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Abstract

In this paper we replicate most of the stylized facts characterizing the decline in business
dynamism in the USA highlighted by |Akcigit and Ates| (2021)) and provide an explanation of
their emergence by means of a macroeconomic agent-based model populated by two types of
firms: ‘nnovators who generate new and more productive capital goods, and entrepreneurs
who employ labor and capital goods to produce consumption goods. A key ingredient of the
model is the assumption that the entrepreneurs’ access to new and better capital goods depends
on the knowledge gap, i.e., the wedge between the firm’s technical knowledge and the state of
technology embodied in new capital goods. Within this framework, we investigate the obstacles
to knowledge diffusion subsequently leading to declining business dynamism. Our findings
indicate that the dissipation of knowledge leads to high market concentration and markups,
falling labor share and decelerating productivity only when knowledge diffusion decreases both
in technology imitation among innovators and in technology adoption by entrepreneurs. Patents
are an important obstacle to knowledge diffusion. We find an inverse U-shaped relationship
between patent strength and growth: moderate levels of patent protection can stimulate growth,
but strong protection leads to rising market power and slower growth.
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1 Introduction

In Friedrich Hayek’s pre-analytic vision, the diffusion of knowledge plays a key role in economic
decision making. In his influential article “The use of knowledge in society” (1945), he argued
that knowledge is dispersed among countless individuals and can be effectively aggregated and
transmitted only in competitive markets through the price mechanism, resulting in a “spontaneous
order” characterized by the efficient allocation of resourcesﬂ Any attempt to centralize decision
making would prove detrimental, as a central planning authority does not possess the knowledge
required to make optimal economic decisions. Accordingly, he strongly advocated the superiority
of decentralized markets over central planning.

Hayek’s view of dispersed knowledge in market economies rests upon three essential premises:
(1) it is practically impossible for any individual or planning committee to possess comprehensive
knowledge; (2) private economic subjects are self-interested and acquisitive and respond to signals
consistently; (3) markets are Competitiveﬂ While the first two assumptions are broadly in line with
reality, the validity of the third assumption has come under scrutiny in the light of the growing
market concentration observed in contemporary economies in the past four decades. The empirical
literature has emphasized the connection between the increase in market concentration and several
stylized facts related to the decline in business dynamism (relative to the pre-1980 period), including
higher markups, falling labor share, slower capital accumulation and productivity growth, widening
productivity gap between industry leaders and laggards, as well as a shrinking flow of new entrants
and lower dispersion in firm growth rates (Decker et al., [2016; |Syverson, 2019; [Calvino et al., 2020;
De Loecker et al.l [2020; |Akcigit and Ates| [2021)).

In order to explore the mechanisms driving the observed trends, |Akcigit and Ates (2023]) employ
an endogenous growth model augmented with firm dynamics to show that a reduction in knowledge
diffusion accounts for the majority of stylized facts of declining business dynamism. This is a key
insight corroborated by recent empirical evidence. In the last four decades, in fact, technological
knowledge has been increasingly concentrated in a handful of very innovative firms. These firms have
benefited from sizable barriers to the spreading of this knowledge to the rest of the corporate sector,
affecting both the development and adoption of advanced technologies. On the one hand, since the
Bayh-Dole Act of 1980 there has been a considerable increase in US patent applications, many with a
defensive intent, that have erected barriers to protect the top 1% of innovative firms, thus preventing
the spillover of knowledge to other firms (Akcigit and Ates, |2021; Dosi et al., 2023b)E| On the other,

n his view, changes in market prices play the role of signals that allow individuals, who may otherwise lack
knowledge, to update their beliefs about the state of the economy and make informed decisions.

2 As Hayek put it in his [1944] book “The Road to Serfdom”, “The price system will fulfill [its] ... function only
if competition prevails, that is, if the individual producer has to adapt himself to price changes and cannot control
them.”

3More specifically, based on USPTO data, |Akcigit and Ates| (2021) show that since the mid-1980s there has been
a steady surge in the share of reassigned patents held by the largest 1 percent of buyers of patents. Moreover, the
share of applications for patents coming from the top 1 % of firms with the largest patent stocks has substantially



recent survey-based evidence reveals that only a small group of large and highly productive firms

are adopting advanced digital technologies (Zolas et al., 2021; |Acemoglu et al. |2022[)E| Moreover, a

strong correlation emerges between the adoption of advanced digital technologies and the presence
of complementary assets at the adopting firm, such as widespread digital capabilities and a robust
digital infrastructure (Calvino and Fontanelli, |2023; Cirillo et al., [2023). These findings bring to the
fore the crucial role that accumulated technological knowledge plays in facilitating the adoption and
diffusion of cutting-edge technologies (Hottel [2020; [Brynjolfsson et al.l [2021; [Wang et al), [2021) [

In this paper we build on this evidence to explore the causes of declining business dynamism and

its macroeconomic and industrial consequences by means of a macroeconomic agent-based model

(ABM) centered upon knowledge accumulation. The present setting is an extended variant of the

model developed by [Terranova and Turco| (2022)), i.e., a macroeconomic ABM with capital and

credit (along the lines of [Assenza et al.| (2015)) augmented with technical change and knowledge

accumulation. By means of simulation experiments we explore the conditions under which a decline
in knowledge diffusion at the micro level leads to an emergent dynamics of declining business
dynamism at the aggregate level.

In our model technical change originates from capital good producers (innovators) who sell
machine tools to producers of consumption goods (entrepreneurs). Technical progress, therefore,
is embodied in capital goods. Entrepreneurs, however, do not have immediate and uniform access
to innovation. They must accumulate sufficient technical knowledge to incorporate new and more
productive machines into their production process. Entrepreneurs that lack sufficient knowledge
have an incentive to stick to capital goods of lower quality. In other words, the availability of
technical knowledge at the adopting firm acts as a knowledge constraint on technology adoption.
This idea is incorporated in a key feature of the model, the knowledge gap, i.e., the difference
between the technical advancement of the capital good and the technical knowledge accumulated
by the firm. The wider the knowledge gap, the lower the incentive for the firm to access more

advanced machines. We exploit the granularity and flexibility of the AB setting to study in depth

increased, going from 37% in 1980 to 50% in 2012. Further, using patent data on the US pharmaceutical industry,
show that since the 1980s patenting has gone up exponentially, with an increasing relevance of
defensive patents around existing compounds and therapies, as well as new applications of existing molecules and
”me-too” drugs. At the same time, the rate of innovation has slowed down, as shown by the declining pattern of new
patent families vis-a-vis the stock of existing ones, whereas patent family size has significantly increased, signalling
rising patent thickets and higher barriers to imitation. [Krieger et al. (2022) document similar patterns.

4 According to [Acemoglu et al.| (2022} [2023), between 2016 and 2018 adoption rates of advanced technologies in
the US were modest (3.2% for AI, 2% for robotics) and concentrated in large firms. Additionally, they document that
adopters were already large and growing faster before advanced technologies became generally available.
[and Fontanelli| (2023) present comparable findings for OECD countries.

°A few empirical papers document the importance of complementarities between the firms’ technical know-
how and their ability to employ technological innovations (Bresnahan et al. |2002). For instance, in the context
of the Information and Communication Technologies (ICT) revolution, Doms et al| (1997); [Mairesse et al.| (2001);
|Brynjolfsson and Hitt| (2000) show that firms are able to exploit gains from the introduction of new technologies when

they have pre-existing organizational capabilities. Conversely, (2010b) emphasize the negative effects of
adopting ICT without corresponding changes in technical and organizational practices.




the effects of decreasing knowledge diffusion.

We first calibrate the baseline scenario to reproduce the macroeconomic behavior of the US
economy until the 1980s. For obvious reasons, we characterize the baseline as the high knowledge
diffusion scenario. Then, by modifying a set of knowledge-related parameters we construct an
alternative low knowledge diffusion scenario to replicate the stylized facts of declining business
dynamism in the last four decades. Simulation results show that in the case of low knowledge
diffusion the economy exhibits a tendency towards increasing concentration driven by widening
productivity gaps across firms, resulting in an increasing aggregate markup and declining labor share
and GDP growth. If imitation is weak and knowledge constraints are binding, in fact, technological
differences among capital goods will translate into a wider productivity gap between “knowledge
intensive” entrepreneurs (leaders) and entrepreneurs with low accumulated knowledge (laggards)
because only the former are able to adopt better techniques, thus gaining a competitive advantage
over the latter. Consequently, as their market shares increase, the leaders use their enhanced market
power to charge higher markups, generating a shift of income distribution from wages to profit, with
negative effects on demand and growth. Sensitivity analysis leads to the following findings: (i) a
higher knowledge polarization in technology adoption fosters GDP growth by allowing the best
techniques to become dominant only if the knowledge constraints are not too binding, otherwise
it leads to greater concentration and market power; (ii) the decline in business dynamism emerges
only if a reduction in knowledge diffusion affects both imitation among innovators and technology
adoption among entrepreneurs. Our framework thus provides a more sophisticated and nuanced
interpretation of the fundamental drivers behind the phenomenon under investigation.

Finally, to provide a more concrete interpretation of the decline in knowledge diffusion, we
introduce the possibility for capital good producers to patent their innovations and analyze the
effects of different patent regimes on competition and growth. A patent regime is characterized by
a certain length, i.e., duration of the patent, and breadth, i.e., dimension of the protected area. We
model patents so as to capture the different effects on firms’ behavior documented in the literature:
(i) protection effect, that inhibits imitation and blocks innovations falling within the protected
area; (i) disclosure effect that makes it easy to imitate innovations whose patents have expired;
(iii) incentive to patent effect, by which the best technologies in the eyes of innovators are more
likely to be patented; (iv) patent incentive to innovate effect that induces patenting firms to increase
their innovative effort when patenting is deemed more profitable.

We find that patents have ambiguous effects on growth, depending on the strength of the patent
regime and the type of transmission channels under consideration. When the length and breadth of
patents are low (i.e., the patent regime is “weak”), an increase in patent protection has a positive
influence on GDP, especially when the best innovations are more likely to be patented (incentive to
patent effect) and patenting firms are motivated to increase their innovation effort (patent incentive

to innovate effect). However, when patent protection becomes overly strict, the economy experiences



greater concentration and output growth declines.

The paper is organized as follows. After a concise review of the literature (section , we
present the building blocks of the model in section [3] Section [4] presents the findings obtained
through simulations in the absence of patents. We introduce patents and discuss their effects in

section Bl Section [6l concludes.

2 Related literature

This paper contributes to several strands of literature. Firstly, it adds to the ongoing debate on

declining business dynamism (Decker et al) [2016} [Calvino and Criscuolol [2019} |Calvino et al.l

[2020; |Akcigit and Ates| [2021)). This literature offers a comprehensive overview of several long-term
trends observed in advanced economies since the 1980’s: rising market concentration
2019; [Autor et al., 2020), rising markups (De Loecker et al.,2020), falling labor share (Autor et al.|
[2017; [Barkai, [2020), slower capital accumulation and productivity growth (Gutiérrez and Philippon)
2017)), declining flows of new entrants and job re-allocation (Andrews et all, 2015} [Decker et al.
El widening productivity gap between industry leaders and laggards, lower dispersion in firm
growth rates (Decker et all 2016; (Calvino et all 2020). In order to jointly explain these facts,
|Akcigit and Ates) (2021} [2023) propose an endogenous growth model augmented with firm dynamics

and show that a decline in knowledge diffusion can explain most of these stylized factsﬂ While
analytically rigorous and formally elegant, the general equilibrium model they propose is grounded
on rather restrictive assumptions and an overly simplified characterization of the knowledge diffusion
process, captured by one single parameter.

We build on this insight but in a different setting, exploiting the granularity and flexibility
of the agent-based approach to represent a detailed process of knowledge generation and diffu-
sion, grounded on the distinction between producers of new technology (innovators) and adopters
(entrepreneurs). We contribute, therefore, also to the growing body of literature on agent-based
macroeconomics (Delli Gatti et all 2011, 2018; Dawid and Delli Gatti, 2018; Dosi and Roven-|
2019), with a special focus on technical change, growth and inequality (Dawid, 2006} [Russo|

et al| [2007; [Dawid et all 2018} [Caiani et all [2019; [Dosi et all [2021; Bertani et all, [2021} [Fanti]

SFocusing on the dynamics of entry-exit and job reallocation rates across 18 countries and 22 industries over the
last two decades, [Calvino et al(2020) conclude that the decline in business dynamism in OECD originates mainly
from developments occurring at the industry level, within specific 2-digit sectors, rather than from re-allocations
across sectors. There is significant heterogeneity, however, in the magnitude and speed of this decline across countries
and sectors. Telecommunications, IT, Scientific R&D and Media have experienced the sharpest decline, while Food
and Beverage and Textile have been less affected by this phenomenon.

