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Abstract

In this paper, we present an evolutionary model of industry d/namics yielding en-
dogenous business cycles with “Keynesian' features. The mel describes an economy
composed of rms and consumers/workers. Firms belong to twdndustries. The rst
one performs R&D and produce heterogeneous machine tools. iffs in the sec-
ond industry invest in new machines and produce a homogenousonsumption good.
Consumers sell their labor and fully consume their income. n line with the em-
pirical literature on investment patterns, we assume that the investment decisions
by rms are lumpy and constrained by their nancial structur es. Moreover, draw-
ing from behavioral theories of the rm, we assume boundedlyrational expectation
formation. Simulation results show that the model is able to deliver self-sustaining
patterns of growth characterized by the presence of endogenis business cycles. The
model can also replicate the most important stylized facts oncerning micro- and
macro-economic dynamics. Indeed, we nd that investment ismore volatile than
GDP; consumption is less volatile than GDP; investment, corsumption and change
in stocks are procyclical and coincident variables; employent is procyclical; un-
employment rate is anticyclical; rm size distributions ar e skewed but depart from
log-normality; rm growth distributions are tent-shaped.
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1 Introduction

The existence of widespread and persistent uctuations wtth permanently a ect the over-
all economic activity is an inherent feature of all modern emomies. However, despite the
huge number of competing models providing a rationale for pansions and recessions, we
still lack a generally accepted explanation for business atuations. Indeed, it still holds
largely true that a good deal of research has been mainly cenced with theoretical pos-
sibilities, rather than with explanations of what actually happens', with “little regard for
how the pieces t each other and the real world" (Zarnowitz, 285, p. 570). Ultimately,
the theory of business cycle appears to be “long of both goatigpoor questions and short
of persuasive answers' (Zarnowitz, 1997, p. 2).

A primary example of such a mismatching might be found in the &ys economic theory
deals with the stylized facts concerning microeconomic iestment dynamics and business
cycle properties. A robust macroeconomic empirical litetare has indeed shown that, at
the aggregate level, investment is considerably more valatthan output and consumption
less volatile. Moreover, uctuations of both output and itsmain components (i.e. invest-
ment, consumption and changes in inventories) tend to be sgironized. Finally, at the
microeconomic level, rms' investments appear to be lumpyral strongly a ected by rms'
nancial structures.

Needless to say, one does indeed nd huge streams of work orsibhass cycles mostly
belonging either to the Real Business Cycle (RBC) perspeati or to the New-Keynesian
(NK) one. This is not the place to undertake a review of the lgrature (on RBC, cf. King
and Rebelo (1999) and Stadler (1994); on NK theories, see Mam and Romer (1991) and
Greenwald and Stiglitz (1993)). Let us just mention here théasic mechanisms generating
cycles in the two perspectives. Real-business cycles ari@mately driven by exogenous and
unpredictable technological shocks, which generate uctling dynamics in a stochastic
general-equilibrium world, grounded upon a fully-rationk forward-looking representative
agent. Conversely, the basic story of NK models nds the rostof economic uctuations
in product-, labor- and nancial-market imperfections (ircluding in primis informational
asymmetries). At the same time, these models do allow for serheterogeneity, at least in
the functional roles of the agents (the economy is in fact pofated by nancial investors,

rms, consumers, etc.), even if under the disguise of "rementative’, fully rational types.

Certainly, one nds very hard to believe the existence omacroscopictechnological
shocks (includingnegative ones) necessary for the RBC story to hotd And, conversely,
while the informational setting of NK models is much more resonable, we still feel uneasy

LIn recent re nements, the size of the shocks might be lower (Kng and Rebelo, 1999), but the basic
story remains rather unbelievable.



about the almost exclusive emphasis upon monetary and prighocks as drivers of the
uctuations, while neglecting all technological factors.

Moreover, in our view, a major weakness { shared to di erentefrees by both streams
of literature { is the persistent clash between the microecmmics that one nds in the
models and the regularities in microeconomic behaviors th@ne empirically observes.
So, for example, notwithstanding the proliferation of mods separately trying to account
for micro and macro stylized facts, almost no attempts haveden made in the literature
to explain the properties of business cycles on the basis ofiltiple individual entities
embodying the observed microeconomic regularities aboutms' investment and pricing
behaviors.

In this paper, we try to bridge such a gap by proposing a modelhere both output
and investment dynamics are grounded upon lumpy investmemntecisions undertaken by
boundedly-rational rms constrained by their nancial structure, but, at the same time,
always able to discover new production technologies.

First, we fully take on board the critique to the ‘representative gency fallacies' (Kir-
man, 1989, 1992) and describe an economy with heterogeneagents that interact in
explicitly modeled markets.

Second well in line with Keynesian intuitions, we assume pervase&vmarket uncertainty,
so that investment and pricing decisions are taken on the guads of boundedly-rational
rules, most often involving adaptive expectations. In turpsuch decisions bear permanent
aggregate demand e ects.

Conversely,third, the “Schumpeterian’ feature of the model regards the pestent arrival
of technological innovations, entailing multipleendogenously generated micro-shocks on
productivity.

The model depicts an economy composed by rms (operating invb vertically-linked
industries), consumers/workers and a (unmodeled) non-met sector. Firms in the “up-
stream’ industry perform R&D and produce technologically bterogeneous machines. The
latter are used in the "downstream' industry to produce a ca@umption good bought by
workers with their wages and by recipients of incomes in theon-market sector.

The work belongs to the evolutionary, "agent-based computanal economics™ (ACE),
family?. In each periodt, rms and workers carry out their production, investment, and
consumption decisions on the basis of routinized behavibralles and (adaptive) expecta-
tions. The dynamics of microeconomic variables (i.e. inddual production, investment,
consumption, etc.) thus induces the macroeconomic dynarsifor aggregate variables (e.g.
aggregate output, investment, consumption, etc.), whosedadistical properties are then

2More on evolutionary and “agent-based computational econmics' (ACE) approaches in economics is
in Dosi and Nelson (1994), Dosi and Winter (2002), Epstein ad Axtell (1996) and Tesfatsion (1997).
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studied and compared with empirically observed ones.

Simulation results show that the model is able to deliver desustaining growth patterns
characterized by endogenous business cycles. Moreover,siwew that the model is able
to replicate those business cycle stylized facts (e.g. volidy, auto- and cross-correlation
patterns) actually observed. Finally, the micro-structue of the simulated economy is quite
in tune with the evidence on e.g. persistent heterogeneityrirm e ciencies, size and
growth rate distributions.

The rest of the paper is organized as follows. Section 2 prdes a short overview
of micro and macro empirical evidence. In Section 3, we dissuthe antecedents and
theoretical roots of our model, which we formally present irBection 4. Qualitative and
guantitative results of simulation exercises are discussén Section 5. Section 6 concludes.

2 Aggregate Fluctuations and Micro Regularities:
Some Evidence

To repeat, a good check of the robustness of any model claigito be able to “explain'
business cycles ought to rest in its ability to accountogether for more than one macroe-
conomic “stylized fact' and ought to do it in ways which are deerent with the observed
microeconomics of business decisions and innovation patte. Let us thus consider the
most relevant empirical regularities.

2.1 Macro Stylized Facts

A key issue in the empirical business cycle literature conoes the properties of aggregate
output and of its main components (i.e. investment, consuntipn and inventories).

All available statistical evidence suggests that recurrénuctuations have characterized
the whole history of industrial economies. This applies alsto the period after WWIl,
when aggregate output and its main components have expergmad an impressive long
term growth in the U.S. as well as in other developed countse Even then, however, time-
series display growth together with persistent “cyclicaturbulences. This can be seen also
if the dynamics of output and its components is analyzed at thbusiness cycle frequencies:
then, the series display a typical ‘roller coaster' shapenplying the repeated interchange
of expansions and recessions which are part of the very deion of the business cycl

Thus, the evidence pre- and post-WWII { which we summarize ifable 3 { corroborates
the seminal observations dating back to Kuznets (1930) anduns and Mitchell (1946),

3See for instance Stock and Watson (1999).



suggesting the following stylized facfs
SF1 Investment is considerably more volatile than output.
SF2 Consumption is less volatile that output.

