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Abstract: This paper analyzes factors affecting pricing in patent licensing contracts in the
biopharmaceutical industry based on a dataset that includes royalty-related data such as running
royalty rate, up-front payment, milestones, and deal value. Data on drug candidates for 11 drug
classes is obtained for regression analysis between royalty-related data and multiple input descriptors
such as market factors, licensor factors, and licensee factor in order to derive the formula for predicting
royalty-related estimates such as royalty rate, up-front payment, milestones, and deal value. Data is
gathered from multiple sources including MedTrack and is processed through merging and cleaning.
We found that the three most important factors in pricing in patent licensing in the biopharmaceutical
industry are CAGR (Compound Annual Growth Rate), PDELR (Previous Deal Experience of Licensor),
and AR (Attrition Rate). We found that factors in the formula used to estimate the license fee are
totally different by drug class. We found that the three most important factors in the frequency in the
formula used to estimate the license fee are PDELR, RnDLR (R&D Costs of Licensor), and PDELE
(Previous Deal Experience of Licensee). This study suggests a method of estimating the proper royalty
rate, up-front payment, milestones, and deal value of the drug candidates of 11 drug classes by using
easily obtained input data.

Keywords: valuation; licensing deal; drug class; royalty rate; up-front fee; milestones; deal value;
regression; biotech industry; attrition rate

1. Introduction

Drug development is expensive and risky because it requires a lot of time and money from an
initial concept to approval [1,2]. Licensing is recognized as a good exit strategy to overcome the
economic crisis in biotech companies and royalties are recognized as one of the major revenue sources
in the biotech industry [3,4]. Therefore, the number of licensing transfers in the biotech industry is at
least 10 times that of other industries [5,6].

Valuation for the drug under development is required for various purposes including merger and
acquisition (M&A) transaction and two major quantitative valuation approaches are applied in the
biotech industry, that is the discounted cash flow (DCF) method and the real options method [7,8].
The risk-adjusted Net Present Value (rNPV) method is an NPV method that uses only the attrition
rate at development stage as a discount rate to consider the risk at each development step and was
developed to overcome the disadvantages of DCF and real options methodology. The rNPV method,
which considers the drug type as well as the development phase, recently emerged [9], but it is
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not enough to reflect the characteristics of the biotech industry and to provide accurate valuation
for early-stage drugs. Paik’s study confirmed that technology providers (licensor) and technology
adopters (licensee) differ in factors that are important to technology transfer, while past studies tend to
focus on only one type of licensors/licensees [10,11].

The purpose of this study is (1) to identify the factors that affect each license fee through previous
studies, (2) to analyze the effect of each factor on the license fee by multiple regression, and (3) to
make a formula through the values of the influencing factors by drug class by using backward
elimination method.

The biotech industry is facing a challenging situation with decreasing financial performance and
declining R&D productivity. Licensing has become an important element of the business model in the
biotech industry and a key activity for biotech companies and determining the right royalty rate in
licensing deal is very important to pharmaceutical and biotechnology success. The valuation is vital to
valuate the technology in finding licensing partner, fundraising for further development, portfolio
management in biotech industry [12]. The value of technology depends on a number of factors in
licensing deal between technology provider and technology consumer [6]. Main technology providers
(licensors) are biotech, academia including national research institutes. Main technology consumers
(licensees) are pharma company and biotech [12]. This study is meaningful to provide royalty-related
estimates such as royalty rate, up-front payment, milestones, and deal value by drug class based
on historical deal data in more simple way. The existing valuation methods like DCF and the real
options require long time more than one month and complex steps to derive these royalty-related
estimates. Licensing deals between pharmaceutical companies and biotech/academia are active in the
biotechnology area [8].

The types of factors in view of β (Non-standardized regression coefficients) that influence all
aspects of the license fee including deal value, royalty rate, upfront payment, milestones is as follows:
1© CAGR (Compound annual growth rate) 2© PDELR (Prior Deal Experience of Licensor) 3© AR

(Attrition Rate) 4© RNDLR (Licensor R&D Costs) 5© RNDLE (Licensee R&D Costs) 6© SALESLR
(Licensor Sales) 7© SALESLE (Licensee Sales). In fact, these factors can be later determined in order
(the rank of influencing weights) since we investigate the correlation between the predictor and the
dependent variables, leading to the size of regression coefficients. We found that the three most
important factors in pricing in patent licensing in the biotech industry are CAGR, PDELR, and AR.
We found that factors in the formula used to estimate the license fee are totally different by drug class.
Total frequency of factors in the formula to estimate all the technical fee including deal value, royalty
rate, upfront payment, milestones by drug class is as follows: 1© PDELR (22 times) 2© RNDLR (16)
3© PDELE (15) 4© SALESLE, CAS (14) 5© AR (9). We found that the three most important factors in the

frequency in the formula used to estimate the license fee are PDELR, RNDLR, and PDELE.
This rest of this paper is organized as follows. The second section reviews licensing in the biotech

industry and the development status of the valuation method. The third section describes the proposed
research framework. The fourth section presents the data, empirical model, and results. The final
section contains the discussion and implications.

2. Literature Review

2.1. Licensing in the Biopharmaceutical Industry

The discovery and development of new drugs is a highly risky investment because it is a lengthy
and expensive process. Few companies have the capability to develop products from the discovery
of a new lead compound to delivering the approved drug to patients. Even those that do have the
capability may not have the capacity to have pipelines that are broad enough to provide a smooth
flow of new drugs [6]. Small pharmaceutical biotech companies with good technology generally have
limited R&D budgets and drug development periods are so long that they are often close to budgetary
crisis, which makes licensing a good strategy and business model to overcome monetary crisis [3,13].
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Licensing between competing firms is popular in many countries. Several papers have focused on
the horizontal product differentiation approach. Using this approach, Erkal (2005) finds that royalty
licensing is always profitable for the licensor regardless of its technological lead over the competitor.
Furthermore, when the technology gap between competing firms is small, it is socially optimal to
discourage licensing. Sinha (2010) shows that when licensing takes place between a multinational
and a domestic firm, if FDI (Foreign Direct Investment) is the multinational’s mode of entry into the
domestic market, royalties are more profitable compared to fixed fee licensing [14].

