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The world works not
because a few people
know a lot, but because
many people know a little.

Economic complexity is
about understanding how
that knowledge comes
together.




Economic complexity

machine learning
_|_

economic data

development outcomes

Starting in 2006-2007

<2019 Which countries export Valves? (2020) <2019 Which countries export Crude Petroleum? (2020)

Which countries export Cocoa beans, whole or broken, raw or "o
roasted? (2020)

<2019

s108

Which countries export Planes, Helicopters, and/or Spacecraft?
(2020)

L <2009
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People in Workforce (RCA)
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People in Workforce (RCA)
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Why Machine
Learning

Because factors of
production, and In
particular knowledge,
are highly specific and
non-fungible (not
iInterchangeable).
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New chat

Phone models discussed.

Al Methods in Economics ChatGPT

Digital trade importance.
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RQ: Papers, Ideas / T: Sugge

Examples Capabilities Limitations
Al and Economics Revolutio
"Explain quantum computing in Remembers what user said May occasionally generate
simple terms" - earlier in the conversation incorrect information
Recommend TV Shows
M el "Got any creative ideas fora 10 Allows user to provide follow-up May occasionally produce
year old's birthday?" > corrections harmful instructions or biased
content

New chat

"How do | make an HTTP Trained to decline inappropriate

request in Javascript?" > requests Limited knowledge of world and

Clear conversations events after 2021

Upgrade to Plus

Dark mode

Updates & FAQ { <

Log out ChatGPT Feb 13 Version. Free Research Preview. Our goal is to make Al systems more natural and safe to interact with. Your feedback will help us improve.




The best thing about Al is its ability to

https://writings.s teph enwo ffram.com /2023/0:

2/what-is-ch atgpt-doing-and-why-does-it-worl|

learn
predict
make

understand

do

4.5%
3.5%
3.2%
3.1%
2.9%



Verb, Nouns, Adjectives, and Adverbs List

Verbs Nouns Adjectives Adverbs
accuse accusation accusing accusingly
argue argument arguable arguably

characterize character characteristic characteristically

condition condition conditional conditionally
darken dark, darkness dark, darkened darkly
destroy destruction destructive destructively
drink drink, drunkenness drunk, drunken drunkenly




Word Embeddings Provide Semantic Representations That Transcend Parts of Speech Grammar
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man
.“\‘ woman
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.~~~ =
k.ing ~.‘;.
queen

/\>

Male-Female

walked

® swam
walking )

swimming

Verb Tense

Italy

Canada Spain ,,.
@ @ "x'
Turkey 7 ¢
6 & | @& rome
N Ottawa Madrid Germany
@ . e
Russia
Ankara .‘,
MOSCOﬁ‘r//////// Japan
Vietnam ®)
O China
’ 5 ‘ .
.‘ Tokyo P
Hanoi ‘
Beijing

Country-Capital



Attention!

sandwiches

books

At the library, the students opened their....
mouths

laptops

Vaswani, Ashish, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, tukasz Kaiser, and lllia

Polosukhin. "Attention is all you need." Advances in neural information processing systems 30 (2017).



Words

10,000
words

10*

Bigrams

100 million
pairs

108

It is a BIG problem!

Trigrams

1 trillion
triplets

1012

10,000
trillion
4-grams

1016

100 million
trillion
5-grams

1020

20-grams

1080



Use neural networks to approximate these functions




“Parts of Speech” Economics

Manufacture Capital Intensive
Agriculture Capital Intensive
Agriculture Labor Intensive

Manufacture Labor Intensive



NLP, LLMs

Just like we can count the
words In each
sentence or paragraph, and their
CcO-occurrences, to Create
representations of their semantic
meaning, we can count the
economic activities
that are present across cities,
regions, and countries to create
representations of the knowledge
embedded in them.
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Economic Complexity

Spark Ignition Engines, Tobacco,
Engine  Parts, Aircraft  Parts,

Plywood, Tractors, Coffee,

Frozen Bovine Meat, etc...

Spark Ignition Engines, Engine
Parts, Aircraft Parts, Aircraft, \Wheat,

Wine, Perfumes, etc...
Crude Petroleum, Refined
Petroleum, Petroleum Gases,

Wheat, Aircraft Parts, etc.



Who cares about
Fconomic
Complexity?