"In |Akcigit and Ates| (2023), two effects are at play: (i) the discouragement effect on the laggards, and (ii) the
escape competition effect on the leaders. The first effect captures the weakening of the laggards’ incentive to catch up
in the more protected environment of the last four decades. The second effect describes the weakening of the leaders’
incentive to innovate to defeat competitors. These effects jointly determine a wider productivity gap between leaders
and laggards, strengthen the market power of the former and lead to higher markups and profit share.




[2021}; [Fierro et al., 2022} [Terranova and Turco, [2022)). In particular, our paper closely aligns with

research that emphasizes the importance of complementary skills and accumulated knowledge in
driving technology adoption and industrial dynamics (Dawid et al.l [2019} [Hotte, 20205 Dosi et al.l

2022).

To the best of our knowledge, no previous work in the ABM field has attempted to jointly explain

the stylized facts of declining business dynamism. However, Mellacher| (2021)) and Dawid and Hepp,

have pursued analogous objectives, investigating the impact of distinct technological regimes
on growth, market concentration and inequality, albeit by means of different modelling approaches.

Lastly, by introducing a patent system and examining its broader macroeconomic implications,
we contribute to the literature on the impact of intellectual property rights (IPR) on innovation and

growth. In spite of a substantial body of theoretical and empirical literature dating back at least to

[Taylor and Silberston| (1973]) that addresses the effects of patent protection, the empirical findings
in this domain are mixed (Cohen, 2010). More recently, Dosi et al. (2023c) have developed an

evolutionary agent-based model of the US pharmaceutical sector to explore the impact of different

configurations of the patent system upon innovation and competition. Their study reveals pre-
dominantly adverse effects stemming from a strong patent system, suggesting that optimal patent
length and scope, if anything, should be set to the minimum levels.

In a parallel vein, in this paper we incorporate the patent regime within a macroeconomic frame-
work, emphasizing two incentive channels (the incentive to patent effect and the patent incentive
to innovate effect). Our analysis unveils more nuanced outcomes, somewhat in line with
land Akcigit| (2012). Specifically, for low values of patent duration and breadth, patent protection

could indeed foster innovation and growth when both incentive channels — i.e., incentive to patent

and patent incentive to innovate — are concurrently operational. However, like [Dosi et al.| (2023c)),

our findings underscore that an excessively stringent patent system is detrimental to GDP growth.
More generally, by investigating the knowledge diffusion process and the patent protection policies,
our study also contributes to the (ABM) literature studying alternative innovation policies and
their potential effects on the economy’s performance in both the short and long-term

a0}

3 Model setup

3.1 Agents and markets

The setup we propose in this paper builds upon the macro agent-based model with capital and
credit developed by |Assenza et al| (2015) (ADG hereafter), then augmented with technical change
and knowledge accumulation by [Terranova and Turco| (2022) (TT hereafter). Agents are grouped in

sectors. The corporate sector consists of Fy, producers of capital goods or “machine tools” (K-goods



for short) and F,. producers of consumption goods (C-goods). Producers of C-goods will be referred
to as C-firms. Analogously producers of K-goods will be referred to as K-firms. C-firms purchase
capital goods from K-firms and sell their output to households.

The TT model introduces technical progress into ADG following the evolutionary approach
pioneered by Dosi et al.| (2010a)). K-firms are at the origin of technical progress as they generate
innovations that are embodied in new and better capital goods. For this reason, K-firms will play
the role of innovators. Each K-firm, therefore, can produce different vintages of capital goods of the
same brand. On the other hand, C-firms introduce technical progress into their production process
through the purchase of new machine tools. For this reason they are the entrepreneurs.

The household sector consists of W workers and F' = F, 4+ F}, firm owners or “capitalists” (one
owner per firm). Households receive income (wages, unemployment benefits and dividends), spend
in consumption goods and save in the form of deposits. Workers can be of two types: production
workers are employed in the production of goods while research workers carry out R&D. For
simplicity, the banking sector consists of only one bank, that collects deposits from households,
extends loans to firms and buys Government bonds. The public sector taxes wages and dividends
and provides unemployment subsidies. Deficits are financed by issuing bonds absorbed by the bank.

In line with TT, quantity and price decisions of C-firms are taken separately, the former based
on expected sales and the latter on market power captured by the change in market share. In ADG
“capital” is a homogeneous input; in TT capital goods are heterogeneous in terms of productivity,
whose improvements depend upon a stochastic innovation/imitation process. K-firms perform R&D
in order to generate new and better machine tools. C-firms perform R&D in order to accumulate
technological knowledge, which enhances their ability to identify and employ new and better machine
tools.

Contrary to TT, we have introduced a few major changes to the model setup coherent with the
focus of the present paper: (i) we have expanded the K-sector, departing from the assumption of
infinitely elastic supply and employing a production function approach akin to the C-sector (see sec-
tion ; (ii) given its marginal role, we have streamlined the representation of the banking sector
(see section; (iii) we have introduced a patent system to enable K-firms to safeguard their inno-
vations against imitation (see section . Furthermore, the model has been entirely re-calibrated to
quantitatively and qualitatively match the stylized facts related to the declining business dynamism
(see validation section [£.1]).

As for the market protocols, workers and firms interact in decentralized labor, credit, consump-
tion, and capital goods markets in line with |Assenza et al.| (2015). The interaction occurs via the
search-and-matching mechanism (Riccetti et al., [2015). The choice of the capital vintage is deter-
mined by a logit model, similarly to Dawid et al.| (2019). Each C-firm chooses from the same set of
machines, but the probability of picking a given vintage crucially depends on the firm’s ability to

exploit the innovations embodied in that vintage, that in turn depends on the firm’s knowledge gap.



This assumption allows to investigate more in-depth the role of C-firms’ accumulated knowledge in

the process of acquisition of heterogeneous capital goods.

3.2

Sequence of events

Over one period of the simulation run, events unfold in the following order:

1.

Planned production and input demand: On the basis of expected sales, firms decide desired
production and labor demand for production workers and research workers. C-firms choose

the utilization rate of the capital stock.

Choice of supplier of K-goods: C-firms select their potential supplier of capital goods on the
basis of the price and the effective productivity of the machine tools. The effective productivity

is firm-specific as it depends on the knowledge gap of the purchasing C-firm.

. Credit market: If planned production costs exceed internal funds, C-firms resort to the bank

asking for a loan.

Labor market: Firms hire and fire production and research workers on the basis of their
labor requirements; employees receive a wage, net of taxes. The unemployed receive an

unemployment subsidy.

. Actual production and price: Firms set production as the minimum between desired (or

planned) and potential output, i.e., output that can be produced on the basis of the availability
of inputs. The firm, in fact, may be unable to achieve the desired scale of production if inputs
and/or funding are insufficient. The price is determined by charging a markup over the unit

labor cost.

. Capital goods market: C-firms willing to expand their capital stock buy machine tools from

the selected supplier. Purchased capital goods are available for the production process of

C-firms starting from the next period.

. R&D expenditure: Both C- and K-firms carry out R&D activity using profits realized in

the previous period. C-firms update their knowledge stock; K-firms perform innovation and

imitation activities to develop more efficient vintages of capital goods.

. Consumption goods market: Having defined their consumption budget, households visit a

given number of firms and choose the supplier after comparing their selling prices.

. Firms’ profits, dividends and net worth: Firms collect revenues and compute profits. They

distribute part of their profits to capitalists as dividends and allocate part of their profits to
the R&D budget that will be invested in the following period. Retained earnings drive the

accumulation of net worth.



10. Tazxes and subsidies: The government collects taxes on wages and dividends and distributes

unemployment benefits to unemployed workers.

11. Entry-exit dynamics: If equity turns negative or liquidity is not sufficient to repay principal
and interest, the firm defaults. Each bankrupt firm is replaced by a new entrant, endowed

with initial equity provided by the owner of the corresponding bankrupt firm.

12. Public sector deficit and bond issuance: To finance outlays in excess of tax revenues, the

Government issues bonds, purchased by the bank. Public debt is updated accordingly.

13. Bank’s profits, dividends and net worth: The bank collects interest payments, records non-
performing loans and computes profits. The bank distributes part of the profits to the bank’s
owners as dividends. Retained earnings drive the accumulation of net worth. If the latter

turns negative, all households participate in the bail-in proportionally to their deposits.

3.3 C-firms

C-firms, indexed with i = 1,2, ...F,, demand labour, machine tools and credit, and supply C-goods
to households.

Planned production The firm sets the desired scale of production Yy on the basis of expected
sales Q%,. In each period t, for the i-th firm, the following identity holds:

Yie + invi—1 = QF + invj (1)

where inwv;;_1 are inventories of unsold goods carried out from the pastﬁ and inv}, are desired
inventoriesﬂ The latter, in turn, are equal to a fraction ¢ € (0,1) of expected sales: inv}, = tQ5,.

Hence planned output is

Yie = Q%(1 + 1) — invig—1. (2)

By assumption, firms are unable to observe actual demand, hence they compute expected sales,

Q%,, by means of a simple adaptive rule based on past forecasting errors with updating coefficient
p € (0,1). In symbols:

Qf = Qi—1 + p(Qit—1 — Qf_1) (3)

8We assume that inventories of unsold goods are storable but they deteriorate at a rate §*™? per period. Hence
g = tnvi—1(1 — §*™*7)

9The firm holds desired inventories to smooth production in the presence of short-term demand swings (Caiani
et al.l |2020).




where ;¢ 1 represents actual sales. Expected sales in period ¢, therefore, turn out to be a weighted

average of past sales, with exponentially decaying weights:

= PZ(l =)’ Qit—1-s- (4)
s=0
Also planned output, therefore, is anchored to past sales:
Yy = 1+ L)pZ(l —0)*Qit—1—s — INV_1. (5)
s=0

In order to produce, the firm combines labor IV;; and the capital stock, consisting of a bundle of
heterogeneous capital goods — i.e., machine tools of different “vintages”. Therefore, the production
function of the i-th firm is:

Y;; = min ( > whky AL, BitNit> (6)

vE Vit

where Y;; is output generated by the available factors of production, k;, represents units of capital
(machine tools for short) of vintage v in the capital stock of firm i, V;; is the set of vintages
of machine tools owned by firm i, AY, is the actual productivity of the machine tools of vintage v
installed at firm i, w;, is the utilization rate of these machine tools, B;; is the productivity of labour.
In our setting vintage is associated to “quality” measured by the productivity of the machine tool:
new vintages are characterized by higher productivity. The cardinality of the set of vintages is time
varying because each K-firm is in principle producing more than one vintage of machine tools by
innovating/imitating (more on this in section [.8). The actual productivity of a machine tool of a
given vintage installed at firm ¢, A},, may be lower than its potential productivity A”. The firm
will be able to exploit the machine tool fully (AY, = AY) only if it has accumulated “sufficient”
technical knowledge (more on this in section [3.4)).

Assuming that labour is abundant we can write

Yie= Y whkh Al = Auk. (7)
veVie

Output is the sum of the number of machine tools of each vintage (weighted by capacity utilization)

multiplied by the corresponding productivity. By simple algebraic manipulation we can interpret

this sum as the product of the “capital stock” Klt = vev, Witky, times the “average productivity
of capital” Aj; := ) oy, ¥} A}, where xf, 1= w}é—k;t is the weight of the machine tools of vintage v

in the capital stock. Hence the production function can be written as follows:

Yy = min (A4 K, BitNit) (8)

10



From perfect input complementarity follows that the capital-labour ratio (or capital intensity) is
K;1/Ni+ = B;i/A;+. We assume that the capital-labour ratio — denoted with x — is constant
(so that technical change is Hicks-neutral) and uniform across firms (for simplicity)m Hence the
productivity of labour at firm i is:

By = kAy. (9)

This assumption has important implications. The adoption by firm ¢ of new and more productive
technologies incorporated in new vintages of machine tools reverberates on the average productivity
of capital at the same firm and therefore on the productivity of labour, that will increase at the
same rate.

