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Abstract

This study’s purpose is to examine whether higher R&D intensity leads to increased
profitability in the U.S. listed technology firms, using an unbalanced panel dataset that covers
a 30-year period between 1989-2019. This was done through a fixed effect panel regression
focused on how previous years R&D intensity’s effect on three profitability metrics: return
on assets (ROA), return on equity (ROE), and profit margin. The hypotheses suggest a short-
term negative effect and a long-term positive effect on profitability. The findings reveal a
complex and sometimes inconsistent relationship. Short-term effects are mixed where ROE
shows positive effects while return on assets and profit margin indicates a weak or negative
outcome. In the long term, the results indicate a negative relationship, particularly related to
ROA and ROE, contradicting the assumption that sustained R&D investments improve
profitability. The sample had diverse characteristics with several outliers, most of which were
retained in the analysis due to them being a common phenomenon. The results are sensitive
to outlier treatment, and both before and after results are therefore reported. While the study
concludes that there is insufficient evidence to support or reject the first hypothesis, the
second hypothesis is rejected. This indicates that high-velocity markets have uncertain short-
term effects related to R&D investments, while it can be seen more as a necessary cost for
staying competitive in the long-term. The findings have implications for managers, investors,
and policy makers involved in industries with similar characteristics, highlighting the need
for careful evaluation and strategic alignment of R&D investments as well as targeted

innovation policy to support firms.
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Acronyms

R&D — Research and Development

R&D intensity — Research and development focus, defined as the total investments divided

by total revenues

ROA — Return on assets

ROE — Return on equity

DCYV — Dynamic Capabilities View

OECD - Organization for Economic Co-operation and development
Ln(Total Assets) - The natural logarithm of total assets

IPO — initial public offering

VIF — Variance Inflation Factor
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1. Introduction

1.1 Background

The technology sector in the United States (U.S) has undergone an unprecedented acceleration
in regard to innovation, involving research and development (R&D) expenditures to support
further technological advancements (Dyvik, 2024). From the computer and smartphone
revolution to the advancements of artificial intelligence and renewable energy, the technology
industry has proven to be a space full of opportunities with new products and markets that
provide profitable opportunities. As of 2025, the top five largest firms in the U.S. are all
classified as technology firms (CompaniesMarketCap, 2025), each ranking among the
worldwide top ten spenders in relation to R&D expenditures (Dyvik, 2024). The ongoing
emphasis on innovation has created substantial R&D investments essential not exclusively to
achieve, but also preserve, firm competitiveness. Therefore, showcasing the strategic execution
of R&D spending is currently considered to play a pivotal role for firms across the tech sector
in the U.S, enabling them to differentiate themselves and capitalize on new opportunities

compared to their opposition (Henderson & Forbes, 2017).

A common way to capture firms' innovation commitment is through analyzing their R&D
intensity, which represents the volume of a firm's investments related to R&D in proportion to
its revenues (Eurostat, n.d). The ratio is an indicator of how much of a firm's sales are reinvested
towards the development of future innovations. Modern definitions regarding the subject are
to be found, for example by Kenton (2025), where the author defines R&D as “the series of
activities that companies undertake to innovate”. NCSES (2022), further provides some
examples of what is considered R&D activities from an accounting perspective, naming for
instance research aimed at discovery of new knowledge, modification of the design of a product

of process and design, construction and testing of prototypes and models to name a few.

In regard to R&D spending globally, the U.S. remains the global leader reflecting its strong
commitment towards innovation, reaching amounts as high as 760 billion dollars invested
annually (Galan, 2025). Furthermore, within the U.S, the technology sector dominates the R&D
spending charts, as the computer and electronics manufacturing companies alone stood for 18%
of the R&D spending (NSB, 2024). To further add to the importance of the U.S. tech sectors,
9 out of the top 10 firms that annually spend the most earnings towards R&D were large U.S.



based technology firms such as Alphabet, Apple and Amazon (Dyvik, 2024). These firms do
not only outline innovation trends but also act as a benchmark for R&D-driven performance.
The amounts that these firms allocate towards R&D spending and their deep focus towards
innovation raises the question whether specific R&D spending improves the profitability of
these firms. To measure the effect in a standardized way, the firm's R&D intensity contribution
towards overall firm profitability is the focus of this study. The measurements of profitability
will mainly be ROA and ROE where a short complementary view on the effect on profit margin

1s included.

The theoretical framework for the research paper will be based upon Schumpeter’s (1943)
theory of innovation and later developed growth models, as well as Eisenhardt and Martin’s
(2000) view on dynamic capabilities framework (DCV). The reasoning for this is that the
theories provide a basis and a general idea about how strategic R&D investments and
innovation could generate competitive advantages and increase profitability. Other empirical
studies have found a diverse outcome on the matter where for example, Weber et al. (2024),
established that R&D intensity has a rather positive outcome on financial performances in the
technology sector, affecting companies in industries such as high tech and telecom. In
comparison, Chen et al (2025) argues that R&D could possibly reduce firm profitability as the
investments and innovation from it does not yield a clear positive return. Other empirical
studies such as Kruglov & Shaw (2024), digs more thoroughly deeper into the reasoning behind
R&D spending in U.S. firms, but not evaluating the direct impact it might possibly have on
overall profitability.

1.2 Problem statement

Although innovation and R&D are widely recognized as drivers of competitiveness and long-
term profitability, previous research has shown mixed results. Some firms benefit significantly
from innovation investments, while others fail to translate R&D spending into improved
profitability (Global Fi Group, 2024). These inconsistencies suggest that the relationship
between R&D and profitability is complex and context dependent, varying across industries,
time periods, and firm characteristics. Most existing studies focus on broad samples that span
multiple industries or regions, often aggregated high-tech, telecom and manufacturing sectors
across Europe and Asia or entire indexes such as the S&P 500 (Weber and Srivastava, 2025).

Others like Kruglov and Shaw (2024) investigate what drives R&D spending, rather than
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whether R&D spending leads to increased profitability. This leaves a gap in the literature
regarding the direct and measurable impact of R&D intensity on profitability within specific

sectors that have high-velocity characteristics such as the U.S. tech sector.

This study decided to investigate U.S. technology firms, which both allocate a large amount
toward R&D investments and are subject to fast paced market dynamics which often lead to
short-lived competitive advantages (Accenture, 2018). This study aims to address that gap by
focusing specifically on publicly traded U.S. tech firms, applying a panel data regression
analysis over a thirty-year period (1989-2019). Unlike previous studies that often rely on
broader cross-industry samples or include R&D but has a different focus, the chosen approach
treats R&D intensity as an independent variable and investigates if it has an effect on both
short-term and long-term profitability, measured by return on assets (ROA), return on equity

(ROE), and profit margin.

While there are existing empirical studies and prior theoretical perspectives suggesting a
probable connection, the association between R&D intensity and profitability remains
insufficiently explained. In addition, few studies have had a pure focus on R&D intensity as
the independent variable of interest and evaluate whether there is a direct contribution towards
profitability. A lot of studies have instead used it as a proxy for innovation and understanding
the relationship between R&D intensity and profitability in the U.S. technology sector could
therefore be a valuable foundation for strategic decision making, not only for firms but also for

Investors.

1.3 Purpose

The aim of this study is to analyze how R&D intensity influences firm profitability within the
U.S. technology sector. By focusing on a 30-year period with diverse, but normal, economic
conditions (1989-2019), the study seeks to isolate the effect of R&D investment on key
profitability metrics such as return on assets (ROA), return on equity (ROE), and profit margin.
The research contributes to the existing literature by narrowing down the focus to one industry
and by examining both short and long-term effects using panel data regression methods. In
doing so, the study offers insights into whether R&D spending serves as a strategic lever for

financial performance in high-velocity markets where disruptions are common.



1.4 Research question

The specific research question examined in this study to answer the thesis will be as follows:
- Does a higher R&D intensity translate into a higher profitability for U.S

technology firms in the short- and long-term?

This research paper seeks to answer the question as it can be found relevant to managers,
investors, and policy makers when deciding upon allocation of resources or future investment
decisions, but also in a broader theoretical context about the relationship between innovation

focus and overall firm profitability.

Lastly, to examine the relationship between R&D intensity and profitability within the U.S.
technology sector, the time frame will be between 1989 and 2019. The main reasoning for this
is that by considering a broader time frame, the analysis can capture a more comprehensive
view of long-term economic trends and generalize the result. The time frame further offers a
more representative view regarding economic fluctuations which reduces the risk of the results
becoming skewed. Furthermore, the study excludes the abnormal and extraordinary effects of
Covid-19. Limiting the analysis to a shorter time period may restrict the analysis, dismissing
the long-term dynamics that possibly shape the R&D intensity-performance relationship. The
study enables a broader and more detailed understanding of R&D intensity’s effect on overall
financial performance over time, focusing on one of the world's largest and most important
industries, the U.S. technology sector. The results of the study may facilitate an understanding
that could offer a solid foundation for strategic decision making and investment decisions in

the future, and an insight into the dynamics in a high-velocity sector.

