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Abstract

In this paper we present a multi-country, multi-industry agent-based model investigating the differ-

ent growth patterns of interdependent economies. Each country features a Schumpeterian engine of

endogenous technical change which interacts with Keyneasian/Kaldorian demand generation mech-

anisms. National growth trajectories are driven by firms’ accumulation of technological knowledge,

which in turn also leads to emergent specialization patterns in different industries. Interactions

among economies occur via trade flows, stemming from the competition of firms in international

markets. Simulation results show the emergence of persistent income divergence among countries

leading to polarization and club formation. Moreover, each country experiences a structural trans-

formation of its productive structure during the development process. Such dynamics results from

firm-level virtuous (or vicious) cycles between knowledge accumulation, trade performances, and

growth dynamics. The model accounts for a rich ensemble of empirical regularities at macro, meso

and micro levels of aggregation.
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1 Introduction

Since its foundations, one of the major challenges in economics has concerned the drivers of the wealth

of nations and their disparities across countries. This has been the concern of both classical economists,

in primis Adam Smith and Marx, as well as their critics (such as List, see the reconstruction in Reinert,

2009), and it has been addressed by a whole generation of economic historians including Landes (1969),

Cipolla (1994) and Allen (2001). For long time, international disparities have been taken for granted

as a self-evident empirical regularity. Only rather recently, one has begun to statistically document

these phenomena. A while after the seminal contributions by Kuznets (1966) and Bairoch (1981), a

burgeoning stream of research has uncovered new empirical regularities concerning the evolution of

countries’ income distribution over time (see also Durlauf and Quah, 1999; Durlauf et al., 2005).

On the interpretative side, the classics and a good deal of historians have agreed that technolog-

ical change is a sort of primis inter pares driver of both country-specific growth and inter-country

differences thereof. However, the theory has been much slower in acknowledging it. Modern growth

theory in its inception reveals the importance of technical change, essentially by default, via the famous

Solow’s residual typically labelled as “total factor productivity” or, as Abramovitz would put it, as the

measure of the economists’ ignorance. Nevertheless, long after the lonely voice of Schumpeter such an

acknowledgment has lead to the emergence of new models in the evolutionary perspective (Nelson and

Winter, 1982; Dosi et al., 1994, 2010; Silverberg and Verspagen, 1995; Llerena and Lorentz, 2004, see

e.g.) and in the Neoclassical one (see e.g. Romer, 1990; Aghion and Howitt, 1992, 1997). However, in

both paradigm there is a “lack of attention both to multi-sector growth models and to multi-country

models with trade and capital flows” (Solow, 2005). Moreover, the complex feedback between demand

and supply at medium and long run frequencies are usually overlooked (Solow, 2005).

In this work, we try to answer Solow’s pleas by building an agent-based evolutionary model featuring

many countries and sectors. We aim to study how different endogenous growth trajectories and processes

of structural change can lead to patterns of divergence (or convergence) among different economies.

The multi-country framework enable us to study the dynamics of the whole cross-sectional distribution

of aggregate incomes, entailing the possibility of phenomena such as polarization, convergence clubs

and growth persistence (Quah, 1996). Together, the multi-sectoral setting sheds a light also on the

dynamics of structural change. Indeed, the growth process is also “qualitative” as it typically involves

the transformation of the economic structure, and those countries that manage to build up the conditions

for such transformation are also able to fill their technology gap and escape from poverty (McMillan

et al., 2014; Lavopa and Szirmai, 2014; Freeman and Soete, 1997; Landes, 1969; Reinert, 2009).1 Finally,

the open economy framework allows to study jointly the dynamics of international competition, trade

and growth wherein international technology-gaps and absolute advantages/disadvantages bear long

term effects on growth patterns.

The creative-destruction processes of innovations and the radical transformations involved with

structural change cannot be accounted by equilibrium models studying growth along a steady-state

path. This is even more so in a multi-country setting where heterogeneous firms compete in different

international markets and industries. For these reasons, we employ an agent-based model (ABM).2

ABMs consider the economy as a complex evolving system (Arthur et al., 1997; Kirman, 2010; Dosi,

1On the modeling side, see e.g. Cimoli (1988), Dosi et al. (1990), Los and Verspagen (2006), and Cimoli and Porcile
(2013).

2For an introduction to the methodology see Tesfatsion and Judd (2006), LeBaron and Tesfatsion (2008), and Farmer
and Foley (2009). Recent surveys of macroeconomic agent-based models are provided by Fagiolo and Roventini (2012,
2017).
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2012), where macroeconomic empirical regularities emerge from out-of-equilibrium interactions of het-

erogeneous adaptive agents.

Building on Dosi et al. (1994) and on the “Keynes meets Schumpeter” framework (Dosi et al.,

2010, 2013, 2015, 2017b; Lamperti et al., 2017),3 the model is populated by heterogeneous firms which

belong to different countries and industries and compete in international markets. Firms strive to

innovate and imitate their competitors in order to increase their productivity and, as a consequence,

their market shares. Thus, the model features a fully micro-founded Schumpeterian engine of endogenous

technical change. At the same time, well in tune with a Keynes-Kaldor perspective, changes in domestic

and international demand conditions affect both economic fluctuations and growth trajectories. Firms

exporting activities shape international trade flows and the evolution of current accounts and exchange

rates between countries.

Simulation results show the emergence of endogenous growth cum fluctuations in countries’ de-

velopment paths. However, countries exhibit different growth trajectories leading to global divergence,

polarization, and clubs formation. These dynamics result from the heterogeneous processes of structural

change taking place in every economy, interacting with sectoral specializations and trade performances.

Indeed, leading countries posses absolute advantages with respect to the laggard ones, in line with

evolutionary trade theories (Dosi et al., 1990). The interactions between Schumpeterian competition

and Kaldorian aggregate demand feedback are responsible for such emergent dynamics. Indeed, at the

microeconomic level, the innovative and imitative activities of firms determine their competitiveness and

market shares in world markets, boosting their sales and providing the necessary resources for their R&D

investments. In turn, the performances of firms shape the structural transformation in their domestic

countries. Such emerging properties are all captured by the model which simultaneously accounts for a

large set of macro, meso and micro empirical regularities.

The rest of this work is organized as follows. Section 2 introduces some stylized facts at different

levels of aggregation which ought to be reproduced by endogenous growth models. In Section 3, the

model is presented. Simulation results are showed in Section 4 and discussed in Section 5. Finally,

Section 6 concludes.

2 Innovation and International Growth Patterns: Some Multi-Scale

Evidence

Let us start by briefly reviewing the empirical evidence on economic growth in a multi-country perspec-

tive (see Durlauf et al., 2005; Jones, 2016, for macroeconomic surveys). Together, we will consider also

empirical regularities at the micro and meso levels. The stylized facts (SF) presented in this section (cf.

Table 7) will be the test-bed for evaluating the explanatory power of our model.

2.1 Macroeconomic growth and fluctuations

Many historical accounts have documented an exceptional rise in living standards over the past two

centuries (Landes, 1969; Bordo et al., 2007; Maddison, 2010). Nevertheless, such a take off has taken

place in a relatively small set of Western nations while, only in the post-WWII period, their club was

joined by Japan and by a group of East Asian economies. Such catching up episodes have been rather

3For other endogenous growth agent-based models, see e.g. Silverberg and Verspagen (1995), Llerena and Lorentz
(2004), Saviotti and Pyka (2008), Caiani et al. (2017). In particular, the interactions between structural change and
economic growth is explored in Ciarli et al. (2010); Lorentz et al. (2016); Ciarli et al. (2017).
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rare as have been phenomena of forging ahead or falling behind (Abramovitz, 1986). More generally,

the era of self-sustained economic growth is undoubtedly associated to “the great divergence” (Allen,

2001): starting from similar pre-industrial conditions, countries are nowadays extremely differentiated

in terms of several indicators including productivity levels and wealth per capita.

Not surprisingly, the empirical growth literature has largely rejected the convergence hypothesis

on the grounds of different econometric techniques. Indeed, there is no empirical support for the so-

called σ-convergence (i.e. decreasing income dispersion among countries - Sala-i Martin, 1996), and

β-convergence occurs only in subsamples of economies characterized by similar initial conditions and

common characteristics (Durlauf and Johnson, 1995). Considering the dynamics of the whole cross-

sectional distribution of country incomes, a series of works has shown instead a strong shift over time

towards bimodality and polarization (Quah, 1996; Bianchi et al., 1997; Henderson et al., 2008; Castaldi

and Dosi, 2009), and slow mobility across income “clubs” (Quah, 1993, 1997). Relative rankings among

countries tend to be sticky and only few economies successfully completed the transition from low-income

to high-income clubs.

Contrary to what implied by equilibrium models, steady growth trajectories are hardly found in real

data. Across-period correlation in growth rates of individual countries are rather weak suggesting that

development paths are unstable (Easterly et al., 1993; Pritchett et al., 2000) with alternating phases of

acceleration and deceleration (Rodrik, 1999; Hausmann et al., 2005; Lamperti et al., 2016).

Concerning the statistical properties of growth rates distributions, Castaldi and Dosi (2009) find

evidence of fat tails in the empirical density obtained by pooling together growth rates from different

countries and years. Symmetrically, data display a negative scaling law between income levels and

growth rates variability (Canning et al., 1998; Castaldi and Dosi, 2009). Loosely speaking, laggard

countries tend to experience more severe aggregate fluctuations.

Let us sum up the first set of stylized facts (SF) concerning international growth patterns:

SF 1 In the last two centuries per capita incomes have grown exponentially in all countries affected by

the process of industrialization.

SF 2 There have been a few historical episodes of catching up, forging ahead and falling behind.

SF 3 Aggregate income dispersion has increased over time with no σ-convergence.

SF 4 β-convergence does not appear unless under some form of ex-ante selection bias.

SF 5 The cross-sectional income distribution reveals a tendency towards bimodality and polarization.

SF 6 There is a general lack of mobility across income clubs. Relative rankings are rather sticky.

