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Abstract

Itis a well-known fact that economic growth goes hand in hand with improvements in technological sophistication. While critical to such
sophistication, the nature and underlying structure of the input interactions taking place inside production processes remain opaque, at
least in the study of large systems such as industries and entire economies. We develop a method to quantify the degree of input
complementarity in production processes form input-output data. We propose that the information-theoretic concept of synergistic
information is analog to economic complementarity and exploit this link to create a data-driven approach that does not require the
ex ante assumption of production functions. In contrast to alternative empirical approaches, our method is able identify input-input
interactions and to quantify their contribution to output, revealing an input-input synergistic interaction network that characterizes
an industry’s productive technology. We find that more sophisticated industries tend to exhibit highly modular small-world
topologies; with the tertiary sector as its central connective core. Overall, countries and industries that have a well-established
connective core and specialized modules exhibit higher economic complexity, higher output, and lower emissions. The proposed
method provides a framework to identify key relationships in the economy that can enhance economic performance.

Keywords: economic complexity, technology, synergy, information, small-world networks

Significance Statement

The measurement of technological sophistication is critical for understanding industrialization and economic development. We de-
velop an information-theoretic method to estimate an industry’s level of technological sophistication by calculating the degree of syn-
ergy or complementarity among its inputs. Out method does not rely on ex ante assumptions on how inputs interact (like production
functions) and accounts for input-input and input-output (IO) interactions. Using IO datasets, we reveal the productive structure of
industries as networks of synergistic interactions. Their topology highlights the role of modular small-world architecture—similar to
the human brain—in supporting technological sophistication in advanced economies. These results suggest an underlying universal
architecture that is beneficial for integrating information in systems with high level of differentiation or specialization.

Introduction

The nature of production technology, understood as the way in
which inputs interact to generate output, is central to the inner
works of any economy. The ability of a technology to combine
inputs to generate new output characterizes its degree of so-
phistication. Moreover, it is well known that economic growth
often goes hand-in-hand with improvements in the sophistica-
quantifying
the nature of the interaction among the inputs of a production

tion of production technologies.® Therefore,

process is key to identifying the drivers of technological
sophistication.

The concept of input complementarity is particularly salient,
as it describes the ability to take advantage of exiting inputs
to produce new output. For example, in regional-development
studies, where geographical spillovers and industrial diversity
are key for economic growth (1, 2), it is known that effective eco-
nomic development hinges in exploiting such spillovers in ways
that make them complementary in production processes (3).°
More generally, inferring complementarities in production
processes is an important endeavor in various disciplines.
Nevertheless, standard practices often involve proxy measures
that only take output data into account (missing their relation-
ship to inputs), or assume relationships between inputs through
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production functions (ex ante assuming the nature of input
interactions).

In information theory, there exists a measure of interdepend-
ency that maps into the economic notion of input complementar-
ity: synergy. Hence, taking advantage of this measure, we develop
an information-theory-based approach to quantify input comple-
mentarities and infer their networked structure. In contrast with
existing approaches, our framework does not assume production
functions ex ante (common practice in economic modeling), and it
accounts for the information of both input and output
data. Interestingly, a parallelism between the concepts of “syn-
ergy’ and “complementarity” have been previously established
in the study of complementarities within organizations:
“Complementarity, as we use the term, is a near synonym for syn-
ergy” (4, p.1).

In essence, the proposed method measures the contribution of
input interactions to the output of an industry, firm, or region. To
the best of our knowledge, this is among the first approaches toin-
fer the nature of technology at such granular level, without as-
suming functional forms, and accounting for both input-input
and input-output (I0) relationships. By enabling the inference of
pairwise complementarities, our method allows for the construc-
tion of synergy networks underlying different industries and re-
gions, and analyze the topological features that characterize the
structural principles of technological sophistication.

Our results suggest that more sophisticated industries (e.g. those
in more developed countries or those that exhibit lower emission lev-
els) exhibit small-world topologies. However, they are a special class
of small-world networks: modular graphs that use tertiary-sector in-
puts as their connective core. This outcome is consistent with the lit-
erature on the central role of the service sector in economic and
technological development (5, 6). In these synergy graphs, modularity
appears to be crucial for technological sophistication alongside clas-
sic properties of small-world networks that enable global integration
as well as functional segregation. Interestingly, these properties seem
to be ubiquitous as they can be found in a wide class of complex sys-
tems (7), including social (8), technological (9), political (10), manager-
ial (11), and biological (12) systems. Our results suggest that
sophisticated production processes leverage the ability of small world
networks to address the challenge of balancing specialization in a di-
verse set of inputs vs. integrating them together to generate new out-
put. Thus, the proposed framework is a step towards opening the
black box of technological sophistication and sheds new light on
the principles behind input complementarity. In the rest of the art-
icle, we discuss the existing knowledge gap, describe the methods
and datasets used, and present our results.

Knowledge gap

Our work contributes to filling gaps in various strands of literature
that concern the quantification of input complementarity. Here,
we review some ideas prevalent in the literature and highlight
the limitations that our work aims to overcome.

