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patents are applied for by person or company whose address is less than 50 kilometres away 

from the address given in cited relevant patents28. Innovators tend to climb on the shoulders 

of nearby giants.

Figure 11: Regional clusters of innovation 2000-13

Source: Bruegel based on PATSTAT. Note: In the map that plots absolute numbers of patents, the concentration of 
low-carbon research activity in particular countries/regions appears even stronger than in the RTA maps (Figure 9). This 
is mainly because before we plotted the specialisations (RTA) of countries, which implies that a country can be good at 
a certain low-carbon technology even if it does not produce many patents in this technology class, just because it does 
produce very little patents overall (so its specialisation in this low-carbon technology is nevertheless high)

28  Compared to the academic literature, such as Jaff e et al (1993), Carlino et al (2012) and Murata et al (2014), we do 

not control for self-citation and other characteristics, and thus potentially overestimate the spillover eff ects, which 

those papers also found.
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Figure 12: Histogram of geographic distance to other patents cited in patent 
applications

Source: Bruegel based on Patstat.

Conclusion
Europe’s business model of selling more of the same in new markets is reaching its limits as 

the pace at which new markets emerge slows, while new competitors that sell the same prod-

ucts emerge quickly. One strategy to restore economic growth in Europe would be to embark 

on exporting new products that promise higher value added and growing markets. One such 

area could be low-carbon technologies. In the framework of global decarbonisation and the 

desire to reduce resource consumption, the market for low-carbon technologies has been 

growing fast – and is likely to continue to do so. 

In terms of European potential we assessed diff erent criteria: 

1. Strength of current exports
Strong exports are a powerful signal that a country is (relatively) better at producing 

certain goods or services. Diff erent EU countries already have comparative advantages in a 

number of low-carbon technologies. For example Denmark, Germany and Spain are major 

exporters of wind turbines. 

2. Strength of current innovation 
Other EU countries might have the potential to develop comparative advantages based on 

their specialisation in innovation in these new fi elds. For example, Germany is already strong 

in patenting electric vehicle technology and might turn this into a comparative advantage. 
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3. Innovation strength in nearby technologies
The Czech Republic and the UK have so far not excelled in patenting and exporting wind 

turbines – but their specialisation in innovation in nearby technologies suggests that some of 

the technological prerequisites for strengthening innovation in wind technology and ulti-

mately boosting exports are present. Although modest in absolute terms, some central and 

east European countries exhibit specialisation in technologies related to electric vehicles and 

photovoltaic cells. 

4. Regional clusters
Finally we find that – while only Belgium is good at exporting batteries and no EU country 

is good at inventing batteries – several regional clusters exist that are generating significant 

battery technology patents. These clusters might be the nuclei of future growth.

We can therefore conclude that the EU has potential, but that one-size-fits-all policies 

would ignore the complexity of the task of supporting the EU economy to gain a competitive 

edge in new products and services that will form the basis for future growth and jobs. To 

identify policies to foster future competitiveness we suggest a four-step filter (Figure 3), with 

each step, as much as possible, based on transparent criteria. This would also enable ex-post 

evaluation – which in the medium term allows the policy toolbox to be improved. 

This paper contributes to two steps of the economic policy menu: first, providing some 

criteria for selecting technologies that have economic potential, and second providing quan-

titative criteria to identify regional strengths in selected technologies. Obviously, both steps 

could be substantially refined and ‘policy learning’ is an important element of developing 

successful economic policy. Two subsequent crucial steps have not been addressed here. 

We neither discussed how to identify bottlenecks that hold up the development of individual 

technologies in individual regions (Zachmann, 2012) nor did we provide tools for the com-

parison and cost-benefit analysis of different policies to address those bottlenecks.

The approach and criteria we have outlined could already inform the Energy Union 

Integrated Research, Innovation and Competitiveness Strategy (EURICS), though more 

criteria than what we have presented need to be considered. Even then, the approach will not 

guarantee success in each and every case. But this is not a bad thing when targeting disrup-

tive sectoral change. Rather than supporting technologies in regions that will be guaranteed 

successes, policymakers should also take calculated risks. In that sense, funding should be 

based more on a venture capital model –the failures of four risky endeavours can be more 

than compensated for by the success of one risky but successful endeavour. But each failure 

should also be used to learn.
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Annex 1: RTA-RCA methodology
We use data visualisation tools29 to draw the cross-sectional distribution of RTAs/RCAs of 

selected technologies/exported goods across EU28 countries over the period 2002-15. To this 

end, we use OECD Science, Technology and Patents count data30, by browsing patent statistics 

by technology and then downloading the data by International Patent Classification (IPC) 

section31 for a selected set of countries over 2000-13, and UN COMTRADE data, by searching 

gross exports in goods for all countries over 2004-15.

