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Abstract 

The European Innovation Scoreboard (EIS) is a multidimensional monitoring framework 
providing a comparative assessment of the research and innovation performance of the EU27 
as well as 12 neighbouring countries, their global partners, and the relative strengths and 
weaknesses of their research and innovation systems. The Framework consists of 32 indicators 
aggregated to a Summary Innovation Index (SII) that is used to rank and classify the assessed 
countries’ research and innovation systems based on their performance on the framework 
conditions, investments, activities, and impacts of innovation systems. 

The European Commission’s Competence Centre on Composite Indicators and Scoreboards 
(COIN) at the Joint Research Centre (JRC, Ispra) was invited by the index developers to audit 
the revamped 2025 edition of the EIS. The JRC-COIN aims to help ensure the transparency of 
the index methodology and the reliability of its results. This JRC-COIN audit focuses on data 
quality, the statistical soundness of the monitoring framework, and the impact of key modelling 
assumptions on the results. 

The analysis suggests that meaningful inferences can be drawn from the EIS and its 
summary index. The EIS is a robust and reliable tool for ranking the performance of country 
research and innovation systems with a conceptual framework that is statistically coherent and 
well-balanced. The countries’ SII ranks are shown to be robust to changes in the data 
imputation, outlier treatment, normalisation, and aggregation methods, as well as indicator 
weights. Overall, the EIS is shown to have quite robust statistical properties. However, there 
always exists some room for improvement. To this end, the JRC-COIN has made some 
suggestions towards improving the information transfer from certain transformed indicators to 
the summary innovation Index and monitoring the interrelations of a small set of indicators with 
the rest considered in the EIS framework. 
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1. Introduction 

The European Innovation Scoreboard (EIS) is a multidimensional monitoring framework 
developed by the European Commission, Directorate-General for research and Innovation (DG 
RTD) to provide a comparative assessment of the research and innovation performance for 39 
European countries (including the 27 EU Member States) and their global partners. Since its 
first edition in 2001, the EIS framework assesses the relative strengths and weaknesses of the 
EU Member States’ and other countries’ research and innovation systems across four main 
types of activities, that is, Framework conditions for innovation, Investments, Innovation 
activities, and Innovation Impacts. Each activity corresponds to a different dimension of a 
country’s research and innovation system and is represented in the EIS framework by eight 
indicators. This results in a framework of 32 indicators, which are aggregated to obtain a 
Summary Innovation Index (SII). The EIS framework has been revised several times, with the 
latest major revision occurring in its current 2025 edition. 

Robust and reliable monitoring frameworks are the highways to better policymaking. The EIS 
framework is well-constructed and conceptually coherent, with a large, documented 
policy impact, as it has been supporting EU Member States assess areas in which they need 
to concentrate their efforts to boost their innovation performance for more than two decades. It 
is also universally accepted as the reference point when it comes to European innovation 
systems monitoring (see, e.g., Draghi, 2024; European Commission, 2025). However, 
conceptual and practical challenges are inevitable when the complexity of a multidimensional 
phenomenon is summarised with a single composite indicator. The JRC-COIN has been invited 
to provide a statistical analysis – an audit- for the latest edition of the EIS. This analysis aims to 
validate the EIS’s statistical soundness and consequently support policymakers in deriving more 
accurate conclusions from the framework’s results. The results of this statistical audit are 
discussed in this report. 

In general, statistical soundness should be regarded as a necessary but not sufficient condition 
for a sound index or framework. This is because the correlations underpinning most of the 
statistical analyses carried out in this report need not necessarily represent the real influence of 
the individual indicators on the phenomenon being measured. The development of any 
composite index must therefore be nurtured by a dynamic, iterative dialogue between the 
principles of statistical and conceptual soundness. Evidence of this process is presented in 
Section 2, which summarises changes made to the EIS for statistical and conceptual reasons. 

The JRC-COIN assessment of the EIS presented in this report focuses on two main aspects: 
the statistical coherence of the structure, and the impact of key modelling assumptions on the 
resulting country ranks by means of the SII. The statistical coherence analysis is based on: (i) 
the adequacy of correlations for aggregating indicators into the overall index; and (ii) the 
multidimensional structure of the EIS. Finally, by analysing the impact of the modelling 
assumptions on the EIS, the JRC-COIN complements the reported country rankings for the SII 
with estimated intervals, to better appreciate the robustness of these ranks to the modelling 
choices. 
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2. Conceptual framework 

The SII includes 32 indicators equally structured within four types of activities- henceforth pillars- 
(Framework conditions for innovation, Investments, Innovation activities, and Innovation 
Impacts), each of which reflects a different critical dimension of a country’s research and 
innovation system. Each pillar includes three sub-pillars (See Table 1). Despite the multi-level 
structure of its framework, the SII is obtained directly from the 32 indicators using an equally 
weighted arithmetic average formula. This means that each of the 32 indicators is eventually 
assigned a weight of 1/32 (or roughly 0.031) in the overall SII. The choice for a direct 
aggregation of the 32 indicators is conducted with the aim to have an equal weight of each of 
the 32 indicators to the overall SII, something which would not be the case if indicators were 
aggregated hierarchically to the 12 sub-pillars, the four pillars and then to the SII, as the number 
of indicators within each of the 12 sub-pillars is not equal.1  

Compared to the previous edition, the conceptual framework of the 2025 edition of the EIS 
includes changes in some indicators. In particular: 

• Indicator 1.3.1 “High speed internet access” replaced “Broadband penetration”, with the 
aim to better capture current technological developments and enterprise needs and 
reflect the quality of a country’s digital infrastructure. 

• Indicator 2.3.1 “Cloud Computing in enterprises” replaced “Enterprises providing ICT 
training”. The new indicator, which reflects the share of enterprises using at least one 
intermediate or advanced digital service, describes better the level of digitalisation in 
the business sector. Also, it provides better data coverage time-wise as well as country-
wise.  

• Indicator “Sales of new-to-market and new-to-firm innovations” was moved from sub-
pillar 4.2 “Sales impacts” to 4.1 which has been renamed as “Employment and Sales 
impacts” and replaced “Employment in knowledge-intensive activities”. This indicator 
is now denoted under “Sales of product innovations”. This change was driven by 
concerns from the developers regarding potential conceptual collinearity between the 
replaced indicator and indicator 4.1.2 “Employment in innovative enterprises”. 

• Indicator 4.2.3 “High-tech imports from partners outside the EU” replaced “Sales of 
new-to-market and new-to-firm innovations” when the latter was moved to a different 
sub-category. The relevant sub-pillar 4.2 has been renamed as “Trade Impacts”. This 
new indicator broadens the conceptual coverage of the EIS to include an aspect of 
country resilience not reflected in previous editions, namely that of countries’ reliance 
on external sources for high-tech goods and services 

• Within sub-pillar 4.3, which is renamed “Resource and labour productivity”, Indicator 
4.3.2 “Production-based CO2 productivity” replaced indicator “Air emissions by fine 
particulates”, and indicator 4.3.3 “Labour productivity” replaced “Environment-related 
technologies”. These changes reformulate the focus of sub-pillar 4.3. from more 
general economic and environmental performance to innovation-specific effects. 

These changes highlight the developers' commitment to rigorous refinements of the EIS 
framework, both considering the conceptual fit of indicators but also issues related to data 
coverage and indicator redundancy. This process ensures that the EIS delivers a reliable and 

 

1  In a hierarchically aggregated composite index involving multiple levels, the weight that an indicator at level 1 (the 
lowest) will have on the final composite index can be found by multiplying consecutively its weight on the immediate 
level 2 aggregate, with the weight of the level 2 aggregate on its level 3 aggregate and so on, until the final 
aggregation level. In that case, if the EIS was aggregated hierarchically using an equal weighting scheme in each 
aggregation level, the weight of the 32 indicators on the SII would vary from 0.028 to 0.042.  
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timely assessment of innovation performance, providing policymakers with reliable insights 
towards evidence-based decision-making. 

