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Summary

The thesis examines how firms’ input/technology choices drive the struc-
tural evolution of production networks and subsequent macroeconomic out-
comes, and how industrial policies can be designed to account for endoge-
nous production network formation. The thesis comprises research papers
that employ new theoretical and empirical approaches to analyze production
networks as outcomes of firms’ input choices and key transmission channels
within the macro-economy.

The first research paper proposes a production network formation model
grounded on a general equilibrium economy in which technology is endoge-
nous and determined by input combinations. In the model, the production
network evolves through the entry of new firms, which choose input com-
binations that will determine their technology level. The objective is to
gain a deeper understanding of how firms’ openness to innovation in in-
put choices shapes the structural evolution of production networks through
computational simulations. The simulations highlight that the outcomes of
innovation in input choices depend on where the innovation occurs within
production networks. The main assumption is that new firms have limited
information about all feasible input combinations within the production net-
work and explore the technological landscape in a boundedly rational way.
The dynamic interplay between firms’ technology choices and the production
network structure leads to a continuous process of network reconfiguration.
The endogenous evolutions of the production network and idiosyncratic pro-
ductivity levels induce a sequence of general equilibrium outcomes. The sim-
ulation results suggest that technological homogeneity within sectors and the
innovative behavior of entrant firms are essential to achieve optimal firm-level
productivity and aggregate outcomes.

The second research paper turns to firm-level empirical evidence from
Turkey, with a conceptual framework that links firms’ supplier linkages with

their technological differentiation. The objective is to gain a micro-level un-
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derstanding of the factors driving the adjustments of input-output linkages.
The empirical analysis is based on Turkey’s firm-to-firm transaction data.
The regression analysis represents robust empirical findings regarding firms’
supplier network adjustments: (i) Firms maintain more stable supplier link-
ages when their peers make significant adjustments to their own supplier
linkages. (ii) High exposure to the 2018 currency shock in Turkey led to
higher stability in domestic supplier sets. The main result is that firms with
lower overall supplier-set relatedness (higher supplier-set differentiation) tend
to perform better. These insights contribute to the literature on resource-
based measures of firm diversification in explaining performance.

The third paper bridges the remarks from the first and second papers on
the dynamic structure of production networks into the design and evaluation
of industrial policies. Understanding the influence of industrial policies on
production network formation is essential for understanding how their ef-
fects are amplified or attenuated as production networks evolve. The paper
presents a structured literature review and a production network formation
model grounded in a general equilibrium economy. The general equilibrium
economy incorporates a policymaker designing a tax schema for firm-to-firm
input transactions. The impacts of tax exemptions on the dynamics of pro-
duction network formation are analyzed through computational simulations
with different policy targeting strategies. Our findings show that production
network-informed policy targeting strategies can improve the efficiency of

industrial policies.
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Chapter 1
General Introduction

As Wassily Leontief stated in the interview conducted by Foley (1998), “The
first job of an economist is to understand the economic system. To under-
stand the operation of the system, one figure is not enough. You want to see
how it disaggregates.” Leontief’s call for disaggregation and his consideration
of production processes as a network are gaining popularity in recent litera-
ture on how the structure of production networks influences macroeconomic
dynamics (Acemoglu et al., 2012; Barrot and Sauvagnat, 2016; Carvalho
et al., 2020). The literature models shock propagation through production
networks relying on external shocks (Carvalho, 2014; Carvalho et al., 2020;
Mandel and Veetil, 2021; Acemoglu and Tahbaz-Salehi, 2020). The inter-
dependencies across disaggregated units amplify the effects of idiosyncratic
shocks. The literature demonstrates remarkable progress in modeling the
propagation of idiosyncratic shocks to aggregate effects through production
networks, while accounting for market distortions (Gabaix, 2011; Acemoglu
et al., 2012; Baqgaee and Farhi, 2019a; Carvalho and Tahbaz Salehi, 2019;
Baqaee and Farhi, 2019b; Bigio and La’O, 2020).

While this literature reinforces Leontief’s insights, mechanisms of produc-
tion network formation remain underexplored. Understanding these mech-

anisms is critical due to high potential contribution to the research on (i)



supply chain disruptions, (ii) technological progress and innovation in pro-
duction processes, and (iii) industrial policy design and evaluations.

(i) The supply chain disruption models explore the fragility of supply
networks—the sensitivity to aggregate or micro-level disruptions—and the
role of network complexity in amplifying shocks (Elliott et al., 2022; Elliott
and Jackson, 2023). Through general equilibrium models incorporating pro-
duction networks, shock propagation is explored for fixed networks. The
internal decision-making process for forming links creates a new channel for
robustly amplifying shocks (Elliott and Golub, 2022). Firms strategically ad-
just their supplier linkages to mitigate the adverse effects of external shocks.
Further, there may be heterogeneity in their behaviors regarding supply net-
work adjustments. Therefore, deeper theoretical and empirical analyses of
those behavioral differences enable us to understand mechanisms of produc-
tion network formation and their influence on aggregate outcomes.

(ii) Further, firms adjust their input linkages by seeking technological
progress in production through the adoption of new inputs (i.e., Automation
processes, robots, and AlI). Technological progress driven by firms’ endoge-
nous input choice also spread through production networks (Oberfield, 2013;
Acemoglu and Azar, 2020). The endogenous production network model by
Acemoglu and Azar (2020) proposes that firms choose an optimal input com-
bination by balancing the trade-off between higher production technology
and higher production costs associated with adopting inputs. The model
suggests that firms consider all possible input combinations to minimize unit
cost through productivity gains and lower-priced inputs within an economy.
However, searching all possible input combinations is not feasible for firms
in a real-world economy. Firms behave boundedly rationally in the search
spectrum of inputs. How firms differentiate their input choices from others
determines the structural evolution of production networks. The common
assumption in search of inputs is that productive units (i.e., firms, indus-

tries, countries) tend to adopt inputs that are technologically close to those



they, their competitors, and suppliers already use (Hidalgo and Hausmann,
2009; Carvalho and Voigtlander, 2014).

(iii) The current resurgence of industrial policy implications, rationalized
through market failures, coordination, or agglomeration failures, necessitates
new theoretical and methodological approaches in their design and evalua-
tions (Hausmann and Rodrik, 2003; Hidalgo and Hausmann, 2009; Cimoli
and Dosi, 2016; Chang and Andreoni, 2020; Juhész et al., 2024). However,
the design and evaluation of industrial policies are difficult due to the dy-
namic interactions among productive units and the heterogeneity of their
behavior (Pack and Saggi, 2006). Further, industrial policies are criticized
for unclear procedures for targeting sectors, regions, or economic activities
for intervention, and for unclear criteria for choosing the right target group
(Rodrik, 2009; Chang and Andreoni, 2020). Network theory provides a fresh
perspective on the spillover effects of industrial policy and accounts for the
heterogeneity of economic agents (Liu, 2019; Grassi and Sauvagnat, 2019;
Konig et al., 2019; Liu and Ma, 2021; Lane, 2024; Georgieva, 2025). The
growing literature on production networks highlights that production net-
works are not only outcomes of firms’ input choices but also key transmission
channels through which industrial policies may shape structural transforma-
tion in economies.

Despite these advances, the literature lacks empirical studies on produc-
tion network formation and on how firms’ input linkages influence their per-
formance, due to a lack of firm-to-firm transaction data. Firm performance is
empirically analysed through the product and patent portfolios as indicators
of a firm’s production technology and scope (Teece et al., 1994; Hidalgo et al.,
2018; Breschi et al., 2003; Pugliese et al., 2019; Dosi et al., 2022; Juhész et al.,
2021). This literature is based on relatedness measures, suggesting that two
economic activities (technologies, industries, products, jobs) occur within the
same productive units because they belong to the same technological field or

share complementarities. Firm-level production technology is defined as the



design and procedures, along with the necessary material inputs, machines,
and services, to achieve final goals, implicitly or explicitly (Shell et al., 1999;
Kauffman et al., 2000; Frenken, 2006). Firms’ input choices state their pro-
duction technology for achieving a final output. The strategic decisions on
inputs stand out in supplier choices. Therefore, analysis of firm-level supplier-
set scope and adjustments is critical for a better understanding of production
network formation dynamics. Even industry-level analysis of input-output
linkages through relatedness measures and methodology highlights the im-
portance of firm-level analysis of supplier linkages (Fan and Lang, 2000; Bryce
and Winter, 2009; Essletzbichler, 2015).

The mainstream literature on production networks assumes that pro-
duction networks and firm-specific productivity levels vary due to exter-
nal shocks. Moreover, the production network formation models assume
that firms behave uniformly. Bringing production network formation models
closer to real-world dynamics is difficult because of feedback loops among
production technology, production costs, and the formation of input links.
The choices of inputs determine production technology and production cost.
While adopting additional inputs increases production technology, it also
increases production costs. Balancing this trade-off requires searching for
different input combinations. This search process depends on firm-specific
characteristics such as innovation capabilities, position in production net-
works (i.e., existing suppliers and customers), and regulatory restrictions on
access to specific inputs. A two-way causal relationship between production
network formation and economic outcomes, mediated by firm-level productiv-
ity and prices, makes identification and interpretation difficult. Including all
these characteristics in production network formation models increases their
complexity. Still, studying network formation dynamics with some simplifi-
cations provides remarkable insights into the influence of production network
formation patterns on aggregate outcomes.

The thesis suggests a framework that explicitly models firms’ input choices



and network formation as endogenous processes. The main research ques-

tions are as follows:

1. How do firms’ input/technology choices drive the structural evolution

of production networks and subsequent macroeconomic outcomes?

2. How can we measure technological differentiation and evolution through
supplier linkages, and what firm-level factors explain network adjust-

ments?

3. How can industrial policies be designed to account for endogenous net-
work formation and the propagation of policy effects through input-

output linkages?

The thesis comprises three research papers that encompass theory, empir-
ical analysis, and policy simulations, using new theoretical and empirical ap-
proaches to examine production networks as outcomes of firms’ input choices
and as key transmission channels within the macroeconomy. The main idea
of these papers is that technological change in production is embodied in
firms’ input combinations (Arrow and Debreu, 1954; Oberfield, 2013; Ace-
moglu and Azar, 2020). Endogenous technological choices shape production
network structures at the micro-level, and these evolving structures influence
macroeconomic outcomes.

I conceptualize input choices as technological choices. Further, firms shar-
ing a common customer base influence each other in their input/technology
choices. Thereby, technology and production network structure are jointly
endogenized: Firms’ input choices are influenced by current production net-
work structures and determine subsequent production networks within the
economy. This approach moves beyond the literature on production networks
that considers exogenous productivity shocks and fixed production function
parameters. This thesis contributes to the literature on production network

theory, innovation economics, and Industrial policy.



The thesis’s chapters are organized around the common object that input-
output linkages are formed endogenously, and they examine production net-
work formation through complementary theoretical, empirical, and policy-
oriented approaches. The thesis chapters share a conceptual framework that
the formation of input-output linkages embodies production technology, and
they can serve as an empirical indicator of technology in the context of tem-
poral firm-to-firm transactions. I progressively shift the level of analysis from
theory to empirics and to policy design.

Chapter 2 develops a general equilibrium model of endogenous production
network formation in which firms’ technologies are determined by their input
combinations. This chapter is primarily theoretical and methodological, and
it introduces the mechanisms through which firms’ input search behaviors
and choices jointly shape the evolution of production networks and aggregate
economic outcomes. The chapter is situated in the research stream on the
micro-foundations of network formation and the dynamic interaction between
technology and network structure. It focuses on the conditions under which
technological differentiation increases firms’ productivity, while accounting
for the tension between technological differentiation and homogeneity within
sectors. This network formation model establishes a relationship between
firms’ innovation behaviors and macroeconomic outcomes through produc-
tion networks. The simulations highlight that the outcomes of innovation
in input choices depend on where the innovation occurs within production
networks.

The dynamic interplay between firms’ technology choices and the produc-
tion network structures leads to a continuous process of network reconfigu-
ration. The endogenous evolutions of production networks and idiosyncratic
productivity levels induce a sequence of general equilibrium outcomes.

Chapter 3 turns to firm-level empirical evidence on production network
formation using detailed firm-to-firm transaction data from Turkey. As a

complement to the conceptual framework introduced in Chapter 2, this chap-



ter explores technological differentiation through firms’ supplier sets. It em-
pirically examines how firms adjust their supplier linkages in response to
peer behavior, product diversification, and external shocks. Furthermore,
the chapter empirically links supplier-set differentiation to firm performance.
The chapter mainly focuses on empirical methods, identification challenges,
and firm-level heterogeneity. Firm-level empirical analysis of supplier link-
ages is crucial for capturing heterogeneity in firms’ differentiation and peer
effects within production network formation.

Chapter 4 leverages the implications of endogenous production networks
for industrial policy design and evaluation. Incorporating a policymaker into
a general equilibrium production network model enables us to examine how
tax exemptions influence production network formation and aggregate out-
comes. The chapter links the theoretical mechanisms and empirical patterns
represented in the earlier chapters to policy design and propagation effects
within production networks.

The chapters jointly demonstrate how firm-level input and supplier choices
aggregate into evolving production networks that determine firm-level pro-
ductivity and aggregate outcomes. The models developed in the thesis con-
sider production networks as outcomes of firms’ technological choices and
as central transmission channels through which economic shocks and policy
interventions propagate.

The computational simulations and the firm-level empirical analysis demon-
strate how input choices lead to significant structural network transforma-
tions. Transformation patterns within production networks determine inno-
vation pathways, resilience to shocks, and the efficiency of industrial policies.
Diversifying technologies through new input adoption or adjusting supplier
linkages in response to external shocks does not remain localized. The deci-
sions on linkage formation propagate through production networks, influenc-
ing other firms connected through input-output linkages and those sharing

common neighbours. The spillover in the formation of input-output linkages



is not instantaneous. The gradual standardization of input choices leads
to gradual structural transformations in production networks. Unlike the
creative destruction model of Aghion and Howitt (1992) — which does not
incorporate diffusion lags by modeling innovation as a discrete replacement
— the thesis considers the gradual diffusion of innovation arising from the
interaction between firms in input choices.

Understanding network formation is crucial for predicting how industrial
policies influence the economic structure. Policy interventions may propagate
through existing linkages and trigger endogenous reconfigurations of supply
chains - amplifying or softening their effects over time. Designing an indus-
trial policy is challenging due to the dynamic behavioral rules of firms and
the endogenous nature of production networks. Policies that target firms
without accounting for how they adjust input-output linkages may gener-
ate limited spillovers or unintended network reconfigurations. The design of
those policies must account for potential shifts in firms’ decisions governing
the formation of input-output linkages.

Network-informed policy design appears as a promising approach to op-
timize fiscal resources and improve structural outcomes. By recognizing pro-
duction networks as key transmission channels, this approach allows pol-
icymakers to analyze how policy interventions propagate across firms and
sectors over time. Overall, bridging micro-level input choices with macro
outcomes offers tools usable beyond innovation, such as green transition, dig-
ital transformation, and precautionary policies for supply chain disruptions.
For instance, green transition supply chain policies include instruments to
encourage firms to link to green suppliers. Considering the positions of green
suppliers and their technology and cost functions, policymakers may speed
up the transition towards them.

As an example of industrial policy targeting structural transformation,
the “Made in Europe” partnerships set local sourcing targets for parts in

products such as cars and solar panels. Carmakers highlight potential is-



sues arising from further supply chain disruptions and a slowdown in the
transition to electric vehicles (Hancock et al., 2025). The success rate of this
transition policy can be increased by supporting highly central local suppliers
to enhance their attractiveness. Further, the local sourcing targets may be
relaxed for non-European suppliers that are difficult to replace. The remain-
der of the thesis provides a structured investigation of production network

formation and its macroeconomic and policy implications.



Chapter 2

Technological Evolution of

Production Networks

Abstract

This chapter emphasizes the mutual evolution of production networks and
technology and the significant impact of production network structures on
macroeconomic dynamics. We propose a production network formation
model grounded on a general equilibrium economy. Production networks
evolve with continuous new-firm entries. The model examines how varying
dimensions of openness to innovation influence the structural evolution of
production networks. Our numerical simulations reveal varying structural
evolution paths for production networks under 2 scenarios regarding new
firms’ input search processes. The varying correlation between technological
homogeneity and new firms’ productivity levels explains the varying evolu-
tionary paths of production networks. We demonstrate the dispersed effects
of innovation on economies, accounting for production network structure and

behavioral factors.

Keywords: Endogenous technology, innovation, production networks.

Note: This chapter is a joint work with Antoine MANDEL.
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2.1 Introduction

The recent literature has demonstrated that the structure of production net-
works can significantly influence macroeconomic dynamics (Acemoglu et al.,
2012; Barrot and Sauvagnat, 2016; Carvalho et al., 2020). However, the
mechanisms governing the evolution of these networks are less well under-
stood. Acemoglu and Azar (2020) - which is a base for the present chapter-
proposes that production networks are formed by firms’ input choices that
minimize production costs, considering the trade-off between high technology
and high production cost from adopting inputs. This research aims to address
the production network evolution by firms’ technology choices with a model
of production network formation grounded on a general equilibrium economy.
Our model clearly illustrates how aggregated economic outcomes are affected
by varying dimensions of openness to innovation, embodied in different input
combinations and, in turn, different production network structures.
Building on Acemoglu and Azar (2020), the model contributes to the liter-
ature by incorporating a behavioral and simulation-based approach. Through
the endogenous categorization of firms and the bounded rationality assump-
tion, it explains the co-evolution of production networks and technology. In
the model, the production network evolves through the entries of new firms,
which choose input combinations that will determine their technology levels.
New firms have limited information about all possible input combinations
within the production network and explore the technological landscape in a
boundedly rational way. To simplify this exploration, firms focus their search
on inputs of specific target categories/sectors. Those categories are defined
by the similarity of input sets among existing firms in the network. Firms
that share many common inputs are grouped into the same category, and
these inputs are considered essential to the firms within that category. In
other words, the categories are shaped by the structure of the production
network. New firms’ decision-making processes depend on these categories

and, in turn, the network structure. When a new firm enters, it selects its in-

11



put combination by incorporating the essential inputs of its target category,
along with some innovative additional inputs. After choosing its input set,
the new firm competes with other firms in its target category to attract their
customers. In this way, while the new firm’s input choices are influenced by
the existing structure of the production network, its entry and technology
decisions also reshape the network’s structure. This dynamic interplay be-
tween firms’ innovation choices and the evolving production network leads to
a continuous process of network reconfiguration. As the production network
structure evolves, the categorization of firms evolves as well. We trace the
evolution of technological proximity within categories and its influence on
new-firm performance through endogenous categorization.

In this setting, how new firms are open to searching for more innovative
additional input - beyond the essential inputs of their target category- is
an important factor in determining production network evolution. As Dosi
(1982) suggests, firms search for new technologies with some perceptions of a
limited set of possible technological alternatives. Therefore, we consider two
possible innovation processes concerning the new firm’s search behaviors for
innovative additional inputs. This analysis explores the varying evolutionary
patterns under different behavioral rules governing the search for alternative
technologies, drawing on the literature in evolutionary economics (Nelson and
Winter, 1985). In Scenario A (Focused Search), the new firm searches for all
possible combinations of the additional inputs of existing firms in its category.
In Scenario B (Perturbative Search), the new firm searches for one additional
input from the other inputs that were not used by the existing firms in its
category before. Those scenarios represent different dimensions of openness
to innovation through additional input search processes. Scenario A is the
least innovative case in which new firms only look for optimal combinations
within the target categories’ additional inputs. Scenarios B is more innovative
because firms search for one more input outside the category.

We simulate the evolution of a random production network that has

12



highly homogeneous categories, indicating that category firms share a high
number of essential inputs. In our simulation setting, a new firm tries to en-
ter the economy every period. If the new firm is able to acquire at least one
customer, the production network is updated by adding the new node and
its input-output linkages. The endogenous evolution of the production net-
work induces a sequence of general equilibrium outcomes. We illustrate how
economic outcomes and the structure of the production network dynamically
evolve through innovation and competition.

The simulation results reveal that the paths of structural evolution of
production networks differ based on the varied input search processes of new
firms. We explain this difference with variations in technological homogeneity
within the categories that new firms enter over time. Technological homo-
geneity decreases in all scenarios but more significantly in highly innovative
environments (Scenarios B). Decreasing technological homogeneity affects
new firms’ productivity differently under those scenarios. In the less inno-
vative environment (Scenario A), we observe a negative correlation between
technological homogeneity in the targeted category and new firms’ produc-
tivity. This negative correlation suggests that entering less homogeneous
categories benefits new firms and the economy more. Despite the gradual
decrease in technological homogeneity in Scenario A, it benefits new firms
requiring less homogeneity to achieve higher productivity over time. In con-
trast, in more innovative environments (Scenario B), we observe a positive
correlation between technological homogeneity in the targeted category and
the productivity of new firms. New firms achieve higher productivity by en-
tering highly homogeneous categories, but that contradicts the significantly
decreasing homogeneity due to the entry of more differentiating firms. There-
fore, we observe an inverted U-shaped trend in the evolution of real GDP.
These findings characterize the aspects of innovation that cause unsustained
growth in real GDP under boundedly rational technology /input choices. As

a future research direction, the model can be employed to simulate the po-
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tential outcomes of industrial policies that advocate innovative change or
promote green transitions within the supply chain.

The remainder of this chapter is organized as follows: Section 2.2 reviews
the related literature. Section 2.3 introduces an endogenous general equi-
librium model that incorporates a process of technological evolution within
production networks. Section 2.4 analyzes, through numerical simulations,
how the varying innovation processes of firms influence the evolution of pro-

duction networks and shape economic outcomes. Section 2.5 concludes.