In this exercise, we consider OECD Science, Technology and Patents count and UN 

COMTRADE data. As regards the first, we browse patent statistics by technology and then 

download the data by International Patent Classification (IPC) section, ie from A to H. We do 

this for a selected32 set of countries, ie EU28 countries in addition to the US and Japan, over 

the period 2000-13. In addition to the country-time filter, we slice the data according to other 

three dimensions: reference date, patents office and reference country. We set the reference 

date to be the priority date, meaning that the date “corresponds to the first filing worldwide 

and therefore closest to the invention date”, as explained by the OECD. We use this date since 

“to measure inventive activity, patent should be counted according to the priority date (in the 

case of patent families, the priority date corresponds to the earliest priority among the set of 

patents)”, as suggested again by the OECD. We set then the patents’ office to be the patent 

applications filed under the Patent Cooperation Treaty (PCT), ie those “patents filed under 

the PCT, at international phase, that designate the European Patent Office (EPO)”, since the 

OECD bases its RTA computation on this definition. Finally, we set the reference country to 

be the inventor(s)’s country(ies) of residence mainly because “counting patents according to 

the inventor’s country of residence is the most relevant for measuring the technological innova-

tiveness of researchers and laboratories located in a given country”, as suggested by the OECD. 

We automatically import and append the resulting databases into a unique dataset of patents 

count for all IPC codes ready for RTAs computation and visualization. A patent is equally 

attributed to all inventors’ countries. This method of simple counts is in contrast to the frac-

tional counts employed by the OECD whereby patents are counted as fractions relative to the 

number of inventors. Simple counts produce more stable RTA measures but totals are affected 

by increasing internationalisation. 

The same procedure has been applied to the UN COMTRADE database, with few differ-

ences. We download gross exports values measured in USD for all countries since the filter 

involving EU28, US and Japan only does not capture many other big exporters. We do this 

for a selected set of commodity codes (see Annex 2), namely electric vehicles, wind motors, 

batteries and photovoltaic cells, which we will use then as additional criterion to slice the 

patent database. We apply several filters: we choose exports from all countries to the ‘world’ 

measured at annual frequency and classifying HS as reported.

Following the OECD definition33 of RTA, “the RTA index provides an indication of the 

relative specialisation of a given country in selected technological domains and is based on 

patent applications filed under the PCT. It is defined as a country’s share of patents in a 

particular technology field divided by the country’s share in all patent fields. The index is 

equal to zero when the country holds no patent in a given sector; is equal to one when the 

country’s share in the sector equals its share in all fields (no specialisation); and above one 

when a positive specialisation is observed”. We employ this definition in our exploratory 

analysis. Indeed, letting  be the number of patents in technology  in country  at time , the 

29  R software for statistical computing.

30  http://stats.oecd.org/ and http://comtrade.un.org/data/.

31  http://web2.wipo.int/classifications/ipc/ipcpub/#refresh=page.

32  The selection criterion is guided by patent data relevance and reliability for this study.

33  http://www.oecd-ilibrary.org/science-and-technology/data/oecd-science-technology-and-industry-outlook/

revealed-technology-advantage-in-selected-fields_data-00673-en.
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RTA index is expressed as:

If we switch the terms  and , the RTA index could be also defined as a technology’s share in 

a given country divided by the technology’s share in all countries. Given their equivalence, 

the two definitions are therefore complementary. As the OECD definition emphasises, the 

RTA index has domain:

That is, the index is equal to zero when the country holds no patent in a given technology; 

is equal to one when the country’s share in the sector equals its share in all fields (no special-

isation); and above one when a positive specialisation is observed. We aggregate therefore 

by summing the number of patents first and then re-compute the RTA index with the new 

aggregated data for two selected periods, 2002-07 and 2008-13. Letting , the aggregate RTA 

index is given by:

In this way we are able to reduce the dimensionality of the index, while increasing the 

observations used in computing and visualizing the index. 

