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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. If oil is such a critical and not sustainable source of energy, how can society still be so 

dependent on oil? 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 statistical model will assess 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 will be 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. 

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, whereas a positive variation in oil 

prices drives an increase in the number of these patents. An oil price increase has a greater effect in 

patents for alternative energies than an oil price decrease in Germany and in the United States of 

America, while in Japan the effect is statistically the same.  

Keywords: oil prices, alternative energies, Poisson regression, patents, environmental innovation 
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1. Introduction  

 

1.1. Context and Problem Definition 
 

Oil is considered one of the most important resources of our times. For many countries the inflow of 

energy is essential to keep economies running (van Moerkerk and Crijns-Graus, 2016). Oil is 

indispensable for the production of most goods and services, since nearly 98 per cent of everything that 

consumers purchase uses oil somewhere in the value chain. Although most companies do not consume 

directly crude oil, they do consume petroleum products such as gasoline, jet fuel, plastics, ink, nylons, 

among others (van Moerkerk and Crijns-Graus, 2016; Henriques and Sadorsky, 2011).  

The oil industry is generally globalized, with about 64 per cent of global oil supply being internationally 

traded. This occurs mainly because there is a mismatch between the countries that are oil suppliers and 

the countries that have more demand for oil (BP, 2015).  

On the supply side, oil reserves are unequally distributed, with the Organization of the Petroleum 

Exporting Countries (OPEC) holding about 72 per cent of world’s proven oil reserves and controlling 

about 41 per cent of global oil production by the end of 2014 (BP, 2015). Many of these oil-exporting 

countries are characterized by a high degree of political instability. Since the production in non-OPEC 

regions, such as the North Sea, is decreasing, there is an increased dependency on OPEC countries 

for oil supply. The OPEC will consequently increase its already dominant position in the world global 

production of oil. Therefore, 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 (van Moerkerk and Crijns-Graus, 2016).  

Oil demand, on the other hand, is present mainly in North-America, Europe and Asia-Pacific, which 

consumed 75 per cent of global oil supply in 2014 (BP 2015). However, the major nucleus of energy 

and oil demand is rapidly changing to emerging economies, especially China, India and the Middle East. 

This shifting represents a re-orientation of the trading system, from the Atlantic basin to the Asia-Pacific 

region, creating, once more, the necessity for cooperative efforts to ensure oil-security (van Moerkerk 

and Crijns-Graus, 2016; Ratti and Vespignani, 2015). 

Since the world is heavily dependent on oil for achieving its energy necessities, fulfilling about 33 per 

cent of global energy demand, and 90 per cent of total transportation energy demand (IEA, 2015), this 

dependency can have severe consequences on economies, in the form of price volatility and shocks 

(van Moerkerk and Crijns-Graus, 2016).  

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, OPEC decisions, shale oil production, etc. In some 
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economies, such as Venezuela, for example, the collapse of oil prices translated into a serious 

macroeconomic crisis, significantly deteriorating the country’s liquidity situation. 

On the other hand, concerns over energy security and global climate change are expected to enhance 

the expansion and search for alternative energy technologies (Kumar et al., 2012). Consequently, in 

order to mitigate climate change in a cost-effective manner and increase energy security, innovation 

plays a key role as advances in clean energy technologies, such as solar and wind power, are decisive 

(Noailly and Smeets, 2015; Bayer et al., 2013). Technological innovation in alternative sector can 

support a decrease in the cost of renewables, so that they can compete with more conventional fossil 

fuel energy sources. 

However, nowadays only 6 per cent of the share of global power generation is met by renewable energy. 

In 2014 consumption of renewable energy reached a record of 3 per cent, up from 0.9 per cent a decade 

ago (BP 2015).   

So, if oil is such a critical and not sustainable source of energy, how can society still be so dependent 

on oil? To what extend is innovation in alternative energy technologies affected by the prices of fossil 

fuels, namely crude oil prices? According to the literature, a rise in the price of oil should result in an 

increase in technological advancement. For that reason, high oil prices increase innovation in alternative 

energy technology, as there is a general incentive to research and commercialize this type of energy 

(Bayer et al., 2013; Triguero et al., 2014; Popp, 2005). Therefore, higher oil prices translate into more 

innovation in the alternative energies sector. However, do lower oil prices translate into less innovation 

in the alternative energies sector?   

The goal of this Dissertation is to investigate how do alternative energy sources progress and especially 

how they are affected by the changes in the prices of oil. For that purpose, it covers topics such as oil 

industry and its economics, the alternative energies sector, as well as carbon markets and how 

technological environmental change takes place. A Poisson regression model is run for the count data 

of patents for Alternative Energies. My motivation is thus to contribute to the existing literature by 

investigating the impact of variations in oil prices on the innovation for alternative sources of energy. 

Most of the research so far investigates the consequences of sustainable price increases, this 

Dissertation provides a new contributution by accessing data that includes a period of declining prices, 

after 2014. 

Although the time period analysed is 2000-2015, the Dissertation will give a special attention to the oil 

crisis that began in 2014. In the period of June-December 2014 the prices of crude oil dropped by 44 

per cent and a record low price was achieved in February 2016. As the issue under study is relatively 

new and not very documented yet, it is acknowledged the short time period between the oil crisis and 

the development of this assessment, as well as the impact of the lack of data available. It is not neglected 

the need of future assessments on the topic.  

Concerning the definition of the problem, in general, the literature assesses the impact of high oil prices 

in the spread and adoption of alternative energy technologies. The opposite, low prices of oil, has not 
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been broadly studied yet, mainly because the general trend over the years has been for oil prices to 

increase and stay at high levels.  

As observed by Triguero et al. (2014), Bayer et al. (2013) and Popp (2005), when prices of fossil fuels 

are sustainably high, innovation and diffusion of renewable energy technologies increase. It could be 

expected that, when prices are sustainably low, the incentive to innovate and the diffusion of renewable 

energy technologies would also decrease. This relationship may not be so straightforward and 

subsequently is the subject further explored in this Dissertation. In fact, we will conclude that a negative 

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

energies. For Germany and the United States of America this effect is weaker than the one associated 

with an oil price increase, whereas for Japan the two effects are statistically equal.   

In order to get some quantitative insights on the problem, a statistical model will assess the impact that 

variations in the price level of crude oil have on innovation for alternative energy technologies, using 

counts of patent applications as a proxy for innovation in the alternative energies sector. The analysis 

will be focuses on the three countries that have higher levels of innovation in the alternative energy 

sector: Germany, Japan, and the United States of America.  

 

1.2. Structure 

The remainder of this Dissertation is organized as follows.  

Section 2 provides a literature review, which introduces key concepts and is divided in five topics. The 

first topic, Oil, is a study of the oil industry, from the principal events, production and pricing system, to 

the 2014 crisis. The second topic examines the sector of alternative energies and how important it is to 

achieve energy security. The third topic covers the Carbon Dioxide theme, from emissions to markets 

and taxation. This is followed by a survey on environmental technological innovation and diffusion that 

leads to the last topic, which discusses the use of patents as indicators of technological innovation. 

Section 3 displays the practical application of this research and is divided into three subjects. First, a 

descriptive analysis of the data is performed. Then, the empirical methodology of the Poisson distribution 

is presented. Finally, the third topic tests and validates the model for Germany, Japan and the United 

States of America.  

The final section  contains some conclusions and recommendations for future research.  

References and Appendices are placed at the end of the Dissertation.  
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2. Literature Review  
 

2.1. Oil 

From the Latin, petra meaning rock, and oleum meaning oil, petroleum is the most conventional fossil 

fuel and the number one traded physical commodity in the world. The world’s huge dependence on 

fossil fuels is the principal cause of climate disruption, energy security worries and other environmental 

troubles (Bayer et al., 2013). These factors will have a major impact on policy formulation and worldwide 

geopolitics in the coming decades, since the depletion of resources requires the substitution of this 

commodity by clean energy (van Moerkerk and Crijns-Graus, 2016; Kumar et al., 2012). 

The oil and gas industry is, by definition, a long-term business. Using the example of Cairn Energy1, the 

life cycle of oil and gas has six stages: Identify, Explore, Appraise, Develop, Produce and Return and 

Re-invest. 

Both oil and gas are trapped in reservoir rocks buried underground, either onshore or offshore. 

Geoscientists analyse images of the earth subsurface in order to identify potential areas with reservoirs, 

called prospects. The next step, explore, is to determine whether those reservoirs are viable and identify 

potential well locations for exploration drilling. These first two stages represent the creation of value and 

usually have a duration of five to ten years. 

If exploration drilling proves to be successful, appraisal drilling is then conducted. The objective is to 

establish the size and characteristics of the discovery and provide technical information to optimise the 

method for the recovery of oil and gas. The next stage, develop, only occurs if the evaluation of the wells 

show technical and commercial viable quantities of oil and gas. A development plan is prepared and 

submitted to approval before the development and construction of production facilities. This stage 

includes an extensive assessment of the potential risks and long-term environmental and social impacts. 

These two phases, appraisal and develop, represent the addition of value and usually have a duration 

of one to five years.   

Finally, oil and gas production occurs. The time interval over which hydrocarbons2 may be extracted 

varies between fifteen to thirty years, and may be extended up to fifty years for more “giant fields”. The 

lifetime of a reservoir is composed of different successive phases: first, production increases until a 

peak; then there is a stabilization phase or plateau; later come the injection phases (water, gas or 

chemical products) to allow the hydrocarbon recovery, maintaining a satisfactory volume of production; 

finally, the depletion period, when gradually the production declines. This phase is the realising of value. 

                                                            
1 See http://www.cairnenergy.com/index.asp?pageid=554 (accessed on April 23, 2016)  
2 Crude oil usually consists of 84-87 per cent carbon atoms, 11-14 per cent hydrogen atoms, 0-6 per cent sulfur 
atoms, and less than 1 per cent nitrogen atoms, oxygen atoms, metals, and salts. The large amount of carbon and 
hydrogen combines to create molecules known as hydrocarbons. The major factor which makes oil so valuable is 
that hydrocarbon molecules release a large amount of energy when combined with oxygen, in a process called 
oxidization, more commonly referred as combustion or burning (Downey, 2009).  

http://www.cairnenergy.com/index.asp?pageid=554
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At last, when hydrocarbon production rate becomes non-economical or can no longer be extracted 

safely, return and re-invest occurs and the reservoir is abandoned. The operation is ended and the site 

is restored in a manner that protects people and environment, being clean, depolluted and rehabilitated.  

Crude oil is then refined to be converted into a large number of petroleum products. A barrel of crude 

oil, which contains forty-two gallons3, can produce several additional gallons of finished products due to 

refinery gain, or processing gain. The prices of these petroleum products closely move in line with the 

price of oil (Chesnes, 2015; Henriques and Sadorsky, 2011; Downey, 2009).  

The following diagram (Figure1) illustrates why oil is such a rare resource.  

 

Needless to say, there are many factors which have to align for oil to form. For example, if there are no 

kerogen laden sedimentary source rock, or if it is too young, or if it was never buried deep enough, or 

buried too deep, then there is no point looking for oil in that area. In addition, for oil to get to the market 

it depends on more factors, for example, if it has been found by the explorers or if it is economically 

viable to extract.  

The following sub-sections (2.1.1., 2.1.2., 2.1.3. and 2.1.4.) provide some insights into the industry and 

economics of oil, whether it is the principal events, the production and pricing systems or the 2014 Oil 

Crisis. 

2.1.1. Oil Events from 1862 to 2016 

The following Table 1 provides a insightful cronology of the history of crude oil prices, representing the 

key world events that caused oscilations and major oil price peaks.  

                                                            
3 42US gallons=159 litres 

Figure 1 – Why oil is rare (Source: Downey, M. 2009. Oil 101. Wooden Table Press LLC) 
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Many of these events overlapped with periods of high real economic activity, which denotes strong 

demand for industrial commodities. For this reason, linking fluctuations in the price of oil with political 

events must be done carefully (Kilian and Baumeister, 2016; Kilian, 2009). Nonetheless, the work of 

Filis et al. (2011) established a relation between some events and the corresponding type of shock they 

origin. Occurrences like the Iraq invasion in Kuwait (1991), the 9/11 terrorist attacks (2001) or the 

invasion of Iraq (2003) originated precautionary demand shocks. The Venezuelan oil workers’ strike 

(2002) originated a supply shock, while the Asian economic crisis (1997) or the global financial crisis 

(2008) originated aggregate demand shocks. All three types of shocks, aggregate demand shocks, 

precautionary demand shocks and supply shocks, will be further developed in section 2.1.3. 

 

 

 

Source: http://www.businessinsider.com/annotated-history-crude-oil-prices-since-1861-2014-12 

•US Civil War drives up commodity prices; tax on 
competing illuminant raises demand for oil

1862-1865

•Prices boom and bust with fluctuations in US 
drilling

1865 - 1890

•Recession and strong production from US and 
Russia bring prices down

1890-1892 

•Cholera epidemic cuts production in Baku, 
Azerbaijan, contributing to 1895 spike

1894

•Rapid adoption of the automobile drastically raises 
oil consumption, leading to the "West Coast 
Gasoline Famine"

1920

•Prices hit record low as Great Depression reduces 
demand

1931

•Post-War automotive boom creates fuel shortages 
in some US states

1947

•Suez crisis takes 10% of world's oil off the market -
but production outside of the Middle East offsets 
the spike in prices

1956-1957

•US oil production peaks

1970

•Arab States institute embargo against countries 
supporting Israel in the Yom Kippur War 

1973-1974

•Iran cuts production and exports during revolution

1978-1979

•Iran-Iraq War begins; exports from the region slow 
further

1980

•Demand response to supply shocks pushes prices 
down

1980's

•Saudi Arabia increases production to regain 
market share

1986

•Iran and Iraq increase output with end of war

1988

•Iraq invades Kuwait; Kuwait exports cut until
1994

1990

•Asian demand recovers after 1997 crisis

1999

•Production falls due to lack of investment

Early 2000's

•9/11 and invasion of Iraq raise concerns about 
Middle East stability; Venezuelan oil workers 
strike

2001-2003

•Asia drives rising demand as production 
stagnates and Saudi spare capacity declines

Mid-2000's

•Global Financial Crisis

2007-2008

•Arab Spring; civil war disrupts Libyan output 

2011

•Strong non-OPEC production; weak demand 
growth; OPEC shifts toward maintaining market 
share 

2014

•Prices fall further as the market searches for a 
new equilibrium

2015-2016

Table 1 - Oil Events from 1862 to 2016 
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2.1.2. Oil Production  

Nowadays, around forty percent of world oil production comes from the Organization of the Petroleum 

Exporting Countries (OPEC). The remaining production comes from non-OPEC countries, with major 

key centres of production including North America, Russia and North Sea. Of all the non-OPEC 

producers, only thirty have significant production, over 100 thousand barrels per day (EIA 2015).   

OPEC is a permanent, intergovernmental Organization, created in Baghdad, Iraq, in 1960, by five 

countries: Iran, Iraq, Kuwait, Saudi Arabia and Venezuela. These founding members were later joined 

by Qatar (1961), Indonesia (1962), Libya (1962), the United Arab Emirates (1967), Algeria (1969), 

Nigeria (1971), Ecuador (1973), Gabon (1975) and Angola (2007). Two countries have temporarily 

suspended their membership: Ecuador, from 1992 to 2007, and Indonesia, from 2009 to 2016. Gabon 

ended the membership in 1995. Therefore, currently OPEC has thirteen member countries. 

OPEC defines its objective to coordinate and unify petroleum policies among Member Countries, in 

order to secure fair and stable prices for petroleum producers; an efficient, economic and regular supply 

of petroleum to consuming nations; and a fair return on capital to those investing in the industry.4 

Yet, as stated before, these countries are characterized by divergent political and economic interests. 

The outcome of OPEC decisions is more critical when prices of oil are low, since OPEC members may 

face an impasse and maintain prices at low levels, which prevent high cost oil producers from entering 

the market, but, at the same time, reduces OPEC members’ revenues. Some members may disagree 

on the decisions and on the level of quota cuts. It is difficult to achieve discipline when the OPEC 

members do not comply with the quotas assigned, as experienced in 2015 by the actions of a key 

member, Saudi Arabia. In spite of the fact that the collapse in oil prices especially hurt less affluent 

OPEC members, like Algeria, Angola, Ecuador, Nigeria and Venezuela, Saudi Arabia-led policy was to 

aggressively pump oil to keep prices low and re-gain market share from high-cost producers, such as 

Russia and U.S. shale drillers (Loutia et al., 2016). 

Hamilton (2013) defines “the age of OPEC” (around 1970) as the time when the shift to higher oil prices 

occurred, when the focus of the global oil market altered from North America to the Persian Gulf, and 

by OPEC’s assertive comportment. Frequently OPEC acts as a marginal producer (Loutia et al. 2016), 

using its spare production capacity to offset, to a certain extent, the difference between oil demand and 

non-OPEC supply. It has historically restricted supply in order to prop up the price of oil (Kilian, 2009). 

Specifically, one member, Saudi Arabia, has traditionally played as a swing producer in the global oil 

markets, as it tends to reduce its production in times of low demand (Kilian and Baumeister, 2016). 

OPEC decisions regarding production quantities impact oil prices, while variations in the production of 

non-OPEC countries do not seem to affect prices (Ratti and Vespignani, 2015; Kilian, 2009). OPEC 

decisions take into consideration the costs of exploration and extraction of more expensive and 

unconventional oil resources, such as US shale oil, Brazil’s deep-sea offshore oil, and Venezuela’s 

heavy oil, among others. In the opinion of Loutia et al. (2016), US$80 bbl5 is the price that makes the 

                                                            
4 See http://www.opec.org/opec_web/en/about_us/25.htm (accessed on April 16, 2016).  
5 Oil barrel: 1bbl=42US gallons=159 litres. 

http://www.opec.org/opec_web/en/about_us/25.htm
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exploration and extraction of more expensive and unconventional oil resources economically viable. 

Just for comparison, as this Dissertation is being written (April 2016) the price of oil is around US$44 

bbl, although it reached the lowest price, US$26 bbl6, in February 2016. 