To achieve planned production — defined in —, in the short run the firm adjusts the rate of
capacity utilization of the machine tools already installed, as well as employment. The capital stock
changes through investment to satisfy long-run production requirements, in line with |Assenza et al.
(2015)) (see section . Notice that actual output will be smaller than planned output if there is
shortage of physical capital or lack of funding (compare steps 1 and 5 in the sequence of events).

Capacity utilization Having set the desired scale of activity, the firm begins production using
the machine tools with the highest built-in productivity (the best vintage). If full utilization of
these machine tools is not sufficient, the firm activates machine tools of the second most productive
vintage and so on. At a certain stage of this procedure there will be a vintage of machine tools
(the marginal vintage) such that full utilization would bring production beyond the planned level
and no utilization would keep production below the planned level. The utilization rate of machine
tools of the marginal vintage, therefore, will be set at the level that is necessary to achieve the
desired scale of productionE The desired utilization rate of capital vintage v by firm ¢ is therefore

determined according to the following algorithm:

. 1 -
1 it 300Dy kAL + kLAY <Y
Vie—UZ) kAL, 1 - = .
Wit = % if 30y B AL < Yae and 3UZ) RRAG + K AL > Y
. 71 ~
0 if 2y wikiAf = Y

Employment C-firms need workers to carry out both production and R&D activities. We assume

that funds devoted to research and development, denoted with RD;;, are used to hire research
RD;
wi

workers. Given the wage rate wy, therefore, the firm post vacancies NF = (provided this ratio

is at least equal to 1 unit of labour)[]

10Tn order to guarantee that capital intensity does not change over time, we implicitly assume that the productivity
of labour increases at the same rate as the average productivity of capital for any firm.

11 See |Caiani et al.|(2020).

12For computational simplicity we assume that the labour contracts of research workers last one period only. In
each period, therefore, the firm posts vacancies to recruit this type of workers. Moreover we assume that wages

11



As to production workers, given the desired rates of capacity utilization, from the assumption

that the capital-labor ratio x is constant follows that labour requirements are:

.1
Ny = — E vk
it K witkzt (10)
vEVit

If desired employment N;; is greater than the current workforce Nj;_1, the firm post vacancies.

Total vacancies posted by the i-th firm on the job market therefore are

- RD,
Jiw = max(Ni — Njy_1,0) + 1p—2

- ()
where 1g is an indicator function that takes value 1 if % > 1, zero otherwise.

The market protocol for the job market is characterized by search and matching as in |[Assenza
et al.| (2015): unemployed workers visit Z,, randomly sampled firms and get hired at the prevailing
wage when a match occurs with a firm with unoccupied job vacancies. Therefore firms can reach the
desired level of employment only if they are visited by a sufficient number of unemployed workers.
It follows that, despite the absence of hiring or firing costs, job vacancies at some firms may remain
unoccupied and at the same time some unemployed workers may not find a job. In case the current
number of employees exceeds labor requirements, i.e., N, < Nj;_1, workers in excess are randomly

selected from the firm’s workforce and fired.

3.4 R&D, technological knowledge and the choice of the vintage

To install the machine tools produced by innovators, entrepreneurs must accumulate technological
knowledge, that will be denoted with z;;. Technological knowledge is the firm’s know-how, that is the
set of skills and abilities accumulated over time within the firm. It comes from two sources. First,
it can be built in-house by spending financial resources in R&D (Dosi and Nelson), [2010). We will
denote with RD;; the research budget. Second, it can come from the knowledge accumulated by the
other entrepreneurs through knowledge spillovers, zs. The law of motion of the i-th entrepreneur’s

knowledge therefore can be written as follows:
zit = (1 —0%)zit—1 + RDyt + airzst (12)

where 67 is the rate of obsolescence of knowledge and a;; is the sensitivity of the firm’s techno-
logical knowledge to knowledge spillovers (of which we will provide an interesting interpretation
momentarily). Let’s dig deeper into each of these two sources in turn.

The firm devotes to (in-house) R&D a constant fraction o of past retained profits 7}, _;: RD; =

are uniform across types of workers: production and research workers earn the same salary. These simplifying
assumptions can be easily relaxed.
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oml,_;. These resources are spent to pay for the wages of research workers (RD;; = w;NJ) who
contribute to the internal accumulation of technological knowledge. Knowledge, however, is partly
a public good: the i-th entrepreneur can benefit from the knowledge spillover coming from the
other C-firms. We assume that the knowledge spillover zg; is increasing with the new technological
knowledge of the competitors, that in turn is affected by their R&D spending: zo =¥, 2i RDst
where 9 is the intensity of knowledge spillovers.

Following the seminal work by |Cohen and Levinthall (1989) we assume that the role of RD;;
is twofold: (i) it internally generates technical knowledge at firm 4; (ii) it increases the i-th firm’s
absorptive capacity, i.e., its ability to assimilate knowledge spillovers. To capture the latter (ii) we

define absorptive capacity as follows
ay =1—e "D, (13)

where 7 > 0. RD;; is the long run internal R&D effort, computed by means of the following

adaptive algorithm

RDjy =&(RDjy 1+ (1= §RDiyy = (1-£) Y &"RDiy -, (14)
=0

where £ € (0,1) is the memory parameter. By iterating, the long run internal R&D effort turns out
to be a weighted average of past R&D expenditures, with exponentially decaying weights. In words,

absorptive capacity is increasing with the firm’s R&D long term effort and tends asymptotically to

1. Taking these assumptions into account, the knowledge stock, z;;, evolves according tﬂ

zi = (1= 0%)zy—1 + RDiy + (1 — e "P) (Y~ RDyy), (15)
J#i
Note that absorptive capacity is firm-specific: firms’ heterogeneity is key in the acquisition of

external knowledge through spillovers.

Choice of vintage We assume that the actual productivity of a capital good of vintage v installed

at firm ¢ is determined by the knowledge gap:

v 1 ~
Gip =AY — Zit

13 A similar formalization of the knowledge accumulation process was first proposed by |Cohen and Levinthal (1989)
to investigate both empirically and theoretically the twofold nature of R&D as a source of generation and absorption
of technical knowledge. This hypothesis has been tested by |[Levin et al| (1987). Equation is a streamlined
variant of the original equation, that ignores the role of extra-industry spillovers and includes a depreciation rate,
6%, which captures obsolescence of technological knowledge.
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The knowledge gap is the difference between the state of “technical advancement” of the machine
tool AY — i.e., its potential productivity — and the firm’s stock of technological knowledge, z;, both
normalized to fall in the interval [O,I]E Notice that, by construction, g% € [—1,1]. We assume
that the firm can fully exploit the productivity of vintage v — i.e., the actual productivity A}, of the
machine tool of vintage v installed at firm 7 is equal to potential productivity A" — if the knowledge
gap is non-positive (g7 < 0), that is if the stock of technological knowledge is greater than or equal
to the potential productivity of the machine tool. If the knowledge gap is positive, on the contrary,
actual productivity is only a fraction of potential productivity and the fraction is decreasing with the
size of the knowledge gap: the greater the knowledge gap the smaller actual productivity. On the

basis of this assumption, we postulate the following relative productivity-knowledge gap relationship:

Ay 1 if —1<g4<0
it — i (16)

v 2 .
A =T if 0<g)<1

with v > 1. This function is represented in ﬁgure Vg?, € [-1,0] actual and potential productivity
coincide. As soon as the knowledge gap materializes, actual productivity falls short of potential
productivity and it keeps decreasing with the size of the gapE An increase of v reduces actual
productivity for any given positive knowledge gap. For this reason we interpret + as the intensity
of the knowledge constraint on the adoption of new and better machines. Having computed the
actual productivity for each vintage of capital, the firms’ choice of capital goods follows a logit
model (Dawid et al.,2019). The probability for firm ¢ of selecting a machine of vintage v depends

positively on its actual productivity, A},, and negatively on its price, Py:

exp [B(no log A, — 11 log P)]
SV exp [B(no log AY, — 1 log PY)]

P[Firm 7 selects vintage v] = (17)
where 79 and 1, are positive parameters and S € (0,00) is the intensity of choice of the capital
good to purchase: the higher 3, the faster the acquisition of the machine tool that provides the

highest actual productivity to the adopting firm, given the machine’s price. To simplify matters we

Hatted variables are normalized by means of a min-max procedure. Let’s denote the set of ordered firms’
indicators of technical knowledge with Z = {21, 22, ..., 2p}. Then 2; = S;&% Vi =1,2,..,F. The set of firms’
normalized indicators of technical knowledge therefore is Z = {0, 22,...,1}. Analogously, let’s denote the set of

ordered productivities of the different vintages of machine tools with A = A!, A2, ..., AV. Then Av = S:}:X%
Vv =1,2,..,V. The set of normalized productivities therefore is A= {0, A2, w1}
15The maximum knowledge gap gy, = 1 is associated to the pair: AY = sup A and z; = inf Z, that in turn

generates the pair Av =1 and 2; = 0. In this case, the actual productivity of the machine tool will be a fraction
of actual productivity.

2
1+eY
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Figure 1: Relative productivity and the knowledge gap
The solid black (red) curve is the graph of when vy =1 (y=3).
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set 179 = m = 1 so that we can simplify the equation above as follows:

AY,

exe s ()|
Zi‘z/zl exp [ﬁ log (’;?; )} (18)

P[Firm ¢ selects vintage v] =

In this formulation, the probability that firm 4 selects a machine of vintage v depends on the qual-
ity /price ratio AY,/PY. Equation states that the probability is decreasing with the price and
increasing with actual productivity. For any given price of the machine tool, firms with greater
accumulated knowledge are more likely to choose more advanced capital goods. In the end, tech-
nological knowledge plays the role of a barrier to the use of high quality capital goods. Even if
the price were low or financing abundant, so that the firm could have financial access to the high
quality vintages, in the presence of insufficient technical knowledge the firm has an incentive to
adopt and install low quality capital goods (Dosi and Nelson|, 2010). In other words, there can be
a technological lock-in effect.
To illustrate this effect let’s rewrite equation as follows:

AV if AY < 2,
A= o
1+ e’Y(Avféit)

) 19
if 2, < Av. (19)

This function describes the relationship between (actual) productivity and (normalized) technolog-
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ical knowledge for any given pair A” and Av. If 2, > AV actual and potential productivity coincide.
As soon as the knowledge gap materializes, i.e., Z; < fl”, actual productivity falls short of potential
productivity. However, actual productivity increases with technological knowledgeE

Consider a very simple setting with only three vintages, low quality (A! = 1 and Al = 0),
intermediate quality (4% = 1.5 and A? = 0.5) and high quality (4% = 2 and A3 = 1). The
productivity-knowledge line associated with the low quality vintage is depicted in black in figure
2l The red and blue lines represent the productivity-knowledge lines associated with the inter-
mediate and high quality vintages respectively. The domain of the productivity-knowledge line is
0 < %; < 1. Suppose, for the sake of discussion, that the price of the machine tools is uniform
across vintages. In this case, the choice of the machine tool to buy depends exclusively on its actual
productivity at the firm. From the figure it is immediate to infer that if knowledge at the firm
is “low” (0 < %;; < 0.27), the low quality vintage dominates the intermediate and high quality
vintages because the actual productivity of the former at the firm is higher than the productivity
of the latter. Poor organization or insufficient skills at the firm level therefore provide an incentive
for the firm to buy and install the low quality machine because its performance is actually better
(at the firm level) than machines of better quality. From the figure it is also straightforward to
conclude that if %; € (0.27,0.83), the intermediate quality vintage dominates the low and high
quality vintages. Ouly if knowledge is “high” (0.83 < 2;; < 1) the firm should purchase the high
quality vintage. Therefore the higher 3, the faster the adoption of low (high) quality machine tools

Figure 2: Productivity and technological knowledge

A
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9| A =15
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0.5 1 : 1
— 1 1 ‘ %
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16The upper bound on normalized technological knowledge is 2;; = 1. In this case, the actual productivity of the

machine tool will be Lﬂ
1+e’Y(A -1)
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by firms with low (high) technical knowledge. For this reason the intensity of choice governs the

degree of knowledge specialization or polarization among adopting firms.