SF 7 Growth rates are weakly correlated across periods. Growth trajectories are relatively unstable.

SF 8 The distribution of international growth rates displays a Laplacian shape with fat tails.

SF 9 The volatility of growth rates is negatively associated to income levels.

We now consider the short-run behavior of economies at the business cycle frequencies. First, there

is clear evidence that mild recessions coexist with deep crises (Stiglitz, 2011, 2015). Consistently, Fagiolo

et al. (2008) investigate the time-series distribution of output growth rates and find that fat tails robustly

emerge. Moreover, since the seminal work of Burns et al. (1946), there are also robust stylized facts

concerning co-movements and relative volatility between output, consumption and investment (see e.g.

Watson and Stock, 1999; Napoletano et al., 2006). Total investment expenditure is more volatile than

GDP which, in turn, fluctuates less than consumption. Finally, investment and consumption co-move

with GDP and are coincident and procyclical variables. We can then add other stylized facts to the list:
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SF 10 Output grows exponentially displaying large endogenous fluctuations.

SF 11 Mild recessions coexist with deep downturns.

SF 12 Investment is more volatile than output while consumption is less volatile.

SF 13 Investment and consumption are both procyclical and coincident variables.

2.2 Industrial dynamics

The process of development involves a structural transformation of the economy (Kuznets, 1966). Struc-

tural change continuously shapes growth trajectories as resources migrate from traditional agricultural

activities to manufacturing and, possibly, nowadays, to information-intensive sectors (Lavopa and Szir-

mai, 2014). In turn, as emphasized by the structuralist approach to development, heterogeneity in

productive structures is a fundamental source of income disparities (see e.g. Prebisch et al., 1950).

Indeed, fast-growing economies usually manage to specialize and to develop absolute advantages in dy-

namic sectors characterized by wide learning opportunities and high income elasticities of demand (see

Dosi et al., 1990, among many others). More recently, similar patterns have been re-discovered intro-

ducing the notions of “complexity” and “product space” (Hausmann et al., 2007; Hidalgo and Hausmann,

2009; Tacchella et al., 2012, 2013; Cristelli et al., 2015), where a complexity measure is associated to

each commodity using product-level data. In this way, one can relate the performance of a country to

the overall complexity of its export basket. Results along these lines have largely confirmed old findings

concerning the importance of capabilities accumulation in the production of sophisticated goods. De-

velopment is therefore conceived as a process of learning, diversification and self-discovery (Hausmann

and Rodrik, 2003; Cimoli et al., 2009).

As industries emerge and decline, the characteristics of such a process ought to be studied. Castaldi

and Sapio (2008) analyze the distributional properties of industry growth rates finding evidence sup-

porting fat-tailed densities in line with what observed at the country level.

The empirical regularities at the meso level can be summarized as follows:

SF 14 Endogenous structural change accompanies the whole development and growth trajectories.

SF 15 Heterogeneous productive structures in terms of sectors and products are associated with different

revealed performances.

SF 16 The distribution of industry growth rates are fat-tailed, too.

2.3 Firm-level empirical regularities

Firms are major loci where innovation and technical change occurs. As a consequence, they are one of

the primary engines of the dynamics observed at the industry and country level. Let us present some

microeconomic stylized facts concerning firm dynamics (see Dosi, 2007, for a recent survey on the topic).

All available data suggest strong and persistent heterogeneity among firms. Firms differ profoundly

in their capabilities and organizational forms, they master different technologies and follow idiosyncratic

learning trajectories (Nelson and Winter, 1982; Dosi et al., 2001). This maps in firm productivity data

which always reveal a large dispersion persisting over time (Bartelsman and Doms, 2000). In turn,

heterogeneous efficiency levels translate into different profitabilities and performances (Geroski et al.,

1993). Partly as a result, the empirical evidence about firm size distribution robustly shows a departure

from the Gaussian benchmark and the presence of right-skewness, i.e. few large firms coexist with

many small units (Dosi, 2007). Micro growth rates distributions are well approximated by fat-tailed
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Laplace density (Bottazzi and Secchi, 2003, 2006). As argued in Dosi (2007), the presence of fat tails

can be directly related to some underlying lumpiness in the growth process of firms as well as to the

correlation structure stemming from the very process of competition (see also Dosi et al., 2016b). Note

that growth-rate distributions observed at the firm, industry, and country level suggest that such lumpy

process survives aggregation and possibly point at a universal scaling conjecture (Fagiolo et al., 2008).

Given the multi-country perspective of the model which follows, let us also consider firm perfor-

mances in international markets. First, exporting businesses are only a little fraction of the total firm

population (Bernard and Jensen, 1999; Bernard et al., 2012). Then a natural question arises: do ex-

porters display any specific characteristics? Empirical evidence robustly shows that exporting firms are

generally larger, more productive, have higher capital-intensity, employ more skilled workers and pay

higher wages than non-exporting competitors (Bernard and Jensen, 1999; Bernard et al., 2012).

The foregoing firm-level empirical regularities conclude our list of multi-scale stylized facts:

SF 17 There are large and persistent productivity differentials across firms within the same sector and

country, at all the levels of aggregation, and even more so across countries.

SF 18 The distribution of firm size departs from normality and is right skewed.

SF 19 The distribution of firm growth rates exhibit fat tails.

SF 20 Only few firms are exporters.

SF 21 Exporters are larger and more productive than non-exporters.

3 The Model

The tall ambition of our model is indeed to account jointly for all the stylized facts listed above, or at

least for a large part of them. The model features N economies (indexed by i). Each country includes

M consumption-good industries (indexed by h) and a capital-good sector. Each consumption-good

sector is populated by S firms (indexed by j). Technologies of production are heterogeneous across

firms and endogenously evolve via a stochastic process of innovation and imitation. For simplicity, we

assume that search and innovation occur only in the consumption-good sector and take the form of

labour productivity increases, i.e. technical progress is Harrod neutral. Finally, again for simplicity,

countries are endowed with an infinite supply of labor. The proximate ancestors of the model are the

multi-country ABM in Dosi et al. (1994) and the Keynes+Schumpeter family of models (Dosi et al.,

2010, 2013, 2015, 2017b).4

3.1 Timeline of the events

In each each time step t events proceed as follows:

1. Firms in the consumption-good industries perform R&D in order to discover new techniques and

to imitate competitors closer to the technology frontier. If and when innovation or imitation are

successful, firms can improve their labor productivity.

2. Production, investment and employment decisions take place. Given their expected demand,

consumption-good firms set their desired production, hire workers accordingly and, if necessary,

expand their productive capacity.

4As the aim of the model is to study the emergence of technology-driven endogenous growth and convergent/divergeny
patterns in a large cross-section of countries, we do not model the financial sector. In this respect, the model is directly
comparable with most of the works in the “New Growth” literature.
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3. The capital-good sector in each country receives orders from firms in the consumption-good in-

dustries, hire workers, and start the production.

4. Monetary wages and exchange rates are set at the national level.

5. International imperfectly competitive consumption-good markets opens. Workers spend their

income on both domestic and imported goods. Firms’ market shares evolve according to their

price competitiveness.

6. Entry and exit occur. Firms with quasi-zero market share exit the market and are replaced by

new ones.

7. Machines ordered at the beginning of the period are delivered and become part of the capital stock

for the following one.

At the end of each time step, the aggregate variables (e.g. GDP, investments, consumption, exports,

imports, etc.) are computed by summing the corresponding microeconomic variables. The next sections

will provide a detailed description of the model.

3.2 The consumption-good sector

The consumption-good sector in each country is composed by M industries and S firms per industry.

Firms are the key drivers of technical change. They invest in R&D (RD) a fixed proportion of their

past sales (SS):5

RDi
j,h(t) = ρSSi

j,h(t− 1), (1)

with ρ ∈ (0, 1]. Total R&D expenditures are then split between innovative (IN) and imitative (IM)

efforts:

IN i
j,h(t) = λRDi

j,h(t) (2)

IM i
j,h(t) = (1− λ)RDi

j,h(t), (3)

with 0 ≤ λ ≤ 1.

Innovation and imitation are modelled as a two-step stochastic process. In the first step, a draw

from a Bernulli distribution (θ) determines whether firms succeed in their search activities. Probabilities

of success (θin,θim) are an increasing function of R&D expenditures and of firms’ search capabilities

(ξ1,2>0):6

θinij,h(t) = min

{

θmax; 1− e−ξ1IN
i
j,h(t)

}

(4)

θimi
j,h(t) = min

{

θmax; 1− e−ξ2IM
i
j,h(t)

}

(5)

Firms succeeding in innovation discover a new production technique associated with a labour pro-

ductivity coefficient Ain:

Ainij,h(t) = Ai
j,h(t− 1)(1 + xij,h(t)) where: x ∼ Beta(α1, β1) (6)

5As common in other evolutionary models (Chiaromonte and Dosi, 1993; Dosi et al., 1994, 2010), R&D strategies are
assumed to be entirely routinized and time-invariant. Notice that the assumption of fixed R&D expenditure coefficients
is quite in tune with firms actual behaviours (Nelson and Winter, 1982; Dosi, 1988; Dosi and Egidi, 1991).

6We impose an upper bound θmax < 1 to account for the fact that there is always a minimum degree of uncertainty
involved in search activities.
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The multiplicative increase (x) is drawn from a Beta distribution with parameters (α1,β1) and support

[x1, x̄1], with x1 ∈ [−1, 0] and x̄1 ∈ [0, 1]. The shape and support of the Beta distribution captures

technological opportunities. Given the high degree of uncertainty characterizing the innovation process,

the newly discovered techniques may well be less productive than the ones currently mastered by firms.

Technological opportunities and firms’ search capabilities define the characteristics of the technological

regime (Dosi, 1988; Dosi and Nelson, 2010).

