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Abstract
We propose a general protocol for calibration and validation of complex simulation
models by an approach based on discovery and comparison of causal structures. The
key idea is that configurations of parameters of a given theoretical model are selected
by minimizing a distance index between two structural models: one estimated from
the data generated by the theoretical model, another estimated from a set of observed
data. Validation is conceived as a measure of matching between the theoretical and
the empirical causal structure. Causal structures are identified combining structural
vector autoregressive and independent component analysis, so as to avoid a priori restrictions. We use model confidence set as a tool to measure the uncertainty associated
to the alternative configurations of parameters and causal structures. We illustrate the
procedure by applying it to a large-scale macroeconomic agent-based model, namely
the “dystopian Schumpeter-meeting-Keynes” model.
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Introduction

Policy evaluation in macroeconomics is traditionally carried out within the framework of
formal models. These models serve as surrogates of laboratories in which, through simulation, counterfactual questions can be addressed. Questions may concern the effects of
systematic changes in fiscal or monetary policy, but also the economic consequences of
climate change. It is evident that the results of simulations are reliable and useful insofar
as the models are empirically plausible; namely to the extent that they are taken to the
data through estimation, calibration or validation (see, e.g., Ireland, 2004; Christiano et al.,
2018).
In this paper, we propose a general procedure to calibrate and validate complex simulation models. Calibration has a long tradition in economics and has been interpreted in
multiple ways (Cooley, 1997; Kydland and Prescott, 1982). The common ground is to find
numerical values for the parameters of the modeled artificial economies. The strategies
for selecting these values have been diverse (see Hoover, 1995): parameters are derived
from unrelated econometric studies or are chosen to guarantee that the model replicates
some specific statistical properties of the data. In other cases, one relies on theoretical
considerations and background knowledge. No matter the chosen strategy, the empirical
reliability of calibration has been object of controversies (Hoover, 1995). The prevalent
view, however, is that calibration allows the researcher to set the parameters so that the
data generated by the model share specific properties with the observed data. Hansen and
Heckman (1996) note that in this way the distinction between calibration and estimation
is “artificial at best” (see also Richiardi et al., 2006), since both calibration and estimation
involve a minimization of a loss function.
Validation is a notion which has been mainly discussed in the framework of modeling
complex systems through agent-based models (ABM) (see Windrum et al., 2007; Fagiolo
et al., 2019). Although there are also multiple views on this topic, a shared idea is that
validation should deliver a measure of the extent by which the data generating process
(DGP) associated to the (calibrated) theoretical model is a good representative of the “realworld” DGP.
The last two decades have seen the emerging of a plethora of methods for calibration,
estimation and validation of ABMs. These methods rely in turn on established approaches
such as indirect inference (see, e.g., Gilli and Winker, 2003 and Bianchi et al., 2007),
method of simulated moments (Winker et al., 2007; Franke and Westerhoff, 2012; Chen
and Lux, 2018), simulated minimum-distance (Recchioni et al., 2015; Lamperti, 2018),
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simulated maximum likelihood method (Kukacka and Barunik, 2017; Lux, 2018), approximate Bayesian computation (Grazzini et al., 2017; Delli Gatti and Grazzini, 2020) and
regression and its variants (Carrella et al., 2020, Chen and Desiderio, 2021). Techniques
based on surrogate meta-models have also been developed (Salle and Yıldızoğlu, 2014;
Lamperti et al., 2018), which can address computational issues emerging from simulation
and improve the performance of the above-mentioned methods.
In the present work, in the spirit of what has been already argued by Guerini and Moneta
(2017), we claim that calibration and validation should be designed taking into account the
aim of model building, namely performing policy analysis, and, specifically, predicting the
effect of a policy intervention on some variables of interest. Hence, as regards calibration,
configuration of parameters should be selected so that the emerging causal structure among
the aggregate (macroeconomic) variables is as close as possible to the structure underlying
the observed data. As regards validation, a model should be considered “valid” by the
extent of which the causal structure associated to the model’s DGP matches the causal
structure underlying the “real-world” DGP.
Our calibration and validation approach, therefore, necessarily hinges on tools for
causal inference. Causal inference in macro-econometrics is intertwined with the discussion of identification of structural equation models (Hoover, 2012), which most economists
see as plagued by the the two famous critiques of Lucas (1976) and Sims (1980) (see
Favero, 2001). We tackle here causal inference from a very “agnostic” perspective, in
tune with the discussion of identification in structural vector autoregressive (VAR) analysis
(Kilian and Lütkepohl, 2017). For the sake of calibration and validation, we do not need,
indeed, to identify a fully-fledged structural equation model. Our aim is to identify a set of
structural shocks and estimate their dynamic causal effects on the variables of interests. We
do this both for the model’s and the “real-world” DGP, using an identification method that
exploits non-Gaussianity, in the spirit of a flourishing literature in structural VAR analysis
that relies on statistical identification approaches (see Moneta et al., 2013; Lanne et al.,
2017; Gouriéroux et al., 2017; Herwartz, 2018; Herwartz et al., 2021, among others). Our
identification strategy is agnostic because, differently from Guerini and Moneta (2017), we
do not impose a priori a recursive causal structure on the variables. This comes, however,
with a price: we are not able to label the shocks. Nevertheless, we can match shocks between the two DGPs so that the structural relations between shocks and variables (which
we shall call “independent component representations”) are sufficiently identified for our
aims.
Although the proposed approach can be applied to any macroeconomic numerical simu3

lation model (including, e.g., dynamic stochastic general equilibrium — DSGE— models,
our focus here is on calibration and validation of ABMs. ABMs are typically calibrated
through replication of “stylized facts”, while validation is performed as a subsequent step
using a variety of techniques (see Fagiolo et al., 2019, for a survey). A general protocol,
aimed at both calibration and validation, is still missing in the literature. The focus on ABM
is also due to the fact that, as mentioned, we identify casual structures by non-Gaussianity.
While non-Gaussianity is a common feature in data generated by an ABM (see Guerini
and Moneta, 2017), is less so in data generated by a general equilibrium model in which
a linearized version with normal disturbances is commonly studied (see, e.g., Smets and
Wouters, 2007).1
Our general protocol for calibration and validation can be summarized as follows: (i)
we select a discrete set of configurations of parameters (CoP) θi , for i = 1, . . . , m0 , and
we simulate n patterns zjt (θi ), for j = 1, . . . , n and t = 1, . . . , T , of an ABM; (ii) we estimate reduced-form VAR models both from the data generated by an ABM — across m0
CoPs and n Monte Carlo runs — and from a set of observed data (US macroeconomic time
series), that we call yt ; (iii) we identify, through independent component analysis (ICA),
for each estimated VAR model, a vector of structural shock and a “mixing matrix”, i.e. the
matrix which describes the contemporaneous impact of the shocks on the variable of interest; (iv) we calculate a “minimum distance index” between the mixing matrix associated to
each model’s configuration of parameters and Monte Carlo run and the mixing matrix derived by the observed (real-world) data; (v) we apply the model confidence set (MCS, see
Hansen et al., 2011 and Seri et al., 2021) to the distribution of minimum-distance indices
and select the set of configurations of parameters that minimizes the expected distance (i.e.,
we identify all the CoPs so near that are statistically indistinguishable); (vi) for each selected configuration of parameters, i.e. the CoPs with p-value> 0.01, we infer a causal
graph describing which shocks have a significant impact on the variables; (vii) we compare
such causal graph with the analogous causal graph derived from the real-world data. To
do that, we propose a validation measure (VM) based on the Structural Hamming Distance
(SHD), a statistical distance measuring how many edges in the two graphs do not coincide
(see Section 2.3 for more details). Notice that steps (iii)-(vii) can be repeated for structural
impulse response matrices at any horizon.
We illustrate our validation protocol using the “Dystopian Schumpeter meeting Keynes”
(DSK) model (see Lamperti et al., 2018, 2019, 2020), a large-scale macroeconomic ABM
1