1.5 Delimitations

This study will have some delimitations, mostly due to time and data constraints. First of all,
the study limits its scope to public companies because of data constraints where data for private
companies is not readily available. Some companies included in the data set have had an initial
public offering (IPO) during the time period or lack some data which leads to the exclusion of
these observations. The data used for the study has been collected from the program Compustat,

with missing data being random. This study further delimits itself by implementing a method



that is designed to account for the time available to complete the study. If given more time, the

study could have implemented more complex methods or a more thorough analysis.

In addition, the study limits itself to firms listed on the Nasdaq stock exchange as their stock
screener has been used to obtain the list of technology firms. This categorization may exclude
some firms that are technologically intensive but classified differently in the index or screener
tool. The study further excludes Micro- and Nano-cap firms due to limitations in data
availability as most of these firms have not been around or public for a long time. As mentioned
earlier, the time period is limited to a 30-year period to capture long-term trends while
simultaneously avoiding distortion from extraordinary events such as COVID-19. However,
this delimitation excludes the most current period and innovation dynamics occurring after
2019. Additionally, while the panel data allows for the control of firm specific heterogeneity,
the data is unbalanced due to missing values and all companies do not have observations for
each year in the time frame. This may slightly reduce the precision of estimates even though
Stata accounts for this automatically and excludes incomplete observations without introducing

bias.

Lastly, while the study investigates the impact of R&D intensity on three main profitability
measures, the results are limited to financial performance indicators and do therefore not
account for strategic outcomes or goals such as market share that may also be influenced by

R&D activities.

2. Theoretical framework

2.1 Theoretical models

The main theoretical models that will be used as analytical tools for the study will be the
Schumpeterian growth model and dynamic capabilities theory. Below these will be described

and justified as to why they are the most relevant for our research paper.
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2.1.1 Schumpeterian growth model

A foundational theoretical framework in the study is the Schumpeterian growth model. The
model has its origins in Schumpeter's theory of innovation where innovation is seen as a driving
force of economic growth as it increases productivity and ultimately makes old products and
processes obsolete. This model and popularization of creative destruction has been highly
influential and provides an explanation of how and why innovation, which is done through
R&D, drives growth (Schumpeter, 1943). The ideas of Schumpeter later developed into
Schumpeterian growth models. Aghion et al. (2015), explains how these models are based on
three main ideas: 1. Innovation drives long-term growth, 2. Innovations are results of
entrepreneurial investments which are motivated by the possibility of monopoly rents, 3. Old
products or technologies are replaced by new innovations. The authors further explain how the
Schumpeterian models predict that more innovation which is carried out through R&D should

lead to higher incomes and profitability.

Originally focused on the macroeconomic level and understanding growth related to entire
economies, the Schumpeterian growth theory has during the last 25 years developed to
understand more on a microeconomic and organizational level (Aghion et al, 2014). Applied
at the firm level, the Schumpeterian model suggests that R&D spending is critical for firms to
innovate, gain temporary advantages, improve profitability, and most importantly not become
obsolete. R&D is not simply a cost but rather a strategic investment aimed at enabling
breakthroughs, differentiation, and improvements of the business as a whole. In an influential
paper, Romer (1986) suggests that investments in R&D can lead to the accumulation of
knowledge which makes sustained economic growth possible. The contrast to traditional
models with diminishing returns allows for persistent differences between growth rates and

long-term profitability.

The Schumpeterian growth model and literature guide the study in the choice of control
variables such as firm size as it states that a large fraction of R&D spending in the is done by
incumbents while the small firms that survive exhibit a larger growth rate (Aghion et al, 2014).

The theory further provides the foundation for the hypotheses and analysis of the results.
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2.1.2 Dynamic capabilities (DCYV)

The resource-based view, originally described by Barney (1991), posits that competitive
advantages are created through the possession of valuable, rare, inimitable, and non-
substitutable resources. Eisenhardt and Martin (2000) builds on Barneys concepts and define
dynamic capabilities as organizational and strategic routines by which firms utilize their
resources by integrating, reconfiguring, acquiring, and divesting them to respond to changes in
the market environment. These capabilities enable companies to create new combinations of
resource bases as markets develop, shift, converge, or disappear. This theory complements the
resource-based view and create a better understanding of how firms in rapidly changing
environments may convert investments and processes like R&D spending into performance

through the development of new, or improvement of old, resources and products.

Eisenhardt and Martin (2000), further describe high-velocity markets that are characterized by
fluid industry boundaries, quickly shifting demand, and where competitive advantages are
often temporary. In these high-velocity markets, dynamic capabilities rely more on creating
situation specific knowledge as existing knowledge can create overgeneralization or be
insufficient. The U.S tech industry is a high-velocity market that is rapidly changing where
disruptions are constant and competitive advantages are often short lived (Accenture, 2018).
The theory of dynamic capabilities therefore helps analyze why firms spend money on R&D
and how product development processes can provide long-term success while providing the
understanding and characteristics of high-velocity markets. The theory suggests that firms in
high-velocity markets often use prototyping and early testing to gain new knowledge, but this
comes at a cost of small immediate losses while gaining immediate feedback. This would
suggest that there might be small negative effects of increasing R&D intensity and innovation

in the short-term, while long-term gains may still be present (Eisenhardt and Martin, 2000).

3. Previous research and hypotheses development

3.1 Previous literature

R&D spending and firm innovation has been subject to several studies and theories that
examine its effect on different aspects of firms and economies as a whole. The intuition of
innovations role in growth and success comes from Schumpeter’s creative destruction

philosophy which suggests that firms survive and become successful by focusing on the things
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that will allow them to develop new products and processes (Ziemnowicz, 2020). Furthermore,
these theories suggest that a lot of innovation comes from the R&D expenditures of profit-
seeking firms which in turn can be influenced by policies, competition, and intellectual
property (Howitt, n.d). Ulku (2004), explains how endogenous growth models suggest that
innovation, which is created through R&D, enables sustainable economic growth for countries.
In this paper, Ulku investigates 20 OECD countries and 10 non-OECD countries by several
panel data regressions for 1981-1997. The study found that the larger countries (G-7) are able
to increase innovation and growth by increased investments in R&D while the smaller markets
cannot. These macroeconomic theories investigate the aggregate effect of R&D and its role in
growth and success of economies, but there is a lack of empirical studies that investigate the
relationship on an industry and firm level. This study aims to contribute to the literature by
investigating the US-tech sector, which is a high-velocity market with a lot of competition, to
see if R&D affects profitability positively or if it instead can be seen as a cost of not becoming

obsolete.

There have been some studies that examine R&D spendings effect on profitability, but these
have not been focused on the US-technology sector which makes this study relevant and an
important contribution to the literature. One study by Weber and Srivastava (2024) investigated
European and Asian high-tech, media, and telecommunication sector through a panel
generalized method of moments where it was found that R&D positively impacts net sales and
that R&D intensity boosted profitability. Moreover, the study also found regional differences
where Asian firms had a more substantial and positive outcomes in both aspects. Another study
by Chen et al (2025) focused on Chinese technology companies and examined the impact of
patent quality on profits with R&D as a moderating role in the relationship. The study
investigated the relationship through a panel data regression approach where they found that
good patents increase profits while spending more on R&D actually weakened the positive
effect. Spending a lot on R&D can have mixed impact as it helps innovation and the creation
of better products and processes but hurts profits because it is expensive. Chen’s study

showcases the complexity where there is no clear consensus on the effect of R&D spending.

One very relevant study was done by Kruglov and Shaw (2024) who examined the link between
innovation and firm performance using data from S&P 500 companies over a 25-year span. In
their study, innovation is proxied by R&D intensity which makes it relevant even if it focuses
on innovation rather than the pure expenditure like this study. The dataset covers 100 quarters

from 1998 to 2023, encompassing multiple economic cycles (including the dotcom bubble, the
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2008 financial crisis, and other downturns). This long panel across various industries provides
a rich context to observe how firms’ innovation behavior and performance metrics evolve
through boom-and-bust periods. The authors specifically challenge the conventional belief that
larger companies are inherently more innovative, setting the stage to test how firm size and
resources relate to innovation input. By focusing on R&D intensity as a measure of innovation,
the study captures ongoing innovation for firms where not all R&D yields immediate patents.
The context and result of this study provide a good baseline as it examines U.S. companies.
The S&P 500 includes several sectors, and this study takes a more specific approach, focusing

solely on the tech sector which will complement the study and add valuable insights.

