiconductor equities around
random days between 2019 and 2024.

ARs [0] CARs [-1, +1]
Sample N Mean AR t-statistic p-value Mean CAR  t-statistic  p-value
A 554 -0.003 -0.017 0.987 -0.235 -0.877 0.381
B 561 -0.056 -0.402 0.687 -0.279 -1.078 0.282
C 567 -0.051 -0.333 0.740 0.427 1.488 0.137

In conclusion, semiconductor stocks perform better on days of a scheduled FOMC decision
than would be suggested by their level of systematic risk. This allows to accept Ha;, which

states that semiconductors exhibit abnormal stock activity during monetary policy
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announcements. This shows hopeful signs for the chip industry, which yields higher than
expected stock returns on these days. This especially holds for days that the Fed announces

a FFR hike.

3.3 Regression estimates

Table 11 presents the regression results examining how firm-level financial characteristics
explain cross-sectional variation in ARs on days of FOMC announcements. As indicated by the
Chow test results in Table 15, a pooled regression model is appropriate for the analyses.
Estimations show that the dummy variable for the fabless firms is positively associated with
ARs. This effect is not significant however, signifying no semiconductor category returns
greater abnormal returns on Fed policy announcement days. The effect becomes larger when
including R&D-to-sales ratio and the interaction term but remains statistically insignificant.
Although it was found that fabless firms are better able to leverage R&D to achieve financial
performance, this effect does not persist for stock activity on monetary policy announcement

days (Shin et al., 2016). Additional models controlling for debt, price-to-book ratio, and firm

size do not increase statistical significance or model fit.

Table 11: Abnormal return regression results. Dependent variable are abnormal returns (ARs) on days of FOMC
announcements between 2019 and 2024. Firm-level financial variables as independent variables.

Abnormal Returns

(a) (b) (c) (d) (e)

(Intercept) 0.429%** 0.347** 0.756* 0.740* 0.621
(0.094) (0.170) (0.436) (0.409) (0.419)
Fabless 0.011 0.152 -0.095 -0.194 -0.199
(0.145) (0.262) (0.170) (0.165) (0.187)
R&D 0.008 -0.003 -0.004
(0.011) (0.005) (0.005)
Fabless * R&D -0.012
(0.012)
Leverage -0.002 -0.003
(0.004) (0.005)
P/B ratio 0.013 0.015
(0.014) (0.015)
In(employees) -0.026 -0.042 -0.019
(0.049) (0.047) (0.047)
Durbin-Watson 1.751 1.678 1.677 1.678 1.678
N 2,582 2,133 2,133 2,133 2,133
R? 0.000 0.001 0.001 0.001 0.001
Adjusted R? 0.000 -0.001 -0.001 0.000 -0.001

Significance indicators: *p < 0.1; **p < 0.05; ***p < 0.01
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Monetary policy decomposition regressions revealed that fabless and integrated
semiconductor firms respond relatively similarly to raw changes of the target FFR. Anticipated
and unanticipated interest rate changes, as identified through the FFc3, also showed similar
effects for the two subsamples. Coefficients were slightly different in strength but equal in
sign and significance. Regressing ARs on additional firm-level variables neither revealed
explanations of variation in stock performance within the chip sector. Therefore, Has is
rejected. This offers a different conclusion than foreseen: explanations for semiconductor
stock price variation must lie in other areas. These can include private information, company-
specific developments, or noise. Behavioral finance is a particular strand within economics
that relatively novel and could offer further rationalizations of semiconductor stock

performance.
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4 Final remarks

This chapter concludes the thesis. It provides a critical discussion and conclusion of the
results. Implications beyond academia as well as opportunities for future research will be

discussed.

4.1 Discussion

Regression estimates of the monetary policy decomposition model are low relative to
common conceptions. The S&P 500 sample showed the strongest response to surprise shocks
with just over a 1 percent opposite change in stock prices in response to an unforeseen 25-
basis-points rate movement. This is potentially attributable to the use of daily stock prices
and FFc3 rates, although prior research has shown that daily windows are sufficiently
informative for capturing the overall impact of monetary policy surprises (e.g., Bernanke &

Kuttner, 2005). Some studies suggest that the most accurate identification of monetary policy

shocks relies on high-frequency windows, typically spanning 30 minutes surrounding the

FOMC announcement (e.g., Gurkaynak et al., 2004; Hausman & Wongswan, 2011). This

analysis, however, employs daily data. As such, it may not fully isolate the immediate market
reaction from other intraday influences. This also offers valid reasoning for the low values of
explained variance. Given the scope of the current study and the results it produced, this data
frequency is considered adequately informative for identifying the stock market responses to
interest rate shocks.