Firms able to successfully imitate their competitors will copy randomly a technique (Aim) from the

latter. The probability to imitate a specific firm is inversely proportional to the technological distance,

measured by Euclidean metric. In tune with the technology-gap literature, we assume that foreign

techniques are more difficult to imitate than domestic ones (on the point see Abramovitz, 1986; Dosi

et al., 1990; Fagerberg et al., 2005). Therefore, if firms are based in different countries, the distance

between their technical coefficients is augmented by a multiplicative parameter ǫ > 1. As we shall see in

Section 5, the ease of imitation of foreign technologies plays a crucial role in driving catching-up among

countries.

Finally, once both the innovation and imitation processes are completed, each firm selects the most

efficient production technique among those that it can master, i.e. the one entailing the higher labor

productivity:

Ai
j,h(t) = max

{

Ai
j,h(t− 1);Ainij,h(t);Aim

i
j,h(t)

}

(7)

Given the nominal wage level (W ) fixed at the country level (see Equation 23 below), firms set price

(p) as a mark-up (m) on the unit cost of production:

pij,h(t) = (1 +mi
j,h(t))

W i
j,h(t)

Ai
j,h(t)

(8)

The mark-up ratio evolves according the dynamics of past market shares (f):

mi
j,h(t) = mi

j,h(t− 1)(1 + υ
f ij,h(t− 1)− f ij,h(t− 2)

f ij,h(t− 2)
), (9)

with υ > 0.

Consumption-good firms produce their output using both labour and capital. While labor produc-

tivity grows over time as result of technical change, the capital-output ratio (B) remains constant.7

Firms set desired production (Qd) according to adaptive demand expectations (D):8

Qdij,h(t) = f(Di
j,h(t− 1), Di

j,h(t− 2), ..., Di
j,h(t− k)). (10)

Desired production is constrained by productive capacity. Thus, actual production (Q) is computed as:

Qi
j,h(t) = min

{

Qdij,h(t),
Ki

j,h(t)

B

}

, (11)

where K is the stock of capital.

Capacity constrained firms invest to expand their capital stock. More specifically, expansion invest-

7In line with the empirical evidence (Kaldor, 1957; Dosi et al., 1990), the capital-output ratio is assumed to be constant.
8We assume myopic expectations, i.e. Qdij,h(t) = Di

j,h(t − 1). In line with Dosi et al. (2006); Roventini et al. (2016),
the results of the model are robust when more complex expectation rules are employed.
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ments (Ie) occur whenever the desired capital stock (Kd) exceeds the actual one.

Ieij,h(t) = Kdij,h(t)−Ki
j,h(t), (12)

with Kdij,h(t) = BQdij,h(t). Firms invest also to cover (constant) capital depreciation (δ).9 Hence,

replacement investments (Ir) are simply:

Irij,h(t) = δKi
j,h(t), (13)

with δ ∈ (0, 1). The law of motion of capital stocks is then equal to:

Ki
j,h(t+ 1) = Ki

j,h(t) + Ieij,h(t). (14)

3.3 The capital-good sector

In each country, domestic firms acquire their machines from an aggregate (i.e. unmodeled “single firm”)

capital-good sector. Total production (Qk) equals the sum of the orders from domestic firms (Ii):

Qi
k(t) = Ii(t). (15)

The labor productivity in capital-good sectors is assumed to track the average country level Ai(t). In

turn, employment is equal to:

Li
k(t) =

Qi
k(t)

Ai(t)
(16)

Finally, prices tracks the unit cost of production.

3.4 Market dynamics

Market selection regulates the distribution of international demand for different consumption goods

across firms. In each country, total consumption corresponds to the wage bill. For simplicity, we assume

that workers spend an equal proportion dh = 1/M of their income in each consumption-good industry.10

Each firm is competing in N national markets all characterized by imperfect information. As goods

are homogeneous within each industry, firms’ competitiveness depends on the price they charge. Natu-

rally, in foreign markets, firms’ prices are affected by the exchange rate and by trade costs (Anderson

and Van Wincoop, 2004). More specifically, given a firm j, operating in industry h and based in country

i, its competitiveness in country k is given by:

Ei,k
j,h(t) =

1

pij,h(t)e
i,k(t)(1 + τ)

, (17)

where ei,k stands for the nominal exchange rate between countries i and k, and the parameter τ cap-

tures additional costs for competing in foreign markets (equal to zero if i = k and strictly positive if

i 6= k). The average competitiveness (Ē) for industry h in country k is computed summing up firm

9Such asymmetric behavior is driven by a positive bias towards optimism as well as by a general concern about the
possibility to lose market shares. For a complete discussion of the topic see Kaldor (1951).

10Such assumption implies that sectoral income elasticities of demand are constant and equal to 1.This is obviously a
simplification: within the evolutionary tradition, the role of structural change driven by changes in patterns of consumption
is extensively analyzed in Verspagen (1992), Montobbio (2002), Ciarli et al. (2010) and Lorentz (2015).
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competitiveness over countries weighted by their market shares:

Ēk
h(t) =

N
∑

i=1

S
∑

j=1

Ei,k
j,h(t)f

i,k
j,h(t− 1). (18)

Finally, market selection affects firms’ market shares (f) by means of a quasi-replicator dynamics:11

f i,kj,h(t) = f i,kj,h(t− 1)(1 + χ
Ei,k

j,h(t)− Ēk
h(t)

Ēk
h(t)

), (19)

with χ > 0. In a nutshell, the market shares of more competitive firms in each market will expand, while

those of the less efficient ones will shrink. The parameter χ accounts for the strength of competition in

the market. The market share in the global market of firm j competing in industry h is computed as

follows:

f ij,h(t) =
N
∑

k=1

f i,kj,h/N. (20)

Given the wage (W ) and aggregate national employment (L), the domestic demand (Dint) of each

firm corresponds to:

Dintij,h(t) =W i(t)Li(t)dhf
i,k
j,h(t), with: i = k (21)

Symmetrically the demand for exports (Dexp) is:

Dexpij,h(t) =
N
∑

k 6=i

W k(t)Lk(t)ek,i(t)dhf
i,k
j,h(t) (22)

International competition is also characterized by Schumpeterian exit and entry dynamics. At each

time step, firms with quasi-zero market shares exit the market and are replaced by entrants. The number

of firms is thus constant in each industry.12 The technology of entrants evolve according to the domestic

average productivity in the industry.13 In tune with empirical evidence, we also assume that entrants

are on average smaller than incumbents (Caves, 1998; Bartelsman et al., 2005), and their initial stock

of capital is equal to the minimum level in the industry.

3.5 The macroeconomic framework

In each country, the functioning of the labour market is regulated by institutional rules. The supply of

labour is infinitely elastic to variations in demand (in line with Lewis, 1954; Cornwall, 1977). Hence,

total employment is determined in the goods markets by the total labour demand of consumption- and

11The quasi-replicator dynamics differs from the canonical one since it allows for negative market shares. The standard
replicator dynamics instead evolves on the unit simplex. Conversely, the “quasi-replicator” also determines firms death:
through the entry and exit process, firms with negative market shares are replaced by a new entities. For a deeper
discussion of the replicator dynamics model see Silverberg et al. (1988), Dosi et al. (1995) and Dosi et al. (2016b).

12Empirical findings support indeed the idea that entrants are proportional to the number of incumbents (Geroski,
1995).

13More precisely, firms’ initial techniques are obtained applying to the domestic average productivity in the industry a
multiplicative shock drawn from a Beta (α2, β2) with support [x2, x̄2] (where: x2 ∈ [−1, 0] and x̄2 ∈ [0, 1]). Such assumption
is consistent with recent theoretical and empirical appraisals pointing out the cumulativeness and the specificity of national
learning patterns (Fagerberg, 1994; Cimoli and Dosi, 1995; Fagerberg and Verspagen, 2002; Cimoli et al., 2009).
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capital-good firms.14 Monetary wages are determined by institutional factors as in Dosi et al. (2010):

W i(t) =W i(t− 1)(1 + ψ1g
i
prod(t− 1) + ψ2g

i
empl(t− 1) + ψ3g

i
cpi(t− 1)), (23)

with ψ1,2,3 > 0. That is, wages are affected by past growth rates of national productivity (gprod),

employment (gempl), and consumption price index (gcpi).

Concerning exchange rates (e), they evolve according to past current account conditions with a

stochastic noise:

ei(t) = ei(t− 1)(1 + γ
TBi(t− 1)

Ȳ (t− 1)
+ ui(t)) ut ∼ N , (0, σe), (24)

where TB stands for trade balance, Ȳ is world GDP, u is a white noise, and the parameter γ regulates

the sensitivity of the adjustment defining the exchange rate regime.15 In line with the literature on

BOP-constrained growth (see e.g. McCombie and Thirlwall, 1994; Thirlwall, 1979), such a formulation

tries to capture in a parsimonious way the long-run tendency of exchange rates to move in order to

balance current accounts among countries.

At the end of each time step, national aggregates are determined simply summing up the corre-

sponding micro variables. Thus, national consumption (C), total exports (EXP ) and imports (IMP )

are computed as:

Ci(t) =W i(t)Li(t); (25)

EXP i(t) =
M
∑

h=1

S
∑

j=1

Dexpij,h(t); (26)

IMP i(t) = Ci(t)−

M
∑

h=1

S
∑

j=1

Dintij,h(t). (27)

Naturally, the trade balance is TBi(t) = EXP i(t)− IMP i(t). The GDP (Y ) of country i is then equal

to:

Y i(t) = Ci(t) + Ii(t) + EXP i(t)− IMP i(t) (28)

Of course, trade balances of all countries cancel out at the global level:

N
∑

i=1

TBi(t)ei(t) = 0.

4 Simulation Results

How does the model fare in reproducing the empirical regularities presented in Section 2? The results

generated by the model are analyzed by means of numerical simulations. We impose identical initial

conditions and structural parameters across countries and firms.16 In this way, we can explore the

14For macroeconomic agent-based models explicitly accounting for decentralized labor-market dynamics see e.g. Fagiolo
et al. (2004); Dawid et al. (2012); Riccetti et al. (2015); Dosi et al. (2016a, 2017b,a) and the survey in Fagiolo and Roventini
(2017).