Examples of DSGE models charcterized by non-Gaussian shocks can be found in An and Schorfheide
(2007) and Cúrdia et al. (2014).
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which includes some characteristics peculiar to “Integrated Assessment Models”, such as
the energy sector, the Carbon Dioxide emissions produced by manufacturing firms and the
climate damages. We consider a version of the DSK embodying three sectors: the consumption and capital good sector, the banking sector and the energy industry.
We think that our methodology is innovative for the following reasons: first, it can
be used to select models (i.e. CoPs generating synthetic data) that best fit observed data;
second, it can be used to rank model’s causal structures from the most to the least plausible;
third, it is faster than other procedures based on the optimization of an objective function or
the exploration of the parameter space; finally, it comprises both calibration and validation.
In spite of the focus on ABMs, our calibration step shares some similarities with the
literature on calibration of DSGE models. We refer in particular to the works of Christiano et al. (2005), Del Negro et al. (2007), Dridi et al. (2007), Hall et al. (2012) and
Guerron-Quintana et al. (2017), in which general equilibrium models are calibrated relying
on indirect inference and, more in general, on simulated minimum-distance. The objective
(binding) functions to be optimized involve the minimization of the distance between the
impulse response functions of the models and the empirical impulse response functions.
However, to the best of our knowledge, none of these contributions exploit non-Gaussian
shocks neither provide a rank of the causal structures. Moreover, we do not need to optimize over the whole parameter space, as we sample a partition of it before applying our
protocol.
The rest of the paper is structured as follows. In Section 2 we present our general protocol of calibration and validation. In Section 3 we briefly illustrate the DSK model. This
model is calibrated and validated by applying our general protocol in Section 4. Section 5
concludes.

2

Calibration and validation protocol

This section presents our general protocol for calibration and validation of simulation models. We first represent both the model’s and the “real-world” DGP by a structural VAR
model, which we locally identify by applying independent component analysis (exploiting non-Gaussianity). This allows us to identify how the set of relevant shocks impact on
the variables of interest through the so-called mixing matrix. Secondly, we propose an index of similarity between model’s and real-world’s impact matrix and, on the basis of this
index, we implement our model confidence set procedure. Furthermore, for the selected
configurations of parameters, we reconstruct a directed acyclic graph (DAG) over shocks
5

and variables. We repeat the same analysis for the real-world data, exploiting a bootstrap
procedure. Finally, we compare the two DAGs providing a validation measure.

2.1

Identification of the structural models

Representation
We start by considering the fact that both the stochastic process underlying a set of observed
macroeconomic data (what we call the “real-world” DGP) and the process underlying an
ABM can be approximated by a multivariate time series model, which we formalise here
as a structural VAR model. The relationship between an ABM and a structural VAR, which
has been considered by Guerini and Moneta (2017) and Delli Gatti and Grazzini (2020),
can be justified by the fact that an ABM can be represented through a state-space model
(Hinkelmann et al., 2011), and the latter can be approximated by a finite-order VAR model
(Giacomini, 2013).
In the following, we consider a set of K time-series variables yt = (y1t , . . . , yKt )0 ,
corresponding to a set of K observed macroeconomic variables and an analogous set of K
time series variables zjt (θi ) corresponding to a set of data generated by an ABM for vector
of parameters θi and Monte Carlo run j (i = 1, . . . , m0 ; j = 1, . . . , n).
We model yt (analogously to zjt (θi ), see below) as a linear combination of past values
(up to lag P ):
yt = Byt + Γ1 yt−1 + · · · + ΓP yt−P + εt
(2.1)
or
Γ0 yt = Γ1 yt−1 + · · · + ΓP yt−P + εt

(2.2)

where Γ0 = (I − B), B and Γp (for p = 1, . . . , P ) are K × K matrices denoting the
contemporaneous and lagged coefficients, εt is a K × 1 vector of i.i.d. (structural) error
terms with covariance matrix Σε , which we assume to be diagonal. This process takes the
name of structural vector autoregressive model. Equations (2.1) and (2.2) may also contain
a constant (and even a deterministic trend), which we omit here for convenience, not being
relevant for the present discussion. This model can be rewritten in a form which is more
convenient for estimation containing only pre-determined variables on the right hand side
of the equation. This is called the reduced-form:
−1
−1
yt =Γ−1
0 Γ1 yt−1 + · · · + Γ0 ΓP yt−P + Γ0 εt

=A1 yt−1 + · · · + AP yt−P + ut
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(2.3)

where Ap are K × K impact (mixing) matrices, ut is a vector of i.i.d. processes with
covariance matrix Σu = E {ut u0t }. We refer to equations (2.2) and (2.3) to the SVAR and
VAR model, respectively.
If the yt is stable (i.e., det(IK − A1 z − . . . − AP z P ) 6= 0 ∀z ∈ C, |z| ≤ 1), yt
admits a Wold moving-average (MA) representation:
yt =

∞
X

Φ` ut−` ,

(2.4)

`=0

where Φ0 = IK and Φ` =

P`

d=1

Φ`−d Ad . Since ut = Γ−1
0 εt , we can also write:
yt =

∞
X

Ψ` εt−` ,

(2.5)

`=0

Φ` Γ−1
0

where Ψ` =
and, in particular, Ψ0 = Γ−1
0 . We refer to Ψ0 as the mixing matrix.
The entries of the matrices Ψ` , for ` = 0, . . . , H, are referred in the literature as the impulse
∂y
, where ψdk,` is the (d, k) entry of Ψ` .
response functions since ψdk,` = ∂εd,t+`
kt
If the yt contains processes with unit roots, although the VAR model does not admit
P`
−1
a Wold representation, the matrices Φ` Γ−1
0 = (
d=1 Φ`−d Ad )Γ0 still represent impulse
response functions, which, however, may not approach zero for ` → ∞ (see Kilian and
Lütkepohl, 2017).
Analogous representations hold for data generated by the simulation model, therefore
we can write:
−1
−1
zjt (θi ) =Γ−1
j0 (θi ) Γj1 (θi ) zjt−1 (θi ) + · · · + Γj0 (θi ) ΓjP (θi ) zt−P (θi ) + Γj0 (θi ) εjt (θi )

=Aj1 (θi ) zjt−1 (θi ) + · · · + AjP (θi ) zjt−P (θi ) + ujt (θi )
=Ψ0 (θi ) εjt (θi ) + Ψ1 (θi ) εjt−1 (θi ) + . . . + Ψ` (θi ) εjt−` (θi )

(2.6)

where θi is the vector of parameters associated to the simulation model.
The SVAR-ICA approach
If both the observed (“real world”) and the model-generated data are non-Gaussian (more
precisely, deliver VAR residuals that are non-Gaussian), identification of the SVAR model
can be performed via Independent Component Analysis (ICA). ICA is a statistical method
that learns a linear transform of a random vector. This vector, of which one observes or
measures its data realisations, is modeled as a mixture of independent random variables,
called the independent components (Hyvärinen et al., 2001). In line with applications of
7