Several samples and subsamples indicate statistical significance with expected FFR
changes. This poses a potential omitted variable bias as all information should already be

incorporated into stock prices (Nakamura & Steinsson, 2018a). As mentioned before, the Fed

communicates their view on macroeconomic conditions along with the current stance on

monetary policy (Jarocinski & Karadi, 2020). Others found evidence that the Fed, but investors

too, are responding to recent public news, posing some endogeneity concerns (Bauer &

Swanson, 2023b). Incorporating the content of FOMC statements in the analysis likely

improves discovery.
Lastly, results on abnormal stock activity indicate no significant findings on days that
rate cuts are announced. There is a noticeable imbalance in the variety of FOMC decisions,

providing a possible explanation for this outcome. The sample comprises of 11 rate hikes, 30
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instances when the target rate was maintained, and only 6 rate cuts. The small number of
rate cuts weakens statistical power, making it more difficult to draw sound conclusions
specific to that category. A narrow sample is also more sensitive outliers and shocks, which
may have distorted averages. Although hikes are only slightly better represented, results
indicate highly significant results. This suggests that the approach is capable of detecting
meaningful effects with relatively small subsamples, supporting the idea of drawing
conclusions from abnormal returns during rate cuts. The sample also remains justified given

the constrained window and a sufficiently broad set of firms.

4.2 Conclusion

Although the chip industry is highly relevant domestic economic development and national

security (Goldberg et al., 2024; Qiao & Lu, 2024), semiconductor stocks have received

insufficient attention from scholars in the context of monetary policy (e.g., Liu, 2023b; Sun,

2023). This thesis investigates how stocks from firms in the semiconductor sector respond to
FOMC announcements and whether firm-level characteristics can explain variation in stock
returns. Using a monetary policy decomposition framework with fed funds futures to isolate
unexpected FFR changes, the analysis reveals that surprise interest rate shocks have a
stronger significant impact on semiconductor stocks than other electronic and computer
device manufacturers. Software firms, as well as firms in the S&P 500, are the most sensitive
to monetary policy shocks however. Interestingly, semiconductor ETFs show no connection
between equity returns and surprise interest rate adjustments. Estimations of the traditional
event study reveal that semiconductor equities perform better than projected on and around
days of Fed monetary policy decisions. This is especially true when the FOMC decides to
increase the FFR, suggesting that the chip sector responds more strongly to economic news
than the aggregate market. Overall, it can be concluded that US semiconductor firms exhibit
reasonable stable performance on stock markets. Fabless firms seem to be marginally more
affected by expected FFR changes and slightly less by unexpected changes, but the evidence
is weak. Cross-sectional analyses of firm-level variables further indicate no significant
differences in explaining stock behavior on days of FOMC meetings.

The findings from this study carry implications across several areas. It offers insights

for affected firms in how their outstanding shares’ prices fluctuate, which impacts their
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financing possibilities. Institutional investors, like pension funds managing assets on behalf of
large amounts of people, may interpret this result as an indication that semiconductor stocks
are safe investment. This may reinforce the case for maintaining or expanding exposure to
semiconductor equities in long-term portfolios. Lastly, these results may strengthen retail

investor confidence in semiconductor stocks’ ability to withstand interest rate shocks.

4.3 Future research

Monetary policy has a moderate impact on semiconductor equities. This triggers renewed
curiosity regarding alternative macroecnomic events or factors that might have considerable
consequences for the the chip industry. Events to likely affect semiconductor stock
performance are the implementation of subsidies, tariffs or export restrictions, as well as
preceding elections instating politicians in favor of such policies. This is particularly relevant

as the chip industry will remain a primary focus for policymakers (Thorbecke, 2021). Other

more firm-related events could also provide explanations for stock price activity. These can
include news reports, articles on Al, or keynote speeches of CEOs, tying equity performance
to the latest public information. Lastly, stock returns of oil and gas firms can often be tied to

the price of respective commodities (Mohanty et al., 2012), sparking curiosity about whether

the semiconductor industry enjoys a similar association with silicon.

The cross-sectional analysis in this study showed limited explanatory power for
financial firm-level variables. As such, further research could investigate factors that better
explain variation in semiconductor stock prices. This might involve investigating the effect of
investment biases exposed in behavioral finance literature. For example, investors tend to
follow peers in their investment decisions rather than relying on fundamentals or their own

judgement, leading to herding behavior (Banarjee, 1992). Alternatively, markets often

overreact to new information, causing noisy stock price movements (De Bondt & Thaler,

1985). An industry like that of semiconductors, where stock price movements are not yet fully
understood, it is valuable to investigate whether this area of economics can provide

explanations for the highly volatile stock prices.
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Appendix

Table 12. Scheduled and unscheduled (*) FOMC meetings between 2019-2024 and their policy decision (Federal
Reserve, n.d.).