First, in the literature of relatedness, it is assumed that prod-
ucts, services, or skills that complement each other can foster
learning, innovation, and spillovers, making more of the product
space accessible (13). In certain applications, relatedness meas-
ures have been extended to products (14), skills (15), patents
(16), and social capabilities (17). Such metrics are derived by iden-
tifying the co-occurrence of two inputs. In essence, if two inputs
(products, skills, patents, or social capabilities) exist together in
a region/industry/firm with a frequency higher than expected at
random, they are deemed complementary. While these metrics

“can indirectly measure the technological sophistication of [a
country’s| production fabric.” (18), their interpretation about the
interaction between inputs relies on the strong assumption that,
if two inputs co-occur statistically significantly, then such co-
occurrence necessarily happens because of their complementary
nature, without actually differentiating complementarity from
other types of interactions such as redundancy (substitutability).4
Therefore, relatedness looks at complementarity from the point of
view of occurrence rather than from a perspective of production;
and production necessarily entails explicitly linking inputs to out-
put, something missing in co-occurrence methods.

Second, in the IO literature, analysts model production net-
works that assume, ex ante, the nature of the input-input and
IO interactions through production functions (19, 20). This ap-
proach has the benefit of shifting the problem of modeling techno-
logical sophistication from one of inferring structures to one of
fitting parameters. This shift comes with problems such as mis-
specification (21), estimation biases (22), and aggregation artifacts
(23, 24). Thus, assuming (parametric) production functions in-
stead of inferring interaction structures limits our capacity to
quantify technological sophistication.®

Third, in systems engineering the concept of design structure
matrices (DSMs) is a popular approach (25, 26). DSMs describe net-
works of interactions between the different components of a pro-
duction processes. They provide a comprehensive tool to
represent technological sophistication, but they require substan-
tial knowledge about the process itself. Thus, DSMs build on a top-
down approach that demands substantial ex ante knowledge;
making it difficult to scale up to more aggregate levels (e.g. indus-
tries and regions) that allow a more general understanding of the
nature of production technologies.

Framework and data

Next, allow us to provide a succinct description of the method-
ology and the data employed in our analysis, while leaving more
specific details for Methods section. Broadly speaking, our method
seeks to estimate the amount of information pairs of inputs pro-
vide about the output of a given industry (from IO tables). We de-
compose this contribution to the output into different
information-sharing modes. We focus on a particular mode
known as synergistic information, i.e. the information that cannot
be obtained from any of the inputs alone as it exists only due to
their interaction. This is the core idea behind the economic notion
of complementarity. Hence, using this type of information, we
produce a synergy score capturing how complementary are certain
inputs in a production process.

A higher synergy score means that their complementary inter-
actions provide more information about the target than what is
expected by a substitutable combination of inputs. The presence
of complementary interactions among inputs, in turn, relates to
the degree of sophistication of the production process. This inter-
pretation aligns with the established notion of enhanced learning
and innovation afforded by complementary spillovers amongst
different inputs. Thus, our synergy score provides a measure of
technological sophistication that explicitly quantifies the comple-
mentary nature of interactions among inputs and outputs.

The synergy score

Consider an industry and three associated datasets. Data Y con-
tain the growth rates of output of the industry, while X; and X»
capture the growth rates of inputs 1 and 2, respectively. We are
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interested in quantifying how much information X; and X, pro-
vide about Y. This information can be quantified using the total
mutual information (X1, X3; Y) between the output and the input
growth rates. In a nutshell, the total mutual information is a
measure of the amount of uncertainty in Y, that is reduced by
knowing X1 and X,. Furthermore, it is possible to estimate how
much of this uncertainty reduction is a result of the interactions
between the inputs. We can achieve this by following the partial
information decomposition proposed by Ref. (27), where the total
mutual information I provided by X; and X, about Y can be de-
composed as

I(X‘l, Xo; Y) = Sy?’l(Xl, Xo; Y) + Red(Xl, X2; Y)

+Unq(X1; Y) + Ung(Xo; Y). M

In Eq. 1, the mutual information is decomposed into synergistic,
redundant, and unique contributions (we explain the nonsyner-
gistic parts in Methods section). Synergistic information can
only be obtained from the interaction between X; and X,. If either
input is removed from the production process, all the synergistic
information would be lost from the output signal.

Let us refine our explanation by providing an example with log-
ic gates, which map well to the different technologies of a produc-
tion process. Consider two independent binary inputs into a logic
gate Xy and X». If the logic gateis an XOR gate, then it gives the out-
put of 11if and only if exactly one of the inputs is 1. Here, both in-
puts are necessary to predict the output exactly, and each input
cannot predict the output by itself. Therefore, this gate can be
considered as a model of unsubstitutable inputs in a production
process. Now, an OR gate provides an output of 1 even if any
one of the inputs is 1. Here, the output is partially predictable if
any one of the inputs is known. Suggesting the presence of redun-
dancy in the system. However, to predict the output exactly, we
still need both inputs; therefore, some synergy exists as well.
Therefore, an OR gate maps well to a production process with par-
tially substitutable inputs. Finally, if we consider a special case of
the OR gate with identical inputs, we refer to this variant as the
OR* gate. This system is completely redundant, and the output
is exactly predictable even if only one inputis known, thereby cap-
turing a production process with completely substitutable inputs.
While this example uses binary variables, these information-
theoretic measures have been extensively used in neuroscience
on continuous neural time-series signals.” We present the syn-
ergy, redundancy, and the total mutual information scores of
this example, calculated using the PID framework, in Table 1.