3.5 Investment

Since capital is fixed in the short run — by assumption, machine tools purchased in ¢ can be employed
in the production process starting from ¢ + 1 — the firm’s investment decisions ignore temporary
fluctuations in demand and aim at achieving a desired level of aggregate production capacity “in the
long run”. To determine the desired production capacity, the firm estimates the long run desired
scale of production f’i,t,l by means of the following adaptive algorithm (applied to data collected
over the entire life of the firm up to period t-1): Y, ;-1 = vY; ;2 + (1 — v)Y; ;_2 where v € (0,1).
By iterating, it is easy to see that ?i,t—l is a weighted average of past desired production levels as
defined in equation and therefore, in the end, of past sales and changes of inventories. Given

Yit—1
w

a target utilization rate w, desired production capacity in t will be . The firm purchases a

new capital good of vintage v whenever desired production capacity exceeds the un-depreciated

capital inherited from the past K; = (1 —0)k{, 1A}, 1 where § is the depreciation rate.

vEVit
Therefore, the demand for capital goods is determined by the difference between desired and current

production capacity, given the effective productivity of the previously selected vintage, AY,:

L= (M2 g) o (20)

Y v
w AY,

The law of motion of capital at the firm level, taking into account the batch of heterogeneous

machines, is given by
Vit

Kip1=» (1= 0k, + L. (21)

v=1

3.6 Price setting

According to surveys on firms’ price-setting behavior, markup pricing is the prevailing rule in the
presence of imperfect competition and market power (Fabiani et al.l [2005; |Alvarez et al. |2006]).
Accordingly, we assume that C-firms set the price by charging a markup p;; on unit labor cost
wy /By

pit = (1 + Mit)%- (22)
where w; is the nominal wage and Bj;; is labour productivity. We assume moreover that the price
set is bounded from below by the average cost, which includes also the cost of capital and interest

payments. In other words, the markup must be high enough to cover non-labour costs.

Recalling @, we can rewrite the pricing rule as follows: p; = (14 pit) R’f{_t. Since the productivity
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of labour is proportional to the average productivity of capital installed at the firm, the adoption
of new and more productive machine tools will make the unit labor cost and the price fall, if the
wage and the markup do not change. However neither the wage nor the markup are constant in
our setting.

We assume that the benefits of technical progress accrue also to workers: the nominal wage
evolves over time at the growth rate of aggregate productivity, measured by the ratio of GDP Y to
employment N. In symbols:

wy = w1 (1 + awgi—1)- (23)

Yi—1 Y2
Ni—1/ N2

to show that the latter is affected by the adoption of new technologies economy wide. Unit labour

— 1. « is the elasticity of the wage to aggregate productivity. It is easy

with gi—1 =

costs at firm 4, therefore will change over time depending on the relative magnitude of the change
in productivity economy-wide and at the firm. If productivity at the firm level grows faster than
at the aggregate level, unit labour cost will fall and viceversa.

As to the markup, in line with [Dosi et al.| (2010al), we assume that the firm sets the markup de-
pending on market power measured by the variation of market share (Kalecki, [1942). We postulate

the following markup updating rule:

pir—1(L+ ) i fi > fira
pit = Q pi—1 (L =) if  fie < fir (24)
Hit—1 it fi = fi—
where [i is a random draw from a Folded Normal distribution with parameters (upn,, orn,) and

fit is the firm’s market share. Equation states that if the firm’s market share grows, market

power increases and the markup will be adjusted upward by a random growth rate i and viceversa.

3.7 Profits, dividends and net worth

When the consumption goods market closes, C-firms compute profits as the difference between
production value (sales proceedings and inventory change) and total costs (wage bill, capital and

inventory depreciation, interest payments and R&D expenditure)ﬂ

Tir =PitQit + (1NVitPir — iNV—1Pit—1) — WeNir+ (25)
— Z 6py_1kf_y — FirLit — RDy — 8"V inve_1pi—1. (26)
veVit—1

17Since the rate on loans extended by the bank to the i-th firm can vary over time, 7 is the weighted average of
past interest rates with time-varying weights. See|Assenza et al.| (2015)) for a detailed explanation.
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If production value exceeds costs, the firm distributes a fraction € of profits to the owner in the
form of dividends and retains the residual within the firm. If costs exceed production value, the
firm records a loss. In this case the firm does not distribute dividends. Retained profits therefore
are 7, = max[(1 —0)m;, 0]. Retained profits (if value exceed costs) or losses (if costs exceeds value)

pile up to equityE which evolves as
Eitt1=Ei+ (117 0)m. (27)

where 1, is an indicator function that takes value 1 if m; > 0, zero otherwise. When net worth
turns negative or liquidity falls short of financial obligations, i.e., interests and debt installment,
the firm goes bankrupt and exits. Since, by assumption, the number of firms is constant, each
bankrupt firm is replaced by a new entrant, recapitalized by means of the owner’s wealth. The cost

of non-performing loans will be borne by the bank, whose equity will be reduced accordingly (see

below, section [3.10)).

3.8 K-firms

K-firms, indexed with j = 1,2, ... F}, supply machine tools and demand labour and credit. There are
F}. “brands” of machine tools because every K-firm produces a specific brand. In the initial state of
the economy, the cardinality of the set of K-firms coincides with the cardinality of the set of vintages
(Vo = Fy) because each K-firm produces the initial vintage of the machine tool of the associated
brand. The quality of the machine tools of a given brand, however, is time-varying because the
K-producer can increase the productivity of the machine tools by means of innovation/imitation.
A new vintage of a machine tool of a certain brand, therefore, will be characterized by higher
productivity. While the number of K-firms is constant, the cardinality of the set of vintages is time
varying because each K-firm is in principle producing more than one vintage of machine tools. Of
course, machine tools of the same brand and different vintages can co-exist as they are durable and
depreciate only by a fraction 6 € (0,1) per period.

The behavioural rules concerning the determination of expected demand, desired production

and labour demand described above for C-firms apply also to K-firms. Similarly to C-firms, the

18To check that the balance sheet identity holds in every period, we compare the level of net worth as computed
in equation with the one resulting from the difference between assets and liabilities. Firms’ assets are given by
the sum of capital value and liquidity, while liabilities consist of corporate debt. Liquidity is updated by taking into
account all cash inflows and outflows, including debt installments, as shown in the Appendix.
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desired output of K-firms is based on their expected demand@

Y = ;t(l +1) —invj_q, (28)
;t = ;tfl + P(thfl - Qitq)- (29)

In order to produce, the firm uses only labour N;; and a linear technology
Yji = BjiNji (30)
where Bj; is the productivity of labour.

Innovation and imitation FEach K-firm is characterized by a technological profile (A;-’t, Bji),
consisting of the productivity of the machine tool of vintage v produced by firm j and the produc-
tivity of labor employed at firm j. Innovators strive to improve the ‘quality’ of their profiles. To
do that, they invest a fraction o € (0,1) of past retained profits in R&D. The fraction y € (0,1)
of R&D expenditure is allocated to imitation of new technologies generated by other K-firms while

the fraction (1 — x) of R&D expenditure is devoted to in-house generation of new technologies. In

symbols:
RDj =om},_q, (31)
IN;; =(1 — x)RDjy, (32)
IM;j, =xRDj;. (33)

In line with the evolutionary literature (Nelson and Winter, [1982; |Dosi et al., |2010a)), innovation
and imitation activities follow a two-step stochastic process.

The first step determines whether or not the firm has the opportunity to innovate/imitate and
consists in a random draw from a Bernoulli distribution with probabilities Pr;-?" and Pré’tm defined

as follows

Pripn =1 — = ¢"" N (34)
e (35)

where (™ and ("™ are positive parameters that capture the capacity of the K-firm to innovate and
imitate respectively. The probability of innovation (imitation) is increasing with R&D expenditure
allocated to innovation (imitation), concave and tending asymptotically to 1. The higher ("

(¢*™%), the higher the probability to innovate (imitate) for any given level of R&D expenditure in

9Tnventories of machine tools evolve according to the following law: invjy = tnvj_1(1 — §inv)y,

20



innovation (imitation). Since (*™ is uniform across K-firms, we can interpret this parameter as the
degree of knowledge diffusion among K-firms, due to the capability of each K-firm to appropriate
through imitation the new knowledge (embodied in capital goods) generated by its K-competitors.

In the second step, the firm that has got access to innovation draws a pair of productivity gains
(A4, Ap) from a Folded Normal distribution. The profile of the innovating j-th firm, therefore,

evolves as follows

Al :A;t(l—FAA), where AANFN([LFN“O'?;\NI), (36)
Bji+1 = Bji(1 + Ap), where Ap ~ FNy(upn,, opn,)- (37)

Innovation therefore yields an increase of both the productivity of the new vintage of machine tools
produced by firm j, and of the productivity of labor employed at firm j.
The firm that has got access to imitation, on the other hand, will search among the top ranking Z;,,;
technically advanced K-firms and randomly picks one of their technological profiles. The probability
to imitate a given K-firm is decreasing with the technological distance between this firm and the
j-th firm, multiplied by the parameter A\?™*. The technological distance is the percent deviation of
the productivity of the machine tool produced by the given K-firm from the j-th firm.

Finally, firms compare the outcomes from innovation and imitation processes and choose the

profile with the highest built-in productivity.

Labor demand K-firms need workers to carry out both production and R&D activities. The
RDj;
we

research budget RDj; is used to hire research workers: Nﬁ = . As to production workers,

based on desired output, the firm has the following labour requirement:
< it

Ny = ——. 38
Jt B]t ( )

S

Job vacancies are then posted in the labor market:

- RD;
th :max(th —th_l,O)—l—lR 2t

39
- (39)
Price setting Similarly to C-firms, capital good producers set the price by charging a markup
over unit cost w;/Bj;. However, differently from C-firms, the markup of K-firms is assumed to be
fixed, as in [Dosi et al.|(2010a). Hence, the capital good price is given by

L w
pie = (1+ M)B%;, (40)
J
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where [ is constant and uniform across K-firms. Notice that when the firm innovates or imitates,
both the productivity of the machine tool produced and the productivity of labour used to produce
it increase. Therefore innovation/imitation reduces the unit cost of labour at successful K-firms.
In the end, product innovation/imitation by the K-firm translates into process innovation both at

the firm that introduces innovation and at the firm that adopts it.

Profits, dividends and net worth Profits (or losses) are computed as the difference between

production value and total costs.

it =Pt Qe + (invjepjr — invji_1pji—1) — weNjr+ (41)
— #jtLjt — RDjr — 8" invj; 1pje—1. (42)

If production value exceeds costs, the firm distributes a fraction 6 of profits to the owner in the
form of dividends and retains the residual within the firm. If costs exceed production value, the
firm records a loss. In this case the firm does not distribute dividends. Retained profits therefore

are 77, = max/[(1 — 6)7;, 0]. Equity evolves as follows:
Ejt+1 = Ejt + (1 - 171- . 9)77_7'75. (43)

When net worth turns negative or liquidity falls short of financial obligations, the firm goes bankrupt
and exits. Each bankrupt firm is replaced by a new entrant, recapitalized by the owner’s wealth.

The cost of non-performing loans will be borne by the bank.

3.9 Households

The household sector is composed of W workers and F' = F,. + F} firm owners. Each worker
supplies one unit of labor in exchange for a wage. The worker’s disposable income is Y, ; =
1.(1 — 7)w + (1 — 1.)s,w;, where 1. is an indicator function that takes value 1 if the worker is
employed, 0 otherwise; 7% € (0,1) is the tax rate on labor income; s, € (0,1) is the replacement
rate for the unemployment subsidy and s, w; are unemployment benefits.
The disposable income of the firm owner coincides with after tax dividends: Yj; = (1 — 77)0 -
1.mfi1, f =1,2,..F, where 7/ is the tax rate on dividends. Also the bank’s profit are distributed
to firm owners and taxed at the same rate. If the bank records a loss, shareholders will not receive
dividends.