Date Target range Change Date Target range Change
30Jan 2019 2.25-2.50 0 15 Dec 2021 0.00-0.25 0

20 Mar 2019 2.25-2.50 0 26 Jan 2022 0.00-0.25 0

01 May 2019 2.25-2.50 0 16 Mar 2022 0.25-0.50 +0.25
19 Jun 2019 2.25-2.50 0 04 May 2022 0.75-1.00 +0.50
31 Jul 2019 2.00-2.25 -0.25 15 Jun 2022 1.50-1.75 +0.75
18 Sep 2019 1.75-2.00 -0.25 27 Jul 2022 2.25-2.50 +0.75
11 Oct 2019* 1.75-2.00 0 21 Sep 2022 3.00-3.25 +0.75
30 Oct 2019 1.50-1.75 -0.25 02 Nov 2022 3.75-4.00 +0.75
11 Dec 2019 1.50-1.75 0 14 Dec 2022 4.25-4.50 +0.50
29 Jan 2020 1.50-1.75 0 01 Feb 2023 4.50-4.75 +0.25
03 Mar 2020* 1.00-1.25 -0.50 22 Mar 2023 4.75-5.00 +0.25
15 Mar 2020* 0.00-0.25 -1.00 03 May 2023 5.00-5.25 +0.25
29 Apr 2020 0.00-0.25 0 14 Jun 2023 5.00-5.25 0

10 Jun 2020 0.00-0.25 0 26 Jul 2023 5.25-5.50 +0.25
29 Jul 2020 0.00-0.25 0 20 Sep 2023 5.25-5.50 0

16 Sep 2020 0.00-0.25 0 01 Nov 2023 5.25-5.50 0

05 Nov 2020 0.00-0.25 0 13 Dec 2023 5.25-5.50 0

16 Dec 2020 0.00-0.25 0 31Jan 2024 5.25-5.50 0

27 Jan 2021 0.00-0.25 0 20 Mar 2024 5.25-5.50 0

17 Mar 2021 0.00-0.25 0 01 May 2024 5.25-5.50 0

28 Apr 2021 0.00-0.25 0 12 Jun 2024 5.25-5.50 0

16 Jun 2021 0.00-0.25 0 31Jul 2024 5.25-5.50 0

28 Jul 2021 0.00-0.25 0 18 Sep 2024 4.75-5.50 -0.50
22 Sep 2021 0.00-0.25 0 07 Nov 2024 4.50-4.75 -0.25
03 Nov 2021 0.00-0.25 0 18 Dec 2024 4.25-4.50 -0.25

Table 13: Pseudo-event dates for robustness checks

Sample A Sample B Sample C

23 Apr 2019 26 Jun 2019 18 Feb 2019
01Jul 2019 31 Dec 2019 09 Mar 2020
18 Feb 2020 27 Jan 2020 17 Nov 2020
04 Sep 2020 07 May 2021 02 Apr 2021
19 May 2021 04 Oct 2021 11 Aug 2022
02 Feb 2021 11 Apr 2022 30 Sep 2022
21 Nov 2022 08 Sep 2022 26 Jul 2023
14 Mar 2023 30 Mar 2023 01 Dec 2023
10 Aug 2023 17 Jun 2024 19 Jan 2024
02 Jan 2024 19 Nov 2024 15 Oct 2024
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Table 14: Correlation matrix for semiconductor firm-level variables.

Return Fabless R&D Leverage P/B In(employees)
Return 1.000 0.007 -0.007 -0.001 0.026 -0.002
Fabless 1.000 0.502 -0.221 0.291 -0.461
R&D 1.000 -0.142 -0.061 -0.377
Leverage 1.000 0.134 0.308
P/B 1.000 0.024
In(employees) 1.000

Table 15: Chow test results for firm-level analysis of abnormal returns

Model
(a) (b) (c) (d) (e)
F-statistic 0.390 0.235 0.252 0.299 0.187
p-value 0.677 0.919 0.909 0.827 0.980
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GenAl Statement

Generative Al tools (ChatGPT, DeepSeek) were used to assist in coding for data analysis of this
thesis. This appendix provides a detailed account of the use of Generative Al tools during the
development of this thesis. By submitting this thesis, | declare that | am fully responsible for

the accuracy and completeness of its content.

Code for R to make plot with continuous data of dfSlow and dfShigh. Dataset now has some datapoints
throughout the year, but fill them until the next datapoint. Then make the plot where area between the variables
is filled.

all_dates <- data.frame(date = seq.Date(as.Date("2019-01-01"), as.Date("2024-12-31"), by="day"))
df_full <- all_dates %>%
left_join(df_fomc, by = "date") %>%
arrange(date) %>%
tidyr:-fill(high, low, .direction = "down") %>%
tidyr::fill(high, low, .direction = "up")
head(df_full, 40)
ggplot(df_full, aes(x = date)) +
geom_ribbon(aes(ymin = low, ymax = high), fill = "lightgrey", alpha =1) +
geom_line(aes(y = high), color = "#2C6FB7") +
geom_line(aes(y = low), color = "#2C6FB7") +
scale_x_date(
date_breaks = "1 year",
date_labels = "%Y"
)+
scale_y_continuous(
breaks = seq(floor(min(df_fullflow, na.rm = TRUE)),
ceiling(max(df_full$high, na.rm = TRUE)),

by =1)
)+
labs(x = "Date", y = "Federal Funds Target Range (%)") +
theme_bw()