15The exchange rate between two countries i and j can be computed as: ei,k = ei

ek
. Model properties are robust also to

a scenario with fixed exchange rates (γ = 0;σ = 0). Results are available from the authors upon request.
16Even if most of behavioural rules and interaction mechanisms are grounded on the empirical evidence, we did not

explicitly perform any calibration exercises. However, simulations results robustly emerge for a large part of the parameter
space. For recent developments in the fields of validation and calibration of ABMs see e.g. Lamperti (2017), Guerini and
Moneta (2017) and Grazzini et al. (2017). A survey of the literature is provided by Fagiolo and Roventini (2017).
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Figure 1: Per capita income dynamics

Figure 2: Zoom on specific growth episodes of catching up, forging ahead and falling behind

endogenous emergence of heterogeneity across firms and industries, and study whether it generates

convergent/divergent international growth patterns.

Below we present the results of Monte Carlo simulations. Structural parameters are presented in

Table 9 in the Appendix.

We first consider the growth trajectories emerging at the international level (Section 4.1). We then

zoom in and study industrial and firm dynamics (Section 4.2).

4.1 Endogenous growth and divergent patterns

Let us start by considering the dynamics of per capita income of the sixty countries composing our

world economy (cf. Figure 1).17 First, the model endogenously generates secular exponential growth

in incomes per capita (SF 1) and divergent patterns across countries. Simulations (cf. Figure 2) also

show emergent episodes of forging-ahead, catching-up and falling-behind (SF 2).

Simulated GDP data do not reveal any tendency to convergence. The first two moments of the

17Income and productivity variables are always expressed at constant prices and exchange rates.
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Figure 3: Income distribution moments dynamics. Monte Carlo 5% confidence intervals in grey

income distribution increase over time (cf. Figure 3), thus rejecting the σ-convergence hypothesis as in

real data (SF 3). Again, in tune with the empirical evidence, β-convergence does not occur (SF 4).

More precisely, we sequentially regress the average growth rates (gy) for the period t, t + t∗ versus the

initial income levels (y):

gy(t, t+ t∗) = α+ βy(t).

Results in Figure 4 show that negative and significant estimates of β are ephemeral episodes. The

unconditional convergence hypothesis thus fails unless introducing some specific selection bias. Such

conclusion is reinforced by the Monte Carlo averages of β estimates, which monotonically approach zero

over time (see Figure 5). This suggests that, as the technological distance among countries increases,

imitation and catching-up become more difficult. The foregoing results are corroborated by the different

convergence tests proposed by Bernard and Durlauf (1991).18

However, as the moments of the income distribution do not fully account for its time dynamics (Quah,

1996), we show in Figure 6 the evolution of the whole empirical density of international incomes, which

clearly moves from an unimodal shape towards a bimodal one at the end of the simulation (SF 5).19 In

turn, the model endogenously generates two convergence clubs for poor and advanced countries, with

the latter being relatively smaller than the former. Such results are corroborated by bimodality tests (cf.

Table 1) commonly employed in the growth literature (Bianchi et al., 1997; Henderson et al., 2008). The

Silveraman tests rejects unimodality (M = 1) at the 10% level already at t = 200 while the bimodality

hypothesis (M = 2) cannot be rejected. Consistently with the empirical findings of Henderson et al.

(2008), the more conservative DIP test fails to reject unimodality during the simulation. However, the

18We estimate a battery of augmented Dickey-Fuller equations and apply the Engel-Granger procedure for cointegration.
The results, available on request, are in line with those of Bernard and Durlauf (1991).

19Income (and productivity) data are normalized taking logs and subtracting the cross-country average to remove
common trends: yi,t = log Yi,t − log Ȳt. Where Y is the original variable and Ȳ is an average across countries. As a
result, the corresponding growth rate densities are centered on zero. The same normalization is performed for industry-
and firm-level data, when studying distributional properties.
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Figure 4: Sequential estimation of β-convergence (single realization). OLS 5% confidence intervals in
grey

Figure 5: Sequential estimation of β-convergence (Monte Carlo averaged values). Monte Carlo 5%
confidence intervals in grey

decreasing trend in the p-values clearly provides further evidence against unimodality.

Relatedly, the estimation of transition probability matrix for five different classes of country income

(cf. Table 2) reveals a general lack of mobility within the distribution.20 Indeed, the high probability

values along the main diagonal suggest that relative country rankings are sticky (SF 6). Moreover, the

associated ergodic distribution shows that the probability mass tend to (asymptotically) concentrate on

the tails, pointing, once again, at an on-going process of polarization.

Let us now consider the scaling behavior of output growth rates. Consistently with Castaldi and

Dosi (2009), we order pooled normalized per-capita income observations (y) and we divide them in

equally populated bins. Then, we regress the mean and the standard deviation of growth rates (g) in

20Probabilities are computed as p̂i,j =
ni,j

ni
where ni is the number of observations in state i and ni,j is the number

of observed transition from i to j. This corresponds to the maximum likelihood estimators of true probabilities (Norris,
1998).
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Figure 6: Evolution of the cross-sectional distribution (single realization); left : income per capita; right :
total GDP

each class i versus the associated average income level (ȳ):

µ(g)i = α+ βȳi + et

log(σ(g)i) = α+ βȳi + et

A plot for a single realization is presented in Figure 7 while Table 3 provides Monte Carlo averaged

estimated coefficients. We find that the volatility of g (in logs) scales negatively with income levels

(SF 9), suggesting that poor countries are subject to more severe aggregate fluctuations than advanced

economies. The positive relationship found between growth rates and income levels instead points at

the existence of dynamic increasing returns in production (Castaldi and Dosi, 2009).

Countries do not appear to follow a steady growth trajectory. In line with the empirical evidence,

the average across-periods correlation of country growth rates (cf. Table 4) are rather weak, suggesting

that growth experiences are relatively unstable (SF 7).

We then investigate the statistical properties of output growth rates distributions. More specifically,

we fit the exponential-power family of densities over the empirical distribution of cross-country growth

rates.21 In tune with the empirical evidence (SF 8), the estimated b parameter is close to unity (cf.

Table 5), i.e. a Laplacian shape with tails much fatter than the Gaussian benchmark provides a good

21Following (Bottazzi and Secchi, 2003), we fit a symmetric Subbotin function which has the form:

f(x) =
1

2ab1/bΓ(1 + 1/b)
e−

1

b
| x−m

a
|
b

,

where m is the location parameter, a accounts for the scale and b governs the fatness of the tails. For b = 2 the distribution
converges to a normal whereas for b = 1 it describes the Laplace distribution. Estimates of the Subbotin are performed
also with industry- and firm-level data and are reported in Table 5.
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Silverman Test

Time Step M=1 M=2 M=3 DIP test

1 0.2482 0.3975 0.4030 0.8410
(0.0380) (0.0371) (0.0344) (0.0238)

100 0.1516 0.2982 0.3890 0.4762
(0.0243) (0.0336) (0.0378) (0.0480)

200 0.0684 0.4526 0.4582 0.2803
(0.0204) (0.0390) (0.0351) (0.0444)

300 0.0620 0.4603 0.5191 0.1795
(0.0255) (0.0416) (0.0337) (0.0402)

400 0.0373 0.4155 0.4205 0.1627
(0.0181) (0.0356) (0.0333) (0.0332)

500 0.0336 0.4642 0.4577 0.1537
(0.0160) (0.0345) (0.0305) (0.0342)

Table 1: p-values from multimodality tests at different time steps; variable: per capita GDP. Monte
Carlo standard errors are in brackets.

N. obs. 1 2 3 4 5

5751.28 0.9325 0.0663 0.0011 0.0001 0
(213.2393) (0.0033) (0.0032) (0.0001) (0.0000)
6601.52 0.0682 0.8528 0.0777 0.0013 0

(160.1320) (0.0013) (0.0022) (0.0018) (0.0001)
4979.2 0.0008 0.1222 0.7763 0.0988 0.0019

(132.6577) (0.0001) (0.0019) (0.0020) (0.0016) (0.0001)
4161.98 0 0.0022 0.1252 0.7689 0.1037

(124.6708) (0.0002) (0.0024) (0.0029) (0.0017)
8326.02 0 0.0001 0.0014 0.0458 0.9528

(83.2227) (0.0000) (0.0001) (0.0015) (0.0014)

Ergodic 0.2495 0.2281 0.1468 0.1166 0.2591
(0.0099) (0.0057) (0.0044) (0.0041) (0.0028)

Notes: Variables are normalized dividing by the world sum. Income classes are defined as:
(1): y < 0.5; (2): 0.5 < y < 0.75; (3): 0.75 < y < 1; (4): 1 < y < 1.25; (5): y > 1.25.

Table 2: 3-step transition probability matrix and implied ergodic distribution; variable: per capita
GDP. Monte-Carlo standard errors are in brackets.

Std. Dev. Mean

Binned OLS −0.2077 0.0048
(0.0090) (0.0001)

Notes: Model for Std. Dev.: log(σ(gy)i) = α+ βȳi + et
Model for Mean: µ(gy)i = α+ βȳi + et

Table 3: Scaling relations (Binned OLS); variable: per capita GDP. Monte-Carlo standard errors are in
brackets.
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Figure 7: Scaling laws (single realization); left : Growth rates standard deviation vs. income levels;
right : Growth rates mean vs. income levels

Period length 5 8 10 15

Simple 0.2755 0.2171 0.1647 0.0293
(0.0043) (0.0046) (0.0052) (0.0050)

Rank 0.2261 0.1680 0.1266 0.0263
(0.0031) (0.0036) (0.0043) (0.0042)

Table 4: Average across-periods correlation in growth rates; variable: per capita GDP. Monte-Carlo
standard errors are in brackets.

b a m

Per capita income 1.0171 0.0248 −0.0028
(0.0056) (0.0002) (0.0001)

Output 0.9776 0.0476 −0.0015
(0.0061) (0.0005) (0.0001)

Per capita income (time series) 1.1423 0.0252 0.0234
(0.0378) (0.0007) (0.0004)

Output (time series) 1.1102 0.0513 0.0276
(0.0307) (0.0011) (0.0007)

Industry output 0.5791 0.0135 −0.0073
(0.0026) (0.0002) (0.0002)

Firms output (country pooling) 1.1435 0.0926 −0.0105
(0.0151) (0.0013) (0.0005)

Firms output (single industry) 1.1495 0.0926 −0.0105
(0.0153) (0.0012) (0.0005)

Table 5: Exponential power parameters estimation at different levels of aggregation. Monte-Carlo
standard errors are in brackets.
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Figure 8: Macro growth rates distributions (empirical density vs. normal fit); left panels: cross-sectional
pooling; rigth panels : time series growth rates for a single economy

fit of the empirical distribution (see Figure 8).

