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Abstract  

The willingness to invest in research and development expenditures rapidly increases for the 

pharmaceutical industry, where the focus differs significantly compared to previous decades. As 

the technology becomes more advanced, the corporations tailor their efforts to build competitive 

advantages.  

Thus, the purpose of this thesis is to explore if research and development nurtures the stock prices 

of pharmaceutical corporations. We explore relevant research and development constructs 

influencing excess return settings based on observed market tendencies. This includes assessing 

the different effects between market capitalization over revenue, as well as testing if long- and 

short-term lags result in different outcomes for performance. The nuance and nature of such 

estimations are reflected upon in a profound manner. Though stock prices may be fostered through 

research and development in many different aspects for many different corporations, this thesis is 

limited to the scope of the American pharmaceutical market. 

In order to answer our research question, ordinary least square and mathematical measures of 

financial ratios have been conducted. The latter developed by the renowned William Sharpe and 

Jack Treynor, are followed by the Capital asset pricing model, the Fama-French Three-factor 

model and the Fama-French-R&D Four-factor model. Our constructed theoretical framework is 

based on literature to guide the study.  

The study concludes that research and development cannot be seen as a factor that generates 

significantly different excess return compared to the market. However, there are findings that 

support a relationship for individual firms.  
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1. Introduction  1 

1. Introduction  

1.1 Actuality of the paper 

As technology becomes more advanced, the opportunity for patented solutions and blue oceans 

grow for the pharmaceutical industry. For those who engage, such investments can generate high 

profit recompenses.  

In light of the outbreak of the world pandemic caused by SARS-CoV-2, the pharmaceutical 

industry has gained a prominent surge in media publicity and attention, making the market more 

lucrative than ever before. Pharmaceutical corporations live off of designing solutions for people 

with illnesses, making research and development investments an area of potential wealth and 

power. The absolute gain of such investments, however, is a profitable subject matter worth 

exploring. We therefore ask; how do the pharmaceutical firms outclass each other? Do the firms 

that are betting heavily on research and development investments gain larger advantages than the 

ones who do not? If so, when do we observe these advantages -  are there differences between 

short-term and long-term gains?  

1.2 Research Paper 

The main objective of this paper is to provide further information on the above mentioned subject. 

A research paper posted by International Journal of Business and Social Science, proved that for 

a one-unit increase in research and development expenditure, the gross profit increases by 10,19 

units (Bhatt & Rajaram, 2014). According to this research, managing research and development 

for a business the correct way will gain you largely. In addition, pharmaceutical sales revenues in 

the United States have accounted for approximately half of the global total revenue in recent years. 

Five of the leading pharmaceutical companies worldwide were from the U.S. based on numbers 

from 2019. Pfizer is the leading company not only in the U.S. but also worldwide based on global 

pharma revenue, with Johnson & Johnson as a close second. The U.S. pharmaceutical industry has 

come a long way over the past few decades due to a greater focus on research and development 

(R&D), where on average, pharmaceutical companies spend about 20% of their total revenues on 

R&D (Mikulic, 2020). The U.S. market is historically well documented, making it easier to 
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investigate the R&D effects compared to markets where the pharmaceutical firms in general are 

young. Based on this, we constrain our thesis to investigating the U.S. market. 

1.3 Motivation 

COVID-19 has accounted for large parts of the media attention this past year, consequently the 

financial fragment of the pharmaceutical industry has been receiving great attention. Prior to the 

outbreak of the global pandemic, our interpretation of the pharmaceutical industry was based on 

consisting of billion dollar businesses. A stable and capital intensive industry generating high 

profits, caused a curiosity and an outgrowth of the idea of wanting to investigate if R&D could be 

an explanation for the corporations’ high valued profits. It is from here our motivation behind the 

scope of the thesis stems from, as we find it fascinating to study if such high-cost expenditures 

actually would return a corresponding effect. 

We sought to investigate an original side of the financial world. In addition to the pandemic aspect, 

investing in pharmaceutical companies has been trending for the past couple of years. We have 

observed large profiled investors invest heavily in pharma as the immunotherapy treatment has 

entered the spotlight, and found examining a trending financial area alluring. 

In the end, these firms make money on creating and designing medical solutions for people, 

making it both natural, as well as logical to believe that R&D harvests advantages for those who 

invest. However the question is; how big are the advantages after the cost aspect is considered? 
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1.4 Research question 

The above-mentioned discussion leads us to the following research question: 

“How do research and development affect stock prices in the U.S. pharmaceutical industry?” 

To develop a suitable path for our research question, answering a group of sub-questions will 

emphasize crucial aspects regarding the topic of how research and development affect risk-

adjusted returns. It is important to underline that this thesis primarily evaluates stock prices by 

looking at the risk-adjusted return. While the absolute returns will be considered, the weighting 

will rely on the risk-adjusted return. In the following, we present our sub-questions: 

“How important are R&D investments in the pharmaceutical industry compared to other 

industries?” 

”Have pharmaceutical stocks performed better than the market?” 

”Is there a relationship between stock performance and R&D activity in the pharmaceutical 

industry?” 

1.5 Delimitations 

Earlier we stated the research question and the goal of this paper, in this section we will present 

the most critical delimitations of the research we conduct and make it clear what questions this 

paper aims to find the answer to, and what it does not seek the answer to. 

This thesis uses stock data from the time period from 2011 to 2020, and thus the findings in this 

paper cannot be generalized to, and used in, other time periods outside of this range. The reasoning 

behind the choice of this time period is split: First we wanted to examine the time period that is 

most relevant at the time of writing this thesis, and we see the most recent decade as the most 

relevant for finding the answer to our research question. Second, we believe that ten years’ worth 

of data is a minimum to have the opportunity to see significant results. Lastly, we avoid stock data 

from the 2007-2008 financial crisis, and examine a time period that has been characterized by 
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recovery and expansion in the U.S. economy. The exception being 2020, with the implications of 

COVID-19, which we discuss further in Chapter 7.5 of this thesis. 

In this thesis we analyze and adapt historical stock returns of a few large companies in the 

pharmaceutical market, and thus the findings of this thesis cannot be used to determine future 

stock returns of the companies included in this thesis or other, similar companies. Pharmaceutical 

companies may differ largely from companies in other industries in important measures such as 

capital structure, and it is therefore difficult to generalize to other industries. 

In addition, we limit our analysis to companies on the American stock exchanges, New York Stock 

Exchange (NYSE) and Nasdaq. We do this to limit the extent of our research, and have chosen 

U.S. listed firms because of availability of data and because the U.S. pharmaceutical industry is 

one of the most prominent in the world. Further, the differences in accounting principles between 

countries could have made it difficult to compare the effects of R&D across borders by including 

different countries.  

Moreover, in this analysis we treat research and development expenses as a single entity, and while 

we acknowledge that this is far from the reality, we find that it is not productive for us to focus on 

distinguishing between different types of R&D expenses and investments in our analysis. 

Finally, we acknowledge that the pharmaceutical industry is under constant criticism, and the term 

“big pharma” has been used in recent years to describe the perceived cynicism of the large 

pharmaceutical companies, and according to Novella (2010) the term tries to demonize the 

pharmaceutical industry. We have decided not to include the eventual implications of this 

phenomenon in our analysis, since we believe it to not be important in our goal to answer the 

research question of this thesis. In addition, with our limited time, we found such an analysis to 

be too time consuming to conduct. 
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1.6 Research Design 

In this thesis we have used the framework presented by (Fama & French, 1992), along with the 

capital asset pricing model (CAPM), to run regressions on ten of the largest publicly listed 

pharmaceutical firms on the New York Stock Exchange (NYSE) and Nasdaq. Additionally, we 

have compiled several R&D factors from historical accounting data, using the measure of R&D 

intensity as a percentage of market capitalization and total revenue, to create eight different multi-

factor regression models. Subsequently, we used the results of the four-factor regressions to see if 

there is a relationship between the excess returns of the stocks and the R&D intensity measures 

compiled. The theory behind the OLS regression models along with the Fama-French three-factor 

model is explained in detail in Chapter 4 Research Method. The selection of the data sample, along 

with detailed explanation of the different regression factors used, are presented in Chapter 5 Data.   

1.7 Contribution to previous research 

In this thesis we have made some important discoveries that contribute to research on the subject. 

The most important conclusion is that we see no apparent effect of changes in R&D intensity on 

the performance of large pharmaceutical stocks on the NYSE and Nasdaq. Further, we see that 

when adding the R&D factors to our regression models, the explanatory power of our models do 

not change drastically, implying that the inclusion of R&D intensity as a value driver do not make 

a large impact on the companies’ excess returns. 

Moreover, we claim that there is no clear evidence that the R&D intensive stocks included in our 

data sample significantly outperform the market average in the sample period. This contradicts 

previous research that states that companies with high R&D intensity tend to perform better than 

companies with lower R&D intensity, thus also outperforming the market average (Chan et al., 

2001). 

Finally, we contribute to previous research by analyzing a new dataset in a different time-period 

and different industry. We believe that industry-specific research on the subject is scarce, and that 

the pharmaceutical industry is one of the most important industries to examine to understand the 

true effects R&D expenses have on the performance of stocks. 
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1.8 Structure of the paper 

This thesis consists of various chapters that helps us examine the research question, and study our 

findings on the subject in the best way possible. The following paragraphs provide a description 

of the chapters in this thesis. 

Chapter 1 establishes the research question we aim to answer, along with the introduction and 

motivation behind the thesis topic. Chapter 2 explains the U.S. pharmaceutical industry and 

provides relevant statistics on the topic, along with relevant theoretical framework behind the topic 

of R&D. Next, in Chapter 3, we present five of the most crucial previous studies that have laid the 

foundation for this thesis. These studies are also important in Chapter 7, where we discuss our 

findings and compare them to the findings of the previous studies on the subject.  

Chapter 4 presents the research method used in this thesis. The research method describes the 

methodology we have conducted in our analysis, along with the theories behind the performance 

measures, and regressions implemented in this thesis. Followingly, Chapter 5 presents the data 

sample we have used to conduct the research. Here we present what data we decided to examine, 

along with reasoning behind the choices. 

Furthermore, Chapter 6 presents the empirical results from the various analyses conducted in this 

paper. Here we present the results of the analyses and describe what the results mean, before we 

discuss the meaning of the results in Chapter 7. In Chapter 7 we discuss the meaning behind the 

results we present in Chapter 6, while also comparing the results to the studies presented in Chapter 

3. Furthermore, we describe possible limitations to this thesis and present our thoughts on further 

research on the subject. Chapter 7 is closed with a small part where we address COVID-19, and 

possible implications the pandemic could have on our results. 

Lastly, Chapter 8 is used to conclude on the findings and answer the research question. We also 

address the three sub-questions and conclude on what the findings say. Chapter 9 and 10 are used 

for references and appendix. 
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Figure 1: Overview of Thesis, Source: Own illustration 

 

2. Theoretical framework 

This chapter presents relevant theories for the research conducted in this thesis. The chapter starts 

by introducing theories on research and development, and continues with relevant statistics on the 

U.S. pharmaceutical industry, and the relationship between R&D and stock performance. Lastly, 

some important theories on stock performance are presented with the efficient market hypothesis 

and random walk. 

2.1 Research and Development (R&D)  

For the scope of this thesis, the term research and development needs to be investigated. 

(Cambridge Dictionary, n.d.) defines the term as ”a part of an organization that works to improve 

its existing products and develop new ones” Furthermore, (Hall et al., 2010) p. 1035) argue that 

“R&D expenditures may differ in type but their object is always to increase the stock of knowledge 

in order to find new applications and innovations.” Additionally, (global health technologies 

coalition (GHTC), n.d.) outlines research and development as:  

The translation of an idea or discovery into a product that addresses a health need. In global 

health, the end result should be a safe and effective product that is appropriate, affordable, 

acceptable, and accessible to those who need it most. 
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From the definitions described above, we define research and development as the means to 

improve and develop products in a manner such that the long-term performance of an organization 

is to be maximized. In this we include the managerial decision as to whether or not to invest in a 

selection of projects, and the amount of generated profits to reinvest.  

R&D is also treated differently by the International Financial Reporting Standards (IFRS) and US 

Generally Accepted Accounting Principles (GAAP).  

Under US GAAP, R&D costs are expensed as incurred. (...) Under IFRS, research costs 

are expensed like US GAAP. However, unlike US GAAP, IFRS has broad-based guidance 

that requires companies to capitalize development expenditures, including internal costs, 

when certain criteria are met (Bogle, n.d.). 

This means that whether the cost is treated as a capitalized cost or an expensed cost, the income 

statement will differ. When capitalizing, indicating a determination of the cost to be a capital 

expenditure and accounted for on the balance sheet as an asset, only the depreciation shows up on 

the income statement. While expensing the cost designates an inclusion on the income statement 

and subtracted from revenue to determine profit, thus functioning as a tax shield. (Business 

Literacy Institute, n.d.) 

Furthermore, because of the intangible assets that are not reported under GAAP, due to expensing 

of R&D costs, it would imply a negatively impacted reported financial performance if the R&D 

activity is large. In other words, R&D activity has a negative impact on the reported financial 

performance of a firm under GAAP. Since we are studying the listings on the NYSE, the firms we 

are investigating are reported under US GAAP.  

Following this, (Lev et al., 2005) explains that R&D expensing relative to capitalizing can be both 

aggressive and conservative. “Conservative expensing results in understated earnings and growth 

due to directly expensing of growing R&D expenditures, whereas aggressive expensing results in 

overstated earnings and growth due to expensing of shrinking R&D expenditures.” (Lev et al., 

2005, as cited in (Gosen, 2020), p. 3) Hence, stocks of aggressively reporting firms will appear to 

be overvalued and stocks of conservatively reporting firms will appear to be undervalued, and 

hereby affect investor behavior based on the biases. The firms we sampled from the NYSE are all 
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exercising GAAP. This means that there is no difference in investor valuation for our stock based 

on financial reporting principles. 

2.2 U.S. Pharmaceutical industry 

The U.S. pharmaceutical industry is the largest pharmaceutical market in the world, and the market 

accounted for 48% of the global pharmaceutical market sales in 2020 (Statista, 2020a). In addition, 

the U.S. market generated roughly 45% of the total world market revenue for pharmaceutical 

supplies, beating China at 8,5%. The U.S. market is by far the largest, and subsequently the largest 

pharmaceutical companies in the world are also predominantly from the U.S. According to 

(Pharmaceutical Technology, 2020) four of the ten largest pharmaceutical companies in the world 

in 2020, by total revenue, are headquartered in the U.S. Johnson & Johnson and Pfizer took the 

two top spots, respectively, while Merck & co. was the fifth largest and AbbVie was placed on the 

eighth spot. 

The pharmaceutical industry is a growing industry, and in the light of the recent COVID-19-

pandemic the growth does not seem to stop. According to (Statista, 2020a) the worldwide sales 

has had an increase of 37% since 2010, increasing from 780 billion USD in 2010 to 1070 billion 

USD in 2020. In addition to this, the U.S. market has contributed a lot to this increase, going from 

315 billion USD in 2010 to 514 billion USD in 2020, an increase of 63%.  

2.3 R&D intensity in the Pharmaceutical industry 

Research and development is an important part of the pharmaceutical industry, and studies show 

that the pharmaceutical industry is one of the most R&D intensive industries in the world. 

According to (Statista, 2020c) the worldwide R&D expenditures of the pharmaceutical sector 

reached 186 billion USD in 2019, up from 136 billion USD in 2012, and the expenditure is 

expected to reach above 230 billion USD by 2026. The understanding of the  R&D intensity level 

in the pharmaceutical is further strengthened when we look at R&D expenditures relative to 

number of employees, compared to other U.S. industries: 
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Figure 2: Average annual R&D expenditure per employee 2003-2017, in USD.  
Source: (Statista, 2020b) 

 

As displayed in Figure 1, the average annual R&D spending per employee between 2003 and 2017 

was over 195 thousand USD, which was almost double that of the second most R&D intensive 

sector, communications equipment, with 105 thousand USD per employee. In addition, it is stated 

that pharmaceuticals were the third most R&D intensive industry in the OECD countries in 2016 

(Statista, 2020b). Calculated as a percentage of gross value added, the pharmaceutical R&D 

expenditures made up 11,63% of the value added, only beaten by Electronic and optical products, 

and Air and spacecraft. 

Further, we see that the number of R&D pipelines in the pharmaceutical industry has increased 

drastically over the recent years. In 2010 the number of pharmaceutical companies worldwide with 

active R&D pipelines was just over 2200, while it is estimated that it was over 4800 by the end of 

2020 (Statista, 2020b). This indicates that the incentive, and will, to invest in R&D is increasing. 

However, R&D is far from the only large expenditure the pharmaceutical industry has. According 

to a study conducted by (York University, 2008). “pharmaceutical companies spend almost twice 

as much on advertising their product as they do on research and development.” Further, they 

explain “The U.S. pharmaceutical industry spent 24.4% of the sales dollar in 2004 on promotion, 

versus 13.4% for research and development, as a percentage of US domestic sales of US $235.4 

billion.” And (Droesch, 2020) states that “In 2020, spending on digital advertising in the healthcare 
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and pharma industry will grow by 14.2% to reach $9.53 billion, making it the fastest-growing 

industry after computing products and consumer electronics.” This points towards the trend that 

advertising their product is just as important for the pharmaceutical industry as R&D. 

2.4 Relationship between R&D and Stock returns 

The relationship between R&D investments and stock performance have been thoroughly 

investigated in previous studies, and there seems to be a consensus that R&D expenditures are 

expected to produce future benefits for the corporation (e.g. (Sougiannis, 1994);  (Toivanen et al., 

2002); (Pindado et al., 2010)). Other scientific research claims to have found a positive relation 

between the market value of a firm and the announcement of new R&D projects ((Chan et al., 

2001); (Eberhart et al., 2004)). 

Further there is also consistent literature concerning the effect R&D has on stock returns. The 

general idea of this research has been whether current share prices fully reflect the value of R&D 

investments and their future benefits. (Lev & Sougiannis, 1996) claim to have found that:  

The estimated R&D capital does not appear to be fully reflected contemporaneously in 

stock prices … This suggests either a systematic mispricing of the shares of R&D-intensive 

firms, … or that the subsequent excess returns are compensating for an extra-market risk 

factor associated with R&D (p.28). 

The study did however conclude that there was a significant relationship between R&D 

expenditures and future stock returns. Moreover, Chan et al. (2001) claims that firms with a high 

intensity of R&D tend to generate abnormal returns over the next three years. This conclusion is 

similarly supported by (Al-Horani et al., 2003)  

Other research papers have concentrated on finding out whether the abnormal returns are results 

of mispricing due to accounting treatment of R&D, or a higher risk due to the R&D project risks. 

There seem to be no consistent agreement on what the main factor is, (Penman & Zhang, 2002) 

claim to have found evidence that the main source of the abnormal returns is the accounting 

treatment of R&D, while (Chambers et al., 2002) show other evidence: “the positive association 
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between excess returns and R&D investment levels reported in previous studies is more likely to 

result from failure to control adequately for risk than from accounting-induced mispricing” (p. 

262).  

2.6 Efficient Market Hypothesis (EMH) and Random Walk 

The Efficient Market Hypothesis (EMH) states that in an efficient market the stock prices reflect 

all information, and subsequently that persistently beating the market is impossible. EMH was 

first formalized by (Fama, 1970) and is presented in three forms: weak, semi-strong and strong 

form. (Munk, 2018) describes the three forms of EMH like this: 

1. Weak-form efficiency: prices reflect all historical information including prices, trading 

volume, and other trading information; 

2. Semi-strong-form efficiency: prices reflect all publicly available information; 

3. Strong-form efficiency: prices reflect all relevant information even non-public, private or 

insider information. 

This means that if the strong form of the efficient market hypothesis holds, the share prices would, 

according to Fama (1970), reflect the real value of a company. This includes the costs, and 

potential future revenues, of R&D investments. However, this does not necessarily hold if only 

the weak, or semi-strong, efficient market hypothesis holds. This is because most R&D projects 

are held confidential in fear of competition for patents and inventions.  

Closely related to the EMH is the random walk hypothesis, which is a theory that claims that stock 

price changes are random and unpredictable (Munk 2018). The theory further claims that trends 

and historical prices cannot be used to predict future stock prices. The renowned economist Paul 

A. Samuelson claimed to have proven this theory in 1965 (Samuelson, 1973). Samuelson believed 

that information efficiency implied the random walk hypothesis, this has been disproved as an 

incorrect conclusion later on. Munk (2018) explains: “The strict random walk hypothesis is too 

strong simply because assets generally have positive expected returns and thus a price increase is 

more likely than a price decrease.” (p. 373)  
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Under the assumption of the strong EMH there is a high likelihood of a positive correlation 

between R&D expenditures and future stock returns, given that R&D is assumed to often return a 

positive cash flow. However Chan et al. (2001) claims that “Although it is commonly thought that 

firms doing R&D, such as technology companies, provide superior stock price performance, the 

raw return of firms that carry out R&D is on average no different from those of firms without 

R&D”. (p. 2439) 

3. Literature Review 

In this chapter we present a number of previous research papers on the relationship between R&D 

expenditures and stock performance. These papers have been instrumental for the analysis of this 

thesis. We describe the methodology used in the studies and explain the reasoning behind choosing 

these studies. Lastly, we criticize the weaknesses and limitations of the papers. 