Code for R to plot df _ffc35ffc3_implied in line chart. Add indicators for each year on the x-axis and only do for
the years 2019 to 2024.

df _ffc3$year <- format(df ffc3$date, "%Y")
df _ffc3$year <- as.numeric(df_ffc3$year)
df _ffc3_1924 <- subset(df ffc3, year >= 2019 & year <= 2024)
ggplot(df_ffc3_1924, aes(x = date, y = ffc3_implied)) +
geom_line(color = "#2C6FB7") +
labs(x = "Date", y = "Implied Future Rate") +
scale_x_date(
date_breaks = "1 year",
date_labels = "%Y"
)+
scale_y_continuous(breaks = seq(floor(min(df_ffc3_1924$ffc3_implied, na.rm = TRUE)),
ceiling(max(df_ffc3_1924%ffc3_implied, na.rm = TRUE)),
by = 1)) +
theme_bw()
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Code for R to multiply each value dfSffc3_change by (D / (D — d)) except for the last three days of the month.
With D being the total number of days in a month and d being the current day of the month identified through
dfSdate.

ffc3 <- ffc3 %>%
mutate(
D = days_in_month(date),
d = day(date),
ffc3_change = ifelse(
d<=D-3,
(D /(D -d)) * ffc3_change,
ffc3_change
)
)

Code for R to make plot where dfSactual_change is a line with dots for each observation and dfSffc3_expected
and dfSffc3_unexpected are bars on those days. Add lines for colors and put legend on the bottom.

df_long <- df_mpdm %>%
select(date, ffc3_expected, ffc3_unexpected) %>%
pivot_longer(cols = c(ffc3_expected, ffc3_unexpected),
names_to = "Component”,
values_to = "Value") %>%
mutate(Component = ifelse(Component == "ffc3_expected", "Anticipated"”, "Unanticipated"))
ggplot(df_long, aes(x = date, y = Value, fill = Component)) +
geom_col(position = "identity", width = 10) +
scale_fill_manual(values = c("Anticipated" = "#FF5722", "Unanticipated" = "#29ABE2")) +
geom_line(data = df_mpdm, aes(x = date, y = ffrchange), inherit.aes = FALSE, color = "black") +
geom_point(data = df_mpdm, aes(x = date, y = ffrchange), inherit.aes = FALSE, color = "black", size
=0.8) +
scale_x_date(date_breaks = "1 year", date_labels = "%Y") + # Show each year on x-axis
labs(y = "Rate Change (bps)", x = "Date", fill = "Component") +
theme_bw() +
theme(legend.position = "bottom")

Code for R to make subset for only observations between 2019 and 2024.

df$year <- format(df$date, "%Y")
df$year <- as.numeric(df$year)
df <- subset(df, year >= 2019 & year <= 2024)

Code for R to get plot of normal distribution.

ggplot(df_semiconductor, aes(x = return)) +
geom_histogram(aes(y = ..density..), bins = 50, fill = "#00BFFF", color = "black") +
labs(title = "Semiconductor",
x = "Return", y = "Density") +
theme_minimal()

Code for R to winsorize dfSvariable.

lower <- quantile(df$return_unwinsorized, 0.01, na.rm = TRUE)
upper <- quantile(dfreturn_unwinsorized, 0.99, na.rm = TRUE)
df$return <- pmin(pmax(df$return_unwinsorized, lower), upper)

Code for R to remove all firm identified through dfSisin that have over 30 percent of dfSreturn being 0.
df <- df %>%
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group_by(isin) %>%

mutate(zero_share = mean(return == 0, na.rm = TRUE)) %>%
ungroup() %>%

filter(zero_share <= 0.30) %>%

select(-zero_share)

Code for R to get alternative way of measuring multicollinearity besides vif().
cor(df$ffc3_unexpected, df$ffc3_expected, use = "complete.obs")
Code for R that filters isin from df that are in df_semiconductor.

df <- df %>%
filter(!(isin %in% df_semiconductor$isin))

Code for R to plot all datapoints of dfSreturn and dfSffc3_unexpected with fitted regression line of model <-
Im(dfSreturn ~ dfSffc3_expected + dfSffc3_unexpected, data = df). Add lines to adjust scale and size for dots.