Similar results are also found when one considers the time-series distribution of output growth rates

for a given country (cf. right panels in Figure 8). This in turn implies that the growth process of

country is characterized by endogenous fluctuations and (rarer) deep crises (SF 11, cf. Fagiolo et al.,

2008). Finally, we consider the business-cycle properties of macroeconomic time series.22 In line with

the empirical evidence (Watson and Stock, 1999), the detrended series of aggregate investment is more

volatile than GDP, while the latter fluctuate less than aggregate consumption (SF 12). Moreover,

cross-correlations among macro variables at the business cycle frequencies suggest that consumption,

investment, employment and productivity are procyclical as they track GDP fluctuations (SF 13).

4.2 Emergent structural change and firm heterogeneity

The foregoing macroeconomic patterns result from a rich dynamics at the industry level shaped by the

innovative activities of firms and by processes of market selection.

First, the evolution of industry output shares for four randomly selected countries (cf. Figure 9)

reveals that the model is able to generate endogenous structural change (SF 14). Note that at the

beginning of the simulation, economies are equal also in terms of specialization. However, the relative

weights of industries evolve over time, leading to heterogeneous productive structures across countries

(SF 15). Interestingly, in some economies, sectors appear to emerge and decline rapidly while others

seem to experience more stable dynamics. This, in turn, implies that the patterns of structural change

also differ across countries (McMillan et al., 2014). Moreover, disparate specialization trajectories are

found to drive different growth performances. To highlight this point, we report in Figure 10 the

productivity gap (at the end of the simulation) disaggregated by industries between the subset of

countries in the top income decile vis-á-vis those in the bottom one. The gap appears to be significant

in almost all sectors. In line with evolutionary intuitions (Dosi et al., 1990) and with empirical findings

22Due to space reasons, we do not report the results in the paper. They are available from the authors upon request.
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Figure 9: Industry output shares evolution (4 randomly selected countries)

Figure 10: Productivity-gaps by industry between leaders and laggards. Monte Carlo 5% confidence
intervals are given by black bands. Leaders and laggards are selected as respectively the top and the
bottom 10% countries in terms of average income ranking during the last 100 steps.
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Figure 11: Industry and firm growth rates distributions (empirical density vs. normal fit)

Figure 12: Firms productivity standard deviation (4 randomly selected industries)
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Figure 13: Rank-size plots (empirical vs. lognormal case; 5 randomly selected industries and country
pooling); variable: firms’ year-standardized sales

(Hidalgo et al., 2007; Tacchella et al., 2012), fast-growing economies are those that during the simulation

manage to develop absolute technological advantages in most activities.

The heterogeneity across sectors is also revealed by the distribution of within-country growth rates

for industry output. Once again, there is a strong departure from normality with emerging fat tails

(cf. Subbotin estimates in Table 5 and the left panel in Figure 11): different industries experience large

growth episodes and sharp contractions (SF 16).

The stylized facts of industrial dynamics result from the interactions of heterogeneous innovating

firms. In tune with microeconomic evidence (SF 17), there is persistent productivity heterogeneity

across firms (cf. Figure 12). The productivity differentials map into different market shares, profits

levels and eventually size. The distribution of firm size is indeed right-skewed (SF 18), suggesting the

co-existence of few successful large entities with many small businesses (cf. Figure 13). Firms growth

rate distributions exhibit a fat-tailed “tent” shape (SF 19), alike those found at the industry and

country levels (cf. Subbotin estimates in Table 5, central and right panels in Figure 11). It seems that

lumpy growth processes at the micro level are not washed away by aggregation, suggesting a possible

“universal” mechanism of growth for firms, industries and countries.

Finally, the model also replicates some pieces of empirical evidence on firm-dynamics and interna-

tional trade. In Table 6, we report some Monte Carlo statistics on exporters shares and premia. Market

selection mechanisms allow only a small fraction of total domestic firms (around 6.5%) to penetrate in

foreign markets (SF 20). As observed in real data, there are premia associated to the export status

(SF 21): exporters are more productive, they employ more workers and display higher sales than non-

exporting competitors. The second row in Table 6 shows that such features persist also when controlling

for industry-specific characteristics.
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Exporters premia

Exp. Share (%) Productivity (%) Employment (%) Tot. sales (%)

Country level 6.5975 74.3132 34.5098 202.2531
(0.0775) (0.5667) (3.8768) (3.2267)

Industry level 16.8310 124.2774 136.0739
(0.0847) (2.6970) (2.4416)

Notes: A firm is considered exporter at t if fi,t > fmin ∗ 1.05 in at least one country. Where: fmin = 1
(N∗S∗10)

Export premia are computed as: [log(XEXP )− log(XNEXP )] ∗ 100. Where: XEXP and XNEXP are averages
respectively for exporters and non-exporters.

Table 6: Exporters shares and premia. Monte-Carlo standard errors are in brackets.

5 General discussion

A summary of all the stylized facts is provided in Table 7. Simulation results have shown that a par-

simonious multi-country agent-based model can account for endogenous growth and a rich ensemble

of empirical regularities at different levels of aggregation. Such results can be achieved with only two

basic drivers. On the supply side, an endogenous engine of technical change is grounded on firm-specific

innovative and imitative activities. On the demand side, Keynesian/Kaldorian mechanisms endoge-

nously determine aggregate demand and its distribution across countries (via technological gaps/leads

and foreign trade multipliers).

Note that commonly found explanatory variables such as the education level or the degree of political

stability are not even modelled here, while other variables such as R&D propensities are assumed

identical across-countries and time-invariant. Therefore, they cannot be at the root of the ubiquitous

emergent dynamics of differentiation and divergence.

Indeed such “secular” phenomena may be robustly accounted for by the interaction between idiosyn-

cractic learning, trade competitiveness and demand generation under conditions of dynamic increasing

returns. In line with Myrdal (1957) and Kaldor et al. (1967), virtuous and vicious cycles of cumulative

events at the firm level survive aggregation and affect overall trade balances and GDP growth.23 At the

micro level, a virtuous cycle in our model is typically given by:

i. An idiosyncratic productivity increase either via innovation or imitation.

ii. If such productivity gain is not compensated by increases in wages or by an appreciation of the

exchange rate (both system-level variables in our model), the firm will be able to increase its price

competitiveness in both national and foreign markets, boosting its sales, exports, and output.

iii. In the following period, higher sales entail higher R&D expenditures which, in turn, increase the

probability of achieving a new productivity increase, etc.

The asymmetric accumulation and propagation of (endogenous) productivity and demand shocks at the

firm level is then responsible for the emerging macro divergence.

The foregoing sequence of cumulative feedback propagates to the macroeconomic level both on the

supply and on the demand side. Concerning the former, start by noticing that when the firm size

distribution is skewed (as in our model, cf. Figure 13), the macrodynamics will be affected by the

evolution of few large firms. This is in line with the granular hypothesis by Gabaix (2011), although

it has little to do with propagation. More important for our purposes here is the possibility of (easier)

23For genuine Kaldorian models see: Dixon and Thirlwall (1975); Thirlwall (1979); Amable (1993); Setterfield and
Cornwall (2002); León-Ledesma (2002).
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Stylized facts Related literature

Macroeconomic level

SF 1 Secular increase in per-capita incomes Maddison (2010)
SF 2 Endogenous catching up, forging ahead and falling behind episodes Abramovitz (1995)
SF 3 Rising income dispersion Sala-i Martin (1996); Lee et al. (1997)
SF 4 Lack of unconditional β-convergence Baumol (1986); De Long (1988)
SF 5 Bimodality in the cross-sectional distribution of income Bianchi et al. (1997); Henderson et al. (2008)
SF 6 Lack of mobility across income classes Quah (1993)
SF 7 Low across-period correlation of growth rates Easterly et al. (1993); Pritchett et al. (2000)
SF 8 Fat-tailed distribution of international growth rates Castaldi and Dosi (2009)
SF 9 Growth-rate standard deviation scales negatively with income levels Canning et al. (1998); Castaldi and Dosi (2009)
SF 10 Self-sustained growth in GDP with endogenous fluctuations Maddison (2010)
SF 11 Mild recessions coexist with deep downturns Stiglitz (2015); Fagiolo et al. (2008)
SF 12 Relative volatility of GDP, consumption and investment Baxter and King (1999)
SF 13 Cross-correlation of macro variables Watson and Stock (1999); Napoletano et al. (2006)

Industry level

SF 14 Endogenous structural change Kuznets (1966)
SF 15 Heterogeneity in productive structures Dosi et al. (1990); McMillan et al. (2014)
SF 16 Fat-tailed distribution of industry output growth rates Castaldi and Sapio (2008)

Firm level

SF 17 Persistent across-firm heterogeneity in productivity Bartelsman and Doms (2000); Dosi (2007)
SF 18 Skewed firm size distribution Bottazzi and Secchi (2003); Dosi (2007)
SF 19 Fat-tailed firm growth rate distribution Bottazzi and Secchi (2006); Dosi (2007)
SF 20 Not all firms export Bernard and Jensen (1999); Bernard et al. (2012)
SF 21 Exporters are more productive and larger than non-exporters Bernard and Jensen (1999); Bernard et al. (2012)

Table 7: Summary of stylized facts

domestic imitation which implies some sort of “dynamic spillovers”. These interdependencies tend to

generate co-movements between unit at the micro level which will not be averaged out when increasing

the scale of observation.24 In the model, national productivity interdependences are enhanced by the

process of firm entry as entrants’ initial productivity is linked to the average one in the country. On the

demand side, exports translates into demand impulses for the domestic economy, whereby an external

demand shock amplifies via more output, more employment, more wages, yet more demand etc. (that is,

the foreign trade multiplier).25 As a result of these transmission mechanisms, self-reinforcing divergence

in productivity and income levels will also be found in aggregate data. Moreover, in line with Kaldorian

development theory, high productivity growth will be associated also with positive export performances

and trade surpluses.