The analysis of Kruglov and Shaw reveals a nuanced relationship between firm characteristics
and R&D intensity, indicating that innovation investment patterns are not uniform across all
firms. The study found a nuanced relationship between firm scale and R&D intensity. On the
one hand, firms with larger total asset bases tend to invest heavily in R&D, reflecting their
greater capacity and resource availability. However, when firm size is measured as the
logarithm of total assets, a negative relationship with R&D intensity emerges. This indicates
that very large firms, despite having substantial resources, may allocate a smaller proportion

of their revenue to R&D.

Kruglov and Shaw (2024) find no significant link between current profitability and R&D
intensity. Firms with higher EBITDA did not systematically spend a larger share on R&D,
indicating that strong earnings alone do not automatically transfer into more innovative
investment. This outcome highlights that innovation spending is often a strategic decision that

may not rise or fall simply with short-term profits.

The study confirms that economic recessions are associated with significant declines in R&D
intensity. During downturns, firms often scale back discretionary spending like R&D to
conserve cash, which was evident during recessionary periods in the data. They also point to
the idea of “countercyclical” innovation behavior, where some firms continue investing in
R&D during recessions to gain a post-recovery advantage. The authors highlight that
maintaining R&D efforts in bad times can be an effective strategy, and they cite the importance

of supportive innovation policies during economic slumps.

The findings of Kruglov and Shaw (2024) provide an evidence-based foundation based on

several different types of U.S. firms which can later be compared to the results on a specific
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industry. Their study suggests that, in general, a greater focus on R&D (higher R&D intensity)
is associated with enhanced firm performance and competitiveness which can be interpreted as
supporting higher operational efficiency and firm value. Notably, the authors report that
innovation investment is a key driver for firm competitiveness and market positioning,
implying that tech firms which consistently invest in R&D are likely to build capabilities that
improve their efficiency and performance over time. This aligns with the intuitive expectation
that R&D-intense tech companies develop better products or processes, thus becoming more
efficient or profitable in the long run. Their emphasis on economic cycles offers a temporal
dimension to consider and evidence that R&D efforts often falter in recessions, but that
sustained innovation through tough times can bolster long-term performance implies that the
timing of R&D investment matters for efficiency outcomes. For U.S. tech firms, this could
mean that those maintaining or even increasing R&D during economic downturns might
emerge more efficient relative to competitors, whereas firms that cut R&D aggressively might

lose innovation momentum and efficiency later on.

Kruglov and Shaw's study focuses mostly on what drives company’s innovation efforts and
how financial performance effect R&D spending. Our study builds on their work by inversing
the aim and investigating if R&D intensity actually translates to higher profitability. While
their study uses R&D intensity as a proxy for innovation, this study focuses on an analysis of
R&D as an expenditure or investment on its own and analyze if and how it affects firm

profitability, complementing the findings from a different casual perspective.

3.2 Hypotheses

3.2.1 Development of hypothesis 1

Dynamic capabilities theory suggests that increased R&D intensity in high-velocity markets
can lead to small short-term losses due to a more experimental approach with the frequent use
of prototyping and early testing in the pursuit of new knowledge. This is supported by some
previous studies that found that R&D intensity decreases profitability in the short-term. With
this, the first hypothesis is as follows:

Hypothesis 1: R&D intensity affects U.S tech firms' short-term profitability negatively.
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3.2.2 Development of hypothesis 2

The Schumpeterian theory of innovation and growth models suggests that R&D increases
growth and profitability in the long term. This is also supported by some previous studies which
found that long-term effects of R&D spending in other industries affected profitability
positively in the long-term. With this, the second hypothesis is as follows:

Hypothesis 2: R&D intensity affects U.S tech firms' long-term profitability positively.

4. Methodology

4.1 Data collection

To evaluate the relationship between R&D intensity and profitability, a quantitative approach
through panel data regression will be used. The data set will track multiple companies over a
three-decade period which allows for the control of both firm-specific and time-specific effects
that might be involved in the relationship. This method is well suited as it facilitates a study of
how variables change over time, allowing the research to see general trends while accounting
for unique differences between companies. The sample consists of 247 U.S technology firms
which have been gathered through Nasdaq’s Stock Screener. The stock screener had built in
filters that fit the purpose of this study and the following were used to obtain the sample,
Exchange: Nasdaq; Sector: Technology; Country: United States. As large companies in the U.S
stand for the majority of R&D investments (NSF, 2024), and due to time and data availability
constraints, the study filtered and excluded some firms based on market capitalization.
Nasdaq’s Stock Screener has a function where this filtering is done automatically and the study
includes Mega (market cap > 200 billion USD), Large (market cap between 10-200 billion),
Medium (market cap between 2-10 billion USD), and Small (market cap between 300 million
— 2 billion USD). Micro- and Nano-cap companies with a market capitalization below 300
million USD were excluded because of previously mentioned constraints. The obtained list was
uploaded to Compustat where data on each firm for each year and variables was gathered. The
majority of the sample had data available, but some lacked information for some years as they,
for example went public, bankrupt, or simply lacked data within the specified period. These
observations were still included which makes the panel data structure unbalanced. Stata, which
was used for the regression analysis, can handle unbalanced data and automatically excludes

observations that lack data. Furthermore, the regression analysis includes lagged variables
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which reduced the number of observations, but the data is missing at random which does not

create biased estimation and can therefore be implemented (Gabor & Gabor, 2021).

The sample time period ranges from 1989-2019. This time period was chosen as it covers a
relatively long period that includes critical technological advancements like the rise of the
internet in the 1990s and cloud computing, Ai, and digitalization in the 2010s. Going further
back in time starts to create some problems with data gathering as there is less quality data
available. The end year, 2019, was picked to avoid the extraordinary and abnormal disruptions
created by covid-19. This 30-year period fits the purpose of the investigating the average effect
of R&D intensity on profitability of U.S. tech firms. The time periods also allow for the creation
of a recession dummy. The recession dummy was created on the basis of a year having the
majority of the months corresponding to a recession. These periods are 1990, 2001, 2008, and
2009 (O’Neal, 2024). With the explained data set and sample, the number of firms actually
included in the analysis was reduced from 247 to a range between 198 —96, depending on the
model and corresponding variables included. The number of firms and observations included
in each model is explicitly shown in the tables present in the result section to increase

transparency.

4.1.1 Treatment of outliers

In relation to outliers, the study has relied on the recommendations for best practices by Aguinis
et al (2013). The author explains that there are different types of outliers that should be treated
differently. With regard to error outliers, which are defined as the result of inaccuracies such
as errors in observations or calculations, the authors suggest that these should be removed from
the data set. The study implemented their suggested approach of starting with a visualization
of the data to spot potential outliers, followed by an investigation as to whether these have
occurred due to mismeasurements or calculation errors. One such error was, for example,
present (and removed) in relation to the debt-to-equity ratio of a firm for one year. Aguinis et
al, continue to explain that there are outliers that should not be simply removed as this creates
an artificial range restriction. The suggestion here is instead to find the outliers and investigate
as to why and if they constitute an interesting outlier that should be kept. This approach was
implemented in relation to the outliers where two extreme observations were dropped due to
misalignment with the study’s aim, while the majority was kept. The presence of outliers can

create heteroskedasticity which can lead to biased variance estimates and incorrect statistical
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tests (Raza, 2023). Abadie et al (2022), explain that cluster-robust standard errors, which were
implemented in this study, are commonly used in empirical studies to account for
heteroskedasticity. There was a total of 4 outliers removed, which is listed in the appendix with

a short comment.

In this study, there are some outliers relating to variables that include total revenue in the
calculation which arise from firms operating with low revenue streams while still having, for
example, large R&D expenditures. This characteristic is a recognized phenomenon within the
technology sector where companies in their earlier stages often have R&D expenditures as a
major cost (Drivetrain, 2025). Collewaert, V. (2024) further supports this, indicating that
companies in their earlier stages and growth periods often invest heavily in R&D, which might
even exceed revenues during some periods. This in turn affects other variables such as the gross
profit margin and profit margin that creates some outliers. However, because of the nature of
the sample, the exclusion of all of these observations would artificially narrow the observed
range of firm characteristics, leading to a sample that does not fully represent the population
dynamics. Excluding all these outliers would then go against the suggestions regarding
interesting outliers that lie at a distance from other observations (Aguinis et al, 2013). Lastly,
the study follows Aguinis recommendation to present the result both before and after dropping

outliers to increase transparency and keep the reader fully informed.