2.2 Related Literature

Understanding the complex dynamics of production networks and their in-
fluence on economic outcomes has been a focal point in current economic
literature. Since the pioneering paper by Leontief (1965), the production
system is modeled through flows of goods and services from industry to in-
dustry by adding value in each transaction. Those flows create input-output
tables. The industrial instructions for producing an output with different
intermediary input combinations shape input-output tables. Currently, net-
work theory is being used to study the formation of those complex input-
output linkages that have also been introduced into endogenous technology
models. Acemoglu and Azar (2020)’s endogenous production networks model
explains the firms’ technology levels with their input combinations. They
demonstrate that sustained economic growth is achieved by allowing firms’
choices of optimal input combinations to have higher technology levels. They
define the direct and indirect effects of new input-output linkages. If a firm
achieves a higher technology level by adopting new inputs, it can directly im-
prove its productivity, indirectly benefiting downstream customers through
price mechanisms. McNerney et al. (2022) show that production network
structures influence long-term economic growth through price changes and

productivity improvements accumulated along supply chains.
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The literature also examines the propagation of idiosyncratic price or
productivity changes through supply chains.

Mandel and Veetil (2021) define the price dynamics of production net-
works under a decentralized mechanism and analyze the impact of exogenous
monetary shocks on prices. Carvalho (2014) and Carvalho et al. (2020) study
the propagation mechanism for the case of the Japan earthquake that caused
supply chain disruptions. Acemoglu and Tahbaz-Salehi (2020)’s study ex-
plores the impact of external shocks on firm failures and supply chain dis-
ruption. Their non-competitive model shows that the exit of a profitable firm
can lead to additional exits. Gabaix (2011) shows that idiosyncratic shocks
to firms may lead to aggregate volatility empirically by applying the theorem
of Hulten (1978), which implies that individual shocks may not cancel out
each other as deduced from the law of large numbers. Acemoglu et al. (2012)
and Baqaee and Farhi (2019a) clarify the shock propagation from micro to
macro by introducing input-output relations. The influence of firms in pro-
duction networks is determined by their sales shares in the overall economy,
as defined by centrality measures proposed by Bonacich (1987) and Ballester
et al. (2006). Many of the models demonstrating shock propagation rely on
external shocks. For instance, Gualdi and Mandel (2019) model technolog-
ical diffusion regarding given innovations. However, technological progress
driven by firms’ endogenous innovative decisions, as in Acemoglu and Azar
(2020), also spread through production networks in the economy.

There is also a growing empirical literature on the role of firms’ input-
output linkages in explaining firm performance and economic growth. Mundt
et al. (2023) and Savin and Mundt (2022) highlight the importance of supply
chain productivity in explaining output growth and labor productivity change
empirically at the country-sector level. The latter compares the effects of
supply chain productivity and idiosyncratic innovation levels. Even if most
empirical papers on production networks are at the sector or regional level

because of the lack of microdata, there are examples of papers that define
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production network characteristics with firm-level data, such as Atalay et al.
(2011) for the US and di Giovanni et al. (2014) for France.

The literature on the strategic formation of production networks is rel-
atively less developed than the literature on the propagation of shocks in
production networks. Understanding how innovation decisions are related
to input-output linkages is a complex issue because of the need to explain
the decision processes of firms in detail. The explanation requires defining a
search mechanism for input combinations that will give efficient production
technology levels. In Acemoglu and Azar (2020), the firms’ decision on input
combinations results from a search through all possible input combinations.
Other contributions consider alternative processes with imperfect informa-
tion or bounded rationality. Elliott et al. (2022) explain that technological
compatibility and geography can limit a firm’s pool of potential suppliers.
Firms multi-source inputs and invest in stronger industrial linkages against
the risk of supply chain disruptions. Their paper does not include firms’ link
formations with the motivation to increase technology level, and the case of
new firms’ entries. Carvalho and Voigtlédnder (2014) constitute a network for-
mation model in which firms restrict their search to the neighborhood of their
existing suppliers. The steady state of production networks and the trade-off
between technological progress and the cost of adopting new inputs deter-
mine firms’ decisions. We extend the model of Acemoglu and Azar (2020)
with the perspectives of Carvalho and Voigtlinder (2014) on essential and
potential inputs: Firms tend to adopt new inputs that are technologically
close to those they or their competitors already use. Technological closeness
refers to the similarity of input combinations. This perspective also builds
on the pioneering paper of Hidalgo and Hausmann (2009) that studied the
technological capabilities of countries by analyzing their export product port-
folios and trade partners. They state that an extension in countries’ export
basket can be toward products technologically close to their current prod-

ucts because they require similar capabilities as before. Analogously, their
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approach to technological closeness inspired us. While Hidalgo and Haus-
mann (2009) suggest the technology level of countries at a period must be
close to its technology level at the previous period, we suggest that a firm
must make its input sets closer to its competitors’ input sets to sell products
to its customers. In other words, an extension of a firm’s customer base can

be toward customers of technologically close firms.

2.3 Model

We propose a model with discrete periods where a general equilibrium econ-
omy is formed through input-output relationships between a set of firms
N; = {1,2,...,n;} and a representative household at each period t.! The
suggested model considers endogenous technology based on the firms’ input
choices. The firms’ input choices shape the production network W;, which
captures the input-output linkages between the firms in NV, at time t. The
model incorporates a process of production network formation with new-
firm entry in each period ¢, building on the proposition that a firm chooses
the most beneficial input combination by balancing the trade-off between
high production cost and high productivity from adopting additional inputs
Acemoglu and Azar (2020). This process is based on firms’ input search
behaviors. While Acemoglu and Azar (2020) assumes a fixed technological
landscape, in which all firms choose the most beneficial input combinations
as the outcome of a cost-minimizing optimization, our model allows firms to
choose technologies determined by input combinations boundedly rationally
within endogenously defined categories. Firms’ input choices that deter-
mine their production technology are influenced by the production network
structure from the previous period, ¢t — 1. Therefore, the present produc-

tion network structure at period ¢ is also influenced by the previous period’s

'In our assumption, each firm produces a product that is differentiated horizontally.
Therefore, we may use the words “firm” and “product” interchangeably.
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production networks through entrant firms’ input choices.

The following section is structured into three parts: First, we outline
the general equilibrium economy and the conditions that apply at any given
period. Secondly, we present rules that explain how the production network
evolves through the entry of a new firm at any given period. Finally, we
propose a technology function that determines the productivity level of firms

within a given production network.

2.3.1 The General Equilibrium Economy
Production Function and Utility Preferences

In each period t, the economy is characterized by the set of firms represented
by N; and a representative household. The representative household is en-
dowed with one unit of labor and has the following preferences over the n;

different products with an equal share of consumption:

U(Cut, Cht, ... Cot) =y [ CH/™. (2.1)

iEN,
where C; is the consumption level of the product of firm . Each firm ¢ has a
Cobb-Douglas production function with constant returns to scale such that

Ya = Aa(Zu)GuLa® [ | X (2:2)

ijt
JE€Zit

where Y}, is the level of output, X;j; is the amount of product j used by firm

i, L is the amount of labor hired by the firm 4, o is the labor share, and w;;;

is the share of intermediary input j in total intermediary input cost of firms;
Xijt

ZkENt Xikt

those intermediary inputs w;;; at time ¢. In turn, the productivity parameter

Wije = . The production network, W;, is defined by the weights of

Ay (Zy) is assumed to be determined by the network linkages of the firm:

Zit = {J ’ wije > 0F G = @™ [[;eq, (1= a)w;f‘a)“’“t is a normalization
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factor.
In the following, we shall only consider production networks where all

intermediary input weights of a firm are equal. That is letting one has for

1
|Zit|”

all j, wij; =

Definition of Equilibrium:

Within a given period ¢, the set of firms /V; and their input-output linkages
are fixed. In this setting, we assume that agents’ behavior is consistent with
the general equilibrium of the corresponding economy by following Acemoglu
and Azar (2020). The competitive equilibrium of the economy is determined

as follows.

Definition 1. A competitive equilibrium of the economy in period t is a
combination of prices P*, consumption plans of the household C*, labor L*,
and intermediary inputs X* of the firm, and output Y* such that.

1. The consumption plan C* is a solution utility mazximization

problem of the representative household

max U(Cy, Co, ..., Ct)

t

s.t. Z Pl-tC'it S 1,

1€ Ny

where Cy = {Cit tien, -
2. The price of each firm is equal to its production cost (assuming

a contestable market structure), i.e.

P = Ki(Zit, A(Zi), P})

where K;(Zy, A(Zi), P;) is the cost function defined as the value of the prob-
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lem

min Lz‘t + Z Xijtf)jt

ity it jEZzt

(1 e ’UJZ t
s.t. zt zt Czt it H X@]t =1

]Ezzt

3. The Market clearing conditions hold:

For each i € Ny Y;; = C}, + Z Jits

JEN
dLy=1

1€ Ny

Under the above setting, we obtain the conditional input demands for
each firm 7 € N;:

 (1-a)wike

L = 7
it A(Zzt)
X (1 — a)wije erzt Pkt(l i
gt~ A(ZZ )P;;: ’

by solving the first order conditions in the cost minimization problem for L}
and X’

sit» and by substituting those in the production function of each firm

1 € N;. Note that we assume the wage of the representative household is 1.
To obtain the unit cost function, we substitute the above conditional input
demands in the objective function of the cost minimization problem. The

unit cost of any firm 7 € NV, is

* (l—a)wij
HJEZit Pjt

Ki(Zi, A(Zn), FY) = (2.3)

By using the contestable market assumption and taking the logarithm of the
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unit cost function, we get

Py = Z (1— a)wijtp;t = Qit,

J€Zit

where p7, is logarithm of the optimal price of the product i« € V;.

Proposition 1. After rearranging the system of equations for equilibrium

price levels of each firm 1 € Ny, we obtain
pi=—[1-(1—a)W] 'a(Z), (2.4)

where p; is the vector of the log prices, ay(Z;) is the vector of log productivities

and Wy is weight matrixz at period t.

Both the vector of log productivities and the weight matrix is obtained by
the input sets of the firms Z;, = {Z;; }sen,. At each period ¢, the nominal GDP
is total consumption by the representative household which is equal to the
labor income: GDPN =37, \ P;C;; = 1. The real GDP is the total utility
of the representative household. Note that the optimal consumption level
of any product ¢ € N; is obtained from the utility maximization problem:
C = —L.. After substituting this into the utility function, we get the real

m
nt Py

GDP, GDP,, which is the deflated nominal GDP:

1

Hz‘eNt P

Proposition 2. The logarithm of real GDP in this economy is given as a

function of the choices of input sets and log productivities of firms:

G = I (1 )W a2, (2.5)

Uz

where 1 is the n, x 1 vector of ones.
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2.3.2 Evolution of Production Network

In our setting, firm decisions on input combinations determine aggregate out-
comes through production network structure. In this subsection, we propose
a model of the evolution of the production network driven by the entry of a
new firm at each period ¢t. The network formation in each period ¢ unfolds as
follows: Given a specific production network and productivity distribution
in the period t — 1, a new firm e makes decisions about its input combination
by evaluating a specific set of potential input combinations for the period ¢.
Subsequently, existing firms determine whether to adopt the new firm e as a
supplier for the period t. Decisions made by the new firm e and the existing
firms about their input sets determine the subsequent production network
structure and productivity levels. Given the input weights in production and
productivity levels for each firm, the general equilibrium economy is defined
for the period t.

Acemoglu and Azar (2020) proposes that each firm has n; — 1 possible
inputs to combine at any time ¢. That means firms have 2™~! ways of com-
bining those different inputs. This proposition is restricted by the assumption
that firms behave boundedly rationally to explore all possible input combi-
nations. Therefore, we restrict the technological possibilities of new firms
on the basis of their category/sector of operation and their openness to new
innovative inputs. Typically, firms operate with similar technologies as their
competitors, differentiating themselves horizontally through a small set of in-
cremental inputs. Carvalho and Voigtlinder (2014) supports this viewpoint,
suggesting that firms within the same sector share commonalities in their
input portfolios essential for producing products of their sector. Each firm
also incorporates optional and incremental inputs, distinguishing its products
from others.

We define the categories within the production network endogenously.
The categorization is based on the similarity in firms’ input choices. Each

category encompasses firms producing technologically similar products with
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shared inputs in their production processes. These shared inputs are essential
for producing products technologically akin to those in the category.

At period t, the new firm e randomly chooses a category to enter the
market in view of producing a product technologically aligned with that of
firms in the category. The categorization of firms in the preceding period
t — 1 further guides the new firm e in exploring inputs by defining sets of

essential and potential inputs corresponding to the targeted category.

Endogenous Categorization of Firms:

We employ an agglomerative categorization algorithm to organize the firms
into distinct categories. This algorithm relies on proximity measures that
assess the common characteristics of objects. Within this algorithm, firms
can undergo hierarchical agglomeration until they are all consolidated into a
single category. We halt the merging process once a predetermined number
of categories is reached to prevent over-agglomeration. Agglomerative cat-
egorization algorithms utilize various proximity measures.? To specifically
categorize firms based on similar technology, we adopt the proximity mea-
sure proposed by Chen et al. (1995), incorporating an extension that enables
the measurement of similarity among more than two firms.

At any period t, we start the algorithm by categorizing the set of firms,
Ny, into n; singleton categories: H:(0) = {{1},{2},...,{n:}}. Furthermore,
utilizing the firms’ input sets, we define an n; x n; adjacency matrix M; such
that the entry m;;; of this matrix is 1 if the firm j ’s product is used by the
firm ¢ in its production process at period t.

For all categories Ky, Sy € H;(0), we measure the proximity between their

member firms ¢ € Ky and 7 € Sp:

(2.6)

: ZkzeNt Mgt 15kt ZkENt Myt Mkt
(I)Kmso,t = min .

)
ZbGZ«;t vt ZbEth bt

2For a comprehensive survey of the literature, refer to Day and Edelsbrunner (1984)
and Xu and Wunsch (2005).
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Let us say Ky and S, are the categories with the highest proximity mea-
sure. We combine those two categories in a higher category, G; = Ky U .S
or G; = {i,5}. After that, we revise the set of categories as H(1) =
{{1},{2}, ..., {G1},.... {n: — 1}}. As for the second stage, we measure the
proximity between the new category Gy = KyUSy and the others, H;(1)\ G}.
The present algorithm differs from the previous ones in measuring proximity
between more than two firms. In order to find the proximity between G; and
any other category J; € Hy(1) \ G1, we measure the proximity between the
firms ¢,j € G; and [ € J; in such a way that

ZkeNt Tt Mkt T et ZkeNt Tt TRt T et ZkeNt it TNkt TN ket

Y )

D ez, bt

D, g+ = min
D bez,, Mivt

ZbGth bt
More formally, the proximity between any two categories K and S is the

proximity between the firms in both categories such that
(I)K,S,t = min{qﬁit Vie KU S}, (27)

where
. ZkeNt HceKUS Mkt

. =
‘ Zbe Zit Mt

This term enables us to compare the share of the common inputs in the
input basket of each firm ¢ € K US. Combining K and S into a higher

category implies that the common inputs among its members are essential

(2.8)

for producing similar products.

We iterate the process of agglomeration of categories n; — h times until
we get h different categories. We partition the set of firms N; into a set of
categories Hy(ny —h) = {1,2,...,h}. A n; x h matrix is defined such that,
each entry h;x = 1 if the firm 7 is belong to any category K € H;.
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Link Formation Process:

In this part, we describe how a new firm e determines its set of input suppliers
and how existing firms decide whether to adopt e’s product as an input. The
process defines the input share parameters that characterize the new firm’s
production function. At the same time, the entry of firm e reshapes the
production network by altering the input share parameters of its customers’
production functions. The updated production networks and input shares
lead to new general equilibrium economy.

At any period t, the new firm e randomly selects a category K € H; 1,
formed in the preceding period t — 1. The category K determines the choice
set of firms which is a subset of all possible input combinations 27171, We
consider 2 scenarios for the input choice process of the entrant firm. These
scenarios aim at illustrating the impact of difference in innovation behavior
on the formation of production networks and the resulting macro-economic
dynamics. Scenario A represents the most focused /myopic innovation behav-
ior as firms only search for inputs within the existing set of suppliers of their
sector. Scenario B allows the search of an extended set of candidate input
combinations with an input from the other suppliers that are not linked to
the targeted category. In Scenario B, it is more possible to make more dif-
ferentiating input combinations within the target categories. More precisely,

each scenario is characterized as follows.

Scenario A "Focused Search": In this scenario, the new firm e searches
for inputs exclusively from suppliers of firms belonging to the targeted cate-
gory K without considering alternative sources. The new firm e decides on
its input set by evaluating the union of the input sets of firms in the targeted
category: D = UieK Zii—1. We characterize the set of essential inputs of
the firms in the category K as the intersection of input sets of those firms
at period t — 1: E = (;,cx Zit—1- We propose that the new firm uses the

essential inputs along with additional inputs from the set F' = D \ E, where
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D represents the union of input sets and E represents the essential input set.
The choice set of potential input combinations for the new firm e is denoted
as Q2 = {FU f | f € 2"} where 2" denotes the power set of the set F. The

new firm chooses the most beneficiary input combination, Z};:

7z € argmin Ko (Zer, A(Zet), P y)
ZetEQ‘él
where the unit cost function K.(Zy, A(Ze), P ;) is defined based on the
Equation 2.3:

x  (1—a)wejt
Hjezet ‘F?jt_l

Ke<Zet7A<Zet)apt*_1) - A (Z t)

The cost function Ko(Zet, A(Zet), P ;) is defined as the ratio of the product
of input prices Pj,_;, raised to the power of (1 — a)w,; for all j in Zg,
divided by the new firm’s productivity level A(Z%), which will be defined
below in subsection 2.3.3. This implies that the choice of inputs influences
the cost structure and, consequently, the productivity of the new firm e. It is
important to note that we assume no firm utilizes its own product as input

so the new firm needs price information for the existing firms.

Acquisition of Customers: After the new firm has made an input choice,
customers of the firms within its targeted category evaluate the new firm as
a potential supplier based on two key factors: the technology level, A(Z},)
and the unit cost K (Z}

et

A(Z%), Pr ;) which is an expected price for the new
firm e, represented as P.;. Customers in the targeted category are then given
the flexibility to either add the new firm to their set of suppliers or replace
one of their existing suppliers in the targeted category with the new firm.
For any customer ¢ of the firms in the targeted category, it updates its
supplier set by considering the potential substitution or addition of the new

firm. That is the firm aims to choose an updated set of suppliers in (¢ =
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{C C Zy-1U{e} | |C] = |Zu-1|)}. It can either simply add the new firm
to its current set of suppliers, substitute an old supplier by the new firm or
leave the set of supplier unchanged. This choice is made by determining the

most cost efficient input combination, that is:

Z:t € argmin Kc(th7 A(th), (Pttl, Pet))-
Z e €Q)°
If the new firm e successfully acquires at least one customer, it integrates the

production network.

Scenario B "Perturbative Search": In this scenario, the new firm e
searches inputs among the suppliers of firms in its target sector but also
broadens the technological landscape by searching for one additional input
among other firms. In other words, the firm chooses either (i) an input
combination in Q4 (as in scenario A) or (i) an input combination in Q4
together with one additional input. Formally, the choice set of the firm is
QF = Qtu{GU{ff} | G € Q! A fP e DP} where DP = N,_; \ D™
The behavioral rules regarding the new firm’s choice of cost-efficient input
combinations and the targeted category customers’ evaluation of the firm

remain as in Scenario A.

2.3.3 Productivity Function

Acemoglu and Azar (2020) suggests that the productivity of the firms de-
pends on the given parameters of their inputs and a random term drawn from
a Gumbel distribution. We propose a micro-founded perspective on produc-
tivity, where a spatial auto-regressive linear relationship determines a firm’s
productivity as a function of the productivity levels of its suppliers. This
spatial auto-regressive model captures the spillover effects in the production
network.

More precisely, we assume that the log-level technology of a firm 7, a; =
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log (Ai), depends explicitly on the productivity levels of its input suppliers.

Formally, we define:

ai(ajr:j € Zin) = Mo+ M1 Z Myt + €, (2.9)

J€Zit

where )\ is the constant technology parameter and A; is the parameter that
captures the strength of technological dependence among firms in the pro-
duction network. The term ¢; is a random disturbance drawn from an expo-
nential distribution. This productivity function formalize firms’ productivity

levels as considering their input suppliers and their productivity levels.

A Summary of the Model:

Before proceeding with the simulations, let us summarize the main assump-
tions of our model. The production network formation model is grounded
on the endogenous technology definition in which firms’ input combi-
nations determine their production technology. Firms strategically consider
different input combinations, facing a trade-off between higher productivity
and higher production costs when adopting additional inputs. Firm entries
trigger the evolution of the production network. Firms are boundedly ra-
tional: They have limited information about all possible input combinations
and search the technological landscape, focusing on the inputs of their target
categories. Those categories are groups of firms sharing highly similar input
sets within the production network. The categories are endogenously
defined: as production networks evolve with firm entries, those categories
also evolve. Technological proximity /homogeneity - how firms are sim-
ilar in their input combinations - within the categories also evolves with new
production network reconfigurations. Evolving technological homogeneity
within the categories influences the future entrants’ input combinations and,
in turn, their productivity levels.

The entrant firms may exhibit different behaviors in searching for addi-
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tional inputs, thereby differentiating themselves from their target categories.
To analyze this behavioral mechanism in production network forma-
tion, we define two scenarios regarding firm search behavior:(A) Focused
search, and (B) Perturbative search. These scenarios differ in how far firms
deviate from existing input sets of their target categories.