3.1 Sougiannis (1994) 

Sougiannis (1994) is an early examination of the long-term effects of R&D benefits, and thus has 

relevant contributions to this thesis. The paper also takes the tax-shield benefits of the accounting 

principles of R&D expense into consideration. This is an often unconsidered effect of how R&D 

expenses are treated in GAAP. In addition, this could be considered as an incentive for companies 

to spend resources on R&D. 

Sougiannis (1994) tries to examine “The Accounting Based Valuation of Corporate R&D”. The 

study uses the groundwork of earlier studies such as (Grabowski & Mueller, 1978) and 

(Ravenscraft & Scherer, 1982) to investigate how the R&D part of the intangible assets are valued 

in the accounting principles. This study also takes into consideration that R&D expenses function 

as a tax shield, leading to an added incentive to invest in R&D projects. Therefore, the R&D tax 

shield effect also has to be relevant for the valuation of a company. 

 

This study seeks to determine the productivity of corporate R&D by examining its long-

run impact on accounting earnings and the market value of equity. The research focuses 
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on how to extract realized R&D benefits from reported earnings and how to use those 

benefits in determining the investment value of R&D. (Sougiannis, 1994, p. 65) 

Using cross-sectional data, the paper implements two different models to determine the impact 

R&D investments have on earnings and market value of different firms. The data is conducted 

from large U.S. firms who are all engaged in R&D activities. The models estimate both the direct 

and indirect effect a one-dollar change in R&D expense has on earnings and market value. Further, 

these parameters are estimated for each year over an 11-year-period from 1975 to 1985. 

Sougiannis (1994) finds that on average, a one-dollar increase in R&D investments leads to a two-

dollar increase in profit, and five-dollar increase in market value, over a seven-year period. The 

R&D effect on the market value consists of two effects, the direct and the indirect effect. “The 

indirect effect is the capitalized value of realized R&D benefits reflected in the earnings and 

expected to persist in the future” (Sougiannis 1994, p. 66). The indirect effect is found to be greater 

than the direct effect, which could mean that the R&D expenses need to have a positive effect on 

the earnings for it to have a significant effect on the market value of a company. Further it is 

concluded that the tax shields from R&D are valued as earnings. 

Sougiannis’ (1994) angle of approach is interesting because the paper investigates a clear and 

specific effect in the market. However, while the data set includes only large U.S. companies, 

other parameters such as size of company are not considered in the model. It can be argued that 

such parameters are less important in a model that has a goal to establish what effect an increase 

(or decrease) in R&D investment has on the valuation of a firm. Although, it is reasonable to 

assume that the effect may be different for different types of companies. The same can be said in 

regards to industry-specific effects. Sougiannis (1984) states that the data used in the article 

includes “A sample of large U.S. corporations engaged in R&D” (p. 65). It is, however, not 

mentioned to what extent they are engaged in R&D. It may be reasonable to assume that the model 

acts differently for companies with high R&D-intensity and those with low intensity. 
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3.2 Chan et al. (2001) 

We use Chan et al. (2001) in the groundwork for this thesis because it is a thorough analysis of 

the effects of R&D on stock performance measured as R&D intensity. The paper forms portfolios 

of stocks on the NYSE, Nasdaq and AMEX, and ranks them in categories of high and low intensive 

R&D stocks. Further, they measure the performance of the stocks in the portfolios, and conclude 

that on average high-intensive categories perform better than low-intensive stocks in the time 

period. 

Chan et al. (2001) investigates whether the stock market fully reflects the intangible assets of a 

firm, more specifically research and development expenditures. They have used all U.S. domestic 

firms listed on New York Stock Exchange (NYSE), Nasdaq and AMEX, and categorized the 

various companies by intensity level of R&D expenditures. The data is from selected fiscal years 

from 1975 to 1995. The classifications are given from a range of one to five, where the companies 

with the highest R&D intensity are categorized in the “five” portfolio, and the lowest in the “one” 

portfolio. The companies with no R&D expenses are categorized as a separate portfolio. Chan et 

al. (2001) categorizes R&D intensity in two different ways, first they look at R&D expenditure 

relative to sales, then relative to equity market value (market capitalization). Further, the portfolios 

are formed in April each year, based on release of company fiscal year results. 

As a measure of performance, Chan et al. (2001) look at three different measures for the six 

different portfolios. First they look at the annual buy-and-hold return for the five years prior to the 

portfolio formation, the returns of year one, two and three after portfolio formation, and the annual 

return over the three-year period. Second they investigate the excess returns of the portfolios 

compared to the equally weighted returns of a control portfolio of stocks with the same firm sizes 

and book-to-market for each of the three years post portfolio formation, and annually over the 

three-year period. Lastly they measure the excess returns of the portfolios measured against a 

control portfolio that matches an adjusted book equity (book equity plus the value of R&D capital). 

These measures are conducted both for R&D expenditures relative to sales and R&D expenditures 

relative to Equity market value. 

As a result Chan et al. (2001) finds that when defining R&D intensity as a percentage of sales, 

they find that most stocks with a high R&D-to-sales ratio often are classified as “glamour stocks'' 
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(stocks who are popular amongst investors), who tend to historically have earned low returns. The 

tendency seems to be that among these “glamour stocks”, the stocks with the highest R&D 

intensity slightly outperform the others. Further, looking at R&D intensity as a percentage of 

Equity market value, the study finds that R&D intensive firms tend to generate higher returns 

when put up against both of the control portfolios in the study. However, in the extension they 

conclude that “Any mispricing of R&D stocks is more likely to be associated with firms with poor 

past performance” (Chan et al, p. 2448). 

In the study, Chan et al. (2001) distinguish the dataset only in portfolios categorized by R&D 

intensity, and no other factors. As they state themselves in the study, R&D expenses include 

different things depending on what type of companies we examine. Further, they state an important 

difference between the two biggest spending industries in the dataset: “Arguably, our assumption 

of a five-year life for R&D expenditures may be too long, given the short product cycles in the 

software industry. In the drugs and pharmaceuticals industry on the other hand, five years may not 

be long enough” (Chan et al., p. 2437). 

We believe Chan et al. (2001) uses a good approach to identify the overall differences between 

low-intensity firms and high-intensity firms in the U.S. stock market. The study draws interesting 

and relevant conclusions regarding the effects R&D expenditures has on the performance of 

stocks. It also distinguishes between different measures of R&D intensity, both as a percentage of 

equity market value and sales revenue. However, eventual spurious relationships in the findings 

should be considered. 

3.3 Eberhart et al. (2004) 

(Eberhart et al., 2004) is an instrumental paper for the analysis in this thesis because they 

investigate the issue of slow interpretation of unexpected large increases in R&D expenses. The 

paper concludes that a mispricing occurs in the market following an unexpected increase in R&D 

expense, and that sudden and large increases in R&D investments may be a better value driver 

than having high R&D intensity continuously. 

Eberhart et al. (2004) aim to examine the issue of mispricing due to slow incorporation of public 

information in the stock market. The paper does so by investigating long-term performance of 
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firms following an unexpected increase in R&D expenses. This paper differs from others in that it 

focuses on R&D increases, in contrast to R&D-intensity, which in many prospects are managerial 

decisions. In addition, an increase in R&D-expense is almost never publicly announced, in contrast 

to stock repurchase. This adds to the assumptions that the public might underestimate the value of 

an increase in R&D-investments. Lastly, Eberhart et al. (2004) differentiates R&D-investments 

from other investments such as plant, property and equipment (PP&E): “For example, the cost of 

an R&D increase is more clearly tangible because it is expensed, in contrast to the capitalization 

that occurs when plant, property, and equipment is increased.” (p. 634). 

To investigate a possible mispricing in the market, the article forms a sample of over 8000 

occurrences where firms unexpectedly increase their R&D expenditures by a significant amount, 

in the sample period from 1951 to 2001. Further, Eberhart et al. (2004) examines the long-term 

performance of the firms following the R&D increases. The article finds that the shareholders 

experience significant abnormal returns on the backhand of an unexpected increase in R&D 

investing. Further, it finds that the firms also experience a significant positive abnormal operating 

performance following an unexpected increase, and that “the market is slow to recognize the full 

extent of this benefit.” (Eberhart et al. 2004, p. 625). 

Eberhart et al. (2004) uses the Fama-French three-factor model, and the Carhart four-factor model, 

to find the returns of the firms in the data sample following a reported R&D-increase. They 

separate the data sample into four categories of firms: high-tech, low-tech, high-growth and low-

growth, and find that all four categories benefit from R&D-increases. The findings also suggest 

that the market is especially slow to recognize the greater benefit of the high-tech group of firms. 

The article excludes all firms with a lower R&D intensity of 5%, measured as a percentage of 

assets and sales. Subsequently, it defines an economically significant R&D increase as a firm both 

increasing their dollar-spending on R&D by 5% and their R&D to assets ratio by 5%. Further, 

they separate the sample between 1974-2001 from the rest, because the U.S. accounting treatment 

of R&D expenses were standardized in 1974. 

In contrast to other articles on the subject, Eberhart et al. (2004) investigates whether the market 

underestimates the benefits of an increase in R&D-investments, and thus not considering R&D-

intensity as a value-driver. Earlier studies (e.g. Chan et al. 2001) often consider R&D-intensity as 

a value driver, and try to find the effect of that value-driver. As a result, Eberhart et al. (2004) 
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finds that the effect of an (unexpected) increase in R&D expense might be more effective as a 

value driver than a steady, high level of R&D intensity. 

3.4 Li (2011) 

This paper is important for our research because (Li, 2011) uses a known framework from earlier 

studies, and takes financial constraints into consideration to investigate if financial constraints 

influence the effect R&D has on stock performance. The paper finds that the effect of R&D 

investments have a larger impact under strict financial constraints, which is important to consider 

when conducting further research on the subject. 

Li (2011) builds on the findings of Chan et al. (2001), using a comparable method of research to 

investigate the effects of R&D in a financially constrained environment. The paper emphasizes 

that R&D investments is a key factor for long-term economic growth, and that it has been largely 

overlooked compared to capital expenditures, despite its high importance. Further, Li (2011) states 

that the early estimation models on R&D has, rather naively, assumed that firms always are able 

to fund and refund their projects in capital markets ((J. B. Berk et al., 2004), as cited in Li, 2011). 

However, Li (2011) claims that firms in reality almost always operate in a financially constraining 

environment. 

The article uses the Fama-MacBeth cross-sectional regression to test a data-sample of R&D 

investing firms, involving several measurements of financial constraints. “Five proxies of financial 

constraints are used: the KZ index, the WW index, the SA index, age, and size measured by market 

capitalization” (Li 2011, p. 2975). Adding to this, the study uses six measurements of R&D 

intensity. The first five factors are R&D expenditures scaled against total assets, capital 

expenditure, sales, number of employees, and market equity, and the sixth factor is R&D capital 

scaled by total assets. Further, the paper double sorts the data using the five financial constraint 

proxies and the six R&D intensity measures. 

Li (2011) establishes a model which shows that firms with strict financial constraints have a higher 

risk premium, and that this has a positive correlation with the R&D intensity levels of firms. The 

results show that the model’s interactional between R&D intensity and financial constraint level 

overall is strongly positive and statistically significant. Further, Li (2011) questions whether this 
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tendency is exclusive to R&D intensive firms. As the article explains “Financial constraints affect 

R&D investment decisions more than capital investment decisions since R&D is much less 

flexible to adjustments”. It is further explained that strict financial constraints often lead to a 

suspension of R&D funding, which may lead to a larger effect on the risk premium than for capital 

expenditures. 

In contrast to some of the earlier studies on the subject (e.g. Chan et al. 2001, Sougiannis 1994), 

Li (2011) uses a cross-sectional, Fama-MacBeth regression to investigate the effect of R&D-

intensity and financial constraints, on R&D intensive firms in the U.S. stock market. The data used 

is monthly data from 1975 to 2007, with yearly R&D expense. The data sample excludes firms 

without R&D expenditures, and also observations with a negative real sales growth, “to reduce 

the confounding effect of financial distress.” (Li, 2011, p. 2986). 

In conclusion, Li (2011) provides a different perspective on the effects of R&D intensity by 

including the effects of financial constraints, and subsequently the interactional effects of the two. 

The findings support the theory that there is a robust relationship between financial constraints 

and returns, among R&D intensive firms. Further he finds that the positive relationship between 

R&D and return only exists among financially constrained firms. This, in turn, may mean that 

financial constraints are a large driver behind the believed positive R&D effect. 

3.5 Duqi et al. (2011) 

We find (Duqi et al., 2011) to be important to our framework of theory, because the paper uses a 

logarithmic Fama-French regression to investigate the impact of R&D intensity in companies in 

different European countries. The study is one of few studies on R&D effects that does not conduct 

their research on data from the U.S. The paper finds that the effect is more apparent in countries 

where R&D investments are more prominent. 

Duqi et al. (2011) uses the same theoretical framework as earlier studies on the topic of R&D an 

stock performance, and apply them on a sample of European listed firms. The paper underlines 

the fact that most of the research done on R&D effects on stock performance have been conducted 

on U.S. listed firms, and that there may be key differences due to the differences in accounting 

principles (IFRS vs. GAAP). Firms from thirteen different European countries are included in the 
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data sample. The study also takes into account the various differences between countries, e.g., 

grade of accounting disclosures and protection of minority shareholders. The general findings are 

that the market values R&D investments higher when high levels of legal protection is present.The 

market also values R&D higher in investor-friendly environments. 

The research paper uses a logarithmic model based on a model presented by Fama & French 

(1992), including factors for market capitalization, book-to-market ratio, and financial leverage, 

as well as R&D intensity, to the cross-sectional regression model. The model is similar to the 

model used by Chan et al. (2001), and looks like this: 

 

 𝑅𝑖,𝑡+𝑗 = 𝜃1 + 𝜃3 ln(𝑀𝐸)𝑖,𝑡 + 𝜃4 ln (
𝐵𝐸
𝑀𝐸)

𝑖,𝑡
+ 𝜃5 ln (

𝐷
𝐸)

𝑖,𝑡
+ 𝜃6 ln (

𝑅𝐷𝐶
𝑀𝐸 )

𝑖,𝑡
+ 𝜀𝑖,𝑡+ (1) 

 

Where ME is market equity of the firms, BE/ME is the book-to-market ratio of firms and D/E is 

the debt-to-equity ratio. RDC/ME is the R&D-capital by firm size. 

The paper concludes that when the R&D factor is included in the model the significance levels 

were generally higher, implying that the R&D effects had a strong influence in the context. 

Further, they conclude that the effects of R&D was stronger in countries where the general 

spending on R&D was higher, such as Germany. Subsequently, the research showed that when 

including other variables like law enforcement involvement and shareholder rights, the effect of 

the R&D variable showed to be significantly lower. 

Duqi et al. (2011) builds on prior research and implements it under different circumstances, 

investigating firms in several EU countries. While we believe that the model and approach of this 

study is informative towards the subject, we also believe that the findings of the study have limited 

value. Given the large differences in important factors including legislature, firm structure and 
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accounting procedures across countries, we find it difficult to compare the effects of R&D between 

the firms in the data sample. 

3.6 Summary of literature review 

To summarize the previous research done on the topic of R&D effects on stock performance, we 

believe that the subject is narrowly investigated and that the results are inconclusive. Some of the 

previous studies, such as Eberhart et al. (2004), concluded that the market has a difficult time 

pricing the benefits of R&D investments, contradicting the strong-form of the efficient market 

hypothesis (EMH). In addition, most of the studies reviewed in this chapter conclude that the level 

of R&D investments has a significant effect on both stock prices and economic performance. 

Most of the research articles studied in this chapter have investigated whole markets, such as the 

U.S. market, studying the differences between high-intensity R&D stocks and low-intensity R&D 

stocks. We aim to contribute to this research by studying the effects of R&D on stock performance 

in the U.S. pharmaceutical industry.  
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4. Methodology 

The purpose of Chapter 4 is to present our methodology, allowing the reader to evaluate the 

validity and reliability of our research. Chapter 6 shows the effect R&D has on share prices, both 

by applying mathematical ratios and regressing different factors on excess return. All of which 

will be explained in this chapter. We use framework from Sharpe, Treynor and Fama & French, 

hence this chapter will present the toolbox needed to investigate the results found in Chapter 6.  

We begin this chapter by presenting the selected methods of computing risk adjusted return in 

Chapter 4.7. Firstly, the appropriate ratios are introduced, followed by a presentation of the single- 

and multi-factor models. The mathematical ratio models have their purpose of not only creating a 

foundation for analyzing findings, both also in order to assess the econometric model. We apply 

factor models as it allows us to measure how much an asset generates relative to the riskiness of 

the asset. This is what is called the risk-adjusted return and is defined by alpha. The alpha measure 

and its connection to the factor models, is explained in Chapter 4.7. Lastly, ordinary least squares 

as a methodology is presented in Chapter 4.8 with its relevant terms, characteristics and 

specifications. 

4.1 Choice of framework 

An explanation of the choice of framework is done to clarify which models are found to be the 

most fitting as the foundation of our analysis and risk-adjusted returns. In the following two 

sections we explain why we select our tools and measures to investigate the presented research 

question. We have excluded theories of momentum. Even though this is a relevant theme for stock 

reactions, we consider momentum theory not as relevant for the relationship between stock 

performance and R&D. 

4.1.1 Sharpe Ratio and Treynor Ratio 

We complement our OLS regressions with the renowned Sharpe and Treynor ratios. The Sharpe 

ratio is comprised in our methodology because it is a well-known, prevalent and simple technique 

of computing risk adjusted return (Munk, 2018).  The thesis incorporates the Treynor ratio to 

complement the Sharpe ratio. Counter to the Sharpe ratio, Treynor eliminates the idiosyncratic 
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risk, building estimates solely on  systematic risk. Hence, including both gives an overview of  

risk-adjusted returns based on different units of risk. 

4.1.2 Factor Models 

Asset pricing and dynamics are complicated matters, and it can be challenging, if not impossible 

to determine the fair  value of an asset in a dynamic environment (Porras, 2016). Multi-factor 

models are widely used in financial and macroeconomic time series, which has the purpose of 

estimating expected return on assets based on distinctive factors. In this thesis,  the one single-

factor and two multi-factor regression models are introduced. The Capital asset pricing model, the 

Fama-French three-factor model and a self-constructed four-factor model, are integrated in the 

methodology in order to test the relationship of our pharmaceutical firms’ excess return with 

relevant regressors. CAPM and the Fama-French three-factor model are what we build our R&D-

factor models on, and are included for benchmark purposes. More precisely, to study how excess 

return moves with and without the R&D factors. The four-factor R&D model is the model that 

will inform us of the direct relationship between R&D intensity and the pharmaceutical stocks’ 

excess return. 

4.2 Sharpe Ratio 

William Sharpe published in 1966 the article “Mutual Fund Performance”, introducing the Sharpe 

ratio. The ratio is defined as taking the excess return of an asset, divided by the volatility of the 

return of the asset. Essentially, a measure of the reward per unit risk, where a higher ratio indicates 

a higher risk-adjusted return. (J. Berk & DeMarzo, 2017)  
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Sharpe Ratio: 

SR =  
E[𝑟] − 𝑟𝑓

SD[𝑟]  

(2) 

Where: 
𝐸[𝑟]: Expected return of asset 
𝑟𝑓: risk-free rate 
𝑆𝐷[𝑟]: standard deviation of the asset’s excess return 

 

As (Sharpe, 1966) explains, this method is a simple yet theoretically meaningful measure. 

However the ratio has its weaknesses. Firstly, the standard deviation might not be the best unit of 

risk measure due to the inclusion of both positive and negative deviations from expected value. 

One could argue that only the negative deviations, the downside risk, should be included  in a risk 

measure. (Munk, 2018) Moreover, the Sharpe ratio assumes a frictionless financial market and a 

risk-free rate that is constant and identical for borrowing and lending (Cogneau & Hubner, 2009). 

Although the standard deviation, is a reasonable and frequently used risk measure of an investor’s 

total portfolio of investments, it is not evident that it is relevant for individual assets (Berk and 

DeMarzo, 2017). However, it is a practical approach of getting a reasonable idea of an asset’s risk-

adjusted return, hence why we choose to include it as a measure. (Cogneau & Hübner, 2009) 
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4.3 Treynor Ratio 

The Treynor ratio, similar to the Sharpe ratio, is a measure of an asset’s risk-adjusted return. It is 

interpreted as the percentage abnormal return earned per unit of systematic risk (Hubner, 2005).  