SF3 Investment, consumption and change in inventories tend todprocyclical and coin-
cident variables.

SF4 Aggregate employment and unemployment rate tend to be lagygj variables. The
former is procyclical, whereas the latter is anticyclical.

2.2 Micro Stylized Facts

Over the last couple of decades, the empirical literature andustrial dynamics and tech-
nological change has singled out an impressive number of ugb statistical regularities
concerning the microeconomic properties of rm behaviorgbatterns. Let us begin here
with a telegraphical account of those stylized facts pertaing to rms' investment decisions.

SF5 Investment is lumpy.
SF6 Investment is in uenced by rms' nancial structure.

Consider rst SF5. As shown by the important work of Doms and Dunne (1998) bade
on plant level data, lumpiness is an intrinsic feature of rminvestment decisions: in a
given year, 51.9% of all plants increase their capital stoddy less than 2.5%, while the
11% of them raise it by more than 20%. Moreover, within-planinvestment patterns show
that plants typically invest in every single year, but they oncentrate half of their total
investment in just three years out of the sixteen under ana$ys.

Moreover, the microeconomic lumpiness of investment doestmppear to be completely
Itered away at the macroeconomic level. Aggregate investemt uctuations are indeed
in uenced by the number of plants incurring in huge investmet episodes: the correla-
tion between aggregate investment and the number of plantxgeriencing their maximum
investment share is 9.

“Notice that the following aggregate regularities are fairly robust to diverse, relatively sophisticated
statistical analyses. Cf. for example Stock and Watson (199), Agresti and Mojon (2001) and Napoletano,
Roventini, and Sapio (2004), who employ a bandpass Iter (baed on Baxter and King, 1999) to US data
ranging from 195891 to 199604, EMU series going from 197Q1 to 200003, and Italian/U.S. data for the
period 1970Q1 2002XQ3, respectively. See also Kydland and Prescott (1990) who aby a HP lIter to US
data from 1954Q1 to 1989Q4.

SAgresti and Mojon (2001) nd that consumption is slightly le ading in the EMU area. Napoletano,
Roventini, and Sapio (2004) obtain the same result with US d&a and also nd that investment is slightly
lagging in Italy. However, since these dierences stem fronvery small changes in the cross-correlation
structure, they may just depend on the lter employed to detr end the series.
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As far SF6 is concerned, the evidence is even more impressive. Siaeih uential work
of Fazzari, Hubbard, and Petersen (1988), a huge stream of ginical literature ® has been
providing evidence against the Modigliani and Miller (1958theorem. Indeed, if capital
markets are imperfect (e.g. because of information asymmie), the nancial structure
of the rm is likely to a ect its investment decisions. First, the cost of external nancing
is typically higher than that of internal nancing: the larger information costs born by
each rm, the higher the gap between the cost of internal andxéernal nancing. Second,
information asymmetries may lead lenders to ration creditd the riskiest rms. These
propositions are supported by the evidence provided by the<alled * nancial constraints'
literature: ceteribus paribus rm investment is signi cantly correlated with cash ows (a
proxy for net worth variations) and the correlation magnitude is higher for those rms that
su er more from information asymmetries plaguing capital rarket (e.g. young and small
rms) .

Regarding the drivers of growth, a growing number of contriltions has robustly high-
lighted the central role of technological learning, innowson and di usion carried out by
business rms (see Dosi, Freeman, and Fabiani (1994) for ataal overview; more detailed
discussions are in Rosenberg (1982, 1994), Freeman (198%) Bosi (1988)).

The idea that aggregate growth can be traced back to busindsistory nds quantitative
roots in a series of robust stylized facts put forth by the I#¢rature on the microeconomics
of innovation. In a synthesis:

SF7 Firms are the main locus where technological accumulatiomkes place. Technolog-
ical learning { as well as its directions and rates { is carrik out by rms in ways
which are strongly shaped by: (a) rm-speci c abilities; (B richness ofperceivedun-
exploited opportunities. As a consequence, technologidahrning and accumulation
tends to be mostlylocal: technical advances typically occur in a neighborhood of
currently-mastered technologies. This cumulative learng pattern is “punctuated'
by major, low-probability advances which generate jumps ithe technological space
(i.e. changes in the technological paradigms).

SF8 Innovations take time to di use. Technological di usion is slowed down by informa-
tion asymmetries and, even more important, by the fact that rms require time to
learn how to master new technologies and develop new skills.

SF9 Most innovations are industry-specic. Therefore, the ovall pattern of business
uctuations cannot be fully explained by economy-wide inneative shocks.

6See Hubbard (1998) for a survey.
’See, among others, Fazzari and Athey (1987) and Bond and Me@h(1994). For an alternative point
of view, cf. Kaplan and Zingales (1997) and Erickson and Whiéd (2000).
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In turn, the foregoing regularities concerning innovationrand technological di usion
map onto the intersectoral patterns of realized performames and productivities. Extensive
studies on longitudinal micro-level data sets { ranging frm the seminal work of Nelson
(1981) to the survey in Bartelsman and Doms (2000) { con rm tlat productivity dynamics
is characterized by a few robust regularities, namely:

SF10 Productivity dispersion among rms is considerably large.

SF11 Inter- rm productivity di erentials are quite persistent over time.

Moreover, heterogeneity concerns rm size distributionshoth among rms belonging
to the same industrial sector and across di erent industriasectors (see, among a vast
literature, Stanley et al. (1996) and Bottazzi and Secchi (B3b,a)).

SF12 Firm size distributions tend to be considerably right skews with upper-tails made
of few large rms. These patterns vary signi cantly across derent sectors.

As discussed at more length in e.g. Bottazzi, Ce s, and DosRQ02), the foregoing
regularity obviously supports the view that real-world makets strongly depart from perfect
competition. Moreover, a growing evidence highlights mioeconomic processes of growth
entailing some underlying correlation structure and lumpiess. More precisely:

SF13 Firm growth-rate distributions are not Gaussian and can be well proxied by fat-
tailed, tent-shaped densities.

According to SF13, rm growth patterns tend to display relatively frequent \big" {
negative or positive { growth events.

In the model presented below, we take explicitly on board mig-regularities pertaining
to rm investment and innovating behaviors (SF5 9) in the way we design the agents
populating our economy, with the aim of building a model thatat the same time, is able
to replicate and explain the stylized facts concerning theusiness cycle $F1 4) on the
basis of micro-dynamics patterns which replicate the statiical regularities displayed by
the evolution of rm productivity, size and growth over time (SF10 13).

3 Theoretical Roots and Antecedents

We have already mentioned that the model which follows belgs to the evolutionary fam-
ily. The seminal reference here is Nelson and Winter (1982)he work shows, among other
things, the straightforward possibility of generating paterns of macroeconomic growth akin
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those observed in reality, on the grounds of a microecononstructure made of heteroge-
neous agents that continuously try to innovate and imitate ew techniques of production.
There, however, any "Keynesian' demand propagation e ecs icensored by construction,
and so it is in many other models of evolutionary inspiratioh

The rst attempts to explore the properties of evolutionary models with "Keynesian'
demand propagation e ects can be found in Chiaromonte and Bo(1993) and in the
simpler but multi-economy framework studied in Dosi, Fabiai, Aversi, and Meacci (1994).
In the former, one describes a two-sector economy with maokiembodied innovations,
imperfect competition and two fundamental feedbacks runng from investment to wages
to aggregate demand (the "multiplier’), and, the other way eund, from aggregate demand
to investment (the “accelerator’).