The household’s demand for consumption goods is a linear function of disposable (after-tax)
income and financial wealth (deposits). We assume that workers and firm owners have different

propensities to consume out of income, namely ¢, and cy, with 0 < ¢y < ¢,y < 1. @ We denote

20The numerical values of ¢, and cy we set for simulation purposes (0.9 and 0.6 respectively) correspond to
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the propensity to consume out of financial wealth with ¢4 € (0,1), uniform across income groups,

and deposits with Dy, h = w, f. Planned expenditure on consumption goods therefore is
Ohﬂg = Ch(l — Th)YhJI +cqgDpi—1. (44)

where h = w, f. Unspent income (household saving) in t translates into additional deposits.

Each household aims at achieving the desired level of consumption by means of purchases on the
market for C-goods. The choice of the seller follows a preferential attachment scheme. In period
t, household h compares the price paid in period ¢ — 1 (charged by the previous seller, firm i) —
denoted with P; ;1 — with the lowest among the prices charged by Z,. — 1 C-firms (competitors of
firm 4) visited in period ¢, denoted with P, ;, 2 = 1,2,..., Z. — 1, z # 4. If the latter is lower than
the former, the consumer will switch to the new supplier with a certain probability, Prj 4, which
is increasing with the gap between P;;_; and P, (see Delli Gatti et al.| (2010) for details). In

Pyt—Pi 41

symbols: Pry , =1 — e PP

. The parameter 85 > 0, measures the intensity of choice, i.e.,
how fast consumers switch to the most convenient supplier.

If the quantity of goods supplied by the selected seller in each period is smaller than planned
consumption, the household will buy at the other Z. — 1 firms ranked in ascending order based on
price. If planned consumption is not achieved (due to insufficient supply at the visited firms), the

household saves involuntarily.

3.10 Banking system

As we anticipated, for simplicity the banking system is represented by a single bank that receives
funds from households and firms in the form of deposits (not remunerated), extends loans to firms
and purchase Government bonds. Given the focus of the present paper, we have greatly simplified
the behavioural assumptions concerning banks with respect to|Assenza et al.| (2015) and [Terranova
and Turco| (2022)).

The bank sets the interest rate ry, and the size of the loan Lf;, f = 1,2,..., F on the basis of
the firm’s financial conditions 1]

The bank is subject to prudential regulation. First of all, total credit L; (sum of bank exposure
to all the firms) is constrained by the bank’s equity EY: e,L; < E? where &; is the minimum
(aggregate) capital requirement. Second the bank’s exposure to a single firm cannot exceed a
fraction €2 of equity: Ly < L;{ff“m = egEf

The interest rate charged by the bank to each firm is determined by adding to the risk free rate

those found by |Dynan et al.| (2004), for an individual belonging to the third quintile of income distribution and an
individual belonging to the top 5% respectively.

21Denoting with Ly credit outstanding (the stock of debt), by construction Ly = Ly — Lyi_1.

22Mimicking the Basel rule we set €1 = 0.08 and &2 = 0.25.
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r a markup corresponding to the firm’s leverage As;:

ree =114+ Apt), (45)

Ly,
Epi+Lye”
The actual size of the loan is the minimum between the firm’s credit demand, Fy; (the financing

where \p; =

gap), and the maximum size of the loan set by the bank:

ﬁft = min(ﬁ}"t”, Fft). (46)
According to equation , the borrowing constraint on the firm is binding whenever Fy, > C’ﬁ“.
In this case, the firm will be forced to down-size to bring the actual scale of activity in line with
the availability of funds.

The firm’s loan is repaid in installments. Denoting with py the rate of reimbursement of out-
standing debt, in each period, the borrower repays a fraction pr(1— pr)¢ of principal and interests.
Hence, the loan will be completely reimbursed only asymptotically on an infinite time horizon. If
the firm turns out to be insolvent, it will go bankrupt and exit. Non performing loans will be
accounted for in the determination of the bank’s equity. For simplicity, we assume that the bank is
willing to purchase all the bonds issued by the Government at a given risk free rate.

The bank’s revenues are the sum of interest payments by solvent firms and interest payments
by the Government. Profits are negatively affected by non-performing loans. A fraction 6 of bank’s

profits (if positive) is distributed to firm owners. Retained profits allow to increase net worth.

4 The drivers of the decline in business dynamism

In order to shed light on the mechanisms underlying the decline in U.S. business dynamism we follow
a two-step procedure (described in detail in section . First, we calibrate and validate a baseline
scenario, which captures the empirical patterns of the U.S. economy prior to 1980. Second, we
construct an alternative scenario characterized by Low knowledge Diffusion (LD) by changing the
calibration of a set of key parameters governing the degree of knowledge diffusion both in imitation
among K-firms and in technology adoption among C-firms in order to replicate the stylized facts
characterizing the post-1980 decline in business dynamism.

By comparison, the baseline will be referred to also as the High knowledge Diffusion (HD)
scenario. The precise meaning of these expressions will be specified momentarily. By conducting
this two-step calibration, we are able to investigate the transition to a more concentrated economy
and explore the economic mechanisms at different levels of aggregation (section . In section

[4.3] we conduct a comprehensive sensitivity analysis by systematically varying the key parameters.
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Baseline Alternative

Par  Description (High KD) (Low KD)

AP Sensitivity of imitation to technological distance 1 5
¢ Imitation capacity 0.3 0.01
B8 Intensity of choice of K-goods 0.1 1
¥ Intensity of knowledge constraints 1 3

Table 1: Baseline and alternative scenarios

This provides a deeper understanding of the drivers of business dynamism.

4.1 Calibration and validation

To calibrate the baseline scenario, we choose a combination of numerical values of parameters
that allows to replicate the empirical regularities observed in the U.S. macroeconomic data from
Q1 1959 to Q4 1980, namely trend, cyclical fluctuations, and auto- and cross-correlations of key
variables (GDP, consumption, investment and unemployment)ﬁ The parameter configuration for
the baseline scenario is presented in Table [3|in the Appendix.

Next, we calibrate the alternative scenario by modifying four key parameters as shown in Table
As to K-firms, the calibration of LD (relative to the baseline) is characterized by (i) a lower
degree of knowledge diffusion among K-firms due to a lower imitation capacity (¢*™); (ii) a higher
sensitivity of imitation to the technological distance (A"%). As to C-firms, the calibration of LD
is characterized by (i) a higher intensity of choice of capital goods (8) that measures the degree of
knowledge polarization among C-firms and (ii) a higher intensity of the knowledge constraint (7).

Table [2|displays the average values of key variables for the 1980s and 2010s and their percentage
point variation computed on real world macroeconomic data and on artificial data generated by
the simulations. As to the empirical evidence, we computed the average GDP growth rates for the
intervals 1958-1980 and 1981-2020 from the FRED database. The concentration indicators comes
from (Akcigit and Ates| 2021), and are based on (Autor et al.,|2020). They refer to the years 1980
and 2010. The data on markups come from |De Loecker et al| (2020), who report values for the
years 1980 and 2016. Finally, the labor share of income comes from |Guerriero (2019), who refers
to the average values in the decades 1980s and 2010s.

In order to generate the artificial data, we first run the model for 1000 time steps using the
baseline calibration. We discard the transient period consisting of the first 100 periods. We then
run the model for 260 additional periods (quarters), to mimick the 65 years interval 1955-2020.
The baseline scenario runs for the first 25 years, until 1980, after which we activate the alternative
scenario, running for the remaining 160 quarters, i.e., 40 years until 2020. The GDP’s growth rates

for 1980s and 2010s are then computed by averaging the quarterly growth rates in the first 25 years

23We adopt the standard validation procedure for ABMs (Delli Gatti et al.,|[2018). The details of this procedure
can be found in Appendix@
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Variable (%) Empirical Simulated
1980s 2010s A 1980s 2010s A
GDP growth 3.80 2.65 -1.15 | 3.97 2.28 -1.69
Concentration | 38 43.5 5.5 7.73 17.27  9.54
Markup 1.2 1.61 0.41 1.33 1.47 0.15
Labor share 75.36  70.9 -4.46 | 77.96 T74.14 -3.82

Table 2: Comparison between empirical and simulated variables in the period 1980-2010

and the following 40 years of the simulation. The remaining three variables shown in Table [2] are
computed as the mean across Monte Carlo simulations at time step 200 (1980) and 360 (2020).
Our framework does a pretty good job in replicating the decline in GDP growth rate and the labor
share and the increase of the average markup after 1980. The model struggles to precisely match
the empirical concentration levels in the 1980s and 2010s — due to the assumption of a constant
number of firms — but it captures the magnitude of the change observed in the empirical data fairly
well.

Productivity gap Mark-up

0.1

0.05

1968 1980

/\

2004 2016 1968 1980 1992 2004 2016 1968
t t t

085 i Capacity utilization 5 x10

0.8

0.4
1968 16

2004 2016

80 1992 2004 2016 2004 2016

Figure 3: Evolution of macroeconomic variables under the baseline (high knowledge diffusion, black)
and alternative (low knowledge diffusion, red) scenarios. Mean and confidence interval from 100
Monte Carlo simulations.

Figure |3| illustrates the emergent macroeconomic dynamics succinctly summarized in Table

The figure depicts the average simulation run across 100 MC simulations and its confidence

intervals for key variables in both the baseline (black) and alternative (red, from 1980) scenarios.
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The figure clearly illustrates that under the baseline scenario the economy is in a competitive state,
characterized by a low and stable productivity gap and concentration level in the consumption goods
sector, which prevents C-firms from exploiting their market power. This leads to a slightly declining
average markup and an high and increasing labor share of income. The economy experiences roughly
constant capacity utilization and noticeable GDP growth rate.

Under the alternative scenario characterized by low knowledge diffusion and high technical
polarization, the economy experiences an increasing concentration driven by widening productivity
gap among firms. Under low knowledge diffusion, in fact, large knowledge-intensive firms are
more likely to adopt and make efficient use of the best technologies, thus obtaining a competitive
advantage. Their increased market power translates into higher weighted-average markups and
lower labor share of income. Capacity utilization undergoes a significant decline and eventually
stabilizes approximately 15 percentage points below that of the baseline scenario. This is due to
the fall in labour share, that reverberates on the demand for C-goods (since workers have the highest
propensity to consume). The panel illustrating GDP dynamics shows a decline in the growth rate
leading to a much lower GDP by the end of the 2010s.

0.82

o High KD
0.81 |- o Low KD |

0.77 -

Labour share

0.75 - o

0.73 - —=

0.72 | | | | |
0.06 0.08 0.1 0.12 0.14 0.16 0.18

Concentration index

Figure 4: Correlation between concentration index and labour share under the baseline (high knowl-
edge diffusion, black) and alternative (low knowledge diffusion, red) scenarios. Pooled quarterly
observations from 100 Monte Carlo simulations.

Figure [ shows the correlation between the labor share of income and an indicator of market

concentration, namely the four-firm concentration ratio (i.e., the market share of the four largest
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firms of the industry), in the baseline (black) and alternative (red) scenarios. In the baseline,
both the concentration indicator and labour share are characterized by a very modest increase.
The positive correlation therefore mirrors this joint pattern. On the contrary, in the alternative
scenario, a higher concentration index results from a less competitive and dynamic economy, where
large firms utilize their market power to raise their markups at the expense of workers’ real wages,
leading to a decline in the labor share of income.

In sum, under the alternative scenario with low knowledge diffusion, the model is able to replicate
6 of the 10 stylized facts characterizing the decline in business dynamism highlighted by |Akcigit
and Ates| (2021)), namely: (1) Market concentration has increased; (2) Markups have increased; (3)
Profit share of GDP has increased; (4) Labor share of GDP has decreased; (5) Market concentration
and labor share are negatively associated; (6) Productivity gap between leaders and laggards has
widened 24

4.2 Microeconomic behaviour and emerging properties

In this section, we fully exploit the granularity of the agent-based model to investigate the microe-
conomic mechanisms driving the divergent macroeconomic dynamics shown above. We examine the
evolution of micro variables from a representative simulation in the baseline and alternative scenar-
ios, shown in Figures [f] and [f] respectively. In the baseline, each K-firm can easily imitate the new
machine tools produced by competitors. As a result, there is rapid convergence of the productivities
of different vintages, as shown in the upper-left panel of Figure[5l In the consumption goods sector,
although a handful of firms is able to accumulate remarkable technical knowledge, they do not gain
a significant advantage over other firms. This is due to modest technical polarization and limited
impact of knowledge constraints on capital goods usage. Consequently, market shares and markups
are low and not markedly different across C-firms (lower panels). This implies that, while some
firms may outperform others in terms of productivity, the differences in market power and pricing
strategies are modest.