Table 1: Conceptual framework of the EIS 

Activity Sub-category Indicator Code Direction 

1. 
Framework  
conditions 

1.1 Human resources 

1.1.1 New doctorate graduates in STEM DocGrad 1 

1.1.2 Population with tertiary education TertEd 1 

1.1.3 Population involved in lifelong learning LifeLearn 1 

1.2 Attractive research 
systems 

1.2.1 International scientific co-publications IntPub 1 

1.2.2 Top 10% most cited publications Top10Pub 1 

1.2.3 Foreign doctorate students  ForeignDoc 1 

1.3 Digitalisation 

1.3.1 High-speed internet access HighSpeed 1 

1.3.2 Individuals with above basic overall digital 
skills 

DigiSkill 1 

2. 
Investments 

2.1 Finance and support 

2.1.1 R&D expenditure in the public sector RDExpPub 1 

2.1.2 Venture capital expenditures VCExp 1 

2.1.3 Direct government funding and 
government tax support for business R&D 

GovSupRD 1 

2.2 Firm investments 

2.2.1 R&D expenditure in the business sector RDExpBus 1 

2.2.2 Non-R&D innovation expenditure NonRDInnExp 1 

2.2.3 Innovation expenditure per person 
employed in innovation-active enterprises 

InnExp 1 

2.3 Investments in 
information technologies 

2.3.1 Cloud computing in enterprises CloudComputing 1 

2.3.2 Employed ICT specialists ICTSpec 1 

3. Innovation  
activities 

3.1 Innovators 
3.1.1 SMEs with product innovations SMEProdInn 1 

3.1.2 SMEs with business process innovations SMEBusInn 1 

3.2 Linkages 

3.2.1 Innovative SMEs collaborating with 
others 

SMECollab 1 

3.2.2 Public-private co-publications PubPriPubs 1 

3.2.3 Job-to-job mobility of HRST Job2JobMob 1 

3.3 Intellectual assets 

3.3.1 PCT patent applications PCTPat 1 

3.3.2 Trademark applications TradmkApps 1 

3.3.3 Design applications DesApps 1 

4. Impacts 

4.1 Sales and 
employment impacts  

4.1.1 Sales of product innovations SalesInn 1 

4.1.2 Employment in innovative enterprises EmpInnEnt 1 

4.2 Trade Impacts  

4.2.1 Medium and high-tech product exports ExpMedHiTech 1 

4.2.2 Knowledge-intensive services exports ExpKnowServ 1 

4.2.3 High tech imports from outside the EU27 HighTech -1 

4.3 Resource and labour 
productivity 

4.3.1 Resource productivity ResProd 1 

4.3.2 Production-based CO2 productivity CO2 1 

4.3.3 Labour productivity LabProd 1 

Source: Adapted from DG RTD by the European Commission’s Joint Research Centre, 2025. 
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3. Data quality and availability 

3.1. Management of missing data and breaks in the series 

The EIS 2025 draws on annual data from Eurostat and other international sources. The SII is 
calculated for a total of eight years (2018-2025) and 39 European countries using data from 
2017 up to 2024.  

For certain indicators, Eurostat indicates a break in the data series for various EU Member 
States or other countries included in the analysis.  In total, breaks in the data series are reported 
for 12 out of the 32 indicators, counting at least one break in at least one country included in the 
sample. As in this case the data before the break are not directly comparable with the data after 
the break, the developers excluded from the database the data before the break for the 
corresponding indicator and country or countries. Although this choice unavoidably takes a toll 
on the availability of data and potentially increases the dependency of the results to the choice 
of data imputation method (particularly for the years in the beginning of the 2018-2025 SII 
series), it is a much-welcomed choice as it reassures that the SII is built using only data which 
are judged by international standards as comparable to each other.  

The developer followed the rule of the last available year to replace missing data:  

• whenever data were missing for a year, missing values are replaced with the value 
from the previous year; 

• if data were missing at the beginning of the time series, missing values were replaced 
with the value of the next available year; while  

• when data were missing for the entire time series considered for a particular country-
indicator pair, the data were not imputed. This concerns 51 country-indicator pairs in 
total (4% of the 1280 data points for a given year). This approach is usually selected to 
improve transparency and avoid any methodological black box in the imputation of 
data. In these cases, the score of SII is based on the other indicators for which values 
are observed. This is formally equivalent with imputing the missing value with the 
arithmetic average of the remaining indicators for which data are observed (shadow 
imputation). 

The reference year used for each indicator for the EIS 2025 is presented in Table 2. The 
developers identify the reference year based on data availability for all those countries for which 
data availability is at least 75%. That is, for each indicator, the year for which data are used to 
develop the SII for the year 2025. For most indicators, this reference year is either 2024 or 2023, 
while in total all indicators except one draw mainly on data from 2022 onwards. The indicator 
showing older data is 3.2.3. “Job-to-job mobility of HRST” for which the reference year is 2020. 
This is the last year available at the relevant Eurostat indicator [hrst_fl_mobsex]. This may be 
due to dissemination policy issues, as the relevant HRST statistics are normally updated when 
data for all Member States are available.2 As a consequence, JRC-COIN suggests having a 
special focus on the timeliness of this indicator and potentially consider revising it in future 
editions if more recent data years do not become available.  

The data used in this audit is the result of the imputation described above. After the replacement 
of missing values with those of previous years, data coverage for the 2025 SII is 96% with only 
51 of the total 1280 values (32 indicators x 40 countries) missing in the dataset. Country 
coverage is equally high. All countries have data for at least 68% of the 32 indicators. Eight 
countries are missing data for up to three indicators each (at least 90% data coverage), while 
another five countries are missing data for four to 8 indicators. Ukraine is missing data for 10 of 

 

2 See the relevant metadata section: https://ec.europa.eu/eurostat/cache/metadata/en/hrst_esms.htm  

https://ec.europa.eu/eurostat/cache/metadata/en/hrst_esms.htm
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the 32 indicators (data coverage 68.8%). Although this is above the suggested JRC guidelines, 
the JRC-COIN would like to suggest having a special focus on this country’s data coverage in 
next EIS editions. 

3.2. Treatment of outliers 

The audit also investigated the presence of outliers that could potentially bias the effect of the 
indicators on the aggregates. The JRC-COIN recommends an approach for outlier identification 
based on skewness and kurtosis values(3), i.e. when the indicators simultaneously have 
absolute skewness higher than 2.0 and kurtosis higher than 3.5. The results of this analysis are 
presented in Table 2. There are two indicators (2.2.2 Non-R&D innovation expenditures, 3.3.2 
Trademark applications) showing high values of skewness and kurtosis according to JRC 
guidelines, suggesting their need to be treated. The JRC-COIN suggests a two-step approach 
where indicators with outliers are first treated via winsorisation of up to five data points. In the 
second step, if the skewness and kurtosis values are still simultaneously above the specified 
thresholds, then the indicator is treated through a natural logarithm transformation.  

The developers follow an alternative two-step approach to identify outliers. In the first step, they 
apply Chauvenet's (1863) criterion, which identifies outliers as scores with values outside the 
range [𝑚 + 2𝜎, 𝑚 − 2𝜎] where m is the mean and σ is the standard deviation of the indicator. 
These outliers are then assigned the values of the next larger (smaller) observation. Given that 
the criterion assumes that the data follow a normal distribution, this is formally equivalent to 
trimming (winsorising) the observations that are larger than the 95th percentile to the value of 
the 95th percentile and those smaller than the 5th percentile to the value of the 5th percentile. In 
the second step, the developers further treated those indicators for which skewness across the 
full eight-year period is above one by means of a square root transformation. This was the case 
for four indicators (2.1.2 “Venture capital expenditures”, 2.2.2 “Non-R&D innovation 
expenditures”, 3.3.1 “PCT patent applications”, 3.3.2 Trademark applications”). The rationale 
followed by the developers is that many of the indicators that need the square root 
transformation do not have a natural upper limit (such as 100% for percentages) and they can 
be highly volatile with very skewed data distributions that might distort overall performance.  

