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1 Introduction

What causes these significant gaps in ideas, income, and productivity? And what could be

done to close this gap? Economic complexity methodology elaborates on these questions.

When used in the innovation context, it gives us tools on how policies can address current

development challenges while considering the natural limits to knowledge creation and dif-

fusion, as well as the complex nature of productive activities. Economic complexity approach

posits that effective innovation policies should be place-based and multidimensional, leverag-

ing countries’ existing capabilities and addressing countries’ current problems. This contrasts

policies that lead to economic efficiencies, such as copying other countries’ solutions to prob-

lems that countries do not currently have.

The economic complexity framework can shed some light on how to address these dif-

ferent motivations by conceiving industrial, science, and innovation policies as part of a pro-

cess of knowledge diversification. Under the economic complexity framework, the final goal

of policy interventions is to maximize economic development by diversifying the set of ca-

pabilities (letters) so that economies can create more complex products (longer words). It

acknowledges the role of the existing capabilities available in a territory, as knowledge di-

versification is embedded in a path-dependence process, in which the current knowledge can

limit the possibilities to develop new technologies (Hidalgo et al., 2018). However, the role of

policy interventions is to help economies identify and develop the capabilities that generate

the most binding constraints to growth (Hausmann et al., 2008), even if they are not part of

the adjacent set of opportunities or differ from the natural path dependence process. In this

way, economies can modify their fate and escape from the traps imposed by their existing set

of capabilities (Balland et al., 2019).

Initial applications of the economic complexity framework was built using international

trade data (Hausmann & Klinger, 2006; Hidalgo et al., 2007; Hidalgo & Hausmann, 2009;

Hausmann et al., 2014). However, innovation capabilities can reveal themselves in other do-

mains such as scientific publications and patents. Scientific publications offer insights into

the ideas that mainly originated from scientific research. It captures the nascent ideas from
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academia and basic research institutions that might underpin future productive innovations.

Although not all scientific knowledge leads to productive innovations, as it is not its primary

goal, a significant share of productive innovations originated from basic science (Mazzucato,

2015; Gruber & Johnson, 2019).

Patents are an indicator of invention, one of the intermediate steps of the innovation

process. It assesses the potential transformation of ideas into market products. An economy

that consistently generates patents in a sector likely has productive know-how and capabilities

in that sector. Even though we recognize the limitations of using patent data, it remains a

valuable source for gauging innovative trajectories.1

This methodology paper introduces and applies economic complexity metrics to describe

global trends of innovation complexity. It extends concepts from the economic complexity

framework on trade to the analysis of scientific and technological progress, measured through

scientific publications and patents. Following Hausmann et al. (2014), Hausmann et al. (2024a)

and Moscatelli et al. (2024), we discuss measures of capabilities used in these three domains.

The definitions here are based on country-level data on scientific publications, patents and

international trade but they can easily be extended to the subnational settings.

Here, based on the complexity variables, we develop three types of indices to capture a

locations resilience, complexity and potential. These measures can be used by policymakers

to assess the performance of their locations in the light of economic complexity framework.

The rest of this paper is organized as follows. In Section 2, we provide some motivation

behind the usage of different economic complexity metrics, especially in the policy context.

Section 3 reviews the literature. Section 4 describes our data sources. Section 5 gives defini-

tions and formalizes the most used economic complexity variables and Section 6 concludes.

1As the use of patents varies by several factors (e.g., industry, firm size, type of innovation, among others)
(Mezzanotti & Simcoe, 2023; Cohen et al., 2000; Levin et al., 1987; Harabi, 1995), the statistical inference based on
patent data is limited. In addition, patenting practices can differ across countries and may respond to strategic
behaviors (Lemley & Shapiro, 2007; Golden, 2007; Henkel, 2022).
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2 Motivation

The economic complexity framework requires thinking about transversal policy objectives

and designing the learning mechanisms that solve the most binding constraints to growth.

Under this approach, coordination of science, innovation, and industrial policy is required to

develop the letters (capabilities) that would allow the creation of longer words (more com-

plex products). Considering the rules that govern know-how, which require concentration

of activities, and the financial limitations, which determine the bandwidth of simultaneous

interventions, countries should design tailored solutions to address the most pressing bind-

ing constraints by groups of productive activities. This requires the coordination of actors

and institutions from multiple domains but who are part of a limited space and share some

common general interests. Moreover, it involves the creation of mechanisms that can identify

the most binding constraints, correct them, and learn from the difficulties found in previous

interventions. Isolated interventions or copying solutions to problems they do not have is less

effective than developing the mechanisms to produce local know-how to correct their own

binding constraints.

Technology represents the knowledge that we harness to reshape our physical and social

environments. It has grown tremendously over the past centuries, as illustrated by the increas-

ing volumes of books, scientific papers, and patents. Yet our individual capacity to compre-

hend it remains static. Hence, we increasingly specialize as individuals and distribute knowl-

edge across counterparts. Over time, such knowledge ends up in tools, machines, equipment,

and so on (embodied knowledge). At the same time, we codify what we know and convert

it into forms that can be shared through documentation, standardization, and classification

(codified knowledge). Yet a large part of our knowledge is what Michael Polanyi called ‘tacit,’

which is much harder to codify.

Figure 1 illustrates a framework where the economic complexity approach could be ap-

plied in the design of industrial or innovation policy. Two axes in the figure show the at-

tractiveness and feasibility of innovation domains such as industries, technology classes, or

scientific fields in a given location. Feasibility captures the capability or know-how overlap
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Figure 1: Attractiveness and Feasibility
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Source: Reprinted from Innovation Policies Under Economic Complexity (p. 25), by R. Hausmann et al., 2024, Growth
Lab Working Paper Series (No. 234). Reprinted with permission.

between the location and the innovation field of interest and is calculated by the share of

proximities that are present in the location for the field. This measure is often captured by

the relatedness density (Hidalgo et al., 2018). The second axis, attractiveness, could stem from

many attributes, such as the complexity of the field or the growth of the field. In the smart spe-

cialization approaches, for instance, complexity metrics are often used (Balland et al., 2019).