The present model re nes upon this early templates and, forhe rst time, analyzes
the ne statistical properties of the ensuing dynamics. Magover, the model below tries to
explicitly capture in its behavioral assumptions some of # micro regularities mentioned
above.

Consider, for instance, investment lumpiness (cf.SF5). It is well-known that the
latter can be in principle interpreted as the outcome of someptimizing behavior of a
perfectly-rational rm. This is indeed what the so-called §,s) investment models db
In that framework, rms face the problem of choosing the leveof capital maximizing
their ow of prots. If their desired capital is larger than t he actual one, rms want to
invest as long as they are able to recover capital adjustmenbsts. However, if the latter
present some non-convexities, rms will invest up to some timal target level (S) only
if their capital imbalance is lower than a given optimaltrigger threshold (s). Therefore,
investment lumpiness straightforwardly derives from nomonvexity of adjustment costs.

Notwithstanding the awareness that investment lumpiness ay have signi cant conse-
quences at the macro level, almost no attempts have been mameembed the observed
microeconomic investment behavior into a business cycle ded®. More specically, a
surprisingly little attention has been paid so far to the inerpretation of the stylized facts
concerning the business cycle discussed above on the bakih® microeconomic evidence
on rm investment behavior (cf. SF5 and SF6).

8Note that some subsequent models do analyze the propertiesf @conomic uctuations (Silverberg
and Lehnert, 1994; Fagiolo and Dosi, 2003). However, the l&¢r are just the outcome of some underlying
"Schumpeterian' dynamics of innovation and imitation.

9See Caballero (1999) for a discussion. Cf. also Blinder and &tcini (1991) for a survey of (S,s)
inventory behavior models.

10An exception is in Thomas (2002). She develops a real businexycle model where rms take their
investment decisions according to a (S,s) rule. However, ithis model, lumpy investment does not have
any signi cant impact at the macro level, because household preferences for smooth consumption paths
sterilize investment lumpiness through price movements (. real wage and interest rate).
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In this paper, we take a preliminary step in this direction. h our model, invest-
ment can be either employed to increase the capital stock oo treplace existing capital
goods. Consumption-good rms plan their expansion investemt according to a (S,s) pat-
tern. However, we depart from the standard lumpy investmentiterature in modeling
rms as boundedly-rational agents. In particular, we assumthat rms employ routinized
behavioral investment rules instead of fully-rational, po t-maximizing behaviors cum non-
convex adjustment costs (on routinized behaviors, see { Wwih an enormous literature {
Nelson and Winter (1982), Dosi (1988), Cyert and March (1983@nd, much earlier, Katona
and Morgan (1952)).

We interpret the target and trigger levels of an (S,s)-type of investment behavior in
terms of a routinized investment rule, rather than as the owdome of some optimization
procedure. Indeed, rms operating in “evolutionary enviroments' (Dosi, Marengo, and
Fagiolo, 2005) typically face strong uncertainty and cannattach any probability measure
to future outcomes (more on that in Dosi and Egidi (1991)). Hece, the adoption of a (S,s)
rule ful lls the goals of a prudent, risk-averse, rm who is ot able to fully anticipate its
future level of demand and forms its expectations in an adaipe fashion. Firms will then
decide to expand their stock of capital only if they expect aigni cant demand growth.
As a result, they will invest to reach their target level of capital only if the ful Iment of
their expected demand requires a capital stock at least edua their trigger level.

Similarly to what happens for expansion investment, rms employ routinized behav-
iors to decide their replacement investmeft. In particular, we introduce heterogenous
capital goods and we assume that rms implement their replament policy through a
payback-period routine. In this way, technical change andapital good prices enter in the
replacement decisions of consumption-good rms.

Finally, the nancial structure of the rm does a ect in our m odel its investment policies
(cf. SF6). Indeed, the presence of nancial constraints implies #t rms pay a premium
if they rely on external sources of funds (i.e. credit). Thefore, the nancial structure of
rms might not be neutral: rms may turn to external credit wh en their stock of liquid
assets is not enough to fully nance their investment plans.

4 The Model

We model an economy populated b rms and L workers/consumers. Firms are split in
two industries: there areF; consumption-good rms (labeled byj in what follows) and F,
machine-tools rms (labeled byi). Of course,F = F;+ F,. Consumption-good rms invest

1 This in line with empirical evidence discussed in Feldsteinand Foot (1971); Eisner (1972); Goolsbee
(1998), who show that replacement investment is typically rot proportional to capital stock
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in machine-tools and produce a homogeneous product for comgers. Machine-tool rms
produce heterogenous capital goods and perform R&D. Worlkeinelastically sell labor to
rms in both sectors and fully consume the income they recedv Investment choices of
consumption-good rms determine the level of income, consytion and employment in
the economy.

In the next subsection, we shall rstly describe in a teleggahic way the dynamics of
events in a representative time-period. Next, we shall prae a more detailed account of
each event separately.

4.1 The Dynamics of Microeconomic Decisions

In any discrete time periodt = 1;2;:::, the timeline of events runs as follows:

1. Consumption-good rms take their production and investrent decisions. According
to their expected demand, rms x their desired production and, if necessary, invest
to expand their capital stock. A payback period rule is empiged to set replacement
investment. Credit-rationed rms nance their investment, rst with their stock of
liquid assets, and next, if necessary, with debt.

2. Capital-good market opens. Market shares allocate thettd demand to each machine-
tool rm. Market shares change according to the evolution ofhe “‘competitiveness'
of each machine-producing rm.

3. Consumption-good market opens. Consumption-good proction takes place. Un-
employment rates and monetary wage emerge as the collectivatcome of micro-
decisions. The size of the consumption-good demand deperaas the number of
workers employed by rms. Consumption-good rms facing imprfectly informed
consumers receive a fraction of the total demand as a funatiof their price compet-
itiveness.

4. Exit, technical change and entry. Firms facing negative at-liquid assets and/or a
non-positive market-share exit and they are replaced by newms. Capital-good
rms stochastically search for new machines.

Finally, total consumption, investment, change in inventaes, and total product are
obtained by aggregating individual timet quantities.

2 All updating steps are carried out using a “parallel updating scheme'. More speci cally, all rms have
simultaneously access to the updating step and base their a@isions on the most recent observation of the
variables a ecting their updating decision.
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4.2 Production and Investment: The Consumption-Good Secto r

Each consumption-good rmj =1;2;:::;F, produces a homogenous good using machines
and labor under constant returns to scale. Planned output ¢eends on adaptive demand
expectations of the form:

Df(t)= f(Dj(t 1)Y(t 1:Di(t 2kY(t 2):),

whereD;(t 1)is the demand of rmj attimet 1andY(t 1)is the level of aggregate
output at time t  1: In fact, we explore di erent extrapolative rules based on bih rm-
speci ¢ past demand and aggregate market signal (see sentib.3, below for details).

According to the expected demand and the inventories\( ) inherited from the previous
period, rms x their desired level of production (Q}’):

Ql(t)y= Di(t) Nj(t 1) 1)

The stock of capital determines the maximum level of produitin achievable by each rm.
Hence, given the desired level of production, rms computené desired stock of capital as:

Qf (1)

ud ’

K{(t) = (2)

whereu? is the desired level of capacity utilization.
Consumption-good rms decide whether to expand their stock of capital following an
(S,s) model. They compute their trigger ijg ) level of capital as follows:

Ko = K () + ) (3

with 0 < < 1. Firms then plan to increase their capital stock only if thedesired capital
stock is higher than the trigger one:

(

El; (1) = 0 it KO <K™ (1)

KM@ K@) if Kt KM@ @)

whereEl | (t) is the expansion investment.

Such a routine-based behavior as already mentioned is amplgti ed by the complexity
of the environment in which the rms are nested, characterizd by strong market and
technological uncertainty.