The rationale of the developer’s outlier treatment methodology is well-thought-out and 
robust. The JRC guidelines for data treatment mentioned above are governed by the principle 
of least intervention –to the extent possible- in the data distribution, which aims to make maximal 
use of the available information in the data. Therefore, the JRC-COIN team still recommends 
setting a threshold for skewness equal to one to apply a square root transformation might be a 
rather strict criterion, which results in further smoothing the distribution of certain indicators and 
unavoidably reducing the information -in terms of discriminatory power- contained in them. It 
also potentially ignores the possibility of highly negatively skewed distributions but given that no 
indicator of the EIS displays such behaviour (see Table 2) this risk is quite low in this setting. 
Furthermore, not considering the kurtosis as a further criterion along with skewness, results in 
certain indicators with highly leptokurtic distributions -and thus with a potentially many outlying 
observations- not being treated. This runs the risk of allowing these observations to influence 
the results and country ranks.  

The JRC investigated the need for data treatment of the imputed and trimmed indicators (after 
applying the developer’s first treatment process, the Chauvenet’s criterion) according to the JRC 
combined absolute skewness and kurtosis guidelines.4 According to the results, one indicator 

 

3  Groeneveld, R. A. and Meeden, G., ‘Measuring Skewness and Kurtosis’, Journal of the Royal Statistical Society, 
Series D, vol. 33, pp. 391–399, 1984. 

4  This data treatment analysis was conducted considering the entire distribution across all considered years, to ensure 
comparability with the process followed by the developers, who apply their skewness criterion on the same 
distribution.    
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(2.2.2 “Non-R&D innovation expenditures”) would need a further treatment by means of square 
root transformation if the combined JRC criterion was used.  

Figure 1: Normalised values of indicator "Venture capital expenditures" with and without square root 
transformation. 

 

Source: European Commission’s Joint Research Centre, 2025.  
Note: The pale green distributions correspond to the data treated by square root transformation and the red 

distributions to the data not treated by square root transformation.  

To illustrate the effect of excess distribution smoothing, the figure above presents the 
distributions of the (post-treatment) normalized values for indicator “Venture capital 
expenditures”. This indicator was treated by means of square root transformation by the 
developers due to having a skewness of 1.03, while it was not treated by JRC combined criterion 
because its absolute skewness and kurtosis values do not pass the respective thresholds. 
Figure 1 displays how the square root transformation smooths the data resulting in more 
observations towards the middle of the indicator’s distribution in every year, which reduces the 
usefulness of the indicator to discriminate between the performance of different countries. 

With the aim of making maximal use of the information contained in the EIS indicators, the JRC 
would like to suggest adopting an alternative criterion for applying the square root 
transformation, namely a combined threshold of 2.0 for absolute skewness and of 3.5 for 
kurtosis. In the current EIS framework and after applying the Chauvenet’s criterion, no indicators 
display negative skewness below -2.0 or high kurtosis above 3.5, however the JRC-COIN would 
suggest considering both criteria of absolute skewness and kurtosis also with a view towards 
future iterations of the EIS framework, in which new indicators that display such values might 
be introduced.  
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3.3. Normalisation 

The treated indicators are rescaled to a 0-1 scale, using the min-max normalisation. Due to the 
panel nature of the EIS data, normalisation is applied to the whole data series to ensure 
comparability of the normalized values across different time periods. Direction is positive for 31 
of the 32 indicators (which means that higher values indicate better performance), and negative 
for indicator 4.2.3 “High tech imports from partners outside of the EU27”. The direction of all the 
indicators is represented with a “plus one” or a “minus one” value in table below summary 
statistics for the normalized indicators are given in Table 3. 

Table 2: Summary statistics of the indicators included in the EIS 2025 (Imputed values). 

Indicator N. missing Missing (%) 
Main 
data 
year 

Mean Min Max Skew Kurtosis 

DocGrad 0 0 2022 0,669 0,104 1,900 0,733 0,671 

TertEd 0 0 2024 45,000 23,200 65,200 0,037 -0,258 

LifeLearn 0 0 2024 13,700 0,500 37,500 0,602 -0,118 

IntPub 0 0 2024 1640,000 155,000 4360,000 0,765 -0,329 

Top10Pub 0 0 2022 8,290 1,590 14,600 0,032 -1,220 

ForeignDoc 1 2,5 2023 26,900 2,350 90,800 1,180 2,020 

HighSpeed 8 20 2023 81,200 38,400 100,000 -1,060 1,390 

DigiSkill 3 7,5 2023 27,100 6,880 54,500 0,253 -0,681 

RDExpPub 0 0 2023 0,562 0,120 1,150 0,102 -0,716 

VCExp 1 2,5 2024 0,129 0 0,541 1,330 1,500 

GovSupRD 1 2,5 2022 0,134 0 0,495 1,170 0,572 

RDExpBus 0 0 2023 1,020 0,042 2,670 0,555 -0,685 

NonRDInnExp 2 5 2022 0,502 0,011 3,120 3,390 15,300 

InnExp 4 10 2022 5880,000 221,000 18800,000 1,190 1,110 

CloudComputing 4 10 2023 43,700 13,600 78,300 0,083 -0,902 

ICTSpec 1 2,5 2024 4,780 1,320 8,600 0,010 0,174 

SMEProdInn 0 0 2022 26,600 3,900 59,400 0,464 0,603 

SMEBusInn 0 0 2022 37,300 4,030 61,200 -0,723 0,833 

SMECollab 1 2,5 2022 13,500 1,140 35,700 1,010 0,702 

PubPriPubs 0 0 2024 264,000 14,000 845,000 1,030 0,280 

Job2JobMob 5 12,5 2020 7,030 1,400 11,300 -0,262 -0,476 

PCTPat 0 0 2022 2,150 0,165 8,960 1,560 1,640 

TradmkApps 0 0 2023 7,410 0,281 47,100 3,100 10,900 

DesApps 0 0 2023 2,080 0 5,450 0,386 -1,040 
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Indicator N. missing Missing (%) 
Main 
data 
year 

Mean Min Max Skew Kurtosis 

SalesInn 0 0 2022 11,400 1,100 40,100 1,740 4,940 

EmpInnEnt 1 2,5 2022 54,100 10,100 75,800 -1,020 1,220 

ExpMedHiTech 0 0 2024 45,600 4,400 70,400 -0,574 -0,057 

ExpKnowServ 0 0 2023 57,200 16,100 93,700 -0,116 -0,738 

HighTech 7 17,5 2022 29,200 2,300 71,300 1,020 2,680 

ResProd 3 7,5 2022 2,370 0,738 4,800 0,480 -0,691 

CO2 1 2,5 2023 10,500 2,930 22,100 0,658 0,430 

LabProd 8 20 2024 41,600 9,020 97,900 0,734 -0,558 

Source: European Commission’s Joint Research Centre, 2025.  
Note: The values of skewness and kurtosis exceeding the threshold are written in red. 

Table 3: Summary statistics of the normalised indicators included in the EIS 2025. 

