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Abstract of Praxis

A Predictive Model for Biotech Companies’ Market Value Based on R&D
Investment

It is widely accepted that research and development (R&D) is key to a company’s
continued success. However, there are conflicting views whether an increased investment
in research and development leads to a better financial performance or market valuation,
probably due to the lack of easy to measure parameters which account for R&D success.
This research intends to quantify that relationship, developing a predictive model to
assess the right level of R&D investment that leads to a higher market valuation.

To test the hypothesis that there is a cluster of innovation variables that directly
impact market value, a clustering analysis was performed on data from companies listed in
the Nasdaq Biotechnology Index (NBI), between 2010 and 2019. Results from the
clustering analysis show two distinctive clusters that influence the response variable —
market valuation, one related to income (cash, cogs, earnings before interest, taxes,
depreciation, and amortization (EBITDA), gross profit, and revenue), and one related to
R&D investments and capital (assets, capital expenditure, invested capital, R&D expense).
These results demonstrate that there is a direct effect of R&D investment on market
valuation.

After classifying the variables through the cluster analysis, a predictive model was
built with the same data using Classification and Regression Tree (CART Regression), and
the results show that it can predict market valuation of NBI companies with an accuracy

above 90% both for the testing and the training sets (97.15% and 93.72% respectively).
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The results from the model also show that R&D expense has a very high relative
importance (97.6%) on the dependent variable, market valuation.

In summary, the predictive model developed in this research accurately predicts
market valuation of NBI companies, using company and economy/market specific
variables. Additionally, both the clustering analysis and the predictive model demonstrate

and quantify the relationship between R&D investments and valuation.
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Chapter 1—Introduction

1.1 Background

It is widely accepted that research and development is key to a company’s continued
success. This is evidenced by the high level of spending in R&D, with a total global
expenditure in 2017 of $2.2 trillion, and expected to continue growing at a rate of 3.6%
per year (Kalantonis, 2020). Additionally, companies across different industries spend on
average 7% of their total assets on R&D (Lee, 2019). Even during recession periods, such
as the 2008 stock market crisis or the Greek crisis of the late 2009, companies did not
reduce their level of investment in R&D (Singhal, 2020, Kalantonis, 2020), evidencing
the high value managers put on innovation.

However, there are conflicting views whether an increased investment in research and
development leads to a better financial performance or market valuation, probably due to
the lack of easy to measure parameters, which account for R&D success. Models have
been built using financial parameters such as annual R&D expense (Kalantonis, 2020),
R&D intensity (R&D expense/sales) (Lee, 2019), patent filing (Li, 2020), innovation
awards (Zhang, 2014), and even portfolio management strategies (Urhahn, 2014), but
there is lack of consensus on how to account not only for the total R&D investment, but
also for the efficiency and success of those R&D initiatives, which is crucial for

determining its impact on the company’s performance.



1.2 Research Motivation

In a constantly changing market, with new technologies being developed at high
speeds, companies are constantly reassessing their investment strategies to assign the
adequate resources to product differentiation and innovation, while still maintaining a
positive cash flow. This is especially challenging for publicly traded companies, where
investors are constantly scrutinizing the financial decisions of the company. Additionally,
in the biotechnology industry, research and development is expensive, takes a long time,
and many times leads to failure.

Even though the above-mentioned challenges are real in the biotechnology world,
this is also an industry that places high value on the possibility of a good outcome. A cure
to a disease, a device that is revolutionary, and clinical outcomes that positively impact
quality of life, are all exciting prospects that gain investors’ attention, evidenced by the
high, and continuously increasing, number of acquisitions, venture capital investments,
and initial public offerings for companies in this segment (DeFrancesco, 2021).

Investing in innovation and new technologies is key to maintaining a company on
the market (Singhal, 2020), and there is a relationship with future revenue (Sougianni,
1994), which will lead to higher market valuation. Several studies have been published
which studied the relationship between R&D and the company’s valuation, as detailed in
this Praxis’ literature review. Most of these studies conclude that there is a positive
relationship but haven’t been able to clearly quantify it in a model. This research intends
to quantify that relationship, developing a predictive model to assess the right level of

R&D investment that leads to a higher market valuation.



1.4 Problem Statement
There is not a clear relationship between R&D investment and the company’s
market value, hindering strategic decision making on resource allocation to R&D.

Even though many studies have researched the effect of innovation and R&D
investment on the market valuation of a company, there has been lack of consensus on a
quantifiable relationship (Singhal, 2020). There are conflicting views whether an increase
in R&D investment leads to an increase in valuation, and, on which parameters should be
considered to measure that relationship. As managers assign resources to different
company initiatives, the lack of a clear quantifiable effect of R&D investment on the
company’s performance leads to a decision-making process of which and how many
projects to fund to be based on intuition and not on a quantitative model (McCutchen,

1996).

1.4 Thesis Statement

A predictive model using R&D investment variables will determine the direct
relationship between R&D investment and the company’s market value.

Most of the published literature conclude that there is a positive relationship
between R&D investment and a company’s market valuation, but that relationship has
not been quantitatively assessed. A predictive model that utilizes the appropriate
variables, including parameters that characterize R&D investment, will quantify their
relationship, accurately predicting the effect on the dependent variable, which is market

valuation.



1.5 Research Objectives

Based on the gap in a quantification of the relationship between R&D investment
and company valuation, this research aims to bridge that gap by identifying the R&D
related variables that have an impact on valuation, as well as designing a predictive
model that captures the relationship between R&D investment and market valuation of
companies listed in the Nasdaq Biotechnology Index (NBI).

Through clustering, the variables related to R&D investment will be identified,
and at least an additional cluster of revenue related variables is expected. The
identification of these clusters will not only guide the variables to use in a predictive
model but will also support the proposal of R&D related variables impacting company’s
market valuation.

The research objectives are:

1. Identify the predictor variables related to R&D investment that affect the response
variable (market valuation). For this research, clustering will be used for
classification and identification of these R&D related variables, using historical
data of the companies listed in the Nasdaq Biotechnology Index.

2. Design a predictive model for market valuation for the companies listed in the
Nasdaq Biotechnology Index, using R&D investment variables.

3. Evaluate and validate the predictive capability of the model.

1.6 Research Questions and Hypotheses
The goal of this research is to develop a novel tool to quantify the impact and

relationship of R&D related variables to company’s performance, measured as market



valuation. The R&D criteria to utilize in the model need to be identified from the initial
data, and then its impact on the response parameter quantified for predictive capabilities.
Research Questions:
RQ1: What are the technology innovation variables that impact the market value
of companies listed in NBI?
RQ2: Can a regression model be built using the variables identified in question 1
to predict the market value?
Research Hypotheses:
RH1: There is a cluster of innovation variables that directly impact market value.
RH2: A regression model can predict market value of NBI companies with an

adjusted R-squared value higher than 80%.

1.7 Scope of Research

The scope of this research is limited to the 256 companies listed in the NBI as of
January 1%, 2022. Additionally, the predictive model will be built with data for those
companies for the period ranging from 2010 to 2019. Data will be obtained from
Compustat (Wharton Research Data Service), with a yearly periodicity, meaning one data
point per year for each variable; fifteen different possible predictor variables from each
company will be used as a starting point for the clustering analysis and model build up,
and market valuation at the end of each year as the response variable. Additional index
and market indicators will be included as possible covariates.

1.8 Research Limitations



This research is limited to the companies listed in the Nasdaq Biotechnology
Index; therefore, the model has not been validated in other industries, or on
biotechnology companies not part of this index. The model built in this study is limited to
data from 2010-2019, which excludes notable periods of crisis in the stock market, such
as 2008 and 2020, which could influence the model; nonetheless, the model was built on
data representative of normal operation, therefore, useful in the decision-making process
for the companies. Additionally, the R&D investment used in this research is merely
quantitative, accounting for financial parameters only, and does not account for the
quality of the research and development activities pursued by each company; the
financial parameters can be considered the most uniform way to compare companies,
since all reported data from public companies is subjected to an audit process, therefore
basing the model on reportable financial variables standardizes it across companies,

providing an object tool.

1.9 Organization of Praxis

This Praxis is divided into 5 chapters, the first chapter is the Introduction to the
research where the topic is introduced, and the research questions and hypotheses are
explained. In the second chapter, detailed Literature Review is provided addressing the
various studies that have been published on this topic. In the third chapter, the
Methodology is explained, detailing the data collection, model building, and data analysis
methodologies, including parameter selection, and process chosen to build the model. In

the fourth chapter, the Results obtained are summarized, explained and analyzed. Finally,



in the fifth chapter, the results from this research are discussed and final Conclusions are

presented, including main learnings, limitations, and future work.



Chapter 2—Literature Review

2.1 Introduction

Conlflicting views whether an increased investment in research and development
leads to a better financial performance or market valuation have been published
throughout the years. Additionally, the lack of consensus on how to measure innovation

and R&D success, has added to the discussion.

What determines a company’s performance has also been extensively studied, and
there is consensus that there are several joint causal factors (Capon, 1990), with multiple
covariates having been identified. Capon, Farley, and Hoenig (Capon, 1990) conducted a
meta-analysis of 320 published studies and concluded that multiple variables determine
the financial performance of a company, in a positive or negative way, and divided them
into three categories: environment, strategy, and organization, as shown in Figure 1.
Among the variables identified to positively impact performance, the amount of money

spent on R&D had a very strong relationship with increased profitability.



Environment

% Industry Concentration (+)

* Industry Growth (+)

% Industry Capital Investment(+)

% Industry Size (+)

% Industry Advertising(+)
Industry Imports (=)
Industry Minimum Efficient

Not Significant:

* Firm Size

Industry Diversification
Firm/Business Relative Price
Firm/Business Marketing Expense
Consumer vs. Industrial Sales
Firm/Business Inventory

Owner vs. Management Control

Scale (4)
Industry Geographic Dispersion(+)
Industry Barriers to Entry (+)
Industry Exports (=)

Industry Economies of Scale(+)

Strategy
* Growth (+)

* Capital Investment (-)

* Firm Advertising (+)

* Market Share (+)

* Research & Development (+)
Debt (-)

Diversification (=)

Quality of Product & Service (+)
Vertical Integration (+)
Corporate Social
Responsibility (+)

Financial
Performance
Profitability
Growth

Reduced Variability

Organization
Capacity Utilization (+)

* Confirmed in detail
in ANCOVA

Figure 1. Capon, Farley, and Hoenig meta-analysis results on variables that
determine financial performance.

Reproduced with permission from Capon, N., Farley, J., Hoenig, S. (1990).
Determinants of Financial Performance: A Meta-Analysis. Management Science 36(10),
1143-1159.

This literature review will summarize the different perspectives and models that
have been published, including different ways of accounting R&D’s importance and

R&D’s measurements, as well as for relating it to a company’s valuation.



2.2 Importance of R&D for a Company’s Success

The importance of scientific research and innovation has been widely studied,
even when quantification methods were not yet clearly established. As early as in 1959,
Nelson (Nelson, 1959) described the need to invest in scientific research, decouple it
from Academia, and create institutions where companies and individuals could invest in
early discovery phases. This was mostly related to outpacing the Soviet Union in the
development of high technologies, such as Sputnik, but Nelson makes the case on how

these investments would lead to improved economic outcomes.

Ho, Khe, and Ong (Ho, 2005) suggest that companies tend to prioritize investing
in R&D and advertising initiatives over other types of investments, due to the prospect of
leading to long-term growth. Ho, Khe, and Ong also suggest that R&D can be considered
an intangible asset, which provides differentiation, which gives a competitive advantage.
This view is shared by Lee and Lee (Lee, 2019), which argue that through investing in

R&D, companies can find new opportunities to stay ahead of the competition.

According to Zhang, Yu, and Xia (Zhang, 2012), business leaders consider
innovation critical to their success, and when surveyed, they consistently plan to continue
increasing their spend in R&D. This is evidenced by Lee and Lee (Lee, 2019), which
showed that in the United States, between 1991 and 2013, companies spent
approximately 7% of their total assets on R&D, even if the value of these R&D initiatives

are intangible and hard to measure.

10



Knott (Knott, 2008) highlights that in the United States, for companies in the 25
most R&D intensive industries, R&D expense comprises 5.8% of the company’s total
annual expense. In total, the United States spends 2.8% of its GDP in R&D, followed by

China, with 1.95% (Kalantonis, 2020).

The reason why R&D is highly valued in organizations according to Pegels and
Thimmurthy (Pegels, 1996) is because R&D leads to knowledge and technological
strengths that help determine the performance of the company. Urhahn and Spieth
(Urhahn, 2014) agree that higher technological innovation drives performance. On a
similar note, Danneels (Danneels, 2002) concludes from his field research in five high-
technology firms that innovation helps develop a company’s competences, which leads to

a continuous renewal, which is crucial to survive and prosper in a dynamic environment.