Dynamic patterns are starkly different under the alternative scenario. The productivity of
machine tools diverges over time due to limited imitation as shown in the upper-left panel of figure
@ This translates into widening productivity gap among C-firms (upper-right panel) because of the
higher degree of knowledge specialization in technology adoption. In fact, high (low) knowledge-

intensive firms are more likely to choose the best (worst) vintage of capital goods (see section

24The remaining four empirical regularities are: (7) Firm entry rate and share of young firms in economic activity
have declined; (8) Job reallocation and churn have slowed down; (9) The dispersion of firms growth rates has gone
down; (10) The productivity growth has fallen. Admittedly, our model does not do a good job in replicating the lower
entry rate and job reallocation observed in the post-1980s period. Due to the assumption of one-to-one replacemet
of an exiting firm with an entrant, the baseline scenario is characterized by a low number of firm defaults and thus
new entrants, whereas in the alternative scenario the opposite is true, leading the employment rate of new firms to
be higher. The model is also not well equipped to capture the lower growth dispersion because, in the alternative
scenario, large firms are able to keep their growth rates relatively high.

28



3.4). This triggers a reallocation of market shares towards the more productive and knowledge-

intensive firms, leading to higher market concentration. In the artificial data, therefore, we observe

a tendency that mimicks the expansion of “superstar firms” highlighted by |[Autor et al| (2020]).
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Figure 5: Evolution of microeconomic variables under the baseline scenario with high knowledge
diffusion from one representative simulation.
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Figure 6: Evolution of microeconomic variables under the alternative scenario with low knowledge
diffusion from one representative simulation.

The evolution of market concentration, therefore, can be traced back to the decline in knowledge
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diffusion both among K-firms (due to the implicit obstacles to imitation) and among C-firms (due
to the polarization in technology adoption). Under this scenario, persistent technological disconti-
nuities enable giant firms to consolidate their dominant position, increase market shares and charge
higher markups.

4.3 Sensitivity analysis

In this section, we perform a sensitivity analysis on the knowledge-related parameters we have
chosen to characterize scenarios in order to assess the contribution that each one of them provides
in explaining the results. We carry out two experiments.

In the first experiment, we examine the effects of a change in the intensity of choice 3 for different
values of the intensity of knowledge constraint, VE In the second experiment, we analyze the effects
of a lower capacity to imitate among K-producers for different configurations of technology adoption
by C-firms. In particular, we test the impact of a decline in imitation capacity, (™, for different
combinations of 5 and VE

We perform 100 Monte Carlo simulations for each experiment’s parameter sweep. The cross-MC
distribution for the final 500 simulation time steps is then gathered.

Figure [7] presents the findings from the first experiment. It shows the effects of a rise in 5 on
GDP growth rate, wage share, productivity gap and concentration index (for both the consumption
and capital goods sector) for various intensities of knowledge constraint . From the figure, we infer
that, when the intensity of the knowledge constraint is very low (v = 1, blue bars), higher § results
in faster GDP growth as well as higher productivity gap and concentration index in the K-sector,
but not in the C-sector.

Conversely, in the presence of high knowledge constraints (v = {3,5}, green and magenta bars),
higher 8 results in a lower increase in growth and has opposite effects on the industrial dynamics,
leading to an increase in the productivity gap and market concentration in the C-sector, but not
in the K-sector. The reason can be found in the impact that knowledge specialization has on the
process of adoption and diffusion of technologies and, consequently, on market structure. The effect

on market structure varies across sectors depending on the intensity of the knowledge constraint.

25We consider the following set of numerical values: 3 = {0.1,0.5,1}, v = {1,3,5}. The baseline scenario is
characterized by 8 = 0.1 and v = 1. In this experiment, we keep Ajmi and (;mq constant at the level corresponding
to the LD scenario.

2611 this experiment, we keep Aim; constant at the level corresponding to the LD scenario. We consider the
following sets of numerical values: ¢*™* = {1.8,0.5,0.01}, (8,v) = {0.1,1;1,1;1,5}.
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Figure 7: Effects of an increase in the intensity of capital choice, 3, for different levels of knowledge
constraints, 7.

As f increases, high knowledge intensive firms in the C-sector (C-leaders) are more likely to
adopt the most productive capital vintages, whereas low knowledge intensive firms (C-laggards)
are more likely to adopt the least productive ones. As the C-leaders have a higher propensity to
invest than the C-laggards, higher specialization implies an increase in the overall demand for the
best capital vintages, which, by encouraging the innovative effort of their producers (K-leaders),
results in new product and process innovations. This leads to higher productivity and lower price
of the best vintages. Consequently, if the knowledge constraint is very low (y = 1), the best
technique becomes dominant (higher concentration index in the K-sector) as all C-firms will find it
technologically and economically convenient to adopt itE

On the contrary, if the knowledge constraint is stringent (v = {3,5}), C-laggards will find it
technologically impractical to install the best machine tools due to the high knowledge gap and
will turn instead to other, less productive vintages. As a result, the best vintage will not become

dominant in the market for K-goods (lower concentration index in the K sector) because only the

27The ratio of effective productivity to price that governs the probability of buying the best technique (equation
(18)) will be greater than any other vintage. As long as the capital good price is low enough, this holds true for all
sorts of C-firms regardless of their knowledge gap (that affects effective productivity).
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C-leaders will be able to adopt it. This leads to higher concentration and productivity gap in the

C-sector, resulting in greater market power and lower wage share.
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Figure 8: Effects of a decrease in the imitation ability, (*™, for different combinations of 3 and
7, corresponding to un-constrained (blue), semi-constrained (green) and constrained (magenta)
technology adoption scenarios.

In other words, knowledge polarization promotes growth as long as the knowledge constraint
is not too tight. By stimulating the innovative effort of the best K-producers, a higher level of
knowledge polarization among C-firms will enable the best vintage to emerge provided its price is
low enough to make it both economically and technologically advantageous for all firms. On the
contrary, if the knowledge constraint is overly tight, the laggards with a greater knowledge gap will
be penalized, resulting in higher productivity gap and stronger market concentration that benefit
the leaders only, with negative effects on growth.

The results of the second experiment are shown in Figure [8, We examine the implications of a
decline in the K-producers’ capacity to imitate, captured by a decreasing (*™’. We consider three

scenarios: (1) unconstrained (low 3, low 7); (2) intermediate (high 3, low 7) and (3) constrained
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(high 3, high 7). From Figure[8| we infer that only in the constrained case (8 = 1, = 5) the reduc-
tion in imitation ability produces effects that are consistent with declining business dynamism, such
as a wider productivity gap and a greater market concentration in the C-sector, which is linked with
lower wage share and declining growth. Indeed, in the unconstrained scenario, a smaller ¢?™ has
almost no influence on key variables while it has a beneficial impact on GDP in the intermediate
case. The reason is the following. In the unconstrained case (low 3, low ), where capital goods
selection is nearly random and not strongly influenced by the knowledge gap, the investment de-
mand coming from C-firms is evenly distributed among K-firms, promoting a convergence between
capital goods (constant productivity gap in the K-sector). This in turn leads to a constant pro-
ductivity gap and market concentration also in the C-sector. In the intermediate case (higher 3),
instead, the best technique becomes dominant (high concentration in the K-sector) provided that
the knowledge constraint is sufficiently soft (low ), for the reasons outlined in the first experiment.
Consequently, the diffusion of the best technique among C-firms accelerates growth while limiting
market concentration. Hence, only in the constrained case (high 8, high 7) does a decline in im-
itation ability exacerbate the productivity differences between C-firms. In this scenario, only the
leading firms have access to the best vintages, resulting in greater concentration, higher markup,
and slower growth.

Interestingly, our findings challenge the perspective put forth by |Akcigit and Ates| (2021) as
they suggest that a decrease in imitation ability alone can fully account for the observed decline in
economic dynamism. Instead, our results indicate that a decline in knowledge diffusion is required

not only in the imitation process among K-firms but also in technology adoption among C-firms.

5 Patents

The decline in knowledge diffusion can be explained, at least in part, by the strengthening of patent
protection (Akcigit and Ates, |2023) that inhibits imitation, limiting the flow of knowledge across K
firms. This trend is documented by evidence that shows an exponential increase in patenting since
the 1980s, as a consequence of the Bayh-Dole Act of 1980 that enlarged the domain of patentability
and softened the criterion of novelty (Dosi et al., 2023b|). Moreover, the share of patents held
by the top 1% innovative firms has dramatically increased, indicating an increase in patenting
concentration (Akcigit and Ates| 2021)).

In this section we assume that K-firms can patent their technological innovations to prevent
competitors’ imitation. A patent is characterized by two key parameters: length (7') measured
by the number of periods the patent remains valid, and breadth (7°) that enters the interval of
innovations (i.e., new vintages of machine tools) protected by the patent. Following Dosi et al.

(2023c)), we define the protected interval P; as the range of the productivity A; of new vintages of
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machine tools (generated by innovation) protected by the patent. In symbols:
Py ={Aj|AY - (1-7") < 4; < AY- (1 +7°)} (47)

Hence, the parameters 7° and 7! determine the strength of patent protection: the higher these
parameters, the stronger the protection granted by the patent. The patent prevents imitation
and forbid competitors’ innovations whose productivity level falls within the protected interval
(protection effect). On the other hand, when the patent expires, the innovation becomes freely
available, making imitation easier (disclosure effect).

We construct three scenarios to investigate the different channels through which patents affect
firms’ behaviour. In the first scenario, characterized by full patent protection, firms immediately and
fully patent all the innovations that are eligible. In this scenario a patent affects innovation through
the channels highlighted above (protection and disclosure effects): competitors’ innovations within
the protected interval are blocked, while imitators can freely adopt patented innovations once the
patents have expired.

In the second scenario patenting is the outcome of a random process (probabilistic patent pro-
tection): innovations that are eligible for protection are patented only with a probability Prf , that
is increasing with the incentive to patent, captured by an index I j’-’ . The incentive index, in turn,
is increasing with the relevance of the innovation and with the strength of protection. This sce-
nario, therefore, is characterized by the the incentive to patent effect. We model the probability of
patenting as follows:

Pr? =eP(1+17)¢" (48)

where P > ( is the minimum probability of patenting and (P > 0 affects the “shape” of the function
that links the probability of patenting to the incentive indox@ The incentive index I j’-’ is defined
as follows:

A
I} = 1 g + 027 H o’ (49)

If € (0,1] is a weighted sum of three arguments (closeness to the technological frontier %,
patent length 7! and patent breadth 7°) that are crucial in the decision to patent, with weights
e >0k =1,2, 3@ In this scenario firms implicitly take into account not only the benefits but also
the costs of patenting so that eligible innovations are patented only if the incentive is high enough,

depending on the innovation’s technological advancement and the regulatory environment@

283pecifically, ¢P is calibrated to ensure that Pr? remains within the unit interval when I;'-’ reaches its maximum

value, i.e., I5,4, = 1. Since we set P = 0.1, the condition Prf = 1 when I” = 1 is satisfied if 20" = 10, which implies
J J

¢P = logy(10) = 3.3219.

29The weights ¢, > 0;k = 1,2, 3 are calibrated to guarantee that each of the three terms of the sum in (49)) is equal
to 1/3 when the arguments attain their maximum values, ensuring max([é)) = 1. Therefore 11 = 1/3, t2 = 1/37}, ..,
and 13 = 1/378, .-

30 According to the empirical evidence there is substantial heterogeneity in the propensity of firms to patent their

35



Finally, the third scenario is a variant of the second one, augmented by the patent incentive to
innovate effect. We assume that firms increase their innovative effort if they expect greater returns
from patenting. Specifically, patenting firms compare the average profits since the beginning of the
patent’s grant with the average profits of non-patenting firms during the same period. If they earn
higher profits, patenting firms will increase their R&D intensity o by 50%.

We assess the effects of patenting by varying the parameters measuring patent length and
breadth for each of the three scenarios presented aboveT] We conduct 50 Monte Carlo simulations
for each parameter combination and report the mean values and standard deviations for the last
500 time steps. In Figure [] we present the percentage deviation of GDP under patent protection
with respect to the baseline without patents in both three- and two-dimensional plots (left and
right columns). In the latter case, we focus on three values for patent length (2, 5, and 20 years).