The stock of capital of each consumption-good rm is heter@peous, since it is com-

13We assume that there are no secondary markets for capital gats. Hence, rms have no incentives to
reduce their capital stock.
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posed of various vintages of machines which dier in terms giroductivity. Machines
are measured in terms of their production capacity and are nmalized to one. They are
identi ed by a labor productivity coe cient A; , wherei denotes their producer and
their generation (technical change takes place through thereation of new generation of
machines. See section 4.7 below for details). Lef(t) be the set of all types of machines
belonging to rm j at time t. Firm j's capital stock is de ned as:

X
Kj(t) = g (A;; 1),

Aj 2 j(t)

whereg; (A;. ;t) is the absolute frequency of machind;. . Given the nominal wagew(t),
the unit labor cost of each machine is computed as:

Scrapping policies follow a payback-period routine. The pé&acement of an incumbent
machine depends on its degree of “technological' obsoleseeand on the market price of
new capital goods. More formally, rmj will scrap machinesA; 2 (t) if they satisfy:

p (1)
c(A. ;1) c(b) ’

RS()= A; 2 (1): (5)
where p and c are, respectively, the average market price and unit laborost of new
machines, andb is a strictly positive payback-period parameter. Hence, threplacement
investment (RI) of rm | will be equal to:

X
RI; () = g (A;; ;1); (6)
Ai; 2RSj (t)

l.e. each consumption-good rm computes its replacementviastment (RI;) by "adding' the

number of machines that satisfy eq. (5). The level of investamt (I;) is the sum of expansion
and replacement investment. Summing up the actual investmeof all consumption-good
rms, we get aggregate investment ().

Firms must bear production costs before selling their outgu Hence, they must nance
production as well as investment. In tune with the spirit of he evolutionary perspective,
but also of many New Keynesian models, we assume imperfecpital market with credit
rationing. Hence, rms will use rst their stock of liquid assets (NW;) in order to nance
production and investment and only borrow if the latter are ot su cient, up to a maximum
debt/sales ratio nax, paying an interest rater.

When consumption-good rms receive new machines, they uptatheir average pro-
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ductivity ( j) and their unit cost of production (¢;). Average productivity reads:

X (A -
_ gJ (AH ’t)
i(t)= A =
Ai 2 (b K (®)

while unit cost of production will be given by:

w(t)
it

Firms x the price as a mark-up on their unit cost of productian:

G(t)=

B =1+ )G(t);

with > 0. Given their average productivity and their production, cosumption-good
rms determine their labor demand (LJ-D):

Qi (1),
()

LP (1) =
Denoting by S; total sales of rm j, prots ( ;) read:

iO=pMS{H GMOQ() rDeb(t),

whereDel is the stock of debts. The variation of the stock of liquid ag$ of consumption-
good rms depends on their pro ts as well as on their investnma choices:

NW;(t) = NW;(t 1)+ () cl,

wherecl; is the amount of internal funds employed by rmj to nance investment.

4.3 Demand Expectations

As mentioned, we experiment with diverse forms of adaptivexpectations characterized by
somewhat di erent computing abilities and extrapolating outines. In the simplest case,
we assume that consumption-good rms are endowed wifterfectly myopicexpectations:

DE(t) = Dj(t 1) (7)

Second, we allow for some extrapolative rule and a longer mem (call it the autoregressive
expectation case):

Di(t)= 4Dj(t 1+ ,Dj(t 2)+ 3Dj(t 3)+ ,Dj(t 4); 8)
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with O 1234 < 1
Third, we model rms considering both the level and the variion of their past demand
( Dj(t 1)). Inthis case rms haveaccelerativeexpectations:

DE()=[1+ 5 Dyt DLIDj(t 1) (9)

with0< < 1L
Fourth, we allow rms to learn also from their past forecast ad past mistakes. Let us
call it the adaptive expectation case:

Di(t)= Di(t 1)+ 4[D;(t 1) DFt 1) (10)

with > O
Finally, in the fth case rms consider also the dynamics of he whole economy. This
is the micro-macro expectation case:

DEM) =[1+ , Dj(t 1)+ 5 Y(t DDt 1) (11)

whereY denotes the aggregate output and 8 ;5 < 1.

4.4 Machine Production

In the previous section, we have described how the demand afpdal goods is generated.
Let us now describe the machine producing sector.

Each machine-tool rm i = 1;2;:::;F, sells its latest generation of products charac-
terized by labor productivity coe cient A; ,with = 1;2;:::. The production process
employs labor only under constant returns to scale. The unitost of production is speci c
to the rm and to the produced vintage:

w(t)
G(t) = A

Firms set the price according to a mark-up () rule:

p(t) =@+ )a(l),

where 0.

As it happens in the consumption-good industry, machine-td rms bear the costs
of production before receiving the revenues. They nance @duction with their stock of
liquid assets NW,;) and if necessary with external funds. Once the level of pradtion is
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determined, rms can hire workers according to:

D _ Qi(t)
I—i (t) Ai; )
whereLP is the labor demand of rmi.
Firm i's prots ( ;) will be then given by:

(0 =[p() c®IQi(t) rDeb;(t).

The stock of liquid assets changes according to:
NW;i(t) = NWi(t 1)+ (t).

4.5 The Consumption-Good Market

In this and in the next section we present how good markets wg. We rst consider the
consumption-good market.

Since consumption-good rms take their production decisits according to their de-
mand expectations, they can obviously make mistakes whichearevealed by variations in
inventories. If in the previous period, they produced too nmzh (Q;(t 1) > D;(t 1)),
they accumulate stocks. On the contrary, if they were not ablto fully satisfy their past
demand Q;(t 1)<Dj(t 1)), their ‘competitiveness' ;) at time t is reduced:

Ei() = tip(t) !ali(t), (12)

wherel; is the level of un lled demand inherited from the previous peod and! ;., are non-
negative parameters. The average sectorial competitiveser’) is obtained by weighting
the competitiveness of each rm with its past market sharef((t 1)):

_ Xt
E'()=  E@®ft 1)
j=1
Under condition of imperfect information, consumers takeime to imperfectly adjust to
relative consumption-good prices. Thus, market shares dwe according to a replicator
dynamics. More speci cally, the market share of each rm wilgrow (shrink) if its com-
petitiveness is above (below) the industry-average comp@teness:
o
Ei(t) E'(t)

fi)="fit 1) 1+ , 0

(13)
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with , 0
Aggregate consumption (cf. section 4.8) shapes the demaside of the market and it
is allocated to consumption-good rms according to their miket share:

D; (1) = CB)f; (v). (14)

4.6 The Capital-Good Market

Let us now turn to the capital-good market. Capital-good rnms produce on demand.
Hence, since they are always able to fully satisfy their demd, their "‘competitiveness'
depends only on the price they charge:

Ei(t) = ! api(t); (15)

where ! 3 is a non-negative parameter. As in the consumption-good iostry, average
sectoral competitivenessE') and market shares {;) read:

. X
Em= E@®ft 1)
i=1
o]
E(t) E®

E'()
with , 0: Also in this case, since the market is characterized by imgdect information,
there is inertia in the adjustment process of the market shas.

The demand side of the capital-good market depends on the @stment choices of
consumption-good rms. More speci cally, nal-good rm orders determine the size of the
investment “cake', whose sliced)) are allocated according to the market share of each
producers:

fi(t)=fi(t 1) 1+ , ; (16)

Di(t) = 1(Ofi(t). (17)

4.7 Entry, Exit, and Technical Change

At the end of every period, rms with zero market shares and/b negative net assets die
and are replaced by new rms. Hence, the number of rms in botlectors remain constant

141n both consumption- and capital-good markets, a rm dies if its market share ceases to be positive
(cf. Dosi et al., 1995).
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across time. In order not to bias the overall dynamics, we staby assuming that each
entrant is a random copy of a survived rm.