model <- Im(return ~ ffc3_expected + ffc3_unexpected, data = df)
new_data <- data.frame(
ffc3_unexpected = seq(-0.25, 0.25, length.out = 100),
ffc3_expected = mean(df$ffc3_expected, na.rm = TRUE)

new_data$predicted_return <- predict(model, newdata = new_data)
ggplot(df, aes(x = ffc3_unexpected, y = return)) +

geom_point(alpha = 0.7, color = "#4C72B0", size = 0.8) +

geom_line(data = new_data, aes(x = ffc3_unexpected, y = predicted_return), color = "red", size = 1)
+

geom_hline(yintercept = 0, color = "black”, linetype = "solid", linewidth = 0.3) +

labs(x = "Unexpected Monetary Policy Shock", y = "Stock Return (%)") +

scale_x_continuous(limits = ¢(-0.25, 0.25)) +

scale_y_continuous(limits = ¢(-20, 20)) +

theme_bw()

Code for R to get average abnormal returns from based on: model <- Im(return ~ marketreturn, data = df).
Standard event study methodology. Estimation window is -120 to -5 trading days. Plot average abnormal returns
for 1 day before event, on event day itself, and 1 day after. Estimate expected and then abnormal returns per
firm, dfSisin, and get the average. Event days are indicated by dfSfomc = 1.

events <- df %>%
filter(fomc == 1) %>%
select(isin, date)
compute_event_ar <- function(ticker, event_date) {
df_ticker <- df %>% filter(isin == ticker)
event_idx <- which(df_ticker$date == event_date)
if (length(event_idx) == 0 || event_idx < 121 || event_idx + 1 > nrow(df_ticker)) return(NULL)
est_window <- df ticker[(event_idx - 120):(event_idx - 5), ]
event_window <- df_ticker[(event_idx - 1):(event_idx + 1), ]
if (any(is.na(est_window$return)) || any(is.na(est_window$marketreturn))) return(NULL)
model <- Im(return ~ marketreturn, data = est_window)
event_window <- event_window %>%
mutate(expected_return = predict(model, newdata = event_window),
abnormal_return = return - expected_return,
relative_day = -1:1)

return(event_window %>% select(isin, date, relative_day, abnormal_return))

}
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all_ar <- map2_dfr(events$isin, events$date, compute_event_ar)
car_df <- all_ar %>%
group_by(isin, date) %>%
summarise(CAR = sum(abnormal_return, na.rm = TRUE), .groups = 'drop')
car_ttest <- t.test(car_df$CAR)
cat("\nCAR Test Results:\n")
cat("Mean CAR:", mean(car_df$CAR, na.rm = TRUE), "\n")
cat("t-statistic:", car_ttest$statistic, "\n")
cat("p-value:", car_ttest$p.value, "\n")
aar <- all_ar %>%
group_by(relative_day) %>%
summarise(AAR = mean(abnormal_return, na.rm = TRUE), .groups = 'drop")
ggplot(aar, aes(x = relative_day, y = AAR)) +
geom_col(fill = "steelblue™) +
geom_hline(yintercept = 0, linetype = "dashed") +
labs(title = "Average Abnormal Return (AAR) by Event Day",
x = "Relative Day",
y ="AAR") +
theme_minimal()

Code for R to do event study. Calculate cumulative abnormal returns around event days where dfSfomc = 1 for
three days, so [-1 to +1]. Take an estimation window for firm betas of -120 to -5, estimate the expected returns
and betas based on dfSmarket_return and calculate abnormal return on the day of the event. Then take the
average abnormal return over all firms. Also do this separately for dfShike, dfSmaintain, and dfScut. Then print
for all events: Average CAR, t-test, p-value, Patell test with p-value, and Corrado test with p-value.

conditions <- ¢("overall", "hike", "maintain”, "cut")
labels <- c("All Events", "Hike", "Maintain", "Cut")
car_results <- lapply(conditions, function(cond) {

car_list <- ¢()

z_list <- ¢()

rank_list <- c()

for (firm in all_firms) {
firm_data <- df %>%
filter(isin == firm, lis.na(return), lis.na(marketreturn)) %>%
arrange(date)

event_dates <- if (cond == "overall") {

df %>% filter(fomc == 1) %>% pull(date) %>% unique()
}else {

df %>% filter(fomc == 1, !sym(cond) == 1) %>% pull(date) %>% unique()
}

for (event_date in event_dates) {
event_idx <- which(firm_data$date == event_date)
if (length(event_idx) == 0) next

start_idx <- event_idx - 120
end_idx <- event_idx - 5
if (start_idx < 1 || end_idx > nrow(firm_data)) next

est_window <- firm_data[start_idx:end_idx, ]

if (nrow(est_window) < 30) next

model <- tryCatch(Im(return ~ marketreturn, data = est_window), error = function(e) NULL)
if (is.null(model)) next

event_window_idx <- event_idx + (-1:1)
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if (any(event_window_idx < 1 | event_window_idx > nrow(firm_data))) next

window_data <- firm_data[event_window _idx, ]
predicted <- predict(model, newdata = window_data)
ar_window <- window_data$return - predicted

car <- sum(ar_window)

car_list <- ¢(car_list, car)

sigma_hat <- sd(resid(model))

if (lis.na(sigma_hat) && sigma_hat > 0) {
z_score <- car / (sigma_hat * sqrt(3)) # 3-day window
z_list <- ¢(z_list, z_score)