To investigate these links, Table 8 presents some statistics for leader and laggard countries. We start

by pooling together industry-level data on productivity for the two groups. Advanced economies display

both higher average productivity levels (at the end of the simulation) and faster productivity growth.

Trade balances tend to be (on average) positive for rich countries and negative for laggards. Relatedly,

leaders also exhibit a larger share of firms that are able to penetrate in foreign markets. These results

indeed suggest that evolutionary microfoundations can robustly yield Kaldorian cycles of cumulative

causation.26

Exchange rates adjustments, international barriers to competition, as well as foreign imitation oppor-

24This happens to be the case in many ABM as well as in models allowing for local interactions (see e.g. Durlauf, 1993;
Acemoglu et al., 2012).

25The interaction between the demand-side and supply-side propagation mechanisms is largely explored in the “Schum-
peter meeting Keynes” family of models (see Dosi et al., 2010, 2013, 2015, 2017b; Lamperti et al., 2017).

26For agent-based models with similar Kaldorian features see Dosi et al. (1994) and Llerena and Lorentz (2004).
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Leaders Laggards

Industry productivity levels 9.4593 9.0032
(0.0567) (0.0613)

Industry productivity growth 0.0157 0.0149
(0.0001) (0.0001)

Normalized trade balance 0.0017 −0.0011
(0.0002) (0.0000)

Industry exporters share 0.0794 0.0398
(0.0016) (0.0011)

Table 8: Leaders vs. Laggards characteristics. Monte-Carlo standard errors are in brackets. Leaders
and laggards countries are selected as respectively the top and the bottom 10% countries in terms of
average income ranking during the last 100 simulation steps.

tunities are relevant negative feedback which can potentially curb or even reverse the vicious causation

chains for laggards. Nevertheless, our results suggest that they are not sufficient to spur convergence

and harmonization. Decentralized imitative efforts, when the scope for foreign imitation is not unlim-

ited, tend to generate only weak and short-lived catching-up episodes. Coordination at the national

level in the form of industrial policies seems instead to be needed in order to escape from low- and

middle-income traps.27

Divergent growth is also associated with different patterns of structural change and specialization

trajectories. At the beginning of the simulation countries are symmetrically specialized, producing an

equal share of output in each industry. As technical change takes place, some firms will become leaders

in their respective industries increasing their market shares on international markets. At the country

level, this will cause a rise in output shares in the industries where leaders are located and a relative

fall in other activities. In other words, specializations patterns are triggered by absolute advantages

with respect to international competitors, while standard Ricardian inter-industry cost differences play

almost no role. As emphasized in the evolutionary trade theory (Dosi et al., 1990), output composition

is shaped by the evolution of technological gaps and leads. In Section 4.2, we showed how absolute

technological advantages emerge for leader countries along the simulation history (cf. Figure 10). Such

results highlight the importance of developing absolute advantages (or reducing absolute disadvantages)

in many activities as the primary source of economic success.28

6 Concluding remarks

In this work we developed an agent-based multi-country model in order to investigate endogenous growth

patterns of divergence/convergence among different economies. The model bridges theoretical insights

from evolutionary theory with applied research in the technology-gap tradition.29

Simulation results show indeed the generic emergence of divergent and complex growth dynamics

exhibiting a strong tendency towards polarization and clubs formation. Furthermore, each country

27Evolutionary economists have long way argued in favour of industrial policies (Freeman, 1989; Cimoli et al., 2009).
The importance of industrial policies is also confirmed by various historical studies (Amsden, 1989; Kim and Nelson, 2000;
Wade, 1990; Nelson and Pack, 1999; Lee, 2013).

28Since wages are tied to average national productivity, industries which are more productive than the national average
will show a reduction in unit costs. This may yield a correlation between output shares and unit labour costs which
can be spuriously interpreted as providing support to comparative advantages-based theories. Nevertheless, this is only a
consequence of the process of structural and technological transformation inducing industry cost-adjustments via nominal
wages variations.

29Castellacci (2007) mentions this task as one of the most fascinating challenges in the field.
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experiences an endogenous transformation of its productive structure during the development process.

Both aspects are emergent outcomes of the co-evolution of Schumpeterian microfoundations and ag-

gregate demand propagation mechanisms in tune with Kaldorian development theory. Indeed, at the

microeconomic level, the innovative performances of firms lead to knowledge accumulation, increasing

production and exports, which in turn trigger structural transformation and changed patterns of special-

ization. Overall, such dynamics leads to the emergence of virtuous and vicious development trajectories

among countries. The robustness of the model is corroborated by the fact that it accounts for a rich

ensemble of empirical regularities at macro, meso and micro levels of aggregation.

The model can be extended along several research avenues. First, one can introduce a more so-

phisticated characterization of trade interactions, accounting for finer evidence on international trade

(Bernard et al., 2012). These would allow us to test different industrial and macroeconomic policies

that laggard countries could implement to catching up with the technological frontier. Finally, financial

markets and international movement of capitals should be modeled in order to develop a more sophis-

ticated exchange rate dynamics and account for emerging financial crises that could freeze or stop the

development of countries.

Acknowledgments

We thank Mauro Napoletano, Alberto Russo, Giorgio Fagiolo, Carolina Castaldi, Andre Lorentz, Alessandro

Caiani, Mary Kaltenberg, Francesco Lamperti, Pietro Santoleri and Caterina Santi for providing useful comments

and discussions. We are also grateful to participants of the EMAEE 2017 conference in Strasbourg, the WEHIA

2017 conference in Milan, the CEF 2017 conference in New York, the FinGro 2017 conference in Milan and

the MEIDE 2017 conference in Montevideo. All usual disclaimers apply. The authors acknowledge the support

by the European Union’s Horizon 2020 research and innovation program under grant agreement No. 649186 -

ISIGrowth.

References

Abramovitz, M. (1986). Catching up, forging ahead, and falling behind. The Journal of Economic History,

46(02):385–406.

Abramovitz, M. (1995). The elements of social capability. Social Capability and Long-Term Economic Growth,

London: Macmillan, pages 19–47.

Acemoglu, D., Carvalho, V. M., Ozdaglar, A., and Tahbaz-Salehi, A. (2012). The network origins of aggregate

fluctuations. Econometrica, 80(5):1977–2016.

Aghion, P. and Howitt, P. (1992). A model of growth through creative destruction. Econometrica, 60(2).

Aghion, P. and Howitt, P. (1997). Endogenous Growth Theory. The MIT Press.

Allen, R. C. (2001). The great divergence in european wages and prices from the middle ages to the first world

war. Explorations in economic history, 38(4):411–447.

Amable, B. (1993). Catch-up and convergence: a model of cumulative growth. International Review of Applied

Economics, 7(1):1–25.

Amsden, A. H. (1989). Asia’s Next Giant: South Korea and Late Industrialization. Oxford University Press.

Anderson, J. E. and Van Wincoop, E. (2004). Trade costs. Journal of Economic literature, 42(3):691–751.

25



Arthur, W. B., Durlauf, S. N., and Lane, D. A. (1997). The economy as an evolving complex system II, volume 27.

Addison-Wesley Reading, MA.

Bairoch, P. (1981). The main trends in national economic disparities since the industrial revolution. In Disparities

in economic development since the Industrial Revolution, pages 3–17. Springer.

Bartelsman, E., Scarpetta, S., and Schivardi, F. (2005). Comparative analysis of firm demographics and survival:

evidence from micro-level sources in oecd countries. Industrial and Corporate Change, 14(3):365–391.

Bartelsman, E. J. and Doms, M. (2000). Understanding productivity: Lessons from longitudinal microdata.

Journal of Economic literature, 38(3):569–594.

Baumol, W. J. (1986). Productivity growth, convergence, and welfare: what the long-run data show. The

American Economic Review, pages 1072–1085.

Baxter, M. and King, R. G. (1999). Measuring business cycles: approximate band-pass filters for economic time

series. Review of economics and statistics, 81(4):575–593.

Bernard, A. B. and Durlauf, S. N. (1991). Convergence of international output movements. Technical report,

National Bureau of Economic Research.

Bernard, A. B. and Jensen, J. B. (1999). Exceptional exporter performance: cause, effect, or both? Journal of

international economics, 47(1):1–25.

Bernard, A. B., Jensen, J. B., Redding, S. J., and Schott, P. K. (2012). The empirics of firm heterogeneity and

international trade. Annu. Rev. Econ., 4(1):283–313.

Bianchi, M. et al. (1997). Testing for convergence: evidence from non-parametric multimodality tests. Journal

of Applied Econometrics, 12(4):393–409.

Bordo, M. D., Taylor, A. M., and Williamson, J. G. (2007). Globalization in historical perspective. University of

Chicago Press.

Bottazzi, G. and Secchi, A. (2003). Common properties and sectoral specificities in the dynamics of us manufac-

turing companies. Review of Industrial Organization, 23(3-4):217–232.

Bottazzi, G. and Secchi, A. (2006). Explaining the distribution of firm growth rates. The RAND Journal of

Economics, 37(2):235–256.

Burns, A. F., Mitchell, W. C., et al. (1946). Measuring business cycles. Nber Books.