Finally, our economy is fuelled by a never-ending process tethnical change. At the
end of each period, machine-tool rms try to develop the nexgeneration of their product
(i.e. discovering machines with a higher labor productiwt coe cient). The result of their
e orts is strongly uncertain: rms develop a prototype who labor productivity (Ainew)
may be higher or lower than the one of the currently manufacted machine. More formally,
we let:

Ainew = Aiy ; (18)

where s UJ 1; »]: We also posit that rm i will release the next generation machine only
if the latter entails a labor productivity improvement (i.e. Ainew > Aj ). Finally, if the
rm decides to produce the new machine, the index is accordingly incremented by one
unit.

4.8 Macro Dynamics

The dynamics generated at the micro-level by individual désions and interaction mecha-
nisms induces, at the macroeconomic level, a stochastic dynics for all aggregate variables
of interest (e.g. output, investment, consumption, unemjplyment, etc.).

Labor market is not cleared by real wage movements. As a cogsence, involuntary
unemployment may arise. The aggregate supply of labor is eenous, inelastic and grows
at a constant rate ( ):

L(t)= L(t 1)L+ ).

The aggregate demand of labor is the sum of machine- and comgtion-good rms' labor
demands:

X1 Xz

L°(t)y= L+  LP(b):

j=1 i=1
Hence, aggregate employmeng&(mp) reads:

Emp(t) = min L(t)°;L(t)): (19)

The wage rate is determined by both institutional and marketactors, with both indexation
mechanisms upon consumption prices and average produdijyion the one hand, and,
adjustments to unemployment rates, on the others:
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cpi(t) cpi(t 1) N A(t) At 1) N u@) U@ 1)
cpi(t 1) At 1) U 1) !
(20)
where cpi is the consumer price indexA is average labor productivity andU is the unem-
ployment rate. The system parameters ;.,.; allow one to characterize various institutional
regimes for the labor market.

In addition to the industries producing consumption goodsrad machines { call them
the tradable sector of the economy { it is reasonable to ass@na parallel source of ag-
gregate demand associated with a non-market sector { inclug) of course in its empirical
counterpart government services. In the model, its admittly blackboxed representation
is through a contribution to aggregate consumption propordnal to the whole labor force
and the aggregate wage bill:

w(t)=w(t 1)+ 1+

C(t) = w(t)Emp(t) + 'w (t)L; (21)

with0<'< 1

As mentioned above, our model straightforwardly belongs tthe evolutionary/ACE
class. Since in general, analytical, closed-form, solut® can hardly be obtained, one
must resort to computer simulations to analyze the propertis of the (stochastic) processes
governing the coevolution of micro and macro variablés

To do so, one should in principle address an extensive Morgelo analysis in order to
understand how the statistics of interests change togethwiith initial conditions and system
parameters. Notice, in any case, that in our model the only gthastic component a ecting
the underlying dynamics is given by technological improveemts in machine e ciencies.
In fact, sensitivity exercises show that the across-simulan stochastic variability is quite
low and no chaotic pattern is detected. Hence, we can con diy present below results
concerning averages over a limited number of replicationg/gically M = 50) as a robust
proxy for the behavior of all time-series of interest. Mora@r, a Montecarlo sensitivity
analysis on some relevant system parameters is performedAppendix C.

5 Simulation Results

How does the model fare in terms of its ability to account forhte empirical regularities
presented in sections 2.1 and 2.2? Here we shall present inadethe simulation results

150n the “methodology' of evolutionary/ACE models, see Nelsa and Winter (1982); Lane (1993a,b);
Kwasnicki (1998); Dosi and Winter (2002); Pyka and Fagiolo 005).
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under perfectly myopic expectation scenario and comparedam with the results obtained
in the other expectation regimes (cf. Sec. 4.3). The value thfe parameters and the initial
conditions are spelled out in Appendix B.

First, notice that the model is able to generate self-sustaing patterns of growth (cf.
Fig. 5). The analysis of investment components shows, sedorthat the behavior of
aggregate investment is the result of huge changes in bothpaxsion and replacement
investment (see Fig. 6).

Third, if we separate the business cycle frequencies of thexies by applying a bandpass
lter 16, we observe the typical “roller coaster' shape that charamizes real data (see Fig.
7 and section 2.1 above).

Fourth, our simulated series of aggregate investment appet be more volatile than
output, and expansion investment uctuates more wildly tha replacement investment (cf.
Fig. 8).

Finally, aggregate investment and consumption seem to disy a procyclical behav-
ior. Interestingly, the foregoing qualitative propertiesdo not signi cantly change if we let
consumption-good rms follow more sophisticated expectatn formation rules. As com-
pared to the expectation regime analyzed so far, output andwestment appear to be
somewhat less volatile if rms are endowed with autoregrass (cf. Fig. 10 and eq. 8
above) expectations. Moreover, if one assumes autoregresor accelerative (cf. eq. 9)
expectation set-ups, expansion investment appears to besselumpy (cf. Figs. 11 and 15).

An important advantage of the model as compared with its “rgpsentative agent' rivals
is that it also generates a microeconomic landscape consigtwith the micro “stylized facts'
mentioned in section 2.2. So, for example, the skewed sizetdbutions!’ which emerge in
the simulation are not very di erent from the empirically observed one (cf. the rank-size
plot in Figure 1). Moreover, again in tune with the empiricalevidence, pooled growth
rates of our simulated rms exhibit the typical ‘tent-shapel' patterns, characterized by
tails fatter than the Gaussian benchmark (cf. Fig. 2).

Let us now turn to a more detailed study of the time-series gemated by our model
simulations. More speci cally, let us address the issue wter simulated series of aggregate
output growth, investment, consumption, etc. display staistical properties similar to the
empirically observed ones (as summarized BF1 4).

16See Appendix A for a discussion of the properties of alternave Itering techniques.

17We employ consumption-good rms sales §) as a proxy of rm size. Before pooling our data, we
normalize each observation by the year-average of rm sizeni order to remove any time trends in our data.
This allows one to get stationary size and growth distributions across years.
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We begin by focusing on the average growth rate (AGR) of the esomy:

AGR; = IogY(T_g + iogY(O); (22)

whereY denotes aggregate output and compute Dickey-Fuller (DF) &s on output, con-
sumption and investment in order to detect the presence of urroots in the series. All
results refer to averages computed acrobé = 50 independent simulations.

The average growth rate of output, consumption and investnm¢ are strictly positive
(see Table 4) and DF tests suggest that output, consumptiorand investment are non-
stationary.

Finally, we detrend the time series obtained from simulatiess with a bandpass Iter
(6,32,12) and we compute standard deviations and cross-alations between output and
the other serie&.

The relative standard deviations show that the model is ableo match SF1 (i.e. in-
vestment is considerably more volatile than output) andSF2 (i.e. consumption is less
volatile than output). The volatility of aggregate investment is indeed 3 times larger than
the output one, whereas the relative volatility of consumpon is 0:86.

As far as cross-correlations are concerned, consumptionyvastment and change in
inventories all appear to satisfySF3: they are procyclical and coincident variables (cf.
Table 5). Moreover, our simulated cross-correlation pattas are alsoquantitatively similar
to those obtained by Stock and Watson (1999) on U.S. data (s€&g. 9).

In addition, employment turns out to be procyclical, while he unemployment rate is
anti-cyclical (SF4). Notice however that the two variables appear to be coirgent. This
result may stem from the complete lack of frictions that chaacterizes the labor market
in our model. Indeed, since in every time period rms can hirand re workers without
limitations, production uctuations pour out in the labor m arket with no lags.

If we move to the other expectation regimes, the aforementied quantitative results
do not signi cantly change. Investment relative standard @viation increases in the autore-
gressive expectation scenario (cf. Table 6), whereas it loages lower in the accelerative
expectation regime (cf. Table 8), but, in any caseSF1 is always matched. According to
cross-correlations SF3 is not completely satis ed only in the autoregressive exptation
scenario. Indeed, investment becomes slightly leading actange in inventories turns to
slightly lagging (see Table 7).

