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Background

Estimation of regional (subnational) input-output systems

Practical matter: how to generate input-output estimates 

for countries where no previous information is available?

MINERVA Project: neighboring countries similarities (is Iraq 

similar to Kuwait and Saudi Arabia?)

Last resource approach: countries’ overall structural 

(sectoral mix) similarities (is Peru similar to Mozambique?)

Average structure of neighbors: does it make any sense?

Ex-post rationale
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Roadmap

Working hypothesis: spatial spillovers generate more 

similar economic structures across countries

Empirical approach: comparative analysis of input-output 

technology matrices using spatial analysis techniques

Data: national tables extracted from the OECD IRIO 

database, which provides for each of the 66 countries in the 

sample a reconciled common sectoral classification

Results: (i) closer economies tend to be more similar than 

distant ones; (ii) over time, closer economies are becoming 

structurally more similar
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Issues

Can we identify proximity dimensions associated with 

countries’ technological similarity?

Can we observe a pattern of technological convergence 

over time?

Does geographical proximity matter for the technological 

similarity between countries?

Do the patterns of holistic similarity prevail at the sector 

level?

Can we find evidence of localized spillovers at the sector 

level?
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Is there any theoretical and empirical support?

There are at least three hierarchical dimensions for 

which space matters for knowledge spillovers and, 

consequently, potential technological convergence

How does geographical proximity between individuals

influence interactive learning and innovation? (Boschma, 

2005)

Knowledge spillovers also benefit from the geographical 

proximity of firms and workers at the local level (Caragliu

and Nijkamp, 2016)

At the country level, technology transfer is also critical to 

technological convergence (UNCTAD, 2014)
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General framework

Consider there are R countries, r = 1, ..., R, which exhaust the 

space of the world economy 

There are C firms, c = 1, ..., C, allocated to J sectors, j = 1, ..., J 

Firms are spatially distributed in the R countries and are 

characterized by a production set 𝑌𝑐 contained in the sectoral 

production set 𝑌𝑗 they belong 

In each country r, the number of firms is given by 𝐶(𝑗)
(𝑟)

, so that 0 ≤

𝐶(𝑗)
(𝑟)

≪ 𝐶 and σ𝑗=1
𝐽 σ𝑟=1

𝑅 𝐶(𝑗)
(𝑟)

= 𝐶

Let 𝐀𝐫 = 𝑎𝑖𝑗
𝑟 be an nxn matrix of direct input coefficients for a 

country economy r, reflecting the sectoral-level technology 

obtained from the aggregation of firm-level production decisions on 

the use of inputs
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General framework (cont.)

To compare the economic structures of two different 

countries, r and s, we define the coefficient of technological 

association, 𝐶𝑇𝐴𝑟𝑠

Using a general metric to compute the holistic dissimilarity 

between two distributions (Isard, 1960), we transform the 𝐀𝐫

and 𝐀𝐬 matrices, normalizing the values of their coefficients to 

their respective total values, such that

෩𝐀𝐫 = 𝑎𝑖𝑗
𝑟 =

𝑎𝑖𝑗
𝑟

σ𝑖𝑗 𝑎𝑖𝑗
𝑟 and ෩𝐀𝐬 = 𝑎𝑖𝑗

𝑠 =
𝑎𝑖𝑗
𝑠

σ𝑖𝑗 𝑎𝑖𝑗
𝑠 so that σ𝑖𝑗 𝑎𝑖𝑗

𝑟 = 1 and

σ𝑖𝑗 𝑎𝑖𝑗
𝑠 = 1
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General framework (cont.)

𝐶𝑇𝐴𝑟𝑠 =
σ𝑖=1
𝐽 σ𝑗=1

𝐽
𝑎𝑖𝑗
𝑟 − 𝑎𝑖𝑗

𝑠

2

Thus, if countries r and s share the same technology, i.e., 

input coefficients are distributed exactly the same way, the 

value for the 𝐶𝑇𝐴𝑟𝑠 will be 0 

In contrast, the more distinct the distributions, its value will 

approach unity

We first use the 𝐶𝑇𝐴𝑟𝑠 to compare, pairwise, the economic 

structures of a subset of countries, ത𝑅, for which we know 

the respective 𝐀𝐫s, for 𝑟 = 1,… , ത𝑅, and ത𝑅 ⊂ 𝑅
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General framework (cont.)