4.2 Research Design

The panel data structure of the sample facilitates the possibility of regressions with fixed effects
that help deal with omitted variable bias due to heterogeneity caused by omitted variables such
as culture or general differences between companies that do not change over time. For example,
business practices or attitudes toward R&D spending can influence the regression analysis, but
these effects are accounted for through the implementation of a fixed effect panel regression
(Torres-Reyna, 2007). There are possible endogeneity problems relating to some variables,
specifically related to reverse causality were ROA, ROE, or profit margins can have an effect
on the independent variable. According to Barros et al (2019), simultaneity (reverse causality)
is a common source of endogeneity and problems in corporate finance studies. The authors
explain how these situations occur when the dependent variable also affects the independent
variable, creating a two-way relationship. The paper wants to analyze the effect of past R&D

spending and compare short-term to long-term effects and therefore implements lagged R&D
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intensity variables. The inclusion of lagged R&D intensity can help mitigate possible reverse
causality problems that would create biases in the estimations (Leszczensky et al, 2019). This
is further supported by Zaefaraian et al (2017) who stated that endogeneity bias due to reverse
causality can be reduced by introducing a time lag between the dependent and independent
variable. The study also examines the probability of multicollinearity by conducting a variance
inflation factor (VIF) test in Stata. Multicollinearity is of no concern if the VIF test is lower

than five, requires attention if it is above five, and is strong if it is above ten (Kim, 2019).

4.2.1 Dependent variables

The dependent variables of interest are return on assets, return on equity, and profit margin.
These variables were created through calculations in Stata and each variable is described in

table 1.

Table 1: Description of dependent variables

Dependent variables Description

Return on assets (ROA) Return on assets: calculated as net income(loss)/total assets. The variable indicates
profitability relative to assets and measures how much profit is generated for every|

dollar of assets.

Return on equity (ROE) Return on equity: calculated as net income(loss)/total shareholder equity. The variable
indicates profitability in relation to shareholder equity and measures how much profit is

generated for every dollar of equity.

Profit Margin (PM) Profit margin: calculated as net income(loss)/total revenue. The variable shows how
much of the revenue is translated into profits after all expenses. It measures overall raw

profitability and how efficiently revenues and costs are handled.

4.2.2 Independent variable

The independent variable of interest is R&D intensity. As R&D costs in absolute terms are not
easily comparable between firms, and based on comparison to previous and similar research,

the study investigates the expenditure relative to total revenue.
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Table 2: Description of the independent variable of interest

Independent variables ‘Description ‘

R&D intensity R&D intensity is calculated as R&D expenditures / total revenue. It measures how much
of the revenue that is reinvested into R&D and indicates the focus and attention given to
the expenditure while providing a normalized measure that is comparable between

companies

R&D intensity lags The R&D intensity lags are defined in the same way. The difference is that the variable

corresponds to previous years and corresponding R&D intensity.

4.2.3 Control variables

Several control variables are included to account for factors other than the variable of interest.
The selection of control variables has been mainly derived by looking at previous research.
More specifically, total assets logged, debt-to-equity, and the recession dummy comes from
examining previous and similar studies while gross profit margin was chosen to account for a
firm’s fundamental operational efficiency and pricing power, which are distinct drivers of

overall profitability.

Table 3: Description of control variables

Control variables Description
Total Assets logged Total assets logged are calculated by taking the natural logarithm of the total assets of a

firm. It is used to control for size in a normalized manner

Debt-to-equity Debt-to-equity is calculated by taking total debt divided by total equity. The ratio

showcases, and is used to control for, a firm's leverage.

Gross profit Margin Gross profit margin is calculated by taking the gross profit(loss) / total revenue. The
variable shows profits after covering immediate production costs and indicates the

profitability of the firm’s products.

Recession dummy Recession dummy is a binary variable that controls an economic downturn. The dummy

variable = 1 when the period is defined as a recession, and = 0 otherwise.

4.2.4 Hausman test

Due to the nature of the data set with firm specific factors, this study argues that the fixed
effects method is the best fit, aligned with similar studies such as Kruglov & Shaw (2024) Even

though the Hausman test suggests that the random effects model is consistent, the study still
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pursue analysis through fixed effects to control potential correlation between unobserved firm-
specific characteristics such as management, culture, or attitude toward R&D which ensures a
more robust casual inference. The regression models, executed in Stata, will adjust standard
errors to account for potential correlation of observations within the same firm by clustering
the standard errors at the firm level. The adjustment is made to be robust to any kind of
heteroskedasticity within each firm, making the P-values more trustworthy. Moreover,
correlation calculations in combination with previously mentioned VIF are used to check for

multicollinearity.

4.2.5 Fixed effect models

With the aim and goal of the study in mind, as well as the potential issues of endogeneity and
multicollinearity, the paper focuses on 6 different models for the analysis of ROA and ROE.
The first model includes a one-year lag of R&D intensity to investigate the immediate effect
while also controlling for firm size, leverage, gross profit, and recessions. Moving beyond this
point, three lags of R&D intensity are lumped together and included in the model to see if they
are independently and/or jointly statistically significant and how they affect the dependent
variable. This approach is pursued as it covers larger parts of previous R&D levels while not
having a high VIF score and multicollinearity problems. The last model includes a one-year
lag, three-year lag, five-year lag, and ten-year lag to have one model with a combination of

short-term and long-term effects. A generalization of the models is presented below.

n, j, z = 3 different, subsequent, lags of R&D intensity

ROA models:

ROAit = B0 + B1 R&D _intensity lagit + B2 In(Total Assetsit)it + 33 Debt to equityic + 34

Gross_Profit Marginit + 85 Recession Dummy: + ai + €it

ROAit=B0 + B1 R&D _intensity lagitn + 82 R&D intensity lagitj + 3 R&D intensity lagit,
+ 34 In(Total assets)it + 85 Debt to_equityit + 36 Gross_Profit Marginit + 36

Recession Dummy: + ai + €it

ROE models:
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ROEi: = B0 + 31 R&D _intensity lagit + 32 In(Total Assetsit)it + 33 Debt to equityit + 34

Gross_Profit Marginit + 85 Recession Dummy: + ai + €it

ROEit =0 + 31 R&D intensity lagitn + B2 R&D intensity lagitj + B3 R&D intensity lagit-
+ 34 In(Total assets)it + 85 Debt to_equityit + 86 Gross_Profit Marginit + 36

Recession Dummy:+ o + €it

Furthermore, the study complements the analysis on ROA and ROE with a short
complementary analysis on the relationship to the company’s profit margin through two main

models shown below:

Profit margin Models:

Profit marginit = B0 + 31 R&D _intensity lagit + 85 In(Total assets)it + 36 Debt to equityit +

37 Recession dummyt + ai +eit

Profit marginit = 80 + 31 R&D intensity lagii + 82 R&D _intensity lagis + 33
R&D intensity lagis + B4 R&D intensity lagiio + B5 (Total Assets)it + 36 Debt to_equityit

+ 7 Recession _dummyt + ;i +€it

4.3 Analysis method

The study will follow standard methods of panel regression analysis by looking at t-statistics
and p-values of the variables of interest to see if they are statistically significant and what their
relationship is to the dependent variable. The primary focus will be on standard levels of
significance (0.01, 0.05, and 0.1). Furthermore, statistics like within R2, between R2, and
overall R2 will be considered in the analysis. The VIF test, correlations, and clustered standard
errors will be implemented and indicate if the model is untrustworthy because of
multicollinearity. In models where several R&D intensity lags, the study will deploy additional
partial F-tests to investigate whether the variables together have a significant effect on the
dependent variable. The direction of the coefficient will provide information on whether the
independent variables increase or decrease profitability. To be taken into consideration, these

coefficients need to be statistically significant.
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4.4 Validity & reliability

Validity and reliability are important to perform and create quality research. Validity refers to
the degree to which the study accurately measures what it intends to measure while reliability
refers to the consistency of measurements where the method produces the same result multiple
times (Andersson et al, 2020). In relation to validity, the study controls for unobserved
heterogeneity and endogeneity through the implementation of a fixed effects analysis with
lagged independent variables which help to account for omitted variable bias due to firm-
specific characteristics and presence of reverse causality (Zaefarian et al, 2017). Control
variables increase validity as it includes additional factors that help to isolate the impact of
R&D intensity by accounting for confounding effects such as macroeconomic downturns or
firm size that otherwise could have created omitted variable bias (Memon et al, 2024). External
validity and generalizability can be seen as limited as the study focuses solely on U.S. listed
tech firms while not including micro- and nano-cap firms. Findings may not be generalized to
other industries, countries, or small and startup firms. With regard to reliability, the data
collection is transparent where sources, databases, and time periods are easily replicable. The
execution of the regression analysis in Stata, a robust econometric software, ensures consistent
calculations and exclusion of observations with missing data. Some weaknesses related to
reliability of the study have to do with the nature of the stock market where companies enter
and exit frequently, changing the sample slightly or possibly a lot over a long period. Moreover,

some variables are noisy and may be inconsistently reported as accounting standards change.