We then repeat the procedure for RCA, which is defined as a country’s share of exports in 

a particular good divided by the country’s share in all commodities. The index is equal to zero 

when the country holds no export in a given good; is equal to one when the country’s share in 

the commodity equals its share in all fields (no specialisation); and above one when a positive 

specialisation is observed. Letting  be the value of gross exports in commodity  in country  

at time , the RCA index is expressed similarly and has the same domain as the RTA index. 

We then aggregate over time for period 2004-09 and 2010-15. We lag our aggregation of the 

RCA index compared to the RTA index because we assume there could be a lagged relation 

between the two measures, possibly being innovation engines of comparative advantage.
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Annex 2: IPC and HS codes used to measure 
the selected products

IPC code Description HS code Description Short name

B60L Propulsion of 
electrically-
propelled 
vehicles

 870390 Automobiles 
including 
gas turbine 
powered

Electric 
vehicles

F03D Wind motors 850231 Wind-powered 
generating

Wind turbines

H01M Processes 
or means, 
eg batteries, 
for the direct 
conversion of 
chemical energy 
into electrical 
energy

8506 Primary cells 
and primary 
batteries

Batteries

H01L Semiconductor 
devices; 
electric solid 
state devices 
not otherwise 
provided for

854140 Photosensitive/
photovoltaic/
LED 
semiconductor 
devices

Photovoltaic

Annex 3: One way of determining related 
technologies
To identify the potential strengths of a country we assume that strength in one technology 

implies the potential for development in a related technology. Thus we first identify which 

technologies are related. To do this we exploit 15.7 million patents from 2000-14 in 45 coun-

tries (EU countries and G20 countries). We first assume that IPC codes (ie the technology 

categories ascribed to a patent by the patent officer) that often occur together on one patent 

are more likely to be related, than IPC codes that are rarely together on one patent. To do this 

we built a table with 15.7 million rows for each patent and around 623 columns for each IPC 

code34. We then calculated the concurrence of two IPC codes by matrix-multiplying the table 

with itself. The elements of the resulting 623 x 623 matrix can be interpreted as the number 

of times a combination of the column-IPC and the row-IPC appear in one patent. So the 

second element of the matrix corresponds to the number of times A01B and A01C appear on 

the same patent, 57,144 times. As self-concurrence is not meaningful, we replace the main 

diagonal (where the row and the column IPC are the same) of the square matrix with zeros. 

Then we divide each element of the matrix by the sum of all elements. Hence, the sum of the 

resulting matrix is one, and each element is the share of this combination of IPCs in the total 

number of combinations of IPCs. This share does not directly allow us to infer which combi-

nations of IPC codes are related as some IPC codes are far more likely than others. The most 

34  The entries in the table are not necessarily zero-one, as the same IPC code might appear several times on a patent 

because we shrink the more detailed IPC codes (such as F03D 3/0427 and F03D 9/37) to four digits (eg F03D).
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frequent IPC code A61K appears 15.2 million times in patents, while the least frequent IPC 

code C06F only appears 228 times in patens. Hence, the share of IPC combinations involving 

A61K is naturally much higher. So to spot relations, we for each combination of IPC codes 

control for the frequency of the two IPC codes that form this combination. To do this, we 

calculate the expected share of each combination of IPC codes by multiplying the frequency 

of the first and the second IPC code (eg for C06F and A61K there should be 3.5 billion com-

binations). We than again delete the main diagonal and divide each element by the sum of 

all elements. We now have two matrices: one matrix with the observed share of each combi-

nation and one with the expected share of each combination (if they were solely distributed 

according to the frequency of the forming IPC codes). Based on the two we can assess which 

combinations of IPC codes occur more often than expected by subtracting the expected share 

from the observed share and dividing the difference by the expected share. This can be rep-

resented as a heatmap. The heatmap illustrates that IPC codes are more likely to concur with 

IPC codes that are classified close to them (ie that share the same first two digits), as the areas 

of high concurrence are close to the main diagonal. We name the elements of the matrix the 

‘relationship coefficient’ between the IPC codes.

Similar concurrence tables can be established for the most likely combinations of IPC 

codes applied by the same person and the most likely combinations of IPC codes by appli-

cants of the same country.

Figure 13: Concurrence of technology (IPC) codes on the same patent application

Source: Bruegel based on Patstat.