More sophisticated production processes involve more syner-
gistic information because they generate more output by recom-
bining the same inputs in complementary ways. Thus, we use
this type of information as a synergy score and compute it for
all unique pairs of inputs in the data.® Further details on the esti-
mation method can be found in Estimating the synergy score
section.

Using the pairwise synergy score for the inputs, we infer a
weighted undirected network of the synergistic inputinteractions.
These synergy networks capture the structure of the technology

Table 1. Synergistic and redundant information about the output
provided by binary input variables into three cases of logic gates.

Gate I(X1, Xz; Y) Syn(X,, Xz; Y) REd(X1, Xz; Y)
XOR 1bit 1bit 0bit

OR 0.8 bits 0.5 bits 0.3 bits
OR* 1bit 0bit 1bit

underpinning a production process. In contrast to the popular ap-
proach of assuming production functions in IO models, our syn-
ergy networks are inferred from the data. Thus, they provide a
“model-free” approach to quantify the degree of technological so-
phistication and structure of interactions in the production pro-
cess. Analyzing the topological properties of a large
cross-section of synergy networks reveals key features underpin-
ning technological sophistication.

Data

Our empirical application focuses on industrial technology
through IO data, and places especial emphasis on the analysis
of technologies with high heterogeneity in terms of their sophisti-
cation. To empirically capture such diversity, it is necessary to as-
semble a dataset with substantial variation in terms of economic
development. Thus, having a large number of countries is key, as
most technological variation would be expected between nations
with different levels of development. We find such coverage in the
Eora26 dataset (28), a global collection of 10 tables with harmon-
ized industries across a large number of countries. The subset ex-
tracted from Eora26 contains annual IO tables for 26 industries
across 148 countries during the period 1995-2020. To test the ro-
bustness of the analysis, we replicate our findings on the
Inter-Country Input Output dataset provided by the
Organisation for Economic Co-operation and Development
(OECD) (29). Although the OECD dataset has lower variation in lev-
els of development (76 countries), it provides a more granular de-
scription of inputs over 45 industries. We use the time series of
each input growth rates and the corresponding total output
growth rates to compute the synergy scores and networks associ-
ated with a particular industryin a given group of countries. Thus,
we exploit the temporal variation in the data to estimate the joint
probability distribution of growth rates. Then, we compare
country-groups and industries.” Further information on the data
and its processing can be found in Methods section.

Validation

To validate our synergy score, we verify its alignment with well-
accepted proxies of economic sophistication (30-32). The econom-
ic complexity literature offers different popular indices in this re-
gard: the Economic Fitness Index (EFI) (33), the Economic
Complexity Index (ECI) (14), and a generalization of the previous
two, the GENEPY index (34).!

Typically these indices are estimated on a national level using
international trade datasets. However, recently, they have been
calculated at the industry level (35, 36)) Note that, to compute
these validation indices, we employ data that are independent
from the aforementioned IO tables: the BACI international trade
dataset (37).

Before presenting our validation, let us elaborate on why,
on a theoretical level, the EFI and the ECI are relevant measures
for this exercise. The economics literature has long argued that
development takes place when an economy diversifies the nature
of its activities while exploiting their interlinkages and capabilities
(38-40). More recently, the concept of relatedness has
become the theoretical backbone of investigations into the
mechanisms behind economic diversification in regional studies.
According to Ref. (41), relatedness is conceptually viewed through
the lens of “similarity” and “complementarity.” Furthermore,
Ref. (41) relatedness argues that the similarity approach has
become dominant, while complementarity has rarely been
investigated.
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Fig. 1. Synergy score predicting export-based industry sophistication indices. With the purpose of a clear visualization, we display data binned according
to the synergy scores. Each dot corresponds to the average value within the corresponding bin. Since the synergy distribution is right-skewed, we analyze
the logarithm of the scores (on x-axis). The economic fitness index (A) and the GENEPY index (B) are also log transformed on y-axis. The economic

complexity index (C) shows a bounded distribution and hence is not transformed. The linear fit is estimated using the entire data (not the binned one).

Table 2. Linear models predicting the economic fitness index of industries.

Predictor EORA 1 EORA 2 EORA 3 EORA 4 OECD 1 OECD 2 OECD 3 OECD 4
Log synergy 2.4570* 2.3528** 2.6970%* 2.1796** 4.3811%** 4.2163*** 4.4180™* 4.5699"**
(1.0484) (1.0053) (1.0254) (0.7582) (1.2116) (1.1707) (1.1405) (1.1588)
Log GDP per. cap. 0.6523 0.6403 —0.4684 0.6275 0.6192 0.3155
(0.5745) (0.5685) (0.5618) (0.5588) (0.5560) (0.5490)
Primary sector —5.8356** —7.9426™ 1.4040 0.4751
(2.7029) (3.2428) (1.8543) (2.0307)
Secondary sector —1.4582 —5.7442* —2.5265 —3.4749
(1.1045) (2.3370) (2.5887) (2.5931)
Tertiary sector —6.3603*** —8.9321*** 1.0486 0.1175
(2.0858) (2.6226) (1.8531) (1.8746)
Log output 1.4227* 0.8703**
(0.6162) (0.3507)
Adjusted R? 0.0237 0.0286 0.0454 0.0891 0.0297 0.0332 0.0406 0.0598
No. of observations 695,500 695,500 695,500 695,500 1,550,494 1,550,494 1,550,494 1,550,494

OLS regression coefficients. The model intercept is omitted. The dependent variable is the EFI, calculated for each industry in the dataset, and averaged across the
years in the sample period. The stars denote the level of significance. The number in parenthesis is the clustered standard error. Confidence levels are indicated by

* for 90%, ** for 95%, and *** for 99%.