Literature and published data evidence that business leaders and investors agree
on the benefits of R&D, since R&D investments keep growing even during periods of
crisis, such as the 2008 financial crisis (Singhal, 2020), or even the tragic and uncertain
period following 9/11 (Kalantonis, 2020), and even with low success rates of innovation,
as VanGundy (VanGundy, 2007) points out, with only 4.5% success rates for innovation
initiatives across industries. Dugal and Morbey (Dugal, 1995) also studied two recession
periods, 1982 and 1990-1991, and concluded that companies that continue to invest in
R&D during a recession prevent sales from declining during those periods. They studied
over 100 publicly traded companies during each of those recession periods and concluded
that R&D intensity levels of over 3% prevent sales from declining, while R&D intensity
of over 5% of sales allows for the company to continue growing during the recession

periods.
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As Oriani and Sobrero (Oriana, 2008) concluded in their study of 290 companies
across 20 different manufacturing industries in the United Kingdom from 1989 to 1998,
even under conditions of high uncertainty, investors value the growth potential that R&D
investments create, and that is why there are high investments in R&D in highly growing,

but unpredictable, markets.

Additionally, in a survey of 1,000 publicly traded companies, carried out by Price
Water House Cooper in 2018, and published by Jaruzelski et al. (Jaruzelski, 2018), it was
shown that companies ranked as the most innovative companies, consistently
outperformed all other companies in the study. These companies outperformed all other
companies in the survey in all the performance indicators, including revenue and market

cap growth.

2.3 R&D in the Biotechnology Sector

Lee and Lee (Lee, 2019) point out that in the Biotechnology industry, future
success depends on the company’s ability to develop new products, and therefore their
R&D intensity is higher than for companies in other industries. Lee also points out that
the average development cost of a new product in this industry is $800 million, leading to
a high need for capital, which can only be obtained with higher market valuations. Knott
(Knott, 2009) adds to this narrative, adding that pharmaceutical products not only have
expensive developments, but also long regulatory approval periods, which leads to a
higher need for capital. McCutchen and Swamidas (McCutchen, 1996) estimate a lag of
8-10 years for commercial success of R&D initiatives for Biotechnology companies.

According to Lee and Lee (Lee, 2019), investors see these R&D investments as

12



anticipation for future increases in value, which are highly dependent on the success of
those initiatives, and that is why Biotechnology companies with financial losses still see

high valuations.

Chan et al. (Chan, 2002) agree with Lee and Lee’s assessment, and detail that by
the end of 1999, the technological and pharmaceutical sectors accounted for 40% of the
S&P 500 index value. Chan et al. highlights that these sectors, which include
Biotechnology, are high R&D spenders, with their R&D expense being much larger than
their earnings and have few tangible assets. Nonetheless, they agreed that the high
valuations of these companies are based on the prospect of these R&D investments
leading to successful new technologies, even if that success is unpredictable. Chan et al.
also attributes the high valuations to high media coverage of these industries, which could

lead to investors being overly optimistic about these breakthrough technologies.

In the 2018 survey of 1,000 publicly traded companies performed by Jaruzelski et
al. (Jaruzelski, 2018), the healthcare industry was determined to be the biggest spender in
R&D across all industries. They also conclude that the most innovative companies on

average outperform other companies.

2.4 How to Measure R&D Investments

As Knott (Knott, 2009) points out, there is no clear measurement of effectiveness
of R&D expense, therefore companies rely on intuition to determine their R&D budgets,
leading to most companies either over or under investing in R&D. Knott concludes that

the stock market penalizes both over and under investing, with each 10% increase over

13



the optimal R&D expense leading to a 6% decrease in market value. Knott presented the
Intelligence Quotient (IQ) parameter to determine the optimal R&D investment, which
defines a curve that relates R&D expense to revenue, with the peak being the optimal

amount.

There is agreement in literature that there is not one clear parameter to measure
R&D with regards to its influence on company’s performance or valuation. VanGundy
(VanGundy, 2007) explains the lack of a good measure as the fact that most parameters
only reflect a financial number but offer no insights into how successful those

innovations were.

Most researchers use R&D financial information as the independent variable, be
either R&D expense (Xiangyin, 2015; Goto, 2008; Kim, 2018; Erickson and Jacobson,
1992; Kalantonis, 2020; Johnson, 1993; Pindado, 2010; Zang, 2019; Chan, 2002;
Sougiannis, 1994; McCutchen, 1994; Hsu, 2020; Knott, 2009), or R&D intensity, defined
as the ratio of R&D expense to net sales or assets (Lee, 2019; Belderbos, 2010; Ho,
2005). Lee and Wu (Lee, 2016) propose using both R&D capital and R&D expense to
account for the long- and short-term effects of R&D. There is a benefit to utilizing both
capitalized and expensed R&D spending, and therefore there are conflicting views
whether R&D investments should be capitalized or expensed, and different companies

report them in different ways (Deng, 2006).

Some other researchers use other parameters to account for a company’s
innovation strategies. Durand et al. (Durand, 2008), Pegels and Thimmurthy (Pegels,
1996), and Li et al. (Li, 2020) used patent data, while Zhang, Yu, and Xia (Zhang, 2014)

studied innovation awards won by companies. A different perspective is presented by
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Urhahn and Spieth (Urhahn, 2014), which studied the portfolio management government
processes as indicator of firms’ successful performance. Others, such as Feeny and
Rogers (Feeny, 2003), have used a combination of innovation parameters, such as R&D

expense, patents, trademarks, and designs, to build their models for market valuation.

2.5 Relationship between R&D Investment and Company’s Performance/Valuation
Literature leans heavily towards a positive relationship between R&D and a
company’s valuation; however, there are still many conflicting views on the topic, and

not a clear model to account for the relationship.

In 2008, Durand et al. (Durand, 2008) studied French Biotechnology companies,
and concluded that their performance is negatively affected by their patent activity. Hall
(Hall, 1993) found that the expected cash flow of an R&D investment is four times lower
than the expected cash flow from other investments. On a similar trend, Erickson and
Jacobson (Erickson, 1992) concluded that market value is no more affected by R&D

investments than from other type of investment.

Kalantonis et al. (Kalantonis, 2020) analyzed 139 publicly traded companies in
the Greek stock market from 2006 to 2017 and concluded that R&D expenses do not
have a significant impact on the companies’ valuations. A similar conclusion was reached
by Chan et al. (Chan, 2002), who did not find a direct link between R&D expense and

future stock market valuation.

On the other hand, Singhal, Mahto, and Kraus (Singhal, 2020) performed a meta-

analysis on technology innovation and company performance and found a positive and
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significant impact between them. They also concluded that cultural and political aspects
play a role in this relationship, with a greater impact in countries with lower uncertainty,

but lower impact in countries with more stringent patent protection.

Expanding upon the positive relationship, Zhang, Yu, and Xia (Zhang, 2012),
studied more than 1,000 publicly traded companies from 1998 to 2003, using innovation
awards as the independent variable, and concluded that the market only rewards
commercially successful innovations, where companies that have won awards, meaning
that they have effective innovation programs, have higher revenue, more cost

efficiencies, and therefore higher market valuations.

The relationship between R&D and market valuation is also important in non-
technological industries, as shown by Zang and Zhu (Zang, 2019), who studied cultural
and creative enterprises in China from 2011 to 2013 and found a positive impact of R&D
investments on financial performance. Similarly, Hsu and Cohen (Hsu, 2020) analyzed
1,303 companies across 168 different manufacturing industries and concluded that R&D
has a positive impact on profit, but has a greater impact when markets are diverse,

complementary, and specialized.

Even though the relationship between R&D and performance has been shown to
be positive in different types of companies, the effect can be different. Xiangying et al.
(Xiangying, 2015) analyzed 10 years of data for 454 service firms and 1,101
manufacturing firms in China and concluded that the R&D impact on valuation is
positive, but stronger for service firms. Johnson and Pazderka (Johnson, 1993) also
conclude that there is a positive and significant relationship between R&D expense and

valuation for Canadian publicly traded companies; evidence from multiple countries,
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such as the United States, Greece, China, Australia, and Canada, suggests that the

relationship is not market specific, but can be generalized.

R&D investment and its relationship to performance has been discussed in terms
different than the total dollars spent. Pegels and Thimmurthy (Pegels, 1996) and Li et al.
(L1, 2020), found a positive impact of patents’ quantity and quality on market valuation.
Feeny and Rogers (Feeny, 2003) used not only patents, but also trademarks and designs,
as well as R&D expense from a sample of large Australian companies as their variables
and found a positive relationship with the company’s market value. Urhahn and Spieth
(Urhahn, 2014) also concluded that product portfolio innovativeness positively affects a

company’s performance.

Ho, Keh, and Ong (Ho, 2005) conducted a very robust study, including over
15,000 companies for over 40 years, and determined that high R&D intensity contributes
positively to the stock market valuation of the company for manufacturing companies,
but not for non-manufacturing ones. A similar dichotomy was also shown by Goto and
Sueyoshi (Goto, 2008) who analyzed Japanese manufacturing companies, and concluded
that there is a positive impact for the machinery industry, while a negative impact for the

electrical equipment industry.

Differences among companies in manufacturing was studied by Leiponen
(Leiponen, 2000), who compared Finnish manufacturing companies, separating them as
innovators and non-innovators, and the effect of competencies and innovation on
profitability. Leiponen found that for companies categorized as innovators, patenting and
education were key elements that drive profitability, while the profitability for non-

innovators was more related to past company performance, and industry specific
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economic variables. Leiponen concludes that for innovator type of companies, having the
skillsets to translate and communicate the R&D initiatives to other areas of the business
are crucial for success, and that is why higher levels of education, and more competencies

are highly valued.

Pinedo et al. (Pinedo, 2010) goes further to include firm characteristics as the
factors that determine R&D effectiveness. They conclude that size, growth, and market
share positively affect the effectiveness of R&D spending, while other factors such as
cash flow, dependance on external financing, and labor intensity have a negative impact;
additionally, they conclude that the valuation is dependent on residual income and R&D
spending. Ciftci and Cready (Ciftci, 2011) also concluded that company’s size plays a
role in the effect of R&D intensity on future earnings. They concluded that for larger
companies, there is lower volatility of the effect of R&D intensity on future earnings, and
conclude that R&D investment risks decline with scale, with larger companies having

lower risks.

Cho and Pucik (Cho, 2005) also agree on the positive influence of innovation, and
they additionally propose a relationship with quality in order to sustain higher company’s
performance. They hypothesize that it is not only important to bring innovative products
to market, but also bringing high quality products have a positive impact on the company.
They conclude that innovativeness drives growth, quality drives profit, and therefore,

both drive higher market valuations.

The concept that investors value innovation as a future growth generator and
therefore it drives the company’s valuation was also studied by Hendricks and Singhal

(Hendricks, 1997), who assessed the effect that delays in introducing new products have
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on market valuation. They used a sample of 101 firms that had publicly announced the
upcoming launch of new products, and found that on average, a delay in these launches
lead to a decrease in market value of 5.25%. This is different approach to measure that

value that investors place on innovation.

Specifically for Biotechnology companies, McCutchen and Swamidas
(McCutchen, 1996) presented a model that accounted for 93% of the variability in market
valuation of 60 publicly traded Biotechnology companies, using funding strategies and
R&D spending. Girotra et al. (Girotra, 2010) also studied the pharmaceutical industry,
analyzing the effect of clinical study failures on the market valuation of the company.
This is an interesting approach, since it demonstrates the value that investors are putting
in the R&D efforts, and its prospect to lead to future commercial success. Girotra et al.
concluded that a phase III clinical study failure leads to a significant decrease in market
valuation, accounting for a decline of $405 million. Girotra et al. also concluded that this
decline is mitigated by backup projects that the company might have. This would explain
why the decline in valuation is higher for smaller companies, which do not have a robust

development portfolio.

Another study that analyzed the pharmaceutical industry was published by
Fortune and Sheldon (Fortune, 2012), where empirical tests on 303 pharmaceutical
companies were done to model the relationship between R&D effort, defined as R&D
expense per number of employees, and R&D effectiveness, defined as intangible assets
per number of employees, with company’s performance, measured as pre-tax income.
Fortune and Sheldon suggest that for pharmaceutical industries, the intangible assets are

primarily the R&D expenses, due to the high level of expense as compared to marketing
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and advertising, therefore R&D effectiveness can be calculated from the total intangible
assets. They found a small positive effect of R&D effort on performance, but a stronger
impact from the effectiveness of those R&D efforts, concluding that “effectiveness acts
as a conduit that carries the positive influence of research efforts to firm performance”

(Fortune, 2012).

Roberts (Roberts, 1999) argues that in the pharmaceutical industry, a single
company embodies the prospect of several product innovations, which he calls high
innovative propensity. Due to the industry specific characteristics, including long
approval processes as well as high level of R&D investments, a high innovation
propensity leads to a “series of temporary monopoly positions” (Roberts, 1999), which

then translate into sustained profits.

The relationship between innovation and firm performance was determined to be
positive irrespective of the industry, according to Thornhill (Thornhill, 2006). In his
study, he used survey data from 845 Canadian manufacturing companies, and concluded
that the positive association between innovation and performance, measured as revenue
growth, was sustained across all industries. He also concluded that among high-
technology, dynamic, manufacturers, a highly skilled workforce among other high
knowledge assets lead to a greater impact on revenue growth, while investment in

training had more of an impact in more stable industries.