 

Treynor Ratio: 

 T =
E[r] − rf

β  (3) 

Where: 

𝐸[𝑟]: expected return of asset 

𝑟𝑓: risk-free rate 

𝛽: asset’s beta 

 

In order to characterize the distinction between the Sharpe ratio and the Treynor ratio, the 

differences between idiosyncratic risk, systematic risk and total risk need to be clarified. 

Systematic risk, also called market risk, is the undiversifiable risk, and will therefore affect all 

firms. Idiosyncratic risk relates to firm-specific risk and is thus diversifiable. Total risk is the sum 

of systematic and idiosyncratic risk. (Berk and DeMarzo, 2017) The Treynor ratio applies the 

systematic risk instead of the total risk like the Sharpe ratio does. In other words, if the market 

beta is a better risk measure for asset i, the risk-return tradeoff is better captured by the Treynor 

ratio rather than the Sharpe ratio (Munk, 2018). If the risk is 100% diversified, the ratios equal 

each other. 

Most of the Treynor ratio’s drawbacks are those of Sharpe ratio, with some specifications. First, 

it requires a well-chosen index to benchmark, as the denominator is heavily affected by this 

reference index. If the market exposure varies, then the beta can turn out inaccurately. Keeping 
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only the negative deviations in the denominator will, like the Sharpe ratio, give the model more 

flexibility. (Cogneau & Hübner, 2009) 

 

4.4 The Capital Asset Pricing Model (CAPM) 

The Capital Asset Pricing model (CAPM) is a widely used and essential model for pricing assets 

in general, and stocks in particular. The model was originally derived by (Sharpe, 1964; Treynor, 

1961) (Sharpe, 1964), (Lintner, 1965) and (Mossin, 1966) and describes the relationship between 

systematic risk and expected return of an asset. The CAPM is one of the most important models 

for estimating cost of capital and pricing the different risks of investment projects, but also one of 

the most commonly used models in asset pricing (Berk & DeMarzo, 2017).  

 

The basic CAPM: 

 𝐸[𝑟𝑖] = 𝑟𝑓 + 𝛽𝑖(𝐸[𝑟𝑚] − 𝑟𝑓) (4) 

Where: 

𝐸[𝑟𝑖]: Expected rate of return of a risky asset i 

𝑟𝑓: Risk-free rate of return 

𝑟𝑚: The rate of return of the market portfolio 

𝛽𝑖: The market beta of asset 𝑖  
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The market beta is defined as: 

 𝛽𝑖 =
𝐶𝑜𝑣[𝑟𝑖, 𝑟𝑚]

𝑉𝑎𝑟[𝑟𝑚]  (5) 

 

 

From the equation, the CAPM claims that the risk premium (the excess return) of any risky asset 

is the product of the market beta and the market premium (Munk, 2018). Thus, the beta is the only 

asset-specific determent of the risk premium for a risky asset. To remove systematic risk, investors 

can diversify. Consequently, the right measure of risk is the investment’s beta with the market 

portfolio (Berk & DeMarzo, 2017).  

The CAPM implies a linear relationship between a stock’s expected return and its beta. Due to the 

nature of the CAPM equation, the market portfolio’s beta will be equivalent to one. A larger beta 

will then lead to a higher expected return, and a smaller beta will lead to a lower expected return. 

A beta of zero will indicate the same return as the risk-free asset. This is defined as the Security 

Market Line (SML), a linear relationship and the line all securities should lie on when plotted 

according to their beta and expected return (Berk & DeMarzo, 2017). 

While the CAPM is a widely used model, there is some controversy surrounding whether the 

empirical data supports the model. The American economist Richard Roll claimed that strictly 

speaking the CAPM is impossible to test, since the real market portfolio is unobservable (Roll, 

1977) The real market portfolio should include all risky assets, also important assets like real estate 

and human capital. Human capital is particularly unobservable and difficult to estimate. This point 

is now commonly known as “Roll’s critique” (Munk, 2018).  
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For the CAPM to hold, there are three main underlying assumptions (Berk & DeMarzo, 2017).  

1. Investors can buy and sell all securities at competitive market prices as well as borrowing 

and lending at the risk-free rate. 

2. Investors hold only efficient portfolios of traded securities. 

3. Investors have homogeneous expectations regarding the volatilities, correlations and 

expected returns of securities. 

 

 
Figure 3: Illustration of the Security Market Line (SML), Source: Own illustration 

 

4.5 Fama-French Three-factor model 

The Fama and French Three-Factor Model builds on the concept of the CAPM. Fama & French 

(1992) argue that the average returns on U.S. stocks show little relation to the market beta of 

CAPM and expand to improve the model by introducing two additional factors. Small-minus-big 

(SMB) and high-minus-low (HML). SMB characterizes the return on a portfolio of stocks in small 

companies minus the return on a portfolio of stocks in large companies. HML denotes the return 

on a portfolio of stocks issued by firms with a high book-to-market value, a firms’ book value 
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compared to its market value, minus the return on a portfolio of stocks in firms with a low book-

to-market value (Munk 2018). 

(Banz, 1981) claimed that smaller firms, measured by market capitalization, generate higher risk-

adjusted returns than predicted. This is normally due to the fact that small stocks are riskier, and 

consequently should offer higher returns than large-cap stocks. Fama & French (1992) explain this 

by underlining that small firms might suffer longer earnings depression in a potential economic 

downturn, whereas bigger firms will in a larger scale be able to survive systematic events like 

these. 

Moreover, (Fama & French, 1993) find that numerous studies uncover that U.S. stocks with a 

higher book-to-market ratio also have higher risk-adjusted returns. High book-to-market ratio 

stocks are defined as value stocks, whereas stocks with lower book-to market ratio are defined as 

growth stocks. Since value firms contain a higher amount of tangible capital, it results in excess 

capacity, while growth firms are able to defer investments to more profitable times. Because of 

this, (Liew & Vassalou, 2000) argue that value stocks require a higher expected return. The 

inclusion of the two additional factors along with the market factor from the CAPM, results in the 

Fama-French three-factor model. 

 

Fama-French Three-factor model 

 𝑅𝑒 = 𝑅𝑓 + 𝛽𝑀(𝑅𝑚 − 𝑅𝑓) + 𝛽𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝐻𝑀𝐿𝐻𝑀𝐿 (6) 

Where: 
𝛽𝑆𝑀𝐵: beta coefficient for small minus big 
𝛽𝐻𝑀𝐿: beta coefficient for high minus low 
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To estimate the expected return, alpha, we move 𝑅𝑓 to the left side of the equation, leaving us with 

the following equation: 

 𝑅𝑖 − 𝑅𝑓 = 𝛼𝑖 + 𝛽𝑀(𝑅𝑚 − 𝑅𝑓) + 𝛽𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝐻𝑀𝐿𝐻𝑀𝐿 + 𝜀𝑖 (7) 

Where alpha (α) signifies the intercept, 𝜀𝑖 is the error term, and the betas are the sensitivities of 

the return on the investment regarding the three factors. 

One of the major critiques against The Fama-French three-factor model stems from the findings 

by (Black, 1993; Kothari et al., 1995) He claimed that the value premium was sample specific and 

was likely to be a “mere artifact of data mining”, arguing that the existence of a value premium is 

a chance unlikely to recur in future returns. Furthermore, (Kothari et al., 1995) claims a problem 

of survivorship bias reasoned in an indication that the high explanatory power of the book to 

market ratio was solely due to survivorship bias and mismeasurement of beta (Kothari et al. 1995, 

as cited in Bhatt et al. 2014) 

 

4.6 Fama-French-R&D Four-factor model 

To be able to investigate our research question, we implement an R&D factor into our multi-factor 

regression models, as an extension to the Fama-French three-factor model. We test the influence 

of R&D investments on the excess returns of our sample stocks by using two different R&D 

factors; R&D expense as a percentage of revenue and as a percentage of market cap. We then use 

the weekly changes in these R&D-intensity factors to try to explain the excess returns of the stocks. 

This principle follows the methodology of some of the studies included in  Chapter 3 (e.g. Chan 

et al. 2001, Duqi et al. 2011). The R&D expense, revenue and market cap data for our sample 

companies are gathered from the Bloomberg terminal supplied by CBS. 
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Fama-French-R&D Four-factor model 

 𝑅𝑒 = 𝑅𝑓 + 𝛽𝑀(𝑅𝑚 − 𝑅𝑓) + 𝛽𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝐻𝑀𝐿𝐻𝑀𝐿 + 𝛽𝑅&𝐷𝑅&𝐷 (8) 

Where: 

𝛽𝑅&𝐷: beta coefficient for the R&D factor 

 

The motivation behind implementing the R&D factors is to complement the multi-factor models 

with a factor that better explains the return on investments when the R&D expenditures of each 

firm are considered. We want to distinguish if R&D affects a firms’ performance significantly. By 

adding this additional factor, the excess return could potentially be explained in a more precise 

way. 

 

4.7 Risk-adjusted return and Jensen’s alpha 

This paper seeks to investigate the degree of which R&D affects stock prices, thus a clarification 

of the risk-adjusted return, the alpha (a), is needed. Chen (source, 2020) explains the alpha as the 

profit of an investment that considers the degree of risk taken. The CAPM alpha is often referred 

to as Jensen’s alpha, and is according to Munk (2018) one of the most frequently used performance 

measures. Further, Munk describes the alpha as the part of a return that cannot be explained by the 

systematic risk of an investment. According to Jensen (1968), Jensen’s alpha was originally 

created to be a forecasting tool for investors, where an interpretation of a positive alpha suggests 

that the asset has performed better than the market due to a positive excess return. A negative 

alpha indicates the opposite. Under the assumptions of the CAPM, alpha should equal zero. 
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Figure 4: Illustration of a CAPM regression, Source: Own illustration 

 

As the regression demonstrates, y = 0,5993x + 0,0009, meaning the constant, or a, yields an excess 

return of 0,09% to the investor when the excess market return is zero. This however goes against 

the assumptions of CAPM, where as mentioned a is equal to zero, since the model does not 

incorporate an intercept. Moreover, a negative alpha implies that the return is not consistent with 

the systematic risk the investor is taking. The return is risk-adjusted because the return is excess, 

negative or positive, of what is fitting according to the systematic risk estimated by the factor 

model. All our presented factor models estimate an alpha equal to zero, but in practice, the 

regression models will not be able to estimate all the return variations for the assets. The return 

that the systematic risk is not able to explain, remains as the alpha. 

Further, the regression yields a beta of 0,5993. A higher beta results in a higher expected return 

and if β = 0, the risk free asset yields a return of α = 0. This linear relationship is described as The 

Security Market Line (SML), and is the line all securities should lie on when plotted according to 

their expected return and beta (Berk & DeMarzo, 2017). As mentioned, the systematic risk, also 

called the market beta in the CAPM, associated with an investment, is what rewards a higher 

return. This is found when regressing excess return of an asset on the excess return of the market.  
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4.8 OLS  

Applying Ordinary Least Squares (OLS) when predicting Y given X, is a well-known statistical 

technique amongst practitioners (Stock & Watson, 2012). The model is the foundation of all 

regression practiced throughout this thesis, and is applied to estimate the unknown parameter, the 

excess return, of CAPM and the multi-factor models. It is therefore necessary to explain the utility 

and functionality of the model for the purpose of understanding the final output we base our 

conclusion on. Chapter 4.8 is therefore dedicated to the OLS theory and will be complemented 

with underlying assumptions our models must attain to fulfill the OLS conditions.  

4.8.1 OLS model 

When predicting the dependent variable and the excess stock return, the OLS estimator picks the 

regression coefficients based on estimating a regression line as close as possible to the observed 

data. The space between the estimated line and the observed data is measured by the sum of the 

squared errors made in predicting Y given X (Stock & Watson, 2012). Positive and negative errors 

are weighted equally by the OLS model, however large errors are heavily weighted due to the 

squaring. Furthermore, Munk (2018) argues that OLS possibly is the most common way of 

estimating beta for CAPM and multi-factor models.  

When estimating the dependent variable, it is vital to determine how well the OLS estimate of the 

regression explains the data, or in other words, how good the model is. The R2 and adjusted R2 

explain how well the variance of the dependent variable is explained by the regressors. When 

adding new variables into the model, R2 will increase. However, this does not automatically mean 

that the fit of the model responds by improving. The R2 will be an inflated and incorrect estimate 

to rely on and hence, an adjusted R2 is applied. This is a modification of the R2 that is not affected 

by inclusion of new variables (Stock & Watson, 2012). The adjusted R2 is employed for all multi-

factor models throughout this thesis. 

We practice both single-factor and multi-factor models in this thesis to be able investigate our 

research question. The single-factor model consists of only one factor and relies on that single 

independent variable. The multi-factor models are however reliant on two or more independent 

variables. A multi-factor model have the following equation: 
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 𝑌𝑖 = 𝛽0 + 𝛽1𝑖𝑋1𝑖 + 𝛽2𝑖𝑋2𝑖 + ⋯ + 𝛽𝑘𝑖𝑋𝑘𝑖 + 𝑢𝑖, 𝑖 = 1, … , 𝑛 (9) 

(Stock & Watson, 2011) 

 

4.8.2 Assumptions 

The critique against the OLS regression model often surrounds the numerous assumptions that 

must be present for the model to yield reliable estimates. To create the optimal multiple regression 

model for estimating our sample’s excess return, we employ Stock & Watson’s (2012) four 

assumptions to generate Best Linear conditionally Unbiased Estimator (BLUE). That is, the𝛽�̂� that 

is the BLUE for the true parameters bi. “Best” implies an OLS estimator that is closer to the true 

value compared to the alternative estimators, which is only achievable when the estimator has a 

minimum variance.  A “linear” relationship must be met in order for the OLS estimator to be valid. 

The parameters must be “unbiased” in order to trust the estimated relationship between the 

regressors and the dependent variable, as there will always exist biased estimators with lower 

variances. 

1. The Conditional Distribution of 𝑢𝑖 Given 𝑋𝑖 Has a Mean of Zero 

Assumption number one refers to the conditional distribution of 𝑢𝑖, given 𝑋1𝑖, … , 𝑋𝑘𝑖, has a mean 

of zero. 

 𝐸(𝑢𝑖|𝑋𝑖) = 0 (10) 

This means that 𝑌𝑖, the dependent variable, is sometimes above or below the regression line. 

However, on average 𝑌𝑖 will fall on the regression line. Because of this, given any value of the 

regressors, the expected value of the error term 𝑢𝑖 is zero. (Stock & Watson, 2012) In other words, 
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the “other factors” that 𝑢 contains, are not related to 𝑥 (Stock & Watson, 2012). If the error term 

is unequal to zero, it is possible to improve the fit of the model. 

2.  (𝑋𝑖, 𝑌𝑖), 𝑖 =  1, . . . , 𝑛, Are Independently and Identically Distributed  

The second least-square assumption states that all independent and dependent variables are 

random independently and identically distributed across observations. This means that the 

distribution of variables is uniform for each observation and each observation is independent of 

each other. It assumes upon how the sample is drawn and the assumption will automatically hold 

if the data are accumulated by simple random sampling (Stock & Watson, 2012) 

 (𝑋1𝑖, … , 𝑋𝑘𝑖, 𝑌𝑖), 𝑖 = 1, … , 𝑛 (11) 

3. Large Outliers Are Unlikely 

The third assumption states that large outliers, that is, observing values far outside the usual range 

of the data, are unlikely. The OLS estimator of the coefficients in the multiple regression model 

can be easily affected by large outliers and can make OLS regression results misleading and less 

informative. Since the purpose of the OLS estimator is to minimize the squared difference between 

the observed data and the estimated line, observations far outside the usual range will affect 

heavily and potentially move the regression line greatly. If there are observed large outliers, before 

potentially including these in the OLS regression they must be thoroughly examined to make sure 

they are correctly recorded and belong in the data set (Stock & Watson, 2012). 

If the three assumptions mentioned above hold, a simple regression model is unbiased and 

consistent (Stock & Watson, 2012). 

4. There is no perfect multicollinearity 

The fourth assumption is that the regressors are not perfectly collinear. Perfect multicollinearity 

occurs when an independent variable is a perfect linear combination of another independent 

variable (Stock & Watson, 2012). The problem usually arises when including the wrong regressors 
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in the regression model, as it does not make sense to regress two identical independent variables 

on the regressand. Moreover, perfect multicollinearity can lead to wider confidence intervals, 

which additionally can lead to skewed or misleading results when interpreting how well the 

independent variables explain the dependent variable (Hayes, 2021a). To solve this problem, one 

of the regressors must be excluded from the model, or else it will not work. 

If the four assumptions mentioned above hold, a multiple regression model is unbiased and 

consistent.   

5. No Heteroscedasticity 

In addition to the four criteria Stock and Watson (2012) present as fundamental assumptions, there 

are however other components that can affect an OLS regression, namely heteroscedasticity. 

Since OLS regression assumes that all residuals originate from a population that yields 

homoscedasticity, scilicet owns a constant variance, heteroscedasticity is a problem (Frost, n.d.). 

Heteroscedasticity occurs in other words when the size of 𝑢𝑖 differs across the values of a 

regressor. If the data appears heteroscedastic, it will make the standard errors biased and 

consequently affecting statistical testing methods such as t- and f-values (Stock & Watson, 2012). 

To check for heteroscedasticity, plotting the data will show the pattern. As the fitted values 

increase, the variance of the residuals also increase in the value plot (Frost, n.d.). Thus, if the data 

seems non-randomized, it produces heteroscedasticity. By applying heteroskedasticity-robust 

standard errors, we are able to eliminate the chance of heteroscedasticity. 

If the five assumptions mentioned above hold, a multiple regression model according to Stock and 

Watson (2012) is BLUE. 
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4.9 Application of OLS  

Applying the ordinary least square, we regress relevant factors on each firm’s excess return. The 

regressors are factors selected from the CAPM, the SMB and HML factors from the Fama-French 

three-factor model, as well as a self-constructed R&D factor. 

To check for the risk of multicollinearity in our regression models, we calculate the correlation 

matrices for the regressors used in our OLS regressions. The correlation tables for our regressors 

are presented in Appendix B. We see that, as one could expect, there are high correlations between 

some of the different R&D factors included. However, since none of these factors are included in 

the same regression models, this does not cause problems. Therefore, we focus on the correlation 

between the market premium factor, the SMB and HML factors and the R&D factors. (Appendix 

B). We conclude that none of the relevant factors have a high linear correlation, and thus that the 

assumption of no collinearity holds for our models. 

Second, we assess the issue of heteroskedasticity. In our analysis, we have used heteroskedasticity 

consistent standard errors (HC). Under the assumption that homoscedasticity is a special instance 

of heteroskedasticity, using HC standard errors makes statistical inferences that are valid whether 

the data is homoscedastic or not (Stock & Watson, 2012). Following this assumption, we can test 

for the issue of heteroskedasticity in our models by using a Breusch-Pagan test  (Breusch & Pagan, 

1979). However, since we have conducted several OLS regressions with different stocks, we find 

this to be too time-consuming and unnecessary. In addition, we believe that because of the large 

amount of data points in the OLS regressions conducted in this paper, heteroskedasticity is 

unlikely. 

Thereafter, we test for outliers. Financial shocks amongst our sample will affect our data plot and 

disturb the OLS. When exceptionally large or small data points are included into the data plot, the 

OLS forms based on the outliers. It is highly sensitive, and in most cases, the OLS will end up as 

biased, even with just a single outlier. We test for shocks by estimating change in excess return 

each year for ten years. Naturally, the year of COVID-19 could lead to a shock for some of the 

firms. However from Appendix E, we observe that the fluctuations from our estimate follow 

natural economic conditions. Hence, we assume that all outliers in our data sample are relevant 

for the tests conducted, and should therefore not be excluded from the data set. 
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Furthermore, because of the Central Limit Theorem (CLT), that states that when independent 

variables are added their normalized sums tend towards a normal distribution (Fischer, 2011) and 

the assumption of our sample being independently distributed, we assume that our sample 

observations follow a normal distribution, and therefore fulfill the independently and identically 

distributed assumption. 

Thus, based on the assumption of no outliers, no significant linear correlation, that 

heteroskedasticity is unlikely, and the fulfillment of the independently and identically distributed 

assumption, we assume that our OLS model is robust.  

 

5. Data 

The following chapter will present the chosen data sample the statistical analysis is generated 

from. Firstly,  we introduce the data and the reasoning behind the 10 firms, the frequency and time 

constraints. Secondly, the choice of benchmark index is discussed, followed by a presentation of 

the absolute return. Thirdly, the market premium and risk-free rate incorporated into our factors 

are described. Lastly, the measures and factors used to explore the relationship of stock prices and 

R&D expenditures is explained, implying a description of SMB and HML from Fama & French 

(1992) as well as the creation of our own R&D-factors. In this follows an elaboration of the lags 

applied. 