ICA to SVAR analysis (see, e.g., Moneta et al., 2013; Gouriéroux et al., 2017; Lanne et al.,
2017; Herwartz, 2018; Herwartz et al., 2021), the observed data in this framework are the
estimated reduced-form residuals ut (or ujt (θi )) and the latent independent components are
the structural shocks εt (or εjt (θi )).
Given that ut = Ψ0 εt , ICA recovers (up to some indeterminacy, see below) Ψ0 and εt
from realisations of ut on the basis of three assumptions (see, e.g., Hyvärinen et al., 2001
and Hyvärinen, 2013):
Assumption 1. The components εt are statistically independent.
Assumption 2. The components εt are non-Gaussian, with at most one exception.
Assumption 3. The mixing matrix Ψ0 = Γ−1
0 is square and invertible.
The indeterminacy relates to the fact that Ψ0 is identified by ICA up to the postmultiplication of a generalised permutation matrix PD (where P is a permutation matrix
and D is a diagonal matrix). This means that the order and the scale of the shocks are not
identified. Our choice of the minimum-distance index (see below) allows us to tackle this
issue.2
Many methods have been developed in the literature to estimate Ψ0 from ut . Some
of them are based on the minimization of a criterion function as function of a vector of
parameters ω referring to rotation angles of the (previously orthogonalized) data (see, e.g.,
the technique relying on the minimization of the Cramér-von-Mises statistics by Herwartz
and Plödt, 2016, or the framework developed by Matteson and Tsay, 2017, which minimize
the distance covariance), while others consider semi-parametric estimators of the pseudomaximum likelihood function (Gouriéroux et al., 2017).
A different approach exploiting information theory techniques has been developed by
Hyvärinen (1999) and Hyvärinen and Oja (2000). The authors formulate a fixed-point algorithm called fastICA. This technique relies on the maximization of the non-Gaussianity
of γk0 ut , where γk0 is k-th row of the matrix Γ0 . The non-Gaussianity is measured using
negentropy. Given a Gaussian vector x and a continuous random vector y with equal co´
variance matrix, negentropy J (y) = H (x)−H (y), where H (x) = − f (x) log f (x)dx
is the differential entropy (Shannon, 1948) and f (x) is the probability density function.
2

Notice that it is customary to normalize the SVAR models so that the structural shocks have unit standard
deviations, so that impulse response functions refer to one standard-deviation shock. In this manner the scale
problem is resolved (this normalization would involve a re-scaling of the columns of the mixing matrix), but
not completely, because the sign of shocks (or of their impacts) remains undetermined. One can therefore
conclude that Ψ0 is identified up to the post-multiplication of a signed permutation matrix PD+ (where P is
a permutation matrix and D+ is a diagonal matrix with only +1 or -1 entries in the main diagonal).
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The notions of non-Gaussianity and mutual statiscal independence are strictly related.
This connection has been proved by Hyvärinen and Oja (2000) who demonstrate that the
most non-Gaussian directions γk0 ut can be found by minimizing the Kullback-Leibler di0
vergence between the joint density f (γ10 ut , . . . , γK
ut ) and the product of the marginals
0
0
f (γ1 ut ) ·. . . ·f (γK ut ).
As shown by Moneta and Pallante (2022), who provide a performance evaluation study
comparing the above-mentioned techniques, fastICA and distance covariance seem to be
the most efficient methods.

2.2

Minimum Distance Index and Model Confidence Set

We present here the minimum-distance index, a method which allows us to calculate the
distance between structural impulse matrices identified by ICA, tackling the issue of the
scale/order indeterminacy. We then present the Model Confidence Set calibration procedure, which is based on that index.
The parameters to be calibrated are θi , for i = 1, . . . , m0 , where m0 is the number
of configurations of parameters. We define M0 as the set of all parameters, indexed by
i = 1, . . . , m0 . For each configuration i of parameters: (i) we run n Monte Carlo simulations zjt (θi ), for j = 1, . . . , n, (ii) we estimate, for each j, the impulse response mab
trices
 (iii) we compute the minimum distance index, defined here below,
 Ψj,` (θi ), and
b j,` (θi ) and the impulse response matrices Ψ
b`
b j,` (θi ) , Ψ
b ` between the simulated Ψ
D Ψ
estimated from observed data (for different time horizons ` = 1, . . . , H).
The index we propose is inspired by Matteson and Tsay (2017), who suggest to measure
b ` and the true value Ψ` exploiting the metric proposed
the error between the estimate Ψ
by Ilmonen et al. (2010). Here, instead, we want to measure the discrepancy between a
structural matrix estimated from simulated data and structural matrix estimated from real,
observed data. In both cases, the index finds the shortest discrepancy by searching across
all the possible sign-permutations of the estimated mixing matrix, taking thus into full
account the ICA’s
problem. To simplify the notation, in the following we
 indeterminacy

b j,` (θi ) , Ψ
b` .
write D := D Ψ
b j,` (θi ) is:
Definition 1. The minimum-distance index for Ψ
D := √

1
b −1 (θi ) Ψ
b ` − IK
inf CΨ
j,`
C∈C
K −1

(2.7)
F

where
C = {C ∈ G : C = PJ for some P and J} ,
9

G is the set of full-rank K × K matrices, P is a permutation matrix, J is a sign-change
b j,` (θi ) is the estimator of Ψj,` (θi ) (from synthetic data), Ψ
b ` is the estimator of Ψ`
matrix, Ψ
(from real data), IK is the identity matrix and k·kF is the Frobenius norm.
qP WePrecall that the
n
m
2
Frobenius norm of a generic n×m matrix M is defined as kMkF =
i=1
j=1 |mij | =
p
tr (MM0 ), where tr (·) is the trace of the matrix. When the value of D approaches 0, we
b j,` (θi ) is close to Ψ
b `.
have that Ψ
Calibration by MCS can be performed only if the user specifies a loss function. We set
the minimum distance index as loss function. Since D is calculated at different time horizons (` = 1, . . . , H), MCS can be applied to match structural impulse response matrices at
different time horizons.
We introduce
further

 notations that will be useful throughout the paper. Let Di,` :=
b
b
EΨ
b ` (θi ) D Ψ` (θi ) , Ψ` be the expected distance relative to the i-th configuration of parameters and to the `-th time horizon, across Monte Carlo runs. Let D` := (D1,` , . . . , Dm0 ,` )0
b j,` (θi ) , Ψ
b ` be the distance inbe the vector of the average distances. Let Dji,` := D Ψ
dex relative to the j-th Monte Carlo run, i−th CoP, and `-th time horizon. Let Dni,` :=
0
Pn
1
be the mo vector of the sample average
j=1 Dji,` and Dn,` := D n1,` , . . . , D nm0 ,`
n
distances. Defining Dh,` := (Dh1,` , . . . , Dhm0 ,` )0 , for h = 1, . . . , n, the sample average
P
distance can be rewritten as Dn,` := n1 nh=1 Dh,` .
We aim at finding the values i achieving the minimal distance index (Definition 1). Let