We have also checked whether our model is able to match the msieconomic stylized
facts on productivity dynamics (SF10 11). To do so, we compute { at each { the

8 All results refer to the choice of T = 600, cf. Appendix B. This econometric sample size is su cient
to allow for convergence of recursive moments of all statists of interest.
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standard deviation of labor productivities across consuntipn-good rms. Our results
(cf. Fig. 3) indicate that signi cantly asymmetries persi$ throughout the history of
our simulated economy (in tune withSF10). Moreover, we average productivity auto-
correlations for consumption-good rm$® nding autocorrelations signi cantly larger than
zero (cf. Fig. 4, thus suggesting persistency in micro prodivity di erentials (cf. SF11).

6 Conclusions

In this work, we have begun to explore the properties of an euionary, agent-based
model wherein macroeconomics dynamics is nested into hetgenous boundedly ratio-
nal rms which operate in two vertically linked sectors, pralucing "'machines' and a con-
sumption good. Technical progress is machine-speci ¢ and uses in the economy via
time-consuming investment by users. In turn, investment ahproduction decisions induce
demand propagation e ects much alike Keynesian "'multipliee ects. Conversely, adaptive
expectations on demand drive investments in manners cloggkesembling the Keynesian
“accelerator'.

The results, despite the simplicity of the model, appear todsurprisingly in tune with
a rather long list of empirical “stylized facts' { concernig both the properties of aggregate
variables and the underlying microeconomics. The overalligiure stemming from the
simulation results is one where self-sustaining, uctuatig patterns of growth emerge out
of the interactions among rms operating in market regimesHat strongly depart from
perfect competition. Firms undergo a permanent process adlection and try to cope {
albeit imperfectly { with a turbulent environment characterized by endogenous demand
waves and technological shocks. This in turn induces lummas in individual rm growth
patterns, with relatively frequent episodes of larger- orrsaller-than-average growth.

Self-sustained growth comes together with uctuations in mcroeconomic variables
characterized by statistical properties similar to the emipically observed one. Interest-
ingly, preliminary investigations appear to suggest thatsch properties are relatively in-
dependent from the speci cation of expectation formationRather, it is the heterogeneity
among the agents which is crucial to generate dynamic propies of the model.

Evolutionary microfoundations { in the form of multiple agents, who are imperfectly
adaptive in their behavior but also able to innovate { are shon to withhold macrodynamics
with strong Keynesian features.

9More precisely, in the last 100 periods of the simulations, w consider the normalized productivity of
rms that survived for at least 40 periods and we average autecorrelations until lag 8.
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A The Choice of the Filter

All analyses of empirical and simulated time-series conded above have required the
application of some ltering techniques in order to single @t the business cycle components
of the series.

The choice of the lter is not trivial: as Canova (1998, 1999)pointed out, di erent
detrending methods a ect both the qualitative and quantitative stylized facts of the busi-
ness cycle. An ideal Iter should remove the trend, as well any irregular components,
without introducing any distortion. The problem becomes darer if it is treated in the
frequency domain. According to the spectral decompositiotheorem, a covariance sta-
tionary time series can be represented as the in nite sum ofthogonal components, each
of which is associated to a given frequency. Each series hapa@ver spectrum, which
reports the contribution to the total variance of the proces of the components belong-
ing to each frequency band. The (relative) importance of thaictuations associated to a
given periodicity is given by the height of the spectrum at te correspondingly frequency.
As reported by Granger (1966), the spectrum of many macroauamic time series has a
typical monotonically-decreasing shape, which implies # medium and (especially) low
frequencies { which correspond to the business cycle and dprun growth periodicity {
give the highest contribution to the variance of the varial#s. The ideal business cycle
Iter should preserve the medium frequencies, detrend theaviable (i.e. eliminating low
frequency uctuations), and kill the high frequency noise.

Let us consider two of the most largely employed lters, i.e. rst-di erencing’ (FD)
and "bandpass' (BP), see Baxter and King (1999). On the one hd, the FD lter is very
simple and it is able to remove the trend component of the ses. However, it ampli es
their short-run noise. Moreover, if a series does not have aitiroot, we can incur in
over-di erencing.

On the other hand, the BP Iter outperforms FD and allows to shgle out only the
range of periodicity associated to the business cycle (e832 quarters¥°.

Hence, in line with the econometric literature on businessycle stylized facts (Agresti
and Mojon, 2001; Stock and Watson, 1999; Napoletano, Rovent and Sapio, 2004), we
choose to employ here the BP lter.

This choice is reinforced by the fact that the problem of highirequency noise is par-
ticularly severe in our data. For instance, if in the "perfdaty myopic' expectation scenario
we compare output and investment series detrended with thevo Iters (cf. Fig. 30), a
distortion due to the presence of short-run noise does emerghe uctuations of the rst-

di erenced series are very wild as compared to those of baralys- Itered series. This does
not allow one to infer any clear relation between output andnvestment. Moreover, the
distortion introduced by rst-di erencing biases also the correlation structure (cf. Table

14).

Finally, notice that the BP lIter requires to specify the range of frequencies that corre-
spond to business cycle periodicity. With real-world datathis choice is very simple: given
the frequency of the observed data (e.g. quarterly, monthlythe minimum and maximum

2OMore speci cally, the optimal BP Iter is an in nite symmetric moving average, singling ou t a speci ¢
range of periodicity. The feasible BP lter is instead a nite moving-average, whose weights minimize the
squared di erence between the ideal Iter and viable ones.
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length of business cycle is usually de ned according to a duative analysis of the data
(e.g. NBER chronologies).

Unfortunately, simulation-based exercises do not providde modeler { by construction
{ with this information. We deal with this problem by assuming that our simulated time-
tick coincides with quarterly data, and we use the same rangef frequencies that are
commonly used in the empirical analysis of the U.S. businesgcles (i.e. 6-32 quarters).

There seem to be at least three reasons which justify this de. First, using quarterly
data allows us to better compare statistical properties ofimulated time-series with those
exhibited by empirically observed ones (cf. Section 2.1).e8ond, we believe that the as-
sumption of quarterly data is a good compromise between thénting of investment and
production choices made by rms whose time-horizon is (alsshaped by data-availability.
Finally, the quarterly timing appears to be the "optimal' ore also from a calibration per-
spective. Imagine to search for the ranges of frequenciesadBF that allow our simulated
data to best reproduce the empirically observed stylized ¢&s on output and investment.
More speci cally, let us assume that the length of our busires cycles falls between 6 and
32 quarters and let us Iter our simulated data as if they wereguarterly, monthly and
annuaf!. It turns out that the quantitative results we obtain with “annual' data closely
resemble those obtained with rst-di erencing (cf. Table #). This does not come as a
surprise: since frequency is the inverse of periodicity, l3ssuming annual data we widen
the frequency range, taking on board a lot of high frequencyorse. With “quarterly' and
‘monthly' data, on the other hand, the situation improves shstantially: the relative stan-
dard deviations of investment decrease, while both auto- drcross-correlations increase.
However, with ‘'monthly’ data, auto- and cross-correlatios fall too slowly as compared to
what happens in real-world data.

B Simulations and System Parameters

All simulation results presented above refer to the benchmasetup described in Table 1.
Initial conditions are de ned as in Table 2.

The simulation results we get under di erent expectation rgimes are quiet robust
to di erent expectation parametrizations. The results reprted in the paper have been
obtained with ; =07, ,=0:3; 3,=0; 5=0:25; §=1; ;=0:05and g=0:25

C Montecarlo Analysis

We perform a Montecarlo analysis I = 50) to assess how di erent parameterizations
a ect the results generated by the model. More precisely, ithe perfectly myopic scenario,
we focus our analysis on investment parameters (i.e. thegder and the payback period
b), the wage shareé and the replicator dynamics coe cients ;,. We consider output and

2LFor “quarterly data’, we apply a bandpass Iter (6,32,12); for ‘monthly' data, we use a bandpass Iter
(18,96,36) and for "annual' data, a bandpass lter (2,8,6). The rst two numbers set the lowest (e.g. 18
months) and highest periodicity (e.g. 96 months) that must be considered. The last number regulates the
precision of the lter.
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investment and, for every parameterization, we compute argge growth rates, standard
deviations and cross-correlations as in Section 5. Resudtee reported in Table 15.