}

all_returns <- c(est_window$return, ar_window)
car_rank <- rank(c(est_window$return, car))[length(est_window$return) + 1]
expected_rank <- (length(est_window$return) + 1 + 1)/ 2
sd_rank <- sqrt((length(est_window$return)*2 - 1) / 12)
corrado_z <- (car_rank - expected_rank) / sd_rank
rank_list <- c(rank_list, corrado_z)
}
}

if (length(car_list) > 1) {
t <- t.test(car_list)
patell_z <- sum(z_list) / sqrt(length(z_list))
patell_p <- 2 * (1 - pnorm(abs(patell_z)))
corrado_z <- sum(rank_list) / sqrt(length(rank_list))
corrado_p <- 2 * (1 - pnorm(abs(corrado_z)))

data.frame(
Condition = cond,
Label = labels[which(conditions == cond)],
MeanCAR = mean(car_list),
TStat = t$statistic,
PValue = t$p.value,
PatellZ = patell_z,
PatellP = patell_p,
CorradoZ = corrado_z,
CorradoP = corrado_p,
Sig = ifelse(t$p.value < 0.01, "**",
ifelse(t$p.value < 0.05, "**",
ifelse(t$p.value < 0.1, ™", "))
)
} else {
data.frame(Condition = cond, Label = labels[which(conditions == cond)],
MeanCAR = NA, TStat = NA, PValue = NA, PatellZ = NA, PatellP = NA, CorradoZ = NA,
CorradoP = NA, Sig="")

}
}) %>% bind_rows()

cat("\nCAR Summary Statistics:\n")
for (i in 1:nrow(car_results)) {
label <- car_results$Label[i]
mean_car <- round(car_results$MeanCAR]i], 4)
tstat <- round(car_results$TStat[i], 4)
pval <- round(car_results$PValue[i], 4)
patz <- round(car_results$PatellZ[i], 4)
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patp <- round(car_results$PatellP[i], 4)
corz <- round(car_results$CorradoZ]i], 4)
corp <- round(car_results$CorradoPIJi], 4)
sig <- car_results$Sig[i]

if (lis.na(mean_car)) {
cat(sprintf("%-12s Mean CAR: %8.4f | T-stat: %7.4f | p-val: %6.4f | Patell Z: %7.4f | Patell P:
%6.4f | Corrado Z: %7.4f | Corrado P: %6.4f %s\n",
label, mean_car, tstat, pval, patz, patp, corz, corp, sig))
}else {
cat(sprintf("%-12s Not enough observations\n", label))
}
}

Code for R to plot the CARS for the different events (all, hike, maintain, cut) with confidence interval in histogram
and indicators for significance levels. Also add lines to edit colors and scales.

car_results <- lapply(conditions, function(cond) {
car_list <- ¢()

for (firm in all_firms) {
firm_data <- df %>%
filter(isin == firm, lis.na(return), lis.na(marketreturn)) %>%
arrange(date)

event_dates <- if (cond == "overall") {

df %>% filter(fomc == 1) %>% pull(date) %>% unique()
}else {

df %>% filter(fomc == 1, lsym(cond) == 1) %>% pull(date) %>% unique()
}

for (event_date in event_dates) {
event_idx <- which(firm_data$date == event_date)
if (length(event_idx) == 0) next

start_idx <- event_idx - 120
end_idx <- event_idx - 5
if (start_idx < 1 || end_idx > nrow(firm_data)) next

est_window <- firm_data[start_idx:end_idx, ]
if (nrow(est_window) < 30) next

model <- tryCatch(Im(return ~ marketreturn, data = est_window), error = function(e) NULL)
if (is.null(model)) next

event_window_idx <- event_idx + (-1:1)
if (any(event_window_idx < 1 | event_window_idx > nrow(firm_data))) next

window_data <- firm_data[event_window _idXx, ]
predicted <- predict(model, newdata = window_data)
ar_window <- window_data$return - predicted
car_list <- ¢(car_list, sum(ar_window))
}
}

if (length(car_list) > 1) {
t <- t.test(car_list)
data.frame(
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Condition = cond,
Label = labels[which(conditions == cond)],
MeanCAR = mean(car_list),
PValue = t$p.value,
Cl_low = t$conf.int[1],
Cl_high = t$conf.int[2],
Sig = ifelse(t$p.value < 0.01, "***",
ifelse(t$p.value < 0.05, "**",
ifelse(t$p.value < 0.1, "*", "))
)
}else {
data.frame(Condition = cond,
Label = labels[which(conditions == cond)],
MeanCAR = NA, PValue = NA, Cl_low = NA, CI_high = NA, Sig ="")