HOME NEW INDUSTRIAL MASTER PLAN MISSION ABOUT US EVENTS DOCUMENTS MEDIA

wesn it nosy FAQ

Heme > Mission > Mission T: Advance econemic complexity

Mission 1: Advance economic complexity

Mission 1 focuses on encouraging the industry to

innovate and produce more sophisticated products ta @ Integrate in global value chain

increase economic complexity (GVC) (including exports)

0 Expand to higher value-added activities

e Develop ecosystem to support high value- Value Chain

added activities
© Establish 'vertical integration' for GVC High Value High Value

COMPLEXITY ANALYSIS STUDY OF @ Foster ROCI ecosystem ", oy
MALAYSIA’S MANUFACTURING INDUSTRIES © inerease manufecturing expors m mm @

@ E ) A& & a
2014 || FINAL REPORT i B

SMEs SMEs SMEs SMEs SMEs

Malaysia's strategic focus is on transitioning to higher value-added activities,
moving beyond traditional manufacturing models towards an innovation- Integrate in other value chains
driven manufacturing hub.
All right's reserved.
No part of this publication may be reproduced, stored in a retrieval system or transmitted in any form or any means
electronic, mechanical, photocopying, recording and /or otherwise without the prior permission of the Economic
Planning Unit, Prime Minister’s Department. growth of industries engaged in high-value economic activities, integrating

This transformation involves fostering an ecosystem that encourages the

»
>
value chains across sectors and promoting vertical integration among ﬁ . Advanced inspection
. Ut
For further information, please contact: ASEAN countries. . solution X
Machinery and - Implantable devices .
The Research, Development, Commercialisation, and Innovation (RDCI) cycle Equipment - Minimally invasive Medical
(M&E) surgical tool Devices

plays a pivotal role in enhancing economic complexity and cultivating high-

= =10 skilled talent, facilitating the introduction of innovative products and services

o that drive job creation and econornic expansion. Central to this approach is
Director General the goal of increasing manufacturing exports to bolster Malaysia's economic BV chi
ECONOMIC PLANNING UNIT EVchip

v

Prime Minister’s Department growth and global competitiveness < Superchargers

Block B5 & B6, Complex B + Srmart Sensors
Federal Government Administrative Centre Elect"?al and Automotive
62502 PUTRAJAYA Electronics (E&E)

www.epu.gov.my

- Active pharmaceutical 88
Ingredients LA0O
- Biologics - insulin, vaccines .’.

- Solvents, preservatives,
Chemical excipients in generic drugs
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economic landscape.

= Explore our reports
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;Z%Exm;%lg Tramites Gobierno

e 12.000 perfiles para descubrir!

W

EXPLORA, VISUALIZA, COMPARA, Y DESCARGA DATOS NE BUSCAR
- -

ECONOMIA

%’4\* SECRETARIA DE ECONOMIA
e

N

o PERFILES -?( COMPLE)IDAD ECONOMICA VIZ BUILDER
. - e oo
:Que es DataMexico? » , . _ S SO

Explore México mediante datos economicos, Conozca el nivel de desarrollo industrial y Genere sus propias visualizaciones con base
DataMéxico permite la integracion, visualizacion y analisis sociales y ocupacionales a través de econdmico en México a multiples niveles en la seleccion de datos de su interés.
de datos publicos para fomentar la innovacion, inclusion visualizaciones interactivas personalizables. geograficos.
y diversificacion de la economia mexicana.
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La diplomacia de México

Representacnon mexncana en el mundo -
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Two Basic ldeas
In Economic Complexity

Relatedness

Dllhc.wlalln

{73 Beer. Spirts, & Cigs.

Bollers [

Shemicals & Healtn [}

Hidalgo et al. Science (2007)

Complexity Indexes

15 _ France 1.34
T
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B~ so0i 11
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)= szel 116 |

Hidalgo & Hausmann. PNAS (2009)



Relatedness
3zl

Audio and Video
@ Recording @ Electrical
Accessories L Capacitors

@ Broadcasting
Accessories

@ Semiconductor
Devices
O/ Printed Circuit
‘ Boards




What are the export opportunities of Chile? (1979)

TOTAL: $3.67B




1979

-




THE PRINCIPLE OF RELATEDNESS

Products Industries Products Research Areas Patents
. (Guevara et al. (Kogler et al. (2013), Boschma
(Hidalgo et al 2007) (2016)) etal. (2015), Alstott et al.
(2016))
HT{
Industries

BRAZIL SWEDEN:

(Jara-Figueroa et al. (Neffke, Henning, Boschma CHINA:

2018) 2011) (He et al. 2017

Gao et al. 2021)

_mm N H

Research Areas Patents

César A. Hidalgo, Pierre-Alexandre Balland, Ron Boschma, Mercedes Delgado, Maryann Feldman, Koen Frenken, Edward Glaeser, Dieter F. Kogler, Andrea Morrison, Frank
Neffke, David Rigby, Scott Stern, Sigi Zheng, Canfei He, & Shengjun Zhu. “The Principle of Relatedness” CCS 2018. Springer Proceedings in Complexity. Springer (2018)



Bilateral Relatedness

&

Product Relatedness:
Enter same market with
similar product.