We then use regression analysis to understand some of 

the country-level determinants of technological 

(dis)similarities, focusing on different dimensions of 

proximity 

We regress our estimates for the 𝐶𝑇𝐴𝑟𝑠 within our sample 

on a set of variables aimed to capture geographical and 

institutional proximity between each pair of countries (𝑋𝑟𝑠), 

and country-specific structural characteristics (𝑌𝑟, 𝑍𝑠)

We estimate the following general model:

𝐶𝑇𝐴𝑟𝑠 = 𝑓 𝑋𝑟𝑠, 𝑌𝑟,𝑍𝑠 for 𝑟 ≠ 𝑠 = 1, … , ത𝑅, and ത𝑅 ⊂ 𝑅
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General framework (cont.)

We are particularly interested in the results for geographical 

proximity, which will inform on the specification of the spatial 

weights matrix, W

We can then move to the next step, which is the calculation of 

the spatial lag of each country’s ෩𝐀𝐫, 𝑾𝐫෩𝐀𝐫, and compare a 

country’s economic structure, given by its technical coefficients 

matrix, with that of its neighboring countries by calculating the 

𝐶𝑇𝐴𝑟𝑠, where s represents a set of nearby countries, so that

𝐶𝑇𝐴𝑟𝑠 =
σ𝑖=1
𝐽 σ𝑗=1

𝐽 𝑎𝑖𝑗
𝑟 − 𝑤𝑟𝑠 𝑎𝑖𝑗

𝑠

2

with 𝑠 ∈ ҧ𝑆 and ҧ𝑆 ⊆ ത𝑅 is the subset of country r’s neighboring 

countries
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General framework (cont.)

We rely on a computational approach based on permutation 

inference procedures to determine whether a country’s 

economic structure is more similar to its neighbor’s 

We build a reference distribution of the value for the 𝐶𝑇𝐴𝑟𝑠
under the null hypothesis of spatial randomness so that a 

pseudo-p-value can be calculated (Anselin, 1995)
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Sectoral technology

We also compare the elements of a column vector of the 𝐀𝐫

matrix for the different countries in the sample 

For each sector j, we define column-standardized vectors, ෙ𝑨𝒋
𝒓, 

such that:

ෙ𝑨𝒋
𝒓 = �ු�𝑖𝑗

𝑟 =
𝑎𝑖𝑗
𝑟

σ𝑖 𝑎𝑖𝑗
𝑟 and ෙ𝑨𝒋

𝒔 = �ු�𝑖𝑗
𝑠 =

𝑎𝑖𝑗
𝑠

σ𝑖 𝑎𝑖𝑗
𝑠 so that σ𝑖 �ු�𝑖𝑗

𝑟 = 1 and  

σ𝑖 �ු�𝑖𝑗
𝑠 = 1, ∀ j = 1, ..., J

We can then assess similarities and dissimilarities between 

countries r and s in their sectoral mix of inputs using the 

coefficient of technological association calculated for a given 

sector j:

𝐶𝑇𝐴𝑟𝑠
𝑗
=
σ𝑖=1
𝐽

�ු�𝑖𝑗
𝑟 − �ු�𝑖𝑗

𝑠

2
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Data

We use information from the 2021 edition of OECD Inter-

Country Input-Output (ICIO) tables which consolidates a 

common classification of 45 sectors based on ISIC 

Revision 4 

Tables are provided for 66 countries for the years 1995 

to 2018

For each country and each year, we build a time series of 

𝐀𝐫 matrices that provide the direct coefficient inputs 

consolidated across all different geographical sources, i.e. 

for each sector it provides the technical recipe of inputs 

mix irrespective of the origin of the inputs
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Geographical coverage
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1. Can we identify proximity dimensions 
associated with countries’ technological similarity? 
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1. Can we identify proximity dimensions 
associated with countries’ technological similarity? 
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1. Can we identify proximity dimensions 
associated with countries’ technological similarity? 
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2. Can we observe a pattern of technological 
convergence over time?

We regress the average growth rate of the 𝐶𝑇𝐴𝑟𝑠 on the value 

of the 𝐶𝑇𝐴𝑟𝑠 at the first year of the period considered. 

We first estimate a model for the whole period (1995-2018); 

we then define moving 10-year periods to verify the dynamics 

of the estimated β-coefficient.