These assumptions create a dynamic feedback loop between firms’ in-
novation decisions and the evolving network structure. We aim to capture
how heterogeneous innovation behaviors generate distinct evolutionary pat-
terns of technological homogeneity and how new-firm productivity levels are
influenced by these patterns. In the model, log-real GDP evolves through
continuous-form firm entries with endogenous productivity and production

network structure.

2.4 Simulation Results

To simulate our model, we first generate an initial random network as follows.

e We consider a set of 250 firms and assign them into 5 categories of

equal size (i.e. 50 firms per category).
e We first draw 1 to 5 random suppliers for each firm within each category.

e We then draw randomly between 20 and 30 essential input suppliers.

Each firm in the category is connected to these suppliers. 3

As described in the previous sections, the evolution of the network is

driven by the following sequence of steps.

1. We apply the categorization algorithm to the production network®.
This determines in particular the essential inputs as those used by all

firms in the category.

3The number of such essential suppliers is first drawn uniformly between 20 and 30,
and then the corresponding suppliers are drawn. This implies high homogeneity of initial
input combinations within a category.

4As introduced in section 3.2.1, the categorization algorithm has a predefined number
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2. We compute firms’ productivity levels using the spatial auto-regressive
model defined in the previous section and adding random errors from

an exponential distribution.?

3. Given the productivity vector and the production network, we deter-

mined equilibrium prices and real-GDP. ¢
4. We then consider the entry of a new firm.
5. The new firm chooses its category at random.

6. The input choice set for the new firm is given by the essential inputs of
the category together with the additional inputs specified by the link
formation scenarios, i.e. "focused search", or "perturbative search".
Input combination within this additional set are determined by choos-
ing the combination that gives the lowest cost given the price vector

Py | and the spatial auto-regressive model of technology.”

7. For each customer of the targeted category, define the choice set as
defined in the previous section. If any input combination, including
the new firm, enhances efficiency for the customers, adjust the pro-
duction network by introducing the new firm and its corresponding

input-output linkages.

of categories for any given period ¢. Initially, we start with 5 categories for 250 firms.
As time progresses, we increase the number of categories proportionally to the number of
firms (more precisely the number of categories corresponds to the quotient of the number
of firms divided by 50). The partitioning of firms into categories evolves as technological
change modifies the structure of the production network.

SWe assume \g = 0 and \; = 0.004 for simplicity and keeping the effect of new input
adaptation limited.

6We assume « = 0.6 that is an approximation to labor share data of the US Bureau of
Labor Statistics.

"The new firm’s productivity is estimated for all potential input combinations using
the existing firms’ prices and productivity as a basis at time ¢ — 1.

30



8. Monitor firms losing all customers and remove them from the network.

Iterate this process until all firms have at least one customer.®

9. Iterate this process for 1000 periods.

2.4.1 Evolution of Production Network Structure

Below, we report the result of an ensemble of 100 Monte-Carlo simulations
for each scenario. We first analyze the impacts of the search scenarios on the

evolution of the network structure.
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Figure 2.1: Evolution of the network density over time (mean and 1 Std.).

Figure 2.1 shows the evolution of network density. In the focused search
scenario (A), network density grows monotonically. In the perturbative
search scenario (B), the network density follows a non-monotonic path. It

increases rapidly until period 150 and then decreases steadily.

8Tt is noteworthy that new firm entries may cause cascading exits in the economy
because new firms get customers of the firms within their target category, subsequently
leading to the exit of firms losing all their customers. This, in turn, causes their supplier
linkages to disappear, potentially resulting in the exit of their suppliers if they are the sole
customer.
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Figure 2.2: Evolution of the number of firms over time (mean and 1 Std.).

As for the evolution of the degree distribution, Figure 2.3 highlights that
the in-degree distribution is initially highly homogeneous, highlighting the
predominance of essential inputs in the network. The distribution becomes
more heterogeneous over time. In particular, in the focused search scenario,
nearly 50% of firms have less than 50 in-degrees, while 40% have more than
100 in-degrees.

Conversely, the initial predominance of essential inputs implies that the
out-degree distribution is initially heterogeneous. There are 20-30 essential
inputs for all firms in a category with 50 firms. Therefore, those essential in-
put suppliers have at least 50 customers. That causes an unequal distribution
of out-degrees in our initial network. This inequality in out-degrees decreases
over time through new firm entries. In the perturbative search scenario (B),
the extension of the input choice set reduces inequality between essential in-
put suppliers and other suppliers. In the focused search scenario (A), where
firms are restricted to searching within the category, some inequality persists,

suggesting the continued presence of essential inputs.
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Figure 2.3: Degree distributions at Time-0 and Time-1000

2.4.2 Drivers of Production Network Evolution

In this subsection, we analyze in more detail the determinants of the struc-
tural evolution of the network. Technological homogeneity, i.e., the similar-
ity of input combinations of firms within a category, will appear as a key
characteristic of the network in this respect. In our setting, technological
homogeneity can be measured through the notion of proximity of a category
® g, that is defined as follows.

CI)K’t = min {gbzt Vie K}, (210)

where
. ZkGNt HceK Mkt

bir =
Zbezit Myibt

The technological homogeneity measure decreases with the number of es-

(2.11)

sential inputs that are common in input sets of all the members. Initially,

categories in the production network are the same size, and the technological
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homogeneity measures within the categories are high. Over time, homogene-
ity within the categories drops in both scenarios and more significantly in the
perturbative search scenario (B). In other words, in the scenario where firms
are more innovative in their input combinations, the economy becomes less
homogeneous technologically. Accordingly, new firms enter less homogeneous

categories over time.
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Figure 2.4: Evolution of the proximity measure of targeted categories (mean

and 1 Std.).

Figure (2.4) highlights more specifically a rapid decrease in technolog-
ical homogeneity until period 150 in the perturbative search scenario (B).
This drastic decrease is related to the decrease in network density observed
in these scenarios after period 150 (see Figure 2.1). The homogeneity of
categories significantly influences the subsequent firms’ decisions on input
combinations, affecting their productivity and ability to acquire customers.
The firms that enter less homogeneous categories have fewer inputs because
less homogeneous categories have fewer essential inputs that all the firms in
that category ought to use (See Figure 2.5). In the focused search scenario

(A), the new firms always search for inputs as similar to the firms within
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the target category, and thus, technological homogeneity does not decrease
substantially over time. On the contrary, new firms search for inputs out-
side of their category in the perturbative search scenario. The perturbative
search reduces technological homogeneity and the number of essential inputs.

In these scenarios, firms thus have fewer connections on average (see Figure
2.5).
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Figure 2.5: Evolution of log-degrees of the new firms (mean and 1 Std.).

Technological homogeneity within categories determines the productivity
levels of new firms over time as a result of our defined behavioral rules on
search input combinations. Figure 2.6 illustrates the correlation between the
productivity of new firms and technological homogeneity within their tar-
geted categories (Average values for 100 simulations). In the focused search
scenario (A), there is a negative correlation between the new firms’ pro-
ductivity and the homogeneity of their target category. Since we restrict
new firms to search only for incumbents’ inputs in the category, they have
fewer options to expand and differentiate their input combinations, leading
to higher productivity. Therefore, new firms are more productive when they
enter less homogeneous categories with more innovative/differentiating input
combinations by existing firms. However, in a more innovative environment
with less homogeneous categories (scenario B), the correlation between new

firms’ productivity and homogeneity within their target categories is positive.
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That means new firms are more productive when they enter more homoge-
neous categories. However, entering more homogeneous categories becomes

progressively more difficult with decreasing homogeneity.
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Figure 2.6: Correlation between new firms’ log-productivity and the proxim-
ity measure of their target categories. Scenario A: -0.32; Scenario B: 0.33.

Notably, the innovative behaviors represented in our focused and per-
turbative search scenarios are related to firms’ innovation capacity. If firms
have limited capacity to adopt more differentiating inputs, they prefer to
imitate their competitors. For instance, in scenario (A), the technological
homogeneity of categories remains relatively high, with the entries of firms
with lower innovation motivation. New firms with limited innovation motiva-
tion achieve higher productivity by entering less homogeneous categories, as
this enables some differentiation in input combinations. Those firms benefit
from using many additional inputs that incumbents already use and from
combining them in an optimal way, resulting in a high level of differentia-
tion. In the perturbative search scenario (B), the continuous flow of inno-
vative/differentiating firm entry leads to a less technologically homogeneous
economy. In this environment, where every firm is radically differentiated,
standardization of production processes would benefit new firms by allow-

ing them to adopt standardized essential inputs. Standardization in input
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combinations can be achieved by the diffusion of differentiating input com-
binations in prospective periods. However, in our setting, incumbent firms
do not adjust their input choices. Therefore, as firms enter the relatively
less homogeneous categories, they have fewer common inputs with the in-
cumbent firms. Even if they search an extended set of input combinations
in scenario (B), compared to scenario (A), they have fewer inputs with less
technology flow from them. This process leads to lower productivity levels
for the entrant firms over time. This result stems from our assumptions that
input choices determine productivity and that input choices are boundedly

rational, determined by the target categories.

2.4.3 Evolution of Macro-economic Outcomes

So far, we have explained how firms’ input search behaviors determine the
technological homogeneity within categories, which, in turn, affects subse-
quent firms’ input combinations and productivity levels. The correlation be-
tween productivity and technological homogeneity varies depending on the
innovative environment prevalent in the economy. In the less innovative envi-
ronment, denoted as focused search scenario (A), there is a marginal decrease
in homogeneity within categories. This scenario shows a negative correlation
between technological homogeneity and productivity. Consequently, firms
that enter less homogeneous categories attain higher productivity levels with
additional inputs that differentiate more and with essential inputs of their
target categories. Despite the modest decline in technological homogeneity,
this trend positively affects the productivity of new firms over time in sce-
nario (A). Therefore, there is an observable upward trend in evolution of

average productivity levels and real GDP, as depicted in figures 2.7 and 2.8.
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Conversely, in the more innovative environment (scenario B), we observe
that homogeneity within categories drops drastically, resulting in less homo-
geneous environments. The positive correlation between technological homo-
geneity within target categories and entrants’ productivity levels is evident

in this scenario. Despite firms seeking a broader, more differentiating set
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of inputs to adopt, as well as the essential inputs of their target categories,
they have lower productivity levels. Increasing productivity with additional
inputs becomes unattainable as technological homogeneity declines sharply
(Figure 2.4). As a result, the economy experiences a short-term increase
in log-real GDP and productivity, followed by a decline. The log-real GDP
and average productivity trends are inverted-U shaped, with the peak point
occurring when technological homogeneity approaches zero, as illustrated in
figures 2.7 and 2.8.

Additionally, in the perturbative search scenario (B), new firms fail more
frequently when entering the production network (319 firms fail out of 1000
trials on average across 100 simulations). In comparison, in the focused
search scenario (A), only 5.3 firms fail to acquire a customer and to enter the
network. Further new firm entries lead slightly more exits in scenario (A)
than in scenario (B) (612.5 vs 540.7 on average). Therefore, the number of
firms and the network density also have an inverted-U shape in scenario (B).

To sum up, the simulation results emphasize the importance of the mu-
tual interaction between firms’ innovative behaviors, represented by input
search rules, and the production network structure, represented by firm cat-
egorization. Our scenarios regarding firms’ innovation behaviors represent
the two distinct innovative environments. In scenario A, as more firms enter
the economy with less differentiation motivation, technological homogene-
ity within categories is sustained. However, in scenario B, as more firms
enter the economy with more differentiated input combinations, technologi-
cal homogeneity drops drastically. Those trends determine the environment
for the subsequent firms and their performance. Understanding this mech-
anism is vital for understanding the significance of innovation behaviors at
the micro-level in determining macroeconomic outcomes. Firms’ search be-
haviors determine technological homogeneity across the economy, which, in
turn, feeds back on the input search process of subsequent firms.

The results indicate that dispersed innovation in dynamic environments
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might have a negative impact on the economy, arising from decreasing tech-
nological homogeneity. This finding holds implications for the evaluation
of innovation policies across different economies. In real economies, sec-
tors/categories vary in technological homogeneity: while some are highly ho-
mogeneous in their production inputs, others are not. However, innovation
policies mainly spur all firms toward more differentiated technologies. Our
model suggests that innovation policies must consider sectors/categories as
endogenous and technological homogeneity within those sectors/categories.
Policymakers designing innovation policies should carefully consider tech-
nological homogeneity within sectors/categories and innovative behaviors of
potential new firms. It’s crucial to consider individual behavioral differences
and innovative environments within the economy when formulating innova-
tion strategies at the micro level and innovation policies at the macro level.

In cases where the economy exhibits heterogeneity in technology choice
and features innovative firms, policymakers should explore avenues to stan-
dardize firms’ production processes. This standardization can lead to im-
proved input combinations and higher productivity levels for new firms.
Achieving standardization necessitates the harmonization of existing firms’
knowledge and experience. Therefore, policies oriented toward fostering open
innovation processes can facilitate attaining an optimal level of technological

homogeneity within the economy.

2.5 Conclusion

This chapter contributes to understanding the interplay between technology,
production network structure, and economic dynamics. We argue that pro-
duction technology is determined by input choices, and we develop a produc-
tion network-formation model grounded in a general equilibrium economy.
The input choices are influenced by firms’ search behaviors and their target

sectors/potential competitors. We employ a categorization algorithm, char-
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acterized by its fuzzy and dynamic nature, based on firms’ common inputs
to identify potential competitors, indicating technological proximity among
firms.

Our network formation model involves scenarios that capture different di-
mensions of new firms’ search for additional inputs, thereby indicating their
innovation behavior. The primary objective of new firms is to produce a
product closely aligned with the technology of existing firms within a ran-
domly selected category. This is achieved by using essential inputs alongside
additional inputs. In the focused search scenario (A), new firms explore all
combinations of additional inputs from firms within the selected category.
In the perturbative search scenario (B), new firms search for an additional
input from the remaining firms, as well as the inputs in scenario (A).

The simulation results highlight that the paths of production networks’
structural evolution differ based on the innovative behaviors of entering firms.
This difference results from the dynamic interplay between technological ho-
mogeneity within categories and input/technology choices of entrant firms.
Although technological homogeneity decreases in all scenarios, it is more
pronounced in the highly innovative environment (Scenario B), as expected.

The impact of decreasing technological homogeneity on the productivity
of entering firms varies significantly under these scenarios. In the focused
search scenario (A), a negative correlation exists between technological ho-
mogeneity in the targeted category and new firms’ productivity. Despite
the gradual decrease in technological homogeneity, it benefits new firms that
require less homogeneity to achieve higher productivity, thereby driving sus-
tained growth in real GDP.

On the other hand, in the perturbative search scenario (B), there is a pos-
itive correlation between technological homogeneity in the targeted category
and the productivity of new firms. New firms achieve higher productiv-
ity by entering highly homogeneous categories, contradicting the significant

decrease in homogeneity due to the entry of more innovative firms. Conse-
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quently, the real GDP follows an inverted U-shaped trend, reaching its peak
when technological homogeneity approaches almost zero. Given the low level
of technological homogeneity and the presence of more disrupted categories,
being innovative in input combinations does not lead to higher productiv-
ity. These findings illustrate the evolving effects of continuous disruptive
innovation on economies.

The research findings have significant implications for policy-making.
They indicate that economic policies must adapt and take into account the
innovation environment and behavioral differences across economies. Poli-
cymakers should carefully evaluate technological homogeneity across sectors
and firms’ innovative behavior, recognizing that sustained radical innovation
may not always lead to optimal economic outcomes. The study also highlights
the importance of promoting open innovation processes and standardization
in production, thereby increasing sectoral homogeneity.

In conclusion, this research enhances our comprehension of the com-
plex relationship between innovation, production network structure, and eco-
nomic dynamics, providing valuable insights for policymakers, researchers,

and practitioners navigating the complexities of modern economies.
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Chapter 3

Exploring Sources of Dynamism

in Production Networks

Abstract

The study examines the dynamics of production network evolution, focusing
on firms’ strategic decisions on supplier choices and their impact on firm per-
formance. We investigate the input-output relationships between firms and
introduce two metrics to evaluate firms’ supplier sets: (i) the overall supplier
set relatedness metric, which measures how a firm’s supplier set differs from
others, and (ii) the Jaccard Distance Metric to measure how a firm’s sup-
plier set changes over time. These metrics enable us to analyze dynamism
in production networks and firm performance variations, using firm-to-firm
transaction data from Turkey (2010-2021). The empirical analysis provides
meaningful insights into the factors driving supplier linkage formation and
the relationship between firms’ supplier-relatedness and performance. The
findings contribute to the relatedness literature with a resource-based ap-

proach.

Keywords: Technological change, production networks, relatedness economics.

Note. This chapter is a joint work with Seyit Mumin CILASUN.
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3.1 Introduction

The definition of the modern economy is a network of specialized produc-
tion units that use intermediary inputs produced by other specialized units
(Carvalho, 2014). Input-output linkages between those production units con-
stitute production networks that evolve with firms’ strategic decisions on
product diversification, new technology adoption, or adaptation to external
shocks. Their strategic decisions impact their performance and aggregated
economic outcomes through production networks (Carvalho, 2014; Acemoglu
et al., 2012; McNerney et al., 2022). Therefore, it is crucial to understand how
firms’ supplier choices, triggered by their strategic decisions on product and
technology portfolios, affect their performance and, in turn, macro-economic
outcomes. In this chapter, we address the growing literature on endoge-
nous production networks, arguing that technological change occurs through
the adoption of different inputs (Oberfield, 2013; Carvalho and Voigtléander,
2014; Acemoglu and Azar, 2020). This technological change can be driven
by product or process innovation, but both lead to the evolution of inputs
and, in some ways, to changes in firms’ supplier linkages.

We aim to contribute to the literature by focusing on the micro-level
interactions between firms through technology/input choices. Building on
the technology definitions of Arrow and Debreu (1954) and Elliott and Jack-
son (2023), we conceptualize a framework in which firms’ technology sets
influence their supplier sets, thereby influencing the structure of production
networks. We have developed two primary measures to evaluate firms’ sup-
plier set differentiation and evolution: (i) the overall supplier set relatedness,
which indicates the differentiation of firms’ supplier sets within production
networks, and (ii) the Jaccard Distance metric for two consecutive periods’
supplier sets, which implies the changes in supplier composition over time.
These measures enable us to analyze firms’ differentiation across technology
sets and to examine firm performance. The measure of overall supplier set

relatedness is systematic and depends on the entire production network at
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a given period. It is the average relatedness between each pair of suppliers
within a firm’s supplier set. This measure indicates how frequently a firm’s
suppliers are linked to the common customers.

We empirically analyze Turkey’s firm-to-firm transaction data, which was
provided by the Entrepreneur Information System (EIS) of the Ministry of
Industry and Technology of Turkey. This data set contains administrative
records of firm-to-firm transactions exceeding 5000 TL (about 375 USD in
2021) for the period 2010-2021. We merge this data with the balance sheet
and the foreign trade data.

The empirical analysis starts with an exploration of the factors triggering
firms’ supplier adjustments over time: Product portfolio changes, supplier
adjustments of peer firms, and Turkey’s 2018 currency shock as an exter-
nal factor. Later, we empirically test the relationship between firms’ overall
supplier set relatedness and their performance. Our findings suggest that
supplier linkage adjustments are associated with adjustments in the prod-
uct portfolios. We propose a Supplier Adjustment Propagation Measure
(SAPM) that captures supplier adjustments across peer firms. The regres-
sion results indicate a negative association between supplier adjustments of
firms and their structurally related peers. Further, we explore the role of the
currency shock that Turkey experienced in 2018 in firms’ supplier adjust-
ments. Firms—highly dependent on imports—exhibited significantly lower
variation in their supplier compositions. Our findings reveal a significant
negative relationship between supplier differentiation and performance indi-
cators, including net sales and labor productivity. Firms with less relatedness
(i.e., highly differentiated) supplier compositions exhibit higher net sales and
labor productivity.

The remainder of this chapter is organized as follows. Section 3.2 reviews
the related literature and discusses the relationship between production net-
works and technology. Section 3.3 introduces a conceptual framework and

measures regarding firms’ supplier sets. Section 3.4 presents the data and
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variables, along with descriptive statistics. In section 3.5, we test our empiri-

cal models on production network formation dynamics and firm performance.

3.2 Related literature

3.2.1 Technology and Input-Output Relationships

Dosi and Nelson (2010) defines Technology: "In the most general terms,
technology can be seen as a human-designed means for achieving a particular
end-being it a way of making steel like the oxygen process, a device to process
information, such as a computer, or the ensemble of operations involved in
heart surgery. These means often entail particular knowledge, procedures,
and artifacts. These different aspects offer different but complementary ways
of describing technologies.”" As they suggest, technology may appear in dif-
ferent aspects as a recipe, a routine, and an artifact. Technology as a recipe
involves a sequence of cognitive and physical activities to achieve specific
goals. Recipes outline the design and procedures with the necessary material
inputs, machines, and services to achieve final goals, implicitly or explicitly.
The procedural definition of technology focuses on the design of devices and
procedures utilized to transform raw materials into the final product. Early
micro-level models proposed to understand firms’ technology through recipes
corresponding to various input-output relationships. Shell et al. (1999) sug-
gest that production recipes involve fundamental operations such as heating,
mixing, shaping, and packaging, with input requirements contingent upon
operation instructions and other factors. Similarly, Kauffman et al. (2000)
view recipes as sets of discrete choices—whether qualitative (e.g., choosing
between a conveyor belt or forklift for internal transport) or quantitative
(e.g., adjusting settings on a machine). Firms seek optimal recipes and pro-
cedures to enhance productivity through innovation, repositioning themselves
within the complex system of technology by altering its elements and inter-
actions (Frenken, 2006).
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Arrow and Debreu (1954) define technology as a production plan repre-
senting the list of inputs that are combined to produce a specific output. The
neoclassical production theory proposes that firms are endowed with tech-
nologically feasible input combinations with some fixed parameters. Romer
(1990) presents the variety of capital inputs as a crucial indicator of tech-
nology that promotes economic growth. The coherence of inputs in produc-
tion is essential in defining firms’ technological knowledge space. Therefore,
evolution in those inputs also indicates the evolution of firms’ technological
knowledge space. In an economy, the variety of capital goods available for
production indicates production technology (Frensch and Gaucaite Wittich,
2009).