Knott (Knott, 2008) suggests that the relationship between R&D expense and
performance is reversed. She concludes that some companies see higher returns of their
R&D programs, and therefore spend more on R&D. In her research, she analyzed a panel

of different industries for 20 years, and concluded that smarter R&D investments,
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measured by her Intelligence Quotient (IQ) ratio explained above, lead to better returns.
In a similar fashion, Knott and Vieregger (Knott, 2019) concluded that R&D is a driver

for growth only when its productivity is accounted for in the model.

Several authors have concluded that there is an inverted U-shaped relationship
between R&D investment and valuation, as depicted in Figure 2. These authors suggest
that an increase in R&D investment leads to an increase in company valuation up to a
maximum; additional investments lead to a decrease in the valuation. These finding
suggest there is an optimal value to R&D investment that leads to maximizing valuation.
Kim et al.. (Kim, 2018) reached this conclusion when analyzing 563 Chinese publicly
traded companies from 2005 to 2013, using R&D expense. Belderbos et al. (Belderbos,
2010) reached the same conclusion when relating explorative innovation activities to

performance, using R&D intensity and patent propensity as independent variables.

Company Performance/Valuation

R&D Investment

Figure 2. Inverted U-Shaped Relationship Between R&D and Company’s

Valuation
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Analyzing 22 years (1975-1996) of data from 39 companies in the pharmaceutical
and chemical industries, Hsieh, Mishra, and Gobeli (Hsieh, 2003) found that every dollar
invested in R&D yielded 10% higher operating margin return than a dollar invested in
capital assets. They also concluded that the effect of R&D investment on market

valuation is almost twice as high as the effect of investment in fixed assets.

Sougiannis (Sougiannis, 1994) proposes the most quantitative relationship,
proposing a valuation model where a $1 increase in R&D expense leads to a $5 increase

in market valuation, concluding that investors place high value in R&D investments.

2.6 Summary and Conclusion

There is robust evidence that both investors and business leaders place high value
in R&D; however, there are still conflicting positions towards how to account for the
right level of R&D spending, and how these investments will lead to a better
performance, and higher market valuation. This fact is probably due to the lack of
agreement on a common measurement not only for the right level of R&D investment,
but also on how to determine what makes a successful innovation outcome. Additionally,
most of the studies have included different segments and industries in the same model,
which can be seen as a weakness, since different industries have very different
investment needs and behaviors. Limiting the scope to industries within one industry, for
example, biotechnology, can provide a more homogenous data set that leads to a more
accurate model, even if it is only applicable to the specific industry. The methodology
applied in this research to develop the predictive model can then be applied to obtain an

accurate model in any other industry.
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Chapter 3—Methodology

3.1 Introduction

Understanding the right level of allocation of a company’s resources, including
investments in R&D, which would lead to a higher market valuation is crucial in order to
assign the right number of resources to each initiative. Determining the relative
importance of the different independent parameters on market valuation through a
predictive model, would allow managers to make better informed decisions; however,
this is not an easy task.

This chapter details the methodology applied in this research to identify the
financial parameters related to innovation, as well as the different regression approaches
applied to the data to obtain the best predictive model, based on model accuracy. A high-
level overview of the methodology is described in Figure 3, with detailed elaboration in

each section below.

Data from *Reportable data from 10 years.
*One data point per year per
company.

Compustat

*Explore relationships among data — Identify variables
to include in the regression model
*Using agglomerative hierarchical method to obtain

Cluster

Va riables at least 2 clusters: one related to revenue, and one
related to previous R&D investment
*Use similarity level

ePredict market value based on predictors
R identified in the clustering analysis using
inear regression, PLS, an
un l ion, PLS, and CART

Model S regression

*Train with historical data, performing
statistical analysis

Va |idate *Run model with untested data using k-fold
Model validation

Figure 3. Methodology Overview
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3.2 Data Source, Data Collection, and Data Cleaning

Compustat (Wharton Research Data Services) database was used to obtain the
yearly financial information reported by companies that make up the Nasdaq
Biotechnology Index (NBI), in a period ranging from 2010 to 2019.

Compustat is a database of fundamental financial and market information of
publicly traded companies, as well as indices and industries. Compustat is produced by
Standard & Poor’s, and has data since 1962, making it a very complete dataset.
Compustat compiles the raw financial reports filed quarterly and annually by the
companies, making it easily accessible, in a tabulated output, where individual
parameters can be selected, such as revenue, stock price, market cap, R&D expenses,
among many others. Compustat’s data output allows to quickly generate datasets with
parameters of interest, companies of interest, and timeframes of interest, in the preferred
format, such as CSV or XLS files. Compustat is highly used by academics, investors, and
market professionals (Chan, 2001).

The companies selected were the companies listed in the NBI as of January 2022;
the complete list of companies is detailed in Appendix A; not all these companies were
publicly traded or part of the NBI for the whole timeframe selected (2010-2019),
therefore the data had to be cleaned in order to be ready for use in a model. When there
was no market valuation reported for a specific year for a particular company, that year
was excluded for that company in the dataset. For each company, only the years with all
data points, including market valuation, were included in the dataset, as shown in

Appendix B.
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The full year reportable variables collected for each company for each year are
detailed in Table 1.

Table 1. Yearly Financial Variables Collected for Each Company

Variable Description
aqp Acquisitions/Mergers Pretax
at Total Assets
capx Capital Expenditures
ch Cash
cogs Cost of Goods Sold
ebitda Earnings before Interest, Taxes, Depreciation, and Amortization
epspi Earnings per Share
ep Gross Profit
icapt Total Invested Capital
opeps Earnings per Share from Operations
revt Total Revenue
xopr Total Operating Expense
xrd Research and Development Expense

In addition to the company specific variables, three possible covariates were

collected: Nasdaq Biotechnology Index Price, Consumer Price Index, and 10-Year

Treasury Yield. These covariates are market and economic metrics that could account for

variations in a market valuation, based on macro market and economic dynamics,

therefore not directly caused by the company’s decisions/performance; Table 2
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summarizes the market and economic covariates collected.. Only covariates that
improved the model’s accuracy were retained in the model.

Table 2. Market and Economic Variables

Variable Description

NBI Nasdaq Biotechnology Index Price
CPI Consumer Price Index Price

TNX 10-Year Treasury Yield Price

The year-end price for the Nasdaq Biotechnology Index was collected for each
year in the timeframe of interest (2010-2019), as shown on Table 3. The NBI price is a
modified market capitalization weighted index, therefore, it represents the average
valuation/performance of the all the companies that make up the index. The data was
collected from Nasdaq’s database

(https://indexes.nasdagomx.com/Index/Overview/NBI).
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Table 3. NBI Prices

Year NBI Price ($)
2010 975.99
2011 1,101.72
2012 1,460.20
2013 2,365.89
2014 3,200.25
2015 3,459.12
2016 2,797.05
2017 3,378.64
2018 2,991.92
2019 3,806.18

The second covariate collected was the Consumer Price Index (CPI), collected

from the United Stated Bureau of Labor Statistics (www.bls.gov/cpi). The CPl is a

measurement that reflects inflation, since it measures the average change over time in the
prices paid for market basket of consumer goods and services. The year-end CPI value
was collected for each year in the timeframe under study (2010-2019), as shown on Table

4.

27



Table 4. CPI Values

Year CPI
2010 218.1
2011 224.9
2012 229.6
2013 233
2014 236.7
2015 237
2016 240
2017 245.1
2018 251.1
2019 255.7

Finally, the 10-Year Treasury Yield (TNX) was collected for each year in the
2010-2019 range. Table 5 shows the TNX data for this timeframe. TNX is based on ten
times the yield-to-maturity of the most recently auctioned 10-year Treasury note. Market
participants use TNX as a gauge of the current interest rate environment. TNX year-end

prices were obtained from Yahoo Finance (https://finance.yahoo.com/quote/%5SETNX/).
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Table 5. TNX Values

Year TNX
2010 1.799
2011 1.799
2012 1.985
2013 2.668
2014 1.675
2015 1.931
2016 2.451
2017 2.72
2018 2.635
2019 1.52

These three covariates were chosen since they represent three major market and
economic factors that might affect overall market performance for stocks: the averaged

performance of all companies in the index, inflation, and interest rate.

3.3 Clustering Analysis

Clustering is an unsupervised machine learning algorithm used to divide a dataset
into subgroups, where data points within each group have similar traits. This segregation
of data can be used as a classification method. There are several clustering algorithms,
which use different methodologies to separate the data, such as k-means clustering and

hierarchical clustering (Pfitzner, 2009).
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For this research, an agglomerative clustering analysis was performed in Minitab.
An agglomerative clustering is a type of hierarchical clustering, where the algorithm
starts with each data point as a single cluster, and starts merging clusters based on their
similarity levels, until all clusters have been merged into one. This is a bottom-up
approach, which results in a dendrogram representation of the variables, as shown on
Figure 4. The optimal number of clusters was defined by the highest similarity level and
lowest distance level. The higher the similarity level, the more correlated the variables in

each cluster; the lower the distance level, the closets the variables are in each cluster

(Pfitzner, 2009).

Similarity

|

Variables

Figure 4. Agglomerative Clustering Representation

Using clustering, the data was separated into the optimal number of clusters.
Research Hypothesis 1 states that there is a cluster of innovation variables that directly
impact market value; therefore, the clustering analysis was used to accept or reject

Research Hypothesis 1. A distinct cluster related to innovation parameters, such as R&D
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spend, was expected. Additional clusters, for example, related to income/revenue
variables, could also be identified from this analysis.

For the clustering analysis, only company related data was used; therefore, no
market or economic indicators were included. The goal of the clustering analysis was to
group the financial variables into subgroups with similar traits. Company specific
variables can have similar traits since they can be related; for example, earnings per share
is calculated based on revenue and gross profit. On the other hand, market indicators do
not depend on company’s specific data, and therefore, could be considered a cluster of
their own, since they should not be related to the company’s data. The clustering analysis
performed in this section was intended to determine which company’s specific data can
be clustered based on their effect on market valuation and identify variables that directly

affect it.

3.4 Regression Model

A regression analysis is a statistical method to assess the relationship between a
dependent variable and one or more independent variables (James, 2013). Regression
analysis is usually used for predicting the response of the dependent variable based on the
independent variables.

Regression models determine Y as a function of X and a weight, defined by the
scalar 3, which can be described mathematically as:

Yi=fX,B) +e (1)

Where e; represents the error term. When designing the regression model, the goal is to

determine the function f(X;, ) that best fits the data.
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Different types of regression models were applied to the dataset using Minitab to
determine the model that best fitted the data. Each method is detailed below, including
the measurements used to determine accuracy. The model that best fitted the data, as well
as untested data, was used to accept or reject Research Hypothesis 2, which states that a
regression model can predict market value of NBI companies with an adjusted-R? value
higher than 80%. If the best fit model had an adjusted-R? higher than 80%, Research
Hypothesis 2 was be accepted. According to Hair (2014), an R? of 75% describes a
substantial level of predictive accuracy; therefore, 80% was selected as an appropriate

goal for the regression model in this research.

3.4.1 Multivariable Regression

Multivariable regression uses several independent variables to predict the
outcome of the dependent variable. The relationship between the response variable and
the independent variables is modeled by fitting a line to the observed data.
Mathematically, it can be explained as:

Vi = Bo + Bixix + Boxiz + o+ Puxin + € (2)

Where x; are the independent variables, [3; the weight of each independent
variables, and e; the error term.

To assess the accuracy of the multivariable regression, the coefficient of
determination (R?) is used. R? is a statistical measure that represents the proportion of the
variance of the dependent variable that can be explained by the independent variables. R?
provides a measurement of how well the observed outcomes fit the model, and therefore

how well the regression model would predict unobserved data. An R? of 1 indicates a
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perfect fit. This coefficient is a measure of goodness of fit. Mathematically, R? is defined
as:

R _ 1 2

Where y; are the responses for the observed data, f; the predicted responses, and y is the
mean of the observed data.

For this research, the adjusted R? value was used to assess the accuracy of the
model. The adjusted R? is a less biased estimator of the population’s R?, and therefore is a
better indicator of the model’s fit. The adjusted R? accounts for the increase in R? when
additional independent variables are added (James, 2013). The adjusted R? is calculated

with the formula:

Adjusted R* =1 — (1 —R?)

s @
Where n is the total sample size, and p is the number of independent variables.

The multivariable regression model can yield a high R?, but if the data is highly
correlated, the accuracy of the linear model is challenged. To assess the level of
multicollinearity, the variance inflation factor (VIF) is used. The VIF value tells the
percentage that the variance is inflated for each coefficient. VIF quantifies how much
bigger the variance of a coefficient is compared to the variance it would have if there was
no multicollinearity (no correlation). For VIF’s greater than 5, high correlation is seen in
the data, and a different approach should be taken to model the data (Alexopoulus, 2010).

To address multicollinearity in the dataset used for this research, Partial Least

Squares and Classification and Regression Tree methods were also used to model the

data and determine a best fit predictive model.
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3.4.2 Partial Least Squares (PLS)

A limitation of linear regression is that it might not fit well for data that has high
collinearity. Therefore, in order to minimize the impact of multicollinearity issues, a PLS
Regression was performed on the data. In PLS, the number of variables is reduced to a
smaller set of predictors. If the predictors are highly correlated, or if a smaller number of
predictors better model the response, then the number of independent variables used in
the PLS model will be lower than the total variables available in the dataset. PLS’
objective is developing predictive models that can accurately predict the response
variable.