Caiani, A., Catullo, E., and Gallegati, M. (2017). The effects of fiscal targets in a currency union: A multi-country

agent based-stock flow consistent model.

Canning, D., Amaral, L. A. N., Lee, Y., Meyer, M., and Stanley, H. E. (1998). Scaling the volatility of gdp

growth rates. Economics Letters, 60(3):335–341.

Castaldi, C. and Dosi, G. (2009). The patterns of output growth of firms and countries: Scale invariances and

scale specificities. Empirical Economics, 37(3):475–495.

Castaldi, C. and Sapio, S. (2008). Growing like mushrooms? sectoral evidence from four large european economies.

Journal of Evolutionary Economics, 18(3-4):509–527.

Castellacci, F. (2007). Evolutionary and new growth theories. are they converging? Journal of Economic Surveys,

21(3):585–627.

Caves, R. E. (1998). Industrial organization and new findings on the turnover and mobility of firms. Journal of

economic literature, 36(4):1947–1982.

26



Chiaromonte, F. and Dosi, G. (1993). Heterogeneity, competition, and macroeconomic dynamics. Structural

Change and Economic Dynamics, 4(1):39–63.

Ciarli, T., Lorentz, A., Savona, M., and Valente, M. (2010). The effect of consumption and production structure

on growth and distribution. a micro to macro model. Metroeconomica, 61(1):180–218.

Ciarli, T., Lorentz, A., Valente, M., and Savona, M. (2017). Structural changes and growth regimes. SWPS

2017-12.

Cimoli, M. (1988). Technological gaps and institutional asymmetries in a north-south model with a continuum

of goods. Metroeconomica, 39(3):245–274.

Cimoli, M. and Dosi, G. (1995). Technological paradigms, patterns of learning and development: an introductory

roadmap. Journal of Evolutionary economics, 5(3):243–268.

Cimoli, M., Dosi, G., and Stiglitz, J., editors (2009). Industrial Policy and Development: The Political Economy

of Capabilities Accumulation. Oxford University Press.

Cimoli, M. and Porcile, G. (2013). Technology, structural change and bop-constrained growth: a structuralist

toolbox. Cambridge Journal of Economics, 38(1):215–237.

Cipolla, C. M. (1994). Before the industrial revolution: European society and economy, 1000-1700. WW Norton

& Company.

Cornwall, J. (1977). Modern capitalism: its growth and transformation. Martin Robertson London.

Cristelli, M., Tacchella, A., and Pietronero, L. (2015). The heterogeneous dynamics of economic complexity.

PloS one, 10(2):e0117174.

Dawid, H., Gemkow, S., Harting, P., and Neugart, M. (2012). Labor market integration policies and the conver-

gence of regions: the role of skills and technology diffusion. Journal of evolutionary economics, 22(3):543–562.

De Long, J. B. (1988). Productivity growth, convergence, and welfare: comment. The American Economic

Review, 78(5):1138–1154.

Dixon, R. and Thirlwall, A. P. (1975). A model of regional growth-rate differences on kaldorian lines. Oxford

Economic Papers, 27(2):201–214.

Dosi, G. (1988). Sources, procedures, and microeconomic effects of innovation. Journal of economic literature,

pages 1120–1171.

Dosi, G. (2007). Statistical regularities in the evolution of industries: A guide through some evidence and

challenges for the theory. In Perspectives on innovation, pages 1110–1121. Cambridge University Press.

Dosi, G. (2012). Economic Organization, Industrial Dynamics and Development. Edward Elgar Publishing.

Dosi, G. and Egidi, M. (1991). Substantive and procedural uncertainty. Journal of Evolutionary Economics,

1(2):145–168.

Dosi, G., Fabiani, S., Aversi, R., and Meacci, M. (1994). The dynamics of international differentiation: a multi-

country evolutionary model. Industrial and corporate change, 3(1):225–242.

Dosi, G., Fagiolo, G., Napoletano, M., and Roventini, A. (2013). Income distribution, credit and fiscal policies

in an agent-based keynesian model. Journal of Economic Dynamics and Control, 37(8):1598–1625.

Dosi, G., Fagiolo, G., Napoletano, M., Roventini, A., and Treibich, T. (2015). Fiscal and monetary policies in

complex evolving economies. Journal of Economic Dynamics and Control, 52:166–189.

27



Dosi, G., Fagiolo, G., and Roventini, A. (2006). An evolutionary model of endogenous business cycles. Compu-

tational Economics, 27(1):3–34.

Dosi, G., Fagiolo, G., and Roventini, A. (2010). Schumpeter meeting keynes: A policy-friendly model of endoge-

nous growth and business cycles. Journal of Economic Dynamics and Control, 34(9):1748–1767.

Dosi, G., Marsili, O., Orsenigo, L., and Salvatore, R. (1995). Learning, market selection and the evolution of

industrial structures. Small Business Economics, 7(6):411–436.

Dosi, G., Nelson, R., and Winter, S. (2001). The nature and dynamics of organizational capabilities. OUP Oxford.

Dosi, G. and Nelson, R. R. (2010). Technical change and industrial dynamics as evolutionary processes. Handbook

of the Economics of Innovation, 1:51–127.

Dosi, G., Pavitt, K., Soete, L., et al. (1990). The economics of technical change and international trade. LEM

Book Series.

Dosi, G., Pereira, M. C., Roventini, A., and Virgillito, M. E. (2016a). The effects of labour market reforms upon

unemployment and income inequalities: an agent based model. Working paper series 2016/27, Laboratory of

Economics and Management (LEM), Sant’Anna School of Advanced Studies, Pisa, Italy.

Dosi, G., Pereira, M. C., Roventini, A., and Virgillito, M. E. (2017a). Causes and consequences of hysteresis:

Aggregate demand, productivity and employment. Working paper series 2017/27, Laboratory of Economics

and Management (LEM), Sant’Anna School of Advanced Studies, Pisa, Italy.

Dosi, G., Pereira, M. C., Roventini, A., and Virgillito, M. E. (2017b). When more flexibility yields more fragility:

The microfoundations of keynesian aggregate unemployment. Journal of Economic Dynamics and Control.

Dosi, G., Pereira, M. C., and Virgillito, M. E. (2016b). The footprint of evolutionary processes of learning and

selection upon the statistical properties of industrial dynamics. Industrial and Corporate Change, 26(2):187–

210.

Durlauf, S. N. (1993). Nonergodic economic growth. Review of Economic Studies, 60(2):349–366.

Durlauf, S. N. and Johnson, P. A. (1995). Multiple regimes and cross-country growth behaviour. Journal of

applied econometrics, 10(4):365–384.

Durlauf, S. N., Johnson, P. A., and Temple, J. R. (2005). Growth econometrics. Handbook of economic growth,

1:555–677.

Durlauf, S. N. and Quah, D. T. (1999). The new empirics of economic growth. Handbook of macroeconomics,

1:235–308.

Easterly, W., Kremer, M., Pritchett, L., and Summers, L. H. (1993). Good policy or good luck? Journal of

Monetary Economics, 32(3):459–483.

Fagerberg, J. (1994). Technology and international differences in growth rates. Journal of economic Literature,

32(3):1147–1175.

Fagerberg, J., Godinho, M. M., et al. (2005). Innovation and catching-up. The Oxford Handbook of Innovation.

Oxford University Press, New York, pages 514–543.

Fagerberg, J. and Verspagen, B. (2002). Technology-gaps, innovation-diffusion and transformation: an evolu-

tionary interpretation. Research Policy, 31(8):1291–1304.

Fagiolo, G., Dosi, G., and Gabriele, R. (2004). Matching, bargaining, and wage setting in an evolutionary model

of labor market and output dynamics. Advances in Complex Systems, 7(02):157–186.

28



Fagiolo, G., Napoletano, M., and Roventini, A. (2008). Are output growth-rate distributions fat-tailed? some

evidence from oecd countries. Journal of Applied Econometrics, 23(5):639–669.

Fagiolo, G. and Roventini, A. (2012). Macroeconomic policy in dsge and agent-based models. Revue de l’OFCE,

(5):67–116.

Fagiolo, G. and Roventini, A. (2017). Macroeconomic policy in dsge and agent-based models redux: New

developments and challenges ahead. Journal of Artificial Societies & Social Simulation, 20(1).

Farmer, J. D. and Foley, D. (2009). The economy needs agent-based modelling. Nature, 460(7256):685–686.

Freeman, C. (1989). Technology policy and economic performance. Pinter Publishers Great Britain.

Freeman, C. and Soete, L. (1997). The economics of industrial innovation. MIT Press.

Gabaix, X. (2011). The granular origins of aggregate fluctuations. Econometrica, 79(3):733–772.

Geroski, P., Machin, S., and Van Reenen, J. (1993). The profitability of innovating firms. The RAND Journal

of Economics, pages 198–211.

Geroski, P. A. (1995). What do we know about entry? International Journal of Industrial Organization,

13(4):421–440.

Grazzini, J., Richiardi, M. G., and Tsionas, M. (2017). Bayesian estimation of agent-based models. Journal of

Economic Dynamics and Control, 77:26–47.

Guerini, M. and Moneta, A. (2017). A method for agent-based models validation. Journal of Economic Dynamics

and Control.

Hausmann, R., Hwang, J., and Rodrik, D. (2007). What you export matters. Journal of economic growth,

12(1):1–25.

Hausmann, R., Pritchett, L., and Rodrik, D. (2005). Growth accelerations. Journal of Economic Growth,

10(4):303–329.

Hausmann, R. and Rodrik, D. (2003). Economic development as self-discovery. Journal of development Eco-

nomics, 72(2):603–633.

Henderson, D. J., Parmeter, C. F., and Russell, R. R. (2008). Modes, weighted modes, and calibrated modes:

evidence of clustering using modality tests. Journal of Applied Econometrics, 23(5):607–638.