Indicator N. missing Missing (%) Mean Min Max Skew Kurtosis 

DocGrad 0 0 0,426 0,047 1 0,345 -0,683 

TertEd 0 0 0,512 0 1 0,049 -0,552 

LifeLearn 0 0 0,452 0 1 0,339 -0,801 

IntPub 0 0 0,431 0,020 1 0,529 -0,944 

Top10Pub 0 0 0,490 0,023 0,927 0,032 -1,220 

ForeignDoc 1 2,5 0,427 0,019 1 0,327 -0,778 

HighSpeed 8 20 0,766 0,232 1 -1,060 1,390 

DigiSkill 3 7,5 0,491 0,062 1 0,149 -0,867 

RDExpPub 0 0 0,463 0 1 0,026 -0,871 

VCExp 1 2,5 0,313 0 1 0,944 -0,125 

GovSupRD 1 2,5 0,363 0 1 0,701 -0,810 

RDExpBus 0 0 0,416 0,001 1 0,465 -0,905 

NonRDInnExp 2 5 0,324 0 1 1,260 3,700 

InnExp 4 10 0,445 0,002 1 0,473 -0,842 

CloudComputing 4 10 0,604 0,114 1 -0,109 -1,100 

ICTSpec 1 2,5 0,553 0,035 1 -0,200 -0,072 

SMEProdInn 0 0 0,492 0 1 0,116 -0,308 

SMEBusInn 0 0 0,506 0 0,957 -0,446 0,176 

SMECollab 1 2,5 0,450 0 1 0,703 -0,270 
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Indicator N. missing Missing (%) Mean Min Max Skew Kurtosis 

PubPriPubs 0 0 0,385 0,010 1 0,722 -0,676 

Job2JobMob 5 12,5 0,526 0 0,969 -0,186 -0,654 

PCTPat 0 0 0,457 0,146 1 0,789 -0,365 

TradmkApps 0 0 0,399 0,007 1 0,667 0,757 

DesApps 0 0 0,263 0 0,691 0,386 -1,040 

SalesInn 0 0 0,440 0,017 1 0,522 -0,042 

EmpInnEnt 1 2,5 0,523 0 0,922 -0,530 -0,599 

ExpMedHiTech 0 0 0,556 0 0,991 -0,331 -0,608 

ExpKnowServ 0 0 0,527 0,007 0,989 -0,116 -0,738 

HighTech 7 17,5 0,541 0 1 -0,463 -0,528 

ResProd 3 7,5 0,526 0,037 1 0,209 -1,210 

CO2 1 2,5 0,561 0,046 1 -0,010 -0,692 

LabProd 8 20 0,403 0,024 1 0,671 -0,730 

Source: European Commission’s Joint Research Centre, 2025.  
Note: The values of skewness and kurtosis exceeding the threshold are written in red. 

 
 

  



 

15 

4. Statistical coherence 

The assessment of statistical coherence consists of three separate analyses. The first is an 
analysis of the correlations between the 32 indicators and the correlation of the indicators with 
SII. The second takes a multi-level view of the EIS and provides an analysis of the correlations 
between the 32 indicators and their respective sub-categories and activities (Framework 
conditions for innovation, Investments, Innovation activities, and Innovation Impacts) following 
the classification in Table 1. This analysis, while involved a recalculation of the SII by 
aggregating indicators to sub-categories, sub-categories to activities, and the four activities to 
the SII, helps to better appreciate the statistical coherence of the entire theoretical framework 
introduced by the developers. The third analysis consists of a comparison of SII rankings for 40 
European countries with those of the 32 individual indicators. 

4.1. Correlation analysis of single-level (nominal) SII  

The statistical coherence of an index should be considered a necessary but not a sufficient 
condition for a sound index. Given that the statistical analysis is mostly based on correlations, 
the correspondence of every index to a real-world phenomenon needs to be critically addressed 
by developers and experts, because ‘correlations do not necessarily represent the real influence 
of the individual indicators on the phenomenon being measured’ (OECD and JRC, 2008) (5). 
This influence relies on the interplay between both conceptual and statistical soundness. The 
degree of coherence between the conceptual framework and the statistical structure of the data 
is an important factor for the reliability of an index.  

The correlation analysis is used to assess the extent to which the observed indicator data 
support the defined conceptual framework. Ideally, correlations among factors (indicators or 
aggregates) within every level of the index should be positive and statistically significant, the 
JRC-COIN suggests between 0.3 and 0.92. This condition effectively ensures that the overall 
index scores adequately reflect the underlying indicator values.  

Redundancy, which could be identified by very high correlations (>0.92), should be avoided in 
the framework. This is because if two indicators are collinear, this may amount to double 
counting (and therefore over-weighting) of the aspect that the two indicators measure.  

The figure below shows the correlation coefficients between the 32 indicators contained in the 
EIS, highlighting in boxes those belonging to the same pillar. Many correlations are of adequate 
strength and positive (>0.30). However, a few problematic cases of indicators with weak, if not 
negative, correlations in the EIS framework are identified in the paragraphs below.

 

5  OECD/EC JRC (Organisation for Economic Co-operation and Development/European Commission, Joint 
Research Centre). 2008. Handbook on Constructing Composite Indicators: Methodology and User Guide. Paris: 
OECD. 



 

16 

 
Figure 2: Correlations between the 32 indicators in the EIS 

Source: European Commission’s Joint Research Centre, 2025.  
Note: Numbers represent the Pearson correlation coefficients. Good correlations (i.e. Pearson correlation coefficients greater than 0.30 and lower than 0.90) are 
highlighted in light green. Correlations with low values (here <0.30) are written in grey. Correlations at risk of redundancy (here >0.90) are written in darker green. 

Correlations with meaningful negative value (here -0.30), when present, are highlighted in purple. Boxes highlight indicators which belong under each of the four activities 
of the EIS framework (Framework conditions for innovation, Investments, Innovation activities, and Innovation Impacts) 
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• Indicator 1.3.1 “High-speed internet access” is adequately correlated with only nine 
(29%) of the remaining 31 indicators, while among the remaining correlations two are 
negative and smaller than -0.20, which is close to the meaningful negative value (here 
-0.30) threshold. We see that its positioning within the “Framework Conditions” pillar is 
verified also from a statistical perspective as it correlates well with the remaining 
indicators in that pillar.  

• Indicator 2.2.2 “Non-R&D innovation expenditures” is adequately correlated with only 
six (19%) of the remaining 31 indicators. It is however relatively well correlated with 
other indicators within the “Investments” pillar, while it does not show any meaningful 
negative correlations.  

• Indicator 4.1.1 “Sales of product innovations” is adequately correlated with only six 
(19%) of the remaining 31 indicators. It is also weakly correlated with the other 
indicators belonging to the “Impacts” pillar, which suggests that it may capture an 
aspect of innovation “Impacts” that is not concurrent with that of the other “Impact” 
indicators. 

• Indicator 4.2.3 “High tech imports from partners outside of the EU27” is adequately 
correlated with only three (10%) of the remaining 31 indicators, while among the 
remaining correlations two are negative and smaller than -0.20, which is close to the 
meaningful negative value threshold. It is also weakly correlated with the other 
indicators belonging to the “Impacts” pillar.  

These results suggest that these four indicators do not entirely cooperate with the others, but 
they are rather measuring an aspect of innovation systems that is more distant. Nonetheless, 
most of these indicators can transfer an adequate amount of their information in the SII. Figure 
3, shows the correlations of the 32 indicators with the SII. We see that the correlation of three 
of the above indicators range from 0.30 to 0.34, which, albeit low, is satisfactory. Indicator 4.2.3 
“High tech imports from partners outside of the EU27” has a relatively weaker correlation of 0.2 
with the SII. Given that this is a newly included indicator, the JRC-COIN would like to suggest 
that it be closely monitored in future editions of the EIS for signs of possible deterioration of its 
association with the other indicators and the SII. 

4.2. Correlation analysis of multi-level (hierarchical) SII 

With the aim to better appreciate the statistical coherence of the entire theoretical framework 
introduced by the developers, the JRC-COIN recalculated the SII assuming a multi-level 
aggregation framework, in which the 32 indicators are first aggregated in 12 sub-pillar scores, 
which are then aggregated into four pillar scores.  Lastly, these four pillar scores are aggregated 
to obtain a “multi-level” version of the SII. In such a multi-level framework, correlations between 
the factors (indicators/aggregates) aggregated within each level to obtain the next level 
aggregate are quite important, as they set the tone for information transmitted into the next level 
aggregate. The latter is then reflected in the correlations of the factors with their immediate 
aggregate.   

4.2.1. Correlation analysis between indicators within each sub-pillar 

In Figure 4, the correlations between indicators within each of the 12 sub-pillars are shown (by 
means of the black boxes. The values of the correlation coefficients with each back box, which 
capture the internal statistical coherence of each sub-pillar, are in general quite adequate. For 
all sub-pillars but one (4.3 “Resource and labour productivity”) most or all the correlations among 
their indicators are above the 0.3 threshold. However, the indicators within sub-pillar 4.3 can 
transfer their information in an adequate way to the sub-pillars, as their correlations with it range 
from 0.65 to 0.78 (see Figure 5).   
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Figure 3: Correlations between indicators and the SII 

 
Source: European Commission’s Joint Research Centre, 2025.  