PLS creates a linear regression model by projecting the predicted variables and
the independent variables to a new space (Wold, 2001). The model can be described
mathematically as:

X=TPT+E (5)
Y=UQT+F (6)
Where X is the n x m matrix of independent variables, Y is the n x p matrix of dependent
variables, T and U are n x / matrices that correspond to the projections of X and Y,
respectively, into the new space, and E and F are the error terms.

A graphical representation of the PLS method is shown in Figure 5.
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Figure 5. Graphical depiction of the PLS methodology. Reproduced with permission
from Wold, S; Sjostrom, M; Eriksson, L. (2001). PLS-Regression: A Basic Tool of
Chemometrics". Chemometrics and Intelligent Laboratory Systems, 58 (2): 109—130.

Cross-validation is used to identify the subset of predictors to use, and provide the
greatest predictive capability, with the highest accuracy. With cross-validation, the
model’s accuracy for predictions is validated beyond the training dataset.

In order to assess the accuracy of the PLS model, the adjusted R? for the final
model (with the reduced number of variables) was used. In addition, the PLS analysis
outputs response plots that aid in visually understanding the relationship between
observed and predicted data, as well as coefficients for each independent variable.

To identify the best model for the dataset in this research, based on model
accuracy, a PLS model was built for each of the following scenarios:
1. Only innovation variables identified in the clustering analysis used as predictors,

with market valuation as dependent variable.

35



2. All company variables used as predictors, with market valuation as dependent
variable.

3. All company variables plus only one market or economic indicators (NBI, CPI, or
TNX) as predictors, with market valuation as dependent variable.

4. All company variables plus two market and economic indicators (NBI, CPI,
and/or TNX) as predictors, with market valuation as dependent variable.

5. All company variables plus three market and economic indicators (NBI, CPI, and
TNX) as predictors, with market valuation as dependent variable.
Based on the model accuracies determined for each of the above scenarios, the

model that produced the best fit was selected.

3.4.3 Classification and Regression Tree (CART)

A CART is a predictive algorithm used in machine learning. CART is a decision
tree algorithm used to predict outcomes of the response variable from the independent,
predictor, variables. One of the benefits of CARTSs is that they require little data
processing and can quickly determine the hidden relationships between the independent
and dependent variables (Segal, 1992). During the regression, the algorithm looks at
different ways to split the data in order to obtain the best fit model. CART selects the best
performing split and repeats the splitting process until the optimal model is found; Figure
6 shows an example of a resulting optimal tree. The optimal tree is identified by
evaluating the R? value of every tree in the splitting sequence. The accuracy is evaluated
from the R? obtained for the testing sets. Minitab’s CART algorithm uses k-fold

validation to generate a training and a testing set and assess the predictive capability of

36



of the model.

NODE 1

Mean = 552030
StDev = 191989

Total Count = 1045

gp <=T7983.22

gp > 7983.22

NODE 2 NODE 4
Mean = 2270.79 Mean = 90962.3
StDev = 5510.47 StDev = 26602.9

Total Count = 1002

gp <= 2371.99
gp > 2377.99

Total Count = 982

Total Count = 20

Total Count = 43

ebitda <= 9725
p— 4
ebitda > 9725

the model for unseen data. The R? value of the testing sets define the predictive accuracy

Total Count = 20

NODE 3 TERMINAL NODE 3 TERMINAL NODE 4 NODE §
Mean = 1670.71 Mean = 31735.0 Mean = 709942 Mean = 108326
StDev = 3180.82 StDev = 11777.2 StDev = 128354 StDev = 230575

Total Count = 23

xrd <= 374.062 |
xrd > 374.062

icapt <= 35186
icapt > 35186

TERMINAL NODE 1 TERMINAL NODE 2 TERMINAL NODE 5 NODE 6
Mean = 1124.06 Mean = 102226 Mean = 77090.7 Mean = 114502
StDev = 1595.71 StDev = T12424 StDev = 221739 StDev = 17071.0

Total Count = 923 Total Count = 53 Total Count = 4 Total Count = 19

icapt <= 45908.5

icapt > 45908.5

TERMINAL NODE 6

Mean = 134581
StDev = 9557.05

TERMINAL NODE 7

Mean = 109654
StDev = 146276

Total Count =15

Total Count = 4

Figure 6. Example of a Resulting Optimal Tree after CART. Reproduced with
permission from Minitab, LLC.

A CART regression was used in this regression since this method is useful for
analyzing data with highly correlated parameters, as well as for datasets with missing

datapoints. It is a good alternative when linear regression shows high multicollinearity.
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In order to identify the best model for the dataset in this research, based on model

accuracy, a CART regression was built for each of the following scenarios:

1.

Only innovation variables identified in the clustering analysis used as predictors,
with market valuation as dependent variable.

All company variables used as predictors, with market valuation as dependent
variable.

All company variables plus only one market or economic indicators (NBI, CPI, or
TNX) as predictors, with market valuation as dependent variable.

All company variables plus two market and economic indicators (NBI, CPI,
and/or TNX) as predictors, with market valuation as dependent variable.

All company variables plus three market and economic indicators (NBI, CPI, and
TNX) as predictors, with market valuation as dependent variable.

The CART algorithm outputs the relative importance to the tree of each

independent variable. The relative importance standardizes the importance of each

variable for easier interpretation, where the most important variable has a relative

importance of 100%, and the others are defined as the percent improvement with respect

to the most important variable. If a variable is not in the tree, its relative importance will

be zero.

Based on the model accuracies determined for each of the above scenarios, the

model that produced the best fit was selected.
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3.5 Validation

As explained in the sections above, using a testing set is crucial to ensure the
predictive capabilities of the model. Using cross-validation, the algorithm divides the
dataset into a training and a testing set, builds the model using the training set and
validates it with the testing set, which is data previously unseen by the model. Using
cross-validation, the algorithm uses different portions of the dataset for training and
testing during each iteration, which allows to validate the model.

For the PLS regression, leave-one-out validation was used to measure the
performance of the model. In this type of cross-validation, all but one observation is used
as the training set, and the observation left out is used as testing set. This process is
repeated for the total number of observations in the dataset; therefore, every observation
is used once as a testing set.

For the CART method, k-fold cross-validation was used, with a k=10. Here the
dataset is split into ten folds, sets, each used once as a testing set.

Adjusted R? values for the multiple and PLS regressions, and the R? values for the
testing set for CART Trees were compared to determine the best predictive model for the
market valuation of NBI companies. The number and types of variables to ultimately use
in the model were determined based on the best fit.

Research Hypotheses 1 and 2 were accepted or rejected based on the results of the

clustering analysis and the regression model, respectively.
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Chapter 4—Results

4.1 Introduction

This chapter presents the results from the clustering analysis, as well as the
performance of the different regression models, based on the methods discussed in
Chapter 3. The best-fit regression model is proposed, based on the adjusted-R? results
obtained for each model, using the selected variables.

The resulting company parameters that affect market valuation were identified
and utilized to yield the best-fit predictive model. This model allows decision makers to
assign appropriate weights to guide the distribution of resources in the company, leading

to the highest market valuation.

4.2 Clustering Analysis

Agglomerative clustering of the variables was applied to the data using Minitab.
Table 6 details the similarity level and distance level for each clustering step. As
discussed in Chapter 3, only company specific data was used in this analysis, with no
economic or market covariates included. The goal of the clustering method was to define
the optimal number of clusters, which should yield a high similarity level, a low distance
level, and represent a practical number of clusters, which should allow for grouping

variables and make conclusions based on similarities.

40



Table 6. Clustering Agglomeration Steps

Number of Similarity Level
Steps Distance Level
Clusters (%)
1 13 99.6895 0.00621
2 12 99.6833 0.00633
3 11 98.0575 0.03885
4 10 97.4734 0.05053
5 9 96.6319 0.06736
6 8 95.7367 0.08527
7 7 95.6690 0.08662
8 6 94.9585 0.10083
9 5 93.1680 0.13664
10 4 91.2218 0.17556
11 3 88.3951 0.23210
12 2 59.5498 0.80900
13 1 43.3531 0.13294

Based on the similarity level and the distance level, four was defined as the
appropriate number of clusters. With four clusters, the similarity level was high
(91.2218%) and the distance level was low (0.17556), while grouping variables in a
practical and manageable number. Three clusters lowered the similarity to below 90%

and raised the distance level; five clusters only improved the similarity level to 93.168%.
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The 90% threshold for similarity level provides a very accurate grouping of variables,
based on their similarity and variability, as explained by Bonin et al. (2021).

Figure 7 shows the resulting dendrogram, with the four identified clusters.
Mergers and Acquisitions data was only available for few data points and represents a
cluster by itself. Due to the limited data available, this variable was dropped for

subsequent regression modeling.

Dendrogram
Complete Linkage, Correlation Coefficient Distance
4335 1
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Figure 7. Resulting Dendrogram from Clustering Analysis

Company-specific variables were aggregated in four distinct clusters, shown in blue, red,
green, and purple. Cluster #2 (red) includes assets, invested capital, gross profit, revenue,
earnings before interest, taxes, depreciation and amortization, and cash. Cluster #3
(green) includes capital expenditures, operating expense, cost of goods sold, and R&D
expense.

Cluster 1, shown in blue on Figure 7, only included the mergers and acquisitions

variable. Cluster 2, shown in red, grouped the variables assets, invested capital, gross
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profit, revenue, earnings before interest, taxes, depreciation, and amortization (EBITDA),
and cash. Cluster 3, shown in green, grouped the variables capital expenditures, operating
expense, cost of goods sold, and R&D expense. Cluster 4, shown in purple, grouped
earnings per share and earnings per share from operations. Table 7 summarizes the four

resulting clusters.

Table 7. Resulting Clusters

Cluster Variables
1 Mergers and Acquisition (aqp)
2 Assets (at)

Invested capital (icapt)

Gross profit (gp)

Revenue (revt)

Earnings before interest, taxes,

depreciation, and amortization (EBITDA)

Cash (ch)

3 Capital expenditure (capx)

Operating expense (xopr)

Cost of good sold (cogs)

R&D expense (xrd)

4 Earnings per share (epspi)

Earnings per share from operations

(opeps)

As evidenced in the dendrogram, there is a cluster, Cluster 2, which is conformed
of cash at hand and income related variables (EBITDA, revenue, assets, cash, invested
capital), while there is another distinct cluster, Cluster 3, conformed of variables that

include innovation related variables, mostly capital expenditure, and R&D expense.
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Capital expenditure can be thought of as an innovation related variable since innovation
includes not only research and development, but also innovation in processes and
equipment, leading to increased expenses in capital (Sougiannis, 1994). New product
development also involves a high level of expense in new capital, needed for the
development, testing, and manufacturing of these new products (Sougiannis, 1994).
Based on the results from the clustering analysis, Research Hypothesis 1, which
states that there is a cluster of innovation variables that directly impact market value, was
accepted, concluding that there is a cluster of innovation variables that directly impact
market value. The results evidence a cluster made up of income related variables (cash,
gross profit, revenue), and another cluster that includes innovation investment (R&D
expense and capital expenditure), which is valued by investors and adds to market value
since it could lead to future revenue. The presence of this innovation related cluster not
only leads to the acceptance of Research Hypothesis 1, but also provides further evidence
of the importance of a predictive model that accounts for R&D investments and validates

the model’s utility.

4.3 Regression Model

Several regression models were run on the dataset in order to determine the best
fit predictive model. Company data plus economic and market indicators were used, as
explained in Chapter 3. The regression models progressed from the simplest,
multivariable linear regression to a more complex machine learning model, CART, in

order to determine the simplest but best-fit model.
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PLS was applied in order to deal with multicollinearity, and CART was used to
address missed data points, as well as possible hidden relationships between the

variables.

4.3.1 Simple Linear Regression
A simple multivariable linear regression was run on the dataset, using company

specific data only, with the resulting equation being:

market cap = 1,311 + 0.116at + 22.15capx + 0.103ch — 4.985cogs + 6.342ebitda

+183.9epspi — 2.343gp + 0.292icapt — 260peps + 10.676xrd

Where market cap represents market valuation, at assets, capx capital expenditure, ch
cash, cogs cost of goods sold, ebitda earnings before interest, taxes, depreciation, and
amortization, epspi earnings per share, gp gross profit, icapt invested total capital, opeps

earnings per share from operations, and xrd R&D expense.

Figure 8 shows the resulting normal probability plot, which has an S-shape,
suggesting that the error terms, residuals, are not normally distributed, violating an

assumption for linear regression.
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Figure 8. Normal Probability Plot for Simple Linear Regression

The residuals normal probability plot has an S-shape, suggesting that the error terms
(residuals) are not normally distributed.