Hidalgo, C. A. and Hausmann, R. (2009). The building blocks of economic complexity. proceedings of the national

academy of sciences, 106(26):10570–10575.

Hidalgo, C. A., Klinger, B., Barabási, A.-L., and Hausmann, R. (2007). The product space conditions the

development of nations. Science, 317(5837):482–487.

Jones, C. I. (2016). The facts of economic growth. Handbook of Macroeconomics, 2:3–69.

Kaldor, N. (1951). Mr. Hicks on the trade cycle. The Economic Journal, 61(244):833–847.

Kaldor, N. (1957). A model of economic growth. The economic journal, 67(268):591–624.

Kaldor, N. et al. (1967). Strategic factors in economic development. New York State School of Industrial and

Labor Relations.

Kim, L. and Nelson, R. R. (2000). Technology, learning, and innovation: Experiences of newly industrializing

economies. Cambridge University Press.

29



Kirman, A. (2010). Complex economics: individual and collective rationality. Routledge.

Kuznets, S. (1966). Modern economic growth: Rate, structure, and spread. Yale University Press New Haven.

Lamperti, F. (2017). An information theoretic criterion for empirical validation of simulation models. Econo-

metrics and Statistics.

Lamperti, F., Dosi, G., Napoletano, M., Roventini, A., Sapio, A., et al. (2017). Faraway, so close: Coupled

climate and economic dynamics in an agent-based integrated assessment model. Working paper series 2017/12,

Laboratory of Economics and Management (LEM), Sant’Anna School of Advanced Studies, Pisa, Italy.

Lamperti, F., Mattei, C. E., et al. (2016). Going up and down: Rethinking the empirics of growth in the developing

and newly industrialized world. Working paper series 2016/1, Laboratory of Economics and Management

(LEM), Sant’Anna School of Advanced Studies, Pisa, Italy.

Landes, D. S. (1969). The Unbound Prometheus: Technological Change and Development in Western Europe

from 1750 to the Present. Cambridge University Press.

Lavopa, A. and Szirmai, A. (2014). Structural modernization and development traps: an empirical approach.

Technical report, United Nations University-Maastricht Economic and Social Research Institute on Innovation

and Technology (MERIT).

LeBaron, B. and Tesfatsion, L. (2008). Modeling macroeconomies as open-ended dynamic systems of interacting

agents. The American Economic Review, 98(2):246–250.

Lee, K. (2013). Schumpeterian analysis of economic catch-up: Knowledge, path-creation, and the middle-income

trap. Cambridge University Press.

Lee, K., Pesaran, M. H., Smith, R. P., et al. (1997). Growth and convergence in a multi-country empirical

stochastic solow model. Journal of applied Econometrics, 12(4):357–392.

León-Ledesma, M. A. (2002). Accumulation, innovation and catching-up: an extended cumulative growth model.

cambridge Journal of economics, 26(2):201–216.

Lewis, W. A. (1954). Economic development with unlimited supplies of labour. The manchester school, 22(2):139–

191.

Llerena, P. and Lorentz, A. (2004). Cumulative causation and evolutionary micro-founded technical change.

Revue économique, 55(6):1191–1214.

Lorentz, A. (2015). Structural change, sectoral specialisation and growth rate differences in an evolutionary

growth model with demand shocks. Journal of Innovation Economics & Management, (1):217–248.

Lorentz, A., Ciarli, T., Savona, M., and Valente, M. (2016). The effect of demand-driven structural transforma-

tions on growth and technological change. Journal of Evolutionary Economics, 26(1):219–246.

Los, B. and Verspagen, B. (2006). The evolution of productivity gaps and specialization patterns. Metroeconomica,

57(4):464–493.

Maddison, A. (2010). Statistics on world population, GDP and per capita GDP, 1-2008 ad. Historical Statistics.

McCombie, J. S. and Thirlwall, A. P. (1994). Economic growth and the balance-of-payments constraint. Macmillan.

McMillan, M., Rodrik, D., Verduzco-Gallo, Í., et al. (2014). Globalization, structural change, and productivity

growth, with an update on africa. World Development, 63(1):11–32.

Montobbio, F. (2002). An evolutionary model of industrial growth and structural change. Structural Change and

Economic Dynamics, 13(4):387–414.

30



Myrdal, G. (1957). Economic theory and under-developed regions. Duckworth.

Napoletano, M., Roventini, A., and Sapio, S. (2006). Are business cycles all alike? A bandpass filter analysis of

the Italian and US cycles. Rivista Italiana degli Economisti, 11(1):87–118.

Nelson, R. and Winter, S. (1982). An evolutionary theory of economic change. Harvard University Press.

Nelson, R. R. and Pack, H. (1999). The asian miracle and modern growth theory. The Economic Journal,

109(457):416–436.

Norris, J. R. (1998). Markov chains. Number 2. Cambridge university press.

Prebisch, R. et al. (1950). The economic development of latin america and its principal problems. Technical

report, Naciones Unidas Comisión Económica para América Latina y el Caribe (CEPAL).

Pritchett, L. et al. (2000). Understanding patterns of economic growth: searching for hills among plateaus,

mountains, and plains. World Bank Economic Review, 14(2):221–250.

Quah, D. (1993). Empirical cross-section dynamics in economic growth. European Economic Review, 37(2-3):426–

434.

Quah, D. T. (1996). Twin peaks: growth and convergence in models of distribution dynamics. The economic

journal, pages 1045–1055.

Quah, D. T. (1997). Empirics for growth and distribution: stratification, polarization, and convergence clubs.

Journal of economic growth, 2(1):27–59.

Reinert, E. (2009). Emulation vs. comparative advantage: competing and complementary principles in the history

of economic policy. In The Political Economy of Capabilities Accumulation: the Past and Future of Policies

for Industrial Development. Oxford University Press.

Riccetti, L., Russo, A., and Gallegati, M. (2015). An agent based decentralized matching macroeconomic model.

Journal of Economic Interaction and Coordination, 10(2):305–332.

Rodrik, D. (1999). Where did all the growth go? external shocks, social conflict, and growth collapses. Journal

of economic growth, 4(4):385–412.

Romer, P. M. (1990). Endogenous Technological Change. Journal of Political Economy, 98(5):S71–102.

Roventini, A., Dosi, G., Napoletano, M., Stiglitz, J. E., and Treibich, T. (2016). Expectation formation, fiscal

policies and macroeconomic performance when agents are heterogeneous and the world is changing. Working

paper series forthcoming, Laboratory of Economics and Management (LEM), Scuola Superiore Sant’Anna,

Pisa, Italy.

Sala-i Martin, X. X. (1996). The classical approach to convergence analysis. The economic journal, pages

1019–1036.

Saviotti, P. P. and Pyka, A. (2008). Product variety, competition and economic growth. Journal of Evolutionary

Economics, 18(3-4):323.

Setterfield, M. and Cornwall, J. (2002). A neo-kaldorian perspective on the rise and decline of the golden age.

In The Economics of Demand-led Growth. Edward Elgar Publishing.

Silverberg, G., Dosi, G., and Orsenigo, L. (1988). Innovation, diversity and diffusion: a self-organisation model.

The Economic Journal, 98(393):1032–1054.

Silverberg, G. and Verspagen, B. (1995). An evolutionary model of long term cyclical variations of catching up

and falling behind. Journal of Evolutionary Economics, 5(3):209–227.

31



Solow, R. M. (2005). Reflections on growth theory. Handbook of Economic Growth, 1:3–10.

Stiglitz, J. E. (2011). Rethinking macroeconomics: What failed, and how to repair it. Journal of the European

Economic Association, 9(4):591–645.

Stiglitz, J. E. (2015). Reconstructing macroeconomic theory to manage economic policy. In Fruitful Economics,

pages 20–56. Springer.

Tacchella, A., Cristelli, M., Caldarelli, G., Gabrielli, A., and Pietronero, L. (2012). A new metrics for countries’

fitness and products’ complexity. Scientific reports, 2.

Tacchella, A., Cristelli, M., Caldarelli, G., Gabrielli, A., and Pietronero, L. (2013). Economic complexity:

conceptual grounding of a new metrics for global competitiveness. Journal of Economic Dynamics and Control,

37(8):1683–1691.

Tesfatsion, L. and Judd, K. L. (2006). Handbook of computational economics: agent-based computational eco-

nomics, volume 2. Elsevier.

Thirlwall, A. P. (1979). The balance of payments constraint as an explanation of the international growth rate

differences. PSL Quarterly Review, 32(128).

Verspagen, B. (1992). Uneven growth between interdependent economies: an evolutionary view on technology

gaps, trade and growth. PhD thesis, Universiteit Maastricht.

Wade, R. (1990). Governing the market: Economic theory and the role of government in East Asian industrial-

ization. Princeton University Press.

Watson, M. and Stock, J. (1999). Business Cycle Fluctuations in U.S. Macroeconomic Time Series, pages 3–64.

Elsevier, Amsterdam.

32



Appendix. Parameter Values

Description Symbol Value

Number of countries N 60

Number of industries M 30

Number of firms (each industry) S 20

Sectoral demand shares dh 1/30

Capital-output ratio B 3

Mark-up adjustment parameter υ 0.04

R&D investment propensity ρ 0.04

R&D allocation parameter λ 0.5

Firms search capabilities ξ1,2 0.08

First stage probabilities upper bound θmax 0.75

Beta distribution parameter (α1, β1) (1,5)

Beta distribution support [x1, x̄1] [-0.05,0.25]

Beta distribution parameter (ent.) (α2, β2) (1,5)

Beta distribution support (ent.) [x2, x̄2] [-0.03,0.15]

Foreign imitation penalty ǫ 5

Foreign competition penalty τ 0.05

Replicator dynamics parameter χ 1

Wage sensitivity parameters (ψ1, ψ2, ψ3) (1, 0, 0)

Exchange rates flexibility γ 0.1

Exchange rates shocks std. dev. σe 0.002

Depreciation rate δ 0.02

Monte-Carlo replications 50

Table 9: Benchmark Parametrization
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