Note: Numbers represent the Pearson correlation coefficients. Good correlations (i.e. Pearson correlation 
coefficients greater than 0.30 and lower than 0.90) are highlighted in light green. Correlations with low values 
(here <0.30) are written in grey. Correlations at risk of redundancy (here >0.90) are written in darker green. 

Correlations with meaningful negative value (here -0.30) are highlighted in purple. 

4.2.2. Correlation analysis between aggregates 

Figure 6 shows the correlation coefficients between the 12 sub-pillars, highlighting in boxes 
those belonging to the same pillar. The statistical results further corroborate the developers’ 
choice of the sub-pillars for the EIS framework and complement the conceptual coherence of 
their placement within their respective pillars: 

• Correlations within each pillar are positive and for all sub-pillar pairs but two they are 
also larger than 0.30. Correlations between sub-pillars 3.1 and 3.3 and between sub-
pillars 4.1 and 4.2 are smaller but still positive. For the latter pair of pillars (for which 
correlation is 0.14, the lowest among sub-pillars of the same pillar), this is related to 
the weaker statistical relations between indicators in the two sub-pillars (see Figure 4). 

• The correlations are in general quite balanced, except for the two aforementioned 
cases. For example, within pillar 1 “Framework conditions”, sub-pillar correlations range 
between 0.77 and 0.88, while between pillar 2 “Investments” they range between 0.59 
and 0.70. This is an important attribute as it suggests that in most of the cases, 
information form sub-pillars is reflected in their respective pillar in a balanced way, and 
there is not a particular sub-pillar dominating the pillar. 
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Figure 4: Correlations between indicators with each SII activity 

1. Framework conditions for innovation 2. Investments 

 

 

3. Innovation activities 4. Innovation Impacts 

 

 

Source: European Commission’s Joint Research Centre, 2024.  
Note: Numbers represent the Pearson correlation coefficients. Good correlations (i.e. Pearson correlation 

coefficients greater than 0.30 and lower than 0.90) are highlighted in light green. Correlations with low values 
(here <0.30) are written in grey. Correlations at risk of redundancy (here >0.90) are written in darker green.  
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Figure 5: Correlations between indicators and their aggregates in a counterfactual “multi-level” SII 

 
Source: European Commission’s Joint Research Centre, 2025.  

Note: Numbers represent the Pearson correlation coefficients. Good correlations (i.e. Pearson correlation 
coefficients greater than 0.30 and lower than 0.90) are highlighted in light green. Correlations with low values 
(here <0.30) are written in grey. Correlations at risk of redundancy (here >0.90) are written in darker green. 

Correlations with meaningful negative value (here -0.30) are highlighted in purple. 

Figure 7 shows the correlation coefficients between the 4 pillars that would emerge if SII was 
aggregated hierarchically. All pillars are adequately and in a balanced way correlated with each 
other. Correlations range from 0.88 between “Investments” and “Framework conditions” and 
0.75 between “Impacts” and “Innovation activities”.  

In general, the results from this sub-section confirm that the conceptual validity of the 
EIS framework, namely the developers’ choice of underlying indicators and their partition in 
sub-pillars and pillars, is strongly corroborated by the framework’s statistical structure. There 
are very few cases of correlations that are weakly correlated with others, but they manage to 
transform their information adequately to the SII.  In addition, the statistical analysis of 
correlations in the counterfactual SII verifies that the positioning of indicators within sub-pillars 
and pillars is statistically robust. It also highlights that a hierarchically aggregated SII would be, 
from the statistical point of view, a very coherent and robust alternative.  The JRC-COIN would 
like to suggest keeping the four indicators which show weak correlations with the rest of the EIS 
framework under a closer scrutiny for signs of potential additional divergence in future editions 
of the EIS.  
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Figure 6: Correlations between sub-pillars in the same pillar in a counterfactual “multi-level” SII 

 
Source: European Commission’s Joint Research Centre, 2025.  

Note: Numbers represent the Pearson correlation coefficients. Good correlations (i.e. Pearson correlation 
coefficients greater than 0.30 and lower than 0.90) are highlighted in light green. Correlations with low values 
(here <0.30) are written in grey. Correlations at risk of redundancy (here >0.90) are written in darker green.  

Figure 7: Correlations between the pillars in a counterfactual “multi-level” SII 

 

Source: European Commission’s Joint Research Centre, 2025.  
Note: Numbers represent the Pearson correlation coefficients. Good correlations (i.e. Pearson correlation 
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coefficients greater than 0.30 and lower than 0.92) are highlighted in light green. Correlations with low values 
(here <0.30) are written in grey.  

4.3. Principal components analysis and added value of the 
Summary Innovation Index 

As a further step in the analysis of statistical coherence, principal components analysis (PCA) 
was used to confirm the presence of one single statistical dimension among the four pillars of 
the SII. Technically, the expectation of this analysis is that there is only one principal component 
with an eigenvalue greater than 1, or only one principal component explaining more than 70% 
of the variance. In practice, the achievement of these thresholds suggests the presence of a 
common, unidimensional phenomenon underlying the pillars.  

In an initial PCA analysis involving all the 32 indicators, a very strong first principal component 
was identified, having an eigenvalue of 13.6 and explaining 42.6% of the variance in the SII. 
The analysis identified other four principal components with eigenvalues significantly larger than 
one (ranging from 3.2 to 1.4). These first five principal components explain cumulatively 70.4% 
of the variance in SII. The existence of more than one principal components in this initial analysis 
suggests that there may be up to five distinct sub-concepts represented within the SII, which 
connects to the SII structure of 4 pillars and to the earlier observation that the indicators within 
the fourth pillar are moderately correlated, suggesting that the indicators within this pillar might 
reflect more than one distinct concept.  

To better appreciate the robustness of the conceptual structure of the SII, a PCA analysis was 
also undertaken for the counterfactual hierarchically aggregated SII and its four pillars. In this 
analysis, the first principal component (PC1 or Dim 1) is the only one with an eigenvalue 
significantly higher than 1 (PC1 = 3.45, PC2 = 0.25) and explains about 86.3% of the total 
variation, while the second principal component explains an additional 6.3%. Figure 8 illustrates 
the projections of the SII pillars onto the plane spanned by the first two principal components in 
a ‘factor map’.  

The directions of the four arrows (each representing one of the four pillars) highlight that all four 
pillars reflect congruent facets of the same underlying phenomenon. This reflects again the 
findings of the correlation analysis outlined above, in which the fours pillars were shown to be 
adequately correlated and balanced with each other. These findings show that, as highlighted 
above, a hierarchically aggregated SII would be a very coherent and robust index from a 
statistical point of view.  

In some cases, high statistical association among the main components of an index can be due 
to the redundancy of information, in that different components of a composite index essentially 
measure the same phenomenon. Whether this occurs can be investigated by checking whether 
each individual component tells a somewhat different story about country performance 
compared to the index itself. As is shown in  

Table 4, this is the case for the SII. The Table presents the share of countries for which the SII 
ranking differs from the ranking of an individual indicator by up to five positions, five to 15 
positions, or more than 15 positions. It highlights that for most of the indicators in the SII (27 out 
of 32), there is at least 30% of the sample countries for which the EIS ranking and the ranking 
of the indicator differ by 5 positions or more. 

This result suggests that the ranking of the SII highlights aspects of countries’ innovation 
systems that do not naturally emerge by looking at the 32 indicators individually. There are five 
indicators (1.2.1 “International scientific co-publications”, 1.2.2 “Top 10% most cited 
publications”, 3.2.2 “Public-private co-publications”, 3.3.1 “PCT patent applications”, 4.3.3 
“Labour productivity”) which are relatively more aligned with the ranking of the SII. For those 
indicators about 75% to 80% of the countries show a difference in rank of 5 or fewer positions 
compared to the SII. 
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Figure 8: Factor map of the four pillars and comparison with the counterfactual “multi-layer” SII 

 

Source: European Commission’s Joint Research Centre, 2025. 