5. Results

5.1 Descriptive analysis

In the empirical analysis, the study constructs an unbalanced panel dataset ranging from 198-
96 U.S. listed tech firms. Observations range from 1989-2019 and are gathered on a yearly
basis where observations with missing data were excluded. The fixed effect panel regressions,
VIF tests, and descriptive statistics were performed in Stata. The models which were
investigated follow the structure previously described, with the first one including a one-year
lag of the R&D intensity variable while subsequent models include different pairs of lags to
capture multiply years. The first model includes 198 firms which is later reduced because of

the implementation of lags that increase observations that miss data. The result is presented in
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tables including dependent, independent, and control variables. Moreover, the number of firms
and observations, VIF test results, R-squared, significance levels, and partial F-tests are
presented to ensure full transparency. Following the tables is an interpretation of the result

related to each variable.

5.1.1 Descriptive statistics

The study has a total of 8 variables which are summarized by descriptive statistics in table 4.
Although there are observations exhibiting extreme values (such as profit margins as low as —
600% and large negative debt-to-equity ratios), the study keeps these outliers for two main
principles. First, the extreme cases reflect common economic phenomenon such as firm distress
or restructuring that are important to understand the full distribution of financial performance.
Second, the fixed effects estimation in combination with robust standard errors help mitigate
some problems related to outliers. Keeping the majority of the available data thus preserves the

real nature of the population and does not create artificial range restrictions.

Table 4: Descriptive statistics on all variables

Variable ‘Mean Median ‘St.dev ‘Min Max ‘
ROA -0,0278 0,037 0,271 -3,545 0,695

ROE -0,0733 0,0687 2,18 -51,89 37,78

Profit margin -0,1691 0,045 1,9859 -60,26 3,37

R&D intensity lag 0,2374 0,1422 1,3 0 52,964

In(total assets) 6,339 6,309 2,13 0,4612 12,835
debt-to-equity 0,1297 0,0177 5,377 -196,2 72,918

Gross profit margin 0,54 0,5709 0,3359 -6,06 0,9978

The distribution of the variables is visually presented in box plots in figure 1, 2 and 3. Figure
1 illustrates the spread of ROA, ROE, and profit margins while figure 2 displays gross profit
and size (In(Total Assets)). Figure 3 shows the lagged R&D intensity and debt-to-equity. These
plots reveal a number of observations that are significantly beyond the typical interquartile

ranges that are therefore outliers.
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Figure 1: return on assets, return on equity, and profit margin sample distribution
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Figure 2: Ln(Total Assets) and gross profit margin sample distribution
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Figure 3: 1-year lag of R&D intensity and debt-to-equity sample distribution
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Despite their extreme values, these observations have been kept in the analysis. This decision
is based in the understanding that these outliers frequently represent genuine economic
characteristics relevant to the focus on R&D-intensive U.S. tech firms. Exceptionally high
R&D intensity coupled with negative profitability is a common and recognized characteristic
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for early-stage or rapidly scaling and growing companies. Excluding these observations would

lead to artificially limiting the data’s true distribution which could create biased results.

5.2 ROA fixed effects regression analysis

Table 5 (before dropping outliers) and table 6 (after dropping certain outliers) present the
results from the Stata fixed effects analysis on return on assets with robust cluster standard
errors on the nbalanced panel data. The table has a list of all variables and model numbers to
clearly show how each model looked and the incremental change where new lags were added.
The number of firms, observations, partial F-test, R-squared, and VIF test results are presented
last in each table for every model. Following standard procedure where a VIF score of above
5 needs to be carefully interpreted as multicollinearity might be present (Kim, 2019). All
models had a VIF score below 5, except model 5. The R-squared that is most relevant is
“Within R*2” as it focuses on how well the model explains variation within each firm over
time. The within R-squared provides a snapshot of the explanatory power of each model which
provides an indication to which model to focus more on. Following the table, a short

commentary on the result relating to each variable is presented.

Table 5: Fixed effects regression analysis on ROA before dropping certain outliers

ROA regression table, Fixed Effect
Model 1 2 3 4 5 6
variables:
In(Total_Assets) ***0,027| **0,0224 *0,0244] *0,03196| **0,04598 0,0205
Gross profit margin ***(0,00003] ***0,00165| ***0,00156| ***0,00145( ***0,4615( ***0,1269
debt-to-equity ***0,121 0,0001 0,0000 0,0006| **-0,0104 -0,0002
Recession dummy ***-0,065( ***-0,0777| ***-0,0783| ***-0,0982 0,0159[***-0,07969
Intercept **%.0,251| ***-0,1383| ***-0,1468 -0,2052| ***-0,5636 *-0,1862
Lag 1 R&D intensity -0,0100 -0,0406
Lag 3 R&D intensity -0,0248 -0,0077
Lag4 R&D intensity 0,0063
Lag5 R&D intensity ***-0,0039 0,0085
Lag 8 R&D intensity 0,0151
Lag 9 R&D intensity **.0,0284
Lag 10 R&D intensity 0,0004 **-0,00072
Lag 14 R&D intensity 0,0099
Lag 15 R&D intensity ***.0,0084
Lag 16 R&D intensity -0,0004
Lag 18 R&D intensity -0,0144
Lag 19 R&D intensity 0,0039
Lag 20 R&D intensity 0,0009
Number of observations 2378 2021 1611 1014 610 1603
Number of firms 198 156 124 109 96 123
F-test on lags 5,82 1,90 13,73 0,59 1,99
Jointly significant? **kyps no *E*yes no *yes
*** = significany at 1% ** =5% * =10%
R*2 within 0,0577 0,0579 0,0784 0,0781 0,1404 0,1046
R"2 between 0,2713 0,2905 0,3087 0,2344 0,1645 0,3462
R* overall 0,1728 0,1806 0,2001 0,1755 0,1585 0,2325
Mean VIF 1,93 1,60 1,51 1,48 2,85 2,75
Highest individual VIF 3,30 2,91 2,64 2,58 6,16 4,87
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Table 6: Fixed effects regression analysis on ROA after dropping certain outliers

ROA regressiun table, Fixed Effect (After drupping outliers)
Model 1 2 3 4 5 6
variables:
In(Total Assets ***(,0272| *0,01849 0,0216 0,0280| **0,04556 0,0209
Gross profit margin ***(,1213| **0,1064| **0,08161| **0,0805| ***0,4631] ***0,1334
debt-to-equity 0,0005 0,0000 -0,0002 0,0007| **-0,0105 -0,0003
Recession dummy ***.0,085| ***-0,0771| ***-0,07664| ***-0,0986 0,0160| ***-0,0791
Intercept ***.0,251| **-0,1723 *-0,1625 *-0,2207| ***-0,663| **-0,1925
Lag 1 R&D intensity -0,0093 -0,0300
Lag 3 R&D intensity -0,0020 -0,0093
Lag 4 R&D intensity -0,0039
Lag 5 R&D intensity -0,0024 0,0072
Lag 8 R&D intensity *0,2241
Lag 9 R&D intensity **.0,038
Lag 10 R&D intensity 0,0072 0,0010
Lag 14 R&D intensity **0,0077
Lag 15 R&D intensity -0,0051
Lag 16 R&D intensity 0,0003
Lag 18 R&D intensity -0,0084
Lag 19 R&D intensity 0,0003
Lag 20 R&D intensity 0,0065
Number of observations 2374 2014 1608 1011 608 1599
Number of firms 198 155 124 109 96 123
F-test on lags 0,00 2,00 2,58 0,45 1,54
Jointly significant? no no **yes no no
**x = gignificany at 1% ** =5% * =10%
R*2 within 0,0576 0,0663 0,0870 0,0917 0,1492 0,1018
R*2 between 0,2722 0,2741 0,2930 0,2136 0,1452 0,3223
R* overall 0,1708 0,1636 0,1997 0,1713 0,1458 0,2119
Mean VIF 1,93 2,73 2,36 2,25 2,98 2,78
Highest individual VIF 3,30 4,44 3,46 3,35 6,18 4,92

5.2.1 Findings related to control variables, ROA

The natural logarithm of the firms' total assets was used to control the size of companies. This
control variable was consistently statistically significant before dropping outliers and in half
the models after dropping outliers. After dropping outliers, the variable is statistically
significant at the 1% level in model 1, at the 5% level in model 5, and at the 10% level in model
2. The variable has a positive coefficient in all models, suggesting that larger firms are more
profitable with a 1% increase in total assets corresponding to a 0,00027-0,0004598 percentage

point increase in return on total assets depending on the model.