}
}) %>% bind_rows()

car_results$Color <- colors[match(car_results$Condition, conditions)]
car_results$Label <- factor(car_results$Label, levels = labels)
colors <- ¢("All Events" = "gray30", "Hike" = "#2C6FB7", "Maintain" = "#2C6FB7", "Cut" = "#2C6FB7")

ggplot(car_results, aes(x = Label, y = MeanCAR, fill = Label)) +
geom_col(show.legend = FALSE) +
geom_errorbar(aes(ymin = Cl_low, ymax = Cl_high),

width = 0.2,
color = "black",
alpha = 0.5,

linewidth = 0.8) +

geom_text(aes(label = pasteO(round(MeanCAR, 3), Sig)),

vjust = -0.5, size = 5) +
scale_x_discrete(drop = FALSE) +
scale_y_continuous(limits = ¢(-2, 2)) +
scale_fill_manual(values = colors) +
labs(x = "FOMC Decision", y = "Average CAR (%)") +
theme_bw()

Code for R to do the same for 1-day abnormal returns only on the day of the event itself. Use same code as for
CARs and keep other parameters the same but now only for window [0].

labels <- c("All Events", "Hike", "Maintain", "Cut")

conditions <- c("overall", "hike", "maintain”, "cut")

ar_results <- lapply(conditions, function(cond) {
ar_list <- ¢()
z_list <- ¢()
rank_list <- ¢()

for (firm in all_firms) {
firm_data <- df %>%
filter(isin == firm, lis.na(return), lis.na(marketreturn)) %>%
arrange(date)

event_dates <- if (cond == "overall") {

df %>% filter(fomc == 1) %>% pull(date) %>% unique()
}else {

df %>% filter(fomc == 1, llsym(cond) == 1) %>% pull(date) %>% unique()
}
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for (event_date in event_dates) {
event_idx <- which(firm_data$date == event_date)
if (length(event_idx) == 0) next

start_idx <- event_idx - 120
end_idx <- event_idx - 5
if (start_idx < 1 || end_idx > nrow(firm_data)) next

est_window <- firm_data[start_idx:end_idx, ]
if (nrow(est_window) < 30) next

model <- tryCatch(Im(return ~ marketreturn, data = est_window), error = function(e) NULL)
if (is.null(model)) next

event_row <- firm_data[event_idx, ]

pred <- predict(model, newdata = event_row)
ar <- event_row$return - pred

ar_list <- c(ar_list, ar)

sigma_hat <- sd(resid(model))

if (lis.na(sigma_hat) && sigma_hat > 0) {
z_score <- ar / sigma_hat
z_list <- ¢(z_list, z_score)

}

all_returns <- c(est_window$return, ar)
ar_rank <- rank(all_returns)[length(all_returns)]
expected_rank <- (length(all_returns) + 1)/ 2
sd_rank <- sqrt((length(all_returns)*2 - 1) / 12)
corrado_z <- (ar_rank - expected_rank) / sd_rank
rank_list <- c(rank_list, corrado_z)
}
}

if (length(ar_list) > 1) {
t <- t.test(ar_list)
patell_z <- sum(z_list) / sqrt(length(z_list))
patell_p <- 2 * (1 - pnorm(abs(patell_z)))
corrado_z <- sum(rank_list) / sqrt(length(rank_list))
corrado_p <- 2 * (1 - pnorm(abs(corrado_z)))

data.frame(

Condition = cond,

Label = labels[which(conditions == cond)],

MeanAR = mean(ar_list),

TStat = t$statistic,

PValue = t$p.value,

PatellZ = patell_z,

PatellP = patell_p,

CorradoZ = corrado_z,

CorradoP = corrado_p,

Slg = ife|Se(t$p_Va|ue < 0.01, "Fe*

ifelse(t$p.value < 0.05, "**,

ifelse(t$p.value < 0.1, ™", "))

}else {
data.frame(Condition = cond, Label = labels[which(conditions == cond)],
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MeanAR = NA, TStat = NA, PValue = NA, PatellZ = NA, PatellP = NA, CorradoZ = NA,
CorradoP = NA, Sig="")