For the risk-free rate, the market premium factor, and the SMB and HML factors we use excel to 

conduct t-tests to test whether the mean of the factors is significantly different from zero. The null 

hypothesis is that the factors’ mean do not differ significantly from zero, and we discard this null 

hypothesis if the t-statistic found is larger than the critical value presented. We use a two-sample 

t-test that assumes unequal variances, since we are testing if the means are different from zero. 

We compare the results of the t-tests to the Student t-distribution given in Appendix C. These t-

tests give us interesting descriptive data on the factors we implement into our regression models. 
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5.1 Data sample 

Our choice of data sample consists of the 10 largest pharmaceutical corporations listed on the 

American stock exchanges, hereby New York Stock Exchange (NYSE) or NASDAQ. We define 

the “largest” pharmaceutical corporations by sorting by market capitalization, as we find this factor 

to be a rational way of defining firm size. We chose the companies with the largest firm size as 

we find it fascinating to investigate the effect R&D has on the highest performing companies on 

the U.S. stock exchanges. Hence, the 10 companies with the highest market capitalization on 

NYSE and NASDAQ is what is fed into our models. 

Moreover, we define a “pharmaceutical corporation” as a company producing medications and 

exclude all other non-medical producing pharmaceutical firms from our data sample. We therefore 

excluded large companies such as ABBOT Laboratories as it does not produce pharmaceutical 

drugs, rather medical devices, although it has a market capitalization larger than several of the 

other firms included in our data set.  

In addition, we exclude companies that do not have relevant data available in the time period 

01.01.2001 to 31.12.2020, in the Bloomberg terminal. This includes companies like AbbVie and 

Catalent, which otherwise would have been included on the premises of our sample selection, but 

where R&D expenditure and stock price is unavailable for the total selected sample period. 

The reason for only choosing firms listed on the American stock exchanges is due to the 

accounting element, where the treatment of R&D expenditures differs between IFRS and GAAP. 

This can as mentioned in Chapter 2.1 cause bias or errors for the results. In addition, NYSE and 

NASDAQ are the world’s largest stock exchanges by market capitalization of listed companies 

(Statista, 2019) Hence, the stock exchanges enclose data on numerous companies, in a wide range 

of industries, over a long period of time. Thus, collecting data on public established companies 

from these exchanges, offers the analysis extensive and broad information. 
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5.2 The time perspective  

We chose constraining our data interval ranging from 01.01.2001 until 31.12.2020. 

Predominantly, the period 2001-2020 gives us the latest data. However, as we spot tendencies of 

increased R&D expenditures from our data during this period, it can potentially suggest an 

enlarged interest for investing in such financial directions for corporations. Thus, we find it 

particularly interesting to investigate this specific time period. 

Furthermore, as we wanted to investigate both the long-term and short-term effects of R&D 

expenditures on stock prices, we suggest that an interval of 20 years would secure us a tangible 

time perspective to plot data. The reason being that the effect of R&D investments potentially both 

can affect a firm’s stock price by short-term and long-term perspectives, whereas according to 

Chan et. al (2001) a five-year perspective may not be sufficient enough to represent long term 

effects for R&D investments in the pharmaceutical industry. Short-term effects of R&D 

investments in the pharmaceutical industry are what we refer to as indirect effects, resulting from 

for instance investor reactions from information about R&D expenditures collected from 

accounting reports. Long-term effects are what we refer to as direct effects, or in other words the 

objective result of the particular investment x years into the future. To be certain we would gather 

enough data to conclude on both short- and long-term standpoints, we selected a rather large 

interval to ensure seizing the proper long-term effects. 

Furthermore, when collecting historical prices for our dependent variable from Yahoo Finance, 

we decided on a weekly frequency in order to gain enough data points for the sake of precision 

when estimating and concluding on reactions in stock prices. In addition, selecting the adjusted 

closing price and not the closing price is done due to the adjustments for dividend distributions 

and applicable splits, giving us a more precise approximation to build our estimations on. Next, 

we generate returns from these prices. Finally, by subtracting the weekly risk-free rate at each 

point in time from the weekly adjusted closing price, we acquire the weekly excess return for each 

firm. 
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5.3 Benchmark  

We test how well R&D expenditures explain the excess return for our selected companies, and use 

ratios in the form of financial metrics and regression to obtain this information. For the factor 

models we do not apply a market benchmark as the factors incorporated and the t-value gives us 

the sufficient information. However, for the Sharpe and Treynor ratios to be informative measures, 

there is need for a market benchmark for comparing the computed values. Since pharmaceutical 

firms habitually generate a higher R&D intensity than most other sectors (Statista, 2020b), 

benchmarking against an index that represents a more average distribution of R&D expenditures 

will give an indication of where our data set lays compared to the market. We selected the S&P 

500 index as it is a leading stock index for the U.S. (Munk, 2018) and is composed of the most 

traded shares listed on the U.S. stock exchanges. Therefore, it represents a fair average of the 

average distribution of R&D intensity in the market.  

5.4 Absolute return 

We plot the absolute return of the S&P 500 index up against the absolute return of the 10 firms in 

our data set to illustrate if they have outperformed the market or fallen short. The absolute return 

is not decisive for our conclusion as we study risk-adjusted return, however it is the easiest way 

to examine the performance of assets and followingly gives a perspective on our risk-adjusted 

findings. 

 

5.5 Risk-free rate 

The risk-free rate is defined as the theoretical return of an asset with zero risk (Chen, 2021) In 

practice, the theoretical risk-free rate does not exist, because no investment is completely without 

risk. However, government bond rates are often used as a risk-free rate when applying various 

factor models, because they are considered almost risk-free investments, at least in countries with 

stable economies. 
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We have applied the weekly risk-free rates provided by Kenneth R. French in his database, who 

have used the weekly risk-free returns of one-month treasury bill rates provided by Ibbotson 

Associates (French, n.d.).  

 

 Risk-free rate   Risk-free rate 

2011 0,040% Average Premium (Weekly) 0,011% 

2012 0,073% Average Premium (Annualized) 0,604% 

2013 0,026% Standard Deviation (Weekly) 0,016% 

2014 0,017% Standard Deviation (Annualized) 0,857% 

2015 0,027% t-statistic 16,036 

2016 0,222% t-value (5%, two-tailed) 1,965 

2017 0,865% t-value (10%, two-tailed) 1,648 

2018 1,959%     

2019 2,317%     

2020 0,490%     

Table 1: Annualized risk-free rates, Source: Own illustration 

 

As we see from Table 1 the risk-free rates are significantly different from zero according to the t-

test, as one could expect due to the risk-free rate often being stable and small above zero. We also 

see that the annualized risk-free rate is below one percent in every year except two. 
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5.6 Market Premium Factor 

Important in all our factor models is the market premium factor, originally used in the capital asset 

pricing model (CAPM), further used by Fama & French (1992) in the three-factor model, and also 

used in our additional models where we include the R&D-intensity factors. In our data, we have 

utilized the market premium factor presented by Kenneth R. French in his database. French (n.d.) 

describes the market premium factor as “the excess return on the market, value-weight return of 

all CRSP(Center for Research and Security Prices) firms incorporated in the US and listed on the 

NYSE, AMEX, or NASDAQ (…) minus the one-month Treasury bill rate (from Ibbotson 

Associates).” We include the weekly market premium factor in the ten years from January 1st 2011 

to December 31st 2020. 

 

 Market Premium   Market Premium 

2011 0,44% Average Premium (Weekly) 0,27% 

2012 14,27% Average Premium (Annualized) 14,32% 

2013 36,92% Standard Deviation (Weekly) 2,31% 

2014 13,62% Standard Deviation (Annualized) 14,03% 

2015 -1,15% t-statistic 2,67 

2016 13,36% t-value (5%, two-tailed) 1,96 

2017 21,32% t-value (10%, two-tailed) 1,65 

2018 -7,73%     

2019 29,02%     

2020 23,09%     

Table 2: Annualized weekly market premium, Source: Own illustration 
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Table 2 shows annualized weekly market premium from French (n.d.). We see that the market 

premium on average is significantly different from zero, but also that the annualized premiums are 

negative or small in several years. Further, we see that the volatility of the market premium is 

fairly high with a large standard deviation on both weekly and annualized numbers. 

 

5.7 SMB & HML 

Included in the factor models used in our analysis are the SMB, HML and market premium factors, 

presented by Fama & French (1992). The SMB factor describes the expected premium return of 

small-cap stocks compared to large-cap stocks. French (n.d.) describes the factor like this: “SMB 

(Small Minus Big) is the average return on the three small portfolios minus the average return on 

the three big portfolios,” 

 
𝑆𝑀𝐵 =

1
3

(𝑆𝑚𝑎𝑙𝑙 𝑉𝑎𝑙𝑢𝑒 + 𝑆𝑚𝑎𝑙𝑙 𝑁𝑒𝑢𝑡𝑟𝑎𝑙 + 𝑆𝑚𝑎𝑙𝑙 𝐺𝑟𝑜𝑤𝑡)

−
1
3

(𝐵𝑖𝑔 𝑉𝑎𝑙𝑢𝑒 + 𝐵𝑖𝑔 𝑁𝑒𝑢𝑡𝑟𝑎𝑙 + 𝐵𝑖𝑔 𝐺𝑟𝑜𝑤𝑡ℎ) 

(12) 

Similarly the HML factor is a measure to explain the premium of value stocks with high book-to-

market ratios compared to stocks with low book-to-market, which in general generate higher 

returns compared to the market (Hayes, 2021c). Again, French(n.d.) explains the factor: “HML 

(High Minus Low) is the average return on the two value portfolios minus the average return on 

the two growth portfolios.” 

 𝐻𝑀𝐿 =
1
2

(𝑆𝑚𝑎𝑙𝑙 𝑉𝑎𝑙𝑢𝑒 + 𝐵𝑖𝑔 𝑉𝑎𝑙𝑢𝑒) −
1
2

(𝑆𝑚𝑎𝑙𝑙 𝐺𝑟𝑜𝑤𝑡ℎ + 𝐵𝑖𝑔 𝐺𝑟𝑜𝑤𝑡ℎ) (13) 

In our analysis we have taken the weekly SMB and HML factors from Kenneth R. French’s data 

library for the ten-year period from January first 2011 to December 31st 2020. 
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 SMB HML   SMB HML 

2011 -4,68% -8,80% Average Premium (Weekly) -0,004% -0,105% 

2012 -1,39% 8,96% Average Premium (Annualized) -0,38% -5,03% 

2013 5,78% 2,09% Standard Deviation (Weekly) 1,18% 1,55% 

2014 -7,82% -2,25% Standard Deviation (Annualized) 6,85% 13,73% 

2015 -3,34% -9,48% t-statistic -0,08 1,18 

2016 5,99% 20,48% t-value (5%, two-tailed) 1,65 1,65 

2017 -4,18% -11,20% t-value (10%, two-tailed) 1,96 1,96 

2018 -3,38% -9,74%       

2019 -5,06% -9,22%       

2020 14,27% -31,09%       

Table 3: Annualized weekly SMB and HML factors, Source: Own illustration 

 

In Table 3 we see the annualized weekly SMB and HML factors from French (n.d.), with 

descriptive statistics. As we can see, the means of neither the SMB or the HML factor is 

significantly different from zero. In addition, the mean of both factors over the time period are 

sometimes negative. This contradicts the theory Fama & French (1992) presented when they 

launched their three-factor model, where they claimed it would be a positive premium associated 

with the SMB and HML factors. 
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5.8 R&D Factors 

To test the influence of R&D investments on the excess returns of our sample stocks we use two 

different R&D factors, R&D expense as a percentage of revenue and R&D expense as a percentage 

of market cap. We then use the weekly changes in these R&D-intensity factors to explain the 

excess returns of the stocks. This principle follows the methodology of some of the studies 

included in Chapter 3 (e.g. Chan et al. 2001, Duqi et al. 2011). The R&D expense, revenue and 

market cap data for our included companies are gathered from the Bloomberg terminal supplied 

by CBS. 

 

 2020 2010 2000 

  RD/MC RD/Revenue RD/MC RD/Revenue RD/MC RD/Revenue 

J&J 0,000003% 14,72% 0,000004% 11,11% 0,000002% 10,31% 

Pfizer 0,000005% 20,42% 0,000007% 13,99% 0,000002% 15,01% 

Merck & Co. 0,000007% 27,88% 0,000010% 23,87% 0,000001% 5,79% 

Eli Lilly & Co. 0,000004% 24,82% 0,000024% 21,09% 0,000002% 18,60% 

Brystol Myers 0,000006% 20,39% 0,000008% 18,28% 0,000002% 10,75% 

GSK 0,000009% 19,29% 0,000011% 24,20% 0,000001% 18,24% 

Vertex 0,000003% 29,57% 0,000009% 523,13% 0,000004% 151,15% 

Alexion 0,000004% 16,43% 0,000002% 18,26% 0,000005% 257,33% 

Viatris 0,000000% 4,68% 0,000005% 5,16% 0,000002% 6,10% 

Perrigo 0,000003% 3,53% 0,000002% 3,44% 0,000003% 2,38% 

Table 4: R&D as a percentage of market cap and revenue for selected years, Source: Own illustration 
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Table 4 shows R&D as a percentage of market capitalization and revenue over the decades 

included in our data sample. Companies are sorted by market capitalization 31.12.2020, with the 

company with the largest market capitalization introduced first. Followed by the remaining 

companies ranked by highest market capitalization. We see that the R&D intensity levels are 

fluctuating over the years, and that some companies spend more than their revenue on R&D 

expenses in some years. 

 

 Average St Deviation 

 RD/MC RD/Revenue RD/MC RD/Revenue 

J&J 0,00000007% 12,20% 0,00000001% 1,87% 

Pfizer 0,00000008% 15,67% 0,00000003% 3,09% 

Merck & Co. 0,00000010% 18,40% 0,00000005% 7,03% 

Eli Lilly & Co. 0,00000012% 21,67% 0,00000006% 2,50% 

Brystol Myers 0,00000012% 20,24% 0,00000003% 7,25% 

GSK 0,00000015% 22,51% 0,00000004% 4,07% 

Vertex 0,00000018% 179,19% 0,00000013% 161,30% 

Alexion 0,00000012% 1735,27% 0,00000015% 3585,55% 

Viatris 0,00000007% 6,38% 0,00000004% 1,36% 

Perrigo 0,00000004% 3,50% 0,00000002% 1,05% 

Table 5: Descriptive statistics for weekly R&D intensity measures, Source: Own illustration 

 

We see from Table 5 that over the 20-year period of our data sample most firms have had a stable 

R&D intensity both by market capitalization and revenue. However, two of the companies in the 

sample, Alexion and Vertex, have artificial R&D/revenue numbers, which stems from excessive 
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investing in periods of low revenue. This is further underlined by looking at the median of 

Alexion’s R&D by revenue, which is 24,69%, while the highest weekly value is over 16 thousand 

percent. We also note that since we use weekly R&D expenses as a percentage of the current 

market cap for the respective week, the RD/MC measure gives very small numbers. However, 

since we are most interested in the weekly changes in R&D intensity over the period, this has no 

implications for our analyses. 

Further, in our analysis we use the ten-year weekly changes in the R&D-intensity factors to see if 

the changes in these factors influence the performance of the stocks in our data sample. 

 RD/MC RD/Revenue 

 Average  St Deviation Average  St Deviation 

J&J 0,21%  5,65% 0,18%  4,94% 

Pfizer 0,32% * 6,19% 0,23%  5,83% 

Merck & Co. 0,58% ** 9,47% 0,58% * 9,94% 

Eli Lilly & Co. 0,16%  4,48% 0,04%  1,63% 

Bristol-Myers 0,32%  7,36% 0,16%  5,75% 

GSK 0,63%  13,68% 0,09%  3,85% 

Vertex 0,36%  8,39% 0,51%  12,41% 

Alexion 0,63% * 13,15% 1,59% * 32,34% 

Viatris 0,54%  13,24% 0,11%  5,55% 

Perrigo 0,07%  9,72% 0,00%  8,49% 

       

 Significance levels    

 10%  *    

 5%  **    

 1%  ***    
Table 6: Weekly changes in R&D intensity, Source: Own illustration 
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Table 6 shows descriptive statistics for the weekly changes in R&D intensity as a percentage of 

market capitalization and revenue. We see that most of the average weekly changes in R&D are 

not significantly different from zero. This is in most cases due to the high variation of R&D-

intensity in the firms. It seems as though companies have periods in which they spend high 

amounts on R&D, and other periods in which their R&D expenditures are on a lower level. This 

could be explained with a development cycle where the R&D expenditures are higher when 

starting new projects, and lower when the projects come to an end. 

We also see from the table that none of the averages of weekly changes are negative, which means 

that on average the R&D intensity levels of these companies has increased every week over the 

20-year period from 01.01.2001 to 31.12.2020. This agrees with the data presented in Chapter 2.2, 

where we explained that the R&D investments have increased in recent years. 

Further, when investigating the short- and long-term effects of changes in the R&D intensity of 

the firms, we use R&D intensity measures lagged by one, three and ten years, respectively. These 

additional factors are made using the relevant ten-year weekly changes in R&D by market 

capitalization and revenue respectively, so that an R&D intensity factor with one-year lag is the 

weekly changes in R&D intensity for the ten-year period from 01.01.2010 to 31.12.2019. 
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𝑅𝐷
𝑀𝐶𝑡−3

 
𝑅𝐷
𝑀𝐶𝑡−10

 

 Average St.Deviation Average St.Deviation Average St.Deviation Average St.Deviation 

J&J 0,10% 5,49% 0,05% 5,37% 0,09% 5,51% 0,31% 5,82% 

Pfizer 0,14% 6,23% 0,10% 6,01% 0,11% 6,79% 0,49% 6,15% 

Merck & Co. 0,33% 10,05% 0,29% 9,99% 0,57% 10,60% 0,84% 8,86% 
Eli Lilly & 
Co. -0,11% 4,54% -0,07% 4,31% 0,06% 4,74% 0,44% 4,41% 

Bristol-Myers 0,15% 8,48% 0,18% 8,18% 0,25% 8,05% 0,49% 6,02% 

GSK 0,18% 6,18% 0,00% 5,04% 0,04% 5,01% 1,09% 18,34% 

Vertex 0,05% 7,35% 0,14% 7,22% 0,02% 7,65% 0,67% 9,32% 

Alexion 0,55% 9,53% 0,49% 9,19% 0,42% 9,28% 0,71% 15,99% 

Viatris 0,27% 8,19% 0,27% 7,58% 0,14% 7,93% 0,81% 16,85% 

Perrigo 0,35% 10,84% 0,36% 11,11% -0,02% 8,86% -0,19% 8,44% 
Table 7: Descriptive statistics for the R&D factors included in Model 1, Source: Own illustration 
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We see from Table 7 that almost all of the average changes in R&D intensity as a measure of 

market capitalization are mostly positive, with a few exceptions. This underlines the notion 

explained in Chapter 2.3, that R&D investments in the pharmaceutical industry have increased in 

the relevant time period. In addition we note that the variation in the variables are high for all of 

the companies in every time-period, which means that the R&D investment ratio of these 

companies varies. 

 
𝑅𝐷

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
 

𝑅𝐷
𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡−1

 
𝑅𝐷

𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡−3
 

𝑅𝐷
𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡−10

 

 Average 
St. 
Deviation Average 

St. 
Deviation Average 

St. 
Deviation Average 

St. 
Deviation 

J&J 0,07% 1,31% 0,03% 1,29% 0,05% 1,29% 0,00% 1,37% 
Pfizer 0,13% 1,62% 0,09% 1,42% 0,00% 1,28% 0,02% 1,33% 
Merck & Co. 0,06% 2,20% 0,04% 2,19% 0,03% 2,06% 0,38% 2,43% 
Eli Lilly & 
Co. 0,01% 0,52% 0,05% 0,53% 0,05% 0,54% 0,04% 0,38% 
Bristol-Myers -0,09% 1,93% 0,05% 1,69% 0,14% 1,74% 0,11% 1,15% 
GSK -0,01% 1,10% -0,04% 0,99% -0,08% 0,96% 0,06% 0,99% 
Vertex -0,37% 3,17% -0,40% 3,48% -0,23% 3,65% 0,24% 3,19% 
Alexion 0,03% 1,79% 0,00% 1,73% -0,08% 1,77% -0,10% 8,87% 
Viatris -0,04% 1,63% -0,01% 1,57% -0,01% 1,58% -0,03% 1,36% 
Perrigo -0,04% 1,90% 0,00% 1,94% -0,06% 1,43% 0,13% 1,80% 
Table 8: Descriptive statistics for R&D factors included in Model 2, Source: Own illustration 

 

Moreover, we see from Table 8 that when looking at the changes in R&D intensity as a percentage 

of total revenue, we see that the positive trend shown in Table 7 is less apparent. More of the 

average changes in R&D intensity by total revenue are negative, and very close to zero. We also 

see that the variation is lower when looking at R&D intensity as a percentage of total revenue. 