Based on the technology’s aspect of combinations of different inputs,
those definitions of technology direct us to look at input-output relation-
ships. Input-output relationships between producers constitute production
networks in economies. Acemoglu and Azar (2020) incorporates produc-
tion networks in general equilibrium models as a determiner of production
technology. They propose that producers choose the most beneficial input
combination among many different ways of combining different inputs. In
this decision process, producers face a trade-off between high production
technology and high production cost by adopting extra inputs in production
processes. As Leontief (1965) and McNerney et al. (2022) highlight, produc-
tion value is accumulated through input-output linkages between firms. At
each transaction, firms buy a product produced by another firm and sell it
to another firm by adding a value. For example, a semiconductor chip pro-
ducer sells its products to a computer producer. The value of production of
the computer producers is affected by the value added by the semiconductor
chip producer. The propagation of technological changes along production
networks causes cumulative value-added growth in the economy. Gualdi and
Mandel (2019) suggests that technological change is embedded in the struc-

ture of production networks and models the effect of process innovation on

47



the overall economy. Although theoretical insights into the interplay between
technology and production networks are abundant, empirical studies remain
limited due to the challenges of obtaining detailed firm-level data. Never-
theless, recent work by Oberfield and Raval (2021) provides a rare empirical
analysis, examining cross-sectional plant data to assess capital-labor elastic-
ity in production, with a view toward extending this approach to a broader
range of production inputs. Furthermore, there is growing literature leverag-
ing national firm-to-firm transaction datasets (Bacilieri et al., 2023; Criscuolo
et al., 2024). The increasing availability of those data sets has led to reveal
the structural properties of production networks across different economies

and comparative analysis of firm-level factors.

3.2.2 Drivers of Production Network Evolution

In this part, we review the literature on Production network evolution trig-
gered by changes in firms’ input choices. Those changes may be sourced
from (1) external shocks that firms have no control on, or (2) Internal dy-
namics: (2a) Product diversification by introducing new product lines and

(2b) Introducing new production technologies.

External Shocks and Network Disruptions

External shocks are critical in influencing production network evolution.
Exogenous shocks (e.g., natural disasters, pandemics, political crises, or fail-
ures in logistics infrastructure) can hinder a firm’s ability to obtain its nec-
essary production inputs. Since firms are embedded in complex production
networks, a shock to a firm can propagate through the network, affecting
numerous downstream firms and, ultimately, the broader economy.

For instance, the pioneering paper by Carvalho et al. (2020) demonstrates
how the shock to the firms that are influenced by the Great East Japan earth-
quake of 2011 propagates through their customers. Elliott et al. (2022) study
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the potential disruptive effects of idiosyncratic supply chain failures and con-
ceptualize "supply network fragility" as the sensitivity of aggregate output
to small aggregate shocks. Acemoglu and Tahbaz-Salehi (2024) demonstrate
that distortions to relationship-specific investments and productivity levels in
the normal functioning production networks may have severe macroeconomic
consequences.

Potential macro-economic risks sourced from distortions in production
networks are also discussed from the policy perspectives (Grossman et al.,
2023a,b). The information regarding the entire structure of supply net-
works is necessary to foresee disruption risks and design prudential policies
(Bimpikis et al., 2018).

Internal Dynamics: Firm-Level Product Diversification and Tech-

nological Innovation.

Firms also experience internally driven evolution through their diversification
and innovation efforts. These internal dynamics play a vital role in reshaping
the structure of production networks by altering input combinations.
Product diversification requires new inputs to produce new product
lines, potentially leading to changes in firms’ supplier linkages. Product di-
versification is widely studied through measures of relatedness and coherence,
beginning with the pioneering paper by Teece et al. (1994). They argue that
the similarity of product lines is based on shared resource and capability re-
quirements. They propose a measure of relatedness grounded in the idea that
new product lines often resemble existing ones due to similar capability re-
quirements. Therefore, the presence of products within the same firm’s prod-
uct portfolio indicates that those products are related. Diversifying product
portfolios is a strategic decision closely tied to the firm’s technological capa-
bilities. Expanding product lines requires diversification in technology (Dosi
et al., 2022). Technological knowledge accumulates over time and is linked to

the current knowledge base used for existing product lines. Firm performance
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is influenced by the interactions between the product lines.

The relatedness measures are also applied to other indicators regarding
firms’ diversification, such as technology portfolios, as represented by patent
data, and resource compositions, as represented by labor skill sets and inter-
mediary inputs. Those indicators are more efficient for measuring firm diver-
sification in technology portfolios. Diversification in firms’ patent portfolios
and resource compositions may stem from new production technology
adoption to produce existing product lines, as well as from altering product
portfolios.

Breschi et al. (2003) and Pugliese et al. (2019) study firms’ patent port-
folios to monitor their technological diversification. According to Breschi
et al. (2003), the relatedness of knowledge between different patent technol-
ogy fields determines technological diversification. On the other hand, the
resource-based approach considers technological necessities for production.
The resource-based approach states that firms must diversify their resources
— such as labor skills or intermediary inputs — to facilitate the production
of different products or to adopt different production methods. Fan and Lang
(2000), Bryce and Winter (2009), and Essletzbichler (2015) employ industry
space mapping, using industry-level input-output relationships to study firm
diversification, an approach akin to ours.

Input-output linkages are generally available at transaction values, but
there is no explicit identification of the inputs/resources. However, suppliers
remain a practical source of information for analyzing firm diversification,
as supplier selection is a strategic decision closely intertwined with innova-
tion strategies. Firms seek technological knowledge through supplier rela-
tionships (Roy et al., 2004; Hora and Klassen, 2013; Bellamy et al., 2014;
Sharma et al., 2020). Therefore, we present a conceptual framework in the
next section for how firms’ supplier linkages indicate their technology sets
based on the technology definition of Arrow and Debreu (1954). Later, we

define supplier-set-based measures of relatedness and Jaccard Distance to
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trace firms’ differentiation through their supplier linkages and the evolution

of those linkages over time.!

3.3 Conceptual Framework

This section outlines the conceptual framework and measurement strategy
that links firms’ technology sets to their supplier sets. Although it is not a
formal equilibrium model, this framework provides the theoretical basis for
our empirical measures of firm differentiation in production networks.

We sketch an economy to argue that supplier-set variations indicate tech-
nology set variations across firms and over time. Let us assume a set of firms
N, =1, ...,n; as productive units at time ¢t. Those firms may produce one or
more products. Those products are represented by the set L; = 1,....[;. The
set of products produced by a firm f € NV, is represented by O C L;. Firms

have the necessary technological knowledge to produce those products.

Technologies as Production Plans. In this economy, each product cor-
responds to a technology as defined by Arrow and Debreu (1954). A technol-
ogy is a production plan to produce a product k£ represented by the vector
of 7. Any production plan 75 is the list of inputs and a recipe used in
the production process of the product k. A recipe is a firm-specific ability,
know-how, and procedures to achieve the final product k. Inputs are the
other products within L; that are produced by different production plans.
The definition of a technology considers the transformation of inputs into

an output. The technological feasibility defines the possibilities within this

'We use the term "differentiation" instead of "diversification" because the relatedness
measures are systematic, which evolve with firms’ decisions as the lowest micro-level pro-
ductive unit (Juhéasz et al., 2021; Kuusk and Martynovich, 2021). Those measures indicate
how a firm differentiates at a given period. Even if a firm does not change its supplier
combinations, its differentiation level may change due to variations in the relatedness of
supplier pairs. We will explain this circumstance in more detail in the next section.
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transformation process and limits potential input combinations in production
processes.

Each technology is capable of producing one product, but each firm can
produce multiple products. Therefore, we define the set of technologies as-
signed to any firm f € N; as Ty, = {7 : k € Op}. Note that the technology
set is a set of sets whose elements are production plans for different prod-
ucts. The economy is endowed with the union of technology sets of firms

represented by T; = | J ren, e, at any period ¢.

Assumption 1. In the defined economy, there are no duplicate technologies:

Ty # 1 for any T, 7 € T}.

This assumption implies that firms never produce exactly the same prod-
ucts, even if any two firms have the same product lines. They use differen-
tiated technology /production plans on some levels. This differentiation may
be sourced from their input choices and/or recipes. Firms could produce the
same product lines but with different efficiency levels or input intensities.
As a real economy example, any two phone producers use different inputs
like screens, camera lenses, and recipes by bringing those inputs together in
different ways. Those differences correspond to different technology sets.

On the micro level, as firms change their technology sets, those changes
affect their technological differentiation and heterogeneity within the overall
economy. Input-output relationships between firms represented by firm-level
production networks provide insightful information on technological hetero-
geneity sourced from technology set differentiations across the firms within

the economy.

From Technology Sets to Production Networks. Firms’ technology
choices influence their input requirements and supplier relationships. A firm’s
technology set, defined by its product sets, necessitates the use of some in-
puts produced by other firms. The input-output relationships constitute the

supplier-buyer linkages between firms. Let’s define the production network

52



A, € RY x RY which is a ny x n; matrix: each entry A #it = 1 if any product
k € Oy (produced by firm f) is relied on any input | € O; (produced by
firm ¢) such that the technology 73 include the input [ € 7. In other words,
at least one of the products of firm ¢ is used to produce at least one prod-
uct of firm f. The list of all suppliers of firm f constitutes its supplier set:
Zpy ={i: Ay = 1},

The above technology and production network definitions highlight that
supplier sets relate to technology sets. The first condition of a firm f to be
linked to a supplier 7 is that the firm ¢ produces an input that is necessary for
firm f’s technology set T%;. The inputs that determine a firm’s technology

set are sourced from other firms’ technologies.

Proposition 3 (Supplier Sets Reflect Technology Sets). Under the assump-
tion 1, two different supplier sets Zp, # Z implies two different technology
sets: Ty # To. However, the reverse is not true: two different technology

sets Ty # Tey may source from the same supplier sets: Zp = Zy.

The above proposition implies that if any two firms have different supplier
sets, it also indicates they have different technology sets. However, firms may
have different technology sets even if they do have the same supplier link-
ages. That is because suppliers may have different products used in different
technologies. Despite this complication, differentiation in firms’ supplier sets
provides information on differentiation in technology sets. Therefore, the
present chapter suggests tracing how firms differentiate from others in terms

of supplier sets that will indicate technology set differentiations.

3.3.1 Measures of Supplier Set Differentiation and Evo-

lution

We propose to measure how firms frequently supply to the same customers,
which indicates their relatedness to other firms’ technology/ production plans.

Our approach is based on the relatedness literature discussed in Hidalgo et al.
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(2018) in detail. This literature suggests that related economic activities co-
locate in the same productive units, such as firms, industries, and countries,
because they share common skills, technology, and knowledge.

Our measure of differentiation considers the production network as a sys-
tem of technology flows. In a given network, while some firms combine sup-
pliers that are mostly combined together, others choose more differentiated
supplier sets. We trace distances between firms in their supplier sets in the

given production network.

Supplier relatedness measure: We measure the relatedness of each sup-
plier pair within the production network A;,. We construct a symmetric
network B;: Each element B;;; represents the relatedness between suppliers
1,7 € N;. It is a measure for common customers of suppliers ¢ and j nor-
malized by the out-degree of those firms and the in-degree of the common

customers:

3 AyitApjt
feNe i

Bij =
J max(d?™, d;?“t)

(3.1)

where dﬁc” = ic ~, Agie denotes the in-degree or number of suppliers of firm
fand d2* =" FeN, A; s represents the out-degree or number of customers of
firm 7. This measure indicates the extent of relatedness between the products
of these firms as inputs of the common firms. It effectively ranks supplier
pairs based on their proximity in technology sets of common customers.
Two suppliers may be related for two reasons: (i) Their products are
used in the same technology/production plans of their common customers.
(ii) Their products are used in two different technology/production plans that
are in the technology sets of one common firm. In this case, even if these two
suppliers’ products are not in the same technology /production plan, they are
somehow related because they are used in two related technology /production
plans of one common firm. We assume those technology/production plans

are related, apart from the literature on product diversification (Teece et al.,
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1994). The literature suggests that firms’ product portfolios are constituted
by related product lines sharing common technological capabilities. There-
fore, even if the products supplied by different firms are used for different
products, they must be related because the output products are related in

terms of technological capabilities.

Overall supplier set relatedness: After we measure how each supplier
pair is related in the production network at time ¢, we can infer how a firm’s
supplier set is differentiated in the production network. We measure how
firm f’s supplier set is related overall by the relatedness measure for each

pair of suppliers in its supplier set Z;:

s Ziezﬁ Zjezﬂ QritQyjtBijt (3.2)
7 Ziezft Zjert inthjt

where Qi represents the value of the input transaction from firm ¢ to firm
f. This measure serves as an indicator of firm supplier set differentiation at
time t. A low (high) level of overall supplier set relatedness indicates a high
(low) level of differentiation. We prefer the term "differentiation" because
it is a systematic measure and depends on the current production network
structure. It measures how the representative firm differentiated within the
given supplier-buyer relationships. As we suggest, technological feasibility
defines possibilities in technology/production plans within the economy. As
technological feasibility changes over time, so do production networks and
firms’ levels of differentiation. For example, while the use of automated
robotics in manufacturing was quite new and highly differentiating in the
2000s, it has become quite popular nowadays and less differentiating for

manufacturers.
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Temporal Dynamics and Supplier Set Change.

At any given time ¢, a production network reflects the technological possibil-
ities available for all products and firms. These production networks evolve
as technological possibilities change over time. The measures of relatedness
within these networks also evolve as the connections between suppliers and
customers shift. As certain inputs become more popular, others may decrease
in usage within production processes. Adopting popular inputs allows firms
to increase the overall relatedness of their supplier sets. Conversely, firms
become more differentiated if they choose not to use popular inputs. At any

time ¢, the change in the overall supplier set relatedness of any firm f,
AR;‘t = Rj”t - R;t—la (3.3)

can result either from changes in firm f’s own supplier linkage adjustments,
or from adjustments made by other firms that share similar suppliers with
firm f. Firms adjust their supplier sets based on internal decisions or external
shocks, as mentioned in the previous section. In summary, we can identify

three reasons for updating supplier sets:

1. Changing production plan/s of products in their product portfolios.

2. Changing product portfolios by adding new product lines requiring new

production plans and/or dropping some product lines.

3. To adopt an external shock such as price shocks, natural disasters,

industrial regulations, etc.

The first two reasons stem from firms’ internal decisions on technological
progress or product portfolio diversification. On the other hand, external
shocks are the factors the firms cannot control. Firms update their supplier
sets to avoid the potential negative effects of those external shocks. For
example, a natural disaster or a new industrial regulation may prevent a

firm from accessing its current suppliers and spur it to look for substitutes.
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Proposition 4. Under the assumption 1, if a firms changes its supplier set
from periodt —1 tot, Zy # Zs—1, it means this firm changed its technology
set: Ty # Tp—1. However, the reverse is not true: a firm may have changed
its technology set Ty, # Tp—1 even if it does not change its supplier set:
Zp = Zp.

Any change in supplier linkages of a firm indicates that the firm has
changed its technology set because there is no duplicate technology assump-
tion in the economy. A new production plan for existing or new product lines
may trigger this change. A buyer firm may change its supplier set by produc-
ing an existing product line with another supplier’s product and/or by in-
troducing a new product line that necessitates a new technology /production
plan. However, it is also possible to introduce a new product line or a new
production process for firms without changing its supplier set. The proposi-
tion 4 underlines that firms might change their technology /production plans

without changing their supplier sets.

Measuring supplier set change over time: In any case, we can capture
a proportion of technology set change by measuring supplier set changes over
time by utilizing a Jaccard Distance metric. The Jaccard Distance metric
quantifies the change in a firm f’s set of suppliers Z; at period ¢ compared

to the previous period ¢ — 1. It is calculated as follows:

| Zp U Zpya| = | Zp O Zgy 1]

JD3, =
Tt | Zpe U Zp|

(3.4)
The Jaccard Distance measure captures the distance between the two sup-
plier sets from one period to another. A non-zero Jaccard Distance measure
implies that firm f altered its supplier set at time ¢. As firms adjust their
supplier linkages due to changes in their technology sets or external shocks,
production networks’ overall structure and relatedness continuously change.

This evolution results in varying degrees of differentiation between firms’
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supplier sets, which we can measure over time. In the following part, we
interpret these time-varying relationships, exploring how dynamic and stable
firms contribute to the ongoing changes in network structure and supplier

set differentiation.

Interpretation and Limitations

The present chapter suggests that Overall Supplier Set Relatedness - referring
to the extent to which a firm’s supplier relationships differ from those of
other firms- indicates technology set differentiation under Proposition 3. As
production networks evolve due to firms’ updates of their supplier linkages,
the relatedness between suppliers changes. Firms update their supplier sets
due to technological changes or to adapt to external shocks.

In this evolutionary process, firms can be analyzed in two different groups:
Dynamic Firms, which update their supplier sets, and Stable Firms,
which maintain the same supplier set from the period t — 1 to t. The Dy-
namic Firms drive the evolution of production networks by altering their
supplier sets, which triggers changes across the relatedness matrix B;_;, even
for the Stable Firms that do not directly update their suppliers. Their sup-
plier set changes affect them and their peers’ Overall Supplier Set Relatedness
because it is a systematic measure depending on the distance between firms’
supplier linkages. A firm’s peers are the firms whose supplier sets intersect
with its supplier set. The behavior of dynamic firms influences the evolution
of the relatedness matrix, making it complex to analyze with only supplier
set relatedness measures. The broader network trends affect the relatedness
measures of supplier sets. A firm’s supplier set may appear more (less) differ-
entiated by decreasing relatedness among its suppliers triggered by the peer
firms’ actions.

When a firm’s suppliers become more related by being connected to the
same customers more frequently, its overall supplier set relatedness increases,

even if it does not change its suppliers. Conversely, if the suppliers become
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less related by being linked to the common customers less frequently, the
overall supplier set relatedness decreases. Table 3.1 presents a potential
interpretation of the evolution of supplier sets and the overall relatedness
measures to understand the differentiation patterns of dynamic and stable

firms. Dynamic firms, which modify their supplier linkages JD%, > 0, along

Table 3.1: Interpretation of the Jaccard distance and the overall relatedness
measures.

AR3, >0 ARy <0
Dynamic Firms
(J D3, # 0) Firm f converges to stable firms. Firm f diverges from stable
firms.
Stable Firms
(J Dj, = 0) Dynamic firms converge to firm Dynamic firms diverge from firm
I I

with new firms, are sources of dynamism in production networks. If these
dynamic firms reduce the overall relatedness of their supplier sets, AR}, <0,
it indicates that they have chosen less related suppliers, differentiating them-
selves from other firms compared to the previous period. This suggests that
their current supplier choices are less common/popular than those made in
the past. Conversely, if dynamic firms increase their supplier set relatedness
AR}, > 0 by selecting more closely related suppliers, aligning more with
other firms, resulting in more common /popular supplier sets than in the pre-
vious period. In this case, their supplier linkages converge with those of other
firms.

Stable firms, which have not changed their supplier sets, JD}, = 0, are
indirectly affected by the actions of dynamic firms. If a stable firm’s over-
all relatedness decreases (AR;’% < 0), it suggests that dynamic firms have
diverged from stable firms’ supplier sets by adopting a less related supplier
composition. On the other hand, if its overall relatedness increases AR}, > 0,

this implies that dynamic firms are converging towards the stable firm’s sup-
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plier set. This distinction between dynamic and stable firms underscores the
interconnectedness of production networks such that firms’ differentiation is

a systematic issue. 2

3.4 Data and descriptive statistics

In the previous section, we propose that supplier set differences across firms
are sourced from technology set differences. Therefore, supplier-based mea-
sures across firms and over time are remarkable indicators of firm performance
and dynamism in economies. We use Turkey’s national firm-to-firm transac-
tions data covering the period 2010-2021 to analyze firms’ supplier linkage
formation dynamics and its influence on firm performance. This data set
covers all firm-to-firm transactions exceeding 5000 TL (about 375 USD in
2021) provided by the Ministry of Industry and Technology of the Republic
of Turkey. We limit the data to manufacturing firms because those firms rely
more on inputs than other firms. We define time intervals annually. For each
year, we create a production network representing firm-to-firm transactions,
and create a symmetric relatedness matrix that shows relatedness for each
supplier pair as defined in the equation 3.1. Later, we compute the overall
supplier set relatedness by the measure defined in the equation 3.2 for each
firm with two or more suppliers (multi-supplier firms). In order to measure
supplier set adjustments of firms, we use the formula in the equation 3.4 in
annual intervals.

To show the dynamism in production network evolution, we define some
extra variables: (i) Jaccard Distance Metric to measure product portfolio ad-
justments of firms, (ii) a supplier adjustment propagation measure (SAPM)
capturing supplier adjustment of peer firms and (iii) an exposure variable

for importer firms that are expected to be influenced by the 2018 Currency

2Discussions on the dynamism of relatedness measures are relatively new (Juhész et al.,
2021; Kuusk and Martynovich, 2021). See Appendix A for a simple case study incorpo-
rating different products and technology definitions.
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shock in Turkey. We use those variables to analyze supplier set adjustments
of firms. The first and third variables are created by integrating foreign trade
data of Turkey.