But another attractiveness feature that could be utilized is the complexity outlook gain (COG)

measure (Hausmann et al., 2014), which captures how much an innovation field brings other

high-complexity entities closer to the location’s capability base. We can think of attractive-

ness measures like PCI and growth as a one-step ahead feature, whereas COG addresses a

two-steps ahead dimension because it is about how much closer all other fields become closer.

An industry, a technology class, or a scientific field that a location is not active in would

fall into one of the four quadrants in Figure 1. If an entity falls into the first quadrant, it

is both highly attractive and feasible. Hence, we expect these industries to appear in the

location without in need of much intervention. The second quadrant consists of innovation

fields that are feasible but not highly attractive. Generally, locations do not employ industrial

or innovation policy to address the fields in this quadrant. The third quadrant has both low

attractiveness and low feasibility. This quadrant is not also a part of desirable sets of the

innovation policies. The fourth quadrant, on the other hand, harbors the innovation fields

that are highly attractive but not feasible. Especially for many emerging market economies,
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many attractive innovation fields fall into this quadrant. In combination with the absence of

many opportunities absent in the first quadrant, the locations need to utilize the break the

vicious cycle.

In addition to its prognostic usage, the framework captured in Figure 1 could also be

used for diagnostic purposes. In particular, by analyzing the attractiveness-feasibility map of

a location in previous years, a policymaker could identify innovation fields that were both

feasible and attractive in the previous years but not yet appeared in the location. With this

tool in hand, the policymaker could identify market failures that impeded the diversification

process. For example, for an innovation field that was in the first quadrant but had not ap-

peared yet, the policymaker could gather information from other innovation fields that share

capabilities with the field of interest to uncover where the market failures are and address

them through industrial or innovation policy.

We extend the traditional economic complexity measures to multi-dimensions by inte-

grating various innovation domains. Our multidimensional approach builds on three primary

sources of information that offer a comprehensive view of the innovation process: scientific

publications, patents, and international trade (Figure 2). Scientific publications capture the

creation of knowledge that could translate into scientific capabilities. Patents unveil the in-

ventions that could translate into technological capabilities. International trade data reveal

the current industrial capabilities of an economy. Together, these three measures provide a

more extensive and complementary view of the complex nature of the innovation process,

based on the capabilities present in a location.

3 Literature Review

Economic complexity literature has grown exponentially in recent years. Here, we will focus

on the literature directly related to the concepts that we introduce in this methodology paper.

For a more comprehensive review of the field, we would like to refer the readers to Balland et

al. (2022) and Hidalgo (2021).
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Figure 2: A multidimensional view of innovation capabilities
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Source: Adapted from Global Trends in Innovation Patterns: A Complexity Approach (p. 5), by R. Hausmann et al.,

2024, Growth Lab Working Paper Series (No. 235). Changed with permission. Our updated multidimensional

view of innovation capabilities considers four types of capabilities: scientific, technological, entrepreneurial, and

industrial capabilities. Hence, we analyze data on four types of activities: research, as measured in scientific

publications; invention, as measured in patents; branding as measured in trademarks; and industrial production,

as measured in trade data.

Hausmann & Klinger (2006) is the first paper that introduces the concept of proximity to

capture relatedness between the products using the export data to define the "product space."

This paper also develops the idea of "density" as a measure of distance between capability

requirements of a product and capability endowments of a country. Hidalgo et al. (2007) vi-

sualized the proximity as a network to map the product space. Hidalgo & Hausmann (2009)

describes and iterative process that aims to capture the extent of capability requirements of

products and capability endowments and locations that give rise to the product complexity

index (PCI) and economic complexity index (ECI) for locations. The iterative process is trans-

formed to an eigenvector problem in Hausmann et al. (2014) complemented with many formal

tests of growth and diversification.
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The idea of relatedness has since been tested in many different settings and is now called

the principle of relatedness (Hidalgo et al., 2018; Hausmann et al., 2022; Li & Neffke, 2023):

the process of diversification tends to favor activities that are more closely related to each

other. Neffke & Henning (2013), for instance, applied this logic to job transitions where every

tree is an occupation and a monkey is a person, and the question is how do people move

between jobs? People tend to move to jobs that have similar skill requirements.

The metric of the economic complexity index (ECI) was first introduced by Hidalgo &

Hausmann (2009), where they applied it using international trade data. Since then, it has been

applied to several other domains, including industries, occupations, patents, and scientific

publications. Economic complexity calculations have previously been extended to patents

(e.g., Balland & Rigby, 2017) and to scientific publications (e.g., Balland & Boschma, 2022),

directly applying the economic complexity metric calculations introduced by Hausmann et

al. (2014). We compute similar metrics, but we adjust our definition of activity presence to

address the pronounced concentration of patents and scientific publications in a few countries.

The standard approach is to use Bela Balassa’s (Balassa, 1965) concept of revealed comparative

advantage (RCA), which he applied to international trade, and say an activity is present when

its RCA is greater than 1. When applied to patents or scientific publications this method gives

low RCA values to the places that are its main producers. Modifying the standard approach,

we consider an activity to be present in a country not only if it has RCA>1, but also if it is one

of the n largest producers in that scientific field or technology class, where n is the effective

number of producers (i.e. the inverse of the Hirschman-Herfindahl index).