This could mean that the total revenue of the sample companies has increased in line with the 

increased R&D expenses. 
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6. Empirical results 

This chapter is structured into six parts, dedicated to provide an answer to the research question 

and sub-questions stated in Chapter 1. It presents the empirical results from the statistical testing, 

both in the short- and long-run.  

We introduce the chapter by conducting a comparison of the absolute returns of the stocks in our 

data set applying S&P 500 as a benchmark, which was reasoned for in the previous chapter. We 

primarily evaluate returns from a risk-adjusted perspective, however as we explained in the 

previous chapter, absolute returns provide a simple and unsophisticated technique for asset 

performance. Further on, the findings for the conducted Sharpe and Treynor ratios, benchmarked 

with S&P500 is presented and explained. Next, the factor models are applied, hereby both the 

single-factor and two multi-factor models. This is followed by a discussion of the robustness of 

the results. 

We include one single-factor, one three-factor model and two four-factor models. CAPM is a 

fundamental form of analyzing risk-adjusted return, it is well known and is the foundation of what 

the models are built upon. However, the CAPM has its downsides and as explained in Chapter 4, 

often does not hold. To increase the robustness of our testing and to be able to get results we can 

generalize with significant reason, we include the three additional factors. By including more 

factors, we are able to analyze which variables that potentially explain the excess return for each 

pharmaceutical company in a more precise way. This is due to the fact that when including 

variables and factors into a regression model, the explanatory ability for each regressor and model 

can change. For example, when including the factors SMB and HML and creating the three-factor 

model, the dynamics in the CAPM can change greatly. For instance, the explanation of excess 

return could prove to be explained by underlying factors such as SMB and HML, and not by a 

market premium factor. Lastly, the selected measures and models are introduced in  order to help 

us understand the data in a deeper matter and let us identify details that potentially could be 

undetected. In the end, the goal is to apply them in order to explain the different results in our risk-

adjusted return estimations. 

We analyze the pharmaceutical corporations consecutively and test all the models on each of the 

companies’ excess returns. Every section is completed by a summary of conclusion.  
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We present the annualized alphas instead of weekly as we find it to be a more sensible way of 

interpreting and presenting the results. The alphas are converted from weekly to annual by 

multiplying with 52, because it is arithmetically compounded (Spaulding, 2009). 

We are researching the matter of explanatory power of the selected variables on stock price.  

As the dependent variable, we analyze the effect on “excess return” as our performance measure. 

We explain the relevant changes in the alphas, betas and the adjusted R2 for every firm. However, 

for the CAPM and the three-factor model, the focus on the alpha is weighted heavier than for the 

four-factor model. For the R&D-factor models, we weigh the R&D coefficients, the alpha as well 

as the adjusted R2 the heaviest, as it is the R&D-factor we seize to investigate in detail. Other 

unnoteworthy changes are not considered for the relevance of the scope. 

We explain each model’s adjusted R2 as this tells us how well the regressors explain the 

regressand, and is the measuring tool of the models’ reliability in reaction to the dependent 

variable. R2 is used for the CAPM regression model and adjusted R2 is used for the two other 

multi-factor models due to the presence of more than one independent variable. Using R2 for a 

multivariate regression could cause unfitting interpretations as the R2 increases every time a new 

variable is included into the model. Thus, an interpretation of SMB, HML and R&D-intensity of 

having an explanatory power as being too excessive, if they are significant. 

Lastly, excel is used for calculating the Sharpe and Treynor ratios and R Studios is used for 

conducting the linear regression and t-tests with all factor models. We run two-tailed t-tests 

examining if the means are statistically different from zero, as we want to investigate if the excess 

return is different from zero, both on the negative and positive tails of the distribution. We use the 

student’s t-distribution to find the critical values for the t-tests. 
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6.1 Absolute Returns 

We primarily evaluate returns from a risk-adjusted perspective, however as we explained in the 

previous chapter, absolute returns provide a simple and unsophisticated technique for asset 

performance. (Hayes, 2021b) explains absolute returns as the change of stock price expressed as 

a percentage of original stock price. We start at 01.01.2011 which is the 100% base mark, and the 

time interval ends at 31.12.2020. As the graphs move towards the right along the x-axis, the 

absolute return changes relative to the 100% for each companies’ performance the ten following 

years. The black line denotes the S&P 500 index, representing the benchmark. If the firms perform 

above the S&P index it means that they have outperformed the market. If the performance graphs 

are below the S&P 500 graph, it indicates an outperformance of the market. 

 
Figure 5: Absolute returns of the sample stocks from 01.01.2011 to 31.12.2020, Source: Own illustration 

 

The diagram displays the scale of our firms’ performance, measured as percentage of invested 

capital. The S&P 500 index graph has a steady increase throughout the 10-year period, and our 

firms’ absolute return differs notably, both above and below this S&P index graph. We include 

the annualized weekly standard deviation as this, along with the absolute return, can offer valuable 
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insight. Standard deviation can provide awareness of past volatility of the stocks, where for 

instance stocks that stick closer to their means remain less risky because investors can more easily 

predict future outcomes (Bishop, 2020). 

GSK, Viatris and Perrigo all perform  below the S&P 500 market index, Viatris and Perrigo 

generate total negative absolute returns throughout the ten-year period. This tells us that the three 

corporations not only perform worse than the market, but Viatris and Perrigo also perform worse 

in 2020 than in 2011. However, the three firms have an increase in performance from 2011 to 

2015, where GSK stops its incline and continues generating this level of return until 2020. Viatris 

and Perrigo continued to increase slightly until 2016 where they both declined their absolute return 

by around 150% from 2015 to 2016. From the table, we are also informed that GSK has one of 

the lowest standard deviations out of the data sample, meaning the least variation in annualized 

weekly absolute returns. On the other hand, there are only two other companies with higher 

standard deviations than Viatris and Perrigo. Since the standard deviations are weekly and 

annualized subsequently, interpreting the high standard deviations for Viatris and Perrigo implies 

that there are larger weekly fluctuations than what the norm for the data sample suggests, implying 

high volatility for these stocks. 

There are two firms that stand out in performance of absolute returns. Vertex and Eli Lilly & Co. 

have significant increases compared to the rest of the firms. They both have a stable incline and 

an overall increase of around 550% throughout the ten-year period. Vertex has the highest standard 

deviation out of all the firms, while Eli Lilly & Co. has one of the lowest, only two firms generate 

a lower standard deviation in our sample. Interpreting this suggests a high variation in weekly 

absolute returns for Vertex and is therefore a high volatility stock. The case is though the opposite 

for Eli Lilly & Co. with few weekly variations and less volatile stock tendencies. 

Johnson & Johnson, Pfizer, Merck & Co., Bristol-Myers, Alexion are the middle performers out 

of the ten firms ranged by absolute returns. Their standard deviations vary quite significantly with 

a difference of 34,85% between Alexion and Johnson & Johnson, implying Alexion as a volatile 

stock and Johnson & Johnson as a significantly less volatile stock. However, the five 

pharmaceutical corporations have an average increase of 22,99% in absolute returns, all 

outperforming the market index. 
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6.1.1 Conclusion  

Vertex and Eli Lilly & Co. are the firms that perform the best out of all ten firms. They outperform 

the market by respectively 34,81% and 36,02% and stand out as the best investments without 

considering risk. When considering the risk element, Vertex is a riskier investment, but in return 

the firm generates a higher return than 8 of the other firms. On the contrary, Eli Lilly & Co. is a 

significantly less risky investment than Vertex, but still more risky compared to the market 

benchmark. In summary, the firms signal significant differences in terms of absolute returns. 

 

 Return St. Deviation 

JNJ 23,43% 19,50% 

Pfizer 20,48% 26,70% 

Merck & Co. 20,23% 30,43% 

Eli Lilly & Co. 55,56% 25,31% 

Bristol-Myers 22,84% 28,30% 

GSK 6,33% 24,20% 

Vertex 54,35% 55,68% 

Alexion 27,95% 54,32% 

Viatris -1,88% 36,83% 

Perrigo -2,73% 33,80% 

S&P500 19,54% 16,22% 
Table 9: Annualized absolute returns and standard deviations, Source: Own illustration 

 

6.2 Sharpe and Treynor ratio 

Sharpe and Treynor are two popular ratios to measure the risk-adjusted return of an asset. Both of 

the ratios are explained in detail in Chapters 4.2 and 4.3. Both Sharpe and Treynor calculate the 

excess return over the risk-free rate of return per unit of risk. The differences between the two 

ratios are the unit of risk used to denominate the ratios. While Sharpe ratio uses the standard 

deviation of the excess return, the Treynor ratio uses the market beta as the unit measure of risk. 

Here, we have used the adjusted market beta of the weekly returns over the ten-year period from 
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01.01.2011, collected from the Bloomberg terminal made available by CBS. The adjusted beta is 

adjusted towards the market, under the assumption that an asset’s true beta will move towards the 

market average (Western Libraries, 2019). 

 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑏𝑒𝑡𝑎 = 0,67 ∗ 𝑅𝑎𝑤 𝑏𝑒𝑡𝑎 + 0,33 ∗ 1,0 (14) 

These ratios allows us to gain an overview over the risk-adjusted returns of our assets, while using 

the S&P500 as a benchmark for our findings. 

6.2.1 Sharpe ratio 

Table 10 shows the calculated ten-year Sharpe ratios for the ten companies included in the data 

sample. The Sharpe ratios are calculated by using the ten-year excess return divided by the 

standard deviation of the weekly excess returns. 

 

 Sharpe Ratio    

J&J 3,42 2 Median 3,13 

Pfizer 3,26 3 Average 2,53 

Merck & Co. 3,05 8 Maximum 3,96 

Eli Lilly & Co. 3,96 1 Minimum -0,54 

Bristol-Myers 3,24 4 Better than benchmark 1 

GSK 3,10 6 Positive Sharpe 8 

Vertex 3,02 7   

Alexion 3,16 5   

Viatris -0,40 9   

Perrigo -0,54 10   

S&P500 3,91    
Table 10: Ten-year sharpe ratio, Source: Own illustration 
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We see from the table that the average Sharpe ratio of the companies is high, according to 

(Fernando, 2021) a Sharpe ratio of above 1,0 is considered high, however “investors will often 

compare the Sharpe Ratio of a portfolio relative to its peers''. This point is underlined when 

comparing the Sharpe ratios of our sample companies with the benchmark index. We see that only 

one of our sample companies has a higher return per unit risk than the S&P 500, according to the 

Sharpe ratio calculations. On the other hand, the risk-adjusted return of all the companies with a 

positive value are considered high, while the two with a negative risk-adjusted return also have 

low loss-to-risk ratio. 

6.2.2 Treynor Ratio 

Table 11 shows the Treynor ratios for our sample companies. These ratios are calculated using the 

ten-year excess returns of the stocks divided by the ten-year market beta of the weekly returns. 

 

 Treynor Ratio    

JNJ 2,57 4 Average 2,64 

Pfizer 2,42 6 Median 2,49 

Merck & co. 2,57 4 Maximum 7,22 

Eli Lilly & co. 7,22 1 Minimum -0,44 

Bristol-Myers 2,09 7 Better than benchmark 7 

GSK 0,59 8 Positive Treynor 8 

Vertex 6,86 2   

Alexion 2,80 3   

Viatris -0,31 9   

Perrigo -0,44 10   

S&P500 1,89    
Table 11: Ten-year Treynor ratio, Source: Own illustration 
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We see from the table that compared to the benchmark index, S&P 500, seven of the sample stocks 

have a higher return per unit of risk measure. These results are made under the assumption that 

the real market beta of the S&P 500 is 1,0, and as we can see from Table 11 only one of the sample 

stocks have a higher adjusted beta than 1,0, meaning that almost all of the included firms have a 

lower stock volatility than the market. 

 Raw Beta Adjusted Beta 

J&J 0,634 0,756 

Pfizer 0,732 0,822 

Merck & co. 0,642 0,761 

Eli Lilly & co. 0,645 0,764 

Bristol-Myers 0,711 0,807 

GSK 0,675 0,783 

Vertex 0,831 0,887 

Alexion 0,947 0,965 

Viatris 1,093 1,062 

Perrigo 0,965 0,977 

Table 12: Adjusted and raw beta, Source: Bloomberg terminal 

 

Further, we see from Table 11 that compared to the Sharpe ratio calculations there is a larger 

variation in the Treynor ratios of the stock returns. While we cannot directly compare the Sharpe 

ratio results to the Treynor ratio results, we see that compared to the other companies, the smaller 

firms such as Vertex and Alexion have a considerably higher Treynor ratio than Sharpe ratio. 

6.2.3 Conclusion on Sharpe and Treynor ratio 

While the Sharpe and Treynor ratios provide little information towards finding the answer to our 

research question, we do get an indication towards how our high-intensity R&D sample stocks 

perform in terms of risk-adjusted returns compared to a market benchmark. The findings are 

conflicting. On one hand the Treynor ratio results show that most of the sample stocks have a 
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higher excess return per unit of risk compared to the market benchmark, while the Sharpe ratio 

results show the opposite for every stock except one. We see from the results that the two largest 

companies, Johnson & Johnson and Pfizer, are on the high-end of both of the ratios. Further, it is 

cemented by the result of Sharpe and Treynor ratios that Eli Lilly & Co. was the best investment, 

in terms of risk-adjusted return, of the sample stocks in the ten-year period. 

 

6.3 Capital Asset Pricing Model (CAPM) 

The first regression model we use to investigate the performance of our sample stocks is the capital 

asset pricing model (CAPM), which is a basic one-factor model used to investigate the 

performance of a stock in relation to the market. The CAPM is the first of several factor-models 

we employ in our analysis of the sample stocks. We explained the theory behind the model in 

Chapter 4.4, and the main objective of this model is to determine the stocks’ market beta and 

annualized weekly alpha. We use the annualized alpha for the factor models, because investors 

often are interested in annualized numbers when making an investment decision. 

Further, the CAPM allows us to determine the volatility of our sample stocks in relation to the 

overall market. As explained in Chapter 5 we have used the weekly market premium, and weekly 

risk-free rate, extracted from the database of Kenneth R. French, meaning our CAPM regression 

model looks like this: 

 𝑟𝑖 − 𝑟𝑓 = 𝛼𝑖 + 𝛽𝑖
𝑚𝑟𝑘𝑡(𝑟𝑚 − 𝑟𝑓) (15) 

Where 𝑟𝑖 is the weekly return of stock 𝑖, and 𝑟𝑓 and 𝑟𝑚 − 𝑟𝑓 are factors collected from the Kenneth 

R. French database. 

The results of our CAPM regressions are presented in Table 13, and show that every 

alpha(intercept) except one is not statistically significant. In the CAPM the intercept is often called 

the Jensen’s alpha, and is a measure to determine whether an asset has outperformed the market 
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average (Chen, 2020a). This means that with the exception of Eli Lilly & co., none of our sample 

stocks can be concluded to have performed better than the market, in terms of weekly returns in 

the sample period. Following this we see that three of the sample stocks have negative alpha 

values, which could mean that the stocks have underperformed in regards to the market average. 

However, these values are not significantly different from zero, meaning that we cannot conclude 

with statistical significance. 

 

 ann. α  βmrkt  Adj. R2 

J&J 0,044  0,599 *** 0,376 

Pfizer 0,032  0,695 *** 0,330 

Merck & Co. 0,043  0,600 *** 0,262 

Eli Lilly & Co. 0,120 * 0,609 *** 0,210 

Bristol-Myers 0,041  0,688 *** 0,234 

GSK -0,030  0,639 *** 0,319 

Vertex 0,170  0,829 *** 0,081 

Alexion 0,066  0,931 *** 0,173 

Viatris -0,110  1,080 *** 0,259 

Perrigo -0,111  0,941 *** 0,233 

      

 Significance levels   

 10%  *   

 5%  **   

 1%  ***   
Table 13: CAPM regression with annualized alpha, Source: Own illustration 

 

Table 13 shows that the weekly betas of every stock in our sample is statistically significant to the 

one-percent level. We also see that the calculated betas using the CAPM is similar to the betas 

used in the calculations of the Treynor ratio in Chapter 6.2.1, collected from Bloomberg terminal, 

in terms of size and trend. Further, we see a trend that the firms with the largest market cap also 
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have the smallest beta, which is in line with the theory of Fama & French (1992) that there is 

added volatility to smaller capitalized companies compared to larger capitalized companies. The 

average market beta of the sample companies in the CAPM regression is 0,761, underlining the 

fact that our R&D intense sample stocks have a lower volatility than the market average. 

Moreover, Table 13 shows that the basic CAPM has a significant explanatory power on the excess 

returns of most of our sample stocks. With the exception of Vertex and Alexion, the R2 is over 

20% for all of the sample stocks. The mean R2 for the regression model is 24,77%, and the median 

value is 24,64%. This means that the explanatory power of the CAPM is fairly big for the excess 

return of our sample stocks. We will continue to discuss the R2 and adjusted R2 in further factor 

models where we add additional factors to try to strengthen the explanatory power of our models. 

6.3.1 Conclusion on the CAPM 

In conclusion, the results of our capital asset model regression shows little evidence that our R&D-

intense sample stocks have outperformed the market. However, the results show that most of the 

stocks in the sample tend to have a lower volatility than the market. In addition, the firms have a 

statistically significant relationship with the market premium, as one could expect. The model also 

shows to have considerable explanatory power for the excess returns of the sample stocks. 

 

6.4 Fama-French three-factor model 

The first multi-factor model we apply on our data is the Fama-French three-factor model. The 

model is an extension to the single-factor model CAPM, developed by Fama & French under the 

assumption that the market premium is a too simple way to try to determine the price of an asset. 

We explained the theory behind the model in Chapter 4.5, and here we implement it on our sample 

stocks to see if we can increase the explanatory power of our models. 

We see from Table 14 that none of the alphas of the stocks are significant. The alpha in the Fama-

French three-factor model can be interpreted as a measure to see if the stock has outperformed the 

market, with regards to the additional SMB and HML portfolio returns. This means that with a 
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positive, significant alpha, the stock will have outperformed a benchmark consisting of long and 

short positions of the various assets, depending on whether the market premium beta, SMB beta 

and HML beta have positive or negative values. The alpha values from the three-factor model are 

similar to those in the CAPM in Chapter 6.3, both in size and sign. However, the values of the 

alphas in the model are all insignificant, meaning we cannot conclude much from these results. 

 

 ann. α  βmrkt  βSMB  βHML  Adj. R2 

J&J 0,027  0,667 *** -0,344 *** -0,139 *** 0,414 

Pfizer 0,016  0,745 *** -0,209 ** -0,162 ** 0,343 

Merck & Co. 0,022  0,661 *** -0,242 *** -0,205 *** 0,284 

Eli Lilly & Co. 0,082  0,701 *** -0,251 ** -0,447 *** 0,267 

Bristol-Myers 0,017  0,740 *** -0,086  -0,311 *** 0,253 

GSK -0,049  0,687 *** -0,152 * -0,206 *** 0,336 

Vertex 0,103  0,917 *** 0,264  -1,006 *** 0,132 

Alexion 0,011  1,032 *** -0,044  -0,752 *** 0,220 

Viatris -0,101  1,017 *** 0,448 *** -0,020  0,267 

Perrigo -0,119  0,934 *** 0,181  -0,153  0,235 

          

 Significance levels       

 10%  *       

 5%  **       

 1%  ***       
Table 14: Fama-French three-factor regression with annualized alpha, Source: Own illustration 

 

From Table 14 we see that once again all of the market betas are significant, and different from 

zero. However after inclusion of the SMB and HML factors, the market beta of Alexion has 

increased to over 1, meaning that according to the three-factor model the systematic volatility of 

the stock is higher than the market when including the SMB and HML factors to the regression 
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model. This is underlined for the whole data sample when finding that the average market beta of 

the three-factor regression model is increased to 0,810, an increase of 6,5% on average. The only 

stocks with a lower market beta in the three-factor regression than the CAPM are the two 

companies with the lowest market capitalization, Viatris and Perrigo. 

By including the SMB and the HML factors we investigate the risk exposure of our sample stocks 

to portfolios consisting of long positions on small cap stocks and short positions on large cap 

stocks, and long positions on high book-to-market stocks and short positions on low book-to-

market stocks. We can see from our findings that most of the SMB betas are negative. This is in 

line with the theories of Fama & French (1992), since our sample firms are firms with a relatively 

large market capitalization. We also see that the only company with a statistically significant 

positive SMB beta is Viatris, who is in the small-end in terms of market capitalization in our data 

sample. 

Moreover, the HML betas in the three-factor regression are all negative, meaning that the stocks 

have a volatility sensitivity towards the high minus low portfolio that is negative. In addition, the 

stocks of the largest companies in our samples have a low absolute value of the HML beta, which 

tends to mean a low book-to-market (growth stock). Further, we see that the stocks with a 

significant HML beta with the lowest market capitalization also have the highest absolute value 

of beta, which tends to mean a higher book-to-market ratio (value stock). 