Our results show that, in the full patent protection scenario (first row of Figure E[), patent
length has a clear negative effect on GDP growth, whereas patent breadth does not exert a sizable
influence on the results. However, in the presence of the incentive to patent effect (second row),
we observe an inverted-U shaped relationship between patent strength and growth for limited
patent duration. As 70 increases, GDP growth first rises and then declines. This effect becomes
stronger and more significant when the incentive to innovate channel is active (third row). In the
full protection scenario, in fact, all patentable innovations are immediately patented, whereas the
incentive to patent effect ensures that the best innovations are patented with a higher probability.
This has a dual positive effect: it promotes the diffusion of the best technologies as they become
readily available to imitators once their patent expires via disclosure effect, and it also accelerates
the diffusion of un-patented innovations via normal imitation activity, thus allowing competitors to
get closer to the market leader’s technology and potentially leapfrog. Both effects boost growth,
provided that the patent duration is not too long. Otherwise, the negative effect of longer protection
- by blocking competitors’ innovations and delaying the imitation of the best patented innovations
- outweighs the positive effect of stronger disclosure, particularly for wider protected areas (high
patent breadth).

innovations (Cohen et al., |2000; |[Hall et al., [2014)).

318pecifically, the range of parameter values for length (in quarters) is 7! = {8,20,40,60,80,100}, cor-
responding to a duration ranging from 2 to 25 years. The range of parameter values for breadth is
7%{0.01,0.02,0.05,0.1,0.2,0.5,0.75,1, 1.5, 2}.
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P1: full patent protection
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Figure 9: Effects of different patent regimes on GDP growth relative to baseline without patents.
Mean and standard deviation from 50 Monte Carlo simulations.

In the third scenario, the patent incentive to innovate effect and the disclosure effect interact
positively, leading to a greater positive impact on growth. The incentive effect stimulates the
innovating effort of profitable patenting firms, while the disclosure effect promotes the diffusion
of the best technologies by making them readily available to imitators once their patents expire.
This combination allows better technologies to become available for imitators, resulting in amplified
positive effects on growth.

In summary, patents have ambiguous effects on growth, depending on the strength of the patent
regime and the type of transmission channels under consideration. When the length and breadth of
patents are low, an increase in patent protection has a positive influence on GDP, especially when
the best innovations are more likely to be patented (incentive to patent effect) and patenting firms

are motivated to increase their innovation effort (patent incentive to innovate effect). Our findings
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partly contradict those of Dosi et al.| (2023¢c)), who find that expanding the coverage and duration of

patents has unambiguously negative effects on outcomes. On the other hand, our results are partly

in line with [Acemoglu and Akcigit| (2012)), who argue that greater patent protection for technology

leaders benefits laggards as well due to positive spillover effects. Our study supports this argument
when the incentive to patent and the incentive to innovate effects are at work but only for very

limited patent length and breadth. In fact very strong patent protection makes GDP slow down.
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Figure 10: Effects of different patent regimes on productivity gap, market concentration, markup
and wage share.

What are the effects of patents on other variables related to declining business dynamism? To
answer this question, we examine the impact of stricter patent regimes on productivity gap among
capital goods, concentration, average markup, and wage share. The results are presented in Figure
We find that stricter patent protection is associated with a wider productivity gap, increasing
market concentration and markup, and declining wage share. Therefore, the effects of stronger
patent protection are consistent with declining business dynamism, especially when patent length

and breadth are sufficiently high.

32This experiment is conducted under the standard patent channel assumptions. For robustness, we provide in
Appendixlgthe plots for different patent configurations, but the results are substantially unchanged.
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6 Conclusions

In this paper, we have delved into the factors behind the declining business dynamism observed in
advanced economies, exploring its macroeconomic and industrial implications. We have employed an
extended version of the macroeconomic ABM proposed in|Terranova and Turco| (2022) to investigate
the conditions under which a decrease in knowledge diffusion at the micro level leads to emergent
dynamics of declining business dynamism.

We calibrate a baseline scenario with high knowledge diffusion and an alternative scenario char-
acterized by low knowledge diffusion, that differ for the numerical values of key knowledge-related
parameters. This procedure allows to replicate by comparison the stylized facts of declining busi-
ness dynamism. Our simulations reveal that in a low knowledge diffusion environment, the economy
displays an increasing tendency towards market concentration driven by widening productivity gaps
among firms, then resulting in elevated aggregate markups, decreased labor share, and a decline
in both demand and GDP growth. In-depth analyses of firm-level dynamics highlight that, in a
context of weak imitation and stringent knowledge constraints, high knowledge-intensive firms are
able to exploit their knowledge advantage to adopt best technologies, thus improving productivity
and gaining larger market shares vis-a-vis competing firms with limited accumulated knowledge.

We carry out an extensive sensitivity analysis of knowledge-related parameters in the alternative
scenario. We find that high knowledge polarization in technology adoption enhances GDP growth
under conditions of low knowledge constraints. Conversely, high polarization coupled with high
constraints boosts concentration, market power and markups. Our findings suggest that declining
business dynamism emerges only when a reduction in knowledge diffusion occurs both in the imita-
tion process among technology producers and in the technology adoption process among technology
adopters.

Finally, we introduce a patent system to provide a more tangible interpretation of knowledge
diffusion decline and analyze the effects of diverse patent regimes on competition and growth.
Our results capture the complex nature of the patents’ impact on growth. The effects of patent on
macroeconomic performance depend on the strength of patent regimes and the specific transmission
channels under consideration. Notably, when patents are characterized by low length and breadth,
a stronger patent protection may have positive repercussions on GDP growth, particularly when
the best innovations are more likely to be patented (incentive to patent effect) and patenting firms
are incentivized to boost innovation efforts (patent incentive to innovate effect). However, excessive
patent protection leads to increased concentration and declining output growth.

While our study sheds light on the intricate interplay between knowledge diffusion, technologi-
cal adoption, and business dynamism, it is not without limitations. Future research could explore
alternative model specifications and validate results using alternative methodologies. Further in-

vestigation into the drivers of knowledge diffusion reduction, both from a policy and technological
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perspective, could offer valuable insights into potential intervention points. This could involve ex-
amining policies that encourage knowledge-sharing or reduce barriers to innovation diffusion, as
well as the role of endogenous entry decisions on competition and economic dynamics. Lastly, the
examination of the impact of different patent regimes on various sectors and their implications for

innovation, competition, and growth remains a fertile ground for future research.

40



References

AceMoOGLU, D. aNnD U. AkciaiT (2012): “Intellectual property rights policy, competition and

innovation,” Journal of the FEuropean Economic Association, 10, 1-42.

AcemocGLu, D., G. ANDERSON, D. BEEDE, C. BUFFINGTON, E. CHILDRESS, E. DINLERSOZ,
L. FOSTER, N. GOLDSCHLAG, J. HALTIWANGER, Z. KROFF, ET AL. (2023): “Advanced Technol-
ogy Adoption: Selection or Causal Effects?” in AEA Papers and Proceedings, American Economic
Association, vol. 113, 210-14.

AcemocGLu, D., G. W. ANDERSON, D. N. BEEDE, C. BUFFINGTON, E. E. CHILDRESS, E. DIN-
LERSOZ, L. S. FOSTER, N. GOLDSCHLAG, J. C. HALTIWANGER, Z. KROFF, ET AL. (2022):
“Automation and the workforce: A firm-level view from the 2019 Annual Business Survey,” Tech.

rep., National Bureau of Economic Research.

AkcIGIT, U. AND S. T. ATES (2021): “Ten facts on declining business dynamism and lessons from

endogenous growth theory,” American Economic Journal: Macroeconomics, 13, 257-98.

(2023): “What happened to US business dynamism?” Journal of Political Economy, 131,
2059-2124.

ALvAREZ, L. J., E. DHYNE, M. HOEBERICHTS, C. KwAPIL, H. LE BIHAN, P. LUNNEMANN,
F. MARTINS, R. SABBATINI, H. STAHL, P. VERMEULEN, AND OTHERS (2006): “Sticky prices in

the euro area: a summary of new micro-evidence,” Journal of the European Economic Association,
4, 575-584.

ANDREWS, D.; C. CriscuoLO, AND P. N. GAL (2015): “Frontier firms, technology diffusion and
public policy: Micro evidence from OECD countries,” OECD Science, Technology and Industry,
Policy Papers.

AssEnzA, T., D. DELLI GATTI, AND J. GRAZZINI (2015): “Emergent dynamics of a macroeco-

nomic agent based model with capital and credit,” Journal of Economic Dynamics and Control,
50, 5-28.

AUTOR, D., D. DORN, L. F. KaTz, C. PATTERSON, AND J. VAN REENEN (2017): “Concentrating
on the fall of the labor share,” American Economic Review, 107, 180-185.

(2020): “The fall of the labor share and the rise of superstar firms,” The Quarterly Journal
of Economics, 135, 645-709.

BARKAI S. (2020): “Declining labor and capital shares,” The Journal of Finance, 75, 2421-2463.

41



BeRTANI, F., L. PoNTA, M. RABERTO, A. TEGLIO, AND S. CINCOTTI (2021): “The complexity
of the intangible digital economy: an agent-based model,” Journal of Business Research, 129,
527-540.

BRESNAHAN, T. F.; E. BRYNJOLFSSON, AND L. M. HITT (2002): “Information technology, work-
place organization, and the demand for skilled labor: Firm-level evidence,” The Quarterly Journal
of Economics, 117, 339-376.

BRYNJOLFSSON, E. AND L. M. HrTT (2000): “Beyond computation: Information technology, or-
ganizational transformation and business performance,” Journal of Economic Perspectives, 14,
23-48.

BRYNJOLFSSON, E.,; D. Rock, AND C. SYVERSON (2021): “The productivity J-curve: How intan-
gibles complement general purpose technologies,” American Economic Journal: Macroeconomics,
13, 333-372.

Ca1ani, A., A. Russo, AND M. GALLEGATI (2019): “Does inequality hamper innovation and
growth? An AB-SFC analysis,” Journal of Evolutionary Economics, 29, 177-228.

(2020): “Are higher wages good for business? An assessment under alternative innovation

and investment scenarios,” Macroeconomic Dynamics, 24, 191-230.

Carvino, F. AND C. CriscuoLO (2019): “Business dynamics and digitalisation,” OECD Science,
Technology and Industry, Policy Papers.

CaLvino, F., C. CriscuoLO, AND R. VERLHAC (2020): “Declining business dynamism: Structural
and policy determinants,” OECD Science, Technology and Industry, Policy Papers.

CALvINO, F. AND L. FONTANELLI (2023): “A portrait of AI adopters across countries: Firm charac-
teristics, assets’ complementarities and productivity,” OECD Science, Technology and Industry,

Policy Papers.

CIRILLO, V., L. FANTI, A. MINA, AND A. Riccr (2023): “The adoption of digital technologies:

Investment, skills, work organisation,” Structural Change and Economic Dynamics, 66, 89—105.

CoHEN, W. M. (2010): “Fifty years of empirical studies of innovative activity and performance,”

in Handbook of the Economics of Innovation, Elsevier, vol. 1, 129-213.

COHEN, W. M. AND D. A. LEVINTHAL (1989): “Innovation and learning: The two faces of R&D,”
The Economic Journal, 99, 569-596.

CoHEN, W. M., R. NELSON, AND J. P. WALSH (2000): “Protecting their intellectual assets:

Appropriability conditions and why US manufacturing firms patent (or not),” .

42



Dawip, H. (2006): “Agent-based models of innovation and technological change,” Handbook of
Computational Economics, 2, 1235-1272.

DawiD, H. AND D. DELLI GATTI (2018): “Agent-based macroeconomics,” in Handbook of compu-

tational economics, North Holland: Elsevier, vol. 4, 63—-156.

Dawip, H., P. HARTING, AND M. NEUGART (2018): “Cohesion policy and inequality dynamics:
Insights from a heterogeneous agents macroeconomic model,” Journal of Economic Behavior €
Organization, 150, 220-255.