The gross profit margin is statistically significant in all models, both before and after dropping
outliers. The control variable indicates how well firms manage production costs relative to
revenues and core profitability. After dropping outliers, the variable is statistically significant

at the 1% level in model 1, 5, and 6; and at the 5% level in model 2, 3 and 4. The coefficient is
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positive in all models with the effect increasing after exclusion of outliers. The range is between
0,0805-0,4631 and is interpreted as a 1 percentage point increase in gross profit margin
corresponding to a 0,0805-0,4631 percentage point increase in return on assets, depending on
the model. Model 5-6 which correspond to the highest within R-squared, 0,1492 and 0,1019
respectively, suggest a larger effect but model 5 has an individual VIF score above 5 which

means that multicollinearity might be present.

The debt-to-equity variable is included to control for firm leverage and the variable is only
statistically significant at the 5% level in model 5 after dropping outliers. Before exclusion, it
is also significant at the 1% level in model 1. The coefficient is —0,0104 — 0,0105 in model 5,
and 0,121 in model 1. This suggests that debt-to-equity might be sensitive to model
specification and the inconsistent statistical significance make drawing conclusions about the
true effect on return on assets hard, specifically as model 5 has an individual VIF above the

threshold of 5.

The recession dummy variable is included to control for an economic downturn where overall
profitability of all firms might be reduced due to external factors. The variable is consistently
statistically significant at the 1% level except model five, both before and after dropping
outliers. The coefficient is negative across all models which indicates that a recession affects
return on assets negatively. As it is a dummy variable, the effect on return on assets is a decrease
in percentage points corresponding to the coefficient in each model, ranging from —0,065 to —

0,0986.
5.2.2 Findings related to R&D intensity's effect on ROA

The independent variables of interest are the different R&D intensity lags. In the first model,
the previous year’s R&D intensity is included, but it is not statistically significant. In each
subsequent model, three pairs of previous R&D intensity are included. Prior to the exclusion
of certain outliers, the results indicate a negative relationship between R&D intensity and ROA.
Specifically, statistically significant coefficients (at 1% and 5%) were observed for R&D
intensity lagged by 5, 9, 10 and 15 years in model 2, 3, 6, and 4. There was also joint statistical

significance in models 2, 3, and 6.

Upon removal of certain outliers, the findings shifted where joint significance was only present

in model 4. Individually, R&D intensity lagged by 8 years in model 3 became positive (0,2241)
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and significant at the 10% level. R&D intensity lagged by 9 years remained significant at the
5% level and negative (-0,038). Additionally, the 14-period lag became significant at the 5%
level with a positive coefficient (0,0077). This shift highlights the sensitivity of R&D — ROA
relationship to extreme observations and complex nature where some positive and negative
effects are seen simultaneously. Taking this together, the inclusion of even the most extreme
outliers indicates an overall negative relationship in the medium and long-term (5-15 years),
while the exclusion of some of the most extreme outliers shifts the indicated relationship to an
overall positive relationship in the 8- and 14-years lag while the 9-year lag remained negative.

Most were statistically significant, hindering conclusions.

5.3 ROE fixed effects regression analysis

Table 7 (before dropping outliers) and table 8 (after dropping certain outliers) present the
results from the Stata fixed effects analysis on return on equity with robust cluster standard
errors on our unbalanced panel data. The tables have the same structure and data as previously
described for tables 5 and 6. All models had a VIF score below 5, except model 5. The same

short commentary on each variable follows the tables.

Table 7: Fixed effects regression analysis on ROE before dropping certain outliers

ROE regression table, Fixed Effect
Model 1 2 3 4 5 6
variables:
Ln(Total_Assets) -0,0385 0,0094 -0,0491 0,2426 -0,2394 -0,0789
Gross profit margin 0,5239| ***0,00264| ***0,0033 -0,0005 -1,6990 2,8494
debt-to-equity ***-0,02817 -0,0658 -0,0908 -0,0505( ***-0,1949 -0,0987
Recession dummy -0,1500 -0,1456 0,0296 0,0670 -0,2074 -0,0688
Intercept -0,0941 -0,0276 0,5095 -1,6277 2,0146 -1,2041
Lag 1 R&D intensity 0,1732 *1,8548
Lag 3 R&D intensity -0,1994 -0,7197
Lag 4 R&D intensity 0,1489
Lag5 R&D intensity -0,0088 0,2008
Lag 8 R&D intensity *0,4129
Lag 9 R&D intensity -0,8021
Lag 10 R&D intensity -0,0607 -0,0893
Lag 14 R&D intensity 0,5169
Lag 15 R&D intensity -0,3242
Lag 16 R&D intensity -0,0317
Lag 18 R&D intensity 0,0819
Lag 19 R&D intensity 2,1875
Lag 20 R&D intensity 0,1918
Number of observations 2378 2021 1611 1014 610 1603
Number of firms 198 156 124 109 96 123
F-test on lags 1,1400 2,1700 1,7700 0,9900 7,1600
Jointly significant? no *yes no no **ryes
*** = gignificany at 1% ** =5% *=10%
R*2within 0,1479 0,0057 0,0611 0,0167 0,4757 0,0474
R"2between 0,2206 0,0563 0,0200 0,0145 0,0655 0,0066
R* overall 0,1539 0,0053 0,0421 0,0022 0,2232 0,0207
Mean VIF 1,93 1,60 1,51 1,48 2,85 2,75
Highest individual VIF 3,30 2,91 2,64 2,58 6,16 4,87
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Table 8: Fixed effects regression analysis on ROE after dropping certain outliers

ROE regression table, Fixed Effect (After dropping outliers)
Model 1 2 3 4 5 6
variables:
Ln (Total_Assets) 0,0200 0,0768 0,0586 0,2533 -0,0160 0,0622
Gross profit margin 0,3380( ***0,874 0,1604| **0,3556 -0,0823 -0,0473
debt-to-equity -0,0782 -0,0593 -0,0700 -0,0504| ***-0,2164 -0,0716
Recession dummy -0,0941 -0,0371 -0,0286 0,0722 -0,1306 -0,0224
Intercept -0,3725 **.1,064 -0,3864 *-1,9477 -0,2273 -0,2260
Lag 1 R&D intensity 0,0418 -0,5023
Lag 3 R&D intensity *0,2842 **0,1503|
Lag4 R&D intensity -0,1147
Lag5 R&D intensity **0,0659 0,0939
Lag 8 R&D intensity ***(),3204
Lag9 R&D intensity -0,2852
Lag 10 R&D intensity **-0,3219 **.0,3787
Lag 14 R&D intensity 0,0141
Lag 15 R&D intensity -0,0383
Lag 16 R&D intensity ***.0,3332
Lag 18 R&D intensity 0,1131
Lag 19 R&D intensity 0,0315
Lag20 R&D intensity 0,0108
Number of observations| 2374 2014 1608 1011 608 1599
Number of firms 198 155 124 109 96 123'
F-test on lags 3,79 10,22 10,49 0,80 20.29]
Jointly significant? **yes *rkyes *hkyes no ***yes
*** = gignificany at 1% ** =5% *=10%
R*2within 0,0317 0,0144 0,2028 0,0183 0,1968 0,1960
R*2 between 0,1835 0,0442 0,2928 0,0548 0,0609 0,3550
R* overall 0,0392 0,0110 0,2087 0,0134 0,0368 0,1984
Mean VIF 1,92 2,73 2,36 2,25 2,98 2,78
Highest individual VIF 3,30 4,44 3,46 3,35 6,18 4.92|

5.3.1 Findings related to control variables, ROE

In the models investigating return on equity, the In(Total Assets) is not statistically significant
in any models and varies in sign. This indicates no consistent relationship between firm size

and return on equity in this sample.

The gross profit margin is statistically significant at the 1% level and slightly positive in model
2 and 3 before dropping certain outliers. After exclusion, the variable is statistically significant
at the 1% level in model 2 with a positive coefficient substantially larger (0,874) and significant
at the 5% level in model 4 with a positive coefficient (0,3556). The models have log R-squared,
but the result indicates an overall positive effect of gross profit margin on return on equity,

varying in size depending on outlier handling.