Following Balland & Rigby (2017), several studies have extended economic complexity

methods to develop related metrics under various names, for our considered innovation do-

mains (Broekel, 2019; Balland et al., 2019; Sbardella et al., 2022; Stojkoski et al., 2023). For

example, Balland & Rigby (2017) use the term “Knowledge Complexity Index” to refer to

their complexity metric derived from patent data. In this paper, we denote all these metrics

as Economic Complexity Indexes (ECIs), while mentioning their particular innovation dimen-

sion (scientific research, invention, and production). Stojkoski et al. (2023) refer to their metric

as ECI, apply the ECI algorithm directly to international trade, patents, and scientific publica-
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tions claiming to employ a multidimensional approach, and use these ECI measures together

to explain growth, inequality, and emissions. Inspired by ECI, Tacchella et al. (2012) devel-

oped another set of metrics, namely country fitness and product quality, using international

trade data by rewarding diversity and heavily penalizing products produced in less diverse

locations. Although the methodology is not guaranteed to converge and has biases against

small but productive countries, it has been adopted to measure the fitness of locations and

quality of technology classes using patent data (See, for example, Straccamore et al., 2023).

The literature introduced several measures to capture capabilities and their relations (Haus-

mann et al., 2024a; Moscatelli et al., 2024). First, a country’s capabilities can be revealed by the

concept of Revealed Comparative Advantage (RCA) (Balassa, 1965). The RCA provides infor-

mation to identify broad trends in the production and geographical distribution of scientific,

technological, and industrial outcomes. Second, metrics that capture an economy’s degree

of sophistication and knowledge accumulation rely on generalized versions of the Economic

Complexity Index (Hausmann et al., 2014; Hidalgo & Hausmann, 2009) and are used to exam-

ine the relationship between complexity and economic growth. Third, measures that exhibit

the temporal evolution of capabilities and the process of scientific and technological diver-

sification. Those measures capture the overlap between the capabilities (i.e., relatedness),

generalizing the product space methodology (Hidalgo et al., 2007) developed for products

in international trade to scientific fields and technological classes (Balland & Boschma, 2022;

Petralia et al., 2017). Finally, the interplay among scientific, technological, and industrial ca-

pabilities are explored (Pugliese et al., 2019; Balland & Boschma, 2022; Catalán et al., 2022;

Moscatelli et al., 2024; Hausmann et al., 2024a). They are used to explore the potential for

countries to achieve complex technologies based on their scientific and industrial capabilities.

Formal tests of related diversification relies on "density regressions," in which density

measures the extent to which an activity is surrounded by related activities in a country. The

expectation is that the more related activities there are for a particular activity, the more likely

that activity is to appear because of similar capabilities. At the same time, unrelated activities

are more likely to disappear. These patterns would align with similar density regressions of

other studies (Hidalgo et al., 2007; Neffke et al., 2011; Hausmann et al., 2022; Balland et al.,
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2019; Balland & Boschma, 2022; Li & Neffke, 2023).

Countries are thus specialized in very different areas when it comes to trade, patents,

and scientific publications. However, do these areas relate to each other? How do scientific

capabilities, for instance, translate into economic capabilities? Moreover, how does scien-

tific output relate to patenting? They may not be directly correlated and may not co-evolve

together. Furman et al. (2002) show that patenting activity across countries correlates with

scientific publications, but not every publication necessarily leads to patenting. Several pre-

vıous studies have explored the connections across different domains. For example, using

a multi-layered network approach, Pugliese et al. (2019) combine information embedded in

international trade, technology classes, and scientific fields based on co-location of these ac-

tivities in countries with time delays to uncover which activities precede others. Balland &

Boschma (2022) and Catalán et al. (2022) build density measures based on relatedness metrics

across these domains at the country and regional co-location patterns, respectively, to uncover

the patterns of related diversification across domains. Our companion paper, Moscatelli et al.

(2024), builds on this literature. Our approach here is complementary to these previous stud-

ies, with relatedness measures built on citations between technology classes and scientific

publications, or products and patents being produced by the same firms within and across

domains.

The development of capabilities of countries is correlated across economic activities, sci-

ence, and technologies. Existing activities in each area are predictive of future activity in other

areas. Our results align with similar findings of technological diversification of countries by

Petralia et al. (2017), as well as the relationship at the regional level between science and tech-

nology by Balland & Boschma (2022) and Shin et al. (2023). They also reinforce findings of

case studies analyzing the co-evolution of industrial and academic domains in regions by

Lehmann & Menter (2016) and Kenney & Mowery (2020).

Coniglio et al. (2021) and Pinheiro et al. (2022) highlight the importance of unrelated di-

versification for faster growth. Especially for countries with a limited number of capabilities,

a sustained unrelated diversification to a new innovation field could trigger further diver-

sification opportunities. Nevertheless, the related diversification measure’s highly predic-
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tive power of disappearances in highlighted in Hausmann et al. (2022) and Hausmann et al.

(2024a) show that many unrelated diversification events often become futile. Hence, there is

a greater risk of failure associated with unrelated diversification events, and this risk must be

carefully assessed by entrepreneurs and policymakers.

As highlighted in (Hausmann et al., 2024b), fostering knowledge infusion from elsewhere

is essential to foster diversification. Neffke et al. (2018) found that regional structural change

comes not so much from incumbent firms but from entrepreneurs and expanding existing

firms, particularly when they come from elsewhere. Similarly, more recently, Miguelez & Mor-

rison (2023) find that immigrant inventors foster technological diversification by developing

new technological specializations, which, in turn, are transferred from the home country to

the host region. Increasing evidence highlights the importance of the movement of brains - for

instance, through migration (Morrison, 2023) - for the structural transformation of economies.