As we have previously explained, a key issue with empirically
measuring complementarity is that one needs to account for
both inputs and outputs in the estimation. For instance, (42, 43)
argue that complementarity is inherently a super-additive
feature, which evidently involves being able to link output to
the interaction of inputs. By construction, co-occurrence-based
empirical approaches that are popular in similarity studies
(such as the EFI and the ECI) do not account for input interactions,
so complementarities cannot be properly estimated® Our
information-theory approach, in contrast, provides a formalism
that explicitly links input interaction with output signals, enab-
ling us to estimate complementarity through the lens of syn-
ergistic information. Hence, since both the similarity and
complementarity routes represent alternative approaches to in-
ferring the degree of economic sophistication, we expect that
they correlate when inferred from data about the same system
(economies).

Figure 1 validates our synergy score by showing a positive cor-
relation with the three complexity-based indices. It can be seen
that synergistic input interactions predict these proxies of techno-
logical sophistication. The measure is able to capture the cross-
country and cross-industry variation produced by these indices,
especially when these two distinct approaches use independent
datasets. To enable this validation, we aggregated the synergy
scores from pairwise measures to industry-level ones. In the
Results section, we focus on the nuanced information provided

by the previously unobserved network structure of synergistic
interactions.

Table 2 provides statistical tests of this validation and shows
that it is robust across the EORA and the OECD datasets. We per-
form these tests via regression analysis and controlling for the
usual covariates. Our variable of interest is the logarithm of the
synergy score. In the first model, we estimate the association be-
tween the synergy score and the EFI without any controls. Model
2 includes log GDP per capita, and aims at controlling for country-
specific factors such as higher income, better public governance,
and better infrastructure. Model 3 adds dummy variables indicat-
ing if the industry belongs to the primary, secondary, or tertiary
sector (with the additional sector being “Other”). With this, we
try to control for sector-specific factors like regulatory frame-
works (e.g. tax prerogatives and unionization practices). In model
4, we include industry-specific total output.

The Supplementary information provides further validation re-
sults by using additional energy-related covariates that are avail-
able in the EORA dataset. We replicate this validation with the
other complexity-based indices, different levels of aggregation,
and alternative ways of computing the synergy score.

Results

One of the main advantages of our approach is the explicit calcu-
lation of synergy scores for all pairwise input interactions. This
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Fig. 2. Synergy networks of the transport industry. The node colors represent community labels. GG, greenhouse gas. The figures are aranged in the order
of increasing output per GG, from A) to D). It can be seen that the networks become more modular and structured with increasing output per GG.

means that it is possible to construct an undirected network with
weights determined by the synergy scores. These synergy net-
works capture the structure of the technology underpinning a
production process. The details on how to construct synergy net-
works can be found in Estimating the synergy score section.

First, let us provide an example of one such network and how
its structure differs across countries with different levels of
technological sophistication. Figure 2 presents the case of the
transport industry. Arguably, technologies with a lower rate of
greenhouse gas (GG) emissions per unit output are more sophisti-
cated. The plot displays four country clusters, ordered from the
one with the least sophisticated technology (denoted by a larger
output per GG emission) to the most advanced one. The nodes
in each network correspond to industries (including transport it-
self) that sell inputs to the transport industry.

To better illustrate the structure of these networks, we apply
the Louvain algorithm to detect three communities and display
them using spring layouts. The nodes are colored according to
each community. The first thing to notice is that, the higher the
output per GG emission, the more distinguishable the communi-
ties become. This is confirmed by higher modularity scores.
Second, the separation between communities is not random, as
the red nodes seem to play a brokerage or intermediary

role when technology is more sophisticated. This is fascinating
as it points to a specialization-vs.-generalization trade-off in
technological structure as an industry becomes more sophisti-
cated. Furthermore, the potential existence of intermediary in-
dustries calls for their identification or discovery. We investigate
these questions in a more systematic way and present our find-
ings in the remainder of this section.

We analyze the topological properties of 100+ synergy net-
works inferred through our method. First, we investigate which
are the industries that tend to be intermediaries. As the specific
nodes with a brokerage role may vary between clusters and indus-
tries, we resort to a broader categorization based on the economic
sector to which each input belongs: primary, secondary, or ter-
tiary. Then, we estimate the mixing probabilities between sectors
and perform a T tests for the mixing probabilities.!

Figure 3A presents the T values of every pair of sectors. As we
can see, the tertiary sector interacts substantially more with the
other two sectors. This suggests that industries in the tertiary sec-
tor (such as communication, hospitality, finance, education) tend
to mediate synergies between industries from the other sectors of
the economy.