Figure 9 shows the resulting residuals plot. This residuals plot shows a coned-
shape form, suggesting the presence of heteroscedacity, which occurs when the standard
deviations of the predicted variables are non-constant. The coned-shape form is due to the
residuals spreading out more as the fitted values get larger. If heteroscedacity is present,
the assumptions of linear regression are not valid, and therefore a linear regression cannot

fit the data accurately.
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Versus Fits
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Figure 9. Residuals Plot for Simple Linear Regression

The residuals show a coned shape, suggesting heteroscedacity, therefore the assumptions
for linear regression do not apply to the data,

To address heteroscedacity, a Box-Cox transformation was applied, with Minitab
determining the optimal lambda (estimated lambda 0.0998144). The transformed
response addressed the non-normality issue, as can be seen on Figure 10, but the resulting
model yielded a predicted R? of only 49.44%, which was not satisfactory to accept

Research Hypothesis 2.
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Figure 10. Residuals and Normal Probability Plots for Transformed Model

The simple linear regression yielded an adjusted R? of 93.68%, which if used to
assess goodness of fit without considering other factors, could lead to concluding a good
fit; however, the high variance inflation factor (VIF) values obtained, which, as shown on

Table 8, were above 5 for all variables, evidence that there is multicollinearity in the data.
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Table 8. VIF Values for Simple Linear Regression

Variable Description VIF
at Assets 343.93
capx Capital Expenditure 16.93
ch Cash 6.89
cogs Cost of Goods Sold 14.55
Earnings Before Interest,
ebitda Taxes, Depreciation, and 65.90
Amortization
epspi Earnings per Share 6.11
gp Gross Profit 228.58
icapt Invested Total Capital 202.43
Earnings per Share from
opeps 6.95
Operations
xrd R&D Expense 28.19

In order to address the multicollinearity observed in the linear regression, the

model was reduced one factor at a time, starting with the highest VIF, and subsequently
removing the variable with the highest VIF, until all variables had a VIF lower than 5 and
a p-value lower than 0.05. In the first iteration assets (at) was removed since it had the
highest VIF; subsequently, gross profit (gp), revenue (revt), operational expenses (xopr),
invested capital (icapt), capital expenditure (capx), EBITDA (ebitda), ernings per share

from operations (opeps), and finally R&D expense (xrd) were dropped from the model.
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After all these variables were dropped, the three remaining variables, cash, cost of goods
sold, and earnings per share, had a VIF lower than 5 and a p-value lower than 0.005. the
resulting predicted R? for the reduced model was 78.89%. The resulting model still did
not show normality in the residuals, as seen on Figure 11. In addition, the three remaining
factors would not produce a model that accounts for all the different factors that affect the

company’s performance, and therefore would not be useful as a comprehensive predictive

model.
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Figure 11. Residuals Plot for Linear Regression After Dropping All Variables with
VIF>5

Because of the multicollinearity when all factors are present, the observed
heteroscedacity, and the non-satisfactory transformed or reduced models to address for

these issues, a simple linear regression did not provide a good fit for this predictive

model.
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4.3.2 Partial Least Squares Regression

To address the issue of multicollinearity, a PLS Regression was run. Initially, PLS
was run on company specific data only, and then the model was expanded to include the
market and economic covariates (NBI, TNX, and CPI). PLS addresses multicollinearity
since it reduces the variables dimensions, by dropping independent variables that do not
have a significant effect on the response variable and creating new variables that are
linear combinations of the independent variables. Since multicollinearity occurs when
several independent variables are strongly related, dropping the non-significant variables,

and reducing the variables’ dimensions addresses the issue.

The PLS Regression using only company specific data reduced the selected
variables as relevant components to only five from the initial 10, which yielded the
highest predicted R?, as shown on Figure 12. The resulting predicted R?, validated using

leave-one-out cross-validation, was 92.0029%.
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Figure 12. PLS Model Selection Using Cross-Validation for Company Specific Data

Fitted data points (blue) correspond to the model run on the training set. Crossval data
points (red) correspond to the testing set, obtained through leave-one-out cross-
validation. Predicted R? for the cross-validation dataset of 92.0029% was the highest,
therefore five components were selected as the optimal model for this dataset.

Adding the NBI price as a covariate, the selected predictors were increased to six,
and the predicted R? increased to 92.1968%. Including CPI as an additional covariate, the
predictors selected were five, and the predicted R? decreased to 92.1771%. These results
suggest that adding CPI as a covariate did not increase the model’s performance. Adding

TNX as covariate further decreased the goodness of fit, with seven selected variables as

Components

Only

predictors, and a predicted R? of 92.1683%.

When only CPI was added to the company specific data as covariate, the
predicted R? was 92.0843%. Adding TNX as the only covariate resulted in a predicted R?

0f 91.9864%. Adding as covariates NBI and TNX yielded a predicted R? of 92.1861%,
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and CPI and TNX only 92.0673%. These results show that the best fit PLS model was

obtained when only NBI was used as covariate.

Figure 13 shows the PLS Response Plot for the best fitting PLS Regression
model, with 92.1968% predicted R?, determined using leave-one-out validation, as shown
on Figure 14. Six components yielded the highest predicted R?, therefore it was

determined as the optimal PLS model for this dataset.
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Figure 13. PLS Response Plot

Calculated vs. actual response for the dataset (blue) and the validation set (red). Fitted
data points (blue) correspond to the model run on the training set. Crossval data points
(red) correspond to the testing set, obtained through leave-one-out cross-validation.
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PLS Model Selection Plot
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Figure 14. PLS Model Selection Using Cross-Validation

Predicted R? of 92.1968% for the Crossval (testing) set was the highest, therefore 6
components were selected as the optimal model.

Table 9 summarizes the results of the PLS Regressions. The PLS Regression
results show that including NBI price as a covariate improved the model’s fit, and the
model can accurately predict market value of NBI companies with an adjusted R? higher

than 80%.
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Table 9. PLS Regression Results Summary

Number of Variables
Model Predicted R?2
Selected
Company Specific
Pany sp 5 0.920019
Data Only
Company Specific
PAnY =P 6 0.921968
Data + NBI
Company Specific
Pany sp 6 0.920843
Data + CPI
Company Specific
Pany sp 6 0.919864
Data + TNX
Company Specific
Pany sp 5 0921771
Data + NBI + CPI
Company Specific
Pany sp 7 0.921861
Data + NBI + TNX
Company Specific
Pany sp 7 0.920673
Data + CPI + TNX
Company Specific
Data + NBI + CPI + 7 0.921683
TNX

4.3.3 Classification and Regression Tree

In order to further increase the predictive capabilities of the model, and to ensure
that any hidden relationships between the data points were addressed, a CART
methodology was applied to the dataset. This machine learning algorithm is a good tool
to predict the dependent variable, market value in this case, from the independent
predictor variables, as determined in Table 1, removing Mergers and Acquisitions, since

from the clustering analysis it was decided that it would not be included in the regression
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models due to the limited data available for this variable. The testing set used in CART

provided a validation of the predictive capabilities of the corresponding model, using 10-

fold cross-validation.

Using company-specific data only, the CART model produced an R? of 97.20%

for the training set, and of 92.61% for the testing set. Figure 15 shows the response vs.

actual fit plot for this model. For a perfect fit model, all points would fall within the

straight line since the residuals would be zero. The bigger the residuals, the further away

from a perfect fit, due to higher error values.

Scatterplot of Response Fits vs Actual Values

140000

120000 7

100000

80000

50000

Fitted market cap

40000

20000 -

0

Training Test
- e -
“w de o S o
. »
. . o
* o@e P
om0 20 ey
* Pfe .
*® L
L J
cammmes e me .
ame o ° % e o
% ool o
- e -
, L
L X J &s. ¢
- —
0 40000 80000 120000 1600000 40000 80000 120000 160000
market cap

Figure 15. Response Plot for CART Model with Company-Specific Data Only

The plots show the predicted market value vs. the actual market value for the training set
(left), and the testing set (right). R? for the training set (left) was 97.2%, and the R? for
the testing set (right) was 92.61%
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The variable xrd (R&D Expense) had a 97.9% relative importance for the model,
as shown on Figure 16, which depicts the relative importance of each predictor variable
for this model. Gross profit was the predictor variable with highest relative importance,
while earnings per share was the variable with least importance, with only 1.8%. The
relative importance for the variables is defined as the percentage improvement in the
model with respect to the top predictor variable. In this case, gross profit was the top

predictor, therefore its relative importance was 100%.

Relative Variable Importance
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Variable importance measures model improvement when splits are made on a predictor.
Relative importance is defined as % improvement with respect to the top predictor.

Figure 16. Relative Importance of Each Variable for CART Model with Company-

Specific Data Only

Adding NBI price as covariate, increased the testing set’s R? to 93.72%, with an
xrd relative importance of 97.6%. NBI’s relative importance was only 2.0%. Figure 17
shows the relative importance of each variable used in this model, and Figure 18 shows

the response vs. actuals fit plot.
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Figure 17. CART Results Adding NBI as Covariate

100

Training

Test

40000

1600000 40000

market cap

80000 120000

80000

120000

Figure 18. CART Results Adding NBI as Covariate
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CART model results show good fit for the response variable (market value) both for the
training set and the testing set. R? for the testing set (right) was 93.72 %
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Including CPI as a covariate slightly increased the testing set’s R? to 93.75%, with
xrd, NBI, and CPI’s relative importance of 97.7%, 2.1%, and 2.4% respectively, as
shown on Figure 19. The optimal resulting tree diagram for this model is shown on

Figure 20.
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Variable importance measures model improvement when splits are made on a predictor.
Relative importance is defined as % improvement with respect to the top predictor.

Figure 19. Relative Variable Importance for CART Model Including NBI and CPI as
Covariates
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Figure 20. Optimal Tree Diagram

The tree diagram depicts the optimal split of the variables, which leads to the
optimal predictive model. Gross profit is the top predictor, and subsequent splits that
yield model improvement, as demonstrated in the variables relative importance.

Using CPI and NBI as covariates increased the model’s fit, however, adding TNX
as a third covariate reduced the model’s fit, decreasing the testing R? to 93.59%. Figure
21 shows the response vs. actual plot for this model. From the results obtained from the

model, TNX only had a relative importance of 0.3%, as shown on Figure 22.
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Scatterplot of Response Fits vs Actual Values
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Figure 21. CART Results Adding NBI, CPI, and TNX as Covariates

Adding TNX as a covariate decreases the testing R? to 93.59%, therefore it was dropped

from the final model.
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Variable importance measures model improvement when splits are made on a predictor.
Relative importance is defined as % improvement with respect to the top predictor.

Figure 22. Relative Variable Importance for CART Model Including NBI, CPI, TNX
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TNX only had a relative importance of 0.3%. TNX was dropped from the model
since it decreased the testing R?, and its relative importance was not significant. Gross
profit was the top predictor, with EBITDA, R&D expense, and revenue closely

following.
Based on the CART results, adding NBI and CPI as covariates led to the highest
predictive capability, as summarized on Table 10. Figure 23 shows the response vs.

actual fit plot for this best-fit model.
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Table 10. CART Results Summary

Company
Specific Data 0.9720 0.9261 97.9 N/A
Only
Company
Specific Data + 0.9715 0.9372 97.6 NBI: 2.0
NBI
Company
CPI: 24
Specific Data + 0.9721 0.9375 97.7
NBI: 2.1
NBI + CPI
Company
CPI: 24
Specific Data +
0.9721 0.9359 97.7 NBI: 2.1
NBI + CPI +
TNX: 0.3
TNX
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Scatterplot of Response Fits vs Actual Values
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Figure 23. Response vs. Actuals Fit Plot for Best-Fit CART Model

The best fit model includes company-specific variables, NBI and CPI as covariates. This
model yields an R? for the testing set of 93.75%.

A CART model using the variables detailed on Table 11 yielded the model with
the highest R?, therefore considered the best-fit predictive model. Gross profit was the top
predictor, followed in order by earnings before interest, taxes, depreciation and
amortization, R&D expense, revenue, operating expense, assets, total invested capital,
capital expenditures, cash, cost of goods sold, earnings per share from operations,
consumer price index, Nasdaq biotechnology index, and earnings per share as the
predictor with lowest relative importance. All company specific variables, but earnings
per share and earnings per share from operations, had a relative importance greater than

70%. The next variable, earnings per share from operations (opeps), dropped its relative
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importance from 72.2% to 25.3%, and earnings per share (epspi) only had a relative
importance of 1.0%, suggesting low relevance in the predictive model. Market covariate
and economic covariate had low relative importance, with 2.1 and 2.4%. All variables
with relative importance higher than 70% were either in Cluster #2 or Cluster #3, further
confirming the validity of the clustering analysis in determining relevant variables that

influence market value.
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Table 11. Variables for CART’s Best-Fit Model in Order of Relative Importance

Description Relative Importance
Variable
(%)
gp Gross Profit 100
Earnings Before Interest, 98.3
ebitda Taxes, Depreciation, and
Amortization

xrd R&D Expense 97.7
revt Revenue 97.6
Xopr Operating Expense 97.3
at Assets 95.4
icapt Invested Capital 94.8
capex Capital Expenditure 94.0
ch Cash 88.7
cogs Cost of Goods Sold 72.2
Earnings per Share from 25.3

opeps

Operations

CPI Consumer Price Index 2.4
Nasdaq Biotechnology Index 2.1

NBI

Price

epspi Earnings per Share 1.0
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The resulting best-fit model had a goodness of fit of 93.75%, therefore,
Hypothesis 2 was accepted, since the regression model can predict market value of NBI
companies with an adjusted R? value higher than 80%. Additionally, these results also
demonstrated the importance of R&D expense in predicting market value, being one of

the most relevant predictor variables used in the model.