Jun, Bogang, Aamena Alshamsi, Jian Gao, and Ceésar A. Hidalgo. "Bilateral relatedness: knowledge diffusion and the evolution of
bilateral trade." Journal of Evolutionary Economics 30 (2020): 247-277.



Bilateral Relatedness

Product Relatedness:
Enter same market with
similar product.

Exporter Relatedness:
Enter same market as
geographic neighbor.

Jun, Bogang, Aamena Alshamsi, Jian Gao, and Ceésar A. Hidalgo. "Bilateral relatedness: knowledge diffusion and the evolution of
bilateral trade." Journal of Evolutionary Economics 30 (2020): 247-277.



Bilateral Relatedness

Product Relatedness:
Enter same market with
similar product.

Exporter Relatedness:
Enter same market as
geographic neighbor.

Importer Relatedness:
Enter the geographic
neighbor of a current

market

Jun, Bogang, Aamena Alshamsi, Jian Gao, and Ceésar A. Hidalgo. "Bilateral relatedness: knowledge diffusion and the evolution of
bilateral trade." Journal of Evolutionary Economics 30 (2020): 247-277.



Potential Exports

TYPE
Product Country
COUNTRY
I GERMANY c
FLOW
Exports Imports
DEPTH
Section H52 HS4
VIEW
Top 10 Top 15 Top 20
SORT BY
Highest Potential Most Saturated

Exports with highest growth potential (Hungary = - Germany ™)

=z

$3.23B

oec.world



Economic Complexity

The use of dimensionality

reduction techniques (e.g. SVD) to
summarize the sophistication of

productive structures.

Economic Complexity Explains

Economic Growth  Inequality

Hidalgo and Hausmann, 2009; Hartmann et al., 2017,Barza et
Chavez et al., 2017; Domini, 2019; al., 2020; Ben Saad and
Hausmann et al., 2014; Koch, Assoumou-Ella, 2019; Chu and
2021; Lo Turco and Maggioni, Hoang, 2020; Fawaz and
2020; Ourens, 2012; Stojkoski et Rahnama-Moghadamm, 2019
al., 2016

o) & Switzerland 1.99

s Germany 1.88
FETTT)
D srespoe 100
D+ svecen 139
9~ o157
D= unieos. 156
Bt

: : 12
Emissions

' ey
Can and Gozgor, 2017; Dordmond '*-[15 B France

et al., 2020; Fraccascia et al., 2018; -—[1

Hamwey et al., 2013; Lapatinas et -

al., 2019; Mealy and Teytelboym, "{l

2020; Neagu, 2019; Romero and rlﬁ

Gramkow, 2021 -[1
~- E



Economic Complexity

Knowledge of a place K: = f(McpJK );
IS the knowledge of the activities

present in it

Knowledge of an activity .

IS the knowledge of the places KP g(MCP’ KC)’

where it Is present

Knowledge can be estimated
as the solution to alinear
eigenproblem

- E0deEeA 3E3s 8088 SRad BU2 083080 nRne s e B Rk AR AR o BR BO IR BN R Ta e 043 13 Bk RO 300 R B Rv 029 BRa 048a e BAEAZ G 30

Hidalgo CA, Nature Review Physics (2021), PNAS (2009)



When f and g are defined as
simple averages....

1
K, = EZ M., K,
p

1
Ko = 31 2 Mook
p Cc

The “easy way” to estimate Kc and Kp is to simply iterate the mapping, starting with Kp=Mp and Kc=Mc. The
mapping converges after about 20 iterations.
Hidalgo CA, Nature Review Physics (2021), PNAS (2009)



Let V: be a vector whose entries describe a location (e.g. country) or
an activity (e.g. product). Let A;; be a matrix connecting locations and
activities. Then ECI is a solution that minimizes the cost function U:

U(V) = Z Ai;i (Vi = V;)?

Servedio, Vito DP, Alessandro Bellina, Emanuele Calo, and Giordano De Marzo. "Economic Complexity in Mono-Partite Networks." arXiv preprint
arXiv:2405.04158 (2024).