For a robustness test, we estimate two “hub-ness” measures
and corroborate if our findings regarding the tertiary sector are



6 | PNAS Nexus, 2025, Vol. 4, No. 4

A 10.0

7.5
5.0

2.5

[
_2.57 l
—5.01

_7‘5,

T values (Empirical - Null)

2
v
v

Other_Other

Secondary_Secondary
Secondary_Primary
Other_Primar
Primary_Primary
Other_Secondar
Other _Tertiar
Tertiary_Primary+
Tertiary_Secondary+
Tertiary_Tertiary

Sector combination

Clustering coefficient  Betweenness centrality

Primary
*:

Sector
Secondary

Tertiary

-4 -3 -2 -1 0 1 2 3 4

T values (Empirical - Null)
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across empirical and null networks. These estimates are produced by computing the difference in the relevant metric between the empirical networks
and the ones produced by the null model. Confidence levels are indicated by * for 90%, ** for 95%, and ** for 99%.

consistent. Hubs are usually characterized by high betweenness
centrality and low clustering in networks. Figure 3B suggests
that this is indeed the case for industries in the tertiary sector, dis-
tinct from those in the primary and secondary sectors (as com-
pared to a null model).

The previous analyses confirm that a subset of inputs tend to
mediate the production process of industries. Furthermore, such
industries are classified into the tertiary sector. These findings
are consistent with the accepted idea that membership to a par-
ticular sector conveys information about structural differences
between industries and their underlying technologies, as they cor-
respond to the main stages of production (44, 45). They are also va-
lidated by previous research showing the importance of having a
more sophisticated tertiary sector to achieve higher economic
complexity (18). Thus, our findings not only reveal structural fea-
tures about technological sophistication but also confirm long-
argued ideas about industrial development.

Now, let us analyze a broader set of (global) topological proper-
ties in synergy networks to uncover the features that underpin
technological sophistication. To this end, we estimate 14 network
measures that can be classified into three categories of network
metrics: small-worldness, specialization, and global connectivity.
Since several of these measures tend to correlate under certain
topologies (46), we perform factor analysis to disentangle their
contributions to each one of the three categories of network met-
rics.™ We find that these factors significantly correlate with vari-
ous output metrics that denote more sophisticated production
processes, namely, total output, energy consumed, output per
unit energy consumed, and output per unit GG emitted, as sug-
gested by Figure 4B.

Using a robust linear model, we predict the four output meas-
ures with the leading factors. As observed in Figure 4, small-
worldness and specialization are positively correlated with the
output metrics. In contrast, global connectivity exhibits a negative
correlation. Global connectivity, which relies on measures like al-
gebraic connectivity, captures how resilient a network is to node
removal. It can be inferred that the productive structures enabling
more sophisticated processes are more fragile; as they rely on a
few key nodes to keep the subnetworks connected.

Figure 4A suggests that a higher output per greenhouse gas
emissions correlates with more modularity. In contrast, low out-
put per emissions associates with a less modular structure over-
all. In the Supplementary information, we show that this
characteristic structure is not directly observable in 10 networks
of normalized flows, and neither are the relationships between
network structure and output efficiency documented here.

Discussion and conclusions

The quantification of technological sophistication in production
processes is an elusive problem that is relevant to several disci-
plines. This article introduces the first data-driven method that
explicitly addresses input-input and IO interactions, opening
the black box of production processes. By estimating the amount
of synergistic mutual information between the inputs of a produc-
tion process, we quantify the degree of technological sophistica-
tion across various industries and countries. Moreover, we infer
the structure of these technologies by constructing synergistic
interaction networks and revealing features that characterize in-
dustrial sophistication. These networks provide empirical
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the global connectivity is negatively correlated with all output measures, while small-worldness and specialization correlate positively with output.

grounds to select and justify production functions in IO models;
something missing in this large body of literature and a major
limitation in 10 empirical studies. They also reveal the structural
role of industries with a high degree of synergistic interactions.
Finally, they suggest certain universality in the prevalence of
modular small-world topologies across various classes of complex
systems that perform sophisticated behaviors. For instance, in
neuroscience, it has been shown that similar modular small-
world structures support complex integration and consciousness
in the brain, as described in the global neuronal workspace theory
(47-50).

Cross-country comparisons of these network structures can
help guide policymakers to prioritize targeted investments in
key industrial relationships, facilitating enhanced spillover ef-
fects and spurring economic growth. For instance, policymakers
often interpret predictors of economic growth such as complexity
indices as signs of potential areas where a government should in-
vest in the future (e.g. the location in the product space in which
they should try to locate). Synergy networks, on the other hand
can provide information about the interactions that are conducive
to more productive activities. For example, by studying
the synergy network of an exemplary industry (perhaps from an
advanced economy), a middle-income country could gain a
better understanding of which interactions in its own industry
could become more synergistic, effectively guiding technology
investments.

A limitation in this study is that the application of the method
requires larger data than what is typically found in IO tables. This
means that, in this article, we had to develop a clustering proced-
ure (see the Methods section), and that our inferences are not for
specific countries, but for groups. Another limitation is that we
have to sacrifice the temporal dimension as we need to exploit
time variation to estimate the underlying joint probability distri-
butions. Ideally one would have high-frequency IO tables to com-
pute the synergy scores by subperiods. This would allow us to
study, for example, the evolution of technological sophistication
and of its networked structure across countries and industries.
Fortunately, new firm-transaction datasets are being generated
as we write this manuscript, so the future for using the proposed
approach looks very promising. Finally, the role of synergy in pro-
duction process needs to be supplemented with an exploration of
the role of redundancy in production process. This extension of
the current study will provide a more holistic view of factors
that promote resilience in addition to sophistication in the pro-
duction process.