4.4 R&D Investment as Predictor for Market Value

From the clustering analysis, a cluster with innovation related variables, including
R&D expense, as well as a cluster with income related variables, including revenue, were
identified. These results evidence that R&D investment is a key parameter to consider
when determining market value. In addition, the variables from Cluster 2 and Cluster 3,
which were the income-revenue related cluster and the innovation related cluster,
respectively, were the variables with highest relative importance in the best-fit regression
model, the CART model using company specific data plus NBI and CPI as covariates.

This evidences that these two clusters can be accurately used to predict market value.

The CART results further confirmed the importance of using both types of
parameters identified in the clustering analysis in the predictive model, since both R&D
expense and revenue had almost identical, and very high, relative importance. In the best-
fit model, R&D expense represented the third variable with highest relative importance
(97.7%), closely followed by revenue (97.6%). Gross profit and EBITDA were the two
variables with highest relative importance; both of those parameters take revenue and
R&D expense into consideration since both are a combination of financial income and

expense that lead to total profits or losses. From these results, it was evident that earnings
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are the main factors influencing market value (gross profit and EBITDA); the high
relative importance of R&D expense and capital investments was also shown to have a
very significant effect, since it added to the earnings equation, as well as the possibility of
additional future earnings, which is highly valued by investors, as discussed on Chapter

2. Based on the results of this model, it can be concluded that R&D investments can be
used as a predictive parameter in addition to other company-specific and

market/economic related variables, to accurately predict market value of NBI companies.

The resulting model can be used to predict market value based on different levels
of R&D investment, using the predictor module from Minitab’s CART regression; This
would allow managers to prioritize efforts and assign adequate resources to maximize the

market response.
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Chapter 5—Discussion and Conclusions

5.1 Discussion

This research developed a model based on financial variables to predict a
company’s market valuation for companies listed in the Nasdaq Biotechnology Index.
The developed predictive model included R&D related variables, in order to quantify
their impact and relationship to company’s performance, measured as market valuation.
In addition, the research intended to identify which financial variables should be used in
the model, including the ones that could be related to R&D based on the similarity
identified through a clustering analysis.

The results from the clustering analysis show that there was a cluster made up of
income related variables (mainly cash, gross profit, revenue), and another cluster that
included innovation related variables, in line with Research Hypothesis 1. The latter
cluster included R&D expense and capital expenditure. From these results it can be
concluded that these two categories influence the market valuation of NBI listed
companies. These results make sense, since the income related variables reflect the
immediate financial results of the company, which play a critical role in determining the
company’s valuation, as has been argued by authors such as Kalantonis (Kalantonis,
2020); while the innovation related variables reflect the potential future income that these
companies can generate, which has been supported by authors such as Ho, Keh, and Ong
(Ho, 2005). In Biotechnology companies, R&D has been shown to be crucial to maintain
a competitive advantage (Lee, 2019), and the prospect of the R&D investments is highly

valued by investors (Chan, 2002), which is supported by the results presented in this
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research, not only by the cluster of innovation related variables, but also by the high
relative importance of the R&D expense variable obtained from the CART regression
model, which validates the utility of the model for managers and investors.

The predictive model developed incorporated variables from both the innovation
and the income related clusters, as well as market and economic indicators as covariates.
The inclusion of eleven company specific variables, one market covariate, and one
economic covariate, lead to a robust model that is inclusive of the relevant factors that
affect market valuation of NBI companies.

Both income and innovation variables played comparable roles in determining
market valuation for companies in this index, as evidenced in the relative importance of
the variables in the model. This further validates the relevance of the variables identified
through the clustering analysis.

The validation performed on the model was done with historical data; therefore,
for practical purposes, when using the proposed model to predict market valuation at the

end of a future year, the accuracy will depend on the estimated input values.

5.2 Conclusions

Through clustering, the predictor variables related to R&D investment that affect
market valuation were identified, a predictive model that incorporated those variables
was developed for companies listed in the NBI, and the predictive capability of the model
was verified and validated, therefore accomplishing the research objectives and thesis

statement of this research, mitigating the problem statement defined in Chapter 1.
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From the results discussed above, it can be concluded that for companies listed in
the NBI index, both income related variables and innovation related variables can be used
to predict the company’s valuation. In addition, it can be concluded that the regression
model can accurately predict market valuation from these variables plus market and
economic covariates, as demonstrated by the R? adjusted 93.75%.

These results build on existing evidence of the importance of R&D investments in
determining the valuation of biotechnology companies, and provides a novel model,
which accounts for both types of variables, and can predict market valuation with high
accuracy. In contrast to previously published studies (Singhal, 2020), the present research
provides a quantitative relationship between market valuation and R&D expense, which
can be used to make better informed decisions by management that would lead to an

increase in the company’s valuation.

5.3 Contributions to Body of Knowledge

1. This research developed a novel quantitative tool that relates the relevance
of R&D expense and investments to the company’s market valuation.

2. The identification of two clearly separated clusters of variables, one
related to income and one related to innovation variables. This separation
of clusters demonstrated that both factors are relevant when predicting
market valuation, as evidenced in the CART regression. These provides
novel evidence on variables that impact market value of Biotechnology

companies.
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3. A novel regression model that incorporates different types of company
specific financial variables, market, and economic factors, which yields

predictions of market valuation with high accuracy.

5.4 Recommendations for Future Research

As noted in the Introduction chapter, this research has some limitations, which
could be addressed in future research. Adding a qualitative assessment of the research
and development activities performed by the company, including the success of the
initiatives, would add additional information to the model, and could help predict long
term success of the company. This assessment could include not only the commercial
success of the projects under development, but also time to market, competitive

advantages, level of novelty, among others.

In addition, adding non-financial variables, such as patents or innovation awards,
could make the model more robust and applicable to all types of companies, as these

could account for the innovative capabilities of the company.
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Table 12. NBI Listed Companies Used in This Research

Company Name

ARBUTUS
BIOPHARMA CP

ACADIA
PHARMACEUTICA

ADICET BIO, INC.
c™M

AC IMMUNE SA
c™M

ADAPTIMMUNE
THER ADS

ADAPTIVE
BIOTECH CMN

ADVERUM
BIOTECHNLGS

AERIE
PHARMACEUTICAL

AFFIMED N.V.

AGIOS
PHARMACEUTICAL

AEGLEA BIOTHERA
c™M

AKEBIA
THERAPEUTICS

Security

Symbol

ABUS

ACAD

ACET

ACIU

ADAP

ADPT

ADVM

AERI

AFMD

AGIO

AGLE

AKBA

Appendix A

Company Name

EPIZYME, INC CMN

STK

ESPERION
THERAPTC CM

EXELIXIS, INC.

FATE
THERAPEUTICS CM

FIBROGEN INC CS

HOMOLOGY
MEDICINES,

FORMA THRPTCS
HLD CM

AMICUS
THERAPEUTICS

FREQUENCY THERA
CMN

FULCRUM
THERAPEUTICS

FUSION
PHARMACEUT CS

GENERATION BIO
CMN

80

Security

Symbol

EPZM

ESPR

EXEL

FATE

FGEN

FIXX

FMTX

FOLD

FREQ

FULC

FUSN

GBIO

Company Name

ODONATE THRPTCS CMN

OMEROS CORPORATION

ORIC PHARMA CM ST

ORCHARD THERAP ADS

OSMOTICA PHARMA

ORD

OVID THERAPEUTICS CM

PACIFIC BIOSCIENCES

PHIBRO ANL HTLH A CM

PASSAGE BIO, INC. CS

PUMA BIOTCHNGY CM

PACIRA BIOSCIENCES

VAXCYTE, INC. CMN

Security

Symbol

oDT

OMER

ORIC

ORTX

OoSMT

OvID

PACB

PAHC

PASG

PBYI

PCRX

PCVX



AKERO
THERAPEUTIC CM

AKOUOS, INC.
CMN

ALECTOR, INC
CMN STK

ALKERMES PLC

ALLAKOS INC.

ALLOGENE THER
c™M

ALNYLAM
PHARMACEUT

ALTIMMUNE INC.

ALLOVIR, INC CMN

ALX ONCOLOGY
HOLD CM

AMGEN

AMPHASTAR
PHARMA CMN

AMARIN CORP
ADS

APPLIED
MOLECULAR CM

ANAPTYSBIO, INC.
coOM

ANI PHARMA INC

AKRO

AKUS

ALEC

ALKS

ALLK

ALLO

ALNY

ALT

ALVR

ALXO

AMGN

AMPH

AMRN

AMTI

ANAB

ANIP

GLOBAL BLOOD
THERCM

GERON
CORPORATION

GUARDANT
HEALTH, CS

GILEAD SCIENCES,
INC

GALAPAGOS NV

GENMAB A/S ADS

GAMIDA CELL ORD
SHS

GOSSAMER BIO,
INCCS

GRIFOLS, S.A.

G1 THERAPEUTICS
c™M

HALOZYME
THERAPEUTIC

HARPOON THERA
cs

HUTCHMED
(CHINA) ADS

HORIZON THRPT PB
(O

IMMUNITYBIO INC
CMN

INTERCEPT
PHARMACEUT

81

GBT

GERN

GH

GILD

GLPG

GMAB

GMDA

GOSS

GRFS

GTHX

HALO

HARP

HCM

HZNP

IBRX

ICPT

PETIQ, INC.CLACM

PRECIGEN, INC. CMN

PLIANT THERAPTC CM

PROTHENA CORP

PARATEK PHARMA INC

PROVENTION BIO CM

PERSONALIS, INC. CMN

POSEIDA THERAPTC
CMN

PTC THERAPEUTICS CMN

PROTAGONIST THERP
c™M

UNIQURE N.V.

RAPT THERAPEUTCS
CMN

ULTRAGENYX

PHARMACEU

ROCKET PHARMA CMN

REDHILL BIOPHRMA ADR

RADIUS HEALTH CMN

PETQ

PGEN

PLRX

PRTA

PRTK

PRVB

PSNL

PSTX

PTCT

PTGX

QURE

RAPT

RARE

RCKT

RDHL

RDUS



ANNEXON, INC.
CMN

APELLIS PHARMA
CMN

APPLIED
THERAPTCS CM

APREA THERA CS

ARCTURUS
THERAPEUTIC

ARDELYX, INC.
CMN

ARGENX SE ADS

ARENA
PHARMACEUTICAL

ARCUTIS
BIOTHRAPC CM

ARVINAS, INC. CM

ARROWHEAD
PHARMA

ASSEMBLY
BIOSCIENCES

ASCENDIS
PHARMA ADS

ATHENEX, INC. CM

ATARA
BIOTHERAP CMN

AURINIA PHARM
ORD

ANNX

APLS

APLT

APRE

ARCT

ARDX

ARGX

ARNA

ARQT

ARVN

ARWR

ASMB

ASND

ATNX

ATRA

AUPH

IDEAYA BIOSCNS
CMN

IGM BIOSCIENCES,
CMN

ILLUMINA, INC.

I-MAB ADS

IMMUNOGEN, INC.

IMMUNIC INC CMN
STK

IMMUNOVANT CM
STK

INCYTE
CORPORATION

INOVIO PHARMA
CMN

INSMED INC

INNOVIVA, INC.

INOZYME
PHARMA,CMN

IONIS
PHARMACEUTICAL

IOVANCE
BIOTHERAPEUT

IRONWOOD
PHARMA CM A

IVERIC BIO, INC.
CMN

82

IDYA

IGMS

ILMN

IMAB

IMGN

IMUX

IMVT

INCY

INO

INSM

INVA

INZY

IONS

IOVA

IRWD

ISEE

REGENERON
PHARMACEUT

REPLIMUNE GROUP CM

REATA PHARMA CLA CM

REGENXBIO INCCM

RIGEL PHARMACEUTICAL

RELAY THERAPEUTICS,

RELMADA THERAPEUT

cs

AVIDITY BIOSCS CMN

ROYALTY PHARMA ORD

A

REPARE THERAPEUT CM

RUBIUS THERAP CM

REVOLUTION MEDS CS

REVANCE THERAPEUTICS

RHYTHM PHARMA CM

SAGE THERAPEUTIC COM

SELECTA BIO COMMON S

REGN

REPL

RETA

RGNX

RIGL

RLAY

RLMD

RNA

RPRX

RPTX

RUBY

RVMD

RVNC

RYTM

SAGE

SELB



AUTOLUS
THERPTCS ADS

AVADEL
PHARMACEUTICA

AVROBIO, INC.
CMN

AXSOME THERA
CMN STK

ASTRAZENECA PLC
ADS

BRIDGEBIO
PHARMA CM

ATRECA, INC. CMN
A

BIOCRYST
PHARMA INC

BIODELIVERY SCI
INTL

BLACK DIAMOND
TRACM

BEAM
THERAPEUTICS CS

BEIGENE, LTD.
ADS

BIOGEN INC CMN

BLUEBIRD BIO
CMN

BIOMARIN
PHARMACEUT

AUTL

AVDL

AVRO

AXSM

AZN

BBIO

BCEL

BCRX

BDSI

BDTX

BEAM

BGNE

BIIB

BLUE

BMRN

INTRA-CELLULAR
THER

ITEOS THERAPCS
CMN

JAZZ PHARMA PLC

JOUNCE
THERPEUTC CM

KALA PHARMA
CMN

KALVISTA PHARMA,
INC

CHINOOK
THERAPEUTICS

KALEIDO BIOSCNS
CMN

KAMADA LTD.