Annex 4: Strength in related technologies
Proximity between different technologies can be exploited to explore which additional tech-

nology strength a country might develop based on existing strength. The idea is that countries 

are more likely to also develop strength in technologies that are close to technologies the 

country is already good at. Based on the above-introduced concurrence tables we identify a 

set of technologies that are close to our technologies of interest. We chose all technologies 

that are among the 5 percent technologies with the highest relation to our technology of 

interest. For them, we normalize the relation-coefficients for these technologies, so that the 

sum of the relation-coefficients of the related technologies is equal to 1. Then we calculate 

the weighted average of each country’s RTAs in the related technologies. We use a weighted 

geometric average, as RTA’s follow a logarithmic distribution. The result is a proximity-weight-

ed average of the related RTA’s, which we interpret as the potential RTA for the technology of 
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interest. To give one example, to find out the potential in wind engine innovation (F03D) in 

Slovakia, we identify the nearby technologies of wind engines. The two most related are F03B 

‘machines or engines for liquids’ with a relation coefficient of 124 and H02P ‘control or regu-

lation of electric motors’ with a relation coefficient of 57. If we only consider those two related 

technologies, their normalised coefficients are 124/181 and 57/181. As the RTA of F03B and 

H02P in Slovakia are 10.6 and 0.5, the potential F03D RTA is (10.6^(124/181)*0.5^(57/181)) 

= 4.1. So the potential RTA of Slovakia for wind motors is rather high, as it is already special-

ised in two nearby technologies. In fact, Slovakia also already specialised in wind motors 

(RTA=2.3).

But this also means that if a country does not innovate at all (RTA=0) in one of the nearby 

technologies – it is considered unlikely to excel in the technology of interest (pRTA=0). Our 

approach allows for a high degree of discretion. The definition of the relation coefficients 

(number of digits of the IPC code considered, concurrence on the same patent or by the same 

person), the number of nearby technologies considered and how they are weighted – all this 

can be determined by the user. Thus we try to carefully document our choices. At this point, 

calibration is still ad hoc – based on intuition and results for some technologies/countries 

being in line with the priors of the author – at a later stage some data-based calibration would 

be desirable.

Annex 5: China’s move up the value chain

Figure 14: China’s move from lower to higher value goods
 

Source: Bruegel based on UN Comtrade.

Figure 14 illustrates how the share of lower value goods (bicycles) in Chinese exports has 

fallen, while the share of medium value goods (motorcycles) peaked in 2008, and the share of 

higher value goods (vehicles) continued to increase.
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Annex 6: How to read the results?35

Why do we use relative strength?
The purpose of our exercise is to identify the low-carbon sectors in which countries or regions 

might develop a comparative advantage. That is, we want to help each country/region to 

detect in which technology areas it is more likely to develop a strength compared to other 

technology areas. This can allow even the small and the less-developed EU countries to iden-

tify niches they might exploit. Correspondingly we use an indicator of relative strength – ie is a 

country more specialised than the rest of the world?

From a trade-theory perspective (but also an industrial policy perspective) thinking about 

relative strength makes sense in a globalised world. Even a county that is more productive 

in producing any possible good will not become strong in the production of each of them, 

simply because it would make sense for this country to focus on those sectors for which its 

advantage is greatest. Hence, identifying comparative advantages is helpful for economic 

policymaking in each EU country.

Do the maps show that Bulgaria is better at wind turbines than Germany?
No, they show that Germany is very good in many things and hence its relative specialisation 

in wind turbine technology is less than that of Bulgaria. This has partly to do with size: so in 

the future we will go to the regional level to compensate for the size effect. But it also has to 

do with the fact that Germany is very good at other sectors. But that in no way implies that 

Bulgaria is/will/can be more successful in wind turbine technology than Germany.

What the maps show is that Germany is likely to become/stay more successful at wind 

turbines and electric vehicles than at batteries and solar panels.

Why are some results counterintuitive?
We are aware of the limitations of our data-driven approach. Obviously not each and every 

predicted strength is intuitive. It is only a first filter for identifying which of the thousands of 

products and technologies might have potential for each of the hundreds of European re-

gions. Sometimes, however, the at-first-glance counterintuitive results are interesting because 

they point to unexpected strength – like car production in Slovakia.

35 This annex was not in the original version of the paper, but is an addendum for clarification.
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