Methods

We adapt the framework of partial information decomposition
(PID) to estimate synergy between inputs as a measure of comple-
mentarity. We use two inter-country IO datasets: The Eora global
supply chain database (51) and the OECD inter-country IO tables
(29). We discuss the specification of these datasets in 10 datasets
section.

PID requires estimating the joint probability distributions of in-
puts and outputs. However, IO datasets (prepared using national
accounts data released by the governments) are only available
yearly. To robustly estimate the joint probability distributions,
we perform a data-clustering procedure based on the production
similarity of countries for a given industry. Thus, we create a
workflow that facilitates the preprocessing and inference tasks
for multiple industries across both datasets. The workflow con-
sists of two major steps, and an illustrative sketch is provided in
Figure 5.

1. Clustering: Grouping countries that exhibit similar produc-
tion patternsin a target industry, preferably in roughly equal-
ly sized groups. This means that two countries that are in the
same cluster in a given industry A, may be in different clus-
ters when analyzing another industry B.

2. Estimation: Using PID to estimate synergy scores for each pair
of inputs in the target industry, and constructing its corre-
sponding synergy interaction network.

Clustering countries with similar production
technologies

We start by discussing the clustering procedure. To generate reli-
able estimates of the probability distributions, we pool together
input and output growth rates across time (1995-2020) as well
as from clusters of countries with similar metrics of production.
These metrics include the marginal product of the inputs and fac-
tors that aid the production process such as labor market effi-
clency, quality of infrastructure, and the level of overall
development of the country (indicated by Gross National
Income per capita). These indicators help avoiding trivial clusters
that could result from the coincidental similarity of marginal
products due to nontechnological reasons such as exogenous
shocks. For a target industry, we build a feature vector for all
countries. This vector includes the median marginal product of
allinputindustries to the target industry. It also includes auxiliary
country level metrics relating to labor, infrastructure, and income
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Fig. 5. The two-step workflow.

(the datasets used for estimating these auxiliary metrics are dis-
cussed in IO datasets section. Marginal product is the relative
change of the output to the change in one of the inputs. This
measure enables inferring the effect of each input at a first level
of approximation.

To estimate these features, let us introduce some notation useful
to describe the IO datasets. We denote the entries of a typical inter-
country IO table as, Tfjc the total value flow from industry i in coun-
try ¢’ to industry j in country c (in USD basic prices). Then, the total
input inflow from industry i toj for country c can be expressed as a
sum of value flows from industry i to j over all countries ¢,

Xij= Z Tfjc 2

Similarly, the total output (Y;) of industry j in country c can be de-
fined as

V= T+ E G)
i [«

where FE’“' represents the final demand of goods and services of the
industry j of any country ¢’ in country c¢. Having identified the total

process of the target industry.

value of inputs and the output at the industry level, the marginal
product of the input coming from industry j to industry i (in country
c) can be written as,
Y -Yie-1)
MR =5 - - D) “
The median marginal product for all the available years is a feature
of the inputs of a particular industry. Marginal products usually ex-
hibit fat-tailed distributions across countries because of the charac-
teristic output differences among the economies. Therefore, we
log-transform the marginal product to normalize the features for
clustering. We use log MP as the key feature for clustering countries
with similar production technologies, along with the auxiliary de-
velopment indicators discussed above. Finally, we employ the
k-means-constrained clustering algorithm (52) to define four coun-
try clusters in a target industry, using the features described above.
We choose this constrained version of the k-means algorithm be-
cause it allows finding clusters that are balanced in size.” The un-
constrained version of the k-clustering algorithm may introduce
biases in the synergy scores due to under or over representation of
certain types of countries. The hyperparameters of the algorithm,
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including the number of clusters, are optimized using consensus
clustering. In the rest of this section, we explain the estimation of
the synergy score on 10 datasets using PID as well as the estimation
of economic complexity indices on the industry level.

Estimating the synergy score

Information-theoretic entropy measures the variability of a sys-
tem by quantifying the uncertainty of being in a given state.
Developing this mathematical framework, Shannon proposed a
measure of dependence between two variables, commonly known
as mutual information (53). The ability to assess the variability of
a system—and the inter-dependency among its variables—made
information theory ideal for the empirical study of a wide range
of complex systems (54, 55).

Here, we adapt these concepts and tools to quantify the inter-
dependencies between an industry’s inputs and corresponding
output. We start by briefly introducing mutual information and
how it can be decomposed using PID. Finally we explain how these
measures are implemented to 10 datasets.

Mutual information

Mutual information quantifies the amount of information shared
between two random variables. This shared information can be
interpreted as a nonparametric measure of dependence between
the two variables. This dependence can be quantified using the
joint and marginal probability distributions of the variables. The
mutual information between two random variables X and Y can
be defined as below,

. p(x, y)
106)= 3 S pte (505, )

where p(x) is the probability distribution corresponding to the ran-
dom variable X on the state space X and p(x, y) represents the joint
distribution of the two random variables. In essence, mutual in-
formation can be understood as the Kulback-Leibler distance be-
tween the joint distribution of the variables and the product of
their marginal distributions. The measure I(X; Y) becomes 0 if X
and Y are independent, such that p(x, y) = p(X)p(y).