KINIKSA PHARMA
CMA

KODIAK SCIENCES
cs

KARYOPHARM
THERAPEUT

KEROS THERAPTC
CMN

KARUNA THERA
CMN

KRYSTAL BIOTECH
c™M

83

ITCl

ITOS

IAZZ

IJNCE

KALA

KALV

KDNY

KLDO

KMDA

KNSA

KOD

KPTI

KROS

KRTX

KRYS

SEAGEN INC. CMN STK

SANGAMO

THERAPEUTICS

SIGATECH CMN STK

SUMMIT THERAPEUT
CMN

SYNDAX PHARMA

COMMON

SANOFI ADS

SPECTRUM PHARMA INC

SPERO THERAP CM

SAREPTA THERAPEUTICS

SCHOLAR ROCK HOLD

c™M

STOKE THERAPTCS CM

SUTRO BIOPHARMA CM

SUPERNUS PHARM

SURFACE ONCOLOGY, IN

SPRINGWORKS THERA
c™M

SGEN

SGMO

SIGA

SMMT

SNDX

SNY

SPPI

SPRO

SRPT

SRRK

STOK

STRO

SUPN

SURF

SWTX



BIONTECH SE ADS

BLUEPRINT MEDI
CM ST

CABALETTA BIO
CMN

CALITHERA BIOSCI
coOM

CARA
THERAPEUTICS

CYMABAY
THERAPEUTICS

CHEMOCENTRYX,
INC.

CODEXIS, INC.

COMPUGEN LTD

COHERUS BIO
CMN STK

CELLECTIS S.A.
ADS

CLOVIS
ONCOLOGY, INC

CONCERT
PHARMACEUTIC

COLLEGIUM
PHARMA CM

CRINETICS PHARM
c™M

BNTX

BPMC

CABA

CALA

CARA

CBAY

CCXI

CDXS

CGEN

CHRS

CLLS

CLVS

CNCE

COLL

CRNX

KURA ONCOLOGY
CMN

KEZAR LIFE SCIEN.
c™M

LEGEND BIOTECH
ADS

LIGAND PHARM
CMN

LARIMAR
THERAPCTS CM

SERES THERAPTC
CMN

MADRIGAL
PHARMA

MEDPACE
HOLDING CM

MACROGENICS
CMN

MAGENTA THERA
CMN

MEIRAGTX HLDS
ORD

MANNKIND
CORPORATION

MEDICINOVA, INC.

MODERNA INC CS

MARINUS PHARMA
cs

84

KURA

KZR

LEGN

LGND

LRMR

MCRB

MDGL

MEDP

MGNX

MGTA

MGTX

MNKD

MNOV

MRNA

MRNS

SYNEOS HLTH INCCLA

SYROS PHARMA CM

THERAVANCE BIO ORD

TRICIDA, INC. CM

TCR2 THERAPEUTICS CM

TURNING PT THRPTX CM

TRAVERE THERAPEUTICS

TWIST BIOSCIENCE CM

THERAPEUTICSMD INC

UNITY BIOTECH CM

UROGEN PHARMA ORD

UNITED THERAPEUTIC

VERACYTE, INC.

VIR BIOTECH CMN STK

VANDA
PHARMACEUTICAL

SYNH

SYRS

TBPH

TCDA

TCRR

TPTX

TWST

TXMD

UBX

URGN

UTHR

VCYT

VIR

VNDA



CRISPR THERA CM

CORTEXYME, INC.
CMN

CASTLE BIOSCNCS
CMN

CYTOMX THERA
CMN STK

CYTOKINETICS

DECIPHERA
PHARMA CM

DENALI THERAPTC
c™M

DICERNA
PHARMACEUTIC

PRECISION
BIOSCIE CM

EDITAS MEDICINE
c™M

EAGLE
PHARMACEUTICAL

EIGER
BIOPHARMA

ENDO INT'L PLC

ENANTA
PHARMACEUTICA

CRSP

CRTX

CSTL

CTMX

CYTK

DCPH

DNLI

DRNA

DTIL

EDIT

EGRX

EIGR

ENDP

ENTA

MERSANA
THERPUTIC CM

MIRATI
THERAPEUTICS,

MYRIAD GENETICS,
INC

NEUROCRINE
BIOSCIENC

NGM BIOPHARMA
CMN

NEKTAR
THERAPEUTICS

NKARTA, INC. CMN

NEOLEUKIN
THERAPEUTI

NURIX THERA CS

NANOSTRING TECH
CMN

INTELLIA THERA CS

NOVAVAX, INC.

NEXTCURE, INC.
CMN

OCULAR
THERAPEUT CMN
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MRSN

MRTX

MYGN

NBIX

NGM

NKTR

NKTX

NLTX

NRIX

NSTG

NTLA

NVAX

NXTC

OCUL

VERTEX PHARMACEUTIC

VERASTEM, INC.

VOYAGER THERAPEUT

c™M

VYNE THERAPEUTICS CM

WAVE LIFE SCI ORD SH

XBIOTECH INC. CMN

XENON PHARMACE CM

SH

XERIS BIPHM HLDG CMN

XENCOR, INC.

Y-MABS THERAPTCS

CMN

ZOGENIX, INC.

ZIOPHARM ONCOLOGY

IN

ZAl LAB LTD ADS

ZENTALIS PHARMA CMN

VRTX

VSTM

VYGR

VYNE

WVE

XBIT

XENE

XERS

XNCR

YMAB

ZGNX

ZI0P

ZLAB

ZNTL



Table 13. Sample of Raw Data

Appendix B

fyear | tic marketcap | at capx ch cogs ebitda epspi gp icapt opeps | revt xopr xrd NBI CPl N