Unanticipated variations in oil production have been regarded as important in explaining oil price 

fluctuations (Hamilton, 2013). According to Arezki and Blanchard (2014) unexpected rises in global 

production of oil are one of the main causes of decreases in the price of oil. A large share of the decline 

in the price of oil seen by the end of 2014, was due to a shift in the expectations regarding the future 

direction of global oil production, upon the OPEC’s declaration, on November 27, 2014, that it would not 

diminish its oil production, maintaining their collective production ceiling of 30 million barrels a day.  

Therefore, energy supply disruptions have a significant effect on the economic activity (Hamilton, 2003). 

An unanticipated oil supply disruption originates a sharp decline in global oil production, which in turn 

affects the price of oil. A partial reversal of that decline happens and the magnitude of the shock is 

moderated, since oil supply contractions in one region tend to trigger production increases elsewhere in 

the world (Kilian, 2009). 

As claimed by van Moerkerk and Crijns-Graus (2016), peak oil refers to the point in time when, as a 

global society, we have reached the maximum possible rate for petroleum extraction per unit of time 

(i.e. millions of barrels of oil per day Mb/d) and so the rate of production begins to consistently decline. 

To calculate the peak oil it is necessary to know the reserves of oil available and for how long they will 

last. After reaching the peak oil, experts predict that quantity of oil demanded will at some point surpass 

the quantity supplied, which will increase the price of oil significantly and affect oil supply security for 

importing nations. It is important to state that determining when peak oil will occur (or if it already has 

occurred, or if it will happen at all) is challenging, since this concept depends on prior knowledge of a 

set of variables and assumptions that are regularly changing.  

Table 2 presents the peak year for the twelve OPEC members, for the top 26 non-OPEC producers and 

sums up the values of production for the years 1996, 1998, 2000, 2002, 2004, 2006, 2008, 2010, 2012 

and 2014. The table is followed by a graphic display of the data and a market concentration analysis 

(see Figures 2-4). 

 

 

 

 

                                                            
6 See http://www.bloomberg.com/energy (accessed on April 16, 2016) 

http://www.bloomberg.com/energy
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Table 2 - Oil Production Quantities and Peak Year by Producer 

Oil Production* (BP Statistical review of world energy 2015 & 2006) 

(Thousands 
barrels daily) 

Peak 
year*** 

1996 
 

1998 
 

2000 
  

2002 
  

2004 
  

2006 
  

2008 
  

2010 
  

2012 
  

2014 
  

% of 
total 

Saudi Arabia 2028 9299 9502 9491 8928 10458 10671 10663 10075 11635 11505 12,9% 

Iraq 2028 580 2121 2614 2116 2030 1999 2428 2490 3116 3285 3,8% 

Iran 1974 3759 3855 3818 3543 4201 4260 4396 4352 3742 3614 4,0% 

United Arab 
Emirates 

2027 
2438 2643 2626 2324 2836 3099 3026 2895 3406 3712 4,0% 

Kuwait 2022 2129 2232 2206 1995 2523 2737 2786 2562 3172 3123 3,6% 

Venezuela 1997 3137 3480 3239 2895 3305 3336 3222 2838 2704 2719 3,3% 

Nigeria 2005 2145 2167 2155 2103 2430 2392 2113 2509 2395 2361 2,7% 

Angola plateau 716 731 746 905 1103 1421 1901 1863 1784 1712 2,0% 

Qatar 2012 568 747 855 783 1082 1241 1449 1655 1968 1982 2,0% 

Algeria 2008 1386 1461 1578 1680 1921 1979 1969 1689 1537 1525 1,6% 

Ecuador 2006 393 385 409 401 528 538 507 488 505 556 0,7% 

Libya plateau 1452 1480 1475 1375 1623 1816 1820 1656 1509 498 0,6% 

Total OPEC   28002 30804 31212 29048 34040 35489 36280 35072 37473 36592 41,2% 

Russia 1982 6114 6169 6536 7698 9335 9818 9950 10366 10640 10838 12,7% 

United States 1970 8295 8011 7733 7626 7250 6827 6784 7556 8904 11644 12,3% 

China 2029 3170 3212 3252 3346 3486 3711 3814 4077 4155 4246 5,0% 

Canada 2032 2480 2672 2721 2858 3080 3208 3207 3332 3740 4292 5,0% 

Mexico 2004 3277 3499 3450 3585 3830 3689 3165 2959 2911 2784 3,2% 

Brazil 2024 807 1003 1268 1499 1543 1809 1899 2137 2149 2346 2,9% 

Kazakhstan 2025 474 537 744 1018 1248 1368 1485 1672 1662 1701 1,9% 

Norway 2001 3232 3138 3346 3333 3180 2961 2551 2349 2040 1895 2,0% 

Colombia 1999 635 775 711 601 528 529 588 786 944 990 1,2% 

Oman 2001 897 905 959 900 783 738 757 865 918 943 1,1% 

Indonesia** 1994 1580 1520 1456 1288 1130 1018 1006 1003 918 852 1,0% 

Azerbaijan 2010 183 231 282 311 309 646 895 1023 872 848 1,0% 

India plateau 778 787 780 801 773 760 803 882 906 895 1,0% 

United 
Kingdom 
(Offshore) 

1999 
2735 2807 2667 2463 2064 1666 1555 1361 949 850 0,9% 

Malaysia plateau 773 779 735 757 776 713 741 718 671 666 0,7% 

Argentina 1998 823 890 819 818 868 838 772 705 644 629 0,7% 

Egypt 1995 894 857 781 751 701 679 715 725 715 717 0,8% 

Australia plateau 619 644 809 731 582 542 547 561 489 448 0,5% 

Vietnam 2004 179 245 328 354 424 355 311 312 348 365 0,4% 

Sudan and 
South Sudan 

plateau 
5 12 174 233 291 356 457 462 134 268 0,3% 

Congo 
(Brazzaville) 

1999 
200 264 254 231 217 271 235 294 289 281 0,3% 

Equatorial 
Guinea 

2004 
17 85 117 215 351 342 347 274 272 281 0,3% 

Turkmenistan 1973 90 129 144 182 194 187 208 217 222 239 0,3% 

Gabon 1996 365 337 327 295 273 242 240 255 245 236 0,3% 

Thailand 1996 105 130 176 204 241 325 362 388 449 453 0,4% 
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Oil Production* (BP Statistical review of world energy 2015 & 2006) 

(Thousands 
barrels daily) 

Peak 
year*** 

1996 
 

1998 
 

2000 
  

2002 
  

2004 
  

2006 
  

2008 
  

2010 
  

2012 
  

2014 
  

% of 
total 

Denmark 2004 208 238 363 371 390 346 287 249 204 167 0,2% 

Total Top26 
non-OPEC 

  
38935 39876 40932 42469 43847 43944 43681 45528 46390 49874 56,4% 

Others   2524 2543 2589 2997 3052 2984 2888 2588 2287 2122 2,4% 

Total non-
OPEC 

  
41459 42419 43521 45466 46899 46928 46569 48116 48677 51996 58,8% 

Total   69461 73223 74733 74514 80939 82417 82849 83188 86150 88588 100% 

 

 

 

Figure 4 – OPEC production per member 

Source: BP Statistical Review of World Energy 2006 and 2015. For the projections of peak year: 

http://www.globalshift.co.uk/peakdates.html (visited May 23, 2016). 

* Includes crude oil, shale oil, oil sands and NGL's (natural gas liquids). Excludes liquid fuels from other sources such as biomass 

and derivatives of coal and natural gas. 

** Indonesia only returns to OPEC in 2016. 

*** Data Countries have not reached the peak year yet, they are represented with 

 

Figure 3 – Total Oil Production (OPEC & Non-OPEC) Figure 2 - OPEC vs. Non-OPEC Percentage of Production 
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According to the data, by 2014, thirty of the thirty-eight top oil producers were supposedly already in 

peak production or stabilization phase. This means that around 80 per cent of oil production from the 

major players have already reached maximum rate for petroleum extraction. In addition we can infer 

how the trend is for oil production to increase and how Saudi Arabia is by far the biggest producer in 

OPEC. 

In addition, similarly to the work of Lefèvre (2010) and using the data from Table 2, the degree of oil 

production concentration in 2014 was measured using the Herfindahl Index, defined as the sum of 

squares of individual market shares (see Equation 1). 

𝐻 =  ∑ 𝑆𝑖
2

𝑁

𝑖=1

 

Equation 1 – Herfindahl Index 

Where 𝑁 is the number of participants and 𝑆𝑖 the market share of the ith country. 𝐻 varies between 1 𝑁⁄  

and 1, the higher the Herfindahl Index, the more concentrated the market is. This analysis was built for 

the OPEC members plus the non-OPEC producers (see Table 3). It was assumed that countries act as 

a single supplier, i.e. market participants are countries, and OPEC is a single member, given its 

characteristics.  

 

Table 3 - Market share of total oil production for OPEC members and non-OPEC members 

 

Market Share 
2014 

 

Market Share 
2014 

OPEC 0,412 
U.K. 
(Offshore) 0,009 

Russia 0,127 Malaysia 0,007 

United States 0,123 Argentina 0,007 

China 0,050 Egypt 0,008 

Canada 0,050 Australia 0,005 

Mexico 0,032 Vietnam 0,004 

Brazil 0,029 Sudan 0,003 

Kazakhstan 0,019 Congo 0,003 

Norway 0,020 
Equatorial 
Guinea 0,003 

Colombia 0,012 Turkmenistan 0,003 

Oman 0,011 Gabon 0,003 

Indonesia 0,010 Thailand 0,004 

Azerbaijan 0,010 Denmark 0,002 

India 0,010 Others 0,024 
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𝐻 = 0.4122 + 0.1272 + 0.1232 + 0.0502 + 0.0502 + 0.0322 + 0.0292 + 0.0192 + 0.0202 + 0.0122 + 0.0112 + 0.0102

+ 0.0102 + 0.0102 + 0.0092 + 0.0072 + 0.0072 + 0.0082 + 0.0052 + 0.0042 + 0.0032 + 0.0032

+ 0.0032 + 0.0032 + 0.0032 + 0.0042 + 0.0022 + 0.0242 = 0.2101 

 

The result of the Herfindahl Index suggests an oligopoly (0.2 < 𝐻 < 0.6 ), meaning an industry 

dominated by a few firms, with each firm having a significant market share, in which the equilibrium of 

the market depends on how competition is made, whether it is based on prices, quantities or other 

strategic variables.   

To conclude, the Concentration Ratio, defined as the measure of the percentage market share in as 

industry held by the largest firms within that industry, was calculated (see Equation 2, where 𝐾 is the 

number of participants and 𝑆𝑖 the market share of the ith country). 

Once again using OPEC as a single member, the four-producer concentration ratio for the oil industry 

is 71 per cent, meaning that around 71 per cent of the 2014 oil production in the world was concentrated 

in the OPEC members plus three non-OPEC producers, Russia, United States and China. 

𝐶𝑘 =  ∑ 𝑆𝑖

𝐾

𝑖=1

 

Equation 2 - Concentration Ratio 

 

𝐶4 = 0.412 + 0.127 + 0.123 + 0.05 = 0.712 

2.1.3. Oil Prices  

The price of crude oil is established in the global markets and traded in US dollars (Kilian, 2009). The 

reason why the price of crude oil is so different from the price of refined fuels is explained by the costs 

of individual refinery processes, domestic market structure, government policies and taxes on petroleum 

products, and exchange rate fluctuations, which results in a country-by-country variation in domestic 

fuel prices (Kim, 2014; Kumar and Managi, 2009). Given the influence of all these factors, refined 

product prices are continuously varying, since the price of crude oil is the primary driver of gasoline and 

other petroleum product prices (Chesnes, 2015). 

The price of oil, as the price of any other commodity, is driven by shocks in demand and supply. Each 

of these shocks may have different dynamic effects, not only on fluctuations in the price of oil and in the 

prices of other industrial commodities, but also in the global economy (Henriques and Sadorsky, 2011; 

Kilian, 2009). Oil price is volatile not only because of market changes in the demand and supply of oil, 

but also because of institutional influences, like OPEC, geopolitical issues and world oil markets’ 

speculation (Henriques and Sadorsky, 2011). Particularly, in times of a sharp variation in oil prices, it is 

crucial to have a proper knowledge of the effects of these shocks on the business cycle (Herwartz and 

Plodt, 2016). 
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Since not all oil price shocks are alike and, in order to analyse the effects of oil price fluctuations on 

macroeconomic aggregates, it is necessary to distinguish between different types of shocks. The work 

of Herwartz and Plodt (2016) and Kilian (2009) suggests a structural decomposition in three types of 

shocks. First, oil supply shocks, shocks regarding the physically availability of crude oil. Secondly, 

aggregate demand shocks, shocks to the global demand, driven by fluctuations in the global economic 

activity, for all industrial commodities. Thirdly, precautionary demand shocks (Kilian, 2009) or oil-specific 

demand shocks (Herwartz and Plodt, 2016), which are specific to the global crude oil market. The last 

intends to capture changes in the price of oil related with concerns that the market may have about 

future uncertain availability of oil supplies, thus driven by precautionary demand.  

An oil supply shock shifts oil production and the price of oil in opposite directions, i.e., if production 

quantities increase, price will decrease; whereas an oil demand shock shifts oil production and the price 

of oil in the same direction, i.e. if production quantities increases, price increases as well. (Herwartz and 

Plodt, 2016). 

All these three distinct types of shocks are potentially significant and not mutually exclusive reasons for 

the oil price decline in the middle of 2014 (Kilian and Baumeister, 2016; Herwartz and Plodt, 2016).  

Increases in the prices of oil rise the production costs of goods and services and hence affect economic 

activities negatively. However, the contrary does not hold, declining oil prices fail to stimulate economic 

activity (Kumar et al., 2012; Henriques and Sadorsky, 2011; Kumar and Managi, 2009). Therefore, as 

Hamilton (2003) noted, the relationship is not linear, an oil price increase is much more significant than 

an oil price decrease. As oil price decreases the economy can depress in the short run, since a price 

decrease may diminish the demand for some sectors, as unemployment labour is not immediately 

shifted elsewhere and the purchase of energy-sensitive big-ticket items is postponed. Regarding the 

long run, it is unreasonable to consider that an oil price decrease will produce an economic boom such 

as the recession induced by a rise in the oil price (Hamilton, 2003).  

Furthermore, oil prices have displayed a high correlation with other energy prices. For instance, previous 

work by Cheon and Urpelainen (2012) established that oil prices and coal prices have a correlation 

coefficient of 𝑟 = 0.53. Similarly, the work of Villar and Joutz (2006) showed that when expressing the 

natural gas price as a function of crude oil price, natural gas price is equal to 81 per cent of the crude 

oil price. Once in high levels, oil prices usually suggest general energy scarcity. The answer to this 

scarcity is other forms of energy, not subject to variable fuel costs, like solar or wind power (Noailly and 

Smeets, 2015; Bayer et al., 2013). 

Variations in the price of oil can affect political stability of oil producing countries and have deep 

repercussions for many industries and for environmental policies (Kilian and Baumeister, 2016). On the 

other hand, political instability and wars may lead to anxiety about the future energy prices and 

availability. It may as well have other effects whose consequences, for consumer spending, for example, 

are as important as the fluctuations in oil prices themselves (Hamilton, 2003). 
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2.1.4. 2014 Oil Crisis 

Following the previous chapters, which examined the oil industry and its economics, it is now possible 

to better understand the 2014 oil crisis, the latest price shock of the industry. 

Previous work by Kilian and Baumeister (2016) and Arezki and Blanchard (2014) shows that the decline 

in the price of oil must have reflected the cumulative effects of earlier oil supply and demand shocks. 

For instance, surprise increases in oil production (for example the faster recovery of Libyan oil 

production after the civil war), along with the slowdown of the Chinese economy (which started 

September of 2014), all contributed to the price slump.  

The work of Herwartz and Plodt (2016) emphasizes that the main triggers of the sharp drop in the prices 

were a weak global demand and a reduced precautionary demand for oil. As stated before, the three 

types of shocks may have contributed to the decline in the prices. However, according to the authors, 

oil-specific demand shocks seem to represent the main cause for the recent decline. 

It has been studied that there is a closeness, in the long run, between the prices of crude oil and the 

prices of other industrial commodities. During this period, the drop in the price of oil was more significant 

than the decline in the prices of other industrial commodities (Herwartz and Plodt, 2016; Arezki and 

Blanchard, 2014). The price indices of industrial raw materials, metals and food, all have dropped upon 

the beginning of the decrease in the price of crude oil, in June 2014, making predictable a reduction in 

the demand of oil. Nevertheless, the disparity between the evolution of the price of oil, which dropped 

by 44 per cent over de period June-December 2014 (see Figure 5), and other commodity prices, which 

only declined around 9 per cent in the same period, reflects oil-market specific developments (Kilian and 

Baumeister, 2016). 

 

Figure 5 – Crude Oil and Commodity Prices 
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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 (since countries like 

Iran, Russia or Venezuela, rely heavily on foreign exchange earnings from crude oil exports), while 

providing economic boost to many net oil importers (Kilian and Baumeister, 2016; Arezki and Blanchard, 

2014). 

There are significant differences in how oil producers in different countries are influenced by lower 

prices, see Figure 6 for the marginal costs of the main oil producers. For example, Saudi Arabia, even 

though having the advantage of having the lowest marginal cost of production7, US$3bbl (whereas the 

average for the rest of Middle East countries is US$17bbl and US$74bbl for US shale oil), needs a much 

higher oil price, in the long run, to sustain its welfare state8. Other OPEC countries, which rely heavily 

on the revenues of oil for financing their welfare programs, such as Venezuela, seem much less 

prepared for coping with the current price slump. Finally, oil producers in Canada, which produce 

unconventional crude oil at a relatively high cost from oil sands, are also expected to be susceptible to 

a further decline in oil prices (Kilian and Baumeister, 2016).  