? :=
M
j ∈ M0 : Dj,` = mini∈M0 Di,` be the set of parameters minimizing the distance
Di,` . For i ∈ M0 , the estimator bin,` is the value that minimizes the sample average distance
Dni,` . In addition, bin,` is assumed single valued while M? may not be a singleton.
The MCS relies on the formulation of a statistical test. Following Seri

 et al. (2021,
b
b
Section 4.2), we estimate, via Gaussian quasi-likelihood, Di,` := EΨ
b ` (θi ) D Ψ` (θi ) , Ψ`


b
b
and σ
bi,` := VΨ
b ` (θi ) D Ψ` (θi ) , Ψ` . To this aim, we need the following assumptions.
Assumption 4. For h = 1, . . . , n the vectors Dh,` are independent and identically distributed. For each i ∈ M0 , the distances Dhi,` are independent. The mean EDhi,` exists
and is finite for each i ∈ M0 .
Assumption 4 guarantees consistency and measurability of bi. These properties derive
directly by the fact that each simulation zjt (θi ) is independent across Monte Carlo runs.
Moreover, for each j and fixed i ∈ M0 , zjt (θi ) are identically distributed (see also Choirat
and Seri, 2012, Proposition 1, p. 280).
Assumption 5. The variances σi2 are finite for any i ∈ M0 .
10

Assumption 4 is fulfilled by the construction of the simulation model, while Assumption 5 is verified in the data (see Section 4). The following Theorem gives the asymptotic
distribution of the measure used to test m0 restrictions at the same time.
Theorem 1. The asymptotic distribution of
T

m0
X

m0

 X
b
b
D Ψj,` (θi ) , Ψ` =

i=1

i=1

2

T
b ` − IK
b j,` (θi )−1 Ψ
inf CΨ
C∈C
K −1

2

(2.8)
F

1
is a weighted sum of chi-square random variables with weights equal to K−1
times the
non-zero eigenvalues of



λ1 Σ1
0
···
···
0  Ψ̃
0 ··· 0
−Ψ̃

..  

..
..
 0
λ
Σ
. 
2
2
.
0
.
−Ψ̃ 




 ..
..   .
..
.
.

 .
.. 0
.. 
.
.   ..



 ..

 0
··· 0
Ψ̃ −Ψ̃ 
 .
λm0 Σm0 0 
−Ψ̃ −Ψ̃ · · · −Ψ̃ m0 Ψ̃
0
··· ···
0
Σ


λ1 Σ1 Ψ̃
0
···
0
−λ1 Σ1 Ψ̃

0
λ2 Σ2 Ψ̃
−λ2 Σ2 Ψ̃ 




..
..
..
=
.
.
.
.



0
λm Σm Ψ̃ −λm Σm Ψ̃ 
0

−ΣΨ̃

−ΣΨ̃

···

0

−ΣΨ̃

0

0

m0 ΣΨ̃

where
Ψ̃ = Ψ

−1,0

Ψ

−1



 IK −

K
X
k=1


Ψ−1,0 ek e0k Ψ−1  (ek e0k ) .

Given the above, the usual statistical testing theory based on asymptotic normality can
be used.
We build a statistical test exploiting the results of Section 4.2 in Seri et al. (2021). First
of all, we define the equivalence test δM and the selection rule eM associated to the set
M ⊆ M0 . The test has a null H0,M and an alternative hypothesis H1,M :
H0,M : Di = Dj , ∀i, j ∈ M;
H1,M : ∃i, j ∈ M such that Di 6= Dj .
When the test rejects the null δM = 1, otherwise δM = 0. When δM = 1 we use eM :=
arg maxj∈M Dn,j to remove a CoP from M. Now, we introduce the sequence of subsets of
11

M0 , Mi+1 = Mi \ eMi for i = 1, . . . , m0 , and the p-values of the test procedure pH0,Mi ,
where we assume that pH0,Mm0 ≡ 1. Therefore, the MCS p-value can be defined as follows:
pbeMj := max pbH0,Mj .
i≤j

In practice, the algorithm has some steps repeated iteratively:
1. we start from the set M0 := {1, . . . , m0 } and test, with level 1−α, that all the average
distances are equal: if pbeM1 > 0.01, we cannot reject H0,M and the procedure is over;
if the pbeM1 ≤ 0.01, we reject H0,M and we go to step 2;
2. we use the elimination rule eM = eM0 to remove one CoP from M0 , getting M1 :=
{1, . . . , m0 − 1};
3. we test, with level 1 − α, that all the average distances associated with i ∈ M1
are equal; again, if the pbeM2 > 0.01, we cannot reject the null hypothesis and the
procedure is over; if the pbeM2 ≤ 0.01 we reject the null hypothesis and we perform
the test with i ∈ {1, . . . , m0 − 2}.
The procedure continues until the test is accepted. The final set of models is defined as
c? .
M

2.3

Matching of causal structures

Once the MCS is performed, we investigate the behaviour of the causal structures which
pass the test. In this phase, we validate the causal structures identified using synthetic data
against the causal structures identified with the real data.
First of all, we infer an Independent Component Representation (ICR) for each time
horizon. An ICR (see Casini et al., 2021, for a graph-theoretic definition) is a representation
of the causal structure between shocks and variables. It can be represented by a K × K
matrix whose entries are zeros or ones. The entry < kv , ks > of the matrix ICR` is 1 if and
only if there is a significant impact of the shock εks t on the variable ykv (t+`) (or zkv (t+`) (θi )),
and 0 otherwise (for kv , ks = 1, . . . , K). Whether an impact is significant or not is based
b ` and Ψ
b ` (θi ). As
on significance tests on the coefficients which enter in the matrices Ψ
b 0 , i.e. the mixing matrix obtained from real data estimates, the point-estimated
regards Ψ
matrix is column-permuted with all the signs in each column changed so that each shock
b 0 we refer directly
εks t maximally impacts on the variable ykv t . In the following, with Ψ
to this signed-permuted version. The impulse response matrices at higher time horizons
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b 0 (see section 2.1). The significance tests
are obtained on the basis of this sign-permuted Ψ
is based on wild bootstrap procedure (see Kilian and Lütkepohl, 2017, Sec. 12.2.3): at
b?
each bootstrap iteration n? (n? = 1, . . . , N ? ), the bootstrap-estimated mixing matrix Ψ
0
is column-wise signed-permuted (i.e. right-multiplied by a signed permutation matrix), so
b ? and Ψ
b 0 .3
that to minimize the Frobenius distance between Ψ
0
b 0 (θi ), i.e. the mixing matrix obtained by synthetic data, this is signedAs regards Ψ
b 0 . Significance tests
permuted to match (according to the Frobenius distance criterion) Ψ
are based on the Monte Carlo runs of the model, each of which delivering a mixing matrix,
which is signed-permuted according to the same criterion, in full analogy with the bootstrap
procedure.
Once obtained ICRs for both synthetic and real data, at different time horizons, we
propose a validation measure based on the Structural Hamming Distance, which capture
the goodness-of-match between ICRs. The Hamming Distance originates from information
theory and is generally used to compare the similarity of blocks of words of equal length.
It is a proper metric as it is non-negative, symmetric and satisfies the triangle inequality. In
the field of causal networks, SHD has been introduced by Acid and de Campos (2003) and
Tsamardinos et al. (2006) and can be used to confront different durected acyclic graphs
(DAGs). Let DAGrw be the DAG corresponding to real-world ICR` and DAGsim be the
DAG extracted from the simulated ICR` , SHD counts how many edges of the DAGsim do
not coincide with the edges of the DAGrw .
Now, we define our validation measure (VM) as follows:
Definition 2. The validation measure for DAGrw and DAGsim is
VM := 1 − SHD/K 2 ,