}
}) %>% bind_rows()

cat("\nAR Summary Statistics:\n")

for (i in 1:nrow(ar_results)) {
label <- ar_results$Label[i]
mean_ar <- round(ar_results$MeanAR]i], 4)
tstat <- round(ar_results$ TStat[i], 4)
pval <- round(ar_results$PValueli], 4)
patz <- round(ar_results$PatellZ[i], 4)
patp <- round(ar_results$PatellP[i], 4)
corz <- round(ar_results$CorradoZ[i], 4)
corp <- round(ar_results$CorradoPJi], 4)
sig <- ar_results$Sig[i]

if (lis.na(mean_ar)) {
cat(sprintf("%-12s Mean AR: %8.4f | T-stat: %7.4f | p-val: %6.4f | Patell Z: %7.4f | Patell P:
%6.4f | Corrado Z: %7.4f | Corrado P: %6.4f %s\n",
label, mean_ar, tstat, pval, patz, patp, corz, corp, sig))
}else {
cat(sprintf("%-12s Not enough observations\n", label))
}
}

ar_results <- lapply(conditions, function(cond) {
ar_list <- ¢()

for (firm in all_firms) {
firm_data <- df %>%
filter(isin == firm, lis.na(return), lis.na(marketreturn)) %>%
arrange(date)

event_dates <- if (cond == "overall") {

df %>% filter(fomc == 1) %>% pull(date) %>% unique()
}else {

df %>% filter(fomc == 1, llsym(cond) == 1) %>% pull(date) %>% unique()
}

for (event_date in event_dates) {
event_idx <- which(firm_data$date == event_date)
if (length(event_idx) == 0) next

start_idx <- event_idx - 120
end_idx <- event_idx - 5
if (start_idx < 1 || end_idx > nrow(firm_data)) next

est_window <- firm_data[start_idx:end_idx, ]
if (nrow(est_window) < 30) next

model <- tryCatch(Im(return ~ marketreturn, data = est_window), error = function(e) NULL)
if (is.null(model)) next

event_row <- firm_data[event_idx, ]

pred <- predict(model, newdata = event_row)
ar <- event_row$return - pred

ar_list <- c(ar_list, ar)
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}
}

if (length(ar_list) > 1) {
t <- t.test(ar_list)
data.frame(
Condition = cond,
Label = labels[which(conditions == cond)],
MeanAR = mean(ar_list),
PValue = t$p.value,
Cl_low = t$conf.int[1],
Cl_high = t$conf.int[2],
Sig = ifelse(t$p.value < 0.01, "***",
ifelse(t$p.value < 0.05, "**",
ifelse(t$p.value < 0.1, ™", "))
)
} else {
data.frame(Condition = cond,
Label = labels[which(conditions == cond)],
MeanAR = NA, PValue = NA, Cl_low = NA, CI_high = NA, Sig="")

}
}) %>% bind_rows()

ar_results$Color <- colors[match(ar_results$Condition, conditions)]
ar_results$Label <- factor(ar_results$Label, levels = labels)
colors <- c¢("All Events" = "gray30", "Hike" = "#2C6FB7", "Maintain" = "#2C6FB7", "Cut" = "#2C6FB7")

ggplot(ar_results, aes(x = Label, y = MeanAR, fill = Label)) +
geom_col(show.legend = FALSE) +
geom_errorbar(aes(ymin = Cl_low, ymax = Cl_high),

width = 0.2,
color = "black",
alpha = 0.5,

linewidth = 0.8) +

geom_text(aes(label = pasteO(round(MeanAR, 3), Sig)),

vjust = -0.5, size = 5) +
scale_fill_manual(values = colors) +
labs(x = "FOMC Decision", y = "Average AR (%)") +
scale_x_discrete(drop = FALSE) + # Example to adjust x scale if needed
scale_y_continuous(limits = ¢(-2, 2)) + # Adjust y-axis scale here as desired
theme_bw()

Code for R to get only abnormal returns for when fomc = 1, and store the AR for each firm on the day of the event.

df$ar <- NA
for (firm in all_firms) {
firm_data <- df %>%
filter(isin == firm, lis.na(return), lis.na(marketreturn)) %>%
arrange(date)

event_dates <- df %>% filter(fomc == 1) %>% pull(date) %>% unique()
for (event_date in event_dates) {
event_idx <- which(firm_data$date == event_date)

if (length(event_idx) == 0) next

start_idx <- event_idx - 120
end_idx <- event_idx -5
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if (start_idx < 1 || end_idx > nrow(firm_data)) next

est_window <- firm_data[start_idx:end_idx, ]
if (nrow(est_window) < 30) next

model <- tryCatch(Im(return ~ marketreturn, data = est_window), error = function(e) NULL)
if (is.null(model)) next

event_row <- firm_data[event_idx, ]
pred <- predict(model, newdata = event_row)
ar <- event_row$return - pred

# Store AR in df$ar per firm and event_date
df$ar[df$isin == firm & df$date == event_date] <- ar
}
}

cat("\nAbnormal returns stored in df$ar for all FOMC=1 dates per firm.\n")

Code for R to get correlation matrix for a selected set of variables.

vars <- c("return", "debttoassetsratio”, "employees_In","fabless",
"rdtosalesratio”, "pricetobookratio")

df_corr <- df_firms[, vars]

cor_matrix <- cor(df_corr, use = "complete.obs")

print(cor_matrix)
Code for R to get how many individual dfSisin have values for dfSrdtosalesratio

n_distinct(df_regression$isin[lis.na(df_regression$marketcap_In)])
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