2.2. Development of Valuation Method

Value is established through trade and is dependent on market supply and demand as well as
other factors. Essentially, value is the amount that both the buyer is willing to pay and the seller is
willing to accept. Both sides will be interested in achieving the best deal and will want to know what
other buyers might pay or sellers accept. Comparable products or technologies that have recently
been traded may provide an indication of the expected value. The value of technology depends on
many factors. There will be more than a dozen variables in even the simplest eNPV (Expected Net
Present Value) model for a product in early clinical development. These include the size of the target
market for the final therapeutic product, the anticipated clinical qualities of the drug, and the extent of
competition for the drug and these will include the phase-specific success probabilities, development
costs and timelines, the expected market size and market share, the costs of goods, and marketing and
administration [6].

Ruckman and McCarthy examined the determinants of licensing using 93 licensing agreements in
the global biopharmaceutical sector in a panel dataset spanning 1993–2007 and found that licensors
with strength in technological prestige, licensing experience, and combined technological depth and
breadth are more likely to license-out their patents and have a greater chance of being chosen by
licensees [15].

Research on technology transfer has been carried out mainly through analysis of policy factors,
factors for promoting technology transfer, and ways to promote the success of technology transfer.
According to a recent study by Hwhang (2015), it was found that technology transfer through
exploration of potential demand is more effective than 33 government-sponsored research institute
technologies [16].

Understanding how fees or compensations are determined in patent licensing contacts is a critical
issue for firms trying to profit from their inventions as well as for firms that source technology.
Patent licensing has become an increasingly widespread practice [17,18].

Patent licensing is particularly important for companies that have limited resources to
commercialize their own inventions. Companies may choose licensing if the invention falls into
areas that are not core to their business. The licensing of patents has also become an important concern
for universities, which have been encouraged to profit from their own inventions since the Bayh-Dole
Act of 1980 gave universities the right to own and license inventions resulting from federally-funded
academic research. Several explanations for the phenomenon of patent under exploitation have been
suggested, including managerial myopia, inertia, management incompetence [18], the marginality and
low value of patents, and transaction costs or other impediments in the technology market [19].

The valuation of patents has caught widespread attention in innovation research because patents
are one of the few readily available measures of research output. Mariko (2010) added the proximity
of a licensed patent to a licensor’s core technology (the number of a licensor’s patents in the same
IPC as the licensed patent compared to the total patent stock of the licensee), licensor patent stock
(the number of patent applications by a licensor), and licensee patent stock as the determinants of the
price of patent licensing. Sakakibara’s research added the sales per capital of licensor and licensee as a
size indicator among the determinants of the price of patent licensing [11]. However, due to the limited
availability of data, past studies typically used proxies for the value of patents, such as citations [20],
Tobin’s Q [20,21], patent renewal [20], and patent litigation costs [22]. Scherer and Harhoff [23] and
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Gambardella et al. [24] use a survey-based measure. Research based on actual patent transaction
data such as survey-based research [25], examination of those contract features which do not include
pricing [17], and studies of university patents [26,27] is very limited. Patents without established
market values (e.g., no negotiated royalty rates) are often valued by comparing the number of citations
the patent has received to those received by other patents whose market values are established.
Caviggioli and Ughetto (2013) investigated the main drivers of companies’ decisions to engage in
patent licensing and sales transactions and then examined how improvements in the marketplace
for patents and more intense involvement of patent brokers might impact the factors hindering the
development of patent transactions [28]. For recently issued patents, which have not had time to
accumulate citations, this [29].

Determining a reasonable royalty rate for a licensing deal is very challenging, and proper valuation
is essential to make a reasonable determination. There are two major valuation approaches used in the
field of life sciences: discounted cash flow (DCF) and real options [1]. The valuation methodology for
new drug pipelines includes rNPV or eNPV (expected NPV) or the probability-adjusted NPV method
in which technical risk is reflected on the cash flow, the scenario-implemented decision tree method,
which calculates the weighted average NPV according to the probability of specific scenarios, and real
options, which is often used by financial professionals but is not favored by drug experts. The rNPV
method is most frequently used in practical work in the field of life sciences [1]. Attrition rates
proposed by DiMasi [30] are most often used for valuation among technology traders in biotechnology
and pharmaceutical companies. A recent study by Thomas, D.W. et al. derived the attrition rate at
each development stage for four drug types [9].

Lee et al. suggested a method of estimating the proper royalty rate and up-front payment using
the formula derived from the regression of a dataset of historical licensing data [1]. However, further
in-depth research is necessary to investigate the relationship between royalty-related data and more
input variables that can be converted to numerical value and can be used for the input for prediction [1].
Lee’s study group suggested a method of estimating the proper royalty rate and up-front payment
using multiple data descriptors. In the regression analysis study on Anticancer activity candidates,
factors that influence the royalty rate are ranked as follows: (1) Licensee Revenue (+) (2) Market
Size (−) (3) TCT median value (−) (4) CAGR (−) (5) Attrition Rate (+). In the regression model to
predict the royalty rate, Royalty Rate is directly proportional to Licensee Revenue and Attrition Rate
and Royalty Rate is inversely proportional to Market Size, TCT median value, and CAGR [8].

Byeon (2013) studied the influence of factors on the outcome of the technology trading contract.
The positive order of influence on the success of the technology trading contract was found to be
the technical transaction environment factor, ability, and the [31]. Jong-ilBaek and Byung-hwan
Hyun (2017) analyzed the priority factors of technological, marketability, internal factors, and technical
supply agencies, which act as complex variables in license fee negotiation, using AHP analysis from the
viewpoint of licensee [32]. Another study by Jong-ilBaek and Byung-hwan Hyun study (2017) shows
that both parties including the government-funded research center and private company acknowledge
“Technical considerations for determining the profitability of the technologies” and “The interest
and willingness of the management group” as critical factors for the determinants of royalties.
The difference between the parties is that private companies acknowledge “Available budget plan” as
a critical factor while government-funded research centers value “Market competitiveness” [33].

3. Research Framework

Paik’s study separated licensor and licensee when considering the factor influencing technology
transfer, while past studies tend to focus on only one type of licensors or licensees [10,11]. The rNPV
method became the major valuation approach since DiMasi suggested the attrition rate at development
stage as a factor for valuation in the biotech industry [1,3,8,10,34–37]. According to Baek’s study, Market
Size and CAGR were the major factors to estimate the running royalty in the biotech industry [8,32,33].
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Figure 1 presents the framework to research factors affecting pricing in patent licensing contracts in
the biopharmaceutical industry.Sustainability 2018, 10, x FOR PEER REVIEW  5 of 20 
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3.1. Market

The attrition rate at development stage was proposed by DiMasi’s study [30] and is used most
often for the valuation in the biotechnology industry. According to Baek’s study, Market Size and
CAGR were the major factors to estimate the running royalty in the biopharmacuetical industry [33]
and several studies followed [8,32].