(2.9)

where K 2 is the number of possible edges in each DAG (i.e. the entries of ICR` ).
By construction, 0 ≤ VM ≤ 1, thus VM must be interpreted in this way: if SHD 
K , then VM → 1 and DAGsim is a good approximation of DAGrw . We fix the threshold
to 0.75: if VM ≥ 0.75, the DAGrw are represented well by DAGsim (i.e. DAGsim recovers
the 75% of DAGrw ). We decide to use SHD instead of the measures proposed by Guerini
and Moneta (2017) (e.g., sign-based, size-based and conjunction measures) as it is general
and more standard in the literature of causal discovery.
2

b ? is right-multiplied by a matrix C corresponding to the arg inf of the minimum
In other words, Ψ
0
b ? and Ψ
b 0.
distance index between Ψ
0
3
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3

The DSK model

The DSK model represents the first attempt to provide an Agent-based, integrated assessment model, in the spirit of contributions in environmental economics (Weyant, 2017), as
it combines energy, climate and economic modelling to offer an integrated perspective on
emission trajectories, decarbonization pathways and the corresponding policies to implement. It has been recently used in order to study scenarios under which green transitions
are more likely to occurr (Lamperti et al., 2020) and to analyze the public costs of climateinduced financial instability (Lamperti et al., 2019), as well as to evaluate financial policies
aimed at dealing with increasing climate risks.4 In particular, the DSK model allows to
solve most of the problems that plague traditional general-equilibrium integrated assessment models, better characterizing the degree of heterogeneity, improving the representation of radical uncertainties and refining the technological change process, together with a
more realistic representations of climate impacts (Stern and Stiglitz, 2021).
The DSK model features a manufacturing sector, populated by heterogeneous and interacting firms, devoted to the production of either capital or consumption goods and receiving
inputs from an energy sector. The financial system is represented by a banking sector in
which banks — heterogeneous in number of clients, balance-sheet structure, and lending
conditions — decide the amount of credit to provide to its clients subject to a capital requirement and leverage conditions. The energy sector is populated by heterogeneous plants
embracing different energy generation technologies (“clean” and “dirty”) which possess
diverse cost structures and emission intensities. Moreover, it is characterized by an exogenous fossil fuel sector which provides dynamics and boundary conditions (reflecting
scarcity) on the price of an undifferentiated fossil fuel. The production activities of energy
and manufacturing firms lead to CO2 (equivalent) emissions, which increase temperature
in a nonlinear way. Technical change occurs both in the manufacturing and energy sectors. Capital-good firms develop new vintages of machines that are both more productive
and more “green”. The energy sector can improve both the “brown” and “green” energy
generation technologies. Innovation determines the cost of energy produced by dirty and
green technologies, which, in turn, affect the energy-technology production mix and the
4

The DSK model belongs to the larger family of the Keynes meeting Schumpeter class of models (Dosi
et al., 2010). The latter aims at bridging Keynesian theories of demand-generation and Schumpeterian theories of technology-fueled economic growth, eventually leading to the emergence of endogenously-determined
business fluctuations and economic crises. The model has been extended in many directions by: providing a
more detailed characterization of the financial system and the credit sector (Dosi et al., 2013, 2015); exploring
the macroeconomic effects of labor market regimes (Dosi et al., 2019) and the patterns of global divergence
among countries (Dosi et al., 2019, 2020).
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total amount of CO2 emissions. Finally, the government sector collects taxes on profits and
pays unemployment benefits.
Since the model under validation and calibration is an agent-based integrated-assessment
model, we want to focus on its ability to deliver realistic and validated dynamics concerning the real side of the economy, the energy sector and climate-related outcomes. For this
reason, the K variables of interest are: aggregate output (GDP ), consumption (Cons), investments (Inv), unemployment rate (U R), a price index (CP I), demand of energy (Ener)
and total emissions of Carbon Dioxide (Emiss). For our K = 7 variables we have the synthetic version delivered by the model and its empirical counterpart, described below and
reported in Table 4.2.

4

Application of the general protocol

In this section, we show the results of the application of the general protocol for calibration
and validation, presented in section 2, to the DSK model illustrated in section 3.
The starting point is the choice of the discrete set of parameters to be calibrated. This
choice is based on the identification of the features that have the highest influence on the
behaviour of the macroeconomic output (see Lamperti et al., 2019). In Table 4.1 we summarize the parameters selected for our calibration and validation exercise and the interval
in which they vary.
Table 4.1: Parameter notations and values
Parameter
µ0
µbonds
µCB
wU
tax
ζ1,2
χ1
χ1
χen
χen
b

Values
[0.2, 0.3]
[0.75, 0.95]
[0.5, 0.9]
[0, 1]
[0, 0.25]
[0.3, 1]
[−0.15, −0.05]
[0.05, 0.15]
[−0.1, −0.01]
[0.01, 0.1]
[80, 150]

Description
Consumption-good firm initial mark-up
Bond interest rate mark-up
Mark-up on the Central Bank interest rate
Unemployment subsudy rate
Income tax rate
Firm search capabilities parameters
Beta distribution support (innovation)
Beta distribution support (energy)
Payback period (industrial)

The range of variation of the parameters is defined considering previous experiments
(see Dosi et al., 2006, Dosi et al., 2008, Dosi et al., 2010, Dosi et al., 2013, Dosi et al.,
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2015 and Lamperti et al., 2019). The price of consumption-good firms is determined as a
mark-up on the unit production cost that changes over time. We let vary the initial mark-up
µ0 between 0.2 and 0.3. The sovereign bond interest rate mark-up µbonds is used to compute
the sovereign bond interest rate, while the mark-up on the central bank interest rate µCB
allows to obtain the interest rate on loans. We vary µbonds between 0.75 and 0.95 and
µCB between 0.5 and 0.9. To investigate the role of fiscal policies on the macroeconomic
variables, we let vary the unemployment subsidy rate (in percentage of wages) wU between
0 and 1, and the income tax rate tax between 0 and 0.25, in line with the Keynesian regime
fiscal policy experiments of Dosi et al. (2010). The firm search capabilities parameters
ζ1,2 varies between 0.3 and 1, in line with Lamperti et al. (2019). This feature determines
whether a firm is able to access to innovation or imitation. When a firm innovates, the
probability of drawing a new machinery is modelled according to a Beta distribution. The
parameter χ1 is the lower bound of the support of the Beta distribution for innovation and it
varies between −0.15 and −0.05, while χ1 is the upper bound of the support and it ranges
between 0.05 and 0.15. The parameters χ1 and χ1 are symmetric, hence when χ1 = −0.15,
χ1 = 0.15. We adopt the same reasoning for the support of the Beta distribution related
to green technologies. In this case χen varies between −0.1 and −0.01, while χen varies
between 0.01 and 0.1. Finally, the range of variation of the payback period parameter
b for the industrial sector, measuring the replacement of a machinery with respect to its
obsolescence, goes from 80 to 150.
Once the parameters are defined, we draw m0 = 100 CoPs using Quasi Monte Carlo
with sampling based on Sobol’ sequence (QMCS). Although other sampling methods are
possible (e.g., Monte Carlo with pseudo-random numbers and Latin Hypercube Sampling),
we decide to exploit Quasi Monte Carlo with sampling based on Sobol’ sequences as it
gives a better way of arranging points in high-dimensional spaces than standard Monte
Carlo methods and standard Latin Hypercube Sampling, having the advantage of a safer
rate of convergence (see Kucherenko et al., 2015, p. 10). In particular, according to Sobol’
(1967), QMCS is convenient for many reasons: (i) it allows to reach the best uniformity
of distribution as the number of points in the parameter space N → ∞; (ii) it has a good
distribution also for small initial sets; (iii) it is very fast in terms of computation time, as its
rate of convergence is close to O (N −1 ) (while Monte Carlo techniques hold a convergence

rate of O N −1/2 ).
As we want to validate also the baseline parametrization of Lamperti et al. (2019), we
include the following CoP in our sample: µ0 = 0.15, µb = 1.00, µCB = 0.33, wU = 0.40,
tax = 0.10, ζ1,2 = 0.30, χ1 = −0.15, χ1 = +0.15, χen = −0.05, χen = +0.05, b = 120.
16