 

Figure 6 – Marginal Cost of Oil Production in 2014 for major producers   

 

There will be a moment when continuing the production of oil will no longer be sustainable but, given 

the cost structure of the oil industry and geological constraints on oil extraction, it will not be optimal for 

                                                            
7 Saudi Arabia is one of the world’s largest producer and exporter of oil. Aramco, the Saudi Arabian national 
petroleum and gas company, operates both the world’s largest onshore and offshore oil fields, having 18 per cent 
of the world’s proven crude oil reserves. In addition, Saudi Arabia maintains the world’s largest crude oil production 
capacity and the second largest daily oil production.  
8 Welfare state is a model of government in which the state has a key role in protecting and promoting the social 

and economic well-being of its citizens. This model is based on the principles of equality of opportunity, equitable 
distribution of wealth and public responsibility for those unable to provide themselves with the minimal provisions 
for a good life. (See http://www.investopedia.com/terms/w/welfare-state.asp) (Accessed on May 18, 2016) 
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producers to reduce, at once, oil production from existing wells. Rather it is expected that the least 

competitive producers will withdraw, reducing the operations. Therefore, as there are high stakes 

involved, oil producers have an incentive to wait and see who blinks first and exits the market. This 

behaviour explains the Saudi Arabia ability to survive low oil prices or the continuous exploration of oil 

shale by American producers. In this period, the world production of oil grew 0.9 per cent, with both 

OPEC and non-OPEC countries increasing their production. This fact is significant because it shows 

that announced increases in the production of one country were offset by less production elsewhere 

(Kilian and Baumeister, 2016).  

Despite the concern whether this deeper decline will further threaten the economic and political stability 

of oil producer countries, there is also the expectation that it will strength the global economy. While 

sustainable decreases in the price of oil have occurred before, particularly in 1986 and 2008, the 

harshness of this slump surprised even the industry experts (Kilian and Baumeister, 2016; Arezki and 

Blanchard, 2014). 

 

2.2. Alternative Energies 

The sharp decrease in crude oil prices highlights the attractiveness of alternative energy sources, which 

are relatively isolated from fossil fuel price fluctuations. The prices of renewable energies are expected 

to continue to fall, as technologies improve and costs drop due to economies of scale. Moreover, it is 

expected that transportation will be increasingly electrified (as we will see in 2.4.2.1). Therefore, 

alternative energies bring more market certainty and a healthier climate than crude oil does. 

Alternative (or clean) energy sources, such as wind, solar, geothermal, ocean, or biomass, represent 

an alternative to fossil fuels. Traditionally they developed in industrialized countries, having leaders like 

Japan, the United States, or Germany. However, nowadays the development increasingly occurs in 

powerful emerging economies, particularly China or Russia (Bayer et al., 2013; Dechezleprêtre et al., 

2011; Johnstone et al., 2010). 

Alternative energy innovation is defined as processes by which new energy technologies are invented 

and technically improved for commercial use (Bayer et al., 2013). It is an uncertain process which aims 

at creating and improving the generation of renewable energy (Noailly and Smeets, 2015).  

A sudden large increase in alternative energy investments has been caused by the need to achieve 

more energy security, the recent interest in climate change (in part caused by the post-Kyoto9 climate 

rules), resource scarcity and the volatility of the oil prices (Kumar et al., 2012; Dechezleprêtre et al., 

2011). 

Energy security, defined by Kim (2014) as an economically stable energy supply, implies three key 

approaches: environmental, economic and strategic geopolitical. The progress and spread of 

                                                            
9 The Kyoto Protocol is an international agreement connected to the United Nations Framework Convention on 

Climate Change, in which its parties are committed to set internationally binding targets for GHG emissions 
reduction. (http://unfccc.int/kyoto_protocol/items/2830.php) (visited on May 11, 2016)  

http://unfccc.int/kyoto_protocol/items/2830.php
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alternative) sustainable energy technologies have attracted some attention, and turned clean energy 

into a main subject in international negotiations (Suzuki, 2015; Kim, 2014; Kumar et al., 2012; Cheon 

and Urpelainen, 2012). Especially the issue of geo-political scarcity of fossil fuels, which market is 

uncertain, motivated numerous countries to develop strategies of energy diversification (for example, 

Germany, as will be seen in 3.3.1), changing the energy mix, and conservation in the search for more 

energy security, reducing excessive dependence on few suppliers (Dijk et al., 2016; Kumar and Managi, 

2009). 

Technology innovation, especially in alternative energy, provides a win-win solution to mitigate these 

issues, as greenhouse gas (GHG) emissions are reduced and the dependency of the countries on 

imported fossil fuels decreases.  

Previous work by Henriques and Sadorsky (2011) suggests that companies should focus on reducing 

energy consumption, increasing energy efficiency and undertaking environmental sustainable initiatives. 

However, alternative energies are rarely adopted in the market without subsidies and government 

policies, since the production costs of these sources are still considerably high (Kumar et al., 2012). 

Despite the concerns concerning climate change and the unsustainable use of fossil fuels, some events 

have influenced the scenario on the opposite direction: the “fracking”10 in the United States to rapidly 

explore shale oil and gas, the closure of nuclear reactors in Japan and Germany (following the 

catastrophe at Fukushima), the decline of crude oil prices, or the distress over the supply of lithium (Dijk 

et al., 2016). In addition, the electricity generation sector is beyond question the largest producer of 

carbon emissions, with a substantial dependence on fossil fuels; currently around 70 per cent of the 

world’s electricity is produced from highly carbon-intensive fossil fuels, specifically coal, oil, and gas 

(Noailly and Smeets, 2015; EIA 2015).  

According to Steg and Vlek (2009), environmental quality strongly depends on human behaviour 

patterns. Issues such as global warming, urban air pollution, environmental noise and loss of biodiversity 

are rooted in human behaviour. Hence, environmental quality can be, to a certain extent, controlled by 

altering the relevant behaviour in order to reduce its environmental impacts. 

 

2.3. Carbon Emissions, Carbon Markets and Taxation 

Global warming is largely induced by the carbon dioxide and greenhouse gases released in the 

atmosphere by human activities (Comodi et al., 2016). 

Carbon markets are intimately associated with fossil energy markets, especially since fossil energy 

accounts for around 80 per cent of global energy consumption and its combustion is the main source of 

carbon emission in the world (EIA, 2015).  

                                                            
10 “Fracking” or hydraulic fracturing is the procedure of drilling and injecting fluid into the ground, at a high pressure, 
in order to fracture rocks. The larger the fissures the more oil and gas flows out of the formation into the well to be 
extracted. (http://www.investopedia.com/terms/f/fracking.asp) (visited on May 4, 2016)  

http://www.investopedia.com/terms/f/fracking.asp
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Lower fossil energy prices can cause the increase of energy consumption, which may often lead to 

higher carbon emission demand and higher carbon prices. Moreover, global increasing population and 

continuous economic growth, especially in developing countries, have caused an increase in fossil 

energy consumption, thereby driving up carbon emissions and carbon prices (Zhang and Sun, 2016). 

CO2 emissions are regulated by an emission trading system that works as a “cap and trade” system. A 

maximum limit, a “cap”, is set on CO2 emissions and permits are given to emitters to release a specific 

amount of CO2. If a company or a sector exceeds its allowance, it must purchase additional permits to 

cover the excess. If a company does not exceed its limit, then it can sell their unused allowances 

(Christensen et al., 2012). 

When emissions are transferred from the transport sector into the energy sector, the energy sector is 

forced to implement further energy savings or increase the share of renewable energy sources in order 

to provide the needed electricity without exceeding the emission cap (Christensen et al., 2012). 

Carbon markets have been growing at a rapid rate since the Kyoto Protocol came into force, with the 

CO2 reduction targets, especially with the European Union Emissions Trading Scheme, the world's first 

major carbon market (Comodi et al., 2016; Zhang and Sun, 2016). 

Regarding industrial emissions, enterprises can adjust their energy consumption structure to achieve 

the optimal carbon emission reduction strategies. Nevertheless, manufacturing companies struggle to 

reduce greenhouse gas emission (Zhang and Sun, 2016). Carbon emission reduction and the large 

fluctuations of carbon prices have significant impact on the operational performance of industrial sectors 

covered by the Emission Trading Scheme. Industrial sectors like, for example, oil refineries, which are 

energy intensive plants responsible for a significant amount of greenhouse gas emissions, and are 

among the energy intensive sectors included in the European Union Emission Trading System, require 

sufficient information between carbon and energy prices to adjust their energy consumption structure 

moderately and achieve the optimal carbon emission reduction strategies (Comodi et al., 2016; Zhang 

and Sun, 2016). 

Nevertheless, carbon markets play an important role in effectively restricting global carbon emissions. 

Changing the behaviour of government and industries through carbon trading is likely to have more 

immediate impact on the emissions of dioxide carbon than encouraging individuals to buy low-carbon 

transportation products, namely cars (Zhang and Sun, 2016). Yet, without aggressive and sustained 

mitigation policies, transport emissions could increase at a faster rate than emissions from the other 

energy end-use sectors. Hence, there is an urgent need for understanding the dynamics of CO2 

emissions growth from the transportation sector (Hao et al., 2016). 

The transportation sector was identified as a serious cause for concern to policymakers, due to its 

unsustainable dependence on oil and its negative environmental impacts, along with concerns over the 

long-term supply of oil (Hao et al., 2016; Mannberg et al., 2014). In 2010 the transportation sector 

accounted for 22 per cent of worldwide CO2 emissions and approximately three quarters of these were 

due to road traffic (IEA, 2015).  
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According to Kok (2015), technological advances in new cars sold are the main driver for CO2 

reductions. Technological advances accounted for about 70 per cent of the total fuel efficiency 

improvement and reduction of average CO2 emissions, between the years 2007 and 2013. One example 

are diesel cars, which are more fuel efficient, so CO2 emissions fall, although modestly. Improvements 

in the diesel engine, like the introduction of turbo and direct injection, have helped to reduce the gap 

between petrol and diesel cars, in important physical attributes like acceleration and speed. This has 

had the effect of making the two fuel types closer substitutes in terms of consumer preferences 

(Hennessy et al., 2011). 

Consequently, international agencies and national governments aim at making the car fleet less 

dependent on fossil fuels, while decreasing the emissions of car traffic. The quest for low-carbon mobility 

has also spurred an interest in finding the effective policies for shifting the car fleet towards increased 

environmental sustainability (Mannberg et al., 2014). 

Accordingly, CO2 taxation is well established and is an important policy objective, both at national and 

European Union level. In 2014, nineteen EU Member States were applying some form of CO2 tax, 

whether based on the car’s CO2 emissions, on fuel consumption, on the purchase (vehicle registration) 

or on ownership (motor) (Hennessy et al., 2011; Mannberg et al., 2014). Some countries (e.g. Germany, 

Belgium, Italy) have no purchase tax at all, or a relatively low purchase tax, while other countries (e.g. 

The Netherlands, Denmark, Ireland, Portugal) have either much higher CO2 based purchase taxes or 

more stringent low carbon tax incentives.  

There is a European consensus to move away from purchase taxes and towards use taxes, which are 

differentiated by emissions. Car manufacturers will respond to a coordinate policy change across the 

entire European Union and a more carbon efficient fleet is expected to result in lower emissions 

(Hennessy et al., 2011). 

 

2.4. Environmental Technological Innovation and Diffusion 

As stated in the previous sections, technology innovation in alternative sources of energy provides a 

win-win solution to mitigate the problems associated with oil consumption. 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 to fossil fuel consumption (Triguero et al., 2014). 

The progress in alternative energy technologies contains both innovation and diffusion of these 

technologies.  

On one hand, innovation holds two initial phases of development: 1) the Research and Development 

(R&D) phase, where technology is in a conceptual design stage or still testing and 2) the display phase, 

where a minor number of installations is implemented by some facilities, either companies or research 

laboratories.  
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Diffusion, on the other hand, holds two posterior phases of development: 1) the deployment phase, 

where the market has access to the technologies but at higher cost than the available technologies; and 

2) the phase where the technology is already competitive in the market (Suzuki, 2015). 

2.4.1. Innovation 

Innovation can disrupt or sustain the market. Disruptive innovations bring to the market a valuable 

technology, different from any technology already available. For disruption to occur the consumer must 

gain something by using the new technology, as opposed to continue using the old technology. 

However, most innovations are sustaining innovations, which are of an incremental type and thus foment 

better performance for a technology already available (Dijk et al., 2016).  

Innovations are affected by different conditions, endogenous or exogenous. According to Dijk et al. 

(2016) and Kemp and Volpi (2008), endogenous conditions (for example, learning economies) are 

intrinsic to the business and can be influenced by the laws of demand and supply of the sector. These 

conditions may change when a new, superior technology gets adopted by more and more users. 

Exogenous conditions, on the other hand, are a variety of factors from the outside that can impact the 

business, such as changes in oil prices, competition, regulation or technological change in other sectors.  

Concerning the aspects that influence alternative innovation, which are further explored next, in section 

2.4.1.1, it is important to highlight the influence of the prices of energy, through the concept of induced 

innovation. This hypothesis states that as energy prices increase, private companies and public 

institutions have a stimulus to innovate, developing technologies that either conserve energy or produce 

it at a lower cost. Induced innovation may also be encouraged by regulation, for example, as policies 

that restrict pollution or waste generation can create incentives to develop clean energy technology 

(Cheon and Urpelainen, 2012). Likewise, according to Kumar and Managi (2009) alterations in long-run 

prices induce the development of new technologies, shifting the technology frontier.  

According to Triguero et al. (2014), Bayer et al. (2013) and Popp (2005) a rise in the price of oil should 

result in an increase in technological advancement. For that reason, high oil prices may increase 

innovation in alternative energy technologies, as there is a general incentive to research and 

commercialize this energy. Hence the market size of alternative energies sector is expected to increase 

and the market size of fossil fuels expected to decrease (Noailly and Smeets, 2015; Bayer et al., 2013).  

One example of induced innovation was the impact of the oil crisis provoked by the 1973 OPEC 

embargo. After severe production restriction by Saudi Arabia and other major oil producers, the price of 

oil grew instantaneously and persisted at unusually high levels for almost a decade. As a result, energy 

efficiency improved and the use of nuclear power increased in industrialized countries (Cheon and 

Urpelainen, 2012).   

2.4.1.1. Drivers of Technological Innovation 

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; Popp, 2002), are, in one hand, energy prices, and, in other hand, government policies that focus 

on environmental regulations, such as R&D support, investment incentives (e.g. low-interest loans), tax 
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incentives (e.g. accelerated depreciation), tariff incentives (e.g. feed-in incentives) or obligations (e.g. 

production quotas).  

The aptitude and competence of the innovation system to react to the demand generated by, for 

example, an oil price shock, depends on several factors, from past experience with technology 

innovation to the ability of political institutions to devise effective policy instruments that encourage 

innovation (Dijk et al., 2016). Accordingly, wealthier countries have more capacity for newer and 

innovative technologies than poorer countries (Kim, 2014). 

Concerning the first driver, energy prices, rises in the prices of fossil fuels originate incentives to innovate 

in the generation of electricity from renewable energy sources, since these are an alternative for fossil 

fuels and are mainly used as intermediate inputs into the generation of electricity (Cheon and 

Urpelainen, 2012; Johnstone et al., 2010). As stated by Kim (2014), Triguero et al. (2014) and 

Dechezleprêtre et al., (2011), a positive driver of alternative technologies and energy efficiency 

technologies is the price of energy itself. The work of Noailly and Smeets (2015) shows that higher fossil 

fuel prices reduce the willingness of entry into fossil fuel innovations, increase innovation in energy 

efficiency for fossil fuels and have a positive and significant impact on alternative energy patenting, 

because an increase in a relative factor price of production encourages inventions in order to use less 

of that factor. 

Furthermore, if we consider fossil fuel and alternative energies substitutes in the technology portfolio of 

companies, as suggested by the works of Noailly and Smeets (2015) and Popp and Newell (2012), it is 

likely that, facing a rise in the prices of fossil fuel, the innovation in fossil fuel technologies will decrease, 

while the innovation in alternative energies is expected to rise. For example, as showed by Kim (2014), 

a rise in gasoline price encourages innovations to reduce gasoline usage in cars, firms will innovate to 

raise the energy efficiency of automobiles or to develop substitutes, such as alternative fuels, that can 

compete with gasoline.  

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 (Kumar and Managi, 2009). This 

progress increases the political feasibility of changes in energy economy (Cheon and Urpelainen, 2012). 

Therefore, an increase in the price of oil might allow to move energy usage away from fossil sources of 

energy.  

Regarding the second driver, government policies, the effectiveness of certain types of policy 

instruments is influenced by the type of renewable energy source itself. Broad-based policies, such as 

tradable energy certificates, are more prone to introduce innovation on technologies that compete with 

fossil fuels. More targeted subsidies, such as feed-in tariffs, are required to induce innovation on more 

costly energy technologies, such as solar power. Greater energy security can also be seen as a public 

policy objective. Nonetheless, either by decreasing the relative price of the use of renewable energy 

relative to fossil fuels, or by increasing demand for electricity generated from renewable sources, such 
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measures allow the identification of more efficient forms of electricity generation using renewable energy 

sources (Johnstone et al., 2010). 

Most policies introduced do not provide obvious connexion with technological innovation, since it is 

difficult to establish a direct link between most policies and results in innovation, with the exception of 

expenditures in research and development (R&D). R&D can be targeted at particular technologies, 

allowing policy makers to direct innovation towards desired technologies (this issue will be deepened in 

section 2.5) 

2.4.2. Diffusion  

After innovation comes diffusion, the adoption of a technology, over time, by the population, which 

reflects the aggregation of the adopting decisions.  

The concept of diffusion is concerned with the changing motivations and resistance for the adoption 

process (Kemp and Volpi, 2008). Individual motivations that incur in environmental behaviour are: 

perceived cost and benefits, moral and normative worries, and affect. Undeniably, as stated by Steg 

and Vlek (2009) human behaviour does not depend on motivations alone, behaviour is influenced by 

motivational factors, contextual factors and by the interaction between them.  Several contextual factors 

(such as prices or availability of resources) may influence individual motivations and facilitate or 

constraint environmental behaviour. When acting pro-environmentally is rather costly or difficult because 

of external barriers, changes in the circumstances (for example through public policies) under which 

behavioural choices are made may be needed in order to increase individual opportunities to act pro-

environmentally and to make pro-environmentally behaviour choices relatively more attractive.   

Economists regularly use the analogy of a contagious disease to refer to the diffusion period, since as 

more people are “infected” by the technology, the more likely others will also be “infected”. This epidemic 

model of diffusion suggests that the principal factor constraining diffusion is information. Adoption is 

expected to be slow in the beginning, as a small number of entities know about the technology (Popp, 

2005). 