Product set adjustments: In order to demonstrate the relationship be-
tween supplier-set evolution and product portfolio evolution, we measure
Jaccard Distance (JDP) for firms’ product portfolio adjustments over
time. We have detailed data on the product codes of exporter firms only, so
we have the product-based Jaccard Distance measure (JDP) exclusively for
these firms. We use this measure to test whether our supplier set-evolution
measure is in a relationship with the product set-evolution measure for the
sample of exporter firms.3

We measure firms’ product portfolio changes using a Jaccard Distance

metric, similar to the one used for supplier set changes:

|PSp UPSy| — |PSp N PSp

JDP, = 3.5
ft |PSs U PSSy (3.5)

Here, J D?t measures the distance between the sets of products exported by

firm f from time ¢ — 1 to t.

Co-movements in supplier sets: As production networks evolve, firms
may respond to their counterparts’ actions: Firms sharing the same customer
base/market may change their supplier sets as response to the actions of
each other. B;;; > 0 reflecting the structural similarity between firms ¢ and
7, based on shared customer relationships, is used to analyze co-movements
in firms’ supplier linkage updates. If B;j; is high, firms ¢ and j share many
common customers, indicating that they operate in a similar market or play a

similar role in the production network. We propose a Supplier Adjustment

30ur overall supplier set relatedness metric is based on the relatedness literature, which
is mostly studied on product level (Hidalgo et al., 2018). Therefore, analyzing the rela-
tionship between supplier set evolution and product set evolution is important.
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Propagation Measure (SAPM) for the firm i

SAPMy =Y By;JD; (3.6)

JEN:

which captures the supplier set variations of firm ’s related firms. The
summation aggregates how the supplier sets of all related firms have changed.
A high value of SAPM suggests that firm ¢’s related firms have undergone
significant changes in their supplier sets, which could indicate a structural

shift in the production network.

External shocks: We test whether external shocks significantly affect firms’
supplier set adjustment decisions. To do so, we consider the currency shock
experienced by importer firms in 2018. Turkey experienced a sharp currency
depreciation, with the exchange rates nearly doubling in 2018. This shock
increased the cost of imported inputs, potentially forcing firms to disconnect
their foreign suppliers. We aim to test whether this shock, which influences
their foreign supplier linkages, also impacts their domestic supplier composi-
tions.

To define the shock exposure (Exposure), we first define the share of im-
ports in the sum of import purchases and input purchases from the domestic

firms, ST, for each year t:

Import ¢

ST = Imports + D _Purchasesg
where I'mporty, is the purchases from foreign suppliers and D_ Purchases
is the input purchases from domestic suppliers of firm f at year ¢.

The exposure variable is zero for all firms prior to the shock (in 2017 and
earlier). After the shock (2018 and beyond), exposure is calculated based
on the import share from 2017. The exposure of any firm f to the currency

shock in 2018 is defined as their share of input purchases just before the
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shock occurred:

S]f_2017, if year Z 2018.
Exposure; =

0, otherwise.

This approach reflects how firms— highly reliant on foreign inputs —adjust
their supplier linkages in response to a currency shock. A higher exposure
value indicates greater dependence on imported inputs, which increases the
firm’s vulnerability to exchange rate fluctuations in 2018 and thereafter.
We merge all the measures above with the balance sheet data: net sales,
R&D spending, and number of employees. We compute firms’ labor produc-
tivity as value added per hour worked annually. We deflated the relevant
balance sheet data using the Producer Price Index (PPI) and the Consumer
Price Index (CPI). We use net sales and labor productivity as an indicator

of firm performance. Table 3.2) demonstrates the list of all variables.

63



Table 3.2: List of Variables and Explanations

Variable Description

1. R® Overall relatedness measure of the firms in suppliers as
defined in the equation 3.2.

2. JD? Jaccard Distance measure of supplier set change as de-
fined in the equation 3.4.

3. JDP Jaccard Distance measure of product set change as de-
fined in the equation 3.5.

4. SAPM This measure captures the supplier set variations of a
firm’s related firms as defined in the equation 3.6.

5. d™ Number of suppliers of the firms.

6. dov Number of customers of the firms.

7. NS Net sales revenue generated by the firm (deflated by
PPI).

8. LP Value added per hour worked.

9. RD Total expenditure on research and development deflated
by Producer Price Index (PPI).

10. ST The share of imports in the sum of import purchases

and input purchases from the other domestic firms.

11. Fxposure The share of imports in 2017 for the years 2018-2021
and 0 for the other years.

12. Age The number of years since the establishment.

13. Size Number of employees.

3.4.1 Descriptive Statistics

Table 3.3 shows the number of observations from 2010 to 2021 for our main
sample of manufacturing firms with multi-suppliers. We have unbalanced
panel data, in which observations increase over the years. The average num-
ber of suppliers (in-degrees - d™) and the number of customers (out-degrees

- d°"*) increases continuously over time.
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Table 3.3: Summary Statistics of ™ and d°*

Year dm dowt

Obs. Mean Std.  Min. Max. | Obs. Mean Std.  Min. Max.
2010 | 57387 10.201 18.036 2 822 46555 11.450 24.808 1 1130
2011 | 64110 10.748 18.928 2 851 52641 12.058 26.366 1 1167
2012 | 68132 10.866 19.347 2 884 56205 12.167 26.535 1 1193
2013 | 73748 11.033 19.741 2 911 61222 12.260 27.001 1 1327
2014 | 80904 11.492 20.875 2 940 67829 12.689 28.431 1 1492
2015 | 86526 11.546 21.309 2 984 | 72640 12.735 28.703 1 1539
2016 | 89031 11.760 21.912 2 1010 | 75125 12.925 28.942 1 1377
2017 | 93934 12.237 22.964 2 924 79197 13.514 30.472 1 1335
2018 | 103195 12.666 24.444 2 937 87305 14.014 32.137 1 1429
2019 | 103984 12.822 25.085 2 885 88242 14.106 32.744 1 1494
2020 | 110890 13.288 25.561 2 935 | 94094 14.808 34.461 1 1555
2021 | 132490 14.930 29.312 2 1298 | 114373 16.616 39.655 1 1739

Table 3.4 presents summary statistics for our produced measures for firms’

supplier and product sets.
decreases over the years 2010-2021, except for 2015 and 2019. The increase

in 2015 is ignorable, but in 2019, the increase may be economically remarkable

The mean of the overall relatedness measures

due to the currency shock that began in 2018, as we mentioned. The mean

of supplier-based and product-based Jaccard distance measures demonstrates

minor variations over time. Note that we ignore the firms with zero Jaccard

Distance metrics in their supplier and product sets.

65



Table 3.4: Summary Statistics of Overall Relatedness, Jaccard Distance Met-
rics for suppliers and products, and SAPM

Year R* JD? JDP SAPM
Obs. Mean Std. Obs. Mean  Std. Obs.  Mean  Std. Obs. Mean  Std.

2010 | 57387 0.0159 0.0303 | 45736 0.7023 0.1760 | 13061 0.6699 0.1918 | 45923 0.1975 0.1245
2011 | 64110 0.0144 0.0281 | 53846 0.6770 0.1792 | 13793 0.6685 0.1933 | 52040 0.2003 0.1246
2012 | 68132 0.0143 0.0283 | 57485 0.6706 0.1781 | 14384 0.6715 0.1909 | 55569 0.2012 0.1248
2013 | 73748 0.0140 0.0267 | 56044 0.6981 0.1731 | 156362 0.6664 0.1944 | 60520 0.1906 0.1204
2014 | 80904 0.0134 0.0259 | 61360 0.6948 0.1733 | 16717 0.6600 0.1962 | 67085 0.1899 0.1201
2015 | 86526  0.0136 0.0267 | 69655 0.6789 0.1766 | 17220 0.6577 0.1966 | 71938 0.1947 0.1225
2016 | 89031 0.0132 0.0262 | 73250 0.6795 0.1766 | 17679 0.6538 0.1980 | 74410 0.1970 0.1232
2017 | 93934 0.0125 0.0258 | 76119 0.6837 0.1763 | 17094 0.6577 0.1971 | 78443 0.1950 0.1238
2018 | 103195 0.0123 0.0260 | 84481 0.6664 0.1766 | 17598 0.6524 0.1992 | 86479 0.1903 0.1220
2019 | 103984 0.0128 0.0276 | 88772 0.6739 0.1768 | 18634 0.6469 0.2061 | 87427 0.1976 0.1254
2020 | 110890 0.0111 0.0245 | 92067 0.6804 0.1772 | 19336 0.6547 0.2074 | 93233 0.1946 0.1262
2021 | 132490 0.0097 0.0225 | 106569 0.6908 0.1742 | 20816 0.6333 0.2094 | 113554 0.1887 0.1258

The average net sales and labor productivity slightly decrease with the

increasing sample size over time. We do not observe significant variations

in the standard deviations of net sales and labor productivity. The number
of firms with R&D activity increased from 2036 to 3132; the mean of those
firms’ R&D spending did not change significantly from 2010 to 2021. The
mean of the variable ST significantly decreases from 2010 to 2021, indicating

that firms rely less on imports for their input purchases on average.

Table 3.5: Summary Statistics for performance, innovation, import share
variables.
Year NS LP RD S1

Obs.  Mean Std. | Obs. Mean Std. | Obs. Mean Std. | Obs. Mean Std.
2010 | 57302 14.005 1.681 | 46687 9.287 1.680 | 2036 10.529 2.560 | 16433 0.271 0.277
2011 | 64015 13.966 1.786 | 52365 9.251 1.675 | 2128 10.599 2.518 | 17728 0.260 0.272
2012 | 68007 13.994 1.771 | 55827 9.281 1.661 | 2147 10.720 2.591 | 17924 0.244 0.267
2013 | 73612 13.950 1.716 | 59565 9.170 1.627 | 2303 10.781 2.618 | 18645 0.238 0.263
2014 | 80755 13.928 1.734 | 65153 9.185 1.655 | 2428 10.855 2.526 | 19628 0.218 0.253
2015 | 86378 13.864 1.749 | 67630 9.134 1.650 | 2481 10.825 2.639 | 20177 0.199 0.242
2016 | 88860 13.836 1.728 | 68157 9.088 1.625 | 2518 10.886 2.635 | 19800 0.186 0.234
2017 | 93777 13.811 1.718 | 73046 9.063 1.648 | 2585 10.856 2.633 | 19133 0.167 0.222
2018 | 102961 13.600 1.801 | 76603 8.957 1.713 | 2727 10.828 2.619 | 19829 0.148 0.209
2019 | 103699 13.623 1.787 | 74729 9.001 1.715 | 2860 10.980 2.649 | 21361 0.131 0.198
2020 | 110579 13.443 1.881 | 76171 8.872 1.788 | 2920 10.890 2.702 | 21300 0.120 0.186
2021 | 132011 13.185 1.941 | 82783 8.594 1.774 | 3132 10.668 2.745 | 24469 0.094 0.163
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Correlation Analysis: Table 3.6 demonstrates the correlation analysis
for the list of variables in Table 3.2. The variations in supplier sets (JD?)
and product sets (JDP) of firms are positively correlated. The negative and
significant correlation between firms’ JD?® and SAPM measures suggests
that firms’ supplier linkages may be influenced by their related firms sharing
the same customer base.

The variable representing the share of imports, denoted as SI, is pos-
itively correlated with both supplier set relatedness and the Jaccard Dis-
tance in supplier sets. This indicates that importing firms tend to have more
closely related domestic supplier relationships and experience greater changes
in their supplier sets over time. Conversely, our defined variable for the cur-
rency shock exposure shows a negative correlation with overall supplier set
relatedness and Jaccard Distance. This means that firms with high exposure
to the currency shock have less related supplier sets and exhibit a smaller
distance within their supplier sets.

Additionally, the innovation indicator RD is negatively correlated with
the overall supplier set relatedness measure (R?), suggesting that firms with
some innovation activity have more differentiated supplier sets. The negative
correlation between JD?® and RD suggests that firms with higher R&D ex-
penditure experience lower supplier turnover, possibly reflecting more stable
input sourcing strategies.

Finally, firms’ performance indicators: net sales (NS) and labor produc-
tivity (LP) are negatively correlated with the overall supplier set relatedness
measure (R®). Firms with higher distance in their supplier sets (JD?) tend
to have less net sales and more labor productivity. Furthermore, there are
strong positive correlations between firms’ supplier /customer linkages (d™
and d°**) and their performance indicators (NP and LP).

67



Table 3.6: Correlation Coefficients

R° JD?® JDP SAPM am det NS LP RD SI Exposure age
JD* 0.066%**
JDP 0.037F%F  0.177F%*
SAPM -0.201%%F  -0.041%%%  -0.070%**
dam S0.161F%F  -0.115%%%  -0.096***  0.449%**
det S0.117FFF_0.040%FF  _0.071FF*  0.583%F*  (.553%**
NS -0.203F*F -0.091%%F  -0.138%F*  (.537FF*  (0.585%FF  (.400%**
LP S011F*F L0.030%%F  -0.089%F%  0.327FFF  0.410%FF  0.286%**  0.575FF*
RD S0.145%%F - 0.249%FF  _0.021%F  0.314%%FF  0.451FFF 0.224%F%  0.563%FF  (0.396%F*
SI 0.148F%F  0.141%%%  0.027%*%  0.018%**  -0.094***  0.063***  0.020%**  0.118%**  (.133***
Ezposure -0.046***  -0.017*%F -0.056*** 0.146%** 0.187***  0.191%** 0.176*** (0.152%**  0.152%**  (0.165%**
age 0.012%F%F  -0.127%%F  -0.081%** 0.030%**  0.025%**  0.036*** 0.009%** 0.007*** 0.157** (0.046%** -0.002*
size S0.170%%%  _0.070%FF  -0.093%F*  0.352%F*  0.403%¥*F  0.231FFF  (.576%FF  -0.058%FF  0.274%FF  0.067FFF  0.112%F*  0.012%**

6k 1 < 0.01, ** p < 0.05, * p < 0.10

3.5 Empirical Analysis

In this section, we empirically analyze the dynamics of firm-level produc-
tion network formation and the relationship between firm performance and
the overall supplier set’s relatedness. The empirical analysis in the section

estimates all regression specifications using ordinary least squares (OLS).

3.5.1 Network formation dynamics

To analyze firms’ supplier network formation behavior, we estimate linear
models that incorporate key indicators for product portfolios, peer effects,
and external shocks identified in the prior part. Specifically, we assess how
product portfolio adjustments (JDP), the measure for propagation of sup-
plier adjustments of peers (SAPM), and the 2018 currency shock exposure
(Exposure) influence supplier set updates (JD?®) at the firm level. Our main
explanatory variables (JDP, SAPM, Exposure) might be endogenous: For
instance, firms exposed to currency shocks might need to update their ex-
port product offerings. Consequently, we will analyze the impacts of these

variables individually.
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Model 1: Our first empirical model is formulated to analyze the influ-
ence of the product portfolio adjustments on supplier linkage adjustments.

Therefore, we empirically test the following linear model:
JD% = Ao + A1JD§t +FE;+ FE + FE,_jng+ FE_yeq + €54, (3.7)

where

e JDj, represents Supplier set change (Jaccard Distance) of firm f at

time t.
o J D?t represents Product portfolio change of firm f.
o FEy, FE;,, FE, inq, F'E;_,c, represent firm, year, year-industry, and

year-region fixed effects, respectively.

Table 3.7: Regression Results: Adjustments in Supplier Sets and Product
Portfolios

Variables (1) JD*  (2) JD® (Ad™>0) (3) JD* (Ad™ <0)
JDP 0.0336%** 0.0283*** 0.0373***
(0.0017) (0.0023) (0.0036)
Constant 0.6410%** 0.6357*** 0.6320***
(0.0011) (0.0015) (0.0024)
Year Fixed Effects Yes Yes Yes
Firm Fixed Effects Yes Yes Yes
Year-Nace Fixed Effects Yes Yes Yes
Year-Region Fixed Effects Yes Yes Yes
Number of observations 180,969 91,202 58,175
Adjusted R? 0.4708 0.5090 0.4417

Note: Standard errors are in parentheses. xp < 0.1, % * p < 0.05, % * xp < 0.01.

Fact 1: Supplier relationships adjustments are associated with
product portfolio adjustments. Table 3.7 reports regression results ex-

amining the relationship between changes in firms’ product portfolios (JD?)
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and their supplier sets (JD?®). Across all model specifications, we find a
positive and statistically significant relationship, indicating that firms that
update their product portfolios also tend to adjust their supplier linkages.

Specifically, a Jaccard Distance metric in product portfolios, which equals
one, indicating that completely updating the relevant product set, is asso-
ciated with approximately a 3.4 basis-point increase in supplier set distance
(JD?), holding firm, year, industry, and region fixed effects constant. Al-
though the magnitude of this coefficient is modest, it is statistically signifi-
cant. This finding is consistent with the proposition that firms extend their
product portfolios through product lines that share common technological
requirements (Teece et al., 1994).

To investigate whether this alignment differs depending on the direction
of supplier network change, we split the sample based on whether the firm
increases its number of suppliers (Ad™ > 0) or not (Ad™ < 0). While the
estimated coefficients remain positive and significant in both groups of firms,
the magnitude is slightly higher for firms with fewer or the same supplier
linkages (0.0283 vs. 0.0373). This indicates that the changes in product sets
are systematically associated with changes in supplier linkages, even among

firms not expanding their supplier base.

Model 2: We further formulate an empirical model for co-movements in

production network evolution:
Jcht = )\0 —l— >\4SAPMft + FEf + FEt + FEt—ind + FEt—reg + €ft, (38)

where SAPMy, represents the Supplier Adjustment Propagation Measure
(SAPM) capturing changes in supplier linkages of related firms of firm f.
FE;, FE,, FE; ;nq, and F'E;_,., represent firm, year, year-industry, and

year-region fixed effects, respectively.
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Table 3.8: Regression Results: Adjustments in Supplier Sets and Supplier
Adjustment Propagation Measure (SAPM)

Variables (1) JD*  (2) JD* (Ad™>0) (3) JD* (Ad™<0) (4) JD* (5) JD* (Ad™ >0) (6) JD* (Ad™ <0)
SAPM -0.0606*** -0.0178%** -0.1037%** -0.0467%** 0.0235%** -0.1176%**
(0.0031) (0.0048) (0.0056) (0.0035) (0.0052) (0.0060)
L1.SAPM -0.0451%** -0.0939%** 0.0170%**
(0.0035) (0.0049) (0.0061)
Constant 0.6942%** 0.6756%** 0.6895%** 0.6928*** 0.6867*** 0.6896***
(0.0007) (0.0012) (0.0012) (0.0009) (0.0014) (0.0016)
Year Fixed Effects Yes Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes Yes
Year-Nace Fixed Effects Yes Yes Yes Yes Yes Yes
Year-Region Fixed Effects Yes Yes Yes Yes Yes Yes
Number of observations 696,267 294,143 254,074 566,874 276,858 238,396
Adjusted R? 0.3569 0.3949 0.3440 0.3849 0.4044 0.3506

Note: Standard errors are in parentheses. xp < 0.1, % % p < 0.05, % * xp < 0.01.

Fact 2: There is a statistically significant association between sup-
plier set adjustments of firms and their structurally related peers.
Table 3.8 presents the estimates from the empirical model above. Across all
specifications, we find a statistically significant association between SAPM
and firms’ idiosyncratic supplier set adjustments, denoted as JD?. In Col-
umn (1), the contemporaneous coefficient of SAPM is negative and signif-
icant (—0.0606), suggesting that a higher supplier adjustments by a firm
is associated with a limited supplier adjustments by its structurally related
firms in a given year. We observe a similar relationship when we introduce a
one-period lag of SAPM in Column (4): The lagged SAPM has a negative
and significant coefficient (—0.0451), indicating that higher lagged supplier
adjustments by peer firms are associated with limited supplier adjustments.
This lagged contagion pattern suggest that the co-movements in supplier
adjustments are valid over time.

We further analyze the relationship between supplier adjustments by
structurally related peers for firms expanding their supplier linkages and
others. For firms expanding their supplier linkages (Ad™ > 0), the initial
correlation—reflected in the contemporaneous SAPM—is in the same direc-
tion as their peers (0.0235 in Column 5). Those firms tend to exhibit larger

supplier linkage adjustments in periods in which their structurally related
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peers make radical shifts in their supplier compositions. However, the effect
of the lagged SAPM is negative (—0.0939 in Column 5).

For firms with stable or fewer supplier linkages (Ad™ < 0), the associa-
tion pattern diverges from those expanding their networks. In Column (6),
the contemporaneous effect of SAPM is significantly negative (—0.1176), in-
dicating that these firms are less likely to adjust their own supplier linkages
in period in which their peers heavily restructure their supplier sets. How-
ever, the lagged SAPM effect is significantly positive (0.0170), indicating a

delayed co-movement with their peers’ prior adjustments.

Model 3: We analyze the impact of the currency shock in 2018 on supplier
adjustment decisions of firms. We analyze the impact of the 2018 currency
depreciation on firms’ supplier adjustments using a difference-in-differences
(DiD) approach. Our Exposure variable is set to zero for 2017 and earlier,
and to the import shares in 2017 for the years 2018 and beyond. This method
ensures that exposure is determined based on firms’ import dependency prior
to the 2018 shock, which helps alleviate concerns regarding endogeneity in the
treatment assignment. We expect firms’ supplier adjustments to vary with
their dependency on imported inputs in the pre-shock period. The empirical
model for the effect of the currency shock on firms’ supplier set adjustments

is formulated as follows:
JD% = Mo+ M Exposures + FEf + FE + FEy_ing + FEi_reg + €51, (3.9)

where Exposurey; represents Firm f’s exposure to the 2018 currency shock.
FE;, FE;,, FE, i, and FE, .., represent firm, year, year-industry, and

year-region fixed effects, respectively.