We choose the appropriate number of Monte Carlo runs for each CoP following the
power analysis for ANOVA described in Secchi and Seri (2017) and Seri and Secchi
(2017).5 To proceed with the power analysis, we must consider two features: the number of CoPs and the effect size f . We have already chosen m0 = 100 CoPs, now we need
to choose the values of the significance level α (the probability of rejecting the null hypothesis when it is true) and the power of test 1 − β (the probability of rejecting the null
when it is false). The value of 1 − β depends on f , which measures the ability to discern
between the null and the alternative hypothesis (see, e.g., Cohen, 1988). Generally, the
effect size can have different impacts: small= 0.1, medium= 0.25 and large= 0.4. In order
to be conservative, and in line with the literature (see Secchi and Seri, 2017), we consider
α = 0.01, 1 − β = 0.95 and f = 0.1. These values lead to an optimal number of Monte
Carlo runs n = 71 per configuration, for a total of n × m0 = 7100 runs.6 The graphical
representation of the power analysis is shown in Figure 4.1.
Figure 4.1: Graphical representation of the balanced one-way analysis of variance power calculation for m0 = 100, α = 0.01 and f = 0.1.
Balanced one-way analysis of variance
power calculation
100%

groups k = 100
effect size f = 0.1
alpha = 0.01

test power = 1 - β

75%

50%

25%

optimal sample size
n = 71
n is number in each group

0%
25

50

75

100

sample size

For each i we simulate n = 71 runs of lenght T = 500, i.e. zjt (θi ), and we delete the
5

This analysis can be automatized exploiting the approach proposed by Vandin et al. (2021). However,
we do not pursue this way here.
6
We also check that, after few initial runs, the Monte Carlo runs present similar behaviours.
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first 105 observations to remove the transients. The selected variables, used to validate the
model, can be written in vector form as follow:


gdp
gdp
(θi )
(θi ) , . . . , z71t
z1t

 cons
cons
z1t (θi ) , . . . , z71t
(θi )


 z inv (θi ) , . . . , z inv (θi ) 
1t
71t



 ur
ur
(4.1)
zjt (θi ) =  z1t
(θi ) , . . . , z71t
(θi ) 

 cpi
cpi
 z1t (θi ) , . . . , z71t (θi ) 


 z en (θ ) , . . . , z en (θ ) 
i 
 1t i
71t
emis
emis
(θi )
(θi ) , . . . , z71t
z1t
where t = 1, . . . , 395. For each Monte Carlo of a specific CoP we estimate the matrix
b j,` (θi ). To be able to estimate the VAR models, we remove also the CoPs producing
Ψ
strange behaviours in the simulated outputs (e.g., bad behaviour of the macroeconomic
variables). These are the CoPs 7, 20, 29, 32, 47, 51, 72, 82 and 96. Therefore, we perform
our analysis considering m0 = 92 CoPs, for a total of n × m0 = 6532 Monte Carlo runs.
The DSK model is validated on U.S. data. We build the real-world dataset using two
different sources. We draw the macroeconomic variables (i.e. GDP, consumption, investments, unemployment rate, and CPI) from the FRED-QD Database of the Federal Reserve
Bank of St. Louis (McCracken and Ng, 2020), and the energy variables (i.e. total energy
consumption and total Carbon Dioxide emissions) from the U.S. Energy Information Administration.7 We take logs of all variables except for the unemployment rate. A description
of the empirical dataset is provided in Table 4.2.
Table 4.2: Empirical dataset
Variable
GDP
Consumption
Investment
Unemp rate
CPI
Energy
Emissions

Unity of measure
Billions of chained 2012 Dollars
Billions of chained 2012 Dollars
Billions of chained 2012 Dollars
Percent
Index 1982 − 84 = 100
Trillion Btu
Milion Metric Tons of CO2

Description
Real Gross Domestic Product
Real personal consumption expenditures
Real Gross Private Domestic Investment
Civilian Unemployment Rate
Consumer Price Index for all consumers
Total energy consumption
Total Carbon Dioxide emissions

All the variables are on quarterly basis and the time series goes from the first quarter
7

Macroeconomic variables are downloaded from: https://research.stlouisfed.org/
econ/mccracken/fred-databases/, total energy consumption are downloaded from: https:
//www.eia.gov/totalenergy/data/monthly/index.php, and total Carbon Dioxide emissions
from energy consumption are downloaded from: https://www.eia.gov/environment/.
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Figure 4.2: Graphical representation of the MCS p-values for each lag. The vertical bars greater
than 0.01 (dotted horizontal line) are the accepted CoPs. For the sake of exposition, we show only
the CoPs with the p-values strictly greater than 0.
0.25

0.20

MCS p−value

Lag
0

0.15

1
2
0.10

3
4

0.05

0.00
9

26

33

46

61

70

92

Configuration of parameters

1973 to first quarter 2021, for a total of T = 193 observations.8
b ` and Ψ
b j,` (θi ) is performed
As explained in Section 2.1, the estimation of the matrices Ψ
via fastICA. We compute the minimum-distance index for each Monte Carlo run of each
CoP and we take the mean across Monte Carlo runs:
71

Di,`

1 X
=
71 j=1

s 


0 
−1 b
−1 b
b
b
tr CΨ` Ψj,` (θi ) − IK CΨ` Ψj,` (θi ) − IK

(4.2)

is the MDI relative to the i-th combination of parameters of the `-th lag. Therefore, for
each lag, we obtain m0 = 92 average distances.
We now investigate what happens in each lag separately. The graphical representation
of the MCS p-values (b
peMk ) is depicted in Figure 4.2. We then compare the different
results to select only the CoP(s) which pass the testing procedure in at least two lags of the
structural MA representation. So, we discard the CoPs that do not have any intersection. As
an example, in Table 4.3 we report the Model Confidence Sets at 99% (e.g., the CoPs with
8

Energy variables are available on yearly or monthly basis, therefore we compute the quarterly data
summing the monthly values in each quarter.
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the highest p-value and the order of elimination of the CoPs) for lag 1. The CoPs are ranked
according to their p-values; these p-values measure the likelihood of the simulated causal
structures with respect to the ones embodied in the real-world data. The CoPs selected for
Table 4.3: Order of elimination of the different CoPs with means and p-values (lag 1)
k
1
2
3
..
.
88
89
90
91
92

eMk
7
14
20
..
.
33
26
70
9
61

p-value of δMk (pH0,Mk )
0.00000
0.00000
0.00000
..
.
0.00000
0.00000
0.00552
0.41192
1.00000

MCS p-value (b
peMk )
0.00000
0.00000
0.00000
..
.
0.00000
0.00000
0.00552
0.41192
1.00000

the validation procedure are: 9 and 61.
In the last step of our validation protocol, we measure the goodness-of-match of the
CoPs that pass the test in at least two lags, with respect to the real-world causal structures.
In so doing, we estimate three different SVARs. The first SVAR, that we call SVARi1 , for
i = {9, 61}, includes only macroeconomic variables, i.e. GDP, Consumption, Investments
and CPI; the second SVAR, that we call SVARi2 , considers GDP, Consumption, Investments, CPI and Demand of Energy; finally, the third SVAR, that we call SVARi3 , considers
all the variables used in the calibration step, i.e. GDP, Consumption, Investments, Unemployment Rate, CPI, Demand of Energy and Emissions. To simplify the notation, we write
εks t = εks , for ks = 1, . . . , 4 (SVARi1 ), ks = 1, . . . , 5 (SVARi2 ) and ks = 1, . . . , 7 (SVARi3 ).
In Table 4.4 we report the ICR0 of the SVAR91 (i.e., the CoP that performs better in
terms of VM, see below) for the real-world and the simulated data.
Table 4.4: Independent Component Representation of SVAR91 . Left matrix: ICR0 of real-world
data; right matrix: ICR0 of simulated data.