Previous work by Kemp and Volpi (2008) discusses six stylised facts about technology diffusion which 

are presented in the next paragraphs. 

Firstly, (1) technology adoption is not instantaneous. The costs (e.g. charges, taxes or prices) and 

benefits from adoption, which are different from adopter to adopter, influence the propensity to adoption 

itself. Thus, clean technologies will diffuse at different rates in different countries. Furthermore, 

environmental behaviour studies (Steg and Vlek, 2009) assume that people make reasonable choices 

and select alternatives with highest benefits against the lowest costs (e.g., in terms of money, effort or 

social approval). 

Secondly, (2) technology diffusion involves information transfer and has elements of innovation. The 

transfer of information is endogenous to the process of diffusion, i.e. more people adopting the 

technology means more recognition as a proven, valid solution for the problem. In addition, new 

processes demand R&D work that may not be needed in the adaptation process. 
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(3) The more economically attractive a technology is, the more quickly it will be adopted and the greater 

the number of companies that will adopt it. A necessary condition for adoption of a new process is the 

expected net gain, which is influenced by the technology characteristics and by the costs of using the 

technology (such as costs of energy or materials).  

(4) An economically attractive technology does not automatically get adopted the moment it becomes 

economical to use. Adopting a new technology involves uncertainty, either about the solution or about 

the future, so it may be rational to postpone the adoption decision. The price of oil itself is a source of 

uncertainty. As a firm waits for new information regarding the oil price, it gives up any earnings from 

making an early investment. But, waiting for more information increases the likelihood of making the 

correct investment decision. As the level of oil price uncertainty increases, the value of waiting to invest 

increases and the incentive to invest declines (Henriques and Sadorsky, 2011). As exemplified by 

Hamilton (2003), in early 1974, when energy prices and availability were uncertain, it was rational to 

postpone commitments (such as purchasing energy-efficient appliances, cars or investment goods) until 

better information was available. 

(5) Expensive and complex technologies tend to diffuse more slowly. Price and complexity of a 

technology influences not only the net gain from adoption but also the diffusion process itself. When a 

new technology is complex, potential adopters need time to appraise the new technology and obtain the 

required skills for using it. When a new technology is expensive the funds necessary for the purchase 

may not be available yet or risk-averse adopters may be reluctant to invest. 

Finally, the last stylised fact about technology diffusion, (6) the population of potential adopters changes 

over time. Changes in the macro scenarios, such as regulations or prices, may shift the population of 

potential adopters. In addition, post-innovation improvements, or changes in the adopters’ environment, 

may bring individuals, who did not previously belong to the population of potential users, into this 

population. 

The challenge of alternative technology diffusion, on a global scale, is aggravated by the lack of a clear 

and broadly accepted definition of what comprises a climate change-mitigation technology and by the 

absence of a widespread understanding of how such technologies are going to diffuse globally (Popp, 

2005). 

2.4.2.1 The Case of Electric Vehicles 

Nevertheless, one example of an alternative technology that is evidently in the expansion stage, through 

the diffusion of electrical and hybrid vehicles, is motor vehicle technology. 

By influencing car trends towards lower CO2-emitting vehicles, market penetration of low-carbon vehicle 

technologies occurs (whether they are electric, hybrid, propane, gas, etc.) The Netherlands and Norway, 

besides having the lowest average CO2 emission in Europe, also had, in 2013, the highest new car 

sales market share of electric vehicles in Europe (Kok, 2015). 
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As the cleaner candidate of vehicles alternatives, electric vehicles are being developed by many 

countries. Through governmental initiatives, plans and strategies, electric vehicles are gradually being 

used instead of gasoline vehicles in America, Europe, Japan or China (Shi et al., 2016). 

Battery electric vehicles are more energy-efficient than conventional diesel or petrol fuelled combustion 

engine vehicles and allow the introduction of renewable energy sources in the transportation sector 

(Christensen et al., 2012). 

Even though electric vehicles are cleaner vehicles, because of zero emissions during the driving 

process, the environmental impacts in their full lifecycles is still controversial. Prior studies determined 

that some of the environmental impacts from electric vehicles were transferred from use phase to 

production phase of vehicles and electricity (Shi et al., 2016). 

The deployment of electric vehicles and the use of renewable energy systems, while mutually supportive 

and contributing to wider policy, aims to the reduction of carbon emissions. Therefore, implementation 

of electric cars is an efficient way of reducing CO2 emissions (Christensen et al., 2012). 

 

2.5 Patent Applications as an Indicator of Technological Innovation 

This final section of the Literature Review presents a measure for technological innovation, patent 

applications, which will be used in the model developed over the Dissertation. 

Given the importance of technological innovation in modern economies, finding reliable measures of 

technological innovation has been a goal of economists and researchers for a long time. Yet, there are 

still very few options available. 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 (Dijk et al., 2016; Triguero et al., 2014).  

Significant patents in different subject areas can be categorized using the International Patent 

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

This classification system is a hierarchy of codes, structured into different levels. The advantage of using 

this system is that it is application-based and so facilitates the identification of “environmentally-relevant” 

technology classes (Johnstone et al., 2010). 

According to Kim (2014) a patent represents the embodied knowledge that belongs to the inventor. 

Patents are issued by national patent offices and give to the holder, or inventor, the right to ban others 

from producing a particular good, or from using a particular process, for a specified number of years. In 

order to be eligible for a patent, the invention has to be new, contain a non-obvious inventive step, and 

be economically viable. Patenting has a high cost associated, due to both the costs of preparing the 
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application and the administrative fees related with the approval process (Dechezleprêtre et al., 2011; 

Johnstone et al., 2010). 

As seen in 2.4., the process of technological change develops in two phases. First an idea must be 

born, a new technology is discovered and novel ideas are converted into commercially viable products 

or procedures, the inventor decides where to market his invention and how to guard the intellectual 

property linked with the invention. This phase is innovation. The second phase is the adoption process, 

known as diffusion. To have an impact on the economy, individuals must decide to make use of the new 

innovation. 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).  

There is a strong evidence that energy prices positively affect the patents of energy-related technologies 

(Noailly and Smeets, 2015; Triguero et al., 2014; Popp, 2002). In addition, public policy plays an 

important role in deciding patent applications. For instance, the work of Johnstone et al. (2010) showed 

that public expenditure on R&D programs have a positive and significant effect on patent activity for 

wind and solar technologies and that renewable energy certificate targets11 significantly and positively 

affect innovation for wind power. 

Under the investigation of Bayer et al. (2013), patent conception is positively connected with the volatility 

of oil prices: a one standard deviation rise in oil prices rises the forecasted ratio of expected renewable 

patent counts by 13 per cent. This relation is more noticeable for solar patents. Kim (2014) established 

that higher gasoline prices have a positive effect on the patent counts of alternative technologies and 

energy efficiency technology.  

In addition, the work of Dechezleprêtre et al. (2011) emphasizes how quickly innovators respond to 

changes in energy prices. New, more profitable market conditions make it valuable to legally protect 

certain discoveries, since several patents cover inventions that have previously been developed but are 

not yet profitable to introduce into the market.  

The work of Kim (2014) also reveals that countries with low oil reserves display high levels of patenting 

in alternative technologies compared to other technologies, while countries with high oil reserves display 

high levels of patenting in oil extraction technologies. Thus, the existence of reserves of crude oil in a 

country encourages innovation in technologies that explore fossil fuel more efficiently, and discourage 

seeking for substitute ways in using less oil and more alternative fuel technologies. Consequently, this 

makes reducing fossil fuels consumption challenging. Likewise, our research shows that the percentage 

of oil reserves that a country owns has a negative relationship with the number of patent applications in 

the field of alternative energies i.e., the existence of crude oil in a country encourages innovation in 

technologies that use oil and discourages innovation in more alternative fuels. 

 

                                                            
11 Renewable Energy Certificates are available when buying qualified solar/wind power systems and allow to 
receive cash back or to have discounts on energy. 
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2.5.1. Limitations and Strengths  

Patents are an imperfect indicator of technological innovation 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). Likewise, 

the presence of a patent does not imply that the technology was adopted (Popp, 2005). Since the value 

of a patent is correlated with the number of countries in which it is filled, Dechezleprêtre et al. (2011) 

considers that highly valuable patents are the ones that are filed in several countries.  

Some inventions are not patented, as, for strategic motives, inventors may choose not to disclose 

valuable information in a patent (Noailly and Smeets, 2015; Dechezleprêtre et al., 2011; Kumar and 

Managi, 2009; Popp, 2005).  

Dechezleprêtre et al. (2011) also pointed out that oil prices and development of patents were aligned 

until 1990, but afterwards patents continued to increase even with stable oil prices. This suggests that 

other factors, mainly environmental and climate policies account for alternative energy innovation.  

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) system 

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 as an exhibit of the level of innovative activity itself (Popp, 2005). 

Lastly, hardly any economically significant invention 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. 
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3. Data, Model, Testing and Validating  

 

3.1. Descriptive Analysis 

This following section describes and summarizes the data collected for two subjects: patent applications, 

both for alternative energies and for fossil fuels; and carbon dioxide emissions, for a given set of 

countries.  

3.1.1. Data Sources 

Data sources were selected considering those previously used in the literature. 

For the counts of patent applications, statistics of World Intellectual Property Organization (WIPO)12 

were used, as seen in the work of Bayer et al. (2013). This tool allows the disaggregation of the data by 

IPC code and selected countries. In addition, patent counts with a quarterly and yearly periodicity are 

available. 

Similarly to Herwartz and Plodt (2016), data on Gross Domestic Product, per capita and at constant 

prices, was provided by the IMF international financial statistics13. Regarding oil prices data, the market 

price for crude oil Brent, in US$, from the Short-Term Energy Outlook (EIA, 2016) was considered. For 

population, data from the United Nations’ report World Population Prospects (2015) was used.  

The variables Percentage of Oil Reserves, Energy Use per Capita and Electricity from Renewable 

Sources were provided by TheGlobalEconomy.com, which uses data from multiple official sources such 

as the World Bank, the United Nations, the US Energy Information Administration, UNESCO, and the 

World Economic Forum. 

Concerning RD&D, like Suzuki (2015), public expenditures, provided by OECD.stat14 were collected, in 

the area of energy Research, Development and Deployment for Renewable Energy sources. 

Finally, the values of total CO2 emissions per Capita, were provided by the OECD/IEA report CO2 

Emissions from Fuel Combustion (2016). 

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. 

                                                            
12 http://ipstats.wipo.int/ipstatv2/pmhindex.htm?tab=pct 

13 http://www.imf.org/external/np/res/commod/index.aspx 
 
14 http://stats.oecd.org/index.aspx?r=151785 
 

http://ipstats.wipo.int/ipstatv2/pmhindex.htm?tab=pct
http://www.imf.org/external/np/res/commod/index.aspx
http://stats.oecd.org/index.aspx?r=151785
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Table 4 presents the shorted variable names. These names are used on this section onwards for the 

sake of simplicity. 

Table 4 - 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 

Electricity from renewable sources (million kWh) ElectricityRenSources 

CO2 emissions per Capita (tonnes of CO2 / capita) CO2EmisPop 

Gross Domestic Product, per Capita and at constant prices (US$) GDP 

Population (thousands) Pop 

Research, Development and Deployment for Renewable Energies (Million US$) RDDRE 

OilPrices x Dummy Decreasing Prices  OilPricesDimpact 

 

3.1.2. Patent Applications on Alternative Energies  

Data on the number of patent applications regarding alternative energies was analysed for a sixteen-

year period, between 2000 and 2015.  

Table 5 presents the number of patent applications accepted per country, for the selected time period 

and the weight of each country.  

Afterwards, the average number of patents applications per quarter was calculated. Quarterly data was 

used for the number of patent applications, in order to better analyse variations within smaller periods 

of time, so that a comparison with relevant oil market events could be done. Later, in section 3.3, yearly 

data will be used, because then most of the independent variables used in the regression do not have 

quarterly data available. 

The maximum and minimum number of applications in a quarter, and when they did occur were also 

analysed. With few exceptions, it is possible to observe that most countries reached the peak of patent 

applications between 2010 and 2015, with nineteen out of thirty countries reaching the peak between 

2013 and 2015. These numbers suggest a positive trend on the growth of innovation in alternative 

energies, in the last years. 

Figure 7 presents a graphic display of the data.   
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Table 5 - Patent Applications per Country for Alternative Energies 

Countries 
Total AE 
Patents 

2000-2015 

% Total AE 
Patents 

2000-2015 

Average 
Count  

per 
Quarter 

Máx Count per 
Quarter 

When 
(Máx) 

Min Count per 
Quarter 

When 
(Min) 

Australia 3556 1% 55 83 Q4-2009 28 Q1-2004 

Austria 2488 1% 38 93 Q2-2012 9 Q4-2000 

Belgium 1582 1% 24 45 Q2-2013 6 Q4-2004 

Brazil 751 0% 12 36 Q2-2014 1 Q4-2001 

Canada 4518 2% 70 109 Q4-2012 21 Q3-2000 

Chile 105 0% 2 11 Q2-2015 0 Q4-2010 

China 12507 4% 192 608 Q4-2014 3 Q3-2000 

Czech Republic 283 0% 4 15 Q2-2013 0 Q1-2007 

Denmark 2655 1% 41 88 Q2-2013 10 Q1-2004 

Estonia 43 0% 1 5 Q3-2007 0 Q4-2015 

Finland 1777 1% 27 57 Q4-2014 8 Q1-2000 

France 12626 4% 194 407 Q2-2013 79 Q3-2000 

Germany 38297 13% 589 944 Q2-2012 306 Q3-2002 

Greece 220 0% 3 12 Q4-2014 0 Q2-2011 

Hungary 267 0% 4 9 Q2-2015 0 Q3-2014 

Ireland 567 0% 9 25 Q4-2010 1 Q3-2004 

Italy 4118 1% 63 111 Q2-2013 16 Q1-2000 

Japan 95535 34% 1 470 2922 Q2-2013 244 Q1-2000 

Luxembourg 522 0% 8 50 Q3-2014 0 Q3-2003 

Netherlands 8249 3% 127 183 Q4-2009 70 Q1-2000 

New Zealand 544 0% 8 25 Q1-2009 1 Q4-2000 

Norway 1145 0% 18 37 Q2-2012 6 Q1-2001 

Poland 407 0% 6 17 Q2-2013 0 Q3-2002 

Portugal 204 0% 3 10 Q4-2009 0 Q3-2006 

Slovakia 105 0% 2 5 Q1-2014 0 Q1-2016 

Spain 2845 1% 44 87 Q2-2013 3 Q1-2000 

Sweden 5529 2% 85 165 Q3-2015 37 Q1-2004 

Switzerland 3513 1% 54 110 Q2-2012 22 Q1-2004 

UK 8222 3% 126 188 Q4-2015 67 Q4-2000 

USA 71587 25% 1 101 1599 Q2-2013 627 Q3-2000 
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Figure 7 - Patent Applications per Country for Alternative Energies 

 

Since not all countries are similar from an economic and social perspective, different propensities to 

innovate in alternative energies are expected. As stated in 2.4.2, clean technologies diffuse at different 

rates in different countries. The objective is thus to build a model clustering the countries with similar 

results, so that a higher level of innovation from some countries is not diluted in the lower level of 

innovation from others.  

Using R and calling the function agnes ()15, hierarchical clusters were formed through an agglomerative 

approach. The clustering method used was Ward’s method, where the aim is to join cases into clusters 

such that the variance within a cluster is minimised.  

The dendrogram bellow displays the results of this hierarchical clustering. Note that the numbers in the 

x-axis represent the thirty countries in this analysis (see Table 16 - Appendix B for the match between 

countries and numbers.  

                                                            
15 The function agnes(), included in the cluster package, computes agglomerative hierarchical clustering 
(nesting) of datasets. 
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Dendrogram 1 - Hierarchical Clustering for Renewable Energies 

The data was divided into three clusters by performing two cuts (blue lines) in Dendrogram 1. 

The first cluster groups countries 18, 30 and 13 (Japan, the United States of America and Germany), 

which show a “% of Total AE Patents 2000-2015” between 10 and 25 per cent, and an “Average Count 

per Quarter” between 500 and 1500 patent applications. Cluster 1 represents 72 per cent of the total 

number of patents. For this reason, a more extensive analysis of this cluster is made. These three 

countries are the ones for which, in section 3.3., a Poisson Regression model is build. 

The second cluster groups countries 7, 12, 20 and 29 (China, France, the Netherlands and the United 

Kingdom). This cluster contains countries with a “% of Total AE Patents 2000-2015” between 3 and 4 

per cent and an “Average Count per Quarter” between 100 and 200 patent applications.  

The third cluster contains the remaining countries, with a “% of Total AE Patents 2000-2015” between 

0 and 2 per cent, and an “Average Count per Quarter” between 0 and 100 patent applications. However, 

countries which present less than 1 per cent in the “% of Total AE Patents 2000-2015” and less than 25 

patent applications in “Average Count per Quarter” will be excluded from this analysis at this point.  

Figure 8 presents a summary of the clusters and respective countries. 
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The number of patents was normalized based on the GDP per Capita (𝑁º 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐺𝐷𝑃 𝑝𝑒𝑟 𝐶𝑎𝑝𝑖𝑡𝑎⁄ ) 

and on the population (𝑁º 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛⁄ ) allowing a yearly meaningful comparison between the 

countries. 

Concerning the normalization by GDP per Capita, Figures 9 and 10 display the results of this analysis 

for clusters 1 and 2, respectively. Results for cluster 3 are displayed in Appendix C. 

 

Figure 9 - Proportion of Patents in Alternative Energies as a percentage of GDP (Cluster 1) 

Regarding Cluster 1 (see Figure 9), the dominance of Japan is pronounced, especially between the 

years 2010 and 2015, when Patents represent 20 to 30 per cent of Gross Domestic Product. Even 

though the values for the United States of America and Germany are not so steep, patents in alternative 

energies, for the same period, still represent around 10 and 7 per cent of GDP, respectively. 