The general picture emerging from the Montecarlo analysisopts to the resilience of
the model. Indeed, the statistics produced by the model areutje robust to di erent
parameterizations.

If  rises, average growth rates does not change and the vold&ilof GDP and in-
vestment slightly increases. Moreover, investment becomslightly leading, because the
correlations at timet andt 1 fall.

Lower values of the payback period parameter have no impachdhe GDP average
growth rate and on the correlation-structure. On the contray, the investment average
growth rate responds in a non-linear way, the GDP standard d&tion slightly falls,
whereas the investment standard deviation rises.

The major in uence of the wage share is on the correlation sicture. As  rises,
investment tend to becomes slightly leading. Average grotvtrates and standard deviations
are almost una ected.

Finally, the competitive pressure exercised by the economenvironment via ,., has
no in uence on the GDP average growth rate and it slightly a ets the investment av-
erage growth rate. When .., rises, both GDP and investment volatility grow, whereas
correlations are almost una ected.
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Description Symbol Value
Size of Consumption-good Industry Fi 200
Size of Capital-good Industry F, 50
Econometric Sample Size T 600
Replicator Dynamics Coe . 1:2 0:5
Competitiveness weights 123 1
Uniform Distribution Support: Lower Bound 1 05
Uniform Distribution Support: Upper Bound 2 05
Labor Supply Growth Rate 0:.01
Wage Setting: cpi weight 1 0:75
Wage Setting: A weight ) 1
Wage Setting: U weight 3 0:1
Desired level of capacity utilization ud 0:75
Trigger rule 01
Payback Period Parameter b 4
Mark-up rule 0:3
Interest rate r 0:01
Wage share ' 0:1

Table 1: Benchmark Parametrization

Description Symbol Value
Market Wage w(0) 100
Consumer Price Index cpi(0) 1:3
Average Labor Productivity  A(0) 100
Liquid Assets NW;; (0) 3000
Capital Stock K; (0) 2000
Labor Supply L (0) 3000

Table 2: Initial Conditions
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Std. Dev. Cross-correlations with GDP (lags)

Series Abs. Rel. t-4 t3 t2 t1 0 t+1 t+2 t+3 t+4

GDP 1.66 1 003 033 066 091 1 091 066 0.33 0.03
Consumption 126 0.76 -0.07 0.21 051 0.76 090 0.89 0.75 30.9.29
Investment 497 299 004 032 061 082 089 083 0.65 0.41180
Ch. in Invent. 0.38 - -0.32 -0.04 028 057 0.73 0.72 0.56 0.3R.08

Employment 139 084 049 0.72 089 092 081 0.57 0.24 -04r33
Unempl. rate 0.76 0.46 -0.27 -0.55 -0.80 -0.93 -0.89 -0.69.390 -0.07 0.19

Table 3: Variance and Auto-Correlation Structure of Outputand Other Macro Series for
the U.S. Economy (1953 - 1996). Quarterly data have been detrded with a bandpass
Iter (6,32,12). Source: Stock and Watson (1999).

GDP Consumption Investment

Avg. growth rate (%) 1.50% 1.51% 1.54%
Dickey-Fuller test (logs) 2.8715 3.9986 -0.9186
Sign. level 1 1 1
Dickey-Fuller test (bpf 6,32,12) -4.8703 -4.8040 -5.6382
Sign. level 0.01 0.01 0.01
Std. Dev. (bpf 6,32,12) 0.1931 0.1659 0.6089
Rel. Std. Dev. (GDP) 1 0.86 3.15

Table 4: Perfectly Myopic Expectations. Output, Investmenand Consumption Statistics.

Series GDP (bpf 6,32,12)
bpf 6,32,12 t-4 t-3 t-2 t-1 t t+1 t+2 t+3 t+4
GDP -0.1516 0.2493 0.6281 0.9001 1 0.9001 0.6281 0.2493516.1

Consumption  -0.1227 0.2777 0.6481 0.9085 0.9975 0.8918 1596 0.2350 -0.1672
Investment -0.1887 0.1226 0.4300 0.6767 0.8112 0.7998 98630.3622 0.0263
Ch. in Invent. -0.0956 0.1067 0.3101 0.4669 0.5342 0.49133500 0.1493 -0.0615
Employment  -0.1397 0.2637 0.6389 0.9045 0.9981 0.8966 48620.2478 -0.1514
Unempl. rate  0.1274 -0.2663 -0.6327 -0.8949 -0.9916 -06894.6296 -0.2519 0.1537

Table 5: Perfectly Myopic Expectations. Correlation Struture.
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GDP Consumption Investment
Avg. growth rate (%) 1.54% 1.53% 1.58%
Dickey-Fuller test (logs) 6.4372 9.4470 -0.4309
Sign. level 1 1 1
Dickey-Fuller test (bpf 6,32,20) -4.8703 -4.8380 -5.1365
Sign. level 0.01 0.01 0.01
Std. Dev. (bpf 6,32,20) 0.0767 0.0672 0.3183
Rel. Std. Dev. (GDP) 1.00 0.88 4.15

Table 6: Autoregressive Expectations. Output, Investmenand Consumption Statistics.

Series Gdp (bpf 6,32,12)

bpf 6,32,12 t-4 t-3 t-2 t-1 t t+1 t+2 t+3 t+4

GDP -0.0706 0.2929 0.6462 0.9049 1 0.9049 0.6462 0.2929706.0
Consumption  -0.0850 0.2789 0.6337 0.8963 0.9980 0.9115 6186 0.3150 -0.0469
Investment -0.1592 0.1241 0.4161 0.6580 0.7968 0.8023 55670.4465 0.1640
Ch. inInvent. 0.1195 0.3136 0.4678 0.5475 0.5318 0.4225 4%32 0.0412 -0.1474
Employment -0.1100 0.2565 0.6167 0.8868 0.9968 0.9180 42.670.3319 -0.0280
Unempl. rate  0.1144 -0.2507 -0.6113 -0.8826 -0.9943 -(39170.6752 -0.3333 0.0272

Table 7: Autoregressive Expectations. Correlation Structe.

GDP Consumption Investment
Avg. growth rate (%) 1.52% 1.50% 1.66%
Dickey-Fuller test (logs) 2.2160 3.6865 -0.3357
Sign. level 1 1 1
Dickey-Fuller test (bpf 6,32,20) -5.5105 -5.5063 -5.9885
Sign. level 0.01 0.01 0.01
Std. Dev. (bpf 6,32,20) 0.1630 0.1379 0.4059
Rel. Std. Dev. (GDP) 1.00 0.85 2.49

Table 8: Accelerative Expectations. Output, Investment ad Consumption Statistics.
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Series

Gdp (bpf 6,32,12)

bpf 6,32,12 t-4 t-3 t-2 t-1 t t+1 t+2 t+3 t+4

GDP -0.2626 0.1362 0.5565 0.8785 1 0.8785 0.5565 0.1362626.2
Consumption -0.2666 0.1350 0.5567 0.8778 0.9988 0.8805 610.5 0.1417 -0.2570
Investment -0.3193 -0.0305 0.3120 0.6181 0.7967 0.7902 9815 0.2812 -0.0642
Ch. in Invent. -0.1452 0.0293 0.2236 0.3715 0.4170 0.340116®5 -0.0386 -0.2083
Employment -0.2746 0.1259 0.5489 0.8735 0.9990 0.8847 771.560.1487 -0.2507
Unempl. rate  0.2700 -0.1281 -0.5476 -0.8694 -0.9944 -(6882.5694 -0.1529 0.2474

Table 9: Accelerative Expectations. Correlation Structue.