ε1 ε2 ε3 ε4
GDP 1 1 1 0
Cons 0 1 0 0
Inv 1 1 1 0
CP I 0 0 0 0

ε1 ε2 ε3 ε4
GDP 0 0 1 0
Cons 0 0 0 0
Inv 1 1 1 0
CP I 0 0 0 0

The analysis of the ICR0 of SVAR91 , provides the following outcomes: (i) as regards the
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real-world causal structure, ε1 has a significant (contemporaneous) impact on Investment,
ε2 an impact on GDP, Consumption and Investment, while ε3 on GDP and Investment; (ii)
the ICR0 obtained with the simulated data is similar to its empirical counterpart. This is
confirmed by the computation of VM = 1 − 3/16 = 0.8125, hence we can conclude that the
simulated model seems to replicate well the causal structure observed in the real world.
The results of the validation exercise for SVAR92 , are reported in Table 4.5
Table 4.5: Independent Component Representation of SVAR92 . Left matrix: ICR0 of real-world
data; right matrix: ICR0 of simulated data.

GDP
Cons
Inv
CP I
Ener

ε1 ε2 ε3 ε4 ε5
0 1 1 0 0
0 1 0 0 0
1 1 1 0 0
0 1 0 0 0
0 1 0 0 1

GDP
Cons
Inv
CP I
Ener

ε1 ε2 ε3 ε4 ε5
0 0 1 0 0
0 1 0 0 0
1 1 1 0 1
0 0 0 0 0
0 0 0 0 1

In this case, we have that: (i) for the real-world causal structures, ε1 has a significant
(contemporaneous) impact on Investment, ε2 an impact on GDP, Consumption, Investment,
CPI and Demand of Energy, ε3 on GDP and Investment, while ε5 on the Demand of Energy; (ii) the validation measure VM = 1 − 4/25 = 0.84, therefore, also for SVAR92 , the
simulated model seems to replicate well the empirical causal structures. The behaviour
of the simulated variables considered in the SVAR, obtained with the validated CoP, are
represented in Appendix C.
The validation outcomes for SVAR93 , are shown in Table 4.6
Table 4.6: Independent Component Representation of SVAR93 . Left matrix: ICR0 of real-world
data; right matrix: ICR0 of simulated data.

ε1 ε2 ε3 ε4 ε5 ε6 ε7
GDP 1 1 1 0 0 0 0
Cons 0 1 0 0 0 0 0
Inv
1 1 1 1 1 0 0
UR
1 1 1 0 0 0 0
CP I
0 0 0 0 0 0 0
Ener 0 1 1 0 0 0 1
Emiss 0 1 1 0 0 0 1

ε1 ε2 ε3 ε4 ε5 ε6 ε7
GDP 0 0 1 0 0 0 0
Cons 0 0 0 0 0 0 0
Inv
1 1 1 1 1 0 0
UR
0 0 0 0 0 0 0
CP I
0 0 0 0 0 0 0
Ener 0 0 0 0 0 0 1
Emiss 0 0 0 0 0 0 0

Finally, we present ICR0 estimated from a SVAR with all the variables, i.e. SVAR3 .
It produces the following output: (i) as regards the real-world causal structures, ε1 has
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a significant (contemporaneous) impact on GDP, Investment and Unemployment Rate, ε2
has an impact on GDP, Consumption, Investment, Unemployment Rate, Demand of Energy and Emissions, ε3 on GDP, Investment, Unemployment Rate, Demand of Energy and
Emissions, ε4 and ε5 impact only on Investment, and ε7 has an impact on the Demand of
Energy and Emissions; (ii) the validation measure VM = 1 − 11/49 = 0.77, therefore, also
for SVAR93 , the simulated model is a good replication of the real-world causal structures.
Let us state some considerations: (i) in all the cases, the shocks on the Investment are
well-recovered by the simulated model. This suggests that it is worth investigating the
behaviour of this variable, as it is one of the more sensitive of the model; (ii) the good
performance of the VM93 may be driven by the fact that the ICR0 for SVAR93 is sparse.
Table 4.7 shows the validation measures of the selected CoPs. Let us state some considerations about this output. The highest VM for the contemporaneous independent component representation (columns 2, 3 and 4 of Table 4.7) is obtained considering the CoP 9.
This result is line with the calibration exercise, as CoP 9 is the only configuration which
pass the MCS in lag 0. When we aggregate the contemporaneous and the lagged independent component representation (columns 5, 6 and 7 of Table 4.7), we have that the CoP
9 outperforms the others configurations. This outcome validates the goodness of the calibration step, as, again, the configuration 9 is the only CoP passing the MCS in all lags.

Table 4.7: Validation measures for SVAR1 , SVAR2 and SVAR3 of the selected CoPs. Column 2, 3 and 4: contemporaneous. Column 5, 6 and 7: aggregate (average of contemporaneous and lagged)

CoP
9
61

5

VM1
0.81
0.75

Cont.
VM2 VM3
0.84 0.77
0.76 0.76

VM1
0.70
0.65

Aggr.
VM2 VM3
0.78 0.82
0.77 0.80

Conclusion

In this paper, we propose a new general protocol for calibration and validation of complex
simulation models by searching causal structures both from synthetic and real data. The
emphasis on causal search is linked to the importance that policy analysis, specifically,
the prediction of the effects of policy interventions, plays in macroeconomic simulation
models. Our multi-step procedure combines MCS and causal inference: first, we estimate
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reduced-form VARs from both the data generated by an ABM and a set of observed data,
and we identify, through ICA, a vector of structural shock and a mixing matrix; then,
we compute the minimum-distance index between, on the one hand, the mixing matrix
associated to each CoP and Monte Carlo run and, on the other hand, the mixing matrix
estimated from real data, and we apply MCS to the distribution of the minimum-distance
indices to select the set of CoPs that best approximate real data; finally, for each selected
CoPs, we infer a causal graph describing which shocks have a significant impact on the
variables, and we compare such causal graph with the analogous causal graph derived from
the real data.
We apply our method to the DSK model of Lamperti et al. (2019). The results show
that the MCS procedure based on the minimum-distance index discriminates well among
different CoPs (e.g., only two CoPs pass the test in at least two lags). According to our
validation measure, the CoP 9 seems to mimick the 80% of the causal structure estimated
with the observed data.
Our protocol can be seen as a complement and a generalization of other existing calibration and validation methods, for at least three reasons: (i) it allows to rank the causal
structures of the model from the most to the least plausible according to a statistical measure; (ii) it is faster than other procedures based on the optimization of an objective function
or the exploration of the parameter space; (iii) it applies both to calibration and validation.
Further developments are possible. First, one can replace the minimum-distance index with another metric which accounts for the long-run dynamics of the macroeconomic
variables. Second, the SVARs can be estimated through Vector Error Correction Models
to account for the cointegration between the underlying variables. More in general, causal
structures between shocks and variables can be estimated by econometric time series models that relax many features of the standard linear VAR model.
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Cúrdia, V., M. Del Negro, and D. L. Greenwald (2014). Rare shocks, great recessions.
Journal of Applied Econometrics 29(7), 1031–1052.
24