4 Data Sources

We rely on data from OpenAlex (Priem et al., 2022) in all our computations related to scien-

tific publications. Although most bibliometric databases, including OpenAlex, claim to have

global coverage of scientific publications, we are aware that they do not contain representative

data for all countries. Hence, the global trends presented here may reflect biases in coverage,

which may disproportionally affect countries in the global south.2

Our patent data has been compiled by WIPO, combining data from multiple sources,

primarily EPO’s Patstat 2023 and WIPO’s PatentScope. Trade datasets, from which we extract

export data, serve as a benchmark and primarily show the current industrial capabilities of

an economy. This information reveals what is feasible for a nation to produce and where it

stands in the global economic landscape. Our trade data comes mainly from international

data collected by UN COMTRADE from customs offices and further cleaned by Bustos et al.

2Most bibliometric databases, including OpenAlex, still have poor coverage of non-English documents, local
journals, and journals that are only available in print (Ansorge, 2023). As those characteristics are not randomly
distributed across countries (e.g., non-English speaking countries may disproportionally write non-English arti-
cles), scientific publication data may not be fully representative of the geographic distribution of scientific knowl-
edge.
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(2024). This cleaning procedure tries to account for differences in data reported by exporters

and importers, as well as the quality of data reporting by various countries.

In the three considered datasets, we analyze data at the country level for the period 2000-

2020. We focus on countries to describe global trends, but we acknowledge that the design of

particular innovation policies requires analysis at more disaggregated levels. Moreover, our

study period is not large enough to understand the dynamics of all the stages of innovation

processes, which in some cases can span multiple decades and require a more detailed assess-

ment of how individual ideas are transformed into final products. However, it allows us to

assess the current state of scientific, technological, and industrial capabilities, as well as pro-

vide insights into their geographical distribution, degree of sophistication, recent evolution,

and potential connections.

As we focus on measuring the capabilities of each country, we assign scientific publica-

tions, patents, and exports to the places where they are produced. For scientific publications,

we assign papers to countries based on the location of their authors’ institutional affiliations.

For patents, we rely on the location of the listed inventors in a patent family. For exports,

we use the exporter’s location from a cleaned version of UN COMTRADE data (Bustos et al.,

2024). When measuring the number of scientific publications and patents in a country, we

compute fractional counts based on the number of distinct countries, not on the number of

different authors or inventors. Furthermore, to make patent data internationally compara-

ble, when we refer to patent counts, we count international patent families (Miguelez et al.,

2019), and not individual patent applications. In addition, we apply a series of filters to re-

move countries for which the data on a particular dimension is not meaningful for statistical

analysis.

4.1 Patent data

We rely on patent data compiled by WIPO, which builds primarily on EPO’s Patstat 2023a and

WIPO’s PatentScope datasets. Although our patent data has worldwide coverage of patent

offices and inventors’ locations, the statistical inference based on raw patent data counts is
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limited for most developing countries. As shown in the accompanying paper (Hausmann

et al., 2024b), patent production is highly concentrated in a few countries and limited (or

even non-existent) in most of the developing world. These differences in patenting do not

necessarily imply that countries with zero patents have no technological capabilities, as patent

usage responds to differences in, for instance, industries, firm size, and strategic behaviors

(Mezzanotti & Simcoe, 2023). Moreover, there are some concerns about the comparability

of patents filed in different patent offices, which limits international comparisons. For these

reasons, our analyses:

• Only count international patent families, as defined by Miguelez et al. (2019). That is,

“inventions for which the applicant has sought patent protection beyond its home patent

office. This definition also includes patent applications by applicants filing only abroad,

filing only through the PCT system, or filing only at the EPO” (Miguelez et al., 2019, p.

4).

• Only include countries with over 100 international patent families after the year 2000 (as

indicated by their year of earliest filing).

• Only consider countries with a population over 1 million.

• Only include technologies (IPC4 subclasses) that appear in at least ten countries.

4.2 Scientific publication data

Scientific publication data comes from OpenAlex (Priem et al., 2022). We rely on a snap-

shot of OpenAlex from January 2023. We chose OpenAlex for measures of scientific publica-

tions and citation counts due to its open availability, comparability with MAG, and relatively

high global coverage (Jiao et al., 2023). OpenAlex was launched in January 2022, following

the closure of Microsoft Academic Graph (MAG), which had been an important source of

openly available data for bibliometric analyses (Wang et al., 2020). Several studies have vali-

dated the usefulness of MAG, and compared it to other existing data sources such as Google

Scholar, Scopus, and Web of Science (Wang et al., 2019; Harzing & Alakangas, 2017; Thelwall,
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2017; Martín-Martín et al., 2021). Some evidence indicates a general consensus between these

databases regarding citation counts, but the criteria for inclusion of papers and classification

of document types seem to be inconsistent (Scheidsteger et al., 2023; Jiao et al., 2023). While

MAG has lower publication and citation coverage compared to Google Scholar across most

disciplines, it has higher coverage as compared to Scopus and Web of Science (Martín-Martín

et al., 2021; Harzing & Alakangas, 2017; Thelwall, 2017; Huang et al., 2020). OpenAlex was

intended to be MAG’s immediate successor and has improved upon MAG’s coverage, even

for overlapping years of coverage (Scheidsteger & Haunschild, 2022).

4.3 Clustering

The OpenAlex taxonomy contains 4,516 research topics distributed across 26 scientific fields.

To facilitate analysis at a higher level of aggregation, we reduced this to approximately 700

topic clusters while preserving the relative distribution of topics across fields.

Determining the Number of Clusters. The target number of clusters per field was calcu-

lated proportionally to maintain the original topic distribution.

Semantic Embedding Generation. Topic summaries from the OpenAlex taxonomy were

converted into numerical vector representations using a large language model.3 These embed-

dings position semantically similar topics close together in vector space, enabling quantitative

comparison of topic content.