𝑙𝑜𝑔
𝐶𝑇𝐴𝑟𝑠,𝑡
𝐶𝑇𝐴𝑟𝑠,𝑡−1

− 1 = α𝑟𝑠 − 𝛽log (𝐶𝑇𝐴𝑟𝑠,𝑡−1) + 𝛿𝑟𝑠 + 𝜇𝑟 + 𝜑𝑠 + 𝑢𝑟𝑠,𝑡

where 𝑡 is the time period, = 1,2,… , 𝑇; α𝑟𝑠 is the constant term; 

𝛿𝑟𝑠 measures the distance between r and s; 𝜇𝑟 and 𝜑𝑠 are 

country dummies; and 𝑢𝑟𝑠,𝑡 is the error term
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2. Can we observe a pattern of technological 
convergence over time?
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3. Does geographical proximity matter for the 
technological similarity between countries?

We test whether nearby countries are more technologically 

similar than distant ones 

For different spatial weights matrices, 𝐖, we calculate 

𝐶𝑇𝐴𝑟𝑠 =
σ𝑖=1
𝐽 σ𝑗=1

𝐽
𝑎𝑖𝑗
𝑟 − 𝑤𝑟𝑠 𝑎𝑖𝑗

𝑠

2

We then proceed with the conditional permutations to yield 

the empirical reference distributions that provide the basis 

for inference (for a given 𝐖, we compare the “true” value 

with the randomly permuted values) 



21

3. Does geographical proximity matter for the 
technological similarity between countries?
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3. Does geographical proximity matter for the 
technological similarity between countries?
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3. Does geographical proximity matter for the 
technological similarity between countries?
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4. Do the patterns of holistic similarity prevail at 
the sector level?

A final set of issues in this exploratory study refers to 

sectoral-level technologies, whose definition, in our context, 

is based on the column-standardized vectors of the 

technical coefficient matrix, ෙ𝑨𝒋
𝒓

We estimate yearly models for each sector

𝐶𝑇𝐴𝑟𝑠
𝑗
= 𝑓 𝑋𝑟𝑠, 𝑌𝑟,𝑍𝑠 for 𝑗 = 1,… , 𝐽; 𝑟 ≠ 𝑠 = 1,… , ത𝑅, and ത𝑅 ⊂ 𝑅

where 𝑋𝑟𝑠 captures geographical (distance and contiguity) 

and institutional (language) proximity between each pair of 

countries, and 𝑌𝑟 and 𝑍𝑠 capture country-specific structural 

characteristics (country dummies)
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4. Do the patterns of holistic similarity prevail at 
the sector level?
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4. Do the patterns of holistic similarity prevail at 
the sector level?
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4. Do the patterns of holistic similarity prevail at 
the sector level?
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4. Do the patterns of holistic similarity prevail at 
the sector level?
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5. Can we find evidence of localized spillovers at 
the sector level?

Are nearby countries more likely to share similar sectoral 

technologies?

We calculate the 𝐶𝑇𝐴𝑟𝑠
𝑗

conditional on the different spatial 

weights matrix

𝐶𝑇𝐴𝑟𝑠
𝑗
=
σ𝑖=1
𝐽

�ු�𝑖𝑗
𝑟 − 𝑤𝑟𝑠�ු�𝑖𝑗

𝑠

2
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5. Can we find evidence of localized spillovers at 
the sector level?



31

Final remarks

We found that nearby countries are more likely to share similar 

technologies

We also found stronger holistic and sectoral similarities in 

comparing countries’ structures with global average structures. 

One of the methodological challenges is how to fill the gaps 

encountered in an environment of limited information 

ICIO estimation procedures are not fully documented

Conjectures of how gaps are filled based on known practices of 

using regional and global average structures may add a layer 

of uncertainty to our results

If this is proven to be the case, it will bring important 

implications for the growing empirical literature grounded on 

different multi-country IO databases
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Final remarks

There is a danger that such conventional truths, more and 

more supported by authority arguments, could lead to 

reinforcing the  “performativity thesis” in the international 

trade literature 

It is about time to open the black box of existing MCIO 

databases to avoid the reinforcement of potential 

conventional truths in the field 

To what extent the results revealed in our study refer to a 

true process of technological convergence or a 

methodological trap from the employed methods to fill the 

gaps and consolidate the database remains a question to be 

pursued 



Thank you!

www.usp.br/nereus

Eduardo A. Haddad

Professor of Economics, University of São Paulo, Brazil

http://www.usp.br/nereus
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What is performativity in Economics?

The performativity thesis suggests that economic or 

financial models, rather than objectively measuring some 

aspect of reality, instead help shape that aspect of reality 

to the form that the model describes.
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Comparison between indicators of holistic 
similarity: CAT versus MAPE, 2018
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Comparison between indicators of holistic 
similarity: CAT versus MAPE, 2018