In addition, when looking at the explanatory power of our three-factor regression, we see that the 

explanatory power of all of our sample stocks have increased when introducing the SMB and HML 

factors in the model. The average adjusted R2 has increased to 27,49%, an increase of 2,72 

percentage points. The increase in explanatory power is small, but significant, with an average 

increase of 11%. However, we see that the increase of explanatory power is large for some of the 

companies, and almost non-existent for Perrigo with an increase in adjusted R2 of 0,2 percentage 

points. On the other side, for Eli Lilly & Co. the explanatory power increased by 5,7 percentage 

points. 
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6.4.1 Conclusion on the Fama-French Three-Factor model 

In conclusion, the three-factor model increases the explanatory power of the model on the excess 

returns on all of our sample stocks by introducing the SMB and HML factors. This is in line with 

the theories of Fama & French (1992), where they claimed that the CAPM is too simple when 

trying to explain the excess returns of stocks using only the market premium rate. Adding to this 

we see that most of the SMB and HML betas are significantly different from zero, and that the 

market betas of the model have increased for almost all of the stocks in our sample. Lastly, with 

no significant annual alphas, there is not much that indicates that our R&D intense stocks have 

outperformed the market according to the three-factor model. 

 

6.5 Fama-French-R&D Four-factor models  

In order to test the explanatory power of R&D intensity on our selected firms’ stock prices, we 

include an additional factor and create a new statistical model, a four-factor model. As the 

pharmaceutical industry has one of the highest R&D intensities, we add an R&D-factor into our 

model to test if the explanatory power of the stock price increases as we suggest in the introduction. 

We construct the Fama-French-R&D four-factor models with different denominators, as we find 

it to be natural and logical to test R&D as a percentage of both market cap and revenue. 

Followingly, this is supported by the methodology of studies such as Chan et al. (2001) and Li 

(2011). We create eight R&D models, four by market capitalization and four by revenue. Within 

the two categorical denominators, there are four versions in total. Three versions with a lag and 

one version with no-lag. Thus, we create Model 1 for R&D with respect to market cap and Model 

2 for R&D with respect to revenue. The lags are created as the ten-year weekly change in R&D 

intensity one, three and ten years prior to the sample period of the excess returns. This means that 

a one-year lagged R&D factor uses weekly changes in intensity from 01.01.2010 to 31.12.2019. 
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6.5.1 Fama-French-R&D Four-factor model by market capitalization; Model 1 

6.5.1.1 Model 1 with no lag 

GSK, Viatris and Perrigo have negative alphas for all our models, also the model including R&D 

intensity. Interpreting this indicates that the firms perform worse than the rest of the market. The 

values are however not significant, and one cannot conclude that the alphas are statistically 

different from zero. Therefore, this should not be heavily weighted. 

There are two significant alphas in our four-factor model. These alphas tell us that Eli Lilly & Co. 

and Vertex are significantly different from zero by respectively a 95% and 99% certainty, and we 

can conclude that there are high chances that these firms outperform the market. The rest of the 

firms have positive alphas, but are not significantly different from zero. Thus, we are not able to 

conclude if they actually outperform the market. 

One interesting finding when interpreting the alphas for the CAPM, three-factor and four-factor, 

is that the significance level of Eli Lilly & Co. and Vertex changes when we insert the additional 

factors into the models. The alpha of Eli Lilly & Co. is significantly different from zero at a 95% 

level in our CAPM model, not significantly different from zero in our three-factor model, and 

changes again into being significantly different from zero at a 99% level in our four-factor model. 

Going from not being significant in the three-factor model, to becoming significant in the four-

factor model after including the R&D-factor constructed from market cap, can mean that we can 

only conclude, by a 95% certainty, that Eli Lilly & Co. outperforms the market when the effect of 

R&D intensity is included into our model. The same goes for Vertex. Vertex outperforms the 

market by a 99% certainty level, only when we include the R&D-factor computed from market 

cap into our explanatory model. We cannot conclude anything about performance of Vertex 

compared to the market in the CAPM nor in the three-factor model.  

All of the R&D betas are negative in Model 1 with no lag. If the absolute value of the R&D beta 

is high, then the company is more prone to greater changes. A negative R&D beta means that 

when the R&D intensity increases, the excess return of the company will decrease. In other words, 

an increase of 1% in R&D intensity will lead to a decrease of 0,687% for Vertex, but only a 

decrease of 0,079% for Johnson & Johnson. The ten companies all have quite low R&D beta, 
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meaning changes in R&D expenses does not heavily affect their excess return. Vertex on the other 

hand has the highest beta of 0,687, implying that changes in R&D expenses affects Vertex on a 

bigger scale than the other companies. Nine out of the sample’s ten firms have significant betas, 

and we can conclude that all firms except for GSK will decrease their excess returns when 

increasing R&D expenditures with respect to market cap. As for GSK, we cannot conclude 

whether the excess return will increase or decrease when altering R&D intensity.  

The other factors also change when including the new R&D factor. For the HML beta, there are 

no big changes. However, the absolute value of the HML beta for Vertex decreases by a 

considerable 0,726 change after including the new factor. This implies that the excess return is not 

explained by HML in the scale that the three-factor model suggests. The HML beta has also 

changed its significant level from a 99% to 95% certainty of being different from zero.  

The SMB factor is less significant for Viatris and Pfizer after including the R&D factor, and is no 

longer significantly different from zero for Eli Lilly & Co. In other words, we cannot explain the 

excess return from the SMB factor for Eli Lilly & Co., and we are less certain about the 

explanatory power of the factor affecting Viatris and Pfizer. 

The adjusted R2 increases significantly for several of the firms in Model 1 with no lag from the 

three-factor model. Viatris and Vertex have an increase of respectively 0,255 and 0,503 in the 

explanatory power of the independent variables of the dependent variable. An increase in adjusted 

R2 when independent variables are added into the model, means that these variables contribute in 

explaining the variance of the excess return. The big increase of Viatris and Vertex tells us that 

R&D is important in explaining excess return for the two firms. The adjusted R2 decreases for 

GSK, meaning that including the R&D factor weakens the model. 

6.5.1.1.1 Conclusion 

The changes from the three-factor model to the four-factor model tells us that including the R&D 

factor leads to a higher explanatory power for all firms’ excess return. This means a lower excess 

return when increasing R&D expenditures, except for GSK, when we base our R&D calculations 

on market cap. 
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6.5.1.2 Model 1 with one-year lag 

Incorporating a one-year lag into our regression models helps us to test if the effect of R&D 

expenses on the explanatory variable changes after one year. In this model, there are no alphas 

significantly different from zero, meaning we cannot conclude whether or not the companies 

outperform or fall short compared to the market one year after investing in R&D. The alpha of Eli 

Lilly & Co. and Vertex change from being significant in the previous model, to not being 

significant when we incorporate the one-year lag.  

The R&D betas in this model have changed remarkably after we incorporated the one-year lag. In 

Model 1 with no lag, all of the betas were negative. When investigating the effect one year after 

the investments, eight of the companies do now have positive betas. A positive beta means an 

increase in excess return when increasing R&D expenditures, which is the opposite of what the 

three-factor model indicates. The R&D betas are however not significantly different from zero, 

except for Eli Lilly & Co. and Pfizer. This implies that the interpretation of a positive beta, 

 
ann. α  βmrkt  βSMB  βHML  βR&D  Adj R2 

J&J 0,040  0,611 *** -0,319 *** -0,125 *** -0,079 *** 0,446 

Pfizer 0,043  0,636 *** -0,155 * -0,131 ** -0,139 *** 0,431 
Merck & 
Co. 0,041  0,622 *** -0,243 *** -0,192 *** -0,073 *** 0,356 
Eli Lilly & 
Co. 0,106 ** 0,458 *** -0,093  -0,263 *** -0,347 *** 0,498 
Bristol-
Myers 0,033  0,693 *** -0,106  -0,272 *** -0,087 *** 0,302 

GSK -0,048  0,690 *** -0,151 * -0,205 *** -0,010  0,335 

Vertex 0,248 *** 0,293 *** -0,033  -0,280 ** -0,687 *** 0,635 

Alexion 0,085  0,914 *** -0,111  -0,694 *** -0,189 *** 0,337 

Viatris -0,004  0,680 *** 0,272 ** 0,062  -0,319 *** 0,522 

Perrigo -0,063  0,751 *** 0,153  -0,085  -0,144 *** 0,347 

            

 Significance levels         

 10%  *         

 5%  **         

 1%  ***         
Table 15: Model 1 with no lag, Source: Own illustration 



6. Empirical results  68 

meaning an increase in excess return when increase in R&D expenses, does not hold for the 

majority of our sample. It only holds for Eli Lilly & Co. and Pfizer. 

A stimulating finding from the four-factor Model 1 with a one-year lag, is that the coefficients 

from the market factor, SMB factor and HML factor now appear like the coefficients in the three-

factor model. The beta values have changed back to similar values as in the three-factor model, 

before we added any R&D factor. Meaning, the effect of R&D investments does not move the 

other factors’ effect on excess return to a large extent, if we look at the effect one year after the 

R&D investments. 

The Adjusted R2 changes minimally for all companies except for Eli Lilly & Co, Viatris and 

Vertex. Their respective decrease in adjusted R2 are 0,228, 0,253 and 0,505. The change from 

Model 1 with no lag to Model 1 with one-year lag means that the four factors now explain the 

variance in excess return for Eli Lilly & Co, Viatris and Vertex worse, compared to when we 

included R&D investments with no lag. 

6.5.1.2.1 Conclusion 

When checking for effects of R&D investments one year post, Eli Lilly & Co. and Pfizer increase 

their excess returns one year after investing in R&D. For the rest of our sample, we cannot 

conclude on the one-year effect of R&D investments, when we base our R&D calculations on 

market cap. 
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 ann. α  βmrkt 
 βSMB 

 βHML 
 βR&D 

 Adj. R2 

J&J 0,0262  0,667 *** -0,341 *** -0,140 *** 0,018  0,415 

Pfizer 0,0152  0,739 *** -0,202 ** -0,159 ** 0,037 ** 0,348 

Merck & Co. 0,0220  0,661 *** -0,243 *** -0,204 *** 0,002  0,283 

Eli Lilly & Co. 0,0839  0,701 *** -0,244 ** -0,447 *** 0,049 * 0,270 

Bristol-Myers 0,0149  0,739 *** -0,082  -0,314 *** 0,021  0,255 

GSK -0,0485  0,687 *** -0,151 * -0,205 *** -0,013  0,335 

Vertex 0,1030  0,915 *** 0,263  -1,006 *** 0,011  0,130 

Alexion 0,0121  1,032 *** -0,044  -0,752 *** -0,005  0,218 

Viatris -0,1048  1,010 *** 0,450 *** -0,005  0,037  0,269 

Perrigo -0,1206  0,934 *** 0,178  -0,156  0,009  0,234 

            

 Significance levels         

 10%  *         

 5%  **         

 1%  ***         
Table 16: Model 1 with one-year lag, Source: Own illustration 

 

6.5.1.3 Model 1 with three-year lag 

We construct a three-year lag model in addition to the one-year lag model to further test for short-

term R&D effects. We supplement the one-year lag with a three-year lag because as discussed in 

Chapter 5 the effects of R&D investments often take time before they are observable. To properly 

be able to confirm or reject a short-term relationship between excess return and R&D, we check 

for two different lags.  

The interesting findings from this model compared to the model with a one-year R&D lag, is that 

the R&D coefficients for Eli Lilly & Co. and Pfizer are no longer significantly different from zero. 

Meaning, we can say with respectively 90% and 95% certainty, that their excess returns increase 

one year after R&D investments, but we cannot tell if the excess return changes three years after 

the investment. For the remaining companies, we cannot state a relationship between R&D and 

excess return from the three-year lag model. 
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6.5.1.3.1 Conclusion 

In summary, the model does not show a relationship between R&D and excess return for any of 

our sample’s firms. It does however show that comparing the R&D model with one-year lag to the 

R&D model with three-year lag, ends the explanatory power of R&D intensity for Eli Lilly & 

Co.’s and Pfizer’s excess return. The model’s adjusted R2 is fairly constant, thus Model 1 with 

one-year lag and Model 1 with three-year lag explain the firms’ total excess returns equally well. 

 

 ann. α  βmrkt 
 βSMB 

 βHML 
 βR&D 

 Adj. R2 

J&J 0,027  0,667 *** -0,344 *** -0,139 *** -0,003  0,413 

Pfizer 0,016  0,746 *** -0,211 ** -0,160 ** 0,006  0,342 
Merck & 
Co. 0,022  0,661 *** -0,241 *** -0,205 *** 0,001  0,282 
Eli Lilly & 
Co. 0,082  0,701 *** -0,251 ** -0,447 *** -0,003  0,265 
Bristol-
Myers 0,014  0,743 *** -0,078  -0,314 *** 0,021  0,255 

GSK -0,048  0,686 *** -0,153 * -0,205 *** -0,008  0,335 

Vertex 0,103  0,917 *** 0,263  -1,008 *** -0,005  0,130 

Alexion 0,005  1,028 *** -0,039  -0,755 *** 0,029  0,221 

Viatris -0,102  1,018 *** 0,451 *** -0,021  0,004  0,265 

Perrigo -0,119  0,937 *** 0,183  -0,156  0,031  0,237 

            

 Significance levels         

 10%  *         

 5%  **         

 1%  ***         
Table 17: Model 1 with three-year lag, Source: Own illustration 

  

6.5.1.4 Model 1 with ten-year lag 

To capture any potential long-term effects of invested R&D, we construct a model with a ten-year 

lag. Chan et al. (2001) argue that a five-year lag for R&D effects on pharmaceutical firms is 

insufficient, we therefore test for ten years. 
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Johnson & Johnson’s R&D factor is after incorporating a ten-year lag now significantly different 

from zero. This means that we can say with 90% certainty that Johnson & Johnson will increase 

their excess return by 0,024 for every invested R&D unit, ten years after the initial investment. 

The lag adjustments show us that Johnson & Johnson only has significant R&D factors directly 

after, and ten years after an R&D investment.  

6.5.1.4.1 Conclusion  

Johnson & Johnson is the only company reacting to R&D investments ten years post, as there are 

no significant changes in the rest of the coefficients’ values. Furthermore, the adjusted R2 has not 

changed after implementing the new lag, hence this model explains the companies’ excess return 

equally well as Model 1 with one-year lag and Model 1 with three-year lag. 

 

 ann. α  βmrkt 
 βSMB 

 βHML 
 βR&D 

 Adj. R2 

J&J 0,022  0,664 *** -0,339 *** -0,144 *** 0,024 * 0,416 

Pfizer 0,019  0,747 *** -0,217 ** -0,159 ** -0,004  0,343 
Merck & 
Co. 0,023  0,661 *** -0,241 *** -0,205 *** -0,003  0,283 
Eli Lilly & 
Co. 0,084  0,700 *** -0,247 ** -0,445 *** 0,006  0,265 
Bristol-
Myers 0,008  0,736 *** -0,074  -0,318 *** 0,031  0,255 

GSK -0,053  0,686 *** -0,148 * -0,208 *** 0,005  0,335 

Vertex 0,086  0,931 *** 0,267  -1,003 *** 0,045  0,134 

Alexion 0,009  1,033 *** -0,036  -0,756 *** -0,003  0,218 

Viatris -0,102  1,016 *** 0,457 *** -0,019  -0,004  0,266 

Perrigo -0,115  0,920 *** 0,207  -0,153  -0,020  0,236 

            

 Significance levels         

 10%  *         

 5%  **         

 1%  ***         
Table 18: Model 1 with ten-year lag, Source: Own illustration 
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6.5.1.5 Conclusion on the effects of R&D intensity by market capitalization  

From Model 1 with no lags, we get an increase in adjusted R2, which leads us to conclude that 

introducing an R&D-factor contributes in explaining our firms’ excess return. Consequently, the 

effect of doing so generates an indication of reduced excess return for every invested R&D unit, 

when studying the effect directly after the investment. This however does not count for GSK.  

Further, when implementing a one-year lag on the R&D-factor, the explanatory power of the 

regression model weakens significantly for Eli Lilly & Co, Viatris and Vertex. We want the 

adjusted R2 to be as close to 1 as possible, and this leaves us with the theory that R&D affects Eli 

Lilly & Co, Viatris and Vertex more directly after the investment, than one year later.  

Moreover, we check for short-term effects three years parallelly with the one-year model. When 

introducing a three-year lag on the R&D-factor, the output confirms that we cannot confirm a 

relationship between R&D investments three years post, like we could for Eli Lilly & Co and 

Pfizer one year post. 

Lastly, we find that Johnson & Johnson increases their excess return by 0,024 for every invested 

R&D unit after incorporating the ten-year lag to test the long-term effects. We also find that we 

cannot generalize any R&D effect on excess return ten years after the investment for the rest of 

our nine pharmaceutical companies. 

To conclude on which four-factor R&D model that has the highest explanatory power on excess 

return for our sample, we choose the model with the highest adjusted R2. Model 1 with no lag has 

an adjusted R2 of 0,421, which is remarkably higher than the adjusted R2s for the other three 

models. In other words, when measuring R&D expenditures by market cap, the regression model 

that measures R&D effects directly after the investment, explains the ten pharmaceutical 

companies’ excess return the best. 

 

 



6. Empirical results  73 

 Average Adj. R2 

Model 1 (no lag) 0,421 

Model 1 (1 year) 0,276 

Model 1 (3 year) 0,275 

Model 1 (10 year) 0,275 

Three-factor model 0,275 
Table 19: Average adjusted R2 for Model 1, Source: Own illustration 

 

6.5.2 Fama-French-R&D Four-factor model by revenue; Model 2 

6.5.2.1 Model 2 with no lag 

The model’s alpha values are almost identical to the three-factor model, and not significantly 

different from zero. Interpreting these results gives us reason to believe that all firms except GSK, 

Viatris and Perrigo essentially outperform the market. Yet, we cannot conclude on this because of 

the insignificant values. 

The beta coefficients from the three-factor model are also very alike the betas from this model. 

Comparing Model 2 with no lag to the three-factor model, the only change is that Pfizer’s market 

premium beta is now significantly different from zero by 95% certainty instead of 99%, after 

including the R&D intensity measured by revenue. However, this percentage change in 

significance is minimal, and thus considered irrelevant for our overall interpretation.  

Additionally, all R&D factor betas are positive. This implies that for every invested R&D unit, all 

firm’s excess return will increase directly after. Counter to Model 1 with no lag, in Model 2 with 

no lag we cannot conclude on a relationship between R&D expenditures for the sample’s excess 

return directly after investing, because the betas are insignificant. 
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The values of the model’s adjusted R2 are also close to the three-factor models, meaning that the 

model when R&D is taken into account does not explain excess return better. In fact, there are no 

notable differences. 

6.5.2.1.1 Conclusion  

For the constructed R&D four-factor Model 2 with no lag, there are interestingly enough no 
significant R&D-factor betas, meaning none of the ten companies react to an R&D investment 
directly after.  

 

 ann. α  βmrkt 
 βSMB  βHML 

 βR&D 
 Adj. R2 

J&J 0,026  0,666 *** -0,346 *** -0,141 *** 0,028  0,413 

Pfizer 0,016  0,745 ** -0,210 ** -0,162 ** 0,005  0,342 

Merck & Co. 0,022  0,661 *** -0,242 *** -0,206 *** 0,008  0,282 

Eli Lilly & Co. 0,080  0,700 *** -0,249 ** -0,450 *** 0,237  0,267 

Bristol-Myers 0,019  0,739 *** -0,084  -0,312 *** 0,045  0,253 

GSK -0,049  0,688 *** -0,151 * -0,206 *** -0,014  0,334 

Vertex 0,097  0,919 *** 0,267  -1,002 *** -0,033  0,130 

Alexion 0,011  1,033 *** -0,044  -0,751 *** -0,025  0,218 

Viatris -0,101  1,017 *** 0,448 *** -0,020  0,014  0,265 

Perrigo -0,121  0,938 *** 0,199  -0,156  -0,098  0,235 

            

 Significance level         

 10%  *         

 5%  **         

 1%  ***         
Table 20: Model 2 with no lag, Source: Own illustration 

 

6.5.2.2 Model 2 with one-year lag 

After implementing a one-year lag on the R&D-factor for Model 2, our output tells us that we now 

with a 4% higher probability can conclude that the market premium beta for Pfizer is contributing 

to increasing their excess return. Now we can state with a 99% certainty that with a larger market 

premium comes a higher excess return for all of the firms.  
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Also, Bristol-Myers’ R&D-factor is now significantly different from zero at a 95% certainty level. 

This explains that one year after investing in R&D, Bristol-Myers increases their excess return by 

0,17 for every R&D unit. As for the rest of our sample, when we account for R&D measures 

computed from revenues, we cannot conclude on any effect of R&D investments one year after 

the initial investment. The remaining significant beta coefficients have not changed considerably 

compared to the previous model, hence not deliberated on any further. 