Dawip, H., P. HARTING, S. VAN DER HOOG, AND M. NEUGART (2019): “Macroeconomics with
heterogeneous agent models: fostering transparency, reproducibility and replication,” Journal of
Evolutionary Economics, 29, 467-538.

Dawip, H. aND J. HEPP (2022): “Distributional effects of technological regime changes: Hysteresis,

concentration and inequality dynamics,” Review of Evolutionary Political Economy, 3, 137-167.

DE LOECKER, J., J. EECKHOUT, AND G. UNGER (2020): “The rise of market power and the
macroeconomic implications,” The Quarterly Journal of Economics, 135, 561-644.

DECKER, R. A., J. HALTIWANGER, R. S. JARMIN, AND J. MIRANDA (2016): “Declining business

dynamism: What we know and the way forward,” American Economic Review, 106, 203-07.

DELLI GATTI, D., S. DESIDERIO, E. GAFFEO, P. CIRILLO, AND M. GALLEGATI (2011): Macroe-

conomics from the Bottom-up, vol. 1, New York: Springer.

DEeLLI GATTI, D., G. FAGIOLO, M. GALLEGATI, M. RICHIARDI, AND A. RuUsso (2018): Agent-

based models in economics: A toolkit, Cambridge, MA: Cambridge University Press.

DeLLl GatTi, D., M. GALLEGATI, B. GREENWALD, A. Russo, AND J. E. SticLiTz (2010):
“The financial accelerator in an evolving credit network,” Journal of Economic Dynamics and
Control, 34, 1627-1650.

Dowms, M., T. DunNE, AND K. R. TROSKE (1997): “Workers, Wages, and Technology,” The
Quarterly Journal of Economics, 112, 253-290.

Dosi, G., G. FacioLo, AND A. ROVENTINI (2010a): “Schumpeter meeting Keynes: A policy-
friendly model of endogenous growth and business cycles,” Journal of Economic Dynamics and
Control, 34, 1748-1767.

Dosi, G., F. LAMPERTI, M. MAzzUuCATO, M. NAPOLETANO, AND A. ROVENTINI (2023a):
“Mission-oriented policies and the “Entrepreneurial State” at work: An agent-based exploration,”
Journal of Economic Dynamics and Control, 151, 104650.

43



Dosi, G., S. LECHEVALIER, AND A. SECCHI (2010b): “Introduction: Interfirm heterogene-
ity—nature, sources and consequences for industrial dynamics,” Industrial and Corporate Change,
19, 1867-1890.

Dosi, G., L. MARENGO, J. StAccioLl, AND M. E. VIRGILLITO (2023b): “Big pharma and

monopoly capitalism: a long-term view,” Structural Change and Economic Dynamics, 65, 15-35.

Dosi, G. AND R. R. NELSON (2010): “Technical change and industrial dynamics as evolutionary

processes,” in Handbook of the economics of innovation, North Holland: Elsevier, vol. 1, 51-127.

Dosi, G., E. PaLaci, A. ROVENTINI, AND E. Russo (2023c): “Do patents really foster innovation
in the pharmaceutical sector? Results from an evolutionary, agent-based model,” Journal of
Economic Behavior & Organization, 212, 564—589.

Dosi, G., M. C. PEREIRA, A. ROVENTINI, AND M. E. VIRGILLITO (2022): “Technological
paradigms, labour creation and destruction in a multi-sector agent-based model,” Research Policy,
51, 104565.

Dosi, G., M. Piva, M. E. VIRGILLITO, AND M. VIVARELLI (2021): “Embodied and disembodied
technological change: The sectoral patterns of job-creation and job-destruction,” Research Policy,
50, 104199.

Dosi, G. AND A. ROVENTINI (2019): “More is different... and complex! The case for agent-based

macroeconomics,” Journal of Evolutionary Economics, 29, 1-37.

DynaN, K. E., J. SKINNER, AND S. P. ZELDES (2004): “Do the rich save more?” Journal of
Political Economy, 112, 397-444.

FaBiaNi, S., M. DRUANT, I. HERNANDO, C. KwaAPIL, B. LANDAU, C. LoUPIAS, F. MARTINS,
T. MaTHA, R. SABBATINI, H. STAHL, AND A. STOKMAN (2005): “The pricing behaviour of
firms in the euro area: new survey evidence. NBB Working Paper Nr. 76, November 2005,” .

Fanti, L. (2021): “Kaldor Facts’ and the decline of Wage Share: An agent based-stock flow
consistent model of induced technical change along Classical and Keynesian lines,” Journal of
Evolutionary Economics, 31, 379-415.

FIERRO, L. E., A. CAaI1aNI, AND A. Russo (2022): “Automation, job polarisation, and structural
change,” Journal of Economic Behavior & Organization, 200, 499-535.

GRULLON, G., Y. LARKIN, AND R. MICHAELY (2019): “Are US industries becoming more con-
centrated?” Review of Finance, 23, 697-743.

44



GUERRIERO, M. (2019): “The Labor Share of Income Around the World: Evidence from a Panel

Dataset,” in Labor Income Share in Asia, Springer, Singapore, 39-79.

GUTIERREZ, G. AND T. PHILIPPON (2017): “Declining competition and investment in the US,”
Tech. Rep. 23583, National Bureau of Economic Research.

HarL, B., C. HELMERS, M. ROGERS, AND V. SENA (2014): “The choice between formal and

informal intellectual property: a review,” Journal of Economic Literature, 52, 375-423.
HAYEK, F. (1945): “The Use of Knowledge in Society”,” American Economic Review.
HAYEK, F. A. (1944): The road to serfdom, University of Chicago Press.

HOTTE, K. (2020): “How to accelerate green technology diffusion? Directed technological change

in the presence of coevolving absorptive capacity,” Energy Economics, 85, 104565.
KALECKI, M. (1942): “A theory of profits,” The Economic Journal, 52, 258-267.

KRIEGER, J., D. L1, AND D. PAPANIKOLAOU (2022): “Missing novelty in drug development,” The
Review of Financial Studies, 35, 636-679.

Levin, R. C., A. K. KrLevorick, R. R. NELsoN, S. G. WINTER, R. GILBERT, AND
Z. GRILICHES (1987): “Appropriating the returns from industrial research and development,”
Brookings papers on economic activity, 1987, 783-831.

MAIRESSE, J., N. GREENAN, AND A. TOPIOL-BENSAID (2001): “Information technology and
research and development impacts on productivity and skills: Looking for correlations on French

firm-level data,” National Bureau of Economic Research, Working Paper 8075.

MELLACHER, P. (2021): “Growth, Concentration and Inequality in a Unified Schumpeter Mark I+
II model,” arXiv preprint arXiv:2111.09407.

NELSON, R. AND S. WINTER (1982): An evolutionary theory of economic change, Cambridge,

Massachusetts, and London, England.

RiccETTI, L., A. RUSsO, AND M. GALLEGATI (2015): “An agent based decentralized matching

macroeconomic model,” Journal of Economic Interaction and Coordination, 10, 305-332.

Russo, A., M. CaTaLANO, E. GAFFEO, M. GALLEGATI, AND M. NAPOLETANO (2007): “Indus-
trial dynamics, fiscal policy and R&D: Evidence from a computational experiment,” Journal of
Economic Behavior €& Organization, 64, 426—447.

SYVERSON, C. (2019): “Macroeconomics and market power: Context, implications, and open ques-

tions,” Journal of Economic Perspectives, 33, 23-43.

45



TAYLOR, C. T. AND A. SILBERSTON (1973): The economic impact of the patent system: a study
of the British experience, vol. 23, CUP Archive.

TERRANOVA, R. AND E. M. TURCO (2022): “Concentration, stagnation and inequality: An agent-
based approach,” Journal of Economic Behavior & Organization, 193, 569-595.

WaNG, N., M. X140, AND I. SavIN (2021): “Complementarity effect in the innovation strategy:
internal R&D and acquisition of capital with embodied technology,” The Journal of Technology
Transfer, 46, 459-482.

Zoras, N., Z. KrorF, E. BRYNJOLFSSON, K. MCELHERAN, D. N. BEEDE, C. BUFFINGTON,
N. GOLDSCHLAG, L. FOSTER, AND E. DINLERSOZ (2021): “Advanced technologies adoption
and use by us firms: Evidence from the annual business survey,” Tech. rep., National Bureau of

Economic Research.

46



Appendix A Calibration and validation of baseline scenario

The parameter values of the model’s baseline scenario are outlined in the following Table.
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Symbol Description Value

w Number of workers 1000

F, Number of C-firms 100

Fy, Number of K-firms 10

Ze Number of C-firms visited by each consumer 3

Zy, Number of firms visited by each unemployed worker 5

Zimi Number of K-firms visited by each imitator 3

K Capital-labor ratio 3

Qi Elasticity of wage to aggregate productivity 1

r Long run desired inventories rate 1‘%

2 Desired inventories rate 0.3

p Updating coefficient in adaptive expectations of future sales 0.2

{cw,cs} Marginal propensities to consume out of income {0.90, 0.60}
Cd Marginal propensity to consume out of financial wealth 0.05

Sy Unemployment subsidy replacement rate 0.60
{re.rf} Tax rate on labor and capital income {0.04, 0.04}
[% Dividend payout ratio 0.30

J Depreciation rate of capital 0.03

§imv Depreciation rate of inventories 0.03

6 Depreciation rate of knowledge 0.2

o Fraction of retained profits allocated to R&D 0.30

X Fraction of R&D expenditure allocated to imitation 0.50

{¢inn ¢imi} Shape of the probability function {1.8, 1.8}
\imi Sensitivity of imitation to technological distance 1

n Absorptive capacity parameter 1

P Intensity of knowledge spillovers 0.5

B Intensity of choice of capital goods 0.1

¥ Intensity of knowledge constraints 1

Bs Intensity of choice of new supplier 1

r Risk-free rate 0.002

L Rate of debt reimbursement 0.05

€1 Minimum capital requirement 0.08

€9 Maximum exposure to a single borrower 0.25

v Memory parameter for long run scale of production 0.85

eP Mimimum probability of patenting 0.1
(uFnys0%y,)  Folded Normal Distribution parameters for product innovation  (0.03, 0.01)
(FN,,0Fyo) Folded Normal Distribution parameters for process innovation  (0.005, 0.003)
(FNy, 0% y3) Folded Normal Distribution parameters for mark-up (0.03, 0.007)

Table 3: Benchmark parameter setting
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The empirical validation of the baseline scenario is performed by running a set of 50 Monte
Carlo simulations with different random seeds for 1000 time periods. The artificial time series are
constructed by taking averages across simulation runs and then compared with real data. Both
simulated and real data are treated with the Hodrick-Prescott (HP) filter in order to isolate the
cyclical component from the trend. The observed time series of GDP, consumption, investment and
unemployment were downloaded from the FRED database and accounts for quarterly data for the
U.S. ranging from Q1 1959 to Q4 1980.

Figure [11] displays the last 100 periods of the cyclical components of the simulated time series
for key macroeconomic variables, while figures and [13| compare the auto- and cross-correlation
of GDP, consumption, investment and unemployment obtained from simulated data with their

empirical counterparts.
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Figure 11: HP-filtered simulated times series for real GDP, consumption, and investment.
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Figure 12: Auto-correlation structure of real GDP, consumption, and investment of simulated and

empirical time series.
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Figure 13: Cross-correlation structure of real GDP, consumption, and investment of simulated and
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Appendix B Knowledge gap, effective productivity and cap-

ital choice
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Figure 14: Effective productive-price ratio by capital vintage (sorted in increasing order) for three
C-firms representing the top (blue), median (orange) and bottom (yellow) knowledge distribution
under two scenarios: low knowledge constraints (v = 1, left pane) and high knowledge constraints
(v = 3, right pane). The black line represents the actual productivity-price ratio of the capital

vintages.
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Figure 15: Probability of selecting capital vintage (sorted in increasing order) for three C-firms
representing the top (blue), median (orange) and bottom (yellow) knowledge distribution under
two scenarios: low knowledge polarization (8 = 0.1, left pane) and high knowledge polarization

(8 =1, right pane).



Appendix C Robustness
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Figure 16: Impacts of patent regimes on key macro variables with incentive to patent effect.
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Figure 17: Impacts of patent regimes on key macro variables with incentive to patent + patent

incentive to innovate effects.
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