Clustering. Topics were grouped within each scientific field using the K-Means algo-

rithm, a standard unsupervised machine learning method that partitions observations into

clusters by minimizing within-cluster variance.4

Cluster Labeling. Each cluster was assigned a descriptive label generated by a large lan-

guage model.5 The model analyzed sample topic summaries from each cluster and identified

3We used OpenAI’s text-embedding-3-large model, which produces 3,072-dimensional vectors capturing
semantic similarity between texts.

4Embedding vectors were L2-normalized prior to clustering to ensure Euclidean distance corresponds to co-
sine similarity. K-Means was configured with 10 random initializations and 300 maximum iterations. Clustering
quality was evaluated using silhouette scores.

5GPT-4 was prompted with up to 20 sample topic summaries per cluster and asked to produce a concise label
(maximum 8 words) capturing the common theme.
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the overarching research theme they share.

4.4 Filtering

Due to the automated nature in which OpenAlex collects information on scientific publica-

tions, it does not incorporate the data quality filtering mechanisms used in other databases,

such as Scopus. However, it offers a potential advantage in providing broader global cov-

erage. To address potential data quality issues, we implement the following procedure for

filtering OpenAlex data:

• Only consider countries with over 5000 publications after the year 2000.

• Only include countries with a population over 1 million.

• Only include scientific fields for a given country in RCA calculations if there are over

five publications in that field from that country.

• Only include scientific fields with over ten total publications in 2020.

Additionally, to calculate ECI values, we add a condition that a paper must have received

at least five citations to be included in country counts.

It is important to note that we do not apply these filters when analyzing distributions and

inequality patterns, as certain countries may have limited publication output, and excluding

them could skew our analyses.

4.5 Trade data

We use data on international trade from Bustos et al. (2024), who clean trade data from UN

COMTRADE. This cleaning approach improves data quality by accounting for mismatches in

reporting by exporters and importers. Furthermore, we only consider countries listed in the

Atlas of Economic Complexity and products included in the product space (Hausmann et al.,

2014; Harvard’s Growth Lab, 2023).
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4.6 Trademark data

We use international trademark filings from the WIPO Global Brand Database, covering granted

applications across multiple jurisdictions. To categorize trademark descriptions into mean-

ingful thematic groups, we employed a multi-stage clustering approach that combines text

embeddings with unsupervised machine learning. Each trademark description was first con-

verted into a numerical vector re presentation using a neural language model.6 These high-

dimensional embeddings capture semantic similarities between descriptions, allowing trade-

marks with related meanings to be positioned closer together in the embedding space.

The clustering was performed separately within each NICE class to preserve the structure

of the international trademark classification system while identifying finer-grained thematic

distinctions within each class.7 For each NICE class, we applied K-Means clustering, yielding

approximately 780 distinct clusters across all 45 NICE classes, with broader classes such as

Class 42 (scientific and technological services) naturally producing more sub-clusters than

narrower classes.

To generate interpretable labels for each cluster, we employed a large language model to

analyze representative trademark descriptions from each group and produce concise thematic

labels.8 This resulted in cluster labels such as “Natural and Synthetic Filling Fibers”, “Insect

and Pest Control Products” and “Electronic Control and Monitoring Devices”, enabling intu-

itive interpretation of the clustering results.

4.7 Other data sources

We use the World Bank’s World Development Indicators (WDI) database to source data on

population, and GDP.

6We used OpenAI’s text-embedding-ada-002 model, which produces 1,536-dimensional vectors. Embeddings
were L2-normalized prior to clustering.

7The NICE Classification is the international system for classifying goods and services for trademark registra-
tion, comprising 45 classes (34 for goods, 11 for services).

8We used GPT-4 to generate labels of up to six words based on samples of 20–30 trademark descriptions per
cluster.
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5 Complexity Variables

Here, we introduce various concepts frequently used in the study of economic complexity.

We present our definitions and interpretations within the context of international trade, while

also highlighting their applicability to technology and scientific outputs.

Besides international trade and products, we apply these concepts to scientific and tech-

nological ideas. We create scientific field spaces based on data from scientific publications and

technology spaces based on patenting data. We explore various definitions of relatedness.

Further, we quantify the sophistication involved in innovating in various scientific fields and

technologies and chart paths of least resistance for countries to move towards more complex

scientific fields and technologies.

All our observations are at the country level, denoted by c. We start with three types of

country-level data, namely trade, invention, and scientific outputs. For the trade data, we de-

note the value of trade by country c in industry (product) i with Xci. For the invention data, Pct

represents the number of patents in technology class t by country c. For the scientific output,

Sc f is the number of publications by country c in scientific field f . Finally, for trademarks, we

will use Ecn is the number of trademarks by country c in trademark field n. Whenever needed,

to illustrate the time dimension, we will add y as an index to show the year.

Below, we will use the international trade data to describe the relevant variables, and

these definitions can easily be extended to other spaces. For our derived variables, such as the

Economic complexity, we will use superscripts of X, P, S or E to reflect the source of the data.

5.1 Who makes what

5.1.1 Smoothing the data

In our calculations, to minimize the year to year variations, we use a rolling window of 5

years.

19



5.1.2 Comparative Advantage

Originally, many complexity variables relied on the binary presence/absence of industries

in locations. These binary variables are generated via comparing the country’s production

level to a benchmark, which gives comparative advantage measures. RCA calculations are all

done within each dimension (i.e., we calculate RCA values separately for Science, Technology,

Entrepreneurship and Production (trade) dimensions).

Revealed Comparative Advantage (RCA) (Balassa, 1965) is a metric that determines a

country’s relative advantage or disadvantage in producing a specific product compared to

other nations. Essentially, if a country has an RCA greater than one for a product, that country

has a comparative advantage in producing that product.

The comparative advantage measures, including RCA, have the following common struc-

ture:

Rci = Xci/X̂ci,

where X̂ci is the expected level of trade value in the country. RCA assumes that the expected

level of trade of country c in industry i should be proportional to the share of country c in

world exports. We denote the total exports of country c as Xc, total exports of product i as Xi

and total trade in the world with XW , Mathematically, these can be written as:

Xc ≡ ∑
i

Xci, Xi ≡ ∑
c

Xci and XW ≡ ∑
c

∑
i

Xci.

With these in hand, we can write the expected value of the exports of country c in industry i

as:

X̂ci = Xi
Xc

XW
.

Therefore, the RCA measure is defined as:

RCAci ≡
Xci/Xi

Xc/XW
=

Xci/Xc

Xi/XW
=

XciXW

XcXi
.

We normalize the RCA values by a transformation that takes a value between 0 and 1.
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Therefore, we use:

R̂CAci =
RCAci

RCAci + 1
.

Another comparative advantage value uses the population share of a country c while

calculating the expected trade. Mathematically, this accounts to:

X̂ci = Xi
popc
popW

,

where popc captures the population of country c and popW captures that of the world. The

Revealed per capita advantage (RpCA) is defined as:

RpCAci ≡
Xci/Xi

popc/popW
.

Similar capping to the RpCA can be applied using the population shares of countries and

trade shares of the products.

We use the normalized RCA and RpCA to create an index that takes advantage of both

measures. In particular, we define:

R̃CAci ≡
(

R̂CAci

)α (
R̂pCAci

)1−α
,

where α ∈ [0, 1] is the weight of the measure. We use α = 0.5 in our calculations.

When we binarize the data, we use RCA. But in many instances, we revert to a normalized

version of RCA to take advantage of its continuous nature. In particular, economic complexity

measures are built with the normalized values.

5.1.3 Binary presence/absence matrix

Many complexity calculations require defining a presence/absence matrix. Comparative ad-

vantage measures, such as RCA, provide a good basis for such calculations. In particular, we

assume that the country has all the necessary capabilities (letters) for making a product if it

competitively exports the product with a comparative advantage value larger than 1. Mathe-
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matically, we define the country presence/absence matrix, M, as follows:

Mc,i =


1 if RCAci ≥ 1

0 otherwise.

This simple definition has a caveat, especially for invention and scientific output datasets.

For example, a country like the United States is active in almost all technology classes or scien-

tific fields, but because of the nature of the RCA variable, some of them would be considered

as absent because of the threshold of 1 even though the US could be among the top inventors

or publishers in the field. To circumvent this issue, we add an additional criterion allowing

us to assign a presence value if the country is among the top-ranked countries in a technology

class, a scientific field or a trademark field. The effective number of countries active in a field

could be defined as the inverse Herfindahl–Hirschman Index (HHI):

1
nt

≡ HHIt ≡ ∑
c

(
Pct

Pt

)2

,

where Pt is the total number of patents in the technology class globally. Let’s define rankct as

the rank of country c in technology class t. Then, the updated MP matrix is defined as:

MP
c,t =


1 if (RCAct ≥ 1 and rankct ≤ 3 ∗ nt) or (rankct ≤ nt)

0 otherwise.
(1)

We make sure that the countries are among time 3 ∗ nt to eliminate very small numbers of

output in a field dependent manner. A similar modification is done for the presence/absence

matrix for scientific output, MS.

5.2 Diversity and Ubiquity

With binary presence/absence matrix -M- in hand, we can define the economic complexity

metrics. Two fundamental concepts, diversity and ubiquity, intertwine closely with the pres-
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ence / absence matrix. While diversity assesses the range of products a country produces

with a comparative advantage, ubiquity evaluates how widespread a product is among all

countries. Both offer insights into a nation’s productive capabilities and global demand.

First, we define diversity as the number of products that a country has a presence in.

Mathematically, we define diversity, kc,0, as:

kc,0 ≡ ∑
i

Mci.

Similarly, the ubiquity of a product is defined as the number of countries making the product:

ki,0 ≡ ∑
c

Mci.

Highly complex countries have relatively high diversity, and highly complex products are

made by fewer countries exhibiting lower ubiquity levels. These measures could be consid-

ered the zeroth order approximation to the complexity levels (hence the zero in their sub-

script).

Since we have multiple dimensions of Science, Technology, Entrepreneurship and Pro-

duction (trade), when we compare across fields, we normalize the measures. In particular:

k̂c,0 ≡ kc,0

Ni
,

where Ni is the number of fields.

On ICO 2026, diversity and ubiquity are featured, for instance, in Figures 2.3 and Table

2.2.

5.3 Linking Dimensions and Time

We create normalized RCA and M matrices within each dimension for Science, Technology,

Entrepreneurship and Production (trade). For the complexity calculations below, we combine

them along the country dimension to create a one “capability” matrix for whole innovation
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ecosystems. With some abuse of notation, we will call these matrices RCA and M matrices

below. We can write these matrices as:

M = [MS MT ME MP] and RCA = [R̃CA
S

R̃CA
T

R̃CA
E

R̃CA
P
].

Note that each RCA and M matrix has dimension of NC × NF where NF is the total number of

fields in Science, Technology, Entrepreneurship and Production (trade) dimensions.

When we compare the complexity variables over time, we of then fix the complexity of

the fields but allow countries complexity to change over time. To achieve this, we stack the

yearly RCAy and My matrices to create a one giant matrix that has country, year in the rows

and fields for all dimensions in the columns.

gRCA =


RCA1

...

RCAY,

 gM =


M1

...

MY


where Y is the total number of years. Hence, gRCA and gM matrices are (NCY)× NF dimen-

sional.

5.4 Economic Complexity and Product Complexity Indexes

The Economic Complexity Index (ECI) measures the sophistication and knowledge accumu-

lation of an economy. It captures an economy’s ability to produce a wide variety of complex

products. Higher values of ECI signify that an economy produces diverse products that are

less commonly manufactured globally, revealing depth in knowledge and capabilities.

The Economic Complexity Index (ECI) and the Product Complexity Index (PCI) are cal-

culated as refinements to diversity and ubiquity measures. Hidalgo & Hausmann (2009) in-

troduce these measures as an iterative process with the following:

kc,n =
1

kc,0
∑

i
Mciki,n−1 and ki,n =

1
kc,0

∑
c

Mcikc,n−1.
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This iterative process has a trivial solution where all complexity variables are equal to each

other. If we focus on the component driving the difference between countries, this process

results in the following specification that gives us ECI and PCI:

ECIc =
γ

kc,0
∑

i
MciPCIi and PCIi =

γ

ki,0
∑

c
MciECIc,

where γ is a constant that will be determined below. We can write these equations in terms

of matrix equations. First, we define the matrix D (U) as the diagonal matrix whose diagonal

elements correspond to the diversity (ubiquity). Hence:

ECI = γ D−1 M PCI and PCI = γ U−1 M† ECI.

Combining these two equations yields:

ECI = γ2 D−1 M U−1 M†︸ ︷︷ ︸
≡M̃

ECI.

Mathematically, we define ECI as the eigenvector corresponding to the second largest eigen-

value (λ2) of the matrix M̃ with γ = (λ2)−1/2.

With these normalization, ECI of a country could be compared to the PCI of a product. In

particular, these normalizations allow us to write:

ECIc =
1√

λ2kc,0
∑

i
MciPCIi and PCIi =

1√
λ2ki,0

∑
c

MciECIc.

For example, with these normalization, we can compare ECI of a country like Argentina to the

PCI of a scientific publication such as artificial intelligence.

Another diversion from Hausmann et al. (2014) is that we do not standardize (i.e., subtract

mean and divide by the standard deviation) ECI and PCI. But ECI and PCI are robust to a

multiplicative factor.

Above, we explain the complexity calculations with M matrix. But all these calculations

could also be done with RCA, gRCA and gM matrices. In our baseline classification we of-
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ten use RCA. When we need to compare the complexity values over time, we rely on gRCA

matrix.

On ICO 2026, ECIs and PCIs are presented as ecosystem complexity and capability com-

plexity, respectively in several figures and tables (Figure 1.3, Figure 2.4, 2.7, Table 3.1, etc.).

5.5 Inferring Capability Overlaps

5.5.1 Relatedness

Relatedness examines the shared capabilities, skills, and know-how necessary for producing

two different products. Two products are considered more related if countries that competi-

tively produce one product are also frequently competitive in the other.

Relatedness or proximity measure captures the capability overlap between products, be-

tween technology classes, or between scientific fields. In the international trade data, we

infer the capability overlaps through the co-location of exports. In particular, we measure the

probability of a country exporting a product i given that the country already exports i′. To

minimize the error, we take the minimum of these conditional probabilities between these

products. Mathematically, the proximity between to products, i and i′ is:

ϕii′ =
∑c Mci Mci′

max(ki,0 , ki′,0)
. (2)

We can filter the overlaps that are not different from an expectation that stems from a

Bernoulli distribution. For example, if field i is made by 50% of the countries, and field j is also

made by 50% of the countries, then we would expect 25% of the countries to overlap if they

were distributed randomly. We posit that the random overlaps do not add information. That

is why we devised a mechanism to eliminate the overlaps that are not significantly different

with 95% confidence from a Bernoulli expectation. In particular:
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• Overlap between entities i and j is:

Õij = ∑
c

Mci Mcj

• To determine if the overlap is significant, we can define the expected overlap:

Ôij =
kik j

NC

and the standard deviation of the overlap:

σij =

√
kik j(N2

C − kik j)

NC

With these can filter out non-significant overlaps:

Oij ≡


∑c Mci Mcj if Õij > Ôij + 1.96σij

0 otherwise

• Proximity between entries can be defined from the filtered overlaps as:

ϕij ≡
Oij

max(ki, k j)

The relatedness of products can be visualized on a network called the Product Space. In

the Product Space, products are represented as nodes, and the proximity between products

indicates how often they co-occur in countries’ export baskets, suggesting shared capabilities

in production. On ICO 2026, this is presented as the innovation capability space in Figure 1.2.

5.5.2 Density

We infer the overlap between capabilities present in a location and capabilities required for a

product, a technology class, or a scientific field through a measure called density. The density

measure is calculated as the share of "relatedness" present in a location around a product.

27



Mathematically, we can write the density as defined in Hidalgo et al. (2007):

dci =
∑i′ Mci′ϕii′

∑i′ ϕii′
. (3)

The numerator captures the portion of the related products that are present in the country. If

the country makes products in industries with high relatedness, we expect the density value

to be large. One caveat of the density measure is that if the country makes many products, the

density also increases.

We can also write a density for the continuous RCA-like measures, which Hausmann et al.

(2022) define as implied comparative advantage. This measure is calculated as the weighted

average of RCAs of a country in related products. Mathematically, the implied comparative

advantage measure can be written as:

R̂ci =
∑i′ RCAci′ϕii′

∑i′ ϕii′
.

Density values are presented on ICO 2026 as "relatedness" on Table 3.1 and 3.2.

We can write the density metric as a sum of contributions coming from different dimen-

sions. In particular:

dci =
∑i′∈S Mci′ϕii′

∑i′ ϕii′︸ ︷︷ ︸
Contribution from

Science

+
∑i′∈T Mci′ϕii′

∑i′ ϕii′︸ ︷︷ ︸
Contribution from

Technology

+
∑i′∈E Mci′ϕii′

∑i′ ϕii′︸ ︷︷ ︸
Contribution from
Entrepreneurship

+
∑i′∈P Mci′ϕii′

∑i′ ϕii′︸ ︷︷ ︸
Contribution from

Production

.

Here, i could be from any dimension. We use this decomposition in our report extensively.

5.6 Calculating Expected Outcome (Cross-fertilization)

Calculating expected outcome in any give field of innovation follows the method proposed

by Moscatelli et al. (2026). Based on what they produce on related outputs, economies can

estimate their expected number of innovation outputs in any field. For instance, the number

of patents given the production structure involves the following steps:
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• First, we calculate a normalization factor for each technology class:

ΓX
t =

Tt

∑p Xpϕpt

• With this normalization, the expected output in technology class t in country c is:

TX
t = ΓX

t ∑
p

Xcpϕpt = Tt
∑p Xcpϕpt

∑p Xpϕpt

• Similarly, for scientific fields:

ΓF
t =

Tt

∑ f Ff ϕ f t

and

TF
t = ΓF

t ∑
f

Fc f ϕ f t = Tt
∑ f Fc f ϕ f t

∑ f Ff ϕ f t

In ICO 2026, this indicator appears as innovation potential in Figures 3.4, Figure 3.5, Table

3.3, Table 3.4 and Table 3.5.

5.7 Growth, Entries and Exits

To measure the growth of comparative advantage of a country c in product i, we use the

following growth measure:

Growthci,y−y′ =
Xci,y′

Xci,y
− 1

We define the appearance of a product i in country c as:

Appearanceci,y−y′ =



1 if Mci,y = 0 and Mci,y′ = 1

0 if Mci,y = 0 and Mci,y′ = 0

undefined otherwise

and disappearance as:
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Disappearanceci,y−y′ =



1 if Mci,y = 1 and Mci,y′ = 0

0 if Mci,y = 1 and Mci,y′ = 1

undefined otherwise

5.8 Other Measures

5.8.1 Growth Potential

Another measure that we introduce is the weighted growth of the outputs of a location to

capture the sustainability aspect. Formally, we define the growth sustainability as:

Sustainabilityc = ∑
p

Xcp

Xc

Xp,t+∆

Xp,t︸ ︷︷ ︸
gp,∆

,

where gp,∆ is the growth rate of field p in the world.

5.8.2 Complexity Optimization

ECI measure gives equal weight to the fields that the location is active in. We can also capture

whether the location gives higher weights to complex activities. Formally, the complexity

optimization is given by the PCI values weighted by the output shares

Optimizationc = ∑
p

Xcp

Xc
× PCIp.

The differences between ECI and the Optimization values might highlight discrepancies that

a country can focus on.

In ICO 2026, this indicator appears as capability management in Figure 2.10 and Table

2.5.
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5.8.3 Complexity Outlook Index

This is a measure that captures whether a country is close by to high complexity products/

technologies / fields (Hausmann et al., 2014). Mathematically, it can be defined as:

COIc = ∑
p
(1 − Mcp)dcpPCIp.

In ICO 2026, this indicator appears first as the ease to diversify in complex fields in Figure

3.1 and Figure 3.2. Additionally, a variation is added to define ease to diffuse into complex

ecosystems in Figure 3.3.

COIp = ∑
c
(1 − Mcp)dcpECIc.

5.8.4 Complexity Outlook Gain

This measure is also introduced by Hausmann et al. (2014). It captures the distribution of

different locations on the product space vis-a-vis complex products. Complexity Outlook

Gain is defined as the change in complexity outlook if location c starts makes entity p. We

can define the complexity outlook for location c after it makes entity p with COIc,p. Then the

complexity outlook gain is:

COGcp = COIc,p − COIc.

5.8.5 Growth Outlook Index

This is a variant of Complexity Outlook Index with product attractiveness measure replaced

with its growth rate instead of PCI:

GOIc = ∑
p
(1 − Mcp)dcpgp,

where gp is the global output of this field in last 5 (∆) years.

In ICO 2026, this indicator appears as the ease to diversify in fast growing fields in Figure

3.1 and Figure 3.2. Additionally, a variation is added to define ease to diffuse into fast growing
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ecosystems in Figure 3.3, with growth for each location c considered for the dimension d thta

corresponds to each field p.

GOIp = ∑
c
(1 − Mcp)dcpgd

c ,

6 Conclusion

The proposed complexity measure could help countries (including WIPO member states) ori-

ent through the complex ecosystem while designing innovation policies. As we discuss in

Section 2 above, these metrics can be used to define attractiveness / feasibility dimensions in

multitudes of ways. In addition, the current capability levels of countries revealed through

different metrics could also be captured with the complexity metrics.

To summarize, the complexity metrics can be used to:

i Assess the current level of capabilities of a location in each innovation domain by as-

sessing:

(a) Resilience of capabilities.

(b) Complexity Level.

(c) Overall potential for further diversification.

We have developed several measures in Section ?? that could be applied to each domain.

ii Assess the sophistication and other attractiveness measures for each entity in innovation

domains.

iii Assess the feasibility of each entity in each location through the relatedness metrics.

iv Analyze potential / feasibility trade-offs using cross-domain density measures.

v Integrate attractiveness and feasibility dimensions to capture further diversification op-

portunities.
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Atlas of Economic Complexity9 has some of these dimensions at the country level under

the "Country Profiles" section using international trade data. This could be the starting point

for country profiles for innovation domains.

Policymakers must consider the co-evolution of different cognitive domains and their

interdependencies. Promoting, for instance, the acceleration of certain scientific domains

through public funding may induce positive externalities that increase the likelihood of new

technological capabilities emerging related to those scientific domains. Similarly, the emer-

gence of a technological capability is correlated with countries’ past exports in related do-

mains. Hence, developing complex technologies can leverage existing scientific and industrial

capabilities. Disentangling how these capabilities interact in a given location and identifying

their most binding constraints to grow may boost the presence of positive externalities and

the development of a resilient innovation ecosystem.

9https://atlas.hks.harvard.edu/
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