Lastly, the adjusted R2 has not changed considerably after implementing the one-year lag, and 

explains the firms’ excess return at the same certainty level as Model 2 with no lag.  

6.5.2.2.1 Conclusion  

After altering the R&D multi-factor model with a one-year lag, our results confirm a significant 

R&D-factor beta for Bristol-Myers. This shows us that the company’s excess return reacts to R&D 

investments, however the effect is not observable before a year after the initial investment. 

 ann. α  βmrkt 
 βSMB 

 βHML 
 βR&D 

 Adj. R2 

J&J 0,025  0,668 *** -0,345 *** -0,144 *** 0,060  0,414 

Pfizer 0,016  0,745 *** -0,209 ** -0,162 ** 0,003  0,342 
Merck & 
Co. 0,022  0,661 *** -0,242 *** -0,205 *** 0,007  0,282 
Eli Lilly & 
Co. 0,078  0,703 *** -0,249 ** -0,451 *** 0,129  0,266 
Bristol-
Myers 0,011  0,744 *** -0,095  -0,326 *** 0,170 ** 0,260 

GSK -0,048  0,688 *** -0,154 * -0,207 *** 0,023  0,334 

Vertex 0,117  0,918 *** 0,260  -0,999 *** 0,065  0,131 

Alexion 0,012  1,030 *** -0,051  -0,744 *** -0,142  0,220 

Viatris -0,101  1,019 *** 0,459 *** -0,013  0,117  0,267 

Perrigo -0,118  0,933 *** 0,194  -0,143  -0,142  0,237 

            

 Significance level         

 10%  *         

 5%  **         

 1%  ***         
Table 21: Model 2 with one-year lag, Source: Own illustration 
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6.5.2.3 Model 2 with three-year lag 

After accounting for a three-year lag for our R&D-factor, Bristol-Myers’ R&D-factor beta is no 

longer significantly different from zero, and we cannot conclude on a relationship between the 

investment and an absolute change in excess return three years post. The same goes for the rest of 

our sample, except for Viatris. From this model we are able to state that three years after an R&D 

investment, when accounting for revenue, Viatris’ excess return increases by 0,201 for every 

invested unit. The remaining significant beta coefficients have not changed considerably 

compared to Model 2 with one-year lag, hence not deliberated on any further.  

The adjusted R2 has not changed considerably either, consequently the firms’ excess return is 

explained at the same certainty level as Model 2 with no lag and Model 2 with one-year lag. 

6.5.2.3.1 Conclusion  

Adjusting the lag to a three-year interval, Viatris’ R&D-factor is now significant and we observe 

a reaction from the initial investments on their excess return. Model 2 with a three-year lag is the 

only R&D-factor model, conducted from revenue, Viatris’s excess return responds to with 

significance. 
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 ann. α  βmrkt 
 βSMB 

 βHML 
 βR&D 

 Adj. R2 

J&J 0,025  0,667 *** -0,348 *** -0,143 *** 0,054  0,414 

Pfizer 0,016  0,746 *** -0,209 ** -0,160 ** -0,021  0,342 
Merck & 
Co. 0,022  0,662 *** -0,246 *** -0,206 *** -0,023  0,283 
Eli Lilly & 
Co. 0,080  0,702 *** -0,251 ** -0,449 *** 0,061  0,266 
Bristol-
Myers 0,023  0,737 *** -0,080  -0,308 *** -0,073  0,254 

GSK -0,050  0,687 *** -0,150 * -0,205 *** -0,043  0,335 

Vertex 0,107  0,918 *** 0,258  -1,003 *** 0,034  0,130 

Alexion 0,004  1,038 *** -0,049  -0,752 *** -0,151  0,221 

Viatris -0,101  1,018 *** 0,445 *** -0,021  0,201 * 0,269 

Perrigo -0,120  0,931 *** 0,181  -0,151  -0,060  0,234 

            

 Significance level         

 10%  *         

 5%  **         

 1%  ***         
Table 22: Model 2 with three-year lag, Source: Own illustration 

 

6.5.2.4 Model 2 with ten-year lag 

After including the ten-year lag, the R&D-factor beta for GSK has changed into being significantly 

different from zero with a 95% certainty. This means that we can conclude for every invested 

R&D unit, GSK will now decrease their excess return by 0,216. This is the first time GSK has a 

significant R&D beta, out of all of the R&D adjustments for each four-factor model. Interpreting 

this means that we can only confirm a relationship between R&D and excess return for GSK ten 

years after the initial investment. This is also the model GSK has the highest adjusted R2, and 

therefore the model that explains the variance in the company’s excess return the best out of all 

our constructed regression models. Viatris is no longer significantly different from zero after this 

model adjustment, hence we cannot confirm an effect on excess return caused by R&D ten years 

after the investment. The same counts for the rest of our data sample. There are no noteworthy 

changes in the alphas or the other factor betas after this model adjustment. 

Adjusted R2 has not changed considerably, thus Model 2 with a ten-year lag explains the sample’s 

excess return with the same explanatory power as all four Model 2, regardless of lags. 
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6.5.2.4.1 Conclusion  

The long-term adjusted R&D-factor model unveils GSK as the only company where excess return 

is affected ten years after investing in R&D expenditures. 

  ann. α  βmrkt 
 βSMB 

 βHML 
 βR&D  Adj. R2 

J&J 0,026  0,667 *** -0,346 *** -0,143 *** 0,048  0,414 

Pfizer 0,015  0,746 *** -0,214 ** 0,169 ** 0,084  0,344 
Merck & 
Co. 0,019  0,662 *** -0,245 *** -0,207 *** 0,016  0,283 
Eli Lilly & 
Co. 0,078  0,702 *** -0,254 ** -0,450 *** 0,176  0,266 
Bristol-
Myers 0,011  0,743 *** -0,088  -0,317 *** 0,094  0,253 

GSK -0,042  0,688 *** -0,146 * -0,201 *** -0,216 ** 0,341 

Vertex 0,098  0,918 *** 0,276  -1,000 *** 0,047  0,131 

Alexion 0,012  1,031 *** -0,053  -0,752 *** 0,021  0,219 

Viatris -0,102  1,015 *** 0,449 *** -0,016  -0,071  0,266 

Perrigo -0,122  0,933 *** 0,176  -0,154  0,054  0,234 

            

 Significance level         

 10%  *         

 5%  **         

 1%  ***         
Table 23: Model 2 with ten-year lag, Source: Own illustration 

 

6.5.2.5 Conclusion of the effects of R&D intensity by total revenue 

From the four models using R&D intensity by revenue as a fourth factor we get few conclusive 

indications of a clear relationship between the excess returns of our sample companies and R&D 

intensity as a percentage of total revenue. We have tested the sample companies’ excess return 

against R&D intensity by total revenue with and without lagged data. In total in these four models 

only three of the R&D betas, spread out on three different models, are significantly different from 

zero. These significant betas belong to Bristol-Myers in the model with one year lagged R&D 

factor, Viatris in the three year lagged model, and GSK in the ten year lagged model. 

We further notice that two of the significant R&D betas are positive, implying a positive 

relationship between an increase in R&D intensity and excess returns for these companies. For 
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Bristol-Myers we see that there is a small positive relationship with a beta of 0.170, which is 

significant to the five percent level to the one-year lagged R&D intensity. Following, we see that 

for Viatris there is a positive relationship between the excess returns and the three-year lagged 

R&D intensity levels, to the ten percent significance level. On the other side, GSK shows a larger 

negative relationship between the excess returns and the ten-year lagged R&D intensity, with an 

R&D beta of -0,216. 

Looking at the explanatory power of our R&D intensity by revenue models, we see that on average 

the inclusion of the R&D intensity factors does not add much to the explanatory power of our 

models. Looking at Table 24 we see that there is almost no change in the adjusted R2 from the 

three-factor model after including the R&D intensity factors. 

 Average Adj. R2 

Model 2 (no lag) 0,2740 

Model 2 (1 year) 0,2753 

Model 2 (3 year) 0,2746 

Model 2 (10 year) 0,2749 

Three-factor model 0,2749 

Table 24: Average adjusted R2 for Model 2, Source: Own illustration 

 

In addition, we see that even when the beta of the R&D intensity factor is statistically different 

from zero, the explanatory power of the model does not increase by a large amount. For Bristol-

Myers, the adjusted R2 increased to 0.260 in the one-year lagged Model 2 from 0.253 in the three-

factor model. The adjusted R2 increased from 0.267 in the three-factor model to 0.269 in the three-

year lagged Model 2. Lastly, for GSK the adjusted R2 rose from 0.336 in the three-factor model 

to 0.341 in the ten-year lagged Model 2. 
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Further, we see that none of the alphas of the regression models including R&D intensity by 

revenue are significantly different from zero. In addition we observe that the alphas change very 

little with the inclusion of the R&D intensity factors, further cementing the conclusion that the 

R&D intensity factor in regards to total revenue has a large impact on the regression models. 

In conclusion, we observe that it is hard to find evidence from our Model 2 that the changes in 

R&D intensity by total revenue has an impact on the stocks excess return. Most of the parameters 

of the regressions used in this chapter point towards this same conclusion, and we cannot draw a 

conclusion that the R&D intensity by total revenue has an effect on the excess returns of our 

sample stocks, with or without lags. 

6.5.3 Summary of multi-factor models 

To conclude our multi-factor analysis we review the different regression models used in our 

analysis to find which models best reflect what we aim to investigate in our research question. We 

have conducted regressions on our sample companies through eight different four-factor models, 

that includes the element of R&D intensity. By comparing the results of our regression models we 

hope to get further understanding of the findings of our analysis. 

The first thing that is apparent when comparing the different regression models is that Model 1 

with no lag is the one with the far greatest explanatory power of the eight. As we can see from 

Table 25, the adjusted R2 is fairly similar to that of the three-factor model for most of our four-

factor models. This means that the inclusion of our fourth R&D intensity factor does little to add 

to the explanatory power of our models, with the exception of the no-lag Model 1. It is apparent 

that the inclusion of a no-lag R&D intensity factor, calculated as a percentage of market cap, 

increases the explanatory power of the model significantly. We discuss theories and reasoning 

behind these findings in Chapter 7. 
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Model Average Adj. R2 

Model 1 (no lag) 0,4208 

Model 1 (1 year) 0,2756 

Model 1 (3 year) 0,2745 

Model 1 (10 year) 0,2750 

Model 2 (no lag) 0,2740 

Model 2 (1 year) 0,2753 

Model 2 (3 year) 0,2746 

Model 2 (10 year) 0,2749 

Three-factor 0,2749 

Table 25: Average adjusted R2 for Model 1, Model 2 and three-factor, Source: Own illustration 

 

Moreover, when looking individually at the stocks the same conclusion is strengthened. From 

Table 26 we see that Model 1 with no lag has the most explanatory power of almost every one of 

our sample stocks, the exception being GSK who has a stable and low adjusted R2 for all of the 

four-factor models. 
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Model 1 
(no lag) 

Model 1 
(1 year) 

Model 1 
(3 year) 

Model 1 
(ten year) 

Model 2 
(no lag) 

Model 2 
(1 year) 

Model 2 
(3 year) 

Model 2 
(10 year) 

J&J 0,446 0,415 0,413 0,416 0,4129 0,4138 0,4136 0,4135 

Pfizer 0,431 0,348 0,342 0,343 0,3420 0,342 0,3421 0,3436 

Merck 0,356 0,283 0,282 0,2825 0,2824 0,2824 0,2827 0,2826 

Eli Lilly 0,498 0,270 0,265 0,2654 0,2670 0,2658 0,2655 0,2658 

BM 0,302 0,255 0,255 0,2552 0,2527 0,2597 0,2535 0,2531 

GSK 0,335 0,335 0,335 0,3354 0,3344 0,3344 0,3346 0,3411 

Vertex 0,635 0,130 0,130 0,1339 0,1302 0,1311 0,1303 0,1305 

Alexion 0,337 0,218 0,221 0,2182 0,2181 0,2203 0,2207 0,2193 

Viatris 0,522 0,269 0,265 0,2656 0,2651 0,2665 0,2694 0,2655 

Perrigo 0,347 0,234 0,237 0,2356 0,2353 0,2373 0,2339 0,2340 

Table 26: Adjusted R2 for all multi-factor models, Source: Own illustration 

 

The theory that most of the R&D factors included in our models adds little to explain the excess 

returns of our sample stocks is further underlined by looking at the significance of the R&D betas 

in our four-factor models. Excluding Model 1 with no lag, only six of the betas in the other models 

are significant to the 10 percent value or less. These significant betas are spread across five 

different of the seven relevant models, and six different stocks, showing no trend towards 

strengthening the models’ relevance. 

It is apparent that when looking at the average explanatory power of the different models, adding 

lags to the R&D factor has little impact on the models. However, there are some individual 

differences when looking at the betas of the R&D factors. In Model 1, Johnson & Johnson has 

insignificant beta values for the one-year and three-year lagged R&D factors, but has a positive 

significant beta for the ten-year lagged R&D factor. This might imply that increases in R&D 

intensity has a positive impact on the company’s excess returns ten years later. Further we see that 

when adding a one-year lag to Model 1 changes the R&D factor betas for Pfizer and Eli Lilly & 
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Co. to positive values, from negative in the no-lagged version, implying a positive one-year 

relationship between increases in R&D intensity and excess returns. 

For Model 2, using R&D by total revenue, we see similar effects for some individual companies 

when adding lags to the R&D intensity factors. For Model 2, it is apparent that none of the 

companies have significant betas for the no-lag version of the model, however when adding one-

year lag, Bristol-Myers have a significant positive beta. This implies that an increase in R&D 

intensity by total revenue may have a one-year positive effect on the company’s performance. 

Followingly, the same applies for Viatris when adding three-year lag, where a positive significant 

R&D beta appears. Implying a positive relationship for the stock’s performance. On the other side, 

a negative relationship between the ten-year lagged R&D intensity by total revenue and the 

performance of the GSK stock. 

When comparing the two R&D intensity factors used in our models, we see that they do not give 

us the same conclusions. What is apparent is that none of the R&D factor betas are significant for 

the same companies with the same years of lag. Meaning that the two R&D factors do not 

strengthen each conclusion of the relationship between R&D intensity and stock performance. 

This does not strengthen the theory that there is a real relationship between changes in R&D 

intensity and the excess returns on the stocks. Thus it is hard to conclude on which one of the R&D 

intensity factors best explains the relationship between R&D expense and stock performance. It is 

apparent that to explain the immediate effect of changes in R&D intensity to excess return, R&D 

intensity as a percentage of market capitalization has the highest explanatory power. However, 

when it comes to short-term and long-term effects, the two R&D intensity measures show almost 

no difference in explanatory power between the R&D factors. 

Furthermore, the significance of the annualized alphas in our multi-factor models are also non-

conclusive. We observe that only the no-lagged model one shows significant intercepts for two of 

the stocks in our sample, one of which was also significant in the capital asset pricing model 

regression. 

In conclusion, the primary finding of our analysis is that the R&D factor that shows the most 

explanatory power in our models is the no-lagged R&D by market capitalization factor. Our model 

1 with no lag shows the highest adjusted R2 of any of our models, also beating the CAPM and 
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Fama-French three-factor models. Further we observe that this factor has a negative relationship 

to the excess returns of our sample stocks. We discuss these findings further in Chapter 7, where 

we discuss our results. 

6.6. Robustness of results 

In Chapter 4.9 we explained possible implications of running OLS regressions on our data sample. 

The most apparent implications being the danger of multicollinearity and heteroskedasticity, along 

with possible outliers in the data sample. We then explained the precautions taken to ensure that 

the OLS assumptions hold for our data. We have tested for high levels of correlations between the 

regressors used together in different models to ensure no multicollinearity. Further we applied HC 

standard errors in our regressions to defend against heteroskedasticity in our sample. Lastly, we 

explained that any outliers in the regressand is relevant for our tests because a very high or low 

excess return in a period only means that a stock has performed very good or very bad in a given 

period and the data point should not be excluded from the sample. 

In conclusion, we assume that the assumptions of the OLS regression are fulfilled, and thus also 

assume that the results of our regressions are robust. 
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7. Discussion 

Chapter 4 introduced the models we construct the thesis on. Then, Chapter 5 described the data 

set on which these models are applied. The findings and implications above need to be seen in 

context with a complementary discussion, where our constructed theoretical framework based on 

literature, is employed. The discussion will consider the impact of R&D investments for our 

sampled companies, and the effect of performance for pharmaceutical companies compared to the 

performance of the market index. The chapter is completed with a section where the effects of 

COVID-19 might have had on the pharmaceutical industry is discussed. 

7.1 Summary of key findings 

In order to explore our thesis topic, we used OLS regression and conducted ratio calculations from 

the renowned Sharpe and Treynor to analyze stock prices in the pharmaceutical industry. We 

selected the ten pharmaceutical corporations on the U.S. stock exchange with the highest market 

capitalization, and excluded all firms that do not produce prescription drugs and medications.  

Though the main purpose of this thesis is to analyze risk-adjusted return, we started by introducing 

absolute return as it is a simple way of getting an indication of stock price reactions over time. The 

findings from this section indicate that GSK, Viatris and Perrigo are the firms that fall short 

compared to the market, whereas Vertex and Eli Lilly & Co. outperform the other firms, as well 

as the market index. 

To address the risk-adjusted element for the paper, we began by presenting results from the Sharpe 

and Treynor ratio, two risk-adjusted measures. These are the least time consuming and simplistic 

measures for our risk-adjusted performance analysis. We base the Sharpe and Treynor ratio as 

well as our constructed regression models on historical observations. Because the regression 

models are constructed on more observed data, they are less prone to individual observations 

compared to the Sharpe and Treynor ratio.  

The results from the Sharpe ratio exposed Eli Lilly & Co. as the only firm performing better than 

the benchmark. The Treynor ratio however illustrates that seven out of our ten companies 

outperform S&P 500. In other words, the findings contradict each other. While the Sharpe ratio 
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tells us that only one pharmaceutical firm outperforms the market, the results from the Treynor 

ratio explain that the majority of our sample does. This reflects an impression that generalizing 

the pharmaceutical industry, firms will outperform the market. Comparing the other risk-adjusted 

return estimators, CAPM is the only factor model that supports both Sharpe and Treynor ratio’s 

results of uncovering Eli Lilly & Co. as the company that outperforms the market. 

The multi-factor models do not have significant alphas, which means they cannot give an 

indication on outperformance of the market index that we can base our generalizations on. 

This means that after analyzing the risk-adjusted returns from the Sharpe ratio, Treynor ratio, 

CAPM, the three-factor or the four-factor regression models, there are no clear evidence that 

pharmaceutical firms perform better than the market. 

Moreover, we constructed an R&D-factor with respect to both market cap and revenue as we found 

both to be rational denominators. The regression models with an R&D-factor incorporated, would 

test to which extent the excess return would respond to R&D investments. Our findings from this 

testing revealed entirely different results after applying the two altered R&D-factors. For the 

R&D-factor constructed by market cap, the results implied a high explanatory power for the R&D 

model with no lags, and moderate explanatory power for the R&D models with lags. However, 

for the R&D model constructed by revenue, the model with no lags did not explain the companies’ 

excess return any better than the models with lags incorporated. 

For the next part, all of the above-mentioned key findings will be discussed in detail. Essentially, 

they will be discussed in relation to the literature review from Chapter 3. 
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7.2 Discussion of key findings 

This chapter is split in two parts. We start by discussing our findings by in context with the studies 

presented in Chapter 3, and end with discussing our findings in regards to the research question 

and sub-questions of this thesis.  

7.2.1 Discussion of findings and previous studies 

Our research concludes that there is no significant relationship between our R&D intense 

pharmaceutical stocks and high excess returns. This is in line with the conclusion of Chan et al. 

(2001), where they claim that when looking at R&D intensity as a percentage of sales the stocks 

tend to have low returns historically and are categorized as “glamour stocks”. However, in contrast 

to our research, Chan et al. (2001) concludes that companies with high R&D intensity as a 

percentage of market capitalization significantly outperforms the benchmark index used in the 

study. Thus, companies with high R&D intensity should consistently outperform the market. This 

thesis finds no evidence to support this claim, as only one company (Eli Lilly & Co.) shows 

consistent measures that perform better than the market benchmark. 

Further, a considerable amount of the previous literature argues that there may be a positive 

relationship between high R&D intensity and excess returns (e.g. Sougiannis, 1994; Chan et al., 

2001). However, many of the previous studies also imply that there are other factors that could be 

the reason behind these findings. Sougiannis (1994) concludes that the effect of R&D investments 

on excess returns are mainly caused by an indirect effect on the companies’ revenue, supporting 

our findings that the direct effect of R&D investments on excess returns are small or non-existent.  

Moreover, Eberhart et al. (2004) finds that an unexpected increase in R&D spending has a 

tendency to generate future abnormal returns. The paper concludes that the effect of an unexpected 

increase of investments is more important as a value driver than general high spending on R&D. 

This could support our findings that R&D intensity generally has little effect on the stocks’ excess 

returns. 