For the case of Gaussian random variables, the corresponding
mutual information can be written as (see (56) for a complete der-
ivation)

! detZ(X)
I(X, Y>—§10g<m>, (6>

where det%(X) represents the determinant of the covariance ma-
trix of X, and Z(X|Y) represents the conditional covariance, which
can be written as

T(X]Y) = 2(X) - £(X, V)E(Y)'Z(Y, X). )

The definition in Eq. 6 can be extended to the multivariate setting.

For three or more variables, we can further investigate the na-
ture of the interdependence quantified using mutual information.
This involves quantifying higher-order effects such as synergistic
interactions using the PID framework (27).

Partial information decomposition

PID breaks down the mutual information between a pair of input
variables and the target output variable into Synergistic, Redundant,
and Unique information. These three modes correspond to the
amount of information thatis present in the two variables collect-
ively, common to both variables, and unique to each variable,

I(XLXZ; Y)

1(Xy;Y)

=
- Synergistic Unique to X; - Unique to X, Z Redundant
-

Fig. 6. Partial information decomposition.

respectively. This decomposition was first introduced in (27) and
has been instrumental to study different types of interactions be-
tween random variables (57-59).

Let us look at the case of mutual information between two in-
put variables (X, X,) and one output variable (Y). Here, the total
mutual information about the output provided by the two inputs
can be represented as the Venn diagram in Fig. 6.

Redundantinformation could come from either X; or X,, asitis
common to both variables, this information would be preserved
even if one of the inputs was removed. Unique information comes
from each inputonly, so it represents the unique contribution that
each input makes to the output while conditioning the effect of
the otherinput. Finally, synergistic information is the information
about the target that is only accessible when both inputs are ob-
served together. This information is lost when any one of the in-
puts is removed.

Let us write this decomposition as

I(Xl, Xo; Y) = Syn(Xl, Xo; Y) +R€d(X1, Xo; Y)
+Unq(X1; Y) + Unq(X2; Y).

A general formulation of Eq. 8 for n random variables is provided
by Ref. (27). The unique and the total joint information about the
output provided by the inputs can be exactly calculated. However,
to estimate the synergy and redundancy between the inputs, we
need to assume a redundancy function. We employ the minimum
mutual information redundancy estimator, which is known to
work reliably for multivariate Gaussian systems (59).” This redun-
dancy estimator assumes the total redundancy to be equivalent to
the mutual information about the output provided by the weakest
input (i.e. theinput thathas the least mutual information with the
output). Formally, this is

8)

Red(X1, Xo; Y) =min (I(X1; Y), I(XQ; Y))

Following (59), using this redundancy function yields the estima-
tor of the synergistic interaction to be

Syn(X1, X2; Y) =1(X1, X2; Y) —max (I(X1; Y), I(X2; Y)) 9)

By normalizing the inputs and output variables to unit variance
(for continuous measurements), we fix an upper bound on the
total mutual information between the inputs and the
output I(X4, X»; Y) and thus on the synergy score Syn(X, Xo; Y)
(see Eq. 9).

To remove potential numerical artifacts, we implement a bias
correction procedure by performing a randomized estimation
where the inputs are shuffled. The synergy score calculated using
the randomized data is then subtracted from the true synergy
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score. This ensures that the statistical significance of the esti-
mated mutual information by removing the effect of spurious
correlations.

Synergistic interaction networks

To estimate the synergy score on IO dataset, we deploy the PID
framework on the growth rate of inputs and output of each target
industry, for a given cluster of countries. Firstly, the input growth
rates Xf j (t) and the corresponding output growth rate ?j (t), for the
year t and country c can be defined as

XC -1 Xic,j (t)

0=l (10)
() = 1OgL(t)

j Ye(t-1)°

For a given target industry of a cluster of countries (as clustered in
Clustering countries with similar production technologies sec-
tion), vectors of input and output growth rates are collated across
years and countries belonging to the cluster. This procedure en-
sures enough observations for a reliable estimation of joint prob-
ability distribution of between input and output growth rates.
Therefore, the synergy score between inputs from industries i
and j corresponding to target industry k can be written using Eq.
10 as,

Syn(Xix, Xjx; Vi)

& Sk Tr) o (11)
=1Xik, Xjps Vi) —max ([(Xip; Ye), (X Ye)).

Using Eq. 11, synergisticinteraction network S, of a given targetin-
dustry k is constructed by estimating the synergy scores of all
pairs of input industries i, j. Such that the adjacency matrix S;;
can be written as

Sl'J' = Syn(f(iyk, Xj,k; ?k) (12)

Thus, each network Sis a weighted undirected graph whose nodes
are input industries and edges are synergy scores.

We prune the fully connected network S, to remove nonsalient
edges and uncover the underlying backbone. We extract the back-
bone of each network by using the method discussed in (60), which
builds on the well-known disparity filter (61) by automating the
selection of a filtering threshold. To estimate the measures of cen-
trality, clustering, and mixing probabilities discussed in Fig. 3A,
we use the binary (unweighted) version of these backbone
networks.