Table 4: Distribution of differences in country ranks based on the SII and its 32 indicators 

Shift in rank 
with respect to 
SII 

More than 
30 

positions 

15-30  
positions 

more than 5 
positions 

5-15  
positions 

Up to 5  
positions 

0 positions 

DocGrad 0% 5% 35% 30% 50% 15% 

TertEd 3% 13% 63% 48% 35% 3% 

LifeLearn 0% 0% 40% 40% 38% 23% 

IntPub 0% 3% 20% 18% 70% 10% 

Top10Pub 0% 0% 23% 23% 73% 5% 

ForeignDoc 0% 5% 50% 45% 40% 10% 

HighSpeed 3% 13% 50% 35% 43% 8% 

DigiSkill 3% 0% 33% 30% 63% 5% 

RDExpPub 0% 8% 38% 30% 60% 3% 

VCExp 0% 8% 38% 30% 58% 5% 

GovSupRD 0% 15% 53% 38% 48% 0% 

RDExpBus 0% 3% 43% 40% 50% 8% 
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Shift in rank 
with respect to 
SII 

More than 
30 

positions 

15-30  
positions 

more than 5 
positions 

5-15  
positions 

Up to 5  
positions 

0 positions 

NonRDInnExp 8% 20% 58% 30% 35% 8% 

InnExp 5% 3% 43% 35% 58% 0% 

CloudComputing 3% 5% 48% 40% 50% 3% 

ICTSpec 0% 3% 40% 38% 55% 5% 

SMEProdInn 8% 3% 45% 35% 50% 5% 

SMEBusInn 0% 18% 58% 40% 43% 0% 

SMECollab 0% 8% 40% 33% 48% 13% 

PubPriPubs 0% 0% 20% 20% 68% 13% 

Job2JobMob 3% 10% 43% 30% 50% 8% 

PCTPat 0% 0% 25% 25% 60% 15% 

TradmkApps 0% 23% 60% 38% 40% 0% 

DesApps 0% 18% 50% 33% 48% 3% 

SalesInn 3% 20% 63% 40% 30% 8% 

EmpInnEnt 0% 13% 45% 33% 48% 8% 

ExpMedHiTech 0% 28% 63% 35% 38% 0% 

ExpKnowServ 0% 10% 48% 38% 50% 3% 

HighTech 0% 23% 65% 43% 35% 0% 

ResProd 0% 13% 35% 23% 63% 3% 

CO2 0% 8% 50% 43% 40% 10% 

LabProd 3% 0% 25% 23% 65% 10% 

Source: European Commission’s Joint Research Centre, 2025. 
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5. Impact of modelling assumptions on the SII 
results 

One of the most important steps in the statistical analysis of a composite indicator is to evaluate 
the effect of different modelling assumptions on the resulting country rankings. A composite 
index is the result of the modelling choices made to construct it and despite the efforts in the 
development process, there is an unavoidable subjectivity (or uncertainty) in the resulting 
choices. This subjectivity can be explored by comparing the results obtained under different – 
alternative – assumptions. 

The relevant literature6 suggests assessing the robustness of the index by means of a Monte 
Carlo simulation and by applying a multi-modelling approach. This process assumes ‘error-free’ 
data as possible errors have already been corrected in the preliminary stage of the index 
construction before the audit.  

The SII, like most composite indicators, is the outcome of several choices. Among other things, 
these choices include: (i) the underlying theoretical framework; (ii) the indicators selected; (iii) 
the imputation of missing values; (iv) the treatment process for outlying observations; (v) the 
weighting scheme; (vi) the normalisation method; and (vii) the aggregation method. Some of 
these choices may be based on expert opinion or other consideration driven by statistical 
analysis or the need to ease communication or draw attention to specific issues. 

This section aims to test the impact of varying some of these assumptions within a range of 
plausible alternatives in an uncertainty analysis. The objective is therefore to try to quantify the 
uncertainty in the ranks of the EIS, which can demonstrate the extent to which countries can be 
differentiated by their scores. 

The modelling issues considered in the robustness assessment of the EIS are the aggregation 
formula, the data treatment (outliers, imputation, and normalisation), and the pillars’ weights. 
The following paragraphs deal with each of these in turn.  

Aggregation formula. The SII is obtained as the arithmetic average of its 32 underlying 
indicators. Arithmetic aggregation assumes perfect compensability between outstanding 
performance and weak results, in that a decrease in a (normalized) indicator can be perfectly 
offset by an increase of equal magnitude in another. To assess the impact of this choice, the 

JRC-COIN included in the analysis a comparison with three alternative aggregation functions 

which are variants of the generalized mean: 

𝑀𝑝(𝑥1, … , 𝑥𝑛) = (
1

𝑛
 ∑ 𝑥𝑖

𝑝

𝑛

𝑖=1

)

1/𝑝

 

In which the exponent p can be used to control for the level of compensability allowed in the 
aggregation. The arithmetic mean corresponds to a generalized mean with p=1, while if p=0 the 
generalized mean converges to the geometric mean. The JRC-COIN considered three 
alternatives with p=0.75, p=0.5 and p=0.25 respectively, each of which implies a limited level 
compensability compared to the arithmetic mean. In these alternatives, countries showing 
unbalanced performances are being increasingly penalized as p decreases.  

 

6 Saisana, M., B. D’Hombres, and A. Saltelli. 2011. ‘Rickety Numbers: Volatility of University Rankings and Policy 
Implications’. Research Policy, 40: pp. 165–177. 

 Saisana, M., A. Saltelli, and S. Tarantola. 2005. ‘Uncertainty and Sensitivity Analysis Techniques as Tools for the 
Analysis and Validation of Composite Indicators’, Journal of the Royal Statistical Society A 168 (2): pp. 307–
323. 
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Outliers. The SII developers use a two-step outlier detection process where in a first step the 
values of each indicator that are outside the range [𝑚 + 2𝜎, 𝑚 − 2𝜎] where m is the mean and 
σ is the standard deviation of the indicator are trimmed to the nearest larger (smaller) 
observation, and in a second step indicators for which skewness is above 1 are treated by 
square root transformation. As an alternative to this, the JRC-COIN considered the two-step 
outlier treatment suggested by the JRC/OECD (2008) Handbook, in which indicators that 
simultaneously have absolute skewness higher than 2.0 and kurtosis higher than 3.5 are first 
treated via winsorisation of up to five data points, while in a second step, if the skewness and 
kurtosis values are still simultaneously above the specified thresholds, then the indicator is 
treated through a natural logarithm transformation. 

Imputation. The SII uses interpolation and last-carry-forward imputation, while values missing 
for countries over the entire period considered are not imputed. These methods are commonly 
used and often provide a fair approximation of missing data. The JRC-COIN considered two 
alternative imputation approaches. The first is the median imputation, in which missing values 
in an indicator are imputed with the median of the observed values for the same indicator. This 
provides an alternative to the often-used mean imputation which is not sensitive to very high 
values. The second alternative considered is the k-nearest-neighbours algorithm. This algorithm 
imputes the average value of k ‘most similar’ cases. The JRC-COIN team used the five nearest 
cases, with nearness computed as the Euclidian distance on all other indicators in the dataset.  

Normalisation. The SII uses the min-max normalisation that normalizes the treated data to the 
[0,1] range. As an alternative, the JRC-COIN considered the z-score transformation. To ensure 
comparability between the ranges of the normalized data, the z-score transformed data were 
centred around a mean of 0.5 with a standard deviation of 0.15. 

Weights. The weights are the result of a random extraction based on uniform continuous 
distributions centred in the reference values plus or minus 25% of these values. 

5.1. Uncertainty analysis 

Models were tested combining the different aggregation formulas and data treatment methods, 
in a total of 1 000 runs of simulations, each using each time a different set among the simulated 

sets of weights. A summary of the alternative methodological choices considered is given in 
Table 5. 