Supplier Set Evolution and Relatedness Trends in 2019: Before
proceeding to the regression results of Model 3, let us to analyze how firms’

supplier linkages have changed from 2018 to 2019 for different groups de-
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scriptively. We observe an increase in the mean of the overall supplier set
relatedness measure (R®) in 2019 (Table 3.4). The increase in R® applies
mainly to dynamic firms that adjust their supplier compositions (JD* > 0).
For those firms, the change in R® has distinct directions for non-importer
and importer firms. As seen in Table 3.9, non-importer firms exhibit a pos-
itive change in R* (0.0005), while importer firms show a decline (-0.0003)
on average. The measure JD?®, which captures the distance in supplier sets
from 2018 to 2019, is higher for the non-importer firms (0.6797 vs. 0.6539).
Importer firms experienced a significant increase in their supplier linkages
(Ad™ = 1.5098), whereas non-importer firms had a minor reduction (Ad™

= -0.0363) on average.

Table 3.9: Descriptive Analysis of Dynamic Firms in 2019

Mean values Dynamic Firms (88,772)
Non-importer firms (68,713) Importer firms (20,059)
Vi 0.0130 0.0047
AR® 0.0005 -0.0003
JD? 0.6797 0.6539
Ad™ -0.0363 1.5098

These descriptive patterns are consistent with importer firms exhibit
larger expansions in their supplier sets through less related domestic sup-
pliers, while non-importer firms disrupt some of their supplier linkages and
keep their more related suppliers. This pattern is consistent with importer
firms exhibiting dynamic adjustments in their supplier linkages by linking to
new less related domestic suppliers. On the other hand, non-importer firms
disconnect from their differentiating suppliers and keep their highly related
subset of suppliers. Importer firms mainly have more related domestic sup-
plier sets as demonstrated in Table 3.6 (The correlation between ST and R*
is 0.148 and statistically significant). The analysis of this correlation and

the descriptive statistics for importer firms in 2019 suggest that the currency
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shock is associated with differentiating supplier sets by linking to more do-

mestic suppliers while keeping their existing domestic suppliers more stable.

Table 3.10: Regression Results: Adjustments in Supplier Sets and the 2018
Currency Shock Exposure

Variables (1) JD*  (2) JD? (Ad™ >0) (3) JD* (Ad™ <0)
Exposure -0.0077** -0.0019 -0.0150%**
(0.0032) (0.0041) (0.0057)
Constant 0.6790*** 0.6683*** 0.6657***
(0.0002) (0.0002) (0.0003)
Year Fixed Effects Yes Yes Yes
Firm Fixed Effects Yes Yes Yes
Year-Nace Fixed Effects Yes Yes Yes
Year-Region Fixed Effects Yes Yes Yes
Number of observations 817,272 327,602 306,803
Adjusted R? 0.3415 0.3852 0.3303

Note: Standard errors are in parentheses. xp < 0.1, % x p < 0.05, * * xp < 0.01.

Fact 3: High exposure to the 2018 currency shock is associated
with more stable domestic supplier linkages. Firms with high im-
port dependency in 2017 exhibited significantly less supplier set adjustments
JD? in response to the 2018 currency depreciation (-0.0077). For firms ex-
panding their supplier base (Column (2) - Ad™ > 0), the coefficient is small
and not significant indicating that no significant association between expo-
sure and supplier adjustments. For firms with stable or fewer supplier link-
ages (Ad™ < 0), the magnitude of the coefficient is higher and significant
(-0.0150). This indicates that the negative association between the shock
exposure and supplier set adjustments is valid for firms with stable or fewer
supplier linkages. Firms that were highly dependent on imports before the
2018 currency shock tend to maintain their domestic supplier linkages. In
contrast, non-importer firms and those with lower import dependency exhibit

higher levels of supplier adjustments.
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Model 4: The above regression results indicates a strong asscoation be-
tween the 2018 currency shock exposure and supplier linkage adjustments.
Therefore, we also test a model to analyze the relationship between the 2018
currency shock exposure and the Supplier Adjustment Propagation Measure
(SAPM), capturing supplier adjustments of firms with a similar customer
base. We expect an association between the currency shock exposure and
supplier adjustments by structurally related peers. The empirical model is

as follows:
SAPM = XN+ M Exposurep+FEi+FEA+FE,_ g+ FE,_ cg+ep, (3.10)

where Exposurey; represents Firm f’s exposure to the 2018 currency shock.
FE;, FE;, FE;, i, and FE,_,., represent firm, year, year-industry, and

year-region fixed effects, respectively.

Table 3.11: Regression Results: Supplier Adjustment Propagation Measure
(SAPM) and the 2018 Currency Shock Exposure

Variables (1) SAPM
Exposure 0.0049%**
(0.0013)
Constant 0.2004***
(0.00007)
Year Fixed Effects Yes
Firm Fixed Effects Yes
Year-Nace Fixed Effects Yes
Year-Region Fixed Effects Yes
Number of observations 825,342
Adjusted R? 0.7781

Note: Standard errors are in parentheses.
*p < 0.1, % % p < 0.05, % x xp < 0.01.

Fact 4: High exposure to the 2018 currency shock is associated

with adjustments of supplier linkages by structurally related peer
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firms. Peer firms with high exposure to the 2018 currency shock exhibit
significantly higher supplier set adjustments. For firms with a shared cus-
tomer base, a shock to one affects the other. This finding is consistent with
the regression results for Models 2 and 3: There is a statistically significant
and negative association between supplier set adjustments of firms and their
structurally related peers. Firms with high exposure to the 2018 currency
shock tend to maintain stable domestic supplier linkages. Therefore, sup-
plier adjustments of structurally related firms are positively and significantly
associated with the 2018 currency shock exposure. Importer firms exhibit
supplier adjustments involving less related domestic suppliers, while their
structurally related peers display more pronounced adjustment patterns in

post-shock periods.

3.5.2 Firm performance

Building on the descriptive analysis of our production network based mea-
sures and regression analysis of firms supplier adjustments, we extend the
analysis to examine whether overall supplier set relatedness is associated
with firm performance. As we conceptualized in the previous section, sup-
plier set compositions are closely related to the technology sets of firms. A
firm’s ability to source from a diverse set of suppliers with lower related-
ness reflects its technological differentiation and adaptability. Such firms
have different motivations for adjusting supplier linkages, such as diversi-
fying their product lines, integrating novel technologies, or adapting to ex-
ternal shocks. Those strategic behaviors are systematically correlated with
firm performance. Therefore, we hypothesize a negative association between
firm performance and overall supplier set-relatedness measure R®, indicating
greater differentiation within the relevant year’s production network. To test

this hypothesis, we estimate the following regression models:

Yii=00+ iR, + X+ FE;+ FE, + FE_jpa+ FEi_eq +€x  (3.11)
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where Yj; is net sales or labor productivity, which are indicators of firm
performance. R;, is the overall supplier set relatedness measure. We added
firm size (number of employees) as a control. The model also controls for
firm (FEy), year (FE;), year-industry (FE;_;,q) and year-region FE; .,
fixed effects.

Fact 5: Lower overall supplier set relatedness (higher supplier set
differentiation) is associated with higher firm performance. The
negative and significant coefficient on R* suggests that firms with lower sup-
plier relatedness exhibit higher labor productivity. This finding is consistent
with the proposition that firms linked to a more diverse range of suppli-
ers also benefit from a broader technology base with more varied products

and/or innovations.

Table 3.12: Regression Results: Labor Productivity /Net Sales and the Over-
all Supplier Set Relatedness Measure

Variables (1) Labor Productivity (2) Net Sales
R? -1.8792%#* -2.6030%**
(0.0693) (0.0488)
Size -0.8271%+* 0.1790%**
(0.0015) (0.0012)
Constant 10.8479%*** 13.5353%***
(0.0035) (0.0026)
Year Fixed Effects Yes Yes
Firm Fixed Effects Yes Yes
Year-Nace Fixed Effects Yes Yes
Year-Region Fixed Effects Yes Yes
Number of Observations 745,320 946,985
Adjusted R? 0.7386 0.8159

Note: Standard errors are in parentheses. xp < 0.1, % % p < 0.05, % % xp < 0.01.
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3.6 Conclusion

This chapter empirically contributes to theoretical insights into the dynamics
of production network formation and its relationship with firm performance,
drawing on a resource-based perspective from the literature on firm diver-
sification. We discuss conceptually why supplier compositions of firms may
explain their performance by suggesting that supplier set choices indicate the
technological sets to which it belongs.

We quantify firm supplier-set differentiation and adjustments using the
overall supplier-set-relatedness metric (R®), the Jaccard Distance metric for
supplier sets (JD*), and the Supplier Adjustment Propagation Measure (SAPM).
We use firm-to-firm transaction data of Turkey for the years 2010-2021. We
merged this data with the firm-level balance sheet and foreign trade data.
In addition to the supplier-based measures, we introduce a variable for the
adjustments in product portfolios (JDP).

We start the empirical analysis by exploring the factors that are asso-
ciated with supplier linkage adjustments. The first finding is that supplier
network adjustments are associated with adjustments in the product portfo-
lios. Specifically, firms restructure their supplier linkages in periods in which
they modify product lines. Secondly, firms’ supplier set adjustments are
negatively associated with their structurally related peers’ supplier set ad-
justments, which share the common customer base. Supplier linkage adjust-
ments exhibits a significant negative relationship with the Supplier Adjust-
ment Propagation Measure (SAPM), underscoring the interconnected nature
of production networks. Further, high exposure to the 2018 currency shock
is associated with higher stability in domestic supplier sets. Firms with high
exposure to the currency shock maintain stable supplier sets in their domes-
tic production networks, while firms with less or no exposure adjust their
supplier sets more. Lastly, we find a significant positive relationship between
firms’ exposure to the 2018 currency shock and supplier adjustments of their
structurally related firms (SAPM).
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After we explain the dynamics in supplier linkage adjustments, we ana-
lyze how their supplier set differentiation relates to their performance. The
linear model linking the overall supplier set relatedness metric to net sales
and labor productivity as performance indicators suggests that firms with
lower supplier-relatedness tend to perform better. This empirical finding con-
tributes to the literature on resource-based measures of firm diversification
in explaining performance. This research offers a comprehensive approach
to measuring firm scope through supplier linkages. The overall supplier set
relatedness measure is as effective as the other approaches to measure firm
diversification, such as product portfolios, patent portfolios, or labor skills,

in exploring firm performance.
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Chapter 4

Production Networks and
Industrial Policy: A General
Equilibrium Framework with

Endogenous Link Formation

Abstract

This chapter presents a structured review of recent literature that
intersects industrial policy and production network theory. We
complement the literature review with a production network for-
mation model grounded in a general equilibrium economy to an-
alyze how industrial policies may alter the evolutionary patterns
of production networks. We simulate the model across scenarios
with different targeting strategies for tax policy interventions.
The simulations demonstrate that the efficiency of tax policy
varies with respect to the static and temporal centrality of target
industries. The model provides a flexible tool for designing and

evaluating industrial policies.

Keywords: Industrial policy, production networks, endogenous network formation.
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4.1 Introduction

Economic policy is the art of influencing the behaviors of economic agents
using varying policy tools. For policymakers, understanding the sensitivity of
agents’ responses to these tools and evaluating the broader economic impact,
including spill-over effects, is a challenging task. Among these policies, indus-
trial policy—which involves strategic efforts to transform industrial systems
to foster economic growth—is particularly difficult due to the dynamic in-
teractions between productive units and the heterogeneity in their behaviors
(Pack and Saggi, 2006).

In this chapter, we present a structured literature review on industrial pol-
icy and production networks. Economists have approached industrial policies
more ideologically for a long time. Currently, the discussion is more system-
atic and focuses on design rather than debating its necessity. The emerging
literature on production networks has considerable potential to inform dis-
cussions of the implications of industrial policies.

The literature review is complemented by a production network forma-
tion model grounded in a general equilibrium economy incorporating a poli-
cymaker. The defined economy has two key fundamentals: (i) Firm produc-
tivity levels depend on input use. (ii) Production network structure, along
with firm-level productivity and tax wedges, jointly determine equilibrium
prices and real GDP. In our production network formation model, firms aim
to replace a proportion of their labor use with an automation input. The
decision of firms to increase the use of automation input depends on the pro-
ductivity gains from substituting labor with automation input and its effect
on production costs.

We simulate our model by using "The Use Table (Supply-Use Frame-
work), 2017" from the Bureau of Economic Analysis (BEA), focused on 6-
digit manufacturing industries in the US. We consider tax exemptions as
an industrial policy tool inspired by real-world subsidy programs in the US

and Turkey, where firms conducting R&D are exempted from tax payments
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for machinery and equipment purchases. We consider five different scenarios
in simulations: Scenario A - No Intervention: In this scenario, the policy-
maker does not implement any tax exemptions, and the production network
evolves based solely on the ordinary decisions of firms/industries. Scenario B
- Random Targeting: This scenario involves providing full exemptions from
tax payments on input transactions of a random industry. Scenario C -
High Centrality Targeting: This scenario involves providing full exemptions
from tax payments on input transactions to the industry with the highest
network centrality. Scenario D - Low Centrality Targeting: This scenario
involves providing full exemptions from tax payments on input transactions
to the industry with the least network centrality. Scenario E - Temporal
Centrality Targeting: In this case, the industry with the highest potential
centrality gains from adopting the automation-enhancing input receives tax
exemptions. We run 1000 simulations for random labor-substitution shares
for each scenario.

The simulation results demonstrate the clear impact of tax-based indus-
trial policies on the dynamics of production network formation. Our research
indicates that targeted tax-based industrial policies can enhance overall eco-
nomic performance by strategically reshaping the production network. While
no industry achieves automation in Scenario A (No interventions), all indus-
tries automate after some periods in the scenarios for targeted policy inter-
ventions. The number of periods until all industries automate - automation
completion time- is shorter in Scenario E, where the industry with the highest
potential to increase centrality through automation is supported. The vari-
ations in automation completion time across scenarios stem from differences
in spill-over effects due to industry prioritization. As productivity gains and
price decreases in target industries influence the automation input supplier’s
price and productivity more, the automation input supplier becomes more
feasible for other industries over time.

The remainder of this chapter is organized as follows. Section 4.2 reviews
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the related literature on production networks and industrial policy. Section
4.3 introduces an endogenous general equilibrium model that incorporates a
policymaker designing a tax system. The second part of section 4.3 presents
a production network formation model and decomposes the potential effects
of tax-based industrial policies. Section 4.4 analyzes, through numerical
simulations, the evolution of the production network structure and economic

outcomes under the scenarios we define. Section 4.5 concludes.

4.2 Literature Review

In this section, we first review the literature on production networks, bringing
new perspectives on industrial policy. Later, we turn to the recent resurgence
of industrial policy in both academic and policy circles, and examine how
theoretical and empirical advances—often inspired by network thinking—are

reshaping our understanding of its rationale, implementation, and evaluation.

4.2.1 Literature on production networks

A growing body of research emphasizes the importance of production net-
works in the design of industrial policy. In a seminal contribution, Liu (2019)
models a general equilibrium economy shaped by input-output linkages and
that incorporates a policymaker and market imperfections. This work estab-
lishes a formal rationale for industrial policy rooted in production network

theory through three main research lines:

1. Propagation Mechanisms and Fragility in Production Networks:
Broadly, the production network literature studies how external shocks prop-
agate through input-output relationships (Long and Plosser, 1983; Carvalho
et al., 2020; Acemoglu et al., 2012; Bagaee and Rubbo, 2023; Acemoglu and
Tahbaz-Salehi, 2020). Technological improvements also propagate along sup-

ply chains, leading to faster price reductions and economic growth (McNer-
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ney et al., 2022). Understanding shock propagation mechanisms is crucial
because it helps us to explain how production cost and productivity changes
-triggered by industrial policy- cascade through production networks, influ-
encing aggregate outcomes. Research on shock propagation can also inform
precautionary industrial policies addressing potential external shocks such as
natural disasters or pandemics (Barrot and Sauvagnat, 2016; Boehm et al.,
2019; Carvalho et al., 2020). Atalay (2017) estimates almost two-thirds of
the variations in aggregate outputs sourced from industry-specific shocks
by emphasizing the role of limited substitution across inputs in the short
run. Other studies, such as Elliott et al. (2022) and Elliott and Jackson
(2023), explore the fragility of supply networks—the sensitivity to aggregate
or micro-level disruptions—and the role of network complexity in amplifying
shocks. Elliott and Golub (2022) focuses on the economic fragility resulting
from the internal decision-making process regarding the formation of links
between nodes.

These contributions offer a valuable toolkit for assessing how effects of in-
dustrial policy propagate and amplify across the economy, facilitating more
accurate welfare analysis. Moreover, this body of literature aids policymak-
ers in anticipating the potential effects of external shocks and in designing

precautionary policies.

2. Distortions in Production Networks: There is generally room
for government intervention in inefficient economies with market distortions
(Pack and Saggi, 2006). Baqgaee and Farhi (2019b), Liu (2019), and Bigio and
La’0O (2020) model inefficient economies incorporating some form of distor-
tions or wedges. The framework proposed by Baqaee and Farhi (2019b) aims
to analyze aggregate productivity and distortion wedge (such as markups,
taxes, etc.) shocks in a general economy. This framework decomposes the
shocks into a pure technology effect and an allocative efficiency effect. Their

key insight is that the allocative efficiency effect—arising from the reallo-
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cation of resources—can be as important as the pure technology effect in
driving productivity changes. Bigio and La’O (2020) demonstrates how an
economy’s production structure affects its response to micro-level distortions,
using a static, multi-sector framework. Dhyne et al. (2022) develop a model
where firms charge buyer—supplier-specific markups that depend on the bilat-
eral input shares and find that markup dispersion across buyer firms creates
remarkable welfare loss.

The above studies guide policy targeting such as firms or sectors where

correcting distortions yields larger efficiency gains.

3. Production Network Formation: An emerging area in production
network theory concerns the endogeneity of network structure—how firms
form and adjust their linkages based on strategic and technological consid-
erations. Carvalho and Voigtlander (2014), Oberfield (2018), Acemoglu and
Azar (2020), and Taschereau-Dumouchel (2022) are examples of production
network formation models in which productive units search and make deci-
sions on their supplier linkages. The existing production networks have a
remarkable impact on the diffusion of inputs, analogous to social network
formation models (Jackson and Rogers, 2007; Carvalho and Voigtldnder,
2014). Firms search for potentially useful inputs from the upstream firms
of their current suppliers. Firms’ input combinations determine their pro-
duction technologies (Acemoglu and Azar, 2020). Firms’ input choices de-
termine both individual productivity and, in turn, aggregate productivity
through the economy’s equilibrium input-output structure (Oberfield, 2018).
There are also complementarities between firms’ decisions, leading to produc-
tion being organized in tightly connected clusters. These complementarities
in firms’ decisions cause cascades in firm failures (Taschereau-Dumouchel,
2022). Firms’ decisions affect production network structures as well as levels
and volatility of macroeconomic aggregates (Kopytov et al., 2024). Baqaee

and Farhi (2024) define the presence and strength of input-output links by
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minimizing cost subject to a smooth production technology. They provide a
flexible toolbox to analyze how input-output linkages, domestic complemen-
tarities, limited factor mobility, and nominal rigidities can amplify welfare
losses from trade disruptions. Production network formation models are also
used in the context of open economies where firms endogenously and dy-
namically search for new foreign markets and trade partners (Chaney, 2014;
Lim, 2017; Dhyne et al., 2021). All these research on how production net-
works are formed by firm decisions have potential to guide industrial policies

considering the network formation effects.

4.2.2 Theoretical Foundations and Practical Consider-

ations.

Before proceeding to how networks can guide industrial policies, we discuss
industrial policies theoretically and practically. Since the 2008 financial cri-
sis and the pandemics, numerous economies initiated substantial industrial
programs, including the United States "CHIPS Act," the European Union’s
"Green Deal," and China’s "Made in China 2025" (UNIDO, 2024). These
programs exemplify the scale of contemporary industrial policies that are
mainly designed considering supply chain disruptions.

As industrial policy gains popularity, there is a growing need for more
productive discussions on industrial policy, noting the diverse motivations be-
hind its implementation in different economies (Chang and Andreoni, 2020).
While developing economies utilize industrial policies as a means to bypass
poverty and the middle-income trap, developed countries implement them
to address productivity slowdowns, regional inequalities, and climate change
(Lee, 2013; Lebdioui, 2020). Juhasz et al. (2024) summarize the rationales

behind the industrial policy in 3 main categories:

1. Market failures: Any economic activity may produce positive or nega-

tive externalities that affect different groups rather than the economic agent
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carrying out that activity. Learning externalities —such as gains from R&D,
experience, and inter-firm spillovers— are among the most cited market fail-
ures justifying industrial policy. The future capabilities are built upon, re-
fined, and modified existing ones at the national level (Hausmann and Ro-
drik, 2003; Hidalgo and Hausmann, 2009; Cimoli and Dosi, 2016). Therefore,
industrial policies should consider path dependencies in the learning process.

National security externalities, such as dependence on foreign inputs and
the need for domestic production, are broadly recognized by policymakers
(The White House, 2025). Green industrial policies incorporating climate
change mitigation strategies appear within the broader objective of social

welfare policies (Tagliapietra, 2022).