The debt-to-equity control variable is only statistically significant in models 1 and 5 at the 1%

level before exclusion, and at the 1% level in model 5 after exclusion. Coefficients, while
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statistically significant, are negative, indicating that a higher leverage could be associated with

a lower return on equity. In all other models, the variable is not significant, but always negative.

The recession dummy is not statistically significant in any model with the sign fluctuating from
negative to positive. The statistical insignificance hinders the study from drawing conclusion

on how it effects return on equity.

5.3.2 Findings related to R&D intensity's effect on ROE

In the analysis on return on equity, the R&D intensity lag variables are mostly statistically
insignificant before the exclusion of certain outliers, except for the 8- and 1-year lag in model
3 and 6. Both are significant at the 10% level and suggest a positive relationship. Moreover,
the 8-, 9-, and 10-year lag as well as the 1-, 3-, 5-, and 10-year lag are jointly in model 3 and 6
respectively. After dropping certain outliers, the number of statistically significant R&D lags
greatly increased. The 3-year (0,2842) and 5-year (0,0659) lag in model 2 are significant at the
10% and 5% level and both indicate a positive relationship with ROE. The 8-year (0,3204) and
10-year lag (-0,3219) are significant at the 1% and 5% level. Moreover, the 16-year lag (-
0,3332) in model 4 showcases a negative relationship and is significant at the 1% level while
the 3-year lag (0,1503) exhibits a positive effect and 10-year lag (-0,3787) a negative effect,
both significant at the 5% level. The R&D intensity lag variables are jointly significant in all
models except number 5. Taken together, the result indicates that R&D intensity can have a
varied impact on ROE across different horizons. The short-to-medium term exhibits positive
effects (1-8-year period) while longer-term effects exhibit a negative effect (10—16-year

period), suggesting a complex relationship between R&D expenditures and return on equity.

5.4 Short complementary analysis on profit margin

Lastly, the short complementary analysis on profit margin is presented in tables 9 and 10 below.
Two main models are investigated and the VIF score is low and below 5 in both, indicating
that multicollinearity is not a problem. The within R-squared is substantially higher than
analysis on return on assets and equity, indicating a better explanatory power. Model 2,

specifically, had a high R-squared of 67,4% (before dropping outliers) and 71,11% (after
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dropping outliers), suggesting that more than half of the variation in profit margin is explained
by the explanatory variables. The gross profit margin is excluded from this analysis as it is
highly correlated with profit margin (0,7375) and a substantial reverse causality issue could
have emerged. Ln(Total Assets) and debt-to-equity are never statistically significant and will

therefore not be interpreted.

Table 9 & 10: Results from short complementary analysis on profit margin

Complementary short analysis on profit margin Profit margin analysis after dropping outliers
Model: 1 2 Model: 1 2
variables: variables:
size 0,0557 -0,0051 size 0,0574 0,0033
DE 0,0000 -0,0003 DE -0,0005 -0,0006
Recession_dummy **%x_(1288| ***-0,17398| [Recession_dummy ***0,1263 ***-0,1636
Intercept -0,2320 0,2166] |Intercept -0,2430 0,1437
RD intensity lag 1 **%_1 1647 «»*_1 3659] |RD intensity lag1 ***-1,1639 ***-1,316
RD intesnity lag3 *++0 39| |RDintesnity lag3 ***0,4103
RD intensity lag5 **+.0,0512] |RD intensity lag5 ***-0,0679
RD intensity lag 10 0,0019| [|RDintensity lag10 *0,0157
Number of observations 2378 1603] |Number of observations 2374 1599
Number offirms 198 123 Number of firms 198 123
F-test on lags 4012 F-teston lags 2676
Jointly significant? ***ypg| Jointly significant? **ryes
*** = gignificany at 1% ** =5% * = 10% *** = significany at 1% **=5% *=10%

R*2 within 0,1569 0,674 |R"2 within 0,1566 0,7111
R*2 between 0,8422 0,7119 R"*2 between 0,8421 0,7361
R* overall 0,4316 0,6781] |R" overall 0,4318 0,6735
Mean VIF 1,06 1,95 [Mean VIF 1,06 1,97
Highest individual VIF 1,12 4,3 Highestindividual VIF 1,12 4,29

5.4.1 Recession dummy

The recession dummy variable is statistically significant at the 1% level across all models with
a negative coefficient. This indicates that an economic downturn leads to a reduction in the
profit margin for U.S tech companies. The effect ranges from —0,1263 to —0,1740, indicating
that a recession reduces the profit margin by 0,1263 — 0,1740 percentage points.
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5.4.2 Findings related to R&D intensity’s effect on profit margin

The different R&D intensity lags are statistically significant at the 1% level, except for the 10-
year lag. Both before and after dropping certain outliers, a one unit increase in last year’s R&D
intensity leads to over a 1 percentage point decrease in the profit margin. Furthermore, the
R&D intensity level 3 years ago has a positive coefficient, indicating that there might be some
short-term profitability gains from earlier R&D efforts. The coefficient of the 5-year lag
suggests a small negative effect on the profit margin, implying that the spending can harm the

profit margin in the medium term.

6. Discussion

6.1 Key findings

In terms of return on assets, the panel data regression concluded, before the removal of outliers,
that several short- and long-term lags of R&D intensity displayed a statistically significant
negative effect towards ROA. This was documented in years 5, 9, 10, and 15, where the model
showcased a statistically significant negative effect towards return on assets in models 2, 3, 4,
and 6. Subsequently, after removing the outliers in the sample, the results changed as R&D
intensity that were lagged up to 8 years showcased a positive and somewhat weak significant
level of 10%. Moreover, the 9-year lag remained negative and significant at the 5% level, but
with the 14-year lag becoming positive and significant at the 5% level. The findings from the
models indicate that the link between R&D and return on asset is sensitive to the exclusion of

extreme outliers.

Relating to return on equity, the results also differ quite a bit after the study excludes certain
decided upon outliers. With the original sample, the 1-year and 8-year R&D intensity lags are
the only statistically significant at a 10% level. Both showcase a rather large positive effect on
return on equity. After dropping certain outliers, several lags (3-, 5-, 8-, 10-, and 16-year)
become statistically significant at the 1-10% level. The short-term lags up to 8-year indicate a
positive relationship which later switches, indicating that R&D intensity levels in the long-term
have a negative effect. Furthermore, the partial F-test indicates that all intensity lags are jointly
significant, except in model 5. This suggests that the result is sensitive to the exclusion of the

most extreme outliers.

33



The profit margin regressions reveal a consistent pattern, both before and after removing the
outliers. R&D intensity has a significant negative effect in the one-year lag, reflecting the
immediate cost of investment. The 3-year lag shows a positive and significant effect,
suggesting that investments start generating returns. However, these benefits start to fade by
lag 5 where the effect becomes weak or non-significant. Removing outliers slightly reduces the
magnitude of effects but does not change the overall interpretation, confirming that the result

is almost unchanged even after removing outliers.

The purpose of this study was to investigate whether increased R&D intensity leads to higher
profitability for U.S. technology firms in the short- and long-term. Taking the results from the
analysis on all performance metrics together, the findings suggest that the result is sensitive
towards the most extreme outliers which were excluded. After exclusion, the findings indicate
no clear consensus effect towards profitability metrics. The analysis conducted on profit margin
supports hypothesis 1 with an overall short-term negative effect, while return on equity
suggests a positive short-term effect contradicting the first hypothesis. Return on assets had
mixed results relating to the short-term effects with some contradictory results. With this, there
is not sufficient support to accept hypothesis 1 and the short-term effect showcases complex
dynamics with no definitive conclusion. A similar case was to be found in terms of hypothesis
2 with some mixed results. However, taking all findings into consideration, the results indicate

a negative long-term effect which rejects hypothesis 2.

In terms of the research question “Does a higher R&D intensity translate into higher
profitability for U.S technology firms in the short and long term?”, the results indicates that a
higher ratio of R&D intensity has unclear effects on short-term profitability while long-term
effects lean toward negative outcomes. The findings highlight the uncertainty and complexity
where financial payoffs are not guaranteed nor clear in high-velocity industries such as the U.S.
technology sector. This is in line with Slater’s (1993) description of high-velocity markets
which are characterized as having high uncertainty and high risk with fierce and changing

competition.
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6.2 Comparison to theoretical framework and previous literature

The Schumpeterian theory of innovation and growth models suggests that sustained R&D
intensity should lead to increased growth and profitability over time through the creation of
new products and processes that replace old ones. The findings contradict these predictions of
long-term profitability gains. As mentioned earlier, the results are somewhat mixed but lean
towards a negative long-term effect. This contradiction can have occurred due to several
reasons. To start off, the Schumpeterian growth models are not specifically focused on high-
velocity markets, such as the one studied here, but rather a general theory regarding innovation
and R&D efforts. Therefore, the predictions can still be true relating to other industries or on
average, but the findings in this study suggest that the relationship can be more complex. High-
velocity markets which are highly competitive with short-lived competitive advantages may
therefore not enjoy clear profitability benefits from these investments but rather have them act

as a cost to stay competitive and avoid obsolescence.