The main results obtained from the robustness analysis are shown in Figure 10 with median 

ranks and 90% intervals computed across the 1 000 Monte Carlo simulations. Countries are 

ordered from first rank to last according to their original SII rank, where each blue dot represents 
the median rank among the iterations for each country, and error bars represent the 90% interval 
across all simulations, i.e., from the 5th to the 95th percentile.  

The SII ranks are shown to be robust to changes in the SII modelling choices for all the countries. 
This robustness is exemplified by the number of uncertain parameters (five, reflecting the 
aggregation method, outlier treatment, imputation, normalisation, and indicator weights) 
considered in the Monte Carlo simulation. To provide a more detailed explanation of this 
robustness, let us suppose that one decides to consider the median rank across the simulated 
scenarios as being representative of these scenarios. In this case, the fact that the SII rank is 
very close to the median rank (less than three positions away) for all the 40 considered countries 
suggests that the SII represents a suitable summary measure of the different scenarios 
tested. Furthermore, the reasonable narrow interval for the countries’ ranks (5 or less positions 
for all 40 countries) imply that country ranks are also quite robust to changes in the indicator 
weights and other modelling assumptions. This robustness is enough to allow for meaningful 
inferences to be drawn for all the countries considered in the SII. For full transparency and 
information,  
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Table 6 reports the country ranks together with the simulated intervals (central 90 percentiles 

observed among the 1 000 scenarios) to appreciate better the robustness and behaviour of 

specific countries with respect to perturbations.  

Table 5: Alternative assumptions considered in the robustness analysis 

  Reference Alternative(s) 

II. Imputation 
Interpolation and last-carry forward I. k-nearest-neighbours 

  II. Median imputation 

II. Outliers treatment 

2-strep treatment:  
(1) winsorisation of points +/- 2 S.D. 
from the mean,  
(2) square root transformation if 
winsorised indicator has skewness > 1 

2-strep treatment:  
(1) winsorisation up to 5 points if 
indicator does not pass the skewness-
kurtosis test,  
(2) logarithmic transformation if 
winsorised indicator does not pass the 
skewness-kurtosis test 

III. Normalisation min-max normalisation 
z-score normalisation 
(mean = 0.5, SD= 0.15) 

IV. Weighting system of 
indicators 

Fixed weights  Varying up to 25% 

1/32 = 0.031 U[0.023;0.039] 

V. Aggregation formula  
  
  

Arithmetic average I.   Generalised power mean, p = 0.75 

(equivalent to generalised power mean 
with p = 1) 

II.  Generalised power mean, p = 0.50 

III. Generalised power mean, p = 0.25 

Source: European Commission’s Joint Research Centre, 2024.  
 Note: The skewness-kurtosis test checks whether an indicator displays simultaneously an absolute value for 

skewness greater than 2 and a value for kurtosis greater than 3.5.  

5.2. Sensitivity analysis 

The uncertainty analysis is also complemented by two exercises of sensitivity analysis. In the 
first step, the JRC-COIN conducted a local sensitivity analysis, in which the SII rankings and 
score distributions are compared to those resulting from specific changes in the modelling 
assumptions, namely after changing a single modelling assumption of those mentioned in Table 
5 with one of the alternatives. The comparison between the nominal and simulated SII ranking 
makes it possible to inquire whether the variability in the rank intervals originates from the 
assumptions underlying this modelling step (e.g., aggregation) and alternative considered (in 
the case of more than one alternative). Considering also the distributions of SII scores along 
with differences in rankings is important because SII scores are used by the EIS developers to 
classify countries into four performance groups (Innovation Leaders, Strong Innovators, 
Moderate Innovators, and Emerging Innovators). It is therefore important in this regard to 
evaluate whether SII scores change significantly when different modelling choices are 
employed. 

The analysis considers the alternatives for outlier treatment, imputation, normalisation, and 
aggregation presented in Table 5 with the addition of another aggregation alternative, namely 
one that aggregates the 32 indicators hierarchically to sub-pillars, pillars and the SII using 
arithmetic aggregation and equal weights across the aggregated indicators/aggregates at each 
level. The results of this analysis are presented in Table 7 which presents several metrics used 
to test whether the distributions of SII scores and rankings between the nominal SII and the 
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alternatives differ in a statistically significant way. Regarding the distributions of SII scores, the 
non-parametric Kolmogorov–Smirnov test (Conover, 1999) and the Li test (Li, 1996) are 
employed. In both, the null hypothesis is “equality” of the two distributions of SII scores. 
Regarding the SII rankings, the JRC-COIN team calculated the Spearman and Kendall 
correlations and the average change in ranks between the nominal SII ranking and each of the 
alternatives.  

Figure 9: Robustness analysis on ranks (SII rank vs median rank and 90% intervals) 

 

Source: European Commission’s Joint Research Centre, 2025. 
Note: Labelled countries show an interval of at least five positions. 

The results in the left panel of Table 7 suggest that the SII distributions are robust to changes 
in the assumptions about outlier treatment, indicator normalisation, imputation of missing data, 
and aggregation. In all cases but one, both the KS and the Li test fail to reject the null hypothesis 
of equality between the nominal SII distribution and its alternative. When normalisation is 
considered, results are ambiguous as the Li test rejects the null hypothesis of equality, but the 
KS test fails to do so. Overall, these results suggest that the SII distributions are not particularly 
sensitive to alternating modelling choices, and thus they allow for meaningful inferences to be 
drawn regarding country classification into performance groups.  

The results in the left panel of Table 7 suggest that the same holds for the SII rankings. The 
Spearman and Kendall correlations between the nominal SII ranking and all the alternatives 
considered are very high and statistically significant. The lowest value is 0.928 for the Kendall 
correlation between the nominal SII ranking and the one obtained using the generalized mean 
with p= 0.25, which is the one penalizing the most potential unbalanced performances across 
indicators. In addition, average change in ranks is in all cases but one below 1 position, 
suggesting that the SII rankings do not significantly change when different scenarios are 
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considered regarding data imputation, outlier treatment, indicator normalisation, and 
aggregation function. The same holds for the consideration of a hierarchical aggregation of SII.     

 

Table 6: SII ranks and 90% intervals from 1000 simulation runs 

Country Code Nominal Median Q5 Q95 CI Range 

Switzerland CH 1 2 1 3 2 

Sweden SE 2 1 1 2 1 

Denmark DK 3 3 2 3 1 

Netherlands NL 4 4 4 4 0 

Finland FI 5 5 5 7 2 

United Kingdom UK 6 7 5 9 4 

Belgium BE 7 6 5 8 3 

Norway NO 8 9 7 11 4 

Ireland IE 9 8 6 9 3 

Luxembourg LU 10 10 9 13 4 

Iceland IS 11 13 11 15 4 

Germany DE 12 11 10 13 3 

Austria AT 13 12 9 13 4 

France FR 14 14 12 15 3 

Estonia EE 15 14 13 15 2 

EU27 EU27 16 16 15 16 1 

Slovenia SI 17 18 17 19 2 

Malta MT 18 18 17 21 4 

Spain ES 19 19 17 21 4 

Italy IT 20 20 18 21 3 

Portugal PT 21 20 18 21 3 

Lithuania LT 22 22 22 23 1 

Cyprus CY 23 23 22 24 2 

Czechia CZ 24 24 23 24 1 

Greece EL 25 25 25 29 4 

Croatia HR 26 26 25 27 2 

Hungary HU 27 27 25 28 3 

Poland PL 28 28 27 28 1 

Slovakia SK 29 29 28 29 1 
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Country Code Nominal Median Q5 Q95 CI Range 

Turkey TR 30 31 30 31 1 

Latvia LV 31 30 30 31 1 

Serbia RS 32 32 32 35 3 

Bulgaria BG 33 33 32 37 5 

Montenegro ME 34 34 32 35 3 

North Macedonia MK 35 35 33 36 3 

Romania RO 36 38 36 40 4 

Albania AL 37 36 35 37 2 

Ukraine UA 38 37 33 38 5 

Bosnia & Herzegovina BA 39 39 38 40 2 

Moldova MD 40 40 38 40 2 

Source: European Commission’s Joint Research Centre, 2025. 