2. Coordination (or agglomeration) failures refer to situations in
which the individual profitability of a producer may be possible with the ap-
pearance of related economic activities undertaken by others. Two economic
activities are considered related if they complement each other in the final
consumption by households or in firms’ production processes. The fundamen-
tal coordination issue is the matching between the decentralized behaviors
of economic agents (Cimoli and Dosi, 2016). For instance, a well-functioning
charging infrastructure is crucial for the development of the electric vehicle

market.

3. The provision of activity-specific public inputs: Each industrial
structure requires corresponding infrastructure to facilitate its operations
and transactions (Lin, 2010). Production by private companies frequently
depends on public goods, including tangible (hard) infrastructure such as
transportation and communication systems, as well as intangible (soft) in-
frastructure such as institutions, regulations, social capital, value systems,
and various social and economic arrangements. Policymakers prioritize some
private sector entities in allocating investments in public goods based on the

type and location.
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Criticisms and Political Economy Challenges

The critique of industrial policy is based on the lack of information that
policymakers need to select which sectors, regions, or economic activities to
target for intervention. The question is: what criteria should be followed to
choose the right target group, considering externalities that require coordina-
tion or public input? Policymakers should manage conflicts between target
groups that may appear by intervention (Chang and Andreoni, 2020). Poli-
tics may influence policymakers’ target-group choices, leading to inefficiencies
from resource misallocation and rent-seeking (Rodrik, 2009). For example,
governments are more likely to use industrial policies in countries with up-
coming elections (Evenett et al., 2024). That suggests that governments seek
to poll from industrial policy target groups.

The boosters of industrial policy agree with this criticism that politics
may cause the misallocation of resources and rent-seeking and highlight
that governments need to strengthen their institutional capabilities (Rodrik,
2004). High-income countries made some progress in developing the fiscal and
administrative capacity to design modern industrial policies; however, lower-
income countries still need to develop industrial policy capabilities (Juhasz
et al., 2023). Developing countries should overcome limited financial and in-
stitutional capacities and need innovative strategies to boost industrialization
(Santiago et al., 2024).

Instruments of industrial policy

Industrial policy includes various instruments, such as tax incentives, subsi-
dies, social security relief, financial grants, loans, government venture cap-
ital, government guarantees, and public procurement schemes. It also in-
cludes regulatory and institutional mechanisms such as intellectual property
rights regimes and international trade measures, including tariffs and ex-
port restrictions. In addition to these tools, policymakers may coordinate

by providing forward-looking guidance or shaping expectations to influence
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individual decision-making under uncertainty.

Trade protectionism that supports domestic infant industries is one of
the most common examples of industrial policy measures widely applied and
discussed in the literature (Chang, 2002; Mazzucato, 2018). Domestic pro-
ducers in infant industries -where established foreign competitors operate-
may have higher production costs than foreign competitors. Therefore, it
may be a good strategy for policymakers to protect those domestic producers
until they gain efficiency through a learning process (Bardhan, 1971; Succar,
1987).

Modern industrial policies primarily focus on outward orientation and
promoting exports (Juhdasz et al., 2024). For instance, resource-based sectors
— those that have been the engines of growth in Malaysia and Chile —
achieved sustained growth through specific industrial policy measures, such
as R&D support, fiscal incentives, export assistance, and quality control
(Lebdioui et al., 2021). While Rodrik (2004) advocate strategic collaboration
between private sector entities and governments, Aghion et al. (2015) argue
that tax holidays or other tax subsidies as more efficient tools in enhancing

innovation and competition in targeted sectors by attracting new firms.

New trends in evaluating industrial policy efficiency and network

theory

The literature moves toward micro-level analysis of industrial policies, en-
abling us to detect heterogeneity in firm responses (Juhasz et al., 2024). Ad-
ditionally, the diverse characteristics of firms—such as age, size, and levels of
physical and human capital—can influence the success of industrial policies
(Criscuolo et al., 2022). Specifically, the effects of place-based policies on
firms’ output growth, employment, investment, or productivity tend to be
heterogeneous across firms and over time (Millot and Rawdanowicz, 2024).
Empirical research on the evaluation of industrial policies uses mainly causal

econometric analysis (Criscuolo et al., 2019). However, the causal analy-
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ses may not account for spillover effects from policies or their heterogeneous
impacts unless anticipated by researchers. There is a growing body of lit-

" which aims to capture spatial spillover

erature on "spatial causal analysis,'
effects, meaning that untreated neighbor units may be indirectly affected by
the treatment (Akbari et al., 2023; Kolak and Anselin, 2020). However, this
literature mainly focuses on the geographical neighborhood of productive
units.

Network theory provides a fresh perspective on studying the spillover ef-
fects of industrial policy. It investigates how the impacts of industrial policies
spread from targeted units to non-targeted ones, using various definitions of
neighborhood between them (i.e., input-output relationships, collaboration
in R&D projects, and patent citations) (Konig et al., 2019; Liu and Ma,
2021).

Industrial policies influence the allocation and accumulation of resources,
as well as the choice of technologies (Noman and Stiglitz, 2016). Lane (2024)
find that industrial policies benefit the output and productivity of targeted
sectors and indirectly benefit downstream users of targeted intermediates
using the input-output network in South Korea. Liu and Tsyvinski (2024)
model shock propagation through input-output networks and analyze its wel-
fare consequences.

Liu (2019) propose that the measure of distortion centrality - capturing
how a sector and its direct or indirect downstream sectors are distorted-
may be a useful indicator in the determination of target sectors. Grassi and
Sauvagnat (2019) provide a framework for combining input-output table data
and insights from the theory of production networks in order to inform pol-
icy. Georgieva (2025) study empirically the model of Liu (2019). They find
that industrial policies target the most central sectors in Asia and emerging
economies, while less central sectors are targeted in Europe and advanced
economies.

Building on the insights from the production network and industrial pol-
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icy literatures, this chapter develops a theoretical model to study how tax-
based industrial policies—specifically tax exemptions on intermediate input
purchases—affect firm-level input use decisions and, in turn, the evolution
of production networks. While a central strand of the literature focuses on
the propagation of shocks and/or the distortional effects of market imperfec-
tions, limited research explicitly examines how industrial policy implications
shape patterns of production network formation. The model captures how
industrial policy not only influences micro-level efficiency but also reshapes

the structure of production networks and, in turn, macroeconomic outcomes.

4.3 Model

In this section, we define a general equilibrium economy that incorporates
production networks and a policymaker. Later, we will define a simple net-
work formation model in which firms’ input use decisions determine their
production cost and technology. The policymaker may influence firms’ de-
cisions to use a specific automation input by offering tax exemptions to a

targeted group of firms.

4.3.1 The General Equilibrium Economy
Production Function and Utility Preferences

The economy is characterized by a set of firms represented by the set N; =
{1,2,...,n;} and a representative household at each period t. Each firm

produces a horizontally differentiated single product.

Consumer: The representative household supplies one unit of labor and

has logarithmic preferences on n; different products that are consumed equally:

1
U(Cm Coty vy Oy, Rt) = Z _lOg(ntCit) + XZOQ(Rt)7 (4-1>

‘ ny
i€ N
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where Cj; is the consumption level of the product i. xlog(R;) states the
utility from the provision of public goods, which is an increasing function of

policymaker revenue R;.

Producers: Firms have Cobb-Douglas form production functions with con-

stant returns to scale such that

Vi = Aa(Zu)GuLa™ [ X557, (4.2)

JE€Zit

where Yj; is the level of output of firm ¢« € N,. L; is the amount of labor
and Xjj; is the amount of input j used in production of the firm i. o =
Lt Xijt
Lit+2 ke n, Xikt Lit+2 ken, Xikt
J in the production cost of firm i. Z;; = {j ‘ w;;e > 0} is the set of inputs of

is the labor share and w;j; = is the share of input
firm ¢ supplied by the other firms. W; is the production network such that
its entries are w;j at time t. Note that Zje 2, Wit <1 for all firms ¢ € N,.
This statement implies that the labor share of firm i is always greater than
zero, o > 0. The productivity A;(Z;) is a function of the input set of the

. —Q; —W;iq . . .
firm i, Zi. Gt = ;™" [l ez, wie ** is a normalization factor.

Policymaker: We incorporate a policymaker into the model that designs
an indirect tax scheme E; for the input purchases such that the entries of
the tax schema F} are e;;; - the tax rates for input purchase of firm ¢ from
firm 5. A firm ¢ has a vector of tax rates for each input j € N;; e; =
{ei1t, .-, €ine - The policymaker has a total revenue that is collected from

firm-to-firm transactions:

R, = Z Z eijtpthijt- (4-3)

1ENy JEZ;t

Note that there is no tax on final consumption. Total revenue R; is completely

spent to cover the cost of public goods.
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Definition of equilibrium

At each period t, there is a fixed set of firms N;. Each firm has a fixed set of
inputs Z;;. Under this setting, firms minimize their production cost, and the
household maximizes its utility. The competitive equilibrium of the economy

is determined as follows.

Definition 2. At each period t, the economy has a competitive equilibrium
that is denoted as a combination of equilibrium levels of the household con-
sumption C*, the use of labor L*, and intermediary inputs X* by the firms,
prices P*, and output Y* such that.

1. The consumption plan C* is a solution to the following utility

mazximization problem of the representative household:

max  U(Cy, Co, .., Cpt, By)

t

s.t. Z PyCy <1,

1EN

where Cy = {Ci}ien, -
2. Firms has the unit cost function K;,(Zy, Aiw(Zy), P) defined by the

solution of the following cost-minimaization problem:

min Ly + Z Xije P (1 + €ij¢)

Lit’ it jGZit

Wijt
s.t. zt zt Czt Zt || X@Jt -

]EZ'Lt

We assume that firms operate in a contestable market structure, implying the

price of each firm is equal to its production cost:

P;; = Ki(Zit7 Ait(Zit)7 Pt*)
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3. The market-clearing conditions hold:

In equilibrium,
> Li=1
iEN
and for each i € Ny ,
Yo=Ci+ > Xj
JEN
After solving the utility maximization problem, we obtain the optimal
consumption level of any product ¢ € N; by the representative household:
Ch = m%. We obtain the conditional labor and input demands by solv-
it
ing the cost minimization problem and substituting those in the production

function of each firm 7 € N;:

it [Trez, (Pre(1+ eire)) ™

L, =
' Alt(ZZ ) )
Xr = Wit erzit (Pl:t<1 + eikt))wikt
ijt Ait(Zit) P (1 + e4jt)

We assume the labor wage is 1. We obtain the cost function K;(Z;;, Ait(Zit), PY)
by substituting the conditional labor and input demands in the objective
function of the cost minimization problem:

[z, (Ph(1+ei))

Ki(Ziy, Ai(Zi), P) = A7) . (4.4)

The contestable market assumption enables us to derive log-prices from the

unit cost function above:

Pir = Z wijipye + Z wijelog(1 + eijt) — ai,

J€Zit J€Zit

where pj, is logarithm of the equilibrium price of the product i € V,.
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Proposition 5. After rearranging the system of equilibrium price levels for

all firms, we obtain
pr=-[I- Wt]il(at(zt) - T), (4.5)

where pf is the vector of the log prices, W is the matrix representing the pro-
duction network with w;j, as its ij-th entry. a,(Z;) is the vector of log produc-
tivities. Ty 1s an ny X 1 vector: The i-th entry is 7;,; = Zjezit wijilog(1 + e;5)

that combine the weights from the production network and tax wedges.

The equation 4.5 emphasizes that prices are determined by firms’ input-
output linkages, productivity levels, and the tax schema designed by the
policymaker.

In our setting, the nominal GDP is the total consumption of the repre-
sentative household and the government spending, which equals to the total
revenue of the policymaker R;. The consumption level is equal to the labor
income: ).\ P;Ch = 1. The total utility of the representative household
from the consumption and the provision of the public goods is the real GDP.
After substituting the optimal consumption level of any product ¢« € Ny, C},
into the logarithmic utility function, we get the equilibrium log-real GDP:

Proposition 6. The equilibrium log-real GDP in this economy is

6 = 1= W ((Z) — T + vlog(Ry), (4.6)

Uz
where 1 is the ny x 1 vector of ones.

The equation 4.6 emphasizes that the equilibrium log-real GDP is a func-
tion of production network structure, firm-level productivity, tax wedges,
and utility from public good provisions. The effect and propagation of pro-

ductivity shocks on the real GDP are often analyzed through the structure

95



of production networks. The structure determines how variations in produc-
tion costs and prices propagate through the economy. Analysis of tax schema
design represents a promising area of growth research, offering different per-
spectives on the formation of production networks and industrial policy. The
tax schema, F;, directly affects the economy through production costs and
the provision of utility from public goods. Further, it may influence firms’
input use decisions by prompting them to adjust their intermediary input
weights and labor share out of equilibrium.

In the next part, we discuss the potential network formation effects of
altering the tax schema. We bring together the researches of Liu (2019),
Baqaee and Farhi (2019b), Bigio and La’O (2020), and Acemoglu and Azar
(2020) to develop an endogenous production network formation model with

industrial policy implications.

4.3.2 Production Network Evolution

The general equilibrium economy defined above has two key fundamentals:
(i) The productivity levels of firms depend on their input combinations which
are denoted as Z;; = {j ‘ w;jr > 0}, where w;;; represents the cost share of
input j used by firm ¢ at time ¢. (ii) The production network structure,
represented by the matrix W, = [w;;], along with firm-level productivity
and tax wedges, jointly determine equilibrium prices and real GDP.

In this section, we present a network formation model in which firms seek
to increase the use of a specific automation input &, which substitutes for a
proportion of labor used in production. This process alters both the firms’
productivity levels and the overall structure of the production network over
time. Firms’ decisions are driven by the flow of technological efficiency and

the relative price of the automation input.

Input share adjustment process: In our model, each firm i € N, eval-

uates the marginal benefit of substituting a fraction of its labor use L; 1
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for the automation input k£ at time ¢. Firm ¢ considers replace the fraction
sit € (0,1) of its labor use Ly 1 by input k, leading to potential shares of

input k£ and labor for firm ¢ at time ¢:
Wikt = Wike—1 + St and  ag = (1 — s53¢) 1.

The shares of other inputs remain unchanged to maintain tractability and
preserve the relative composition of other inputs: w;;; = w;;;—1 for all j €

Zir—1 \ {k}. The potential cost shares satisfy the accounting identity:

Qi + Z Wijy + Wi = 1.
J€Zit—1\{k}

Input set and cost minimization: Given the adjusted automation share

sy and the current period’s input shares, {w;ji—1}jez firm ¢ evaluates

-1
whether to increase the weight of input k to w;;. Let’s define the candidate
input combination as Zt = {Zy 1 U{k} ’ Wike = Wiz p: 1f the input k is
already used by firm i (k € Z;;_1), this represents a reallocation rather than
an expansion of the input set. If k£ ¢ Z;;_; , the inclusion of k is a switching
decision. Firm ¢ compares unit costs before and after the adjustment using
the unit cost function:
ez, (Phoa(1+ei0)™"

Ki(Zit, Ai(Zi), Pi—y) = Ai(Zy) ’

where: P, is the equilibrium price of input j at time ¢ — 1, e;5; is the tax
rate on the firm 4’s purchase from the firm j. A;(Z;) is the productivity
level associated with the input set Z;;. The evaluation of the unit cost is
based on the equilibrium price levels of the previous period and the tax
rates of the current period. Firm i accepts the candidate input set Zg if the

productivity gain from increasing the use of automation outweighs the cost
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increase determined by the automation input’s price and tax wedge:

— . Az(Zz/t(-S\zt)) Sit it —1
e — T A LA Py (1 ; R 4.
Wikt = Wikt 1 4(Zir) > ( i1 ( +€zk:t)) (4.7)

This condition ensures that the productivity improvement from reallocating
labor to the automation input k& exceeds the proportional increase in unit
cost.

The evolution of the weighted production network W; = [w;;;] over time is
governed by firm-level adjustments. For each firm ¢, the input shares evolve

according to:

Wijt—1 + SiQuis—1, j =k and AilZin(sir)) > (PI:t—l(l + eikt))s"taitfl

Ai(Zit—1)
Wijt = § Wije—1, J € Zi—1 \ {k}
0, J & Ziy1 U{k}

with the labor share a;; ensuring that:
Qi + Z w;je = 1.
JE€Zit

Thus, the production network W; evolves endogenously as firms adjust their
input allocations based on relative prices, tax wedges, and productivity gains

from automation.

4.3.3 Using Tax Exemptions as a Tool for Fostering Au-
tomation

The decision regarding the use of an automation input is fundamentally

driven by the firm’s evaluation of the trade-off between its cost and the

potential productivity gains from the update of its weight in the production

process. Notably, the decision is based on the cost of the input k& - deter-
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mined by its previous period equilibrium price P}, ; and the current tax rate
eirt-, and the firm’s own (private) assessment of productivity improvements.
Tax rates are controllable industrial policy tools by the policymaker that
may influence firms’ input use decision processes. Governments frequently
use tax exemptions to enhance innovation in R&D conducting firms. For
example, the United States offers a sales and use tax exemption for manufac-
turers investing in qualifying machinery and equipment used in production or
R&D activities (Department of Revenue Washington State, 2024). Similarly,
Turkey provides VAT exemptions on R&D conducting firms’ machinery and
equipment purchases through its Technology Development Zones (TDZs).
These incentives reduce the cost of technology adoption for target firms,
thereby increasing their likelihood of adopting new, productivity-enhancing
inputs into their production processes. In our framework, this corresponds
to a lower effective tax rate e;;; on input purchases for targeted firms.
Identifying the potential impacts of these policies is challenging because
tax exemptions can be transmitted through multiple channels to aggregated
economies. To clarify the effect of tax policies on aggregated outcomes, we

analyze the equilibrium real GDP:

1
gt = n—llﬁt(at(Zt) — Tt) + XlOg(Rt),
t
where £; = [I — W,]7! is the Leontief inverse whose ij’th element shows
the influence of firm j on firm ¢ as a direct and/or an indirect supplier. Its
aggregation by final consumption shares of firms gives an influence vector for

the firms within the economy: V; = n%l’ﬁt.

Decomposition of the Effects of Tax-exemption Policies:

1. Direct effects - variations in production cost and policymaker
revenue: Changes in tax rates directly influence the equilibrium real GDP

through two main channels: (i) variations in production costs due to tax
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wedges (7;), and (ii) changes in government revenue (R;), which influence
household utility from public goods provision (xlog(R;)).

If the policymaker exempts certain firms from input taxes, their unit costs
decrease, which in turn leads to lower prices. The lower prices propagate
downstream for the given influence vector V;. Furthermore, such exemptions
also impact government tax revenue (R;). Because those firms do not pay
any tax on their input purchases, the revenue decreases. Decreasing revenue
also reduces the household’s utility by lowering the resources available for
public goods spending. The parameter x determines the magnitude of the

negative influence of tax exemptions.

2. Indirect effects - production network formation dynamics: The
second mechanism of transmission of tax exemptions to aggregated outcomes
is shifts in the evolution of production networks. Tax-exemption increases
the probability of automation through the use of more input k£ as defined in
the condition 4.7. As firms use more input k, this causes a change in the
evolution pattern of the weight matrix W;. The weight matrix influences the

productivity levels and the Leontief inverse:

(2a) The productivity levels: As explained earlier, a firm’s productiv-
ity depends on its use of intermediary inputs. Therefore, shifts in network
formation patterns influence firms’ productivity levels. Let us assume a spa-
tial auto-regressive linear relationship between a firm’s productivity and the
productivity levels of its suppliers. This functional relationship captures the

spillover effects in production networks. Formally, we define:

ait(Wije, aje 2 J € Zig) = Ao+ M Z WijtAjt, (4.8)

J€Zit

where the log-productivity of firm i, a;; = log (A;(Z)), is a linear function

of the productivity levels of its input suppliers. Aq is the constant tech-
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nology parameter, and A; is the parameter that captures the strength of
technological dependence among firms in the production network. Spillover
effects imply that firms enhance their productivity by sourcing inputs from
more productive suppliers. This linear formulation leads to the productivity

vector:

a; = [T — MW 1), (4.9)

where 1 is the n; x 1 vector of ones. The above formula indicates that a change
in a firm’s input use weights affects both its own productivity and that of its
downstream customers. Consequently, the vector of log-productivity levels
ai(Zy) evolves with the structure of the production network, and productivity
spillovers from automation propagate through downstream linkages.
Notably, the productivity gains from automation are known only to in-
dividual firms and cannot be fully anticipated or observed by policymakers.
Therefore, policymakers cannot design a tax-exemption policy that ensures
firms will adjust their input use accordingly. Considering the infeasibility
of predicting firms’ input use decisions, policymakers can design tax policies
that systematically influence the broader structure of the production network

by shifting cost-benefit calculations in favor of automation.

(2b) The Temporal Leontief inverse: Lastly, tax exemptions may alter
the equilibrium real GDP through the variations in firms’ influence within
the production network defined through the Leontief inverse. As the pro-
duction network evolves, the influence between pairs of firms also evolves.
To understand the effect of production network formation on firms’ influ-
ence within the network, we draw on the literature on the Temporal Leontief
Inverse, which examines how changes in input-output relationships between
firms/sectors affect the overall state of the economy (Sonis and Hewings,
1998; Okuyama et al., 2006; Avelino et al., 2021). Temporal Leontief inverse
formulation enables us to trace the impact of production network evolution

on aggregated outcomes.

101



Let’s say the production network denoted as W; at period ¢ is resulted
from a change in W,_; by KZ’“‘ that is a n; X n; matrix whose 7k’th element
is the change in the weight of input k in production of firm ¢ wir; — Wike—1

and other elements are zero:
Wy =W, + K*.
So, the Leontief inverse can be written as
L=~ Wi+ KM

or

,Ct - [I - ,Ct_thik]_lﬁt_l.