3.2. Licensor

The licensor seeks to extract value in the form of licensing revenues and may be motivated to
license-out their technologies because they lack the financial, physical, or intellectual resources to
commercialize it [15]. Past studies tend to focus on only one type of licensor or licensee [11]. However,
Paik’s research confirmed that licensor and licensee differ in factors that are important to technology
transfer, such as previous deal experience [10], and there have been several subsequent studies on
licensor factors [38,39]. Svačina and several groups added R&D licensor costs as factors affecting the
value of intangibles [18,40]. Sakakibara added the sales per capital of the licensor and licensee as a size
indicator among the determinants of the price of patent licensing [11].

3.3. Licensee

Paik’s research confirmed that licensor and licensee differ in factors that are important to
technology transfer, such as previous deal experience [10], and several studies for licensee factor
followed [31,38,40]. Pavel Svačinaand several groups added the R&D costs of licensee to as the factors
affecting the value of intangibles [18,41]. Sakakibara added the sales per capital of the licensor and
licensee as a size indicator among the determinants of the price of patent licensing [11].

4. Methodology

4.1. Empirical Model

We employed linear regression model like the followings. Technical Fee is a dependent variable
and PDELR, PDELE, MS, CAGR, AR, RNDLR, SALESLR, RNDLE, SALESLE are independent variables.

Model I.

Technical Feei = a1 × PDELR + a2 × PDELE + a3 × MS + a4 × CAGR + a6 × AR + a7 ×
RNDLR + a8 × SALESLR + a9 × RNDLE + a10 × SALESLE+ ui

where ui is the error term.
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4.2. Data

Data is gathered from multiple sources such as MedTrack and Harvard WRDS (Wharton Research
Data Services) for analysis and is processed through merging and cleaning.

Data collection is based on the following resources: 1© DV (Deal Value), RRA (Royalty Rate
Average), MP (Milestone payments), TU (Total Upfront Payment), PDELR(Prior Deal Experience
of Licensor), PDELE (Prior Deal Experience of Licensee), AR (Attrition Rate) by Development
Phase from MedTrackdatabase (Informa UK Limited); 2© MS (Market Size), CAGR (Compound
Annual Growth Rate) for drug class, several market reports from Global View Research, Grand
View Research, IndustryARC, Transparency Market Research, EvaluatePharma, and QuintilesIMS
Institute [42–47]; 3© RNDLR (R&D Costs of Licensor), CAS (Sales of Licensor), RNDLE (R&D Costs of
Licensee), SALESLE (Sales of Licensee), Harvard WRDS (Wharton Research Data Services) database
and MedTrack database (Informa UK Limited).

4.3. Variables

In general, we should consider whether control variables influence the relation between
independent and dependent variables. To investigate various factors affecting the deal values of
the licensing contract, at first, we introduced potential candidates for control variables such as whether
the licensee is a large firm or small-and-medium size firm (which is categorized to nominal variables).
But in this work, we put all potential control variables to the subset representing independent variables,
because we found no influence effect in that there exists no statistical significance without showing no
cases less than significance level of 0.05 (5%) even if we fix one for control variable and remain the rest
for independent variables.

In case of PDELR, PDELE, we calculated the number of deals prior to the deal date. In case of
RNDLR, SALESLR, RNDLE, SALESLE, we used the value of the previous year based on the deal date.
DiMasi’s attrition rate [30] is applied for the development phase and the average royalty rate is used
after data cleaning.

Table 1 presents the category, criteria, and related studies of each variable and Table 2 describes
the statistical characteristics of independent variables

Table 1. Summary of variables.

Categories Variables Descriptions References

Dependent variables

[DV] Deal Value (M$) [48–50]
[RRA] Royalty Rate Average (%) [1,8,29,32,35–39,51–54]
[MP] Milestone payments (M$) [54–56]
[TU] Total Upfront Payment (M$) [1,8,54,56]

Independent variables

Market
[MS] Market Size (B$) [1,8,34]

[CAGR] Compound Annual Growth Rate (%) [1,8,34]
[AR] Attrition Rate (%) [1,8,10,33–38]

Licensor
[PDELR] Previous Deal Experience of Licensor (times) [10,15,39,41]
[RnDLR] R&D Costs of Licensor (M$) [3,16,37,39,54,55,57,58]
[SalesLR] Sales (Revenue) of Licensor (M$) [11,15,36,54]

Licensee
[PDELE] Previous Deal Experience of Licensee (times) [10,31,39,43]
[RnDLE] R&D Costs of Licensee (M$) [18,32,41]
[SalesLE] Sales (Revenue) of Licensee (M$) [11,15,37,59]

Table 2 presents the statistics of independent variables.
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Table 2. Statistical characteristics of independent variables.

Mean Min Max Std. Dev.

1. PDELR 30.89 0 145 30.73
2. PDELE 13.50 0 75 15.40
3. MS 82.88 50.1 125.5 16.09
4. CAGR 8.56 0 10.9 3.02
5. AR 35.56 13.3 93 25.01
6. RNDLR 1657.0 0 7680.0 2349.7
7. SALESLR 11,439.4 0 61,095.0 16,487.4
8. RNDLE 715.01 0 9431.0 1780.2
9. SALESLE 4274.4 0 65165 11,472.2

5. Results

5.1. Regression Analysis of Total Dataset

As one of the most popular regression methods in use, we hereby employed the regression
analysis of “Enter method” in Table 3 but found that most of the variables returned beyond the
significance level, except for specific metrics such as “PDELR, CAGR, RNDLR, SALESLR, RNDLE”
(for DV) and “PDELR, CAGR, RNDLR, SALESLR” (for MP).

Table 3. Descriptive statistics for technical fee factors (Enter Method).

Dependent var. DV RRA TU MP

p-value (Model) 0.000000 0.022684 0.000027 0.000000

# of sample 472 247 355 251

Statistical coeff. B p-value B p-value B p-value B p-value

Constant −22.330436 0.826584 6.511484 0.02 Development
of a technolog78 7.547157 0.744175 105.381210 0.562632

Indep, Var.
PDELR 5.851656 0.000000 0.037060 0.049948 0.037060 0.049948 8.334518 0.000000
PDELE −1.115316 0.445753 0.000625 0.984304 0.000625 0.984304 −2.602873 0.247456

MS 1.428798 0.135370 0.044159 0.088184 0.044159 0.088184 −1.827841 0.347045
CAGR 17.829881 0.004327 0.151523 0.365859 0.151523 0.365859 29.316390 0.004722

AR −1.813374 0.011470 0.039696 0.039477 0.039696 0.039477 −1.058399 0.388484
RNDLR 0.182640 0.000008 −0.000201 0.865463 −0.000201 0.865463 0.283853 0.000013

SALESLR −0.028755 0.000001 0.000010 0.957381 0.000010 0.957381 −0.045430 0.000001
RNDLE 0.139317 0.033789 −0.004327 0.008315 −0.004327 0.986540 0.011289 0.913720

SALESLE −0.015412 0.127446 0.000682 0.010247 0.000853 0.682485 0.001756 0.911336

Thus, we applied to an alternative of “Backward elimination method” in Table 4, which might
be well-known as to provide high fidelity to model fitness and “metric significance” and much more
appropriate for our work.

Table 4. Descriptive statistics for technical fee factors (Backward method).

Dependent var. DV RRA TU MP

p-value (Model) 0.0000000 0.002573 0.0000010 0.0000000

# of sample 472 247 355 251

Statistical coeff. B p-value B p-value B p-value B p-value

Constant 70.773093 0.3138740 12.74085 0.0000000 159.46549 0.0001630 −95.645835 0.3085800

Indep, Var.
PDELR 5.91506 0.0000000 0.03654 0.0444820 7.8125 0.0000000 8.039028 0.0000000
PDELE

MS
CAGR 19.758378 0.0014660 29.228961 0.0027440

AR −1.963919 0.0060120
RNDLR 0.176483 0.0000140 0.272934 0.00002 0.297096 0.0000030

SALESLR −0.028014 0.0000020 −0.043594 0.0000030 −0.046986 0.0000000
RNDLE 0.038596 0.0055600 −0.00458 0.0046740

SALESLE 0.000735 0.000735 0.0053450
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From the results of multiple regression analysis, we did not find the occurrence of multicollinearity
issues in that tolerances for all four cases (DV, Milestone, Royalty and Upfront) are no less than 0.1,
and variable inflation factors (VIF) are no greater than 10.0. Thus, our models are justified without no
collinearity problems.

Factors that influence the deal value are ranked as follows: 1© CAGR (+) 2© Prior Licensor
Deal experience (+) 3© Attrition Rate (−) 4© Licensor R&D Costs (+) 5© Licensee R&D Costs (+)
6© Licensor Revenue (−). In the regression model to predict the deal value, deal value is directly

proportional to CAGR, Previous Licensor Deal experience, Licensee R&D Costs, and deal value is
inversely proportional to Attrition Rate and Licensor.

Deal Value = 70.773093 + 5.91506 × Previous Licensor Deal experience + 19.758378
× CAGR − 1.963919 × Attrition Rate + 0.176483 × Licensor R&D Costs − 0.028014 ×

Licensor Revenue + 0.038596 × Licensee R&D Costs
(1)

Factors that influence the royalty rate are ranked as follows: 1© Licensee R&D Costs (−)
2© Licensee Revenue (+). In the regression model to predict the royalty rate, Royalty Rate is directly

proportional to Licensee Revenue and Royalty Rate is inversely proportional to Licensee R&D Costs.

Royalty Rate= 12.74085 − 0.00458*Licensee R&D Costs + 0.000735*Licensee Revenue (2)

Factors that influence the Total Upfront Payments are ranked as follows: 1© Previous Licensor Deal
experience (+) 2© Licensor R&D Costs (+) 3© Licensor Revenue (−). In the regression model to predict
the total upfront payments, Total Upfront Payments is directly proportional to Previous Licensor Deal
experience, Licensor R&D Costs and Total Upfront is inversely proportional to Licensee Revenue.

Total Upfront = 159.46549 +7.8125 × Licensor Deal experience + 0.272934 × Licensor
R&D Costs − 0.043594 × Licensor Revenue

(3)

Factors that influence Milestone payment are ranked as follows: 1© CAGR (+) 2© Previous Licensor
Deal experience (+) 3© Licensor R&D Costs (+) 4© Licensor Revenue (−). In the regression model to
predict the milestones, Milestones is directly proportional to CAGR, Previous Licensor Deal experience,
Licensor R&D Costs and Milestones is inversely proportional to Licensor Revenue.

Milestones = (−95.645835) + 8.039028 × Previous Licensor Deal experience +
29.228961 × CAGR + 0.297096 × Licensor R&D Costs − 0.046986 × Licensor Revenue

(4)

5.2. Regression Analysis of Deal Value by Drug Class

Based on the total dataset, we performed the regression analysis on deal value (dependent
variable) by 11 drug class in Tables 5 and 6 and obtained the algebraic formulae sensitive to each drug
class (independent variable) as below.

The formula to predict deal value by drug class is as follows.

(1) CV

Deal Value = 39.55697 − 2.408706 × Previous Licensor Deal experience + 3.979936 ×
Previous Licensee Deal experience + 0.493004 × Licensor R&D Costs − 0.066841 ×

Licensor Sales − 0.119173 × Licensee R&D Costs + 0.025982 × Licensee Sales
(5)

(2) CNS

Deal Value =69.271054 + 3.542896 × Previous Licensor Deal experience + 4.322385 ×
Previous Licensee Deal experience

(6)
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(3) Derma

Deal Value = (−23.760665) + 13.174938 × Previous Licensor Deal experience +
2.89314 × Previous Licensee Deal experience − 0.624013 × Licensor R&D Costs +
0.05663 × Licensor Sales − 0.127605 × Licensee R&D Costs + 0.049539 × Licensee

Sales

(7)

(4) EMGD

Deal Value = 151.407936 + 6.73419 × Previous Licensor Deal experience − 0.079591
× Licensor R&D Costs

(8)

(5) GIM

Deal Value = 71.894673 + 9.989668 × Previous Licensor Deal experience − 0.744804
× Licensor R&D Costs + 0.127621 × Licensor Sales

(9)

(6) GU

Deal Value = 207.295828 + 0.01447 × Licensor Sales − 22.968797 × Licensee R&D
Costs

(10)

(7) Hema

There were five samples in the Haematology dataset, which was too small to perform the
regression analysis.

(8) InI

Deal Value = 190.448746 + 0.150583 × Licensor R&D Costs + 0.10985 × Licensee R&D
Costs

(11)

(9) Musk

There were six samples in the Musculoskeletal dataset, which was too small to perform the
regression analysis.

(10) Onco

Deal Value = 230.734404 + 7.877775 × Previous Licensor Deal experience − 2.758797 × Attrition
rate + 0.267436 × Licensor R&D Costs − 0.038537 × Licensor Sales − 0.119173 × Licensee R&D

Costs + 0.341313& Licensee R&D Costs − 0.04113 × Licensee Sales

(12)

(11) Resp

Deal Value = 80.893396 − 3.085556 × Previous Licensor Deal experience + 9.262484
× Previous Licensee Deal experience + 0.174223 × Licensor R&D Costs − 0.016116 ×

Licensor Sales +0.214029 × Licensee R&D Costs
(13)
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Table 5. Results of regression analysis of deal value by drug class (1).

Drug Class CV CNS Derma EMGD

p-value (Model) 0.0000000 0.0000000 0.0000000 0.012055

# of sample 22 93 23 36

Statistical coeff. B p-value B p-value B p-value B p-value

Constant 39.55697 0.0050370 69.271054 0.0083770 −23.760665 0.0000000 151.407936 0.0058780

Indep, Var.
PDELR −2.408706 0.0227860 3.542896 0.0000000 13.174938 0.0000000 6.73419 0.0076750
PDELE 3.979936 0.0031190 4.322385 0.0000000 2.89314 0.0000000

AR
RNDLR 0.493004 0.0000000 −0.624013 0.0000000 −0.079591 0.0185440

SALESLR −0.066841 0.0000000 0.05663 0.0000000
RNDLE −0.119173 0.0617930 −0.127605 0.0000000

SALESLE 0.025982 0.0128650 0.049539 0.0000000

Abbreviations: CV (Cardiovascular), CNS (Central Nervous System), Derma (Dermatology), EMGD (Endocrine,
Metabolic and Genetic Disorders), GIM (Gastroenterology), GU (Genitourinary disorder), Hema (Hematology),
InI (Immunology and Inflammation), Musk (Musculoskeletal), Onco (Oncology), Resp (Respiratory).

Table 6. Results of regression analysis of deal value by drug class (2).

Drug Class GIM GU InI Onco Resp

p-value (Model) 0.0000000 0.0115290 0.0002610 0.0000000 0.0000000

# of sample 26 16 38 290 30

Statistical coeff. B p-value B p-value B p-value B p-value B p-value

Constant 71.8946 0.10576 207.2958 0.0236750 190.44 230.7344 0.0003370 80.8933 0.0001190

Indep, Var.
PDELR 9.9896 0.00150 7.877775 0.0000000 −3.0855 0.0000020
PDELE 9.26248 0.0000010

AR −2.758797 0.0454660
RNDLR −0.7448 0.00000 0.1505 0.0002 0.267436 0.0000670 0.17422 0.0000000

SALESLR 0.1276 0.00000 0.01447 0.0055300 −0.038537 0.0000560 −0.01611 0.0000000
RNDLE −22.9687 0.0212000 0.1098 0.0047 0.341313 0.0000410 0.21402 0.0000000

SALESLE −0.04113 0.0028330

5.3. Regression Analysis of Royalty Rate by Drug Class

In a similar way with the afore-mentioned cases for “influencing factors-deal value” relationships,
we performed the regression analysis on royalty rate (dependent variable) by drug class in
Tables 7 and 8 and obtained the algebraic relationships between each independent variable and
royalty rate.

Table 7. Results of regression analysis of royalty rate average by drug class (1).

Drug Class CV CNS Derma EMGD

p-value (Model) 0.0002690 0.0066530 0.0000000 0.0015070

# of sample 15 55 16 21

Statistical coeff. B p-value B p-value B p-value B p-value

Constant 10.281316 0.0001140 9.510447 0.0000010 9.312754 0.0000000 9.833102 0.0289490

Indep, Var.
PDELR −0.366691 0.0405490 0.085097 0.0115640 −0.354185 0.0033750
PDELE

AR 0.060733 0.0479160 0.201261 0.0026940
RNDLR 0.037056 0.0000000

SALESLR 0.001478 0.0027060 0.000622 0.0439070
RNDLE −0.006678 0.0339430

SALESLE 0.001063 0.0495990
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Table 8. Results of regression analysis of average royalty rate by drug class (2).

Drug Class GIM InI Onco Resp

p-value (Model) 0.0000000 0.0026550 0.0233130 0.0000000

# of sample 14 16 164 22

Statistical coeff. B p-value B p-value B p-value B p-value

Constant 4.153846 0.0000000 7.913783 0.0000000 9.668651 0.0000000 11.78705 0.0000000

Indep, Var.
PDELR 0.153846 0.0000000 −0.11326 0.0000230
PDELE −11.269231 0.0000000

AR 0.06947 0.0233130 −0.042263 0.0130290
RNDLR 0.002781 0.0026550 −0.004541 0.0000060

SALESLR 0.000842 0.0000000
RNDLE

SALESLE 2.044872 0.0000000 0.000416 0.0000040

The formula to predict the average royalty rate by drug class is as follows.

(1) CV

Royalty Rate = 10.281316 − 0.366691 × Previous Licensor Deal experience +
0.001478 × Licensor Sales

(14)

(2) CNS

Royalty Rate = 9.510447 + 0.085097 × Previous Licensor Deal experience + 0.060733
× Attrition Rate

(15)

(3) Derma
Royalty Rate = 9.312754 + 0.037056 × Licensor R&D Costs (16)

(4) EMGD

Royalty Rate = 9.833102 − 0.354185 × Previous Licensor Deal experience + 0.201261
× Attrition Rate + 0.000622 × Licensor Sales − 0.006678 × Licensee R&D Costs +

0.001063 × Licensee Sales
(17)

(5) GIM

Royalty Rate = 4.153846 + 0.153846 × Previous Licensor Deal experience −
11.269231 × Previous Licensee Deal Experience + 0.744804 × Licensor R&D Costs +

2.044872 × Licensor Sales
(18)

(6) GU

There were two samples in the Genitourinary disorder dataset, which was too small to perform
the regression analysis.

(7) Hema

There were four samples in the Haematology disorder dataset, which was too small to perform
the regression analysis.

(8) InI
Royalty Rate = 7.913783 + 0.002781 × Licensor R&D Costs (19)

(9) Musk
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There were two samples in the Musculoskeletal dataset, which was too small to perform the
regression analysis.
(10) Onco

Royalty Rate = 9.668651 + 0.06947 × Attrition rate (20)

(11) Resp

Royalty Rate = 11.78705 − 0.11326 × Previous Licensor Deal experience − 0.042263 × Attrition
Rate − 0.004541 × Licensor R&D Costs + 0.000842 × Licensor Sales + 0.000416 × Licensee Sales

(21)

5.4. Regression Analysis of Total Upfront Payment by Drug Class

Here, we got to the regression analysis on Total Upfront (TU) payment (dependent variable) by
drug class in Tables 9 and 10, and obtained the algebraic relationships between each independent
variable and TU.

Table 9. Results of regression analysis of total upfront payment by drug class (1).

Drug Class CV CNS EMGD GIM

p-value (Model) 0.0000000 0.0000000 0.0129930 0.0000000

# of sample 13 67 31 22

Statistical coeff. B p-value B p-value B p-value B p-value

Constant −17.315041 0.0000220 14.924031 0.1652240 201.386616 0.0009260 37.502781 0.0000000

Indep, Var.
PDELR 0.996379 0.0000150 0.603123 0.0372910 3.248232 0.0219400
PDELE 2.645786 0.0000000 2.675739 0.0000000 −0.945875 0.0044590

AR −0.07082 0.0364460 −2.09025 0.0113520
RNDLR 0.09439 0.0001490 0.048442 0.0033510 −0.060985 0.0027910 −0.126786 0.0000000

SALESLR −0.016922 0.0000400 −0.007446 0.0017110 0.021347 0.0000020
RNDLE −0.278727 0.0000000

SALESLE −0.006299 0.0349960 0.043333 0.0000000

Table 10. Results of regression analysis of total upfront payment by drug class (2).

Drug Class GU InI Onco Resp

p-value (Model) 0.0000000 0.0003120 0.0000000 0.0000000

# of sample 12 26 228 28

Statistical coeff. B p-value B p-value B p-value B p-value

Constant −13.781255 0.3798700 19.251567 0.2268740 73.656498 0.0000000 37.02934 0.0000000

Indep, Var.
PDELR 0.740959 0.0258880 −1.644673 0.0127100 0.619589 0.0096870 −0.460522 0.0012580
PDELE 8.925765 0.0017840 −1.309108 0.0055380 1.473402 0.0005760

AR −0.539162 0.0335760
RNDLR 0.045357 0.0052920 0.032099 0.0000000

SALESLR −0.001444 0.0054320 −0.003834 0.0000000
RNDLE 0.151248 0.0000190 0.124938 0.0000000

SALESLE −0.018931 0.0000870 −0.016661 0.0000000

The formula to predict total upfront payment by drug class is as follows.

(1) CV

Total Upfront Payment = (−17.315041) + 0.996379 × Previous Licensor Deal
experience + 2.645786 × Previous Licensee Deal experience − 0.07082 × Attrition Rate

+ 0.09439 × Licensor R&D Costs − 0.016922 × Licensor Sales
(22)
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(2) CNS

Total Upfront Payment = 14.924031 + 0.603123 × Previous Licensor Deal
experience + 2.675739 × Previous Licensee Deal experience + 0.048442 × Licensor

R&D Costs − 0.007446 × Licensor Sales
(23)

(3) Derma

There were five samples in the Dermatology dataset, which was too small to perform the
regression analysis.

(4) EMGD

Total Upfront Payment = 201.386616 + 3.248232 × Previous Licensor Deal experience −
2.09025 × Attrition Rate − 0.060985 × Licensor R&D Costs − 0.006299 × Licensee Sales

(24)

(5) GIM

Total Upfront Payment = 37.502781 − 0.945875 × Previous Licensee Deal
Experience − 0.126786 × Licensor R&D Costs + 0.021347 × Licensor Sales − 0.278727

× Licensee R&D Costs + 0.043333 × Licensee Sales
(25)

(6) GU

Total Upfront Payment = (−13.781255) + 0.740959 × Previous Licensor Deal
Experience + 8.925765 × Previous Licensee Deal Experience

(26)

(7) Hema

There were four samples in the Haematology dataset, which was too small to perform the
regression analysis.

(8) InI

Total Upfront Payment = 19.251567 − 1.644673 × Previous Licensor Deal
Experience + 0.045357 × Licensor R&D Costs + 0.151248 × Licensee R&D Costs −

0.018931 × Licensee Sales
(27)

(9) Musk

There were five samples in the Musculoskeletal dataset, which was too small to perform the
regression analysis.

(10) Onco

Total Upfront Payment = 73.656498 + 0.619589 × Previous Licensor Deal
Experience − 1.309108 × Previous Licensee Deal Experience − 0.539162 × Attrition

rate − 0.001444 × Licensor Sales + 0.124938 × Licensee R&D Costs − 0.016661 ×
Licensee Sales

(28)

(11) Resp

Total Upfront Payment = 37.02934 − 0.460522 × Previous Licensor Deal experience
+ 1.473402 × Previous Licensee Deal Experience + 0.032099 × Licensor R&D Costs −

0.003834 × Licensor Sales
(29)
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5.5. Regression Analysis of Milestone Payment by Drug Class

Lastly, we performed the regression analysis on Milestone Payment (dependent variable) by drug
class in Tables 11 and 12 and obtained the algebraic models for MP.

Table 11. Results of regression analysis of milestone payment by drug class (1).

Drug Class CV CNS EMGD GU

p-value (Model) 0.0000000 0.0000090 0.0607760 0.0000000

# of sample 10 57 18 12

Statistical coeff. B p-value B p-value B p-value B p-value

Constant 36.294468 0.0000000 46.138492 0.1486550 344.2195 0.0000220 −402.833 0.0000000

Indep, Var.
PDELR 2.421873 0.0001520 19.747326 0.0000000
PDELE 5.658716 0.0000000 3.827295 0.0002150 144.32640 0.0000000

AR
RNDLR 0.444609 0.0000000 0.53252 0.0000000

SALESLR −0.067315 0.0000000 −0.081658 0.0000000
RNDLE −4.214859 0.0607760 646.4750 0.0000000

SALESLE

Table 12. Results of regression analysis of milestone payment by drug class (2).

Drug Class InI Onco Resp

p-value (Model) 0.0035970 0.0000000 0.0000000

# of sample 26 174 17

Statistical coeff. B p-value B p-value B p-value

Constant 281.395629 0.0021770 121.1235 0.0210360 789.470761 0.0000000

Indep, Var.
PDELR 14.947359 0.0000000 −14.399465 0.0000000
PDELE −6.724867 0.0000000

AR
RNDLR 0.507199 0.0000000

SALESLR 0.016733 0.0035970 −0.081482 0.0000000
RNDLE

SALESLE

The formula to predict the millstone payment by drug class is as follows.

(1) CV

Milestone Payment = 36.294468 + 5.658716 × Previous Licensee Deal experience +
0.444609 × Licensor R&D Costs − 0.067315 × Licensor Sales

(30)

(2) CNS

Milestone Payment = 46.138492 + 2.421873 × Previous Licensor Deal experience +
3.827295 × Previous Licensee Deal experience

(31)

(3) Derma

There were two samples in the Dermatology dataset, which was too small to perform the
regression analysis.

(4) EMGD
Milestone Payment =344.219519 − 4.214859 × Licensee R&D Costs (32)
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(5) GIM

There were eight samples in the Gastroenterology dataset, which was too small to perform the
regression analysis.
(6) GU

Milestone Payment = (−402.833709) + 19.747326 × Previous Licensor Deal
Experience + 144.326402 × Previous Licensee Deal Experience + 0.53252 × Licensor

R&D Costs − 0.081658 × Licensor Sales + 646.475074 × Licensee R&D Costs
(33)

(7) Hema

There was one sample in the Haematology dataset, which was too small to perform the
regression analysis.

(8) InI
Milestone Payment = 281.395629 + 0.016733 × Licensor Sales (34)

(9) Musk

There were four samples in the Musculoskeletal dataset, which was too small to perform the
regression analysis.

(10) Onco

Milestone Payment = 121.123558 + 14.947359 × Previous Licensor Deal Experience
+ 0.507199 × Licensor R&D Costs − 0.081482 × Licensor Sales

(35)

(11) Resp

Milestone Payment = 789.470761 − 14.399465 × Previous Licensor Deal Experience
− 6.724867 × Prior Licensee Deal Experience

(36)

6. Discussion and Conclusions

In this study, we have investigated influencing factors directly coupled with pricing in patent
licensing contracts in the biopharmaceutical industry based on a dataset that includes royalty-related
data such as running royalty rate, up-front payment, milestones, and deal value. We have also
considered multiple input descriptors such as market factors, licensor factors, and licensee factor,
assuming that royalty-related data could be statistically treated or analyzed by drug class in order to
derive the formula for predicting various types of royalty-related deal value estimates.

Depending on the drug class, most of the factors related to the amount of technology transactions
such as the costs for the clinical phases, the attrition rate, the drug development time, the average sales
amount, and the sales curve, and control over pricing by country-specific regulators change [12,59].
Cardiovascular disease drugs have a higher probability of entering the market than oncology drugs,
and the clinical success rate of protein therapeutics is higher than that of chemical drugs [59]. Real price
statistics show that the real price for eye therapeutic class is the lowest (USD 90.87) and the real price
for viral infections is highest (USD 637.69) [60]. However, existing valuation methodologies, such as
r-NPV, do not take into account factors that vary depending on the drug class. The afore-mentioned
valuation methodologies would only consider successful probability and investment cost at each
pre-clinical/clinical stage as well as typical principal variables such as technology economic life,
cash flow estimation, discount rates, technology factor (or contribution rate). Here, successful
probability and investment cost are not related nor sensitive to drug class yet. For this reason,
a regression study that can reveal these variables that can be changed according to the drug class is
meaningful. If the expected development cost of drugs is relatively low and the expected operating
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profit is relatively high, the drug is of course profitable. An example is the orphan drug, a drug for
rare diseases. The market size of orphan drug is lower than that of general medicine, but the cost
of medicine per patient is much higher than the average cost of general medicine. Orphan drugs
are eligible for special tax deductions and other benefits [59]. For this reason, we have reached
the possible hypothesis that some of the variables used in the regression analysis according to the
drug class may work properly, and some variables may not, leading to the fact that we might find
significant variables with corresponding coefficients from the regression analysis. In previous similar
studies, we have derived a formula that predicts the royalties and upfront payment through regression
analysis for anticancer and cardiovascular drug classes [1]. In this study, the formula type of the
regression model for the oncology drug was “Rational Model, 3 Parameter Type 2 Regression” and the
formula type of the regression model for the cardiovascular drug was the “Polynomial Model, Inverse
Second Order-type Regression”. Curve types for oncology drugs and cardiovascular drugs were also
different [1].

While taking the integration of regression analysis results in preceding sub-sections in Section 5,
we find that most regression models involve two or more independent variables in either (+) or (−)
proportionality relations, except for several cases such as Royalty Rate for Derma, InI, Onco and
Milestone Payment for EMGO, InI.

The proportional relationship between dependent and independent variables in the regression
analysis on factors affecting pricing in patent licensing contracts in the biotech industry are illustrated
in detail in Table 13. Technical fees such as DV, MP are in directly proportional to PDELR, CAGR,
RNDLR, and SALESLE while DV is inversely proportional to AR. DV and MP is inversely proportional
to SALESLR, but TU is directly proportional to SALESLR. Factors that influence all technical fees
including deal value, royalty rate, upfront payment and milestones are ranked as follows: 1© CAGR,
2© PDELR, 3© AR, 4© RNDLR, 5© RNDLE, 6© SALESLR, 7© SALESLE. MS and PDELE are excluded

in the factors affecting pricing in patent licensing contracts, because p-value for MS and PDELE was
statistically not meaningful in the regression result. Although the market size for the sub-classical
drug class can be used for regression to obtain more accurate results, it is difficult to obtain market
size information corresponding to the subclassification. The market size used for the actual regression
is 11 drug classes corresponding to the major category. For this reason, we assume the p-value for
MS is not statistically significant. We need further study why MS and PDELE are excluded in the
factors affecting pricing in patent licensing contracts. We found that three most important variables to
consider in the licensing deal in biotech industry are CAGR, PDELR, and AR. Knowing the factors to
consider in the licensing deal is very important to prepare for the licensing deal negotiation and it is
advantageous to have a better positioning in the negotiation.