GDP Consumption Investment
Avg. growth rate (%) 1.56% 1.56% 1.73%
Dickey-Fuller test (logs) 3.0319 4.1459 -0.8462
Sign. level 1 1 1
Dickey-Fuller test (bpf 6,32,20) -4.9501 -4.8922 -5.6906
Sign. level 1 1 1
Std. Dev. (bpf 6,32,20) 0.1915 0.1646 0.6085
Rel. Std. Dev. (GDP) 1 0.86 3.18

Table 10: Adaptive Expectations.

Output, Investment and Casumption Statistics.

Series Gdp (bpf 6,32,12)

bpf 6,32,12 t-4 t-3 t-2 t-1 t t+1 t+2 t+3 t+4

GDP -0.1491 0.2518 0.6302 0.9013 1 0.9013 0.6302 0.2518490.1
Consumption -0.1248 0.2769 0.6483 0.9087 0.9974 0.8923 170.6 0.2375 -0.1649
Investment -0.1939 0.1174 0.4252 0.6729 0.8093 0.8012 40.640.3677 0.0301
Ch. in Invent. -0.0919 0.1111 0.3128 0.4652 0.5285 0.48693547 0.1691 -0.0256
Employment  -0.1417 0.2629 0.6391 0.9047 0.9981 0.8971 @®620.2504 -0.1491
Unempl. rate  0.1296 -0.2656 -0.6330 -0.8951 -0.9914 -(B894.6310 -0.2539 0.1519

Table 11: Adaptive Expectations. Correlation Structure.
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GDP Consumption Investment

Avg. growth rate (%)

Dickey-Fuller test (logs)

Sign. level

Dickey-Fuller test (bpf 6,32,20)

Sign. level

Std. Dev. (bpf 6,32,20)
Rel. Std. Dev. (GDP)

1.44% 1.45% 0.53%
2.4223 3.1405 -1.7463
1 1 1
-5.6499 -5.5816 -5.8515
0.01 0.01 0.01
0.2118 0.1792 0.7649
1 0.85 3.61

Table 12: Micro-Macro Expectations. Output, Investment ad Consumption Statistics.

Series Gdp (bpf 6,32,12)

bpf 6,32,12 t-4 t-3 t-2 t-1 t t+1 t+2 t+3 t+4

GDP -0.3400 0.0903 0.5365 0.8739 1 0.8739 0.5365 0.0903400.3
Consumption -0.3314 0.1086 0.5534 0.8825 0.9985 0.8646 240.5 0.0810 -0.3476
Investment -0.2796 0.0324 0.3445 0.5868 0.7054 0.6738 21.500.2325 -0.0732
Ch. in Invent. -0.1542 0.0020 0.1804 0.3304 0.4010 0.364223®7 0.0527 -0.1190
Employment  -0.3410 0.0983 0.5454 0.8787 0.9986 0.8671 80520.0847 -0.3429
Unempl. rate  0.3402 -0.0992 -0.5433 -0.8735 -0.9944 -04869.5391 -0.1009 0.3298

Table 13: Micro-Macro Expectations. Correlation Structue.
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Series Std. Dev. GDP (rates of growth)
r.o.g. abs. rel. t-4 t-3 t-2 t-1 t t+1 t+2  t+3 t+4
GDP 0.11 1.00 0.082 -0.202 0.533 0.180 1 0.180 0.533 -0.20Q282a.
Consumption 0.08 0.74 -0.111 0.019 0.419 0.458 0.901 0.41230 -0.054 -0.064
Investment 0.97 8.63 0.013 -0.086 0.178 0.031 0.224 0.06244. -0.080 0.130
Series Std. Dev. GDP (bpf 6,32,12)
bpf 6,32,12 abs. rel. t-4 t-3 t-2 t-1 t t+1 t+2  t+3 t+4
GDP 0.19 1.00 -0.152 0.249 0.628 0.900 1 0.900 0.628 0.2491520.
Consumption 0.17 0.86 -0.123 0.278 0.648 0.908 0.997 0.89B16 0.235 -0.167
Investment 0.61 3.15 -0.189 0.123 0.430 0.677 0.811 0.8064®M. 0.362 0.026
Series Std. Dev. GDP (bpf 2,8,3)
bpf 2,8,3 abs. rel. t-4 t-3 t-2 t-1 t t+1 t+2 t+43  t+4
GDP 0.06 1.00 0.008 -0.278 0.363 0.193 1 0.193 0.363 -0.2780080.
Consumption 0.04 0.74 -0.164 -0.104 0.259 0.431 0.902 0.38275 -0.153 -0.111
Investment 0.57 9.41 -0.005 -0.093 0.135 0.018 0.161 0.0599® -0.068 0.101
Series Std. Dev. GDP (bpf 18,96,36)
bpf 18,96,36 abs. rel. t-4 t-3 t-2 t-1 t t+1 t+2 t+3 t+4
GDP 0.07 1.00 0.558 0.738 0.878 0.967 1 0.967 0.878 0.738 80.55
Consumption 0.06 0.89 0.588 0.761 0.892 0.973 0.997 0.96866). 0.721 0.536
Investment 0.34 489 0.327 0.497 0.638 0.741 0.798 0.806640.70.676 0.547
Table 14: Robustness of Simulation Results to Alternative ikering Procedures. First
Di erencing vs. Bandpass Filters.
Parameters Avg. gr. r. Std. dev. Inv. corr. with GDP
b 1» GDP Inv. GDP Inv t-1 t t+l

0.10 4 0.10 -0.5 150% 1.54% 0.1931 0.6089 0.6767 0.8112 98®.79

0.20 4 0.10 -0.5 1.52% 1.49% 0.2112 0.7000 0.5331 0.7123 62D.76

030 4 0.10 -0.5 151% 1.56% 0.2372 0.6823 0.4757 0.6761 48.75

0.10 3 0.10 -0.5 151% 1.44% 0.1713 0.6854 0.6595 0.7844 1%.76

0.10 2 0.10 -0.5 1.49% 1.62% 0.1603 0.7886 0.6818 0.7998 5%.75

0.10 4 0.15 -0.5 151% 1.52% 0.1830 0.6335 0.5255 0.6691 8®.71

0.10 4 0.05 -0.5 1.52% 1.54% 0.1518 0.6141 0.6257 0.7552 62.73

0.10 4 0.10 -04 151% 1.48% 0.1394 0.5768 0.6135 0.7635 33.77

0.10 4 0.10 -0.6 1.52% 1.52% 0.2192 0.6674 0.6174 0.73412®.73
Table 15: Perfectly Myopic Expectations. Montecarlo Analgis of System Parameters.

Averages over 50 Replications.
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Figure 1: Pooled (Year-Standardized) Sales DistributionsLog Rank vs. Log Size Plots.
M-G: Model-Generated Distribution.
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Figure 13: Autoregressive Expectations. Bandpass-Filted Expansion and Replacement
Investment.
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Figure 20: Adaptive Expectations. Level of Output, Investrent and Consumption.
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Figure 23: Adaptive Expectations.
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Figure 24: Adaptive Expectations. Model Generated (M-G) vs Empirical Data (S-W:
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Figure 25: Micro-Macro Expectations. Level of Output, Invetment and Consumption.
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Figure 26: Micro-Macro Expectations. Expansion and Replament Investment.
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Figure 27: Micro-Macro Expectations. Bandpass-Filtered @put, Investment and Con-
sumption.
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Figure 28: Micro-Macro Expectations. Bandpass-Filtered ¥pansion and Replacement
Investment.
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Figure 29: Micro-Macro Expectations. Model Generated (M-5vs. Empirical Data (S-W:
Stock and Watson, 1999) Cross-correlations.
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Figure 30: First Di erencing vs. Bandpass Filter (6,32,12)

49