Del Negro, M., F. Schorfheide, F. Smets, and R. Wouters (2007). On the fit of new keynesian models. Journal of Business & Economic Statistics 25(2), 123–143.
Delli Gatti, D. and J. Grazzini (2020). Rising to the challenge: Bayesian estimation and
forecasting techniques for macroeconomic Agent Based Models. Journal of Economic
Behavior & Organization 178, 875–902.
Dosi, G., G. Fagiolo, M. Napoletano, and A. Roventini (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., G. Fagiolo, M. Napoletano, A. Roventini, and T. Treibich (2015). Fiscal and
monetary policies in complex evolving economies. Journal of Economic Dynamics and
Control 52, 166–189.
Dosi, G., G. Fagiolo, and A. Roventini (2006). An Evolutionary Model of Endogenous
Business Cycles. Computational Economics 27(1), 3–34.
Dosi, G., G. Fagiolo, and A. Roventini (2008). The microfoundations of business cycles: an
evolutionary, multi-agent model. Journal of Evolutionary Economics 18(3-4), 413–432.
Dosi, G., G. Fagiolo, and A. Roventini (2010). Schumpeter meeting Keynes: A policyfriendly model of endogenous growth and business cycles. Journal of Economic Dynamics and Control 34(9), 1748–1767.
Dosi, G., M. Pereira, A. Roventini, and M. Virgillito (2019). What if supply-side policies
are not enough? the perverse interaction of flexibility and austerity. Journal of Economic
Behavior & Organization 162, 360–388.
Dosi, G., A. Roventini, and E. Russo (2019). Endogenous growth and global divergence
in a multi-country agent-based model. Journal of Economic Dynamics and Control 101,
101–129.
Dosi, G., A. Roventini, and E. Russo (2020, 12). Public policies and the art of catching up:
matching the historical evidence with a multicountry agent-based model. Industrial and
Corporate Change 30(4), 1011–1036.
Dridi, R., A. Guay, and E. Renault (2007). Indirect inference and calibration of dynamic
stochastic general equilibrium models. Journal of Econometrics 136(2), 397–430.

25

Fagiolo, G., M. Guerini, F. Lamperti, A. Moneta, and A. Roventini (2019). Validation of
Agent-Based Models in Economics and Finance. In C. Beisbart and N. J. Saam (Eds.),
Computer Simulation Validation, pp. 763–787. Cham: Springer.
Favero, C. A. (2001). Applied macroeconometrics. Oxford University Press on Demand.
Franke, R. and F. Westerhoff (2012). Structural stochastic volatility in asset pricing dynamics: Estimation and model contest. Journal of Economic Dynamics and Control 36(8),
1193–1211.
Giacomini, R. (2013). The relationship between dsge and var models. VAR Models in
Macroeconomics–New Developments and Applications: Essays in Honor of Christopher
A. Sims.
Gilli, M. and P. Winker (2003). A global optimization heuristic for estimating agent based
models. Computational Statistics & Data Analysis 42(3), 299–312.
Gouriéroux, C., A. Monfort, and J.-P. Renne (2017). Statistical inference for independent component analysis: Application to structural VAR models. Journal of Econometrics 196(1), 111–126.
Grazzini, J., M. G. Richiardi, and M. Tsionas (2017). Bayesian estimation of agent-based
models. Journal of Economic Dynamics and Control 77, 26–47.
Guerini, M. and A. Moneta (2017). A method for agent-based models validation. Journal
of Economic Dynamics and Control 82, 125–141.
Guerron-Quintana, P., A. Inoue, and L. Kilian (2017). Impulse response matching estimators for dsge models. Journal of Econometrics 196(1), 144–155.
Hall, A. R., A. Inoue, J. M. Nason, and B. Rossi (2012). Information criteria for impulse
response function matching estimation of dsge models. Journal of Econometrics 170(2),
499–518.
Hansen, L. P. and J. J. Heckman (1996). The Empirical Foundations of Calibration. Journal
of Economic Perspectives 10(1), 87–104.
Hansen, P. R., A. Lunde, and J. M. Nason (2011). The Model Confidence Set. Econometrica 79(2), 453–497.

26

Herwartz, H. (2018). Hodges–lehmann detection of structural shocks–an analysis of
macroeconomic dynamics in the euro area. Oxford Bulletin of Economics and Statistics 80(4), 736–754.
Herwartz, H., A. Lange, and S. Maxand (2021). Data-driven identification in svars—when
and how can statistical characteristics be used to unravel causal relationships? Economic
Inquiry.
Herwartz, H. and M. Plödt (2016). The macroeconomic effects of oil price shocks: Evidence from a statistical identification approach. Journal of International Money and
Finance 61, 30–44.
Hinkelmann, F., D. Murrugarra, A. S. Jarrah, and R. Laubenbacher (2011). A mathematical
framework for agent based models of complex biological networks. Bulletin of mathematical biology 73(7), 1583–1602.
Hoover, K. D. (1995). Facts and artifacts: calibration and the empirical assessment of
real-business-cycle models. Oxford Economic Papers, 24–44.
Hoover, K. D. (2012). Economic theory and causal inference. pp. 89–113. Elsevier/NorthHolland.
Hyvärinen, A. (1999). Fast and robust fixed-point algorithms for independent component
analysis. IEEE Transactions on Neural Networks 10(3), 626–634.
Hyvärinen, A. (2013). Independent component analysis: recent advances. Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences 371(1984), 20110534.
Hyvärinen, A., J. Karhunen, and E. Oja (2001). Independent component analysis. Wiley
Series on Adaptive and Learning Systems for Signal Processing, Communications, and
Control. New York: J. Wiley.
Hyvärinen, A. and E. Oja (2000). Independent component analysis: algorithms and applications. Neural Networks 13(4-5), 411–430.
Ilmonen, P., K. Nordhausen, H. Oja, and E. Ollila (2010). A New Performance Index for
ICA: Properties, Computation and Asymptotic Analysis. In V. Vigneron, V. Zarzoso,
E. Moreau, R. Gribonval, and E. Vincent (Eds.), Latent Variable Analysis and Signal

27

Separation, Volume 6365, pp. 229–236. Berlin: Springer. Series Title: Lecture Notes in
Computer Science.
Ilmonen, P., K. Nordhausen, H. Oja, and E. Ollila (2012). On asymptotics of ICA estimators and their performance indices. arXiv:1212.3953 [stat].
Ireland, P. N. (2004). A method for taking models to the data. Journal of Economic
dynamics and control 28(6), 1205–1226.
Kilian, L. and H. Lütkepohl (2017). Structural vector autoregressive analysis. Cambridge
University Press.
Kucherenko, S., D. Albrecht, and A. Saltelli (2015). Exploring multi-dimensional spaces:
a Comparison of Latin Hypercube and Quasi Monte Carlo Sampling Techniques.
arXiