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Abstract 

Oil is considered one of the most important resources of our times. Since the world is heavily dependent 

on oil for achieving its energy necessities, this dependency can have severe consequences on the 

economies. To what extend is innovation in alternative energy technologies affected by the prices of 

crude oil? Do lower oil prices translate into less innovation in the alternative energies sector?   

A Poisson regression model assesses the impact that variations in the price of crude oil have on 

innovation for alternative energy technologies, between 2000 and 2015, using counts of patent 

applications as a proxy for innovation. The analysis is focused on three countries, Germany, Japan, and 

the United States of America, which show the highest level of innovation regarding alternative energies.  

Most of the research so far has investigated the consequences of sustainable price increases. The 

opposite, sharp decreases, has not been broadly studied yet, mainly because the general trend over 

the years has been for oil prices to increase and stay at high levels. Therefore, we provide a new 

contribution assessing data that includes a period of declining prices, after the 2014 oil crisis. We find 

that a negative variation in oil prices drives a negative variation in the number of patent applications for 

alternative energies, whereas a positive variation in oil prices drives an increase in the number of these 

patents. Germany is the country where the magnitude of this relationship is higher, followed by Japan 

and the United States of America. The effect of an oil price increase is greater than the effect of an oil 

price decrease in Germany and in the United States of America, while in Japan the two effects are 

statistically identical. 
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I. Introduction 

One of the most recent oil shocks occurred in 

2014, when the prices of oil plummeted from 

over US$100 per barrel to nearly US$50 per 

barrel in just a few months, in an unprecedented 

decrease. Suddenly everywhere we could read 

about the oil crisis. 

This decline in oil prices disrupted the stability in 

several countries, creating economic strain in 

countries that are oil producers, damaging the 

financial steadiness of countries that export oil, 

while providing economic boost to many net oil 

importers. 

Indeed, there is pressure to achieve a higher 

degree of security for energy supply, given the 

concentrated nature of oil reserves and the 

political unsteadiness in the countries with the 

largest deposits.  
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Thus, concerns over energy security and global 

climate change enhance the expansion and 

search for alternative energy technologies. 

Technology innovation in this sector provides a 

win-win solution to mitigate these issues and 

alternative energies bring more market certainty 

and a healthier climate than crude oil does. 

The sharp decrease in crude oil prices, following 

the 2014 crisis, highlights the attractiveness of 

alternative energy sources, which are relatively 

isolated from fossil fuel price fluctuations. 

Traditionally, they are developed in 

industrialized countries, having leaders like 

Japan, the United States of America, or 

Germany. For this reason, these countries were 

the ones selected to be further studied in this 

research. 

Environmental Technological Innovation and 

Diffusion 

The progress in alternative energy technologies 

contains both innovation and diffusion.  

Innovation plays a critical role as a tool for 

sustaining economic growth, as scarcity of 

resources and climate change result in the 

search for alternative strategies (Triguero et al., 

2014; Noailly and Smeets, 2015; Bayer et al., 

2013). Technological innovation in the 

alternative sector can therefore support a 

decrease in the cost of renewables, so that they 

can compete with more conventional fossil fuel 

energy sources.  

The two principal drivers of technology 

innovation, in both creation and adoption, 

defined in the literature (Kim, 2014; Cheon and 

Urpelainen, 2012; Dechezleprêtre et al., 2011; 

Johnstone et al., 2010; Popp, 2005), are energy 

prices and government policies. 

Rises in the prices of fossil fuels originate 

incentives to innovate in the generation of 

electricity from renewable energy sources 

(Cheon and Urpelainen, 2012; Johnstone et al., 

2010). Moreover, the work of Noailly and Smeets 

(2015) shows that higher fossil fuel prices cause 

a positive and significant impact on alternative 

energy patenting. 

Politically, it is expected that policy makers react 

to high oil prices with public support for energy 

technology innovation, especially if powerful 

interest groups expect to benefit from such 

public support. Thus, a substantial energy price 

induces technological progress. This progress 

increases the political feasibility of changes in 

energy economy (Cheon and Urpelainen, 2012). 

After innovation comes diffusion, the adoption of 

a technology, over time, by the population. 

As Popp (2005) noted, technological advances 

are of little use unless society makes use of the 

innovation. Diffusion is regarded as a main actor 

in solving problems, dealing with long-run 

consequences, such as climate change 

(Dechezleprêtre et al., 2011; Popp, 2005). 

Patent Applications as an Indicator of 

Technological Innovation 

There are still very few options available to 

measure innovation. Many commonly used 

measures, such as R&D expenditures or the 

number of scientific personnel, are perceived as 

imperfect indicators of the innovative 

performance since their focus is only on inputs 

and do not give evidence of the output of such 

investments (Dechezleprêtre et al., 2011; 

Johnstone et al., 2010).  

On the other hand, according to literature 

convention, private innovation, as an indicator 

that focuses on outputs, can be measured by 

using patent counts of applications (Kim, 2014; 

Bayer et al., 2013; Cheon and Urpelainen, 2012; 

Johnstone et al., 2010; Popp, 2005). 

Furthermore, innovation in environmental 

technologies has been commonly studied using 

patents (Triguero et al., 2014). 

Nevertheless, patents are an imperfect indicator 

for multiple reasons, hence it is important to be 

aware of its limitations. 

One mentioned limitation of using this method for 

measuring innovation is the fact that patents may 

be conferred to significant inventions or minor 

inventions, alike (Bayer et al., 2013; Popp, 

2005). Moreover, the presence of a patent does 

not imply that the technology was adopted 

(Popp, 2005). Also, some inventions are not 

patented, as, for strategic motives, inventors 

may choose not to disclose valuable information 



3 

 

in a patent (Noailly and Smeets, 2015; 

Dechezleprêtre et al., 2011; Popp, 2005). 

The principal strength of using patent 

applications counts as a measure of innovation, 

is that the data is vastly disaggregated to specific 

technological areas, hence easily subjected to 

statistical analysis, and is readily available. The 

easiness of usage of the International Patent 

Classification (IPC) system1 provides data with 

plenty details, that enables identifying advances 

in specific technological fields straightforward 

(Noailly and Smeets, 2015; Dechezleprêtre et 

al., 2011; Johnstone et al., 2010; Popp, 2005). 

Other advantage of using patent data over R&D 

expenditures is that patent data represents more 

than the investment or the effort done, it exhibits 

the actual result or output of R&D activities. 

(Dechezleprêtre et al., 2011; Kim, 2014). For that 

reason, patent counts serve both as a measure 

of innovative output, and or an exhibit of the level 

of innovative activity itself (Popp, 2005). 

Lastly, it is hard to find any economically 

significant invention that has not been patented 

(Dechezleprêtre et al., 2011; Johnstone et al., 

2010). 

Regardless of the disadvantages, the 

advantages allow patent data to serve as an 

acceptable indicator for technology innovation, 

the best available source of data on innovation, 

representing the magnitude of knowledge 

production activities. 

The remainder of this article is organized as 

follows. Section II and III display the practical 

application of this research. First, the empirical 

methodology of the Poisson distribution is 

presented. Then, the results of the testing and 

validation of the model for Germany, Japan and 

the United States of America are exhibited. 

Section IV contains some conclusions and 

recommendations for future research. 

References are placed at the end of the article.  

II. Data and Empirical Methodology  

The objective of this research is to model the 

counts of patents for alternative energies, the 

                                                            
1 Significant patents in different subject areas can be 

categorized using the IPC coding system, developed at the 
World Intellectual Property Organization (WIPO). 

dependent variable, through a Poisson 

regression. The set of independent variables 

under consideration are: Oil Prices, Percentage 

of Oil Reserves, Energy Use per Capita, 

Electricity from Renewable Sources, CO2 

emissions per Capita, GDP per Capita, 

Population, Research Development and 

Deployment for Renewable Energies and Oil 

Prices×Dummy Price Decreases, a multiplicative 

variable that allows to measure if the impact of 

oil price increases on patents is the same as the 

effect of price decreases.  

Table 1 presents the shorted variable names. 

These names are used from this point onwards 

for the sake of simplicity. 

Table 1 
Shorted Variable Names 

Variable 
Shorted Variable 

Names 

Counts of Patent Applications Patents 

Market Price for crude oil Brent (US$) OilPrices 

Percentage of Oil Reserves POilReserves 

Energy Use per Capita (Kilograms of oil 
equivalent) 

EnergyUse 

Share of clean energy  ShareCleanEnergy 

Electricity from renewable sources 
(kWh) 

ElectricityRenSources 

CO2 emissions per Capita (million 
tonnes of CO2) 

CO2EmisPop 

Gross Domestic Product, per Capita 
and at  

constant prices (US$) 
GDP 

Population (thousands) Pop 

Research, Development and 
Deployment  

for Renewable Energies (Million US$) 
CO2EFC 

OilPrices x Dummy Decreasing Prices  OilPricesDimpact 

 

Data 

Data sources were selected considering those 

previously used in the literature.  

For Patents, statistics of World Intellectual 

Property Organization (WIPO) were used. Data 

on GDP, per capita and at constant prices, was 
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provided by the IMF international financial 

statistics. Regarding oil prices data, the market 

price for crude oil Brent, in US$, from the EIA 

Short-Term Energy Outlook (2016) was 

considered. For population, data from the United 

Nations’ report World Population Prospects 

(2015) was used. The variables POilReserves, 

EnergyUse and ElectricityRenSources were 

provided by TheGlobalEconomy.com, which 

uses data from multiple official sources such as 

the World Bank. Concerning RD&D, public 

expenditures, provided by OECD.stat were 

collected, in the area of energy RDDRE sources. 

Finally, the values of total CO2 emissions were 

provided by the OECD/IEA report CO2 

Emissions from Fuel Combustion (2016). 

Empirical Methodology 

In many economic analysis, where the purpose 

is to explain a certain variable in terms of a set 

of covariates, this variable is a nonnegative 

integer or count (Wooldridge, 2002). In count 

data contexts, the conditional maximum 

likelihood estimators are fully efficient when the 

dependent variable, given the set of independent 

variables, has a Poisson distribution (see, for 

instance, Wooldridge, 2002).  

Given these circumstances, the Poisson 

regression model, which is a generalized linear 

model (GLM), is the most common framework for 

modelling count data (Wooldridge, 2002). Using 

this model guarantees reliable results when 

working with variables with non-normal data 

distribution, such as discrete variables. Thus, the 

Poisson regression model was chosen as the 

computing model for this research.  

The set of independent variables was separately 

tested for Japan, Germany and the United States 

of America. Some of the variables were 

eliminated due to multicollinearity or due to not 

being statistically significant. Afterward, one 

Poisson regression model was obtained for each 

country. 

As in Bayer et al. (2013), the independent 

variables were lagged by one year to avoid 

simultaneity. However, in the dataset of Japan, 

the variable Oil Prices, and only this variable, 

was lagged by two years because with a lag of 

one year this variable showed no statistical 

significance with the dependent variable, 

whereas with a lag of two years Oil Prices 

became highly significant, pointing towards a 

two-period delay for this variable rather than just 

one. 

The Poisson Distribution 

Statistical models must be evaluated by using 

certain criteria to allow the best candidate model 

to be selected. This study focus on a specific 

model, the GLM. This model was chosen 

because the dependent variable, patent 

applications, always assumes integer non-

negative values. The GLM allows us to build a 

Poisson regression model where the conditional 

maximum likelihood estimators are fully efficient, 

as stated previously. 

The Poisson regression model assumes a 

Poisson distribution as the error structure and a 

logarithmic function as the link function. 

Accordingly, the log-linear Poisson regression 

model is written as: 

           𝑙𝑜𝑔(𝑦|𝑥) = 𝛽0 + 𝛽1𝑥1 + ⋯ +  𝛽𝑝𝑥𝑝             (1) 

Once the model is fitted it can be transformed 

back to the original scale in which the counts 

were measured (Steele, 2004). After 

transforming back to the original scale, the fitted 

log-linear Poisson regression model becomes a 

multiplicative model: 

               log(𝑦|𝑥) =  𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑝𝑥𝑝

           ⇒  𝑦 = exp ( 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑝𝑥𝑝)

= 𝑒𝛽0×𝑒𝛽1𝑥1× …× 𝑒𝛽𝑝𝑥𝑝

             (2) 

Additionally, the variables were standardized by 

subtracting off its mean and dividing by its 

standard   deviation. The z-score for every 

variable in the sample was computed, the 

intercept dropped out and the result was new 

slope coefficients, which are called standardized 

coefficients or beta coefficients (Wooldridge, 

2000). 

This standardization puts the variables on equal 

footing as it allows measuring effects not in 

terms of the original units but in standard 

deviation units (Wooldridge, 2000). 

To conclude, the Poisson distribution is not a 

perfect distribution for count data, hence it is 

important to be aware of its limitations.  
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First, the distribution is parameterized per a 

single scalar parameter so that all moments of 

the dependent variable are a function of the 

scalar parameter. Secondly, for count data the 

variance usually exceeds the mean, a feature 

called overdispersion. Actually, according to 

Wooldridge (2002), there are many count 

distributions for which overdispersion does not 

hold. However, the author states that the 

Poisson regression turns out to be well suited as 

a count distribution. 

Goodness-of-fit 

The residual deviance can be used as the basis 

of a Goodness-of-fit test, since it measures how 

closely a model predictions are to the observed 

outcomes (Steele, 2014).  

Calculating the probability to the right of the 

deviance value, for the Chi-Squared distribution, 

yields the p-value for the test. 

When the p-value is less than 0,05 we have 

strong evidence to accept the hypothesis that the 

model has a good fit. 

Multicollinearity analysis 

The variance inflation factor (VIF) is an effective 

approach for multicollinearity assessment since 

it overcomes the limitations of the Pearson’s 

correlation matrix, establishing the relationship 

between the dependent variable and all the 

others independent variables. Hence, VIF is the 

method proposed in this research to identify 

multicollinearity (Vu et al., 2015). 

The VIF is written as: 

                               𝑉𝐼𝐹𝑃 =  
1

(1−𝑅𝑃
2)

                                                 (3) 

where, 𝑅𝑃
2 is the coefficient of determination of 𝑥𝑝 

on all other independent variables in the dataset. 

The higher the value of VIF, the higher the 

collinearity is between the related variables. The 

threshold value of 10 is used for examining the 

multicollinearity phenomenon, as values larger 

than this are indicators of a multicollinearity 

problem (Vu et al., 2015). 

In the following section the methodology 

presented is applied to the dataset, to test and 

validate the models for Japan, Germany and the 

United States of America. 

III. Results 

The number of patent counts in alternative 

energies were estimated in R (The R Project for 

Statistical Computing), running a Poisson 

regression and using the set of variables 

previously specified. 

The strategy was to first test all the variables for 

multicollinearity and then perform several 

iterations where the independent variable with 

larger VIF was eliminated, ending up only when 

all the variables had a VIF lower than 10. 

While uploading the data in R all the independent 

variables free of multicollinearity were included. 

Then, by performing iterations where the null 

hypothesis (𝐻0)   is tested, the variables that 

were not statistically significant were eliminated, 

ending up with only the more statistically 

significant variables for the specific model.  

Germany 

Table 2 interprets the slope parameters (β1) of 

the statistical significant independent variables. 

Table 2 
Slope parameters (β1) as semi-elasticities (Germany - 
Interpretation) 

Independent 
Variables 

Slope 
parameters 

(β1)  
Interpretation 

Oil Prices 0,00711 

Patents increase by 
0,711% for every 

additional  
US dollar in Oil Prices. 

Percentage of 
Oil Reserves 

-7,79999 

Patents decrease by 
780% for every additional  

percentage point in the 
Percentage of Oil 

Reserves. 

CO2EmisPop -0,09618 

Patents decrease by 
9,618% for every 

additional million tonnes of 
CO2 in Emissions of CO2 

per Capita. 

OilPricesDimpact -0,00075 

When oil prices are 
decreasing, Patents 
decrease 0,00711-

0,00075=0,00636=0,636% 
per one US dollar less in 

Oil Prices, that is, the 
impact of a price fall is 

0,075 percentage points 
lower than the impact of a 

price increase. 
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The number of patents in alternative energies in 

Germany increases as the prices of oil increase. 

However, the effect of oil prices in the number of 

patents is lower when prices are decreasing than 

when prices are increasing. 

The variable Percentage of Oil Reserves has a 

negative relationship with the dependent 

variable Patents. As we will see later in this 

article, the relationship between these two 

independent variables and the dependent 

variable is transversal to the three countries 

under investigation. 

Moreover, the number of Patents and CO2 

emissions show a negative relationship with the 

dependent variable. 

A model that explains the count of patents for 

alternative energies in Germany, between the 

years 2001 and 2015, and considering the 

dependent variable lagged by one year, can be 

estimated as: 

 

                                                                        (4)    

                                                     

                                                                         

To generically observe the influence that the 

prices of oil have on the number of patent 

applications for alternative energies in Germany, 

all the independent variables, except for Oil 

Prices, were held fixed, considering the mean 

value   for the sixteen-year period.  

The results show evidence that the number of 

patent applications for alternative energies 

increases as oil prices increase: 

                                                                                                                               (5) 

 

Fig. 1. The influence of Oil Prices in the number of Patent 
Applications (Germany) 

Lastly, the standardized beta coefficients show 

that a one standard deviation increase in oil 

prices increases Patents by 3,335×10−4 

standard deviations, as this variable has the 

largest standardized effect. When oil prices fall 

the impact is lower. 

Japan 

Table 3 interprets the slope parameters (β1) of 

the statistically significant independent variables 

for Japan’s model. 

Table 3 
Slope parameters (β1) as semi-elasticities (Japan - 
Interpretation) 

Independent 
Variables 

Slope 
parameters 

(β1)  
Interpretation 

Oil Prices 

 

Patents increase by 0,575% for 
every additional  

US dollar in Oil Prices. 

Percentage of 
Oil Reserves 

 

Patents decrease by 3 045% 
for every additional  

percentage point in the 
Percentage of Oil Reserves. 

Energy Use per 
Capita 

 

Patents decrease by 0,096% 
for every additional  

Kilogram of oil equivalent in the 
Energy Use per Capita. 

CO2 Emissions 
per Capita 

 

Patents decrease by 23,50% 
for every additional million  

tonnes of CO2 in Emissions of 
CO2 per Capita. 

GDP 

 

Patents increase by 0,021% for 
every additional US dollar in 

Gross Domestic Product. 

RDDRE 

 

Patents increase by 0,010% for 
every additional million  
US dollars in RDDRE. 

 

The independent variables OilPrices and 

POilReserves have the expected relationship 

Lowest Oil Price: USD 26 (Feb.2016) 

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐺𝑒𝑟𝑚𝑎𝑛𝑦 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠 

                 × 𝑒𝛽3𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝× 𝑒𝛽4𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡  

=   𝑒8,4121 × 𝑒0,0071𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒−7,800𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠

× 𝑒−0,096×𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝𝑒−0,0008×𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡  

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐺𝑒𝑟𝑚𝑎𝑛𝑦 = 1422,82 × 𝑒0,0071𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠 

−9,603×10−4 

1,038×10−4 

2,106×10−4 

5,750×10−3 

−3,045×101 

−2,350×10−1 
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with the dependent variable, as previously seen 

for Germany. 

Regarding the prices of oil, for both countries the 

variables are equally highly statistically 

significant. However, in Japan this variable has 

a slightly inferior magnitude. While in Germany 

patents increase 0,711 per cent for every 

additional US dollar in oil prices, in Japan 

patents increase 0,575 per cent. In addition, 

contrary to Germany, where the impact of oil 

prices in the number of patents is lower when 

prices are decreasing then when prices are 

increasing, in Japan this difference is not 

statistically significant, meaning that the impact 

of oil prices in Patents is equal whether prices 

are increasing or decreasing. There is no 

asymmetry in the way patents respond to oil 

prices changes. 

Concerning POilReserves, this variable is more 

statistically significant than in Germany and has 

a considerable larger magnitude (𝛽1𝐽𝑎𝑝𝑎𝑛 =

3 045% >  𝛽1𝐺𝑒𝑟𝑚𝑎𝑛𝑦 = 780%). One reason for 

this may be the fact that Japan has no oil 

reserves since 2003 and, thus, variations in the 

levels of oil reserves have a bigger impact once 

the level zero is reached.  

Patents and EnergyUse have a negative 

relationship. Indeed, patents are expected to 

increase as crude EnergyUse decreases. One 

possible explanation may be the fact that Japan 

has almost no oil reserves for most of our time 

range. 

Like Germany, in Japan the number of Patents 

increases as CO2 emissions decrease, with a 

slightly larger magnitude (β1Japan=23,50%> 

β1Germany=9,62%). One possible explanation 

is that climate change mitigation results in the 

expansion and search for alternative energy 

technologies. 

Moreover, the positive relationship between 

Patents and GDP might be explained by the fact 

that developed industrialized countries usually 

have strong innovative power and more 

propensity to invest in research and 

development.  

Finally, Patents and RDDRE have the expected 

positive relationship, as the number of Patents in 

alternative energies increase as the investment 

in RDDRE increases. 

A model that explains the count of patents for 

alternative energies in Japan, with the prices of 

oil lagged by two years, can thus be estimated 

as: 

 

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐽𝑎𝑝𝑎𝑛 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠

× 𝑒𝛽3𝐸𝑛𝑒𝑟𝑔𝑦𝑈𝑠𝑒× 𝑒𝛽4𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝

× 𝑒𝛽5𝐺𝐷𝑃×𝑒𝛽6𝑅𝐷𝐷𝑅𝐸   
                                                                                                   (6)              

= 𝑒7,014 × 𝑒5,750×10−3𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒−3,045×101𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠

× 𝑒−9,063×10−4𝐸𝑛𝑒𝑟𝑔𝑦𝑈𝑠𝑒

× 𝑒−2,350×10−1𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝

× 𝑒2,106×10−4𝐺𝐷𝑃× 𝑒1,038×10−4𝑅𝐷𝐷𝑅𝐸 
 

Evidence shows that the prices of oil have a 

positive influence on the number of patent 

applications for alternative energies in Japan, 

ceteris paribus. 

 

 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐽𝑎𝑝𝑎𝑛 = 4262,67 × 𝑒5,750×10−3𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠         (7) 
 

 

Fig. 2. The influence of Oil Prices in the number of Patent 
Applications (Japan) 

 

Regarding the beta coefficients for Japan, a one 

standard deviation increase in OilPrices 

increases Patents for alternative energies by 

5,187×10−5 standard deviations. Contrary to 

Germany, the prices of oil do not have the largest 

standardized effect, GDP has. 

Lowest Oil Price: USD 26 (Feb.2016) 
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Likewise, the same relative movement of 

CO2EmisPop has a larger effect on Patents than 

POilReserves and EnergyUse, respectively 

(−2,611×10−5 > −4,087×10−5 > −6,163×

10−5). Finally, a one standard deviation increase 

in RDDRE increases Patents for alternative 

energies by 0,918×10−5 standard deviations. 

United States of America 

For the United States of America, as in Germany 

and Japan the prices of crude oil are a significant 

variable, i.e. oil prices have an impact on the 

number of patent applications for alternative 

energies. However, the magnitude of this 

relationship is not as big as in the previous 

countries. One possible explanation for this 

might be the fact that the United States of 

America are an oil producing country. Therefore, 

in Germany patents increase 0,711 per cent for 

every additional US dollar in oil prices, in Japan 

patents increase 0,575 per cent, whereas in the 

United States of America patents increase only 

0,295 per cent.  

Also, as in Germany, when oil prices are 

increasing, the impact they have on the number 

of patents is higher than when the prices are 

decreasing. Yet, this impact is lower in the 

United States of America (β1Germany=0,075%> 

β1USA=0,046%), see Table 4 for the 

interpretation of the slope parameters for the 

remaining independent variables. 

Table 4 
Slope parameters (β1) as semi-elasticities (USA - 
Interpretation) 

Independent 
Variables 

Slope 
parameters 

(β1)  
Interpretation 

Oil Prices 

 

Patents increase by 0,295% for 
every additional  

US dollar in Oil Prices. 

Percentage of 
Oil Reserves 

 

Patents decrease by 16,96% 
for every additional  

percentage point in the 
Percentage of Oil Reserves. 

Electricity 
Renewable 

Sources 

 

Patents increase by 0,00015% 
for every additional  

Kilowatt/hour in Electricity from 
Renewable Sources. 

RDDRE 

 

Patents decrease by 0,0046% 
for every additional million  

US dollars in RDDRE. 

OilPricesDimpact −4,6 ×10−4 

When oil prices are decreasing, 
Patents decrease 0,00295-

0,00046=0,00249=0,249% per 
one US dollar less in Oil Prices, 
that is, the impact of a price fall 

is 0,046 percentage points 

Independent 
Variables 

Slope 
parameters 

(β1)  
Interpretation 

lower than the impact of a price 
increase. 

 

As in Germany and Japan, the relationship with 

POilReserves is the expected. However, in the 

United States of America this variable has the 

lowest magnitude of the three (𝛽1𝐽𝑎𝑝𝑎𝑛 =

3 045% >  𝛽1𝐺𝑒𝑟𝑚𝑎𝑛𝑦 = 780% > 𝛽1𝑈𝑆𝐴 =

16,96%). The rationale for this occurrence may 

have to do with the fact that the United States of 

America not only have the highest percentage of 

oil reserves of our sample, but this value grows 

in the time range under our study. 

Moreover, as the generation of electricity begins 

to overtake the burning of fossil fuels, it is 

expected that patents in alternative energies will 

increase, as the efforts to cheapen renewables 

to a point where they are worthwhile increase. 

Thus, according to our model, Patents increase 

as ElectricityRenSources increase. 

Lastly, the variable RDDRE displays an 

unexpected sign. Contrary to Japan, in the 

United States of America Patents in alternative 

energies decrease as investment RDDRE 

increases. The justification might be related with 

the propensity of the countries to innovate. 

Japan, although having in general one third of 

the investment in RDDRE in comparison with the 

United States, is, nevertheless, the country with 

the world's highest number of patent applications 

in the field of renewable energies. 

The model that explains the count of patents for 

alternative energies in the United States of 

America can be estimated as: 

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑈𝑆𝐴 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠  

               × 𝑒𝛽3𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑅𝑒𝑛𝑆𝑜𝑢𝑟𝑐𝑒𝑠× 𝑒𝛽4𝑅𝐷𝐷𝑅𝐸  

                          × 𝑒𝛽5𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡 =                                   (8)                 

  =𝑒8,366 × 𝑒2,949×10−3𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒−1,696×10−1𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠             

               ×𝑒1,489×10−6𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑅𝑒𝑛𝑆𝑜𝑢𝑟𝑐𝑒𝑠× 

              × 𝑒−4,606×10−5𝑅𝐷𝐷𝑅𝐸  × 𝑒−4,6×10−4𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡  

The influence that the prices of oil have on the 

number of patent applications for alternative 

energies, in the United States of America, was 

calculated. As in Germany and Japan, this 

analysis predicts that the number of patent 

2,949×10−3 

−1,696×10−1 

1,489×10−6 

−4,606×10−5 
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applications for alternative energies increases 

as oil prices increase. 

       𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑈𝑆𝐴 = 3713,90 × 𝑒2,95×10−3𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠         (9) 
 

 

Fig. 3. The influence of Oil Prices in the number of Patent 
Applications (USA) 

The variables with the largest standardized 

effect are OilPrices and ElectricityRenSources. 

In addition, a one standard deviation increase in 

oil prices increases patents by 11,376×10−5 

standard deviations, a larger value 

comparatively with Germany and Japan. The 

impact of a price fall is smaller.  

Propensity to Innovate 

To measure the average difference in the 

number of patents applications between Japan, 

Germany and the United States of America, we 

incorporate binary information into a regression 

model, adding two dummy explanatory variables 

as independent variables. We have chosen 

Japan, the country with higher levels of 

patenting, to be the base group. 

As expected Japan (1) has the greater 

propensity to innovate, followed by the United 

States of America (0,97) and Germany (0,90). 

IV. Conclusions 

This article investigates the impact of oil prices 

on innovation for alternative sources of energy. 

Especially, we investigate whether lower oil 

prices (as reached during the 2014 oil crisis) 

translate into a negative variation in the number 

of patent applications for alternative energies.  

When comparing the propensity of these 

countries to innovate, and having Japan as the 

baseline country, we discovered that the United 

States of America have a propensity to innovate 

of 0,97 and Germany of 0,90. 

We model the counts of patent applications for 

the three countries, during the period 2000-2015, 

and provide an empirical estimation of the 

relationship between patents for alternative 

energies, oil prices and other related 

independent variables.  

Accordingly, a Poisson regression model was 

run and we found that a negative variation in oil 

prices drives a negative variation in the number 

of patent applications for alternative energies. 

This reasoning is similar to the conclusions of 

Bayer et. al (2013), in which oil prices have 

strong positive effects on patenting activity. 

Moreover, the percentage of oil reserves that a 

country owns have a negative relationship with 

the number of patent applications in alternative 

energies. In addition, it seems that for Japan and 

Germany, the emissions of CO2 per capita have 

a negative relationship with the patenting activity 

in alternative energies.  

Germany is the country where the impact of oil 

prices on patents is stronger, followed by Japan 

and the United States of America. In fact, in 

Germany patents increase 0,711 per cent for 

every additional US dollar in oil prices, whereas 

in Japan patents increase 0,575 per cent, and in 

the United States of America patents increase 

only 0,295 per cent.  

We also found that for Germany and the United 

States of America an oil price increase has a 

greater effect in patents for alternative energies 

than an oil price decrease, as seen in the work 

of Hamilton (2003). In Japan this relationship is 

symmetric, that is, an oil price increase has 

statistically the same effect as an oil price 

decrease. 

We contributed to the knowledge on the effects 

of oil price changes on innovation in alternative 

energy sources by analysing the effect of oil 

prices incorporating a very recent period of 

declining prices. Nevertheless, these results 

Lowest Oil Price: USD 26 (Feb.2016) 



10 

 

should be reassessed with a wider time range, 

once more data is available. Further research 

should also explore the relationship between 

innovation in alternative energies and oil prices 

for more countries.  
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