 

Countries

% Total AE 

Patents

2000-2016

Average 

Count 

per Quarter

Japan 34% 1 470

USA 25% 1 101

Germany 13% 589

France 4% 194

China 4% 192

Netherlands 3% 127

UK 3% 126

Sweden 2% 85

Canada 2% 70

Italy 1% 63

Australia 1% 55

Switzerland 1% 54

Spain 1% 44

Denmark 1% 41

Austria 1% 38

Finland 1% 27

Belgium 1% 24

Average 

Count per 

Quarter

% Total 

Patents 2000-

2016

[1500-500] [34% - 10%]

Average 

Count per 

Quarter

% Total 

Patents 2000-

2016

[200-100] [9% - 3%]

Average 

Count per 

Quarter

% Total 

Patents 2000-

2016

[100-24] [2% - 1%]

CLUSTER 1

CLUSTER 2

CLUSTER 3

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

 Japan 0,05 0,06 0,07 0,09 0,11 0,15 0,17 0,18 0,19 0,21 0,25 0,29 0,31 0,30 0,28

 USA 0,08 0,08 0,08 0,07 0,08 0,09 0,09 0,10 0,10 0,10 0,10 0,11 0,11 0,11 0,09

 Germany 0,04 0,04 0,05 0,05 0,05 0,06 0,06 0,06 0,07 0,07 0,07 0,08 0,08 0,07 0,07
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Figure 8 - Summary of Clusters by Country (Alternative Energies) 



 

33 

 

 

Figure 10 - Proportion of Patents in Renewable Energies as a percentage of GDP (Cluster 2) 

When analysing Cluster 2 (see Figure 10), China stands out as an outlier. Although having a percentage 

of the total of patents between 3 and 4 per cent (being included in Cluster 2), the value of patents as a 

percentage of GDP per Capita in China is, on average, equal to Japan. As mentioned in section 2.3, the 

development of alternative energy sources nowadays is increasingly coming from emerging economies, 

such as China. However, China will not be included in Cluster 1, as the criterion for clustering remains 

the percentage of the total patents in alternative energies, between the years 2000 and 2015. The 

remaining countries of the second cluster have significantly lower values.  

Regarding the normalization by population, Figures 9 and 10 display the results of this analysis for 

clusters 1 and 2, respectively. Once again, the results for cluster 3 are displayed in Appendix C. 

 

Figure 11 - Proportion of Patents in Alternative Energies as a percentage of Population (Cluster 1) 

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

 France 0,01 0,01 0,01 0,01 0,02 0,02 0,02 0,02 0,02 0,03 0,03 0,03 0,03 0,03 0,03

 China 0,07 0,08 0,10 0,08 0,10 0,14 0,17 0,21 0,18 0,19 0,26 0,29 0,29 0,29 0,29

 Netherlands 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01

 UK 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,02 0,02 0,02 0,02 0,02 0,02
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 USA 0,01 0,01 0,01 0,01 0,01 0,01 0,02 0,02 0,02 0,02 0,02 0,02 0,02 0,02 0,01
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For Cluster 1 (see Figure 11), the dominance of Japan, with an average of 5 per cent of patents as a 

percentage of population, is once again remarkable when comparing with the other countries. Germany 

and the United States of America have an average value of 3 and 1 per cent, respectively. 

Meanwhile, in the second cluster (see Figure 12), the Netherlands stands out with an average of 3 per 

cent of patents as a percentage of population, the same value as Germany. On the other side, as 

expected since it is the country with the largest population in the world, China as an average of 0 per 

cent of patents as a percentage of population. 

 

Figure 12 -  Proportion of Patents in Alternative Energies as a percentage of Population (Cluster 2) 

 

Finally, in Cluster 3 (see Appendix C), countries such as Sweden, Switzerland and Denmark stand out, 

having average values similar or even bigger than Germany. These countries are known for being 

innovation-driven economies and for having strong innovative power, which may explain why, although 

having a relatively small population, they have a considerable number of patents as a percentage of 

population. 

The next step was the calculation of the total number of patent applications per year and the year-on-

year rate of change (Yn-Y(n-1)) for each cluster (see Table 6). Once again, this analysis does not include 

the year 2016, since full year information was not yet available. 

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

 France 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,02 0,02 0,02 0,02 0,02 0,02

 China 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00

 Netherlands 0,03 0,03 0,03 0,03 0,03 0,03 0,03 0,03 0,04 0,03 0,03 0,03 0,04 0,03 0,03

 UK 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01 0,01
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Table 6 - Patent Applications AE per year and the year-on-year rate of change 

 

It is possible to observe a general positive trend in the number of patent applications over the years, for 

the three clusters. 

The periods around 2001-2002, 2003-2004, 2008-2010 and 2013-2015 faced very slow growth or even 

a negative growth (see Figure 13). It is therefore interesting to compare these periods with the relevant 

oil events in section 2.1.1. These downturns in the number of patent applications coincide with events 

in the oil market that caused oscillations and major oil price peaks, namely, the 9/11, the invasion of 

Iraq, the Venezuelan oil workers’ strike, the global financial crisis and finally the 2014 oil crisis, 

respectively. 

Furthermore, data shows declining oil prices in the periods around 2000-2002, 2003-2004, 2008-2009, 

and 2014 afterwards (see Figure 14). The following Figure 15 presents oil price evolution and yearly 

rate of change in the number of alternative energy patents for Cluster 1. 

Figure 13- Patent Applications for Alternative Energies by Cluster 

Figure 14 - Year-on-Year Variation on Patent Applications in Alternative Energies by Cluster 

CLUSTER 1 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Total 5 171 6 462 7 183 7 835 8 008 9 683 11 288 12 565 13 760 14 197 14 305 16 577 18 244 19 451 19 195 17 214

Yearly rate of change - 20% 10% 8% 2% 17% 14% 10% 9% 3% 1% 14% 9% 6% -1% -12%

CLUSTER 2 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Total 1 062 1 295 1 320 1 476 1 452 1 609 1 849 1 990 2 396 2 613 2 877 3 381 3 966 4 303 4 347 4 536

Yearly rate of change - 18% 2% 11% -2% 10% 13% 7% 17% 8% 9% 15% 15% 8% 1% 4%

CLUSTER 3 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Total 985 1 157 1 162 1 339 1 310 1 429 1 708 1 979 2 276 2 361 2 432 2 732 2 866 2 809 2 761 2 699

Yearly rate of change 15% 0% 13% -2% 8% 16% 14% 13% 4% 3% 11% 5% -2% -2% -2%



 

36 

 

 

Figure 15 - Oil Prices vs. Patent Aplications in Alternative Energies 

 

It thus seems that negative variations in the oil prices may cause a negative variation in the number of 

patent applications in alternative energies, for the countries in Cluster 1. Section 3.3. will provide more 

evidence that supports this observation. 

Once the analysis of the number of patent applications for alternative energies was concluded, a 

breakdown on the more patented group of technology was made, globally and for each cluster (Figure 

16). The technology groups more patented are Renewable Energies Technologies and Motor Vehicle 

Technologies, which sum up a total of seventy-seven per cent. This result goes in line with subsection 

2.4.2.1, where it was stated that these two technologies are at the centre of policies aiming at CO2 

emissions reduction. 

 

Figure 16 - Patent Applications by Group of Technology 
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The results of this analysis separately for each cluster does not differ much from the global analysis, so 

the graphs of more patented group of technology by cluster are available in Appendix D. 

3.1.3. Patent Applications on Fossil Fuels 

In this section, data on the number of patent applications regarding fossil fuels is analysed. Although 

the objective of this Dissertation is to model the counts of patents for alternative energies, analysing 

patent applications for fossil fuels more narrowly provided some insights when comparing innovation for 

the two different sources of energy. First, a low level of oil prices may act as an incentive to innovate 

even more in fossil fuels, contrary to what happens on innovation in alternative energies. Second, patent 

applications in fossil fuels are more volatile than applications in alternative energies, possibly due to 

market instability. Finally, it seems that the financial crisis had no significant impact in the number of 

patent applications for fossil fuels. 

To assure consistency across the different analyses, this analysis is done in accordance with the 

clusters obtained previously. Out of curiosity, the clustering of the countries was re-done, with values of 

patent applications for fossil fuels. The results of this reclustering were the same only for Cluster 1, the 

one this Dissertation is focused on, and are presented at the end of this section. 

The analysis of the previous section pointed that a negative variation in oil prices may drive a negative 

variation in the number of patent applications for alternative energies. Therefore, it is pertinent to analyse 

the behaviour of patent applications for fossil fuels, through the same oil price’s scenario. 

In line with the methodology of the analysis presented in 3.1.2., the first step consisted in the detection 

of the maximum and minimum number of patent applications as well as when these extrema occurred 

(see Table 7).  

Evidence shows that, considering the previously clustered countries, eight out of seventeen countries 

had their maximum of patent applications in fossil fuels after the beginning of the oil crisis (June 2014 

or Q3-2014), when the prices of oil were at its lowest level (US$ 44,2). The 2008 financial crisis was the 

only period of the data frame analysed, where the prices met a similar sudden decrease ($US 32,77). 

However, this reduction had no significant impact on the number of patent applications for fossil fuels. 

Table 7 - Patent Applications per Clustered Countries for Fossil Fuels 

Countries 
Total FF 

Patents 2000-2016 
Average Count  

per Quarter 
Máx Count per 

Quarter 
When 
(Máx) 

Min Count per 
Quarter 

When 
(Min) 

Japan 19 462 295 560 Q3-2015 73 Q4-2000 

USA 25 036 379 820 Q3-2014 224 Q1-2000 

Germany 14 368 218 333 Q2-2012 113 Q3-2000 

France 5 468 83 167 Q2-2014 28 Q1-2001 

China 3 461 52 161 Q3-2014 0 Q3-2000 

Netherlands 2 207 33 64 Q2-2009 13 Q3-2014 

UK 3 432 52 77 Q1-2013 27 Q1-2005 

Sweden 1 885 29 62 Q2-2014 12 Q3-2013 
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Countries 
Total FF 

Patents 2000-2016 
Average Count  

per Quarter 
Máx Count per 

Quarter 
When 
(Máx) 

Min Count per 
Quarter 

When 
(Min) 

Canada 2 052 31 64 Q3-2014 7 Q2-2000 

Italy 2 252 34 80 Q2-2011 6 Q1-2002 

Australia 1 271 19 39 Q1-2008 8 Q3-2004 

Switzerland 2 474 37 75 Q2-2012 8 Q1-2000 

Spain 1 154 17 45 Q2-2013 0 Q1-2002 

Denmark 912 14 29 Q2-2016 2 Q3-2000 

Austria 962 15 34 Q4-2015 2 Q1-2004 

Finland 1 238 19 38 Q2-2013 5 Q1-2008 

Belgium 572 9 24 Q3-2010 0 Q3-2001 

 

It seems thus that a low level of oil prices, allied with instability in the oil market, and associated with a 

general positive trend in innovation over the years, may act as an incentive to innovate even more in 

fossil fuels. As seen in 2.4.1.1. fossil fuel prices are negatively related with the willingness of entry into 

fossil fuel innovations (Noailly and Smeets, 2015). 

 

Figure 17 - Variance of the Yearly Rate of Change by Cluster 

 

The variance of the yearly rate of change was calculated, for each cluster and for both sources of energy 

(see Figure 17). Data shows that patent applications in fossil fuels are more volatile than applications in 

alternative energies. When comparing the total number of annual patent applications, it is also possible 

to observe, for the three clusters, a slightly more volatile trend line for fossil fuels than for alternative 

energies, over the years analysed (See Figure 18). One possible justification is that fossil fuel markets 

are more volatile (as seen in 2.1.3) due to institutional influences like OPEC, geopolitical issues and 

markets’ speculation, this instability affects innovation in the sector. 

Cluster 1 Cluster 2 Cluster 3

Alternative Energies 0,6% 0,3% 0,5%
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Figure 18 - Patent Applications for Fossil Fuels by Cluster 

 

Contrary to the results regarding the same analysis for the alternative energies, in the analysis for fossil 

fuels, the period around 2008-2009 (financial crisis) seems to exhibit no significant variation in the 

number of patent applications. On the other hand, the periods of 2002-2003, when events such as the 

2002 Venezuelan Oil Workers Strike and the 2003 Invasion of Iraq happened, and, especially, the year 

2014, seem to have a major impact on the declining in the number of patent applications for fossil fuels 

(see Figure 19).  

 

Figure 19 - Oil Prices vs. Patent Applications in Fossil Fuels 

 

Lastly, new clusters were essayed, this time with data on patent applications for fossil fuels. The 

differences between this clustering and the one done previously are presented below.  

The dendrogram bellow (Dendrogram 2) shows the results of the new hierarchical clustering calculation. 

As before, the numbers in the x-axis represent the thirty countries in this analysis (see Table 16 - 

Appendix B for the match between countries and numbers). 
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Dendrogram 2 - Hierarchical Clustering for Fossil Fuels 

 

The data can be divided into three clusters by performing two cuts (blue lines) in Dendrogram 2. 

The first cluster groups countries 18, 30 and 13 (Japan, the United States of America and Germany), 

identical to the first cluster for patent applications for alternative energies. 

According to Bloomberg’s Innovative Index16, these three countries are among the top four economies 

with more innovation regarding patent activity. Since they are highly innovative in the field of patents it 

is predictable that they will be the top ranks regardless of the area being analysed. In addition, Germany 

and Japan ranked first and second, respectively, in the International Energy Efficiency Scorecard17 of 

American Council for an Energy-Efficient Economy, whereas the United States ranked eighth. 

The second cluster groups countries 5, 7, 12, 17, 20, 27, 28 and 29, which represent Canada, China, 

France, Italy, the Netherlands, Sweden, Switzerland and United Kingdom. This second cluster contains 

double the countries than the clustering previously done, foreseeing a more homogenous division of the 

countries.  

The third cluster contains the remaining countries. Norway, which was not considered before due to a 

very low level of Patent applications (less than 1 per cent), is now included in this cluster. Although 

having a share of about 60 per cent of renewable energy in the total energy consumption, exports of oil 

and gas are still very important elements of Norway’s economy, highlighting the country’s position when 

analysing applications of patents for fossil fuels. 

                                                            
16 See https://www.bloomberg.com/news/articles/2016-01-19/these-are-the-world-s-most-innovative-
economies (accessed on April 15, 2017) 
17 http://aceee.org/portal/national-policy/international-scorecard (visited 15/04/17) 

https://www.bloomberg.com/news/articles/2016-01-19/these-are-the-world-s-most-innovative-economies
https://www.bloomberg.com/news/articles/2016-01-19/these-are-the-world-s-most-innovative-economies
http://aceee.org/portal/national-policy/international-scorecard
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3.1.4. Carbon Emissions for the countries in Cluster 1  

As reported by Comodi et al. (2016) and Zhang and Sun (2016), carbon markets have been growing 

since the rectification of the Kyoto Protocol, through some form of CO2 taxes, to achieve the CO2 

reduction targets. 

Carbon markets and energy markets are closely related, since the combustion of fossil fuels is the main 

source of carbon emissions in the world, as stated in section 2.3.  

Therefore, this section briefly analyses the Carbon Emissions’ scenario for the three countries of the 

first cluster: Germany, Japan, and the United States of America.  

The following set of graphics displays the prices of oil, between the years 1999 and 2013, and the 

emissions of CO2, from 2000 to 2014, lagged by one year to adjust for the changes in prices (see Figures 

20, 21 and 22).  

 

Figure 20 - CO2 Emissions vs. Oil Prices (Germany) 

 

 

Figure 21 - CO2 Emissions vs. Oil Prices (Japan) 
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Figure 22 - CO2 Emissions vs. Oil Prices (USA) 

The data suggests that oil prices and CO2 emissions change in opposite directions. This fact is especially 

visible during the financial crisis (between the years 2008 and 2010), since the prices of oil reached the 

peak of US$ 121 and the emissions of CO2 reached a bottom value for the three countries.  

The only exception occurs in Japan between 2011 and 2014, as both oil prices and CO2 emissions 

increased. One possible explanation is the Fukushima nuclear disaster in 2011, when the country 

suspended operations in all nuclear power plants and shift and the energy mix toward oil and natural 

gas. This topic is further developed later in section 3.3.2. 

The transportation sector is the main responsible for CO2 emissions worldwide. This sector is identified 

in the literature (Hao et al., 2016; Mannberg et al., 2014) as a serious concern for policymakers, due to 

its unsustainable dependence on oil and its negative environmental impacts, as seen in section 2.3.  

The graphic bellow, Figure 23, compares the total emissions of CO2 in the transportation sector, with 

the CO2 emissions corresponding only to road traffic, both per capita. In 2014, emissions on the road 

represented 97, 90, and 85 per cent of the total emissions in the transportation sector, for Germany, 

Japan, and United States, respectively.  

 

Figure 23 - Per capita emissions of C02 in the Transportation sector (2014) 
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The following section, 3.2., covers the empirical methodology of the model chosen, validation and testing 

for the countries with a higher number of patent applications. These three countries which are included 

in Cluster 1, Germany, Japan, and the United States of America are, according to Johnstone et al. 

(2010), consistently important for most renewables and, as stated in 2.3., are leaders in developing 

alternative sources of energy. 

3.2. The 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 (Cameron and Trivedi, 1999; Wooldridge, 

2002). Unlike in the classical regression model, in the current context the response variable is discrete 

instead of continuous, which means that linear or non-linear regressions are not good approaches to 

model this type of data (Cameron and Trivedi, 1999). 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 (Castillo and Sánchez, 2013; 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 Dissertation.  

The objective of this research is to model the counts of patents for alternative energies, the 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. This 

multiplicative variable was computed by multiplying the prices of oil with a dummy variable that takes 

value 1 when the price decreased with respect to the previous year, and 0 when the price increased. 

 Most of these independent variables do not have quarterly data available, so yearly data is used from 

this section onwards.  

This set of independent variables was separately tested for the three countries in the first cluster. Some 

of the variables were eliminated due to multicollinearity or due to not being statistically significant. 

Afterwards, one Poisson regression model was obtained for each country. 

Like in previous studies (Castillo and Sánchez, 2013; Zeileis et al., 2008), the Poisson regression model 

developed was estimated using R (The R Project for Statistical Computing). 

The next sections, outline the model theory, the dataset analysed and its implementation in R. 
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3.2.1. The Poisson Distribution 

When a response variable is normally distributed, its expected value can be linked to a set of 

independent variables using a linear function. However, count data imposes a constraint to this method: 

counts are all non-negative integers without an a priori upper bound and the outcome can be zero for at 

least one observation. For this reason, the Poisson distribution is more appropriate than the Normal, 

since the Poisson mean is positive and unbounded (Steele, 2004; Wooldridge, 2002). 

The Poisson regression model is basically a regression model that meets the classical assumptions with 

one exception. This exception is that the dependent variable assumes Poisson distribution. This is a 

very common distribution for a random variable having a value 0, 1, 2, 3, ..., p. Within the Poisson model 

it is possible to obtain estimates for the unknown regression parameters β1, β2, β3, …, βp (Cupal et al., 

2015). 

Statistical models must be evaluated by using certain criteria to allow the best candidate model to be 

selected (Takahashi and Kurosawa, 2016). In this study, we focus on a specific model, the generalized 

linear model (GLM). This model was chosen because as we are working with count data (our dependent 

variable 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 GLM is written as: 

𝑔(𝑦|𝑥) = 𝛽𝟎 + 𝜷𝑷𝑿 ~ 𝐷(𝜃), 

Equation 3 - Generalized Linear Model 

 

where 𝛽𝟎 is an intercept term, β is a vector of coefficients, 𝑔(. ) is a link function, and 𝐷(𝜃) is a distribution 

in the exponential family, with a parameter 𝜃 (See Equation 3).  

The Poisson regression model assumes a Poisson distribution 𝑃(𝜃) as the error structure and a 

logarithmic function as the link function.  

A conventional linear regression model would produce fitted values that are negative, as there would be 

values of 𝑥 such that 𝛽𝑝𝑥𝑝 < 0, therefore 𝑦 would be negative. The solution is to model the log 

transformation of 𝑦, as there are no upper or lower bounds on the range of log (𝑦) when 𝑦 ∈ (0, ∞). 

According to Wooldridge (2000), running the Ordinary Least Squares (OLS) is a well-suited method for 

estimating the parameters in log-linear regressions. 

Accordingly, the log-linear Poisson regression model (see Equation 4) is written as: 

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

Equation 4 - Log-linear Poisson Regression Model 

Table 8 presents the functional forms involving a log-linear model. As reported by Wooldridge (2000) 

and Wooldridge (2002), 100𝛽𝑝 is the semi-elasticity of 𝑦 with respect to 𝑥, as the use of the natural log 
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allows for constant semi-elasticity models. Hence, for small changes Δ 𝑥p, the percentage change in 𝑦 

is approximately (100βp) Δ 𝑥p. 

Table 8 - Summary of Functional Forms for Log-Linear Models 

Model 
Dependent  

Variable 
Independent  

Variable 
Interpretation of βp 

Log-linear log(y) X % Δ y = (100βp) Δ xp 

Source: Wooldridge (2000)   
 

The impact of changes in 𝑦 can be measured, given the fitted coefficients, when varying 𝑥𝑖 and holding 

all other variables constant. Note that this model does not say that log(𝑦|𝑥) equals 𝛽0 + 𝛽1𝑥1 + ⋯ +

𝛽𝑝𝑥𝑝 for the population, it just provides us with the average value of 𝑦 given changes in 𝑥. 

Since 𝑙𝑜𝑔(𝑦|𝑥)~𝑃(𝜃), we have the well-known equality of mean and variance property of the Poisson 

distribution (Takahashi and Kurosawa, 2016): 

 

𝐸(𝑦|𝑥) = 𝑣𝑎𝑟(𝑦|𝑥) 

Equation 5 - Equality of Mean and Variance Property 

 

Once the model is fitted it can be transformed back to the original scale in which the counts were 

measured. The inverse transformation of the natural logarithm is the anti-log exp[log(𝑦)] = 𝑦 = 𝑒log (𝑦) 

(Steele, 2004). After transforming back to the original scale, the fitted log-linear Poisson regression 

model (see Equation 6) becomes a multiplicative model: 

 

log(𝑦|𝑥) =  𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑝𝑥𝑝

⇒  𝑦 = exp ( 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑝𝑥𝑝)

= 𝑒𝛽0×𝑒𝛽1𝑥1× …× 𝑒𝛽𝑝𝑥𝑝

 

Equation 6 - Fitted log-linear Poisson Regression Model 

 

Additionally, all variables, dependent and independent, were standardized by subtracting off its mean 

and dividing by its standard deviation (see Equation 7): 

log [(𝑦 − �̅�)̅̅ ̅ �̂�𝑦⁄ ] = (�̂�1 �̂�𝑦)⁄ 𝛽1[(𝑥1 − �̅�1)/�̂�1] + ⋯ + (�̂�𝑝 �̂�𝑦)⁄ 𝛽𝑝[(𝑥𝑝 − �̅�𝑝)/�̂�𝑝] 

Equation 7 - Standardization of the variables 

The z-score for every variable in the sample was computed, the intercept dropped out and the result 

was new slope coefficients (see Equation 8), which are called standardized coefficients or beta 

coefficients (Wooldridge, 2000). 
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𝑧𝑦 =  𝑏1𝑧1 + 𝑏2𝑧2 + ⋯ + 𝑏𝑝𝑧𝑝 

Equation 8 - z-scores 

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). If 𝑥1increases by one standard 

deviation, then 𝑦 changes by 𝑏1 standard deviations. 

 

To conclude, the Poisson distribution is not a perfect distribution for count data, hence it is important to 

be aware of its limitations.  

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, and, 

as seen previously in Equation 5, in this model mean and variance are equal (Cameron and Trivedi, 

1999). According to Cameron and Trivedi (1986),the NegBin (a particular parametrization of the negative 

binomial distribution) would hold with overdispersion and therefore should be used as a distribution for 

count data. However, as stated in Wooldridge (2002), there are many count distributions for which 

overdispersion does not hold, including the NegBin. The author states that the Poisson regression turns 

out to be well suited as a count distribution.  

 

3.2.2. Goodness-of-fit 

The 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).  

This measure, labelled in R, by the GLM function, as Residual Deviance, follows a Chi-Squared 

distribution, with degrees of freedom equal to the difference between the degrees of freedom of two 

models: the saturated model and the proposed model. The saturated model is a model perfectly fitted 

as it has as many estimated parameters, including slope parameters (𝛽1) and intercept parameters (𝛽0), 

as there are observations (each data point has its own parameters and the estimation equals the value 

observed), whereas the model proposed is the model achieved running the OLS (each data point is 

explained by the coefficients plus the intercept term of the OLS). 

Calculating the probability to the right of the deviance value, for the Chi-Squared distribution, with given 

degrees of freedom, yields the p-value for the test (Equation 9): 

 

𝑃 − 𝑣𝑎𝑙𝑢𝑒 = 1 − 𝑃𝑐ℎ𝑖𝑠𝑞(𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐷𝑒𝑣𝑖𝑎𝑛𝑐𝑒, 𝐷𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝐹𝑟𝑒𝑒𝑑𝑜𝑚) 

Equation 9 - p-value for the Test 
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When the p-value is less than 0,05 we have strong evidence to accept the hypothesis that the model 

has a good fit.  

3.2.3. Multicollinearity analysis 

The relationship between the dependent variable and one independent variable can embody the 

characteristics of other variables. Consequently, in these cases the independent variable becomes 

redundant as it has little or even no new information contributing to the model. Moreover, this redundant 

independent variable can affect the precision of the model and lead to unreliable values due to 

multicollinearity. Thus, employing the multicollinearity analysis is important to reveal the relationship 

between independent variables (Hair et al., 2009; Vu et al., 2015). 

In order to determine multicollinearity in a dataset one of the following methods can be used: Pearson’s 

correlation matrix of independent variables or variance inflation factor (VIF). The Pearson’s correlation 

matrix has a limitation of establishing the relationship between only two independent variables at a time. 

As an alternative, the VIF is an effective approach for multicollinearity assessment since it overcomes 

the limitations of the Pearson’s correlation matrix and establishes the relationship between the 

dependent variable and all the others independent variables. Hence, VIF it is the method used in this 

research to identify multicollinearity (Vu et al., 2015). 

The VIF is written as: 

𝑉𝐼𝐹𝑃 =  
1

(1 − 𝑅𝑃
2)

 

Equation 10 - Variance Inflation Factor 

 

where, 𝑅𝑃
2 is the coefficient of determination of 𝑥𝑝 on all other independent variables in the dataset (see 

Equation 10). 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 (Hair et al., 2009; Vu et al., 2015). 

We are now able to apply the methodology presented to our dataset, in order to test and validate the 

models. 

3.3. Test and Validation 

In this section the Poisson regression model is implemented in R, using the set of variables previously 

specified.  

The strategy was to first test all the variables for multicollinearity, using the function call vif () 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. 

Regarding the model, Poisson regression models belong to the family of generalized linear models 

(GLMs), which are provided by the model fitting function glm(), included in the stats package, along 

with the associated methods for diagnostics and inference (Zeileis et al., 2008). 
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In this analysis, the arguments of the glm () function used were: glm(formula, family = Poisson, 

data). Inferences were performed using the summary() method for assessing the regression 

coefficients and the residual deviance. 

While uploading the data in R all the independent variables free of multicollinearity were included. Then, 

by performing iterations where the null hypothesis (𝐻0) 18 is tested, the variables that were not 

statistically significant were eliminated, ending up with only the more statistically significant variables for 

the specific model.  

Since the p-value measures how compatible the data is with the null hypothesis (𝐻0), a low p-value 

suggests that the sample provides enough evidence that the null hypothesis should be rejected for the 

entire population. The threshold for statistical significance is a p-value < 0.05, values above this 

threshold are not considered statistically significant and should be eliminated.19 

Therefore, a low p-value suggests that the sample gives reasonable evidence to support the alternative 

hypothesis (𝐻1). This hypothesis, 𝐻1, is the hypothesis of interest for this research, i.e. the independent 

variable in question influences the dependent variable, number of patent applications in alternative 

energies.  

Note that independent variables that are highly significant for one country might not be significant for 

another, since the database is specific to each country. 

To conclude, the beta coefficients were computed using, in R, the function call lm.beta(). 

The following sections present the results and models estimated for the countries of Cluster 1: Germany, 

Japan and the United States of America. The number of patent counts in alternative energies is 

estimated given the independent variables above mentioned. In section 3.3.4 the propensity of each 

country to innovate in the alternative sector is calculated.  

 

3.3.1. Germany 

Regarding the database for Germany, five iterations were made during the tests procedure (one iteration 

per variable excluded, while testing for both VIF and statistical significance). In the end the code for the 

log-linear generalized linear model was the following: 

m135=glm(Patents~OilPrices+POilReserves+EnergyUse+CO2EmisPop+OilPricesDimpact, 

family= "poisson", data=Germany) 

 
The coefficients and standard errors obtained from the log-linear regression m13520, for the number of 

patent applications in alternative energies in Germany, between the years 2001 and 2015, are presented 

                                                            
18 Note that the null hypothesis (𝐻0), in our context, is the hypothesis that the independent variables chosen 
do not influence the number of applications in Alternative Energies. 
19 See http://www.statsdirect.com/help/basics/p_values.htm (accessed on January 8, 2017) 
20 The name of the models was selected in accordance with the number of the country and the number of 
iterations done (e.g. Germany is the country number 13 and 4 iterations were performed). 

http://www.statsdirect.com/help/basics/p_values.htm
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in Figure 24. To determine whether there is a significant relationship between the mean number of 

patent applications and the dependent variables the test of the null hypothesis, 𝐻0: 𝛽1 = 0, was 

performed. The test statistic for each of the variables is the 𝑧 𝑣𝑎𝑙𝑢𝑒 and the p-value is represented by 

the 𝑃𝑟(> |𝑧|). 

 

Figure 24 - Log-linear regression m135 (Germany) 

 

Parameters like Electricity from Renewable Sources, GDP per Capita and Population displayed 

multicollinearity, while the independent variables Research Development and Deployment for 

Renewable Energies and Energy Use showed no statistical significant relation to the dependent variable 

Patents. These variables were all omitted from the model.  

Table 9 interprets the slope parameters (𝛽1) of the statistical significant independent variables as semi-

elasticities (see 3.2.1.).  

Table 9 - 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 variable Oil Prices shows the expected relationship with the number of Patents, i.e., the number of 

patents in alternative energies 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 reported by Kim (2004), the existence of crude oil in a country discourages innovation in 

technologies that use less oil and more alternative fuels. 

As we will see in the next subsections, 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. One possible explanation for this might be the change in Germany’s energy policy, described 

below, that aims at cutting carbon emissions while developing an environment of innovation, investment 

and successful implementation of clean and alternative energy sources. In addition, to mitigate climate 

change as concerns over global climate change increase, the expansion and search for alternative 

energy technologies is expected (as stated in 2.2). 

In fact, Germany’s renewable energy sector is among the most innovative and successful worldwide. It 

aims to became the world’s first industrial power to use 100 per cent renewable energy and is already 

the world’s largest solar market. In addition, Germany plans to become a global leader for developing 

low-carbon vehicles21. 

Since 2011 the country is going through a change in its energy policy. The initiative, named 

Energiewende, aims to transition to a low carbon, environmentally conscious, reliable and affordable 

energy supply, while simultaneously phasing out nuclear power and cutting carbon emissions22. 

Germany’s environment of innovation, investment and successful implementation of clean and 

alternative energy sources, while withdrawing from fossil fuels dependence, is prone to the development 

of ideas and patents in the alternative energies sector, reason why Germany is one of the three countries 

in this first cluster. We see here in action the two principal drivers of technology innovation, in both 

creation and adoption, energy prices and government policies, as stated in 2.4.1.1.  

In conclusion, a model that explains the count of patents for alternative energies in Germany, 

considering the dependent variable lagged by one year, can be estimated as: 

 

 

 

 

                                                            
21 See http://www.renewableenergyworld.com/articles/2009/04/germany-the-worlds-first-major-renewable-
energy-economy.html (Accessed on January 16, 2017) 
22 See https://energytransition.org/ (Accessed on January 16, 2017) 

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐺𝑒𝑟𝑚𝑎𝑛𝑦 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠× 𝑒𝛽3𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝× 𝑒𝛽4𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡 

=  𝑒8,4121 × 𝑒0,0071𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒−7,800𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠× 𝑒−0,096×𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝𝑒−0,0008×𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡 

Equation 11 - Fitted Model for Germany 

http://www.renewableenergyworld.com/articles/2009/04/germany-the-worlds-first-major-renewable-energy-economy.html
http://www.renewableenergyworld.com/articles/2009/04/germany-the-worlds-first-major-renewable-energy-economy.html
https://energytransition.org/
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The residual deviance is 87,289 on 10 degrees of freedom. Using, in R, the function call 1-

pchisq(87.289,10), the p-value is approximately 1,843×10−14. Therefore, the use of the Poisson 

model in Equation 11 is supported. 

Afterwards, the resulting model, m135, was tested for the years in our sample. For these years, the 

count of patents for alternative energies was calculated through the model and using the observed 

independent variables for the respective years (see Equation 12 for example for the year 2001). 

 

 

 

 
 
 
 
 

The value of patents applications given by the model was compared with the values observed (Table 

10), by calculating the variation between the model output and the real values.  

As the average percentage of difference is -0,3 per cent, the model displays, once again, a good fit on 

the data. 

 

Table 10 - Comparison of values (Germany) 

Year 
Number Patents 

Model m135 
Number Patents 

Observed 
Real-Model %Difference 

2001 1 665 1 572 -93 -5,6% 

2002 1 529 1 493 -36 -2,3% 

2003 1 703 1 700 -3 -0,2% 

2004 1 753 1 801 48 2,8% 

2005 1 909 2 021 112 5,9% 

2006 2 160 2 070 -90 -4,2% 

2007 2 286 2 245 -41 -1,8% 

2008 2 501 2 577 76 3,0% 

2009 2 964 2 814 -150 -5,1% 

2010 2 486 2 593 107 4,3% 

2011 2 821 3 024 203 7,2% 

2012 3 233 3 366 133 4,1% 

2013 3 110 3 171 61 2,0% 

2014 2 959 2 987 28 0,9% 

2015 3 382 2 839 -543 -16,0% 

 

Next, 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.  

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐺𝑒𝑟𝑚𝑎𝑛𝑦 2001 = 𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠× 𝑒𝛽3𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝× 𝑒𝛽4𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡    

                          = 𝑒8,4121 × 𝑒0,0071×39× 𝑒−7,800×0,04× 𝑒−0,096×9,97 × 𝑒−0,0008×0  =  1 665 

 

Equation 12 - Test Calculations for 2001 (Germany) 
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The results show evidence that the number of patent applications for alternative energies increases as 

oil prices increase (see Equation 13 and Figure 25). 

  

 

 

 

Figure 25 - The influence of Oil Prices in the number of Patent Applications (Germany) 

 

Lastly, the standardized beta coefficients are reported in the following Equation 14: 

 

𝑧𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝐺𝑒𝑟𝑚𝑎𝑛𝑦 = 3,335×10−4𝑧𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠 − 1,033×10−4𝑧𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠 

−0,636×10−4𝑧𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝 − 0,576×10−4𝑧𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡 

Equation 14 - Standardized beta coefficients (Germany) 

 

This equation shows 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. 

Likewise, the same relative movement of POil Reserves has a smaller effect on Patents than 

CO2EmisPop does (−1,033×10−4 < −0,636×10−4), as CO2 Emissions per Capita have a larger 

standardized effect. 

Lowest Oil Price: USD 26 (Feb.2016) 

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐺𝑒𝑟𝑚𝑎𝑛𝑦 = 1422,82 × 𝑒0,0071𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠 

Equation 13 - The influence of Oil Prices in the number of Patent Applications (Germany) 
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3.3.2. Japan 

The code for the generalized linear model for the database of the Japan, with reasonable evidence to 

support the alternative hypothesis (𝐻1) of all the six independent variables and with the variable Oil 

Prices, and only this variable, was lagged by two years, was the following: 

m183= glm(Patents~OilPrices+POilReserves+EnergyUse+CO2EmisPop+GDP+RDDRE, 
family="poisson",data=Japan) 

 

The coefficients and standard errors obtained by running the OLS for the log-linear Poisson regression 

for number of patent applications in alternative energies, for Japan, between the years 2000 and 2015, 

are presented in Figure 26. 

 

Figure 26 - Log-linear regression m183 (Japan) 

 

The parameters ElectricityRenSources and Pop exhibited multicollinearity, and for this reason were 

eliminated. The variable OilPricesDimpact was not statistically significant and was also omitted from the 

model. The remaining independent variables all had a statistically highly significant relationship with the 

dependent variable, presenting a p-value < 0,001. 

Table 11 interprets the slope parameters (𝛽1) of the statistically significant independent variables for this 

model.  
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Table 11 - Slope parameters (β1) as semi-elasticities (Japan - Interpretation) 

 

The independent variables OilPrices and POilReserves have the expected relationship 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 for Japan, 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. 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%). Again, this might be because 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 develop of new technologies. In accordance with Kim (2014), wealthier countries have 

more capacity to innovate than poorer countries. 

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.

−9,603 × 10−4

1,038 × 10−4

2,106 × 10−4

5,750 × 10−3

−3,045 × 101

−2,350 × 10−1



 

55 

 

Finally, Patents and RDDRE have the expected positive relationship, as the number of Patents in 

alternative energies increase as the investment in Research, Development and Deployment in 

Renewable Energies increases. 

In fact, Japan became one of the largest net importer of fossil fuels in the world, since the Fukushima 

nuclear disaster in 2011, after suspending operations at all its fifty nuclear power plants. The loss of 

nuclear capacity resulted in a shift in Japan's energy mix toward oil and natural gas, becoming the third 

largest oil consumer and importer in the world. The country is mostly dependent on the Middle East for 

its crude oil imports23. One possible reason for why oil prices are a statistically significant variable might 

be related with this shift in the energy mix around 2011 and subsequent years. 

Nevertheless, Japan is the country with the world's highest number of patent applications in the field of 

renewable energies24. Government policies associated with public backlash against nuclear power after 

Fukushima has accelerated the country’s initiatives on conservation, renewable energy sources, and 

decentralization of electricity supply25. Regarding the use of electric vehicles, Japan not only has now 

more electric charging points than petrol stations, but also has the third largest fleet in the world of light-

duty plug-in electric vehicles, only after China and the United States of America26.  

A model that explains the count of patents for alternative energies in Japan, between the years 2001 

and 2015, can thus be estimated as: 

 

 

 

 

 

 

For this model, residual deviance is 384,01 on 7 degrees of freedom. Using, in R, the function call 1-

pchisq(384.01,7), the p-value is zero. Unfortunately, this model (Equation 15) has a not good fit on 

the data. 

                                                            
23 See http://www.eia.gov/todayinenergy/detail.php?id=13711 (Accessed on January 23, 2017) 

24 See http://news.mit.edu/2013/innovation-in-renewable-energy-technologies-booming-1010 (Accessed on 
January 23, 2017) 

25 https://ourworld.unu.edu/en/policy-innovation-for-technology-diffusion-japanese-renewable-energy 
(Accessed on January 23, 2017) 

26 https://www.weforum.org/agenda/2016/05/japan-now-has-more-electric-charging-points-than-petrol-
stations?utm_content=bufferd2475&utm_medium=social&utm_source=twitter.com&utm_campaign=buffer 
(Accessed on April 15, 2017) 

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐽𝑎𝑝𝑎𝑛 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠× 𝑒𝛽3𝐸𝑛𝑒𝑟𝑔𝑦𝑈𝑠𝑒× 𝑒𝛽4𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝× 𝑒𝛽5𝐺𝐷𝑃

×𝑒𝛽6𝑅𝐷𝐷𝑅𝐸   

                      = 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     

Equation 15 - Fitted Model for Japan 

http://www.eia.gov/todayinenergy/detail.php?id=13711
http://news.mit.edu/2013/innovation-in-renewable-energy-technologies-booming-1010
https://ourworld.unu.edu/en/policy-innovation-for-technology-diffusion-japanese-renewable-energy
https://www.weforum.org/agenda/2016/05/japan-now-has-more-electric-charging-points-than-petrol-stations?utm_content=bufferd2475&utm_medium=social&utm_source=twitter.com&utm_campaign=buffer
https://www.weforum.org/agenda/2016/05/japan-now-has-more-electric-charging-points-than-petrol-stations?utm_content=bufferd2475&utm_medium=social&utm_source=twitter.com&utm_campaign=buffer
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Model m183 was tested for the years in our sample, calculating the count of patents for alternative 

Energies through the model of Equation 15 and using the real values of the independent variables for 

the respective years (see Equation 16 for example for the year 2001). 

 

 

 

 

 
 
 
 
 

The value of Patents applications given by the model was compared with the real values (Table 12), by 

calculating the variation between the values observed and the model output.  

 

Table 12 - Comparison of values (Japan) 

Year Model m183 Real Real-Model %Difference 

2001 1 906 1 502 -404 -21,2% 

2002 2 016 2 037 21 1,1% 

2003 1 935 2 288 353 18,2% 

2004 3 120 2 815 -305 -9,8% 

2005 3 409 3 680 271 8,0% 

2006 4 089 4 974 885 21,7% 

2007 5 016 5 780 764 15,2% 

2008 5 837 6 157 320 5,5% 

2009 8 458 6 595 -1863 -22,0% 

2010 6 135 6 859 724 11,8% 

2011 7 485 8 571 1086 14,5% 

2012 9 963 9 739 -224 -2,2% 

2013 10 969 10 771 -198 -1,8% 

2014 11 099 10 498 -601 -5,4% 

2015 11 646 9 689 -1957 -16,8% 

 

To perceive the influence that the prices of oil have on the number of patent applications for alternative 

energies in Japan, all the independent variables were held fixed, except for Oil Prices, considering the 

mean value for the time-range under our analysis. 

According to the assumptions of our model, it seems that the number of patent applications for 

alternative energies in Japan increases as oil prices increase (see Equation 17 and Figure 27). 

  

𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝐽𝑎𝑝𝑎𝑛 2001 = 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                                                          

                                             = 𝑒7,014 × 𝑒5,750×10−3×30× 𝑒−3,045×101×0,01× 𝑒−9,063×10−4×4093 

                                             × 𝑒−2,350×10−1×9× 𝑒2,106×10−4×31577× 𝑒1,038×10−4×133 = 1906  

                                             × 𝑒3,654×10−4×133,46 =  

 

                                                      

Equation 16 - Test Calculations for 2001 (Japan) 

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

Equation 17 - The influence of Oil Prices in the number of Patent Applications (Japan) 
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Figure 27 - The influence of Oil Prices in the number of Patent Applications (Japan) 

Regarding the beta coefficients for Japan, Equation 18 presents the standardized equation: 

 

𝑧𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝐽𝑎𝑝𝑎𝑛 = 5,187×10−5𝑧𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠 − 4,087×10−5𝑧𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠 − 6,163×10−5𝑧𝐸𝑛𝑒𝑟𝑔𝑦𝑈𝑠𝑒  

− 2,611×10−5𝑧𝐶𝑂2𝐸𝑚𝑖𝑠𝑃𝑜𝑝 + 7,663×10−5𝑧𝐺𝐷𝑃 + 0,918×10−5𝑧𝑅𝐷𝐷𝑅𝐸 

Equation 18 - Standardized beta coefficients (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, 

variable, GDP has.  

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. 

 

3.3.3. United States of America 

For the United States of America, the final code for the generalized linear model was achieved after 

seven iterations, where the variables Pop, EnergyUse, CO2EmisPop and GDP were excluded. The 

code was the following: 

Lowest Oil Price: USD 26 (Feb.2016) 
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m307=glm(Patents~OilPrices+POilReserves+ElectricityRenSources+RDDRE+OilPricesDimpac

t, family="poisson",data=USA) 

 

The coefficients and standard errors obtained for the regression m307, the log-linear Poisson regression 

for the United States of America’s number of patent applications in alternative energies, between the 

years 2000 and 2015, are displayed in Figure 28. 

 

Figure 28- Log-linear regression m307 (United States of America) 

 

It is interesting to note that, for the United States of America, as in Germany and Japan, given the 

characteristics of this modelling, 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 (as 

seen in 2.1.2.). 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 prices are decreasing. Yet, this impact is lower in the 

United States of America (𝛽1𝐺𝑒𝑟𝑚𝑎𝑛𝑦 = 0,075% >  𝛽1𝑈𝑆𝐴 = 0,046%) (see Table 13 for the interpretation 

of the slope parameters - 𝛽1 - for the remaining independent variables).  

Table 13 - 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. 

2,949×10−3 

−1,696×10−1 
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Independent 
Variables 

Slope parameters (β1)  Interpretation 

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 

 

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 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 with Research, Development and 

Deployment for Renewable Energies 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. 

Currently, the United States of America gets more than two-thirds of its electricity from fossil fuel sources 

and only around 10% of America's energy consumption comes from renewable sources27. 

Yet, incentives such as government subsidies, pressure from the public, and global impacts from climate 

change, make research and development efforts to cheapen renewables worthwhile. Thus, the trend is 

for innovation in alternative energies to keep generally increasing over the years (as seen in Figure 13, 

Section 3.1.2.). 

By the end of 2016, over 540 000 electric vehicles were already sold in the country. The adoption of plug-

in electric vehicles in the United States of America is actively supported by the government. One 

example is the state of California, the largest plug-in car regional market in the country. Driven by the 

                                                            
27 See http://www.investopedia.com/articles/investing/031315/how-low-oil-prices-affect-alternative-
fuels.asp#ixzz4b2IYmLVO (accessed on March 11, 2017) 

1,489×10−6 

−4,606×10−5 

−4,600×10−4 

http://www.investopedia.com/articles/investing/031315/how-low-oil-prices-affect-alternative-fuels.asp#ixzz4b2IYmLVO
http://www.investopedia.com/articles/investing/031315/how-low-oil-prices-affect-alternative-fuels.asp#ixzz4b2IYmLVO
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mandate of the Zero-Emission Vehicle (ZEV), which requires that a certain percentage of an 

automaker's sales must be ZEVs, this state has already sold almost 270 000 plug-in electric vehicles28.  

The country is, still, very dependent on fossil fuels and renewable alternatives are not cheap enough to 

be a good alternative, reason why applications in patents for alternative energies might be influenced 

by oil prices. 

The model that explains the count of patents for alternative energies in the United States of America 

can be estimated as: 

 

  

 

 

 

 

Regarding the goodness-of-fit of this model, the residual deviance is 150,59 on 8 degrees of freedom. 

Once again, using the function call 1-pchisq(150.59,8), the p-value is zero. Unfortunately, it cannot 

be said that this model (Equation 19) has a good fit on the data. 

Next, model m307 was tested for the years in our sample. Patents for alternative energies were 

calculated through the model and using the real values of the independent variables (see Equation 20 

for example for the year 2001). 

 

 

 

 

 

 

 

 

The values of patent applications given by the model were compared with the values observed (Table 

14). The variation between the results observed and the model output was also calculated.  

 

                                                            
28 https://www.forbes.com/sites/rrapier/2017/02/05/u-s-electric-vehicle-sales-soared-in-2016/#250b26c217f1 
(Accessed March 11, 2017) 

        𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑈𝑆𝐴 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠  

                     × 𝑒𝛽3𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑅𝑒𝑛𝑆𝑜𝑢𝑟𝑐𝑒𝑠× 𝑒𝛽4𝑅𝐷𝐷𝑅𝐸× 𝑒𝛽5𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡                                     

 = 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  

 

 
 

Equation 20 - Test Calculations for 2001 (United States of America) 

Equation 19 - Fitted Model for United States of America 

           𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑈𝑆𝐴 2001 =  𝑒𝛽0  × 𝑒𝛽1𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠× 𝑒𝛽2𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠  

                                       × 𝑒𝛽3𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑅𝑒𝑛𝑆𝑜𝑢𝑟𝑐𝑒𝑠× 𝑒𝛽4𝑅𝐷𝐷𝑅𝐸× 𝑒𝛽5𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡                                     

                      =   𝑒8,366 × 𝑒2,949×10−3×39× 𝑒−1,696×10−1×2,28× 𝑒1,489×10−6×77160 

× 𝑒−4,606×10−5×324 × 𝑒−4,6×0 = 3 620 

   

https://www.forbes.com/sites/rrapier/2017/02/05/u-s-electric-vehicle-sales-soared-in-2016/#250b26c217f1
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Table 14 - Comparison of values (United States of America) 

Year Model m307 Real Real-Model %Difference 

2001 3 620 3 388 -232 -6,4% 

2002 3 502 3 653 151 4,3% 

2003 3 552 3 847 295 8,3% 

2004 3 813 3 392 -421 -11,0% 

2005 4 053 3 982 -71 -1,7% 

2006 4 331 4 244 -87 -2,0% 

2007 4 442 4 540 98 2,2% 

2008 4 701 5 026 325 6,9% 

2009 4 785 4 788 3 0,1% 

2010 4 609 4 853 244 5,3% 

2011 5 146 4 982 -164 -3,2% 

2012 5 372 5 139 -233 -4,3% 

2013 5 507 5 509 2 0,0% 

2014 5 620 5 710 90 1,6% 

2015 5 767 4 686 -1081 -18,7% 

 

 

Note that for the three countries under study the year 2015 was the one with the largest percentage 

difference between the real values and the values provided by de model (%𝐷𝑖𝑓𝐺𝑒𝑟𝑚𝑎𝑛𝑦 =

 16,0%; %𝐷𝑖𝑓𝐽𝑎𝑝𝑎𝑛 = 16,8%; %𝐷𝑖𝑓𝑈𝑆𝐴 = 18,7%). In fact, the models estimated a higher value of 

patents than the real value, possibly because, during 2015, oil prices dropped so much that the impact 

on patents was much higher than what would have been predicted. 

 

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, holding fixed all the independent variables except for oil 

prices. 

As in Germany and Japan, this analysis predicts that the number of patent applications for alternative 

energies increases as oil prices increase (see Equation 21 and Figure 29). 

 

  

 

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

Equation 21 - The influence of Oil Prices in the number of Patent Applications (USA) 
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Figure 29 - The influence of Oil Prices in the number of Patent Applications (USA) 

 

Lastly, Equation 22 presents the standardized beta coefficients for the United States of America: 

 

𝑧𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑈𝑆𝐴 = 11,376×10−5𝑧𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠 − 5,642×10−5𝑧𝑃𝑂𝑖𝑙𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑠 + 12,619×10−5𝑧𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑅𝑒𝑛𝑆𝑜𝑢𝑟𝑐𝑒𝑠

− 3,876×10−5𝑧𝑅𝐷𝐷𝑅𝐸 − 2,792×10−5𝑧𝑂𝑖𝑙𝑃𝑟𝑖𝑐𝑒𝑠𝐷𝑖𝑚𝑝𝑎𝑐𝑡 

Equation 22 - Standardized beta coefficients (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. A one 

standard deviation increase in RDDRE decreases patents by 3,876×10−5 standard deviations. 

3.3.4. Cluster 1 - Propensity to Innovate 

Lastly, 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 (see Equation 23). According to 

Wooldridge (2000), a simple regression with dummy variables is a straightforward way to compare the 

means of groups. 

 We have chosen Japan, the country with higher levels of patenting, to be the base group, that is the 

group against which comparisons are made (Wooldridge, 2000).  

Lowest Oil Price: USD 26 (Feb.2016) 
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𝑃𝑎𝑡𝑒𝑛𝑡𝑠 =  𝛽0 + 𝛿𝐺𝑒𝑟𝑚𝑎𝑛𝑦 + 𝛿𝑈𝑆𝐴 + 𝑢 

Equation 23 - Regression with Germany and the USA as Dummy Variables 

 

where,  𝛽0 is the intercept for Japan (the baseline country) and the coefficients 𝛿𝐺𝑒𝑟𝑚𝑎𝑛𝑦 and 𝛿𝑈𝑆𝐴 

represent the difference in the intercepts between Japan, Germany and the United States.  

Thus, 𝛿𝐺𝑒𝑟𝑚𝑎𝑛𝑦 determines whether Germany has a greater or minor propensity to patenting than 

Japan. If  𝛿𝐺𝑒𝑟𝑚𝑎𝑛𝑦 < 0, then, for the same level of other factors, Germany has less patents applications 

on average than Japan. The same rationale can be applied to 𝛿𝑈𝑆𝐴. 

Once the data was rearranged, the OLS was run exactly as before, since nothing changes about the 

mechanics of OLS or the statistical theory when the independent variables are defined as dummy 

variables (Wooldridge, 2000). The only difference from the previous subsections is in the interpretation 

of the coefficients on the dummy variables (𝛿𝐺𝑒𝑟𝑚𝑎𝑛𝑦 and 𝛿𝑈𝑆𝐴). 

Figure 30 summarizes the results of this regression: 

 

Figure 30- Summary of the Regression with Dummies 

 

For the sake of simplicity through comparisons, 𝛽0 was converted to 1 (see Table 15). 

Table 15 - Coefficients of the Regression with Dummies 

β0 8,669 1 

δ Germany 8,669 - 0,905 = 7,76 0,90 

δ USA 8,669 - 0,279 = 8,39 0,97 
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As expected Japan (1) has the greater propensity to innovate, followed by the United States of America 

(0,97) and Germany (0,90). 

Note that the intercept (𝛽0) is the average number of patents for Japan in our dataset (𝑒8,669 = 5 768), 

as the coefficients δ are the average number for patents in the dataset for Germany and the United 

States of America (𝑒7,76 = 2 345 and 𝑒8,39 = 4 403, respectively). 
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4. Conclusions 
 

In this Dissertation, the impact of oil prices on innovation for alternative sources of energy is investigated. 

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.  

The descriptive statistics showed that Japan, the United States of America and Germany have the 

highest level of innovation regarding alternative energies. These findings go in line with the research 

done by Johnstone et al. (2010), in which these countries were classified as steadily important for the 

development of alternative energies. For this reason, Japan, the United States of America and Germany 

were selected to be further studied in our research.  

When comparing the propensity of these countries to innovate, and having Japan as the baseline 

country (propensity to innovate equal to 1), we discovered that the United States of America have a 

propensity to innovate of 0,97 and Germany of 0,90. 

Using the International Patent Classification (IPC) coding system, developed at the World Intellectual 

Property Organization (WIPO), 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 the percentage of oil reserves that 

a country owns have a negative relationship with the number of patent applications in alternative 

energies. 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. 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.  

Regarding the impact that oil prices have on the patents, we discover that Germany is the country where 

the magnitude of this relationship 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). Note that for 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 should be reassessed with a wider time range, once more data is available. 
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Further research should explore the relationship between innovation in alternative energies and oil 

prices for more countries, especially countries in Clusters 2 and 3.  
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Appendices 
 

Appendix A – IPC codes to identify patent applications 

 

 

Renewable energy technologies  

WIND POWER   

Wind motors F03D 

SOLAR ENERGY   

Devices for producing mechanical power from solar energy F03G6 

Use of solar heat, e.g. solar heat collectors  F24J2 

Drying solid materials or objects by processes involving the application of heat by radiation - e.g. from the 
sun F26B3/28 

Devices consisting of a plurality of semiconductor components sensitive to infra-red radiation, light – 
specially 
adapted for the conversion of the energy of such radiation into electrical energy H01L27/142 

Semiconductor devices sensitive to infra-red radiation, light, electromagnetic radiation of shorter 
wavelength,  
or corpuscular radiation, specially adapted as devices for the conversion of the energy of such radiation 
into electrical energy, including a panel or array of photoelectric cells, e.g. solar cells   H01L31/042-058  

Generators in which light radiation is directly converted into electrical energy H02N6 

GEOTHERMAL ENERGY   

Devices for producing mechanical power from geothermal energy F03G4 

Production or use of heat, not derived from combustion – using geothermal heat F24J3/08 

MARINE ENERGY   

Tide or wave power plants E02B9/08 

Submerged units incorporating electric generators or motors characterized by using wave or tide energy F03B13/10-26 

Ocean thermal energy conversion F03G7/05 

HYDRO POWER   

Water-power plants; Layout, construction or equipment, methods of, or apparatus for AND NOT Tide or 
wave  
power plants 

E02B9 and not 
E02B9/08 

Machines or engines for liquids of reaction type; Water wheels; Power stations or aggregates of  
water-storage type; Machine or engine aggregates in dams or the like; Controlling machines or engines 
for liquids; AND NOT Submerged units incorporating electric generators or motors characterized by using 
wave or tide energy 

[F03B3 or F03B7 
or F03B13/06-08 
or F03B15]  
and not  
F03B13/10-26 

BIOMASS ENERGY   

Solid fuels based on materials of non-mineral origin - animal or vegetable substances C10L5/42-44 

Engines or plants operating on gaseous fuels from solid fuel - e.g. wood F02B43/08 

WASTE-TO-ENERGY   

Solid fuels based on materials of non-material origin - sewage, town, or house refuse; industrial residues 
or  
waste materials C10L5/46-48 

Incineration of waste - recuperation of heat F23G5/46 

Incinerators or other apparatus consuming waste - field organic waste F23G7/10 
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Liquid carbonaceous fuels; Gaseous fuels; Solid fuels; AND Dumping solid waste; Destroying solid waste 
or  
transforming solid waste into something useful or harmless; Incineration of waste; Incinerator 
constructions; Incinerators or other apparatus specially adapted for consuming specific waste or low 
grade fuels, e.g. chemicals. 

[C10L1 or C10L3 
or C10L5] 
and  
[B09B1 or B09B3 
or F23G5 or 
F23G7] 

Plants for converting heat or fluid energy into mechanical energy – use of waste heat; Profiting from waste  
heat of combustion engines; Machines, plant, or systems, using particular sources of energy – using 
waste heat. AND Incineration of waste; Incinerator constructions; Incinerators or other apparatus specially 
adapted for consuming specific waste or low grade fuels. 

[F01K27 or 
F02G5 or 
F25B27/02] 
and 
[F23G5 or 
F23G7] 

Motor vehicle technologies 

ELECTRIC & HYBRID VEHICLES   

Dynamic electric regenerative braking for vehicles B60L7/10-20 

Electric propulsion with power supply from force of nature, e.g. sun, wind B60L8 

Electric propulsion with power supplied within the vehicle B60L11 

Methods, circuits, or devices for controlling the traction- motor speed of electrically-propelled vehicles B60L15 

Arrangement or mounting of electrical propulsion units B60K1 

Arrangement or mounting of plural diverse prime-movers for mutual or common propulsion, e.g. hybrid 
propulsion systems comprising electric motors and internal combustion engines B60K6 

Arrangements in connection with power supply from force of nature, e.g. sun, wind B60K16 

Electric circuits for supply of electrical power to vehicle subsystems characterized by the use of electrical 
cells or batteries B60R16/033 

Arrangement of batteries in vehicles B60R16/04   

Supplying batteries to, or removing batteries from, vehicles B60S5/06 

Conjoint control of vehicle sub-units of different type or different function; including control of energy 
storage means for electrical energy, e.g. batteries or capacitors B60W10/26 

Conjoint control of vehicle sub-units of different type or different function; including control of fuel cells B60W10/28 

Control systems specially adapted for hybrid vehicles, i.e. vehicles having two or more prime movers of 
more than one type, e.g. electrical and internal combustion motors, all used for propulsion of the vehicle B60W20 

Energy efficiency in the residential, commercial, and industrial sectors (selected aspects)   

INSULATION   

Insulation or other protection; Elements or use of specified material for that purpose E04B1/62 

Heat, sound or noise insulation, absorption, or reflection; Other building methods affording favorable 
thermal or acoustical conditions, e.g. accumulating of heat within walls E04B1/74-78  

Insulating elements for both heat and sound E04B1/88 

Units comprising two or more parallel glass or like panes in spaced relationship, the panes being 
permanently secured together E06B3/66-677  

Wing frames not characterized by the manner of movement, specially adapted for double glazing E06B3/24 

HEATING   

Hot-water central heating systems - in combination with systems for domestic hot-water supply F24D3/08 

Hot-water central heating systems - using heat pumps F24D3/18 

Hot-air central heating systems - using heat pumps F24D5/12 

Central heating systems using heat accumulated in storage masses - using heat pumps F24D11/02 

Other domestic- or space-heating systems - using heat pumps F24D15/04 

Domestic hot-water supply systems - using heat pumps F24D17/02   

Use of energy recovery systems in air conditioning, ventilation or screening F24F12 

Combined heating and refrigeration systems, e.g. operating alternately or simultaneously F25B29 

Heat pumps F25B30 

LIGHTING   

Gas- or vapor-discharge lamps (Compact Fluorescent Lamp) H01J61 

Electroluminescent light sources (LED) H05B33 

CEMENT MANUFACTURING   
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Natural pozzuolana cements C04B7/12-13  

Cements containing slag C04B7/14-21  

Iron ore cements C04B7/22 

Cements from oil shales, residues or waste other than slag C04B7/24-30 

Calcium sulfate cements C04B11 

Other climate-change relevant technologies 

METHANE CAPTURE   

Anaerobic treatment of sludge ; Production of methane by such processes    C02F 11/04 

Biological treatment of water, waste water, or sewage: Anaerobic digestion processes C02F 3/28 

Apparatus with means for collecting fermentation gases, e.g. methane C12M 1/107 
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Appendix B – Match between Numbers and Countries (Clustering) 

 

Table 16 - Country and the respective number 

Number Country 

1 Australia 

2 Austria 

3 Belgium 

4 Brazil 

5 Canada 

6 Chile 

7 China 

8 Czech Republic 

9 Denmark 

10 Estonia 

11 Finland 

12 France 

13 Germany 

14 Greece 

15 Hungary 

16 Ireland 

17 Italy 

18 Japan 

19 Luxembourg 

20 Netherlands 

21 New Zealand 

22 Norway 

23 Poland 

24 Portugal 

25 Slovakia 

26 Spain 

27 Sweden 

28 Switzerland 

29 UK 

30 USA 
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Appendix C – Patents in Alternative Energies as a % of GDP (Cluster 3) 

 

 

Figure 31- Proportion of Patents in Renewable Energies as a percentage of GDP (Cluster 3) 

 

 

Figure 32 - Proportion of Patents in Renewable Energies as a percentage of Population (Cluster 3) 

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

 Sweden 0,007 0,006 0,007 0,006 0,006 0,007 0,007 0,009 0,009 0,010 0,010 0,009 0,009 0,012 0,012

 Canada 0,005 0,004 0,005 0,006 0,005 0,006 0,008 0,009 0,008 0,007 0,009 0,010 0,009 0,008 0,008

 Italy 0,003 0,004 0,004 0,006 0,005 0,006 0,007 0,008 0,009 0,010 0,010 0,009 0,011 0,010 0,010

 Australia 0,004 0,005 0,005 0,004 0,005 0,005 0,006 0,007 0,006 0,006 0,006 0,006 0,005 0,005 0,006

 Switzerland 0,003 0,003 0,003 0,003 0,004 0,003 0,004 0,005 0,005 0,005 0,006 0,007 0,006 0,006 0,005

 Spain 0,002 0,002 0,002 0,002 0,003 0,004 0,006 0,006 0,006 0,009 0,010 0,008 0,010 0,008 0,008

 Denmark 0,002 0,002 0,002 0,002 0,003 0,003 0,003 0,004 0,004 0,006 0,005 0,007 0,006 0,005 0,005

 Austria 0,002 0,002 0,002 0,002 0,002 0,003 0,003 0,003 0,003 0,005 0,006 0,007 0,006 0,006 0,005

 Finland 0,002 0,002 0,002 0,002 0,002 0,003 0,002 0,002 0,003 0,003 0,004 0,004 0,004 0,004 0,005

 Belgium 0,001 0,002 0,002 0,002 0,002 0,003 0,003 0,002 0,003 0,003 0,003 0,003 0,004 0,004 0,003
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2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

 Sweden 0,029 0,025 0,030 0,025 0,026 0,030 0,034 0,042 0,042 0,041 0,043 0,042 0,040 0,055 0,054

 Canada 0,006 0,005 0,006 0,007 0,006 0,007 0,010 0,011 0,010 0,009 0,010 0,012 0,011 0,010 0,009

 Italy 0,002 0,002 0,003 0,004 0,003 0,004 0,004 0,005 0,006 0,006 0,006 0,005 0,006 0,006 0,006

 Australia 0,008 0,009 0,009 0,007 0,010 0,011 0,013 0,013 0,013 0,011 0,012 0,011 0,010 0,010 0,011

 Switzerland 0,018 0,017 0,020 0,019 0,026 0,023 0,025 0,031 0,035 0,032 0,038 0,045 0,037 0,037 0,032

 Spain 0,001 0,002 0,002 0,001 0,002 0,003 0,004 0,005 0,004 0,006 0,007 0,006 0,006 0,006 0,006

 Denmark 0,015 0,017 0,018 0,018 0,021 0,023 0,027 0,032 0,035 0,043 0,036 0,050 0,048 0,037 0,038

 Austria 0,009 0,009 0,010 0,011 0,012 0,016 0,015 0,015 0,017 0,023 0,030 0,034 0,031 0,029 0,027

 Finland 0,012 0,011 0,017 0,013 0,012 0,020 0,017 0,019 0,020 0,022 0,029 0,031 0,031 0,030 0,032

 Belgium 0,005 0,005 0,006 0,005 0,007 0,010 0,010 0,009 0,011 0,011 0,011 0,011 0,014 0,013 0,012

0,000
0,010
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Appendix D – Group of Technology by Cluster 1 

 

 

Figure 33 - Patent Applications by Group of Technology (Cluster 1) 

 

 

Figure 34 - Patent Applications by Group of Technology (Cluster 2) 

 

 

Figure 35 - Patent Applications by Group of Technology (Cluster 3) 
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Appendix E – R Code 

 

#Clusters and Dendrogram plot for Renewable Energies 

library(cluster) 

 Clustering=read.csv("ClustersRE.csv",header=TRUE, sep=";", quote="\"", 

dec=".") 

 Clustering 

 ward<-agnes(as.data.frame(Clustering), metric = "euclidean",stand = FALSE, 

method = "ward", keep.data = FALSE) 

par(mfrow=c(2,2)) 

 pltree(ward,main="Ward",cex=0.83,xlab="",hang=-1) 

 

#Clusters and Dendrogram plot for Fossil Fuels 

library(cluster) 

 Clustering=read.csv("ClustersFF.csv",header=TRUE, sep=";", quote="\"", 

dec=".") 

 Clustering 

 ward<-agnes(as.data.frame(Clustering), metric = "euclidean",stand = FALSE, 

method = "ward", keep.data = FALSE) 

par(mfrow=c(2,2)) 

 pltree(ward,main="Ward",cex=0.83,xlab="",hang=-1) 

 

#Cluster 1  

#Germany 

Germany=read.csv("C1Germany - lagged3.csv",header=TRUE, sep=";", 

quote="\"", dec=".") 

m13=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2E

misPop+GDP+Pop+RDDRE+OilPricesDimpact, family="poisson",data=Germany) 

library("car") 

vif(m13) 

m131=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2

EmisPop+GDP+RDDRE+OilPricesDimpact ,family="poisson",data=Germany) 

vif(m131) 

m132=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2

EmisPop+RDDRE+OilPricesDimpact,family="poisson",data=Germany) 

vif(m132) 

m133=glm(Patents~OilPrices+POilReserves+EnergyUse+CO2EmisPop+RDDRE+OilPrice

sDimpact,family="poisson",data=Germany) 
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vif(m133) 

summary(m133) 

m135=glm(Patents~OilPrices+POilReserves+CO2EmisPop+OilPricesDimpact,family=

"poisson",data=Germany) 

summary(m135) 

1-pchisq(97.364,10) 

Germany=function(x){ 

1423*exp (0.0071*x) 

} 

x<-0:300 

y<-Germany(x) 

library("highcharter") 

hc<-highchart() %>% 

 

hc_xAxis(title=list(text="Oil Prices 

(USD)"),categories=x,plotLines=list(list( color=" #696969",width=2, 

value=26))) %>% 

 

hc_yAxis(title=list(text="Number of Patent Applications"))%>% 

 

hc_title(text = "The influence of Oil Prices in the number of Patent 

Applications ") %>% 

 

hc_subtitle(text = "Germany", style = list(color = "#2b908f", fontWeight = 

"bold"))%>% 

 

hc_add_series(data=y, name="Patent Applications for Alternative Energies") 

 

hc 

 

library("QuantPsyc") 

lm.beta(m135) 

 

#Japan 

Japan=read.csv("C1Japan - lagged4.csv",header=TRUE, sep=";", quote="\"", 

dec=".") 

m181=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2

EmisPop+GDP+Pop+RDDRE+OilPricesDimpact,family="poisson",data=Japan) 

vif(m181) 

m182=glm(Patents~OilPrices+POilReserves+EnergyUse+CO2EmisPop+GDP+Pop+RDDRE+

OilPricesDimpact,family="poisson",data=Japan) 

vif(m182) 

m183=glm(Patents~OilPrices+POilReserves+EnergyUse+CO2EmisPop+GDP+RDDRE, 

family="poisson",data=Japan) 

vif(m183) 

summary(m183) 
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1-pchisq(384.1,7) 

Japan=function(x){ 

4263*exp(5.750*(10^-3)*x) 

} 

x<-0:300 

y<-Japan(x) 

library("highcharter") 

hc<-highchart() %>% 

hc_xAxis(title=list(text="Oil Prices 

(USD)"),categories=x,plotLines=list(list( color=" #696969",width=2, 

value=26))) %>% 

hc_yAxis(title=list(text="Number of Patent Applications"))%>% 

hc_title(text = "The influence of Oil Prices in the number of Patent 

Applications ") %>% 

hc_subtitle(text = "Japan", style = list(color = "#2b908f", fontWeight = 

"bold"))%>% 

hc_add_series(data=y, name="Patent Applications for Alternative Energies") 

hc 

library("QuantPsyc") 

lm.beta(m183) 

#USA 

USA=read.csv("C1USA - lagged3.csv",header=TRUE, sep=";", quote="\"", 

dec=".") 

m301=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2

EmisPop+GDP+Pop+RDDRE+OilPricesDimpact,family="poisson",data=USA) 

library("car") 

vif(m301) 

m302=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2

EmisPop+GDP+Pop+RDDRE+OilPricesDimpact,family="poisson",data=USA) 

vif(m302) 

m303=glm(Patents~OilPrices+POilReserves+EnergyUse+ElectricityRenSources+CO2

EmisPop+GDP+RDDRE+OilPricesDimpact,family="poisson",data=USA) 

vif(m303) 

m303=glm(Patents~OilPrices+POilReserves+ElectricityRenSources+CO2EmisPop+GD

P+RDDRE+OilPricesDimpact,family="poisson",data=USA) 

vif(m304) 

m305=glm(Patents~OilPrices+POilReserves+ElectricityRenSources+GDP+RDDRE+Oil

PricesDimpact,family="poisson",data=USA) 

vif(m305) 



 

80 

 

m307=glm(Patents~OilPrices+POilReserves+ElectricityRenSources+RDDRE+OilPric

esDimpact,family="poisson",data=USA) 

vif(m307) 

summary(m307) 

1-pchisq(157.52,9) 

USA=function(x){ 

3714*exp(2.95*(10^-3)*x) 

} 

x<-0:300 

y<-USA(x) 

library("highcharter") 

hc<-highchart() %>% 

hc_xAxis(title=list(text="Oil Prices 

(USD)"),categories=x,plotLines=list(list( color=" #696969",width=2, 

value=26))) %>% 

hc_yAxis(title=list(text="Number of Patent Applications"))%>% 

hc_title(text = "The influence of Oil Prices in the number of Patent 

Applications ") %>% 

hc_subtitle(text = "USA", style = list(color = "#2b908f", fontWeight = 

"bold"))%>% 

hc_add_series(data=y, name="Patent Applications for Alternative Energies") 

hc 

library("QuantPsyc") 

lm.beta(m307) 

#Dummies – Japan as baseline 

Dummies=read.csv("Dummies - Japan.csv",header=TRUE, sep=";", quote="\"", 

dec=".") 

D=glm(Patents~DGermany+DUSA,family="poisson",data=Dummies) 

summary(D) 

 

 

 