The dynamic capabilities view argues that it is not innovation inputs alone (like R&D spending)
that drive performance, but the firm's ability to integrate, build, and reconfigure resources and
competences to capitalize on innovation. In dynamic, high-speed markets, firms need strong
managerial and organizational capabilities to turn R&D outcomes into efficient operations and
profitable products. If a firm lacks these dynamic capabilities, even substantial R&D
investments may not translate to improved profitability in the short or long term. Moreover,
firms in high-velocity markets take small losses in the short-term to gain knowledge and
feedback from consumers. While the theory suggests small losses in the short-term, the indings
show that the effects are unclear where there are both gains and losses, depending on the
financial metrics and time frame. This uncertainty matches the theory's description of high-
velocity market where competitive advantages and gains from R&D are unclear in the short

term.

As mentioned earlier Kruglov and Shaw (2024) approached the R&D performance relationship
from the opposite direction of this study, using R&D intensity as the dependent variable to
investigate how firm characteristics such as size, capital structure and profitability influence
innovation investment. Their findings suggest that well capitalized and profitable firms tend to
invest more in R&D, but that very large firms may exhibit lower R&D intensity relative to
revenue indicating potential diminishing innovation commitment at scale. In contrast, this

study examines how R&D intensity affects firm profitability. The findings do no contradict
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Kruglov and Shaw’s but rather complement them by highlighting the uncertain payoff of R&D
investments in high-velocity markets where firms that invest heavily in innovation may not see
improvements in their financial performance. The sensitivity of the results to certain outliers
underscores the firm specific nature of the R&D profitability link. While Kruglov and Shaw
demonstrate that firm characteristics can influence R&D behavior, this study shows that R&D
spending itself does not reliably drive profitability, especially over longer time horizons which

exhibited negative effects.

Chen et al. (2025) examine R&D spending in Chinese tech firms and find that while innovation
output can enhance profitability, excessively high R&D intensity leads to diminishing returns
and less profits. This study echoes their outcome with mixed and inconsistent short-term effects
on profitability while most long-term effects are negative, showcasing the complexity of the
relationship. Both studies suggest that higher R&D spending does not always translate into
financial gains, reinforcing that the returns on innovation investments can be limited and highly

context dependent.

Weber and Srivastava (2024) found that R&D intensity had a positive effect on profitability
with regional differences between Asia and Europe. This study contradicts their results which
could further emphasizes their findings regarding regional differences as this study has a U.S.
based sample. The regional and industry characteristics that follow may be an explanation as

to why there are differences in the effects of R&D intensity on overall firm profitability.

6.3 Limitations and suggestions for future research

While the study contributes with valuable insights into the relationship between R&D intensity
and profitability in U.S. technology firms, there are several areas for improvement that could
enhance the robustness, depth, and generalizability of the result. To start off, the study executes
the analysis through a fixed-effects panel regression with a focus on ROA, ROE and profit
margin. While the method is effective and suitable for controlling unobserved firm-specific
heterogeneity, the explanatory power is limited reflected by relatively low R squared values.
An improvement could therefore aim to implement more advanced econometric techniques
such as dynamic panel models such as generalized method of moments which could possibly
improve the models and better account for endogeneity. Moreover, the sample includes most
outliers even though they can be extreme. This was done to capture the full dynamics of the
population by not creating an artificial range which excludes characteristics that are common

phenomenon. Some outliers were excluded as they either occurred due to errors or were too
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extreme so that there was a need to report results both before and after dropping these. Future
research could take another approach towards outliers, excluding some observations that the

study includes to try and see if the results differ when focusing more on the average firm.

Furthermore, the study uses lagged R&D intensity variables to explore both short-term and
long-term effects. The selection of these time lags was constrained by multicollinearity
concerns, and future research could apply different lags or explore interaction variables. A
recession dummy was included to control for economic downturns, but other external factors
such as regulatory changes or technological breakthroughs could be included in future research
to improve the models and analysis. The use of only one industry is justified by the aim and
purpose of the study, but this limits the generalizability of the findings. Comparing the tech
sector to other R&D-intensive industries such as pharmaceuticals could provide a deeper
understanding as to whether the observed relationship is sector-specific or reflects a broader
pattern. Adding to this point, future research could deepen the analysis by adding control
variables for sub-sectors, revealing if there is a difference between, for example,
telecommunication, cyber security, software, and others. R&D spending is also subject to
policies relating to innovation and patents which could be included in future research as it

might affect how much companies focus on R&D expenditures.

An additional consideration concerns the exclusive use of Stata as the statistical software for
data processing and regression analysis. Stata was selected due to familiarity and relevant
capabilities; however, solely relying on this software limits the opportunity to apply more
advanced and customized techniques. Future research could therefore benefit by using other
software such as python, R, or a combination to apply more advanced techniques and cross-
check results. Lastly, the study is limited to publicly traded firms listed on the Nasdaq stock
exchange which excludes private firms which could potentially contribute to the analysis by

including a broader set of firms which may exhibit other dynamics.

6.4 Implications for managers, investors and policy makers

The findings in this study suggests that investors in U.S. technology firms should be cautious
when evaluating companies R&D efforts. While a high R&D intensity may indicate a strong
focus on innovation and potential benefits thereof, this study indicates that this focus does not
reliably translate to profitability. A deeper understanding of strategic alignment and firm
characteristics is therefore needed to complement the company’s focus on R&D and if it can

be expected to increase profitability over time, as the returns on these investments are
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uncertain. Moreover, the results have implications for managers operating in high-velocity
markets. The findings indicate that R&D investments may be seen more as a cost for sustained
competitiveness rather than a driver of improved profitability. This is due to the characteristics
of high-velocity markets with short-lived competitive advantages and frequent disruptions.
Lastly, given the uncertainty and possibly negative effect on profitability, which may reduce
firms incentives to focus on R&D, policy makers should be encouraged to support innovation
efforts. This could be done through the implementation of tax credits or subsidies for firms

who are prioritizing R&D.

7. Conclusion

This research paper’s goal was to investigate whether a higher R&D intensity directly translates
into an increase in profitability among U.S. technology firms. The methodology was conducted
through applying a fixed effects regression analysis on a panel data set from the years 1989-
2019. Moreover, the general findings established a complex and conflicting relationship
between R&D intensity and profitability that were mixed for the various financial metrics. For
example, R&D lags that were introduced for return on assets showcased several significant
negative effects before the removal of the extreme outliers. After the removal of the outliers,
the findings were concluded to be mixed, contradicting the previous claim. Furthermore, return
on equity did not showcase a statistically significant relationship in terms of R&D before the
removal of extreme outliers, but later on suggested declining profitability in the long term.
Lastly, in regard to profit margin, the study revealed both short-term positive and negative
effects from R&D intensity, showcasing complex dynamics where the negative effects were
dominant. The ROA and ROE models were particularly sensitive towards the exclusion of

extreme outliers, while the result related to profit margin remained largely the same.

In relation to the research question: Does a higher R&D intensity translate into a higher
profitability for U.S. technology firms in the short and long term? The short-term profitability
effects are unclear, with mixed results which were sensitive to the outlier treatment. This
highlights the firm-specific nature of R&D outcomes, which can be highly dependent on the
industry and the firm that is performing it. In the longer term, the evidence suggests negative
effects, particularly relating to ROA and ROE. While R&D remains important to stay
competitive, the study indicates that it does not consistently lead to increased profitability. This

result highlights the need for investors and managers to take a cautious approach in the
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interpretation and evaluation of the investments, while policy makers focused on innovation
should offer support. This study provides a deeper understanding into the relationship between
R&D intensity and firm profitability in a high-velocity industry. The results indicate that the
financial gains from these investments are not guaranteed and might even be negative in the

long term, which indicates that it is more of a necessary cost to stay competitive.
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Appendix

The outliers that were dropped are presented below:

Outliers Name year reason
1|Light & Wonder INC 2014lerror
2|Microvision INC 2015|error
3|Egain Corp 1998extreme
4|Great Elm Group Inc 2013|extreme
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