With the exception of Eli Lilly & Co., only the results from the Treynor ratio calculations show a 

tendency that our pharmaceutical sample stocks outperform the market in terms of risk-adjusted 
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returns. Both Sharpe ratio and the factor models conclude that the sample stocks do not 

significantly outperform the market. This contradicts previous studies that conclude that the high-

intensity stocks should perform better than the market average (Chan et al., 2001), however the 

results we see could also be industry specific. This is supported by comparing the absolute returns 

of the S&P 500 index and the S&P pharmaceuticals ETF, which is an exchange traded fund (ETF) 

that follows the S&P 500 pharmaceutical companies. In Appendix H we see that in the ten-year 

sample period, the pharmaceutical ETF has underperformed slightly compared to the S&P 500. 

This suggests that the underperformance of our sample stocks could be because of an industry 

trend. 

7.2.2 Discussion on the research question and sub-questions 

The purpose of this thesis was to establish what effect R&D has on the performance of U.S. 

pharmaceutical stocks. In the process of answering that question, we aimed to simultaneously 

answer three sub-questions: 

1. How important are R&D investments in the pharmaceutical industry? 

2. Have pharmaceutical stocks performed significantly better than the market? 

3. Is there a relationship between stock performance and R&D activity in the pharmaceutical 

industry? 

The first question was answered in Chapter 2 where we establish that the pharmaceutical industry 

is one of the most R&D intensive in the world, and that the industry has the highest R&D 

expenditure per employee in the world (Statista, 2020b). This implies that R&D investments are 

crucial to the pharmaceutical industry. 

We try to answer the second sub-question with the help of the measures of absolute return, Sharpe 

and Treynor ratios, CAPM and the Fama-French three-factor model. The conclusion of the 

findings is inconclusive. Absolute returns implies that most of the pharmaceutical companies used 

in our research outperform the market benchmark. However as stated in Chapter 6.1, absolute 

returns tell very little of the story behind the actual performance of a stock. The Treynor ratio 

supports the findings of the absolute returns, and shows that when using market beta as the unit of 

risk seven of our ten sample companies have outperformed the market. However, the rest of our 
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analysis does not strengthen that conclusion. The Sharpe ratio calculations show that when using 

standard deviation of the stocks’ excess return as the measure of risk, only one of our sample 

companies have performed better than the market benchmark in the sample period. When applying 

the CAPM, we end up with the same conclusion. Only one company has a significant Jensen’s 

alpha, which leaves the firm with  a higher risk-adjusted return than the market. Lastly Fama-

French three-factor model shows no significant alphas in the regression model, showing no 

evidence that the sample stocks perform better than the market.  

On the other hand, our results show no clear evidence of the opposite either, that the 

pharmaceutical stocks in our sample have significantly underperformed in comparison to the 

market. As stated earlier, neither the CAPM regression nor the three-factor model regressions 

show any significantly negative alphas. The only measurement that shows a tendency that the 

sample stocks have performed worse than the market is the Sharpe ratio. In conclusion, we cannot 

conclude that there is a significant difference in performance of the pharmaceutical sample stocks 

and the market average performance. 

In regards to our third and final sub-question, we see almost no evidence that there is a significant 

relationship between a pharmaceutical firm and its R&D activity. Overall our findings are 

inconsistent, and do not point towards a direct relationship between the two. This is in line with 

the findings of Sougiannis (1994), who claims that the direct R&D effect on stock performance is 

small. The conclusion of our results is that the findings do not show a significant relationship for 

the pharmaceutical companies used in our research. One reason behind this could be that R&D 

investments are a crucial part of the pharmaceutical industry, which could mean that changes in 

R&D intensity has less of a signaling effect in the pharmaceutical industry than in other industries. 

It could be that the indirect effect that successful increases in R&D intensity has on increased 

future revenue is the only relevant effect in the R&D intensive pharmaceutical industry. 

An important finding from the conducted research in this thesis is that there are large differences 

between the largest pharmaceutical companies on NYSE and Nasdaq. We see from most of the 

models we have used in our analysis that the individual differences between the sample companies 

are large. Both in terms of absolute returns and risk-adjusted returns there are large differences of 

the performance of the stocks. One of the reasons behind this could be the size difference. In 

addition, we see that the influence of the R&D factors included in our models are significant on 
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individual levels. We see significant betas and increases in explanatory power for some companies 

in the inclusion of our models and see almost no change for other companies. 

The goal of this thesis was to find an answer to how R&D investments affect stock performance 

in the pharmaceutical industry. The reasoning behind the choice of this research question was 

based on an impression of R&D being  a crucial part of the pharmaceutical industry. However, as  

the effect of these large R&D investments seemed unclear to us, we wanted to study the impact of 

R&D on an industry where they play such an important role. 

The conclusion to the research question of this thesis is that we find no apparent effect of R&D 

investments on stock performance on large pharmaceutical companies. The exception being the 

inclusion of R&D intensity as a percentage of market capitalization without any lag. The results 

show a clear negative relationship for all of the sample companies. The reason behind this could 

be that the immediate effect of increases in R&D spending is negative on the stocks’ performance. 

However, since this is not backed up by similar results when using R&D as a percentage of total 

revenue, it is likely that the results we see are driven by the relationship between market 

capitalization and stock price. We discuss this further in the reflections on limitations in Chapter 

7.3. 

The results of our thesis is partially supported by Li (2011), who claims that the R&D effect only 

appears in financially constrained environments, and that the R&D effect may just be driven by 

the risk premium of financial constraints. In this paper we do not check for the levels of financial 

constraints of the companies, but the conclusion that the R&D effect is weak supports the findings 

of our analysis. Furthermore, Duqi et al. (2011) claims that the effect of R&D is weakened when 

introducing relevant factors such as board composition and involvement, accounting principles 

and law enforcement, supporting our findings that the effect of R&D on stock performance might 

not be relevant. 
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7.3 Reflections on limitations 

In this part we discuss and reflect upon the limitations of the research conducted in this paper. It 

is well known that all research has its limitations, and in this part we will discuss the most apparent 

limitations in our research paper. 

The goal of this paper is to find out if there is a direct effect of a pharmaceutical company’s R&D 

expense and the performance of their stocks. We decided to test this by using the historical data 

of ten of the largest pharmaceutical companies on the U.S. stock exchanges and test if there is a 

connection between their R&D investments and their stock performance. The tests we conducted 

ranged from absolute return and simple ratios like Sharpe and Treynor ratios, to more elaborate 

calculations using multi-factor regression. In our research methodology we build on already 

established research on the topic as presented in Chapter 3. However, where many previous studies 

have focused on differences between high-intensity R&D stocks versus low-intensity R&D stocks 

(e.g. Chan et al, 2001 & Duqi et al, 2011), we try to find a relationship between changes in R&D 

intensity in high-intensity stocks, and their performance. 

We use two R&D intensity measures, R&D expense as a percentage of market capitalization and 

total revenue. This is inspired by previous studies, which have used the same metrics to measure 

the R&D intensity of a company (e.g. Chan et al. 2001). These previous papers have largely used 

these measures to sort companies into categories from zero-R&D stocks to high intensity R&D 

stocks, and compared the performance of these assets over a period of time to investigate if there 

is a clear difference in performance. We have in this paper used the same measures as an 

explanatory variable in a Fama-French OLS regression to try to find a statistical relationship 

between the excess returns on these stocks and their investing into R&D. 

Further, with the inconclusive results of our regressions, we believe that these measures may be 

too simple to use as a regressor in a Fama-French OLS regression. When looking at the factors 

developed by Fama & French (1992), these are tested and elaborately developed to make sure 

there is in fact systematic risk connected to the SMB and HML factors. Due to our limited time 

on this thesis, we have not prioritized, and were not able, to do the groundwork to develop an 

equally systematic and precise R&D factor. However, we believe that these factors provide us 

with useful findings of the direct effect of increasing, and decreasing, R&D spending. 
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Due to the simplicity of our R&D factors we face the danger that there are spurious relationships 

in our findings in the regression models. It could be argued that the high explanatory power, and 

strong negative relationships between R&D intensity and excess returns in Model 1 could be due 

to the strong relationship between excess returns and market capitalization. It is well known that 

an increase in stock price, ceteris paribus, means an increase in market capitalizations, and 

subsequent decrease in R&D as a percentage of market capitalization. This is due to market 

capitalization equalling the total value of all stocks of the respective company. Followingly, it 

should be considered that any effects in Model 2 may be a manifestation of the effect of changes 

in total revenue on excess returns of the stocks. However, this should be a negative relationship, 

as an increase in total revenue has a negative effect on the R&D factor, but should have a positive 

effect on the stocks’ excess returns. This is why we have highlighted the importance that these 

two factors should come to similar conclusions to strengthen the statistical relationship 

established, before we can conclude with definitive results. 

Moreover we have used a fairly small data sample containing ten of the largest pharmaceutical 

companies on the U.S. stock exchanges, NYSE and Nasdaq. This means that the findings of our 

research cannot be generalized to the rest of the U.S. pharmaceutical industry. Further, by 

investigating stock performance of the last decade, we have only investigated the R&D effect in a 

financial market that is recovering and expanding following the financial crisis of 2007-2008. We 

cannot conclude that the same findings would occur in recession or crisis-like financial conditions. 

This is underlined by the conclusion that financial performance is not based on historical return 

(Berk & DeMarzo, 2017), meaning that the conclusions made in this paper are not directly 

transferable to other time periods. 

Lastly, even though we have picked out companies that have production of prescription drugs and 

other pharmaceuticals as their main business, there are still large differences in the companies 

included in our data sample. Some companies, such as Johnson & Johnson, produce health 

consumables like skin care products and shampoos in addition to their pharmaceutical products, 

while other companies solely develop produce medicals. In addition, some companies produce 

over-the-counter drugs, while other companies produce mostly pharmaceutical products used by 

hospitals in treatments. This results in large differences in what is included in the accounting 

information used in this paper, and hurts the comparability between the different companies. 
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In conclusion, there are several limitations to the research conducted in this paper. In spite of this, 

we believe the results we have found give interesting insight into the topic of the pharmaceutical 

industry and the relationship to R&D investing. 

 

7.4 Thoughts on further research 

Firstly, we believe that the findings of our research are interesting in that it contradicts important 

previous research on the topic. Our research shows that in an R&D intense industry, the effect of 

increases in R&D is not as apparent in terms of future excess returns (e.g. Chan et al., 2001; Duqi 

et al., 2011). 

The results of this thesis raises the question of  the R&D effect being industry-specific. Is the R&D 

effect more apparent in some industries than in others, and if so is there a significant difference 

between R&D intensive industries and industries with low R&D intensity? We believe further 

research on the topic should take this into consideration. This is specifically interesting with 

technological advancements. As stated earlier Chan et al. (2001) claims that their five-year 

perspective of R&D effect may be too much for the software industry, while it may be too short 

of a perspective for the pharmaceutical and medical industry. This conclusion strengthens the 

assumption that R&D effects are industry-specific, and that further research should acknowledge 

this. 

We believe that research on the effects of R&D investments and expenditures is scarce. There are 

some important studies that discuss the theme, but most of them are more than ten years old. We 

believe that the theme of R&D effects should be looked at with modern eyes, especially 

considering the huge technological advancements of the recent years. In addition, much of the 

previous research done on the subject of R&D effects on stock performance have concluded with 

a positive relationship without further discussion of possible spurious relationships. Duqi et al. 

(2011) and Li (2011) both conclude that there are other value drivers behind the R&D effect that 

may be more apparent than the direct effect of R&D investments on performance. We believe that 

further research on the subject should consider alternate factors that could influence the effect of 

R&D.  
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Moreover, many of the previous studies on R&D investments have not considered size difference 

and value premium as factors in regards to the performance of R&D intensive stocks. We see that 

many of the earlier studies (e.g. Sougiannis, 1994) have not considered the SMB and HML factors 

developed by Fama & French (1992). A likely reason behind this is that the Fama-French three-

factor model was new when some of the early studies were conducted. Another reason is that the 

Fama-French three-factor model is viewed as irrelevant when considering R&D effects. We 

believe that these factors should be considered when investigating effects of R&D on stock 

performance, and that the Fama-French regression model is useful when conducting research on 

stock performance and various factors that affect the performance of stocks. 

Furthermore, we believe that future research on the subject in the pharmaceutical industry should 

consider the implications of the COVID-19 pandemic. It should be considered that the pandemic 

may have had large implications on the pharmaceutical industry. This is underlined when we see, 

from Appendix E, that most of our sample stocks have performed better during the pandemic than 

before, and we believe that this should be reviewed in depth before concluding on why this is.  

Lastly, we believe that when conducting further research on the pharmaceutical industry it is 

important to acknowledge the large differences in the industry, where the largest companies in the 

industry also are some of the largest companies in the world (Murphy et al., 2020). In addition, 

there are also large differences between pharmaceutical companies in terms of products and 

segments, where a company like Johnson & Johnson has various types of products including 

shampoo and skin care products, whereas Alexion Pharmaceuticals are dependent on just the 

medicines and drugs they develop and distribute.   

 

7.5 Supplementary chapter on COVID-19 

The above-mentioned findings and implications need to be seen in context with the substantial 

impact COVID-19 has had on the world economy. The global pandemic hitting the world and the 

U.S. in the first quarter of 2020, changed the economic environment quickly from harvesting 

growth to entering recession. The year of COVID-19 has caused some businesses to suffer 

extensively, whilst others have thrived.  
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7.5.1 The U.S. Market  

“We are going to see economic data for the second quarter that’s worse than any data we’ve seen 

for the economy” (Long, 2020) Federal Chair, Jerome Powell said in a video news conference, 

underlining the expectations of what many thought would be a drastic year for the world economy. 

However, the development for S&P 500 throughout the year of 2020 shows a steady 17,13% 

increase compared to 2019. Appendix I illustrates our data sample’s stock price reactions to the 

COVID-19 outbreak, showing a decline for all ten firms when comparing reactions in March (right 

after the pandemic hit the majority of the U.S.) with two months prior. Comparing the S&P 500 

index for the fiscal years 2020 and 2019 however, 2019 had an increase of 28,97% in stock price 

growth. This is a 11,84% higher increase than for 2020, the year of the pandemic outbreak.        

7.5.2 Implications of COVID-19 on the data sample  

Despite of COVID-19, six of the firms from the data set generated positive change in stock price, 

whilst four of the firms produced negative absolute returns for 2020 (Appendix E). Johnson & 

Johnson, Pfizer, Eli Lilly & Co., Bristol-Myers, Vertex and Alexion have positive values for stock 

price change. The stock price of Johnson & Johnson decreased by 14,6% from January 2020 to 

March 2020. Yet, for  2020 as a whole, Johnson & Johnson increased their stock price by 12,56%, 

compared to 2019. This is a smaller increase than the previous year, which had an incline of 

15,02%. Although this could be a sign of the firm being affected by the pandemic, the year of 

2020 has not been particularly recessionary for Johnson & Johnson. However, 2015, 2016 and 

2018 were fiscal years proved to be in negative stock price growth, with respectively 7,39%, 

11,5% and -1,09% change. Hence, larger negative changes than compared to 2020. For Pfizer, 

2020 had a change in stock price of 9,32 percentage points more than in 2019. However for Pfizer, 

2019 is the only year out of the ten previous years that have resulted in lower stock price increase. 

This means that corona can have affected the fiscal year of 2020. 

For Eli Lilly & Co., 2020 generated the highest incline in stock price change compared to the past 

ten years. Bristol-Myers has had quite a significant reduction in stock price increase. Compared 

to the change in 2019, the firm has had a 30,5% reduction in growth. However, 2016 and 2018 

were both fiscal years of negative stock price change, thus less profitable growths than for the year 

of COVID-19. Moreover, Vertex 2020 reduced its stock price incline by 18,04% compared to 
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2019. However, as for all the firms mentioned above, Vertex also confirms past performance 

where the fiscal years 2011, 2015 and 2016 came out worse than 2020. Finally, Alexion is the last 

company in our sample that generated a stock price incline compared to the previous year. The 

firm has had a decline in stock price every year from 2015 until 2019, where 2020 turned the 

spiral. 2020 lead to an incline in stock price of 73,44% compared to the change in stock price of 

2019. 

Merck & Co., GSK, Viatris and Perrigo are the firms in our sample with a negative trend in change 

in stock price. Merck & Co.’s decrease of 6,93% from 2019 is the first year in two years Merck & 

Co. has had a decline of movements in stock price. Furthermore, GSK shows a decline of 16,37%, 

which is in line with Merck & Co. also the first time in several years the company has declined in 

value. Viatris weakened its price by 20,68% compared to 2019, but an improvement of 7,8% in 

change difference. Conversely, the firm shows a negative evolvement in stock price six out of the 

ten years of our time interval, implying a recession for the company that potentially is not caused 

by external factors. 

Thus, 2020 has been a year where 60% of our sample has performed better than in 2019, despite 

of COVID-19. It is difficult to distinguish the underlying reasons for why some pharmaceutical 

firms outperform themselves whilst others do not, without analysing this in depth. Fluctuations in 

performance are almost inevitable for most firms, where downturns and rises will come and go. 

The fluctuations in performance for our firms can be a reaction of instabilities in the economy, a 

direct effect of COVID-19 or entirely independent of the pandemic. When that is said, 40% of our 

sample performed worse than they did compared to the previous year. Yet, this seems to be the 

norm of our sample. In 2019, 30% of the total data sample performed worse than the previous 

year, whilst in 2018, 40% underperformed compared to the previous year. In other words, the fact 

that 40% of our collected sample of firms performed worse in 2020 compared to 2019 and fell 

short compared to S&P500, does not have to be linked to COVID-19. Previous fluctuations 

propose that this also could just be coincidental. As for the companies which outperformed their 

past year’s change in stock price, potential effects of COVID-19 could for example cause an 

increase of expected asset demand, increase in sales or increase in knowledge of the 

pharmaceutical industry. 
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The attention and publicity many pharmaceutical firms have gotten from being involved in the 

fight against COVID-19, can have contributed to an increase in demand for stock investments for 

the industry. By the law of supply and demand, increased demand of a stock can cause an increase 

in prices of that stock, and further lead to an increase in general for pharmaceutical firms.  

Furthermore, for some of the firms, growth in sales due to the pandemic can have contributed to 

growth in stock price for 2020. An example is Pfizer’s and Johnson & Johnson’s developments of 

the COVID-19 vaccine. Pfizer was the first actor to introduce a vaccine to the U.S. and European 

market and were subsidized with billions in 2020 by the Trump administration (Weiland et al., 

2020). This can have played a role in the 9,32% rise in change of stock price for Pfizer in 2020 

compared to 2019. Also, Johnson & Johnson was funded with over one billion dollars by the U.S. 

government. Although Johnson & Johnson’s annual stock price change was inclining less 

compared to the previous year, the funding can have contributed positively in spite of a worsening 

of stock price change. The change could possibly have declined in a larger scale if the funding did 

not take place. 

Lastly, an increase in general knowledge of pharmaceutical companies, both by professional and 

hobby investors worldwide, can additionally have contributed to an increase in demand for 

pharmaceutical stocks, and thus a price incline for some of the sample’s firms. 

Our estimation of the firms’ performance during corona appear to be different. The stock price 

change from 2020 fluctuate amongst our sampled firms, indicating no evident relationship 

between COVID-19 and stock performance. 
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8. Conclusion 

The purpose of this thesis is to answer the research question presented in Chapter 1.4: How do 

research and development affect stock prices in the U.S. pharmaceutical industry? The concluding 

results of this thesis show that there is no clear evidence of a significant relationship between R&D 

investments and stock performance in the pharmaceutical industry. However, the research found 

that there may be a significant relationship between R&D investments and stock performance for 

individual companies in certain time-periods. 

In order to answer the research question, we sought the answer to three sub-questions. The first 

question was: How important are R&D investments in the pharmaceutical industry? We saw from 

Chapter 2 that the pharmaceutical industry is one of the most R&D intensive industries in the 

world, and thus we can claim that R&D investments are crucial for the industry. This means that 

we can conclude that R&D is very important for the pharmaceutical industry. 

The second sub-question we wanted to find the answer to was: Have pharmaceutical stocks 

performed better than the market? With the results of our measures, we cannot conclude that 

pharmaceutical stocks outperform the market in the sample period of our thesis. We conclude that 

pharmaceutical stocks do not generate significantly different risk-adjusted return from the market. 

However, for most of the measures point towards that one of the companies in the sample has 

outperformed the market in the period. 

Lastly, the third sub-question: Is there a relationship between stock performance and R&D activity 

in the pharmaceutical industry? In the contents of our research, we found that there is no 

significant relationship between R&D and the performance of our sample stocks. However, we 

see a clear negative relationship between immediate changes in R&D intensity as a percentage of 

market capitalization and the performance of the stocks. This could be due to the spurious 

relationship between market capitalization and stock performance.  
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Appendix G -  Average research intensity of OECD countries in 2016, by industry 
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