Butis not that easy!

Units of observation are not comparable!

China & USA ~ 15 to 20 trillion GDP

Macedonia ~0.0012 trillion GDP




ECI
Exports
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Economic Complexity Index (Trade)
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GDP per capitain USD [2009]

Economic Complexity Explains Future Economic Growth

Explains more growth than institutions
- Economic Complexity Index

Al Instituional Variahles

IUﬁ — QAT

Political Stability

Voice and Accountability

=12 years

B G Years

Rule of Law

KOR
S g @ CE

Regulatory Quality
RV ® HUN

Government Effectiveness

10*

Control of Corruption

X gy - -——-r'

0 % 10% 15%

Contribution to R?

Explains more growth than education

IUﬁ —

Economic Complexity Index
All Education Variables
Years of Schooling

Cognitive Abilities

T T T T T T 0% 5% 10% 15%
Contribution to R?

Economic Complexity Index [2008]

Atlas of Economic Complexity (Puritan Press 2011, MIT Press 2014)
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Explorations in Economic History
Volume 83, January 2022, 101421

Patterns of specialization and economic

complexity through the lens of universal

exhibitions, 1855-1900

Giacomo Domini &

ECI

GDP per capita

Constant

Country fixed

effects

N of observations
N of countries

N of time periods

Adjusted R?

(3)

Next-century

growth
0.509%***
(0.154)
-0.597***
(0.161)
-0.128
(0.121)

No

96

33

0.221

Domini, Giacomo. Explorations in Economic History 83 (2022): 101421.

(4)

Next-century
growth

0.400%**
(0.128)
-0.542%%
(0.219)
-0.092%*
(0.043)

Yes

96

33

0.770



Economic Complexity Explains Variations in Income Inequality

Table 10. Cross-section regression resulls

20003 Dependent variable: GINI EHIT
i : (1) (2) (3) (4) (5) (6)
055§ ECI —0.040" —0.036"*
(0.007) (0.007)
Fitness Index —0.0237"
(0.005)
0.50 A chi Entropy —0.025"""
(0.005)
HHI 0.146™" 0.058
— (0.044) (0.044)
= 0451 In(GDP PPP pc) 0.067"* 0.036 0.086™"" 0.065" 0.059" 0.068""
— (0.028) (0.029) {0.029) (0.031) (0.032) (0.028)
In(GDP PPPpc)’ —0.004™ —0.002 —0.005™" —0.004"" —0.004" —0.004""
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
0.40 ¢ B Py Schooling —0.005"" —0.008"* ~0.008"" ~0.008""" ~0.009""" ~0.005"""
g (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
In population 0.007"" 0.010™" 0.008™"" 0.004 0.0001 0.007™"
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
035, Rule of law —0.013 —0.008 —0.013 —0.017 —0.016 —0.014
(0.013) (0.013) {0.013) (0.014) (0.014) (0.013)
H: =056 Corruption control 0.011 0.009 0.011 0.019 0.027* 0.009
(0.013) (0.014) (0.013) (0.014) (0.014) (0.013)
030! Government effectiveness 0.002 —0.013 —0.007 —-0.012 —0.022 0.003
L ) , ] ) ] (0.017) (0.017) 0.017) (0.018) (0.018) (0.017)
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Economic Complexity of Chinese Provinces Using Data on Publicly Listed Firms

A

O

Ranking (ECI 2015)

* r 2.0
)
. S
i i
w
-2.0
T v T T re
14 Pearson's r=0.898 o s>
p=74x10" OF" E&
y &5 OH'SN
o L.
e sc .“L
LNe=C 2
GcZ8
-CQ
YN °5Q5
21+ Egu. g
o H
o’
°
M
31- 00?1 o R
1 ¥ 1] ] § 1
31 21 1 1

Ranking (ECI 2000)

B

Ranking (ECI)

1

SO0

9»06—"

il —%
o - e ' -
o Q

11 ° p‘al‘

\

o.f‘
'f

"':ﬁ-“%»%

\l‘\.

(W

31
2000

q

......
2005

Year

M»«

2010

ab

O
r}-*

Gao, Jian, and Tao Zhou. "Quantifying China’s regional economic complexity." Physica A:
Statistical Mechanics and its Applications 492 (2018): 1591-1603.