Table 7: Local sensitivity analysis of SII distributions and rankings to alternative modelling choices. 

 Distributions of SII Country rankings 

modelling choice 
Kolmogorov–
Smirnov (KS) 
test 

Li test 
Spearman’s 
rank 
correlation 

Kendall’s 
Tau  

Average 
change in 
country 
ranks 

Imputation      

k-nearest neighbours 
(k=5) 0.100 -1.111 0.999*** 0.977*** 0.25 

median imputation 0.125 -0.763 0.995*** 0.959*** 0.75 

Outlier treatment      

JRC combined 
skewness and kurtosis 
test 0.175 -0.651 0.998*** 0.977*** 0.45 

Normalisation      

z-score (mean=0.5, 
SD=0.15) 0.300* 3.228*** 0.999*** 0.985*** 0.30 

Aggregation (1)      

Generalized mean, 
p=0.75 0.100 -1.145 0.998*** 0.979*** 0.35 

Generalized mean, 
p=0.50 0.125 -0.908 0.995*** 0.959*** 0.70 

Generalized mean, 
p=0.25 0.150 -0.402 0.989*** 0.928*** 1.20 

Aggregation (2)      

hierarchical 
aggregation 0.075 -1.187 0.997*** 0.969*** 0.60 
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Notes: The KS test is the KS-statistic for the null hypothesis of equality of distribution functions. The Li test 
refers to the Li (1996) statistic for the null hypothesis of equality of distributions. The JRC combined skewness 
and kurtosis test checks whether an indicator displays simultaneously an absolute value for skewness greater 
than 2 and a value for kurtosis greater than 3.5. Three, two, and one star denote statistical significance at 1%, 

5%, and 10% level. Average change in country ranks is computed over absolute rank differences following 
Saisana et. al. (2005). 

The second type of sensitivity analysis considered by the JRC-COIN is a global sensitivity 
analysis by means of variance-based techniques, following the relevant literature (Saisana et 
al., 2005; Saltelli et al., 2008). This analysis uses Monte Carlo simulations to decompose the 
variance in SII ranks to the variance stemming from modelling assumptions. In total, 7 000 runs 
of simulations were run considering alternative combinations of data imputation, outlier 
treatment, indicator normalisation, aggregation function, and weights. From those, the JRC-
COIN estimated first-order or Sobol sensitivity indexes (Sobol, 1993) as well as total effect 
sensitivity indexes (Saltelli et al., 2008) for the SII ranks (Table 8). The former represent the 
share of the total variance in SII ranks that can be attributed to a particular modelling parameter 
and they can be interpreted as the reduction in the variance of SII ranks that would be achieved 
if the modelling parameter was held constant. The latter account also for the effect on SII ranks 
that a particular modelling parameter has when it interacts with other modelling parameters. 
These results can shed light into which are the factors that are mostly responsible for the rank 
deviations and confidence intervals observed in  

Table 6. 

Table 8 suggests that the modelling choice for data imputation is the factor affecting the most 
SII ranks, followed by the aggregation function. However, the total effect of aggregation is more 
than doubled when considering its interactions with other modelling choices. On the other hand, 
the effect of alternative weights sets is the lowest one, while the alternative normalisation choice 
appears to affect the SII ranks only when additional modelling choices are also varied. These 
results can be of potential use when considering potential changes in the way the SII is 
developed in future editions, because they highlight the modelling assumptions that are 
expected to have the largest effect on SII ranks if changed. For example, given that the first-
order sensitivity index for the weights is less than 10% (0.096) this suggests that departing from 
the equal weights and considering weights falling within the [0.023;0.039] interval for each of 
the 32 indicators would have a very limited effect on country SII rankings. 

Table 8: First-order and total sensitivity indices of SII ranks regarding different modelling choices 

Modelling choice Si (Sobol, 1993) STi (Saltelli et al., 2008) 

Imputation 0.372 0.416 

Treatment 0.108 0.151 

Weights 0.096 0.124 

Normalisation 0.005 0.229 

Aggregation 0.220 0.477 
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6. Conclusions 

This document concerns the statistical analysis conducted by the JRC-COIN team on the 
revised 2025 edition of the EIS and its summary innovation index (SII).  The EIS is 
multidimensional monitoring framework developed for more than two decades by the European 
Commission, Directorate-General for Research and Innovation, with the aim to provide a 
comparative assessment of the research and innovation performance of European countries 
(including the EU Member States) and their global partners. The JRC statistical audit delves 
into the extensive work carried out by the European Commission to ensure the transparency of 
the index methodology and the reliability of the results, and suggest, where needed, 
improvements in terms of data characteristics, structure and methods used. 

The JRC-COIN analysis investigated issues related to the data coverage of the framework, the 
treatment of outliers, its statistical coherence, and the robustness of country rankings and 
scores to the modelling choices conducted by the developers. The results of this analysis are 
summarised below: 

• The data coverage of the EIS framework is excellent. After replacing missing values 
though interpolation and carry-over, only 4% of the data points for a given year are 
missing. In addition, all indicators except one draw mainly on data from 2022 onwards. 
Indicator 3.2.3. “Job-to-job mobility of HRST” mainly draws data from 2020, and for this 
reason the JRC-COIN would suggest having a special focus on the timeliness of this 
indicator and potentially consider revising it in future editions if more recent data years 
do not become available.  

• There are five countries with missing data for four to 8 indicators, while there is one 
country (Ukraine) missing data for 10 of the 32 indicators (data coverage 68.8%). The 
JRC-COIN would like to suggest having a special focus on this country’s data coverage 
in next EIS editions. 

• The developers’ choice of using the square root transformation for each indicator with 
a skewness larger than one can result in unavoidably reducing the information -in terms 
of discriminatory power- contained in them. JRC would like to suggest adopting an 
alternative criterion for applying the square root transformation, namely a combined 
threshold of 2.0 for absolute skewness and of 3.5 for kurtosis. A detailed analysis 
revealed that the use of this criterion would reduce the number of indicators treated by 
square root transformation from four to one.   

• The results from the statistical coherence analysis confirm that the conceptual validity 
of the EIS framework, namely the developers’ choice of underlying indicators and their 
partition in sub-pillars and pillars, is strongly corroborated by the framework’s statistical 
structure. There are four indicators (1.3.1 “High-speed internet access”, 2.2.2 “Non-
R&D innovation expenditures”, Indicator 4.1.1 “Sales of new innovations”, and 4.2.3 
“High tech imports from partners outside of the EU27”) do not entirely cooperate with 
the others, in that they have mostly weak or (small) negative correlations with other 
indicators. However, they can transfer an adequate amount of their information in the 
SII. The JRC-COIN would like to suggest keeping these indicators under a closer 
scrutiny for signs of potential additional divergence in future editions of the EIS.  

• The JRC analysed a series of different choices made during the construction of the SII. 
The uncertainty analysis results reveal that the EIS is a quite robust summary measure 
for all the considered countries. The simulated rank confidence intervals are narrow 
enough for meaningful inferences to be drawn from SII for the sample countries, as for 
all of them the median rank is less than three positions away from the nominal SII rank, 
while rank intervals have a width of at most 5 positions. 
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• In addition, sensitivity analysis confirms that the distributions of SII scores are not 
particularly sensitive to alternating modelling choices, and thus they allow for 
meaningful inferences to be drawn regarding country classification into performance 
groups. 

Considering the points above, the JRC-COIN statistical audit confirms that the EIS is a reliable 
monitoring tool with very good statistical coherence, from which robust inferences can be drawn 
regarding country performance in terms of innovation. It represents a well-developed and well-
maintained highway towards evidence-based innovation policymaking. 
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The European Innovation Scoreboard (EIS) ranks countries’ innovation 
systems using 32 indicators in a Summary Innovation Index (SII). This 
statistical audit carried out jointly by JRC-COIN confirmed its robustness and 
reliability, though improvements in indicator integration and interrelationships 
were also recommended, such as enhancing information transfer from 
individual indicators to the SII and analysing interrelationships among 
indicators to strengthen the monitoring framework. 
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