In Table 13, we find that statistically CAGR has a positive influence on DV and MP, but it
has no relations with RRA and TU. This implies that RRA and TU can be influenced by licensee’s
financial status and company circumstances. In the meanwhile, DV and MP might be enhanced
in accordance with economic growth and relevant factors such as a firm’s technical necessity and
willingness-to-pay, etc.

Table 13. Proportional relationship in the regression analysis.

DV RRA MP TU

PDELR + + +
CAGR + +

AR −
RNDLR + + +

SALESLR − − +
RNDLE + −

SALESLE +

+: Dependent variables are directly proportional to independent variables, −: Dependent variables are inversely
proportional to independent variables.
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The proportional relationship between dependent and independent variables by drug class in
the regression analysis on factors affecting pricing in patent licensing contracts in biotech industry
are illustrated in detail in Tables 14–16. The total frequency of factors in the formula to estimate all
technical fees including deal value, royalty rate, upfront payment, and milestones by drug class is
as follows: 1© PDELR (22), 2© RNDLR (16), 3© PDELE (15), 4© SALESLE, SALESLR (14), 5© AR (9).
We found that the three most important factors in the frequency in the formula to estimate the license
fee are PDELR, RNDLR and PDELE. Factors that influence all technical fees including deal value,
royalty rate, upfront payment and milestones are ranked from the viewpoint of B as follows: 1© PDELE,
2© PDELR, 3© AR, 4© RNDLR, 5© RNDLE, 6© SALESLR, 7© SALESLE. In most cases technical fees

are directly proportional to PDELE, PDELR, RNDLR, and SALESLE while inversely proportional to
SALESLR. It is interesting that factors in the formula to estimate the technical fee are totally different
by drug class.

Table 14. Proportional relationship in the regression analysis by drug class (1)

Drug Class CV CNS Derma
Freq.

Indep Var. DV RRA TU MP DV RRA TU MP DV RRA TU MP

Dep Var.
PDELR − − + + + + + + 8
PDELE + + + + + + + 7

AR − + + 3
RNDLR + + + + + 5

SALESLR + − − − 4
RNDLE 0

SALESLE + 1

Table 15. Proportional relationship in the regression analysis by drug class (2).

Drug Class EMGD GIM GU
Freq.

Indep Var. DV RRA TU MP DV RRA TU MP DV RRA TU MP

Dep Var.
PDELR + − + + + + + 7
PDELE − − + + 4

AR + − 2
RNDLR − − − − 4

SALESLR + + + + + 5
RNDLE − − + − − + 6

SALESLE − + 2

Table 16. Proportional relationship in the regression analysis by drug class (3).

Drug Class CV CNS Derma
Freq.

Indep Var. DV RRA TU MP DV RRA TU MP DV RRA TU MP

Dep Var.
PDELR − + + − − − − 7
PDELE − + + − 4

AR − + − 3
RNDLR + + + + + − + 7

SALESLR − − − + − 5
RNDLE + + + + + + + 7

SALESLE − + − − + 5

We can see from the above that factors in the formula to estimate the license fee are totally different
by drug class. This study is meaningful in that it is the first one to suggest a method of estimating four
types of technical fee for most of drug classes.

Usually the DCF method often results in a negative value when applied to early-stage drugs [1].
In fact, when evaluating the economic value of a technology or business project including biotechnology
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fields, we need to consider the period and cost for commercialization due to pre-clinical/clinical
demonstration. Since the discounted cash flow (DCF) method has limitations in that it cannot consider
consecutive investments or does not reflect the probabilistic property of commercialization cost,
we often take it desirable to apply the concept of ‘Real Option’ with key metrics of underlying asset
value, commercialization cost, and volatility, while regarding the value of technology and investment
as the opportunity value [61]. More elaborated real options model, which reflects the uncertainty
in the option pricing model (OPM), can provide a feasible solution to overcome the challenges of
rNPV, widely used in biotechnology or pharmaceutical industries. Therefore, the Real Option method
often has advantages over the DCF method in that it has the flexibility to cope with changes in the
external environment but has often been criticized for offering too high a valuation price. Estimating
future product sales by the Real Option method is very difficult due to market changes due to fierce
competition, the emergence of new science and technology, and possible additional indication [59].
rNPV is an effective tool to approximate value in late stage products with well-defined markets, but
the predictive power of rNPV method is heavily dependent on accurate estimates of multiple factors
like market size, market share, project costs, project timing, probabilities of success at each major
milestone and discount rate. However, it is not easy and one to require a lot of time to estimate
multiple variables accurately. Overall, valuation of drug candidates for licensing remains more art than
science. Objective valuation methods exist but require a lot of subjective inputs to generate estimates
of value [62]. On the other hand, the method presented in this study can be used to estimate the license
fee as an input of objective data that can be easily obtained, and it is also applicable to early-stage
drugs as well as late stage drugs. The valuation is essential in finding licensing partner, fundraising for
further development, portfolio management in biotech industry [12] and the result of regression for
11 drug classes can be a good starting point to be referred to by a manager in case of negotiations in
biotech licensing deals (for finding licensing partner and fundraising) for a specific drug classification.
The result can be a good starting point to manage the portfolio within biotech company. The regression
models of this study could be used for the following purposes: (1) Derive the base amount that will be
the starting point of the negotiations for drug licensing tasks in Biotech and in-License/Out-License
departments of biotech and pharmaceutical companies (2) Assist decision-making of go/no-go of
a specific project among multiple drug pipelines. (3) Pre-economic evaluation of national research
project related to medicine. Technology licensing, M&A, and partnership are main open innovation
strategies on the closed innovation system [59]. So, the results of this study are expected to be helpful
tools for implementing open innovation strategies. Since the Fourth Industrial Revolution affects
business models, it could reshape the organizational forms to deliver values also [63]. So, the results of
this study are expected to be helpful to reshape the organizational forms to deliver better value in the
Fourth Industrial Revolution age. Further in-depth research is necessary for the following topics in the
future: (1) Regression analysis using more independent variables like technical life cycle, number of
patented countries, quality of technology and so on. (2) Case study comparing the regression model in
this study with DCF and rNPV method.
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