—e— SH
—e— GD
—e— 3
—e—F
——TJ
—e— S
—e— K]
—p SN
—— )
—e—SD
—a— JL
SC
LN
GX
HB
GZ

» ——CQ

e X7
—a— YN
—XJ
—e— HE
—e— AH
—— X
—— HA
—e— (3S
—e— SX
—a— NX
—— NM
e (QH

2015



Economic Complexity of Mexican States Using Industry Data
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indice de Complejidad Econdmica (ECI) por Entidad Federativa
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Map 1: States’ Level of Economic Complexity, 2013
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Limitations of trade ECI

Economic Complexity Index Trade (ECI Trade)

Stojkoski, Viktor, Philipp
Koch, and César A.
Hidalgo. "Multidimensional
economic complexity and
inclusive green

growth." Communications
Earth & Environment 4.1
(2023): 130.




Solution: Combine Data from Different Outputs

International Trade Patents Research Papers

Stojkoski, Viktor, Philipp Koch, and César A. Hidalgo. "Multidimensional economic complexity and inclusive green growth." Communications Earth & Environment 4.1 (2023): 130.



Economic Complexity Index Technology (ECI Technology)
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Economic Complexity Index Research (ECI Research)
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Service Trade Data is Not Very Detailed
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But most research focus on a recent context and on knowledge flows within an activity (MAR
spillovers)
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Knowledge spillovers can occur within and across both locations and activities:

» Spillovers across locations within the same activity:
Immigrant mathematicians -> P(region begets mathematicians)
» Spillovers across both locations and activities:
Immigrant physicists -> P(region begets mathematicians)
» Spillovers within locations across activities:

Local physicists -> P(region begets mathematicians)



Estimate direct and relatedness effects

E..g. Do famousimmigrant mathematicians contribute to the birth of new famous mathematicians and physicists?

Step 1: Estimate “excess” migration

R!:,E_-mmr- = N&’f i { 1 Ef R:?;m = 1
! 'j - - - . : 4
N immi . _ ik, .
ik, _ birth 0  otherwise
| Nie = flag + arNg 1 + aa 8377 + 0 + Te), _
N, _ £ RO >
Rt = 2L, M = { - Y Rz
N ’ 0  otherwise.

Step 2: Estimate separate relatedness for immigrants,
emigrants, and locals

i _ o M

MU Xl

T
emi Ze’:‘ i+ Pk
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dirths _births
wﬁ'r'r.l‘.!': _ Z}'r" Mff.i q&.ﬁ;‘f
ikt T Births  ° _ _
! 2w Pis Koch et al. Regional Studies (2023)
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Table 1. Main results of logistic regression models explaining entries and exits of activities.

Dependent variable: Entry;

Dependent variable: Exiti

(1) (2) (3) (4) (5) (6) (7) (8) (2) (10)
el 0.334%** 0.303*** 0.336%** 0.3371*** 0.300%** —0.603*** —0.584*** —0.5971*** —0.587%** —0.571%**
(0.080) (0.075) (0.086) (0.080) (0.076) (0.127) (0.134) (0.120) (0.126) (0.126)
M 0.115 0.045 0.106 0.121 0.018 0.310 0.330 0.233 0.306 0.291
(0.261) (0.278) (0.261) (0.255) (0.270) (0.240) (0.232) (0.216) (0.222) (0.203)
mj:;c"r’fﬂ 0.027*** 0.028*** —0.067*** —0.064***
(0.006) (0.007) (0.016) (0.011)
mﬁ:}"_1 —0.006 -0.024 -0.048 -0.025
(0.012) (0.019) (0.038) (0.063)
Wit 0.011 0.027* -0.059***  -0.034
(0.008) (0.015) (0.018) (0.041)
Further controls v v v v v v v v v v
Fixed effects
Broad category-region—century v v v v v v v v v
Category—century v v v v v v v v v v
Observations 3944 3944 3944 3944 3944 1051 1051 1051 1051 1051
Pseudo-R* 0.213 0.214 0.213 0.213 0.215 0.224 0.230 0.226 0.226 0.232
BIC 9537.0 9539.4 9545.0 9544.5 9553.1 3619.6 3618.0 36234 36233 3628.8