When performing statistical analysis in Fig. 3 on the synergy net-
works, we use a null model. This model generates null networks by
shuffling the edges across all possible combinations of nodes. In this
way, the null networks have a similar edge-weight distribution as
the reference networks. The shuffled structure allows for all pos-
sible inter-sector interactions. We generate an ensemble of 1,000
null networks for every reference network to correct for sampling
bias. The properties of interest such as the mixing probability, clus-
tering, and betweenness are calculated both on the reference and
the null networks. The differences between the properties in these
two distributions is used in the t tests.

IO datasets

The IO data are obtained from two sources, the Eora global supply
chain dataset (28) and the OECD inter-country IO tables (29). the
Eora26, an aggregated IO dataset at the level of 26 industries, is
built using data from national accounts of the countries and vari-
ous international organizations (51). It is the largest IO dataset in

terms of country coverage (181 economies). Eora26 has become
standard in the study of global value chains (62) and material foot-
print (63). It has also been shown to be consistent with similar, but
smaller, global databases (64).

In addition to the Eora26 dataset, we replicate the analysis on
the 10 dataset made available by the OECD.? The November
2021 version of this dataset includes IO monetary transactions be-
tween 66 countries across 45 unique industries in the time period
of 1995-2018.

International trade:

In our validation, we calculate the indices of economic sophistica-
tion using the BACI international trade dataset (37), which is inde-
pendent from Eora26. These data contain trade records between
200 countries for more than 5,000 products during the 1995-
2020 period. These products are uniquely classified into 15 of
the 26 industries of Eora26 through the HS92-to-ISIC correspond-
ence tables of the UN Statistics Division.

Development indicators:

We use three auxiliary development indicators to improve our
clustering procedure (see Clustering countries with similar pro-
duction technologies section). The first is the World Bank’s gross
national income per capita indicator. The second and third are
the labor efficiency and infrastructure indicators from the
World Economic Forum'’s Global Competitive Index Report.
Gross national income covers the same period as Eora26, while
the other two indicators are available from 2007 to 2017."

Notes

#Either from indigenous innovations or through the emulation or
adoption of examples from other societies, countries, sectors, or in-
dustries (65)

PFurther studies in the relatedness literature suggest that the com-
plementarity between two economic entities also depends on the
network of economic interactions that embed them (13, 30).

“While (4) claim that synergy lacks a formal mathematical definition
in economics, this is not the case in information theory.

4Compelling ex post rationalizations are made to validate these
measures as proxies for complementarity.

¢To mitigate criticisms to the specification of production functions,
expert surveys have been conducted to determine the degree of de-
pendence on certain inputs (see the IHS Markit survey in Refs. (66,
67)). This information, has been incorporated in the new generation
of 10 models (20, 66).

fRecently, it has been shown that higher-level brain regions respon-
sible for cognition and emotion have more synergistic interactions
(as they combine information from multiple sensory inputs) (68).
Conversely, sensory regions of the brain that carry multiple copies
of the same information exhibit high redundancy. These findings
suggest that the synergy score, as defined by partial information de-
composition (PID), is a reliable measure of complementarity of
inputs.

€Equation 1 can be generalized for more than two inputs. However,
producing reliable estimates for more than three inputs can be-
come too data-demanding. Nevertheless, we show in the
Supplementary information that our main results hold when we es-
timate synergies between triplets instead of pairs.

B This transformation to growth rates (rather than raw values) yields
normally distributed growth rates at the industry level, which
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makes the data compatible with Gaussian estimators of mutual
information.

!See Ref. (30) for a comprehensive review of the economic complexity
literature.

JTo the extent of our knowledge, most studies focus on national and
regional analysis. References (35, 36) are the only studies we are
aware of that look at sector level economic fitness. Industry-level
calculations require mapping products into industries, which we
do and explain in the Supplementary information.

XWhile co-occurrence strategies have been devised to estimate com-
plementarities in the context of skills (69, 70), they fail to embed the
output signal in the estimation step. Instead, they analyze associa-
tions between co-occurrence metrics and output data such as wag-
es, an ex post rationalization of sorts. Furthermore, another issue
with co-occurrence is that it captures both complementary and
substitute interactions; for example, resilient systems tend to ex-
hibit functionally similar behavior distributed across the system
to ensure robustness to perturbations (71). These redundant/sub-
stitutable interactions help maintain the function in noisy and un-
certain environments (72-74). However, synergistic interactions
quantify the complementarity among parts but are more fragile
(75). Co-occurrence measures weigh these interactions equally,
missing the differentiation between these two kinds of interactions.

'Wwith reference to a null model (described in the methods
Synergistic interaction networks section), followed by a false discov-
ery rate correction for multiple comparisons.

™ The full list of measures and their contribution to specific factorsis

provided in the Supplementary information.

"In the Supplementary information, we show that our results are ro-
bust to the traditional unconstrained k-means algorithm.

°The Supplementary information explains how principal compo-
nent analysis of the feature matrix is used to ensure that the mar-
ginal product is the leading feature.

PThere is a growing number of different redundancy functions in the
PID literature (57).

Thttps://www.oecd.org/sti/ind/input-outputtables.htm

"We find that this auxiliary information is very useful to obtain co-
herent technology clusters without trivially becoming the leading
feature.

Supplementary Material

Supplementary material is available at PNAS Nexus online.
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