2019 IMUX 7.89 65.955 0.055 29.369 0 -26.282 -4.52 0 58.883 -3.23 0 26.282 22512 3806.17993 255.7 1.52
2018 RLMD 9.41 3.048 0.013 2239 0 -6.914 071 0 -2.857 -0.71 0 6914 2943 2991.91992 2511 2635
2017 RLMD 13.12 2.837 0.05 1711 0 -6.859 -0.52 0 1.46 -0.5 0 6.859 1.293 3378.63989 2451 2.72
2017 KALV 13.36 61.389 1.427 51.055 26919 -18.525 -1.53 -18.525 27.311 -1.53 8394 26919 18.237 3378.63989 2451 2.72
2013 IOVA 17.14 19.874 0.013 19.672 0 -5.976 -3.47 0 17.604 -1.53 0 5.976 1.329 2365.88989 233 2668
2019 ALT 18.05 54.058 0.001 8.963 21.541 -15.74 -1.6 -15.74 47.005 -1.2 5.801 21.541 18.766 3806.17993 255.7 1.52
2019 SMMT 18.86 96.844 0212 64.123 51.842 -31.848 -0.89 -31.848 78.862 -0.89 19.994 51.842 40.463 3806.17993 255.7 1.52
2017 MRNS 19.91 60.672 0.45 33,531 0 -18.917 -0.8 0 58.008 -0.8 0 18.917 12376 3378.63989 2451 2.72
2016 SIGA 2273 160.982 0.024 28702 34.16 -19.172 -0.69 -19.172 -220.865 -0.5 14.988 34.16 19.711 2797.05005 240 2451
2012 BDSI 23.8 75.739 0.039 63.189 0423 8.548 0.05 54.119 49.778 0.05 54.542 45.994 35.366 1460.19995 2296 1.985
2013 ASMB 27.95 27.132 0.006 27.061 0 -19.599 -1 0 24.494 -1 0 19.599 15.029 2365.88989 233 2668
2013 ARWR 29.04 37.33 0.297 19.114 20.399 -20.109 -13 -20.109 26.846 -1.14 0.29 20399 12.299 2365.88989 233 2668
2010 ARWR 29.36 12.355 0.005 6.847 8.767 -8.147 -0.09 -8.147 8.078 -0.1 0.62 8.767 1111 975.98999 2181 1.799
2013 ANIP 30.04 44.5 0.191 11.105 9.974 7.508 -0.92 20.108 40.962 -0.17 30.082 22574 1712 2365.88989 233 2668
2018 ALT 31.14 54751 0.975 33719 27.923 -17.592 -15.16 -17.592 48.814 -8.09 10.331 27.923 42909 2991.91992 2511 2635
2018 ARCT 31.32 44.198 1.478 36.709 36.982 -21.229 -2.16 -21.229 23553 -2.16 15.753 36.982 16.982 2991.91992 2511 2635
2019 RLMD 3269 10.22 0 9.216 0 -11.617 -0.69 0 7613 -0.49 0 11,617 7.025 3806.17993 255.7 1.52
2016 EIGR 35.16 60.736 0.058 27.756 0 -46.097 -7.84 0 55.448 -7.84 0 46.097 33.014 2797.05005 240 2451
2010 AMRN 3865 35.367 0.023 31.442 0 -44.574 -2.49 0 -202.367 -2.49 0 44,574 28.014 975.98999 2181 1.799
2016 | CBAY 3963 19.359 0042 10,495 25557 | -25557 14 | 25557 10,035 114 0 25557 15.941 | 2797.05005 240 | 2451
2017 CBAY 40.57 104.247 0.027 23.054 28.69 -18.69 -0.79 -18.69 87.937 -0.72 10 28.69 18.938 3378.63989 2451 2.72
2017 VSTM 41.43 89.791 0 82.176 0 -67.248 -1.76 0 72512 -1.76 0 67.248 46.423 3378.63989 2451 2.72
2012 ARWR 44.12 16.528 0.479 3377 16.99 -16.843 -1.9 -16.843 10.931 -1.67 0.147 16.99 87 1460.19995 2296 1.985
2011 ACAD 47.16 32.114 0.003 6.889 23.534 -21.467 -0.44 -21.467 23.362 -0.42 2.067 23534 17.309 1101.71997 2249 1.799
2017 ADAP 47.79 281.147 24.643 84.043 111.844 -74.011 -0.79 -74.011 202,984 -0.79 37.833 111.844 87.388 3378.63989 2451 2.72
2019 ARCT 48.52 82.143 0.818 71.353 48.018 -27.229 -2.15 -27.229 45637 -2.35 20.789 48.018 33.64 3806.17993 255.7 1.52
2019 ISEE 49.52 130.187 0 125.699 0 -61.11 -1.39 0 117.203 -1.39 0 61.11 39.644 3806.17993 255.7 1.52
2010 ACAD 50.52 38.394 0 6.849 26.434 6.951 039 6.951 29.72 0.17 33.385 26.434 20579 975.98999 2181 1.799
2018 XENE 50.85 122.428 0.507 67.754 0 -31.43 -1.63 0 118.309 -1.84 0 31.43 23634 2991.91992 2511 2635
2019 NLTX 50.85 147.023 0.879 143.093 0 -24.103 -2.57 0 142.28 -0.85 0 24.103 52.133 3806.17993 255.7 1.52
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2014 CDXS 53.35 48.122 0.302 26.487 45.766 -10.459 -0.5 -10.459 26.311 -0.47 35.307 45.766 22.755 3200.25 236.7 1.675
2012 INO 54.47 45.139 0.241 5.646 26.739 -22.62 -0.14 -22.62 34.857 -0.14 4119 26.739 17.986 1460.19995 2296 1.985
2012 ANIP 55.24 13.748 0.292 0.011 9.167 1.425 11.204 6.036 20371 18.946 1.158 1460.19995 2296 1.985
2018 AFMD 56.24 133.007 0.791 108.569 50.814 -23.64 -0.37 -23.64 47.879 -0.37 27.174 50.814 40.24 2991.91992 2511 2635
2012 ACAD 57.02 108.59 57.899 25.684 -20.777 -0.38 -20.777 102.642 -0.38 4.907 25.684 18.794 1460.19995 2296 1.985
2017 ARCT 57.88 52.024 0.251 24.965 21.585 -8.587 -3.53 -8.587 33.794 -3.14 12.998 21.585 15.918 3378.63989 2451 2.72
2017 AGLE 58.42 56.077 0.619 12,817 32632 -27.427 -1.8 -27.427 50.337 -1.8 5.205 32632 22815 3378.63989 2451 2.72
2019 ovID 59.65 80.844 0.057 41.897 0 -61.155 -1.54 0 70.024 -1.54 0 61.155 42,158 3806.17993 255.7 1.52
2019 SELB 59.66 99.569 0.047 89.893 58.406 -51.729 -1.22 -51.729 8397 -1.22 6.677 58.406 42.743 3806.17993 255.7 1.52
2017 AFMD 59.87 51.885 0.751 47.892 35.012 -32.596 -0.83 -32.596 42877 -0.83 2416 35012 25.834 3378.63989 2451 2.72
2014 PRTK 633 109.967 0 95.856 10.666 -6.324 -1.37 -6.324 95.224 -0.66 4342 10.666 5014 3200.25 236.7 1.675
201 ARWR 64.27 15.889 0.01 7.507 9.859 -9.563 -0.04 -9.563 13.171 -0.12 0.296 9.859 3.542 1101.71997 2249 1.799
2017 CALA 67.4 192.455 1.229 48.475 54.976 -29.021 -0.84 -29.021 150.307 -0.84 25.955 54.976 43111 3378.63989 2451 2.72
2016 VSTM 68.69 83.629 0.039 32349 0 -36.332 -0.99 0 72297 -0.99 0 36332 19.779 2797.05005 240 2451
2012 QOTK 69.39 77.551 0.125 14.907 47.481 -39.922 -0.38 -39.922 70.085 -0.38 7.559 47.481 35.643 1460.19995 2296 1.985
2013 ABUS 69.49 71.716 0.725 68.717 27.004 -11.54 -0.92 -11.54 59.193 -0.92 15.464 27.004 21.458 2365.88989 233 2,668
2013 INO 69.61 88.287 0.177 33.72 32881 -19.414 036 -19.414 52.903 -0.36 13.467 32.881 21.369 2365.88989 233 2668
2015 KMDA 70 101.992 2718 5.047 51.725 -8.517 031 18.181 72658 -0.31 69.906 78423 16.53 3459.12012 237 1.931
2018 RCKT 71.04 251.313 1.453 111.355 0 -65.526 -1.89 0 235,484 -1.76 0 65.526 53.27 2991.91992 2511 2635
2013 BCRX 7225 48.866 0.03 21.164 42749 -25.418 -0.55 -25.418 28.874 -0.45 17.331 42.749 4273 2365.88989 233 2668
2015 MNOV 73.63 37.906 0.002 22077 0 -8.895 033 0 32753 -0.34 0 8.895 3.017 3459.12012 237 1.931
2012 INSM 7573 153.561 029 90.782 41.877 -41.877 -1.56 -41.877 137.167 -1.56 0 41.877 29.781 1460.19995 2296 1.985
2013 AVDL 76.23 116.252 1.029 6.636 1.287 -18.837 -1.69 21.156 63.024 -0.97 22.443 41.28 26.686 2365.88989 233 2668
2016 KMDA 76.37 99.696 2.641 9.968 50.801 0274 -0.18 26.693 68.107 -0.13 77.494 77.22 16.245 2797.05005 240 2451
2015 SIGA 77.04 185.733 0.109 12711 24.23 -16.054 -0.73 -16.054 -284.429 -0.46 8.176 24.23 13.131 3459.12012 237 1.931
2012 HZNP 78.12 193.984 1.336 104.087 7.125 -73.335 -2.26 12,507 142.844 -2.32 19.632 92.967 16.837 1460.19995 2296 1.985
2012 IOVA 78.99 0.029 0 0 0 -8.127 -0.04 0 -11.319 -0.04 0 8.127 1.656 1460.19995 2296 1.985
2014 ASMB 79.69 71.225 0.15 29.091 0 -23.475 -3.4 0 58.571 -3.33 0 23475 10.717 3200.25 2367 1.675
2016 AUPH 79.76 56.997 0.015 39.649 21.508 -21.335 -0.66 -21.335 35.95 -0.61 0.173 21.508 14534 2797.05005 240 2451
2015 NLTX 80.25 113.343 0.027 39.526 0 -1.73 0 108.427 -1.73 0 21.34 15.799 3459.12012 237 1.931
2017 AUPH 81.46 189.847 0.025 165.629 46.027 -45.607 -0.92 -45.607 165.743 -0.91 0.42 46.027 33.93 3378.63989 2451 2.72
201 INSM 8222 139.833 0.979 14.848 39.803 -35.386 -2.95 -35.386 134.433 -1.84 4.417 39.803 27917 1101.71997 2249 1.799
2010 BDSI 82.61 3358 0.104 18.209 18,597 -15.193 -0.56 -15.193 9.786 -0.57 3.404 18,597 10,645 975.98999 218.1 1.799
2013 PRTK 82.86 1.285 0 1.212 7.92 -7.442 -0.79 -7.442 -33.768 -0.45 0478 7.92 4.631 2365.88989 233 2668
2013 CDXS 8299 58.84 1.175 2213 60.396 -28.474 -1.08 -28.474 41.483 -1.04 31.922 60.396 31.606 2365.88989 233 2.668
2015 ASMB 83.71 133.744 0.058 27.108 0 -29.591 -1.81 0 118.742 -1.81 0 29.591 18.358 3459.12012 237 1.931
2019 AXSM 84.06 220.55 0.016 219.966 0 -67.208 =201 0 196.055 -2.01 0 67.208 53.647 3806.17993 255.7 1.52
2018 RDHL 84.81 62.411 0.023 29.005 2747 -39.241 -1.68 5.613 51.186 -1.68 8.36 47.601 24.862 2991.91992 2511 2635
201 BDSI 85.27 23.645 0.287 10.75 0.421 -25.652 -0.82 2.842 4.12 -0.82 3.263 28915 20.805 1101.71997 2249 1.799
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2017 FATE 85.72 105.292 1.725 88.952 45.26 -41.154 -1.02 -41.154 91.997 -1.02 4.106 45.26 34358 3378.63989 2451 2.72
2018 KMDA 87.5 138.116 2.884 18.093 70.138 22.804 055 44331 113.092 055 114.469 91.665 9.747 2991.91992 2511 2635
2012 OMER 88.32 26.575 0.642 1.52 42587 -36.565 -1.59 -36.565 13,572 -1.59 6.022 42.587 31.922 1460.19995 2296 1.985
2010 FOLD 89.92 112,552 0.384 29.572 13.338 -53.78 -1.98 -12.416 65.978 -2.02 0.922 54.702 25.704 975.98999 218.1 1.799
2018 AGLE 90.02 77.739 0.422 22.461 49.058 -45.17 213 -45.17 67.428 -2.13 3.888 49.058 36.719 2991.91992 2511 2635
2017 BGNE 90.47 1046.479 46.374 239.602 332.086 -93.699 223 -93.699 839.724 -2.23 238.387 332,086 269.018 3378.63989 2451 2.72
2019 KMDA 92.1 173.797 23 42662 74.459 27.155 055 52.728 139.557 0.55 127.187 100.032 13.059 3806.17993 255.7 1.52
2017 CDXS 189.61 53.625 0.985 31.219 71.952 -21.928 -0.5 -21.928 24.849 -0.5 50.024 71.952 29.659 3378.63989 2451 2.72
201 ZGNX 190.29 100.64 0617 56.525 18.914 -74.84 -1.96 18.662 51.382 -1.96 37.576 112.416 33.043 1101.71997 2249 1.799
2012 CDXS 190.54 99.965 2933 32.003 103.452 -15.154 -0.84 -15.154 78.44 -0.79 88.298 103.452 56.785 1460.19995 229.6 1.985
2014 ANIP 190.56 263.709 112 169.037 11.473 23.884 261 44.497 250,476 1.08 55.97 32.086 2678 3200.25 236.7 1.675
2014 QOTK 191.75 132.968 1.104 20215 61.204 -14.264 041 -14.264 92.064 -0.41 46.94 61.204 44.426 3200.25 236.7 1.675
2019 AFMD 194.03 126.087 1.486 106.87 59.645 -35.64 -0.56 -35.64 44,008 -0.56 24,005 59.645 49.142 3806.17993 255.7 1.52
2019 EIGR 194.06 105.139 0.475 39373 0 -68.836 -3.08 0 88.19 -3.08 0 68.836 51.791 3806.17993 255.7 1.52
2012 GERN 194.58 99.801 0.862 22.063 70935 -68.226 -0.54 -68.226 85.653 -0.52 2709 70.935 51.368 1460.19995 2296 1.985
2019 ADVM 198.04 222727 19.247 65.897 67.222 -66.972 -1.01 -66.972 203171 -1.01 0.25 67.222 40.419 3806.17993 255.7 1.52
2014 IOVA 198.34 46.507 1.592 44.909 0 -11.953 -0.48 0 44.845 -0.48 0 11.953 2705 3200.25 236.7 1.675
2016 voYr 199.22 101.034 4.21 59.219 23.018 -25.292 -1.09 42.067 85.098 -1.09 65.085 90.377 15.324 2797.05005 240 2451
2015 RIGL 199.28 131.747 0.546 43.456 79.199 -50.304 -0.58 -50.304 91.381 -0.58 28.895 79.199 62.825 3459.12012 237 1.931
2014 AVDL 205.03 174.205 1.728 39.76 2683 -20.904 -2.34 12.092 101.03 -1.34 14.775 35679 17.298 3200.25 236.7 1.675
2017 MNOV 207.97 43.419 0 27.992 0 -12.999 -0.32 0 38.642 -0.31 0 12,999 4.224 3378.63989 2451 2.72
2017 ocuL 208.25 55.431 8.252 41538 59.715 -57.792 -2.2 -57.792 38618 =211 1.923 59.715 30.88 3378.63989 2451 2.72
201 ARNA 208.83 157.129 0.619 57.632 80.927 -68.208 -0.8 -68.208 99.718 -0.7 12719 80.927 58.706 1101.71997 2249 1.799
2017 ASMB 209.34 169.303 0.865 82.033 61.027 -52.008 241 -52.008 113.12 29 9.019 61.027 44,225 3378.63989 2451 2.72
2019 KDNY 209.62 15.722 0.758 11.203 0 -19.83 -5.1 0 13.295 5.1 0 19.83 17.01 3806.17993 255.7 1.52
2015 ZGNX 209.66 305.987 0.308 155.349 21.08 -48.105 1.22 6.102 198.731 2 27.182 75.287 27.86 3459.12012 237 1.931
2013 INSM 209.73 176.498 0.826 113.894 65.835 -65.835 -1.6 -65.835 159.662 -1.85 0 65.835 44.279 2365.88989 233 2668
2014 ESPR 211.05 143.344 0.873 85.038 0 -36.064 -2.22 0 137.853 -2.22 0 36.064 25.302 3200.25 236.7 1.675
2016 AFMD 211,68 51.429 0.251 37.361 40.24 -33.577 -1.02 -33.577 44,706 -1.02 6.663 40.24 31.847 2797.05005 240 2451
2019 ABUS 212.49 105.535 0.589 31.799 74.228 -68.217 -2.89 -68.217 94.754 -1.84 6.011 74.228 101.437 3806.17993 255.7 1.52
2018 SNDX 213.66 83.938 0.187 33.769 77315 -75.798 -2.92 -75.798 53.047 -2.92 1517 77315 60.106 2991.91992 2511 2635
2016 NLTX 214.78 154.38 0713 32301 0 -1.96 0 144711 -1.96 0 37.645 28382 2797.05005 240 2451
2017 SGMO 21539 286.741 3.751 49.826 91.43 -54.863 -0.7 -54.863 212,638 07 36.567 91.43 65.728 3378.63989 2451 2.72
2018 SELB 21651 44.482 0.884 37.403 64.95 -64.047 -2.92 -64.047 -5.418 -2.92 0.903 64.95 47.687 2991.91992 2511 2635
2010 SPPI 216,67 163.631 1.576 53.557 16.653 -45.291 -0.99 57.46 74516 -0.95 74.113 119.404 57.301 975.98999 218.1 1.799
2017 ALT 216.87 63.03 0.112 8.77 24.542 -13.803 -4.01 -13.803 49.278 -1 10.739 24,542 18.407 3378.63989 2451 2.72
2015 varr 217.45 75.285 6.165 39.084 20.047 -31.216 -13 29.456 56.28 -13 49.503 80.719 12.7% 3459.12012 237 1.931
2015 EGRX 217.46 124.605 1.881 79.083 15.535 2672 0.17 50.692 90.343 0.17 66.227 63.555 27.855 3459.12012 237 1.931
2013 SUPN 218.47 110.995 1.646 32.98 0363 -61.179 -2.9 11.656 67.857 26 12,019 73.198 17.245 2365.88989 233 2,668




2018 vorr 2213 120638 1.874 77.995 32.278 -18.313 -0.62 59.73 103.68 -0.62 92,008 110.321 14.82 2991.91992 2511 2635
2010 SIGA 222.26 27.032 055 6332 31313 -12.097 -0.62 -12.097 12.069 -0.62 19.216 31313 22.658 975.98999 218.1 1.799
2014 BDSI 224 89311 1.603 70472 3.844 -37.645 -1.12 35.1 58.569 -1.12 38.944 76.589 34.285 3200.25 236.7 1.675
2015 CARA 227.12 110.897 0.02 15.101 28.152 -24.349 -1 -24.349 105.044 -1 3.803 28.152 21.221 3459.12012 237 1.931
2017 CNCE 229.16 211.736 0.947 27.665 50.234 -50.172 4.2 -50.172 196.432 0 0.062 50.234 30.223 3378.63989 2451 2.72
2016 ocuL 231.72 74.939 1.919 32,936 44332 -42.445 -1.8 -42.445 66.102 -1.8 1.887 44332 27.065 2797.05005 240 2451
201 BCRX 232.24 82.208 0.055 16.444 68.186 -48.543 -1.26 -48.543 44.806 -1.26 19.643 68.186 56.898 1101.71997 2249 1.799
2018 MNOV 23357 77.223 0.01 62313 0 -15.561 -0.36 0 73.108 -0.36 0 15.561 5.626 2991.91992 2511 2635
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