Mote: The fixed effects in these models are highly restrictive, amounting to more than 700 parameters in columns (1) to (5) and more than 350 parameters in columns (6) to (10). All regions included in the regression model
exhibit a minimum number of births and migrants such that measures of specialisation and relatedness are defined {see Section 2.2 in the supplemental data online). Standard errors are clustered by region and period. For the
full regression tables with all control variables, see Sections 3.2 and 3.3 online. BIC, Bayesian information criterion. *p < 0.1, **p < 0.05, ***p < 0.01.
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Can we use data on the biographies of historical figures to estimate the GDP per capita
of countries and regions? Here, we introduce a machine learning method to estimate the
GDP per capita of dozens of countries and hundreds of regions in Europe and North
America for the past seven centuries starting from data on the places of birth, death,
and occupations of hundreds of thousands of historical figures. We build an elastic net
regression model to perform feature selection and generate out-of-sample estimates that
explain 90% of the variance in known historical income levels. We use this model to
generate GDP per capita estimates for countries, regions, and time periods for which
these data are not available and externally validate our estimates by comparing them
with four Ifmxies of economic output: urbanization rates in the past 500 y, body height
in the 18" century, well-being in 1850, and church building activity in the 14" and
15" century. Additionally, we show our estimates reproduce the well-known reversal
of fortune between southwestern and northwestern Europe between 1300 and 1800
and find this is largely driven by countries and regions engaged in Atlantic trade. These
findings validate the use of fine-grained biographical data as a method to augment
historical GDP per capita estimates. We publish our estimates with CI together with
all collected source data in a comprehensive dataset.

economic history | machine learning | econemic development

Significance

The scarcity of historical GDP per
capita data limits our ability to
explore questions of long-term
economic development. Here, we
introduce a machine learning
method using detailed data on
famous biographies to estimate
the historical GDP per capita of
hundreds of regions in Europe
and North America. Our model
generates accurate out-of-
sample estimates (R” = 90%) that
quadruple the availability of
historical GDP per capita data
and correlate positively with
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Estimating Historical GDPpc
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Getting from here...

GDP per capita
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Using This...

Place of birth, death, and
occupation data of famous
individuals from Wikipedia®.

~561k famous individuals
assigned to one of 49
occupations with a birth or
death in Europe and North
America between 1300 and
2000 (only individuals with at
least 2 language editions and
an identifiable occupation).

Koch, Stojkoski, Hidalgo,
PNAS (2024)




Why biographies?

Our collective memory on famous individuals is likely one of the most comprehensive
representation of the historical geography of knowledge.

The famous individuals that were born at, have died at, immigrated to or emigrated from a
specific place tell us something about the level of economic development.

Direct Indirect




Model
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GDP per capita, log scale
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Model Performance
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Validation - Little Divergence

B

In 1300, the bottom 10t" f000 North
percentile of the South has South
been as rich as the top 90t
percentile of the North.

In 1800, the opposite holds:
The bottom 10" percentile of
the North exhibits a similar
income level as the 90t"

percentile of the South.
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Validation — Acemoglu, Johnson, Robinson Atlantic Trade
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Validation - proxies of economic development

E F

GBR_1950 USA
NLD 1900
GBR:1900 o
ESP 1950 o
0.4 - DEU_1950 o0 170
o 1950 .
~ EST 11950 A 1950~
© PRT 1600 0 aur 90} DNK:1950 o
p 0.3 : ITA_ 1900 FRA®1920 E SWE i
& ' il B CHE=1950 — IRL R0
) BEL 11600 FRA1908¢( 1900
“— NLD' 1700 L _
- ESP- 1600 B%[_‘ISSG DEU:-1900 BEL 1950 — 166 e ITA
© PRIZIZ00  Ra1950 CHE21900 _%) e
N 0.2 ESP#1500 « MKD+1950¢  CSK11950 ke) HUN
C BLR#1950 O E%T
@ ROUZ1980 AUT 95 RV1950 c GRE —<b
O L1000 - |_£SVI§56950 bt
K=1700 CHEZ LUX 1950 [ RUS
L ROU_1900 - PN
ALBZTB00 41118 IRL_1900 o)) 162
= 0.1 BGRe150BGR G0 — Stk #1900 FIN.4950 &
HUN#1600 AUT #1700
AUNCTE00 e IRL_1850 5
csk1858, 'Re-180B)Hwmos0,  LVA1950 5 e
~ AT 50
CZE1800 ?—'INJBSO R —_ O 4 8 <

0.0  eodiso R?=0.12
1000 2000 5000 10000 158 1500 2000 2500 3000

Predicted GDP per capita Predicted GDP per capita in 1800

Koch, Stojkoski, Hidalgo PNAS (2024)



Validation - proxies of economic development
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...to Conclude

Center for
Collective Learning




The world is complex

made of highly-specific
and non-fungible
knowledge
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Economic complexity methods allow us to make granular
representations of economies to understand where they stand and
where they are going.
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