M, = [I— L, K*]7! is called as left Leontief inverse multiplier as defined in
Sonis and Hewings (1998). It denotes the change in influences of each firms
on other firms as direct and/or indirect suppliers due to K*. We can also

decompose the change in Leontief inverse additively:
Et - Et—l + [Mt - I]Et_l.

The second term in the above expression is called a Temporal Increment
Matrix, which also captures the Leontief inverse changes.

The change in the Leontief inverse triggered by a tax exemption policy
influences spillover effects in the economy. How variations in the productivity
levels a; or tax wedges T; spillover through the economy depends on how the

Leontief inverse evolves with the tax exemption policies.

Policy Design and Targeting Scenarios

Let us consider a case in which a policymaker aims to achieve the replacement
of s share of labor use to be replaced by the automation input £ by all

the firms. As all firms adjust their automation input use, the policymaker
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stops considering tax-exemption implications. In designing tax-exemption
policy, the policymaker has information on the equilibrium input prices in
the previous period. However, it is difficult to know how productivity levels
exactly change with automation. Thus, the policymaker can not certainly
determine a threshold at which firms’ input use decisions may be altered
through tax exemptions. Hypothetically, we define the condition of adjusting
the use of input k£ for firm ¢ for a given productivity function as defined in

the equation 4.8 through the input use adjustment condition 4.7:

AM@gi—1
Pre—1 + log(1 + epy)

> 1. (4.10)

This ratio serves as an indicator of the feasibility of increasing the weight of
automation input k£ in production. As this ratio is below one, no firm adjusts
the use of automation input.

However, this ratio can be altered for specific firms by adjusting tax
rates for their input purchases (e;). For the policymaker, it is costly to
exempt all firms from their tax payments to achieve complete automation by
all firms. Therefore, the policymaker should prioritize some firms to adjust
their use of automation input. As prioritized firms automate over time, the
productivity and price levels within the economy change. That may make
the automation feasible for all firms at some point with decreasing price and
increasing productivity of the automation input due to spillover effects. Let
us consider different scenarios in which the policymaker targets a group of
firms for tax exemption policies for their input purchases. The determination
of target groups is a question that is difficult to answer, considering one
factor. In general policy implications, target groups are determined based on
sectors, regions, or types of firms, such as young, small or R&D conducting
firms. In this chapter, we will analyze network-informed targeting scenarios
that focus on firms with strong propagation potential—which may lead to

shorter time to reach complete automation.
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Our base Scenario A (No Intervention) represents the case that the
policymaker does not impose any tax exemptions, and the production

network evolves with the ordinary decisions of firms.

The Scenario B (Random Targeting) represents the case that the
policymaker randomly targets a group of firms to be exempted from

tax payments.

In Scenario C (Static Centrality Targeting - High Centrality):
The policymaker gives tax exemptions to firms with the strongest influ-
ence in the production network. The influence vector of the economy
isV, = nitl’ L;. This vector implies the importance of each firm as a

supplier within the production network.

In Scenario D (Static Centrality Targeting - Low Centrality):
The policymaker gives tax exemptions to firms with the least influence

in the production network.

In Scenario E (Temporal Centrality Targeting): The policymaker
targets the firms with the highest potential to increase their influence
with the update of their input use: We create an index for potential
change in influence of firms by using the Temporal Leontief Inverse

multiplier matrix for the supply set update of each of the firms:

— For each firm i, compute the potential change in the influence

vector, assuming that they adopt the innovative input k:

A‘/;zk — _1/Mt7,k

Uz
where M* = [I—L; 1 K*]71L£;_, is the Temporal Leontief Inverse
multiplier if only firm 7 extend its input use with input k.
— AV;* is a vector of potential change in influences of all firms with

firm ¢’s expansion of use of input k.
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— The i’th element of AV,* is the potential change in influence of

firm ¢ by its decision in favor of automation.

— Target the firms with the highest potential increase in their influ-

ence by input use decision.

Our approach to designing industrial policy takes into account the impact
of network formation. We leverage the structure of production networks in
our policy design by considering both propagation and network formation
effects. The next section presents a simulation setup to analyze effects of tax

exemption policies.

4.4 Simulation Results

This section demonstrates the varying production network formation effect
of tax-based industrial policies across the different targeting approaches. We
simulate five scenarios using "The Use Table (Supply-Use Framework), 2017"
from the Bureau of Economic Analysis (BEA), focused on 6-digit U.S. man-
ufacturing industries. Because our data are at the industry level, we treat
industries as the target productive units. We construct a 231 x 231 matrix
representing industry-level input use, with each industry able to endoge-
nously adopt inputs from the "Relay and Industrial Control Manufacturing"
industry, which serves as a stylized automation-enhancing input supplier.
We run 1000 Monte Carlo Simulations for random Labor-Substitution
Shares, denoted as s € (0,0.5), to capture the uncertainty in the propor-
tion of labor that can be substituted with the automation input. Further,
we analyze in detail the variations in productivity and price levels of the
automation input for a given labor substitution rate, s = 0.25. In reality,
this value depends on technological characteristic of the automation input
and the industries’ capabilities. However, we assume labor-substitution rate
is identical for all industries and given. The purpose of this chapter is to

show the production network formation effect of tax exemption policies: In
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all scenarios except Scenario A, one industry is exempt from taxes on its

input purchases for just one period.

4.4.1 Simulation Setup

The simulation proceeds in the following steps for random Labor-Substitution
Shares - s € (0,0.5):

1.

6.

Construct the input use matrix A, = [A;;;] capturing the value of trans-

actions between supplier (columns) and buyer (rows) industries.!

Construct the labor compensation vector L; representing total labor

payments for each industry.
Compute labor share «y; for each industry 7 as:

Ly
Lit + Y pmen, Aim

Qp =

which is the share of labor compensation to total production cost.

Construct the input weight matrix W;, where the w;j; represents the

share of industry j in industry ¢’s production cost:

Ajje
Lit + 3 men, Aim

Wit =

. Assume the productivity function parameters A\g = 0.1 and \; = 0.5,

and compute productivity vector a, as:

ar = [I — )\1Wt]_11)\0.

Compute equilibrium prices p; and log real GDP g (Assume the pa-
rameter x = 0.2).

"'We assume there is no self-loop in the production network.
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7. Set a tax schema FE;: the input transaction tax rate e;; = 0.2 is unform

for all industry pairs (4,7) C V.

8. Adjust the tax schema if there is a target industry that will be exempted

from tax payments, considering the policy regimes:

e Scenario A (No Intervention).

(
e Scenario B (Random Targeting).
e Scenario C (High Centrality Targeting).
e Scenario D (Low Centrality Targeting).
e Scenario E (Temporal Centrality Targeting).
9. Determine the industries replacing s; share of labor use with the automation-

enhancing industry inputs by considering the feasibility condition 4.7.

10. Identify industries that will continue to pursue automation, excluding

those already automated.

11. The simulation iterates until either all industries automate or no further

automation occurs.

4.4.2 Results and Interpretation

Figure 4.1 illustrates the distributions of productivity and price levels for
both the initial production network and the hypothetical production network
in which all industries substitute 25% of their labor with automation inputs
from the “Relay and Industrial Control Manufacturing” industry (complete

automation).
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Figure 4.1: Productivity and price distributions initially and after all indus-
tries substitute 25% of their labor with the automation input

The hypothetical production network with complete automation provides
a valuable reference point (Complete automation states that wg > 0 for all
i € Ny;). When all industries automate, the average log-productivity rises
by one basis point (from 0.1445 to 0.1546). The average log-level price also
decreases from -0.0847 to -0.0880. After complete automation, the centrality
level of the automation input supplier radically rises from 0.0163 to 0.3086.
The log-level real value added increases from 2.6773 to 2.7038.

For given values for the automation input productivity and price levels,
the parameter \; = 0.5 and the tax rate e;; = 0.2 for all ¢ € N;, the

feasibility ratio is
A1kt

Pri—1 + Llog(1 + eixy)

Since the feasibility ratio is less than 1, no industry chooses to adjust its

= (0.7387.

automation input use in scenario (A), where there is no tax exemption policy.
Therefore, we analyze automation patterns in other scenarios in which an
industry is exempt from tax payments at each period.

The automation completion time, which is the number of simulation pe-
riods needed until all industries automate, is the indicator to analyze the

efficiency of target strategies across scenarios. The automation completion
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time varies across scenarios due to the varying spillover effects within the
network. It depends on the targeted industries’ positions in the production
network and on how their automation choices influence downstream indus-
tries. The automation decision made by an industry directly increases its
productivity and reduces its price. The productivity increase and price de-
crease in the adopter industry indirectly influence its downstream industries.
This indirect effect reaches the automation input supplier to some extent.
Therefore, while supporting certain industries may lead to faster automation
across the economy, it may be slower in others due to varying influences on
the price and productivity levels of the automation input supplier. If the
feasibility ratio exceeds one due to increasing productivity and/or decreasing
prices, automation becomes feasible across all industries.

Longer automation completion times require the policymaker to support
more industries through tax exemptions, thereby generating higher fiscal
costs. We define the fiscal cost of tax exemptions as the difference between
the revenue from tax payments for input purchases with and without the

target industry m:

Z Z eijeAije — Z Z eijeAijt,

1€ENL jEZ;it iENt\ijZit

at a period t. This value represents the tax revenue foregone at time ¢ for the
given transaction values. The total value of tax exemptions is the sum of the
value of tax exemptions until all industries automate. Table 4.1 demonstrates

these outcomes across five different policy regimes.
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Table 4.1: Automation completion time and the total value of tax exemptions

Scenario  Automation Completion Time Total Value of Tax-Exemptions

Mean Std. Mean Std.
Scenario A - - - -
Scenario B 86.47 57.03 591.78 395.96
Scenario C  3.30 1.48 16.69 10.09
Scenario D 228.40 0.73 1572.75 4.71
Scenario E 2.87 0.99 13.43 6.37

Scenario-A (No interventions): When there is no policy intervention,
no industry chooses to automate. That highlights the role of policy in shifting

industries’ idiosyncratic cost-benefit trade-off in input adoption processes.

Scenario - B (Random Targeting): Randomly supporting industries
requires 86.47 tax exemption periods on average. This scenario serves as an
unbiased benchmark that reflects the network’s average diffusion capacity.
The total value of tax exemptions provided by the policymaker across the

average 86.47 simulation steps is 591.78.

Scenario - C (High Centrality Targeting): Targeting the most central
industry requires 3.30 exemption periods on average. On average, the total

value of tax exemptions amounts to 16.69.

Scenario - D (Low Centrality Targeting): This is the least efficient
targeting strategy, with 228.40 simulation periods for complete automation.
Peripheral industries have limited propagation effects, so they yield little
spillover toward the rest of the network. The average of the total value of

tax exemptions is 1572.75 across 1000 simulations.

Scenario - E (Temporal Centrality Targeting): This strategy iden-

tifies industries with the highest potential to increase their centrality after
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automation. It is the most efficient, requiring 2,87 exemption periods until
all industries choose to automate. This result suggests that the marginal
change in centrality due to automation, rather than current centrality, may
govern the greater propagation of automation. The average of the total value
of tax exemptions is 13.43 across 1000 simulations.

The table 4.1 helps us understand which policy regime is better for faster
automation across all industries in the economy. Let us analyze how the
feasibility of the automation input and macroeconomic indicators vary across
the policy targeting scenarios (B-E) until all industries automate, for a given
labor-substitution rate s = 0.25. As we mentioned before, all industries
choose to automate if the feasibility condition 4.10 is satisfied. The price
and productivity levels of the automation input, along with the tax rate,

determine this condition.
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Figure 4.2: Evolution of the Productivity Level of the Automation Input
Supplier.

Figure 4.2 demonstrates the evolution of the productivity level of the
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automation input supplier. In all scenarios, the productivity level of the
automation input suppliers increases. That trend stems from the definition
of the productivity function in Equation 4.8. As adopter industries increase
their productivity, their downstream industries also gain productivity. These
spillover effects increase the productivity level of the automation input sup-
plier.

Figure 4.3 demonstrates fluctuating patterns in the automation input
price. The high volatility in prices stems from the implications of tax ex-
emptions for a single period for each target industry. As targeted industries
automate in the current period, they pay taxes in subsequent periods. The
price decrease at each simulation step is corrected. However, it still has a

downward trend.
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Figure 4.3: Evolution of the Price Level of the Automation Input Supplier.

Variations in the productivity and price levels of the automation input
supplier lead to fluctuations in the feasibility ratio (Figure 4.4). As the

feasibility ratio exceeds the threshold value of 1, all industries adjust their
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automation input use, and the policymaker ends the tax-exemption policy.
In 2 simulation steps, all industries adjust their automation input use in
Scenario (C) and (E) when the labor-substitution rate is 25%. As the poli-
cymaker withdraws tax exemptions, prices rise again, leading to a feasibility

ratio below one after all industries automate.
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Figure 4.4: Feasibility ratio for automation

Figure 4.5 demonstrates the fluctuations in real value added until all in-
dustries choose to automate. As we mentioned before, the start and end
period real value added are the same across all scenarios, as all industries
adjust their use of automation inputs. As seen in Figure 4.6, the policy
maker’s revenue is also highly fluctuating because target industries are ex-
empted from tax payments just for one period. However, it increases after all
industries automate, driven by higher purchases from the automation input

supplier.
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Scenarios (C) and (E) outperform the others due to more substantial
spillover effects within the production network. Table 4.1 demonstrates
that targeting industries with high marginal centrality increases potential
(Scenario-E) and results in slightly shorter average automation completion
time across 1000 simulations. This strategy accounts for the industry with
the most remarkable marginal change in centrality triggered by a higher
automation input share. This targeting strategy creates spillovers that ac-
celerate economy-wide transformation while efficiently using fiscal resources.

This basic model helps us understand the effects of tax exemptions on
the formation of production networks. As we mentioned before, those poli-
cies apply to certain R&D-conducting producers for specific periods and to
all machinery and equipment purchases in many countries. In reality, firms
search for multiple alternative technologies from different suppliers and se-
lect an optimal combination of inputs by considering the trade-off between
high production costs and higher productivity from additional inputs. Firms
exempt from tax payments are more flexible in their search for alternative
technologies and in forming supplier links. Our simulation results highlight
the need to study tax exemption policies in greater detail in the context of

production network formation dynamics.

4.5 Conclusion

This chapter explores the intersection of industrial policy and production
network theory. We provide a structured review of recent literature on pro-
duction network theory, which has the potential to enhance the research on
industrial policy. Industrial policy is now being discussed more systemati-
cally, moving away from the previous ideological debates.

Building on the structural review of production networks and industrial
policy, we develop a general equilibrium framework with a production net-

work formation model. In the formation model, firms decide whether to
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replace a proportion of labor with an automation input. The primary goal is
to analyze how industrial policies shape the evolution of production networks
through tax exemptions, drawing on real-world tax relief programs in the US
and Turkey.

The model is simulated using the industry-level Use Table from the Bu-
reau of Economic Analysis (BEA), and industries are therefore treated as the
productive units. We consider five different scenarios: Scenario A - No Inter-
ventions. Scenario B - Random Targeting: a randomly selected industry is
supported by tax-exemptions. Scenario C - High Centrality Targeting: The
industry with the highest centrality is targeted. Scenario D - Low Centrality
Targeting: The industry with the least centrality is targeted. Scenario E
- Temporal Centrality Targeting: The industry with the highest potential
centrality gains from adopting the automation input receives tax exemp-
tions. We run 1000 simulations for random labor-subsitution shares for each
scenario. Our findings show that targeted tax-based industrial policies can
influence overall economic performance by strategically transforming produc-
tion networks. While there are no interventions (Scenario A), no industry
can automate. On the other hand, scenarios including policy interventions
lead to automation across all industries over time. When firms with the high-
est marginal influence potential are exempted from tax payments (Scenario
E), the shortest average automation completion time (the number of periods
until all industries automate) is observed. The variations in automation com-
pletion time across scenarios are explained by differences in the propagation
effects, amplified by strategic targeting.

The network-informed policy targeting strategies are feasible to imple-
ment because they require only input-output tables and firm-level tax records
to approximate potential propagation metrics. Optimizing the timing for
targeting a group of firms may be a valuable area for future research. Addi-
tionally, exploring alternative input search rules, such as inputs that either

substitute for or complement existing intermediary inputs instead of labor,

116



could be a valuable future contribution.
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Appendix A

Appendix to Chapter 3

A.1 Case Study

For clear comprehension of network-based relatedness and Jaccard Distance
metrics, let us consider a basic scenario with 2 final products and their inter-
mediary inputs as represented in Figure A.1. Production plan of the product
Ais 1y ={X,Y, Z,T, Recipe,} and the production plan of the product B is
78 ={X,Y, Z, U, P, Recipeg}. Given these production plans, we analyze dif-

ferent cases regarding the status of firms’ differentiation in supplier linkages.
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Input Z

Figure A.1: Hlustration of two production plans for the final products A and
B.

Case la - Differentiation by production plans: Figure A.2 illustrates
a case in which all firms produce a single product. Intermediary inputs
{X,Y,Z,T,U, P} are supplied by 6 different firms, and products {A, B} are
produced by Firm 1 and Firm 2. Those firms buy each necessary input de-
fined in production plans 74 and 7 from different suppliers. The relatedness
measures 3.1 between those 6 suppliers over their co-occurrence in Firm 1
and Firm 2 supplier sets are demonstrated in Table A.1. Given these relat-
edness measures, Firm 1’s overall supplier set relatedness is 0.175, and Firm
2’s overall supplier set relatedness is 0.1475. Firm 2 is more differentiated
in its supplier set because it uses 2 additional inputs {U, P} while Firm 1
differentiates by using only {T'} as well as their common inputs {X,Y, Z}.
The differentiation between these two producers stems from having different

production plans for A and B.
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Supplier 5
)

Firm 2(B)

Firm 1(A)

Supplier 4
m

Figure A.2: Tllustration of a production network between single-product
firms.

Table A.1: Case la - Relatedness between supplier pairs.

Supplier 1 (X) Supplier 2 (Y) Supplier 3 (Z) Supplier 4 (T) Supplier 5 (U)

Supplier 2 (Y) 0.225

Supplier 3 (Z) 0.225 0.225

Supplier 4 (T) 0.125 0.125 0.125

Supplier 5 (U) 0.100 0.100 0.100 0.000

Supplier 6 (P) 0.100 0.100 0.100 0.000 0.200

Case 1b - Multi-product suppliers: Let us consider a case in two in-
termediary inputs, T and U, are supplied by the same supplier 4 (Supplier
5 is out of the network) as demonstrated in Figure A.3. Firm 1 and Firm
2 still produce products A and B, respectively, with the same production
plans as in case 1. In this case, Firm 2 remains more differentiated: Firm 1’s

overall supplier set relatedness is 0.225, while Firm 2’s is 0.175. Compared
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Table A.2: Case 1b - Relatedness between supplier pairs.

Supplier 1 (X) Supplier 2 (Y) Supplier 3 (Z) Supplier 4 (TU)

Supplier 2 (Y) 0.225

Supplier 3 (Z) 0.225 0.225

Supplier 4 (TU) 0.225 0.225 0.225

Supplier 6 (P) 0.100 0.100 0.100 0.1

with Case la, both firms have more related supplier sets. Production of two
inputs, 7', and U -used in different production plans for A and B-, increases

the overall relatedness of Firm 1 and 2’s supplier sets.

Supplier 1
)

Firm 1(A) Firm 2(8)

Figure A.3: Illustration of a production network including single-product
firms (4 supplier firms and 2 buyer firms) and one multi-product firm (Sup-
plier 4 produces products T and U).

135



Case 2 - Supplier set differentiation by product diversification: Let
us consider a case where firm 1 also started to produce a product C with a
technology 7¢ = {E, F, Recipec}. In this case, there are eight different
inputs produced by 8 different firms (Figure A.4). In this case, the overall
supplier-set relatedness measures for Firm 1 and Firm 2 are 0.12 and 0.135,
respectively. Firm 1’s technology set 77 = {74, 7¢} is extended by product
C. Firm 1’s product diversification decreases the overall relatedness of the

supplier sets of both firms.

Firm 2(B)

Firm 1{AC)

Supplier 7
(E)

Supplier 4
m

Figure A.4: Tllustration of a production network including single-product
firms (8 supplier firms and 1 buyer firm) and one multi-product firm (Firm 1
produces products A and C).

The cases above consider variations in firms’ supplier set differentiation
that may stem from differences in firms’ product-level production plans and
from product diversification leading to technology set diversification. Case

1b highlights that we cannot capture all technology set differentiation among
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Table A.3: Case 2 - Relatedness between supplier pairs.

Supplier 1 (X) Supplier 2 (Y) Supplier 3 (Z) Supplier 4 (T) Supplier 5 (U) Supplier 6 (P) Supplier 7 (E)
Supplier 2 (Y) 0.183
Supplier 3 (Z) 0.183 0.183
Supplier 4 (T) 0.083 0.083 0.083
Supplier 5 (U) 0.100 0.100 0.100 0.000
Supplier 6 (P) 0.100 0.100 0.100 0.000 0.200
Supplier 7 (E) 0.083 0.083 0.083 0.167 0.000 0.000
Supplier 8 (F) 0.083 0.083 0.083 0.167 0.000 0.000 0.167

firms when their suppliers have multiple products. As we indicate in Propo-

sition 3, supplier-set differences imply technology set differences, but firms

may have different technology sets even if they share the same supplier sets.

Therefore, the overall supplier set-relatedness measure cannot fully capture

technology set differentiation across firms. Supplier-set differentiation mea-

sures underestimate technology set differentiation. Even if we cannot fully

account for technology set differentiation across firms with the same supplier

linkages, we can make inferences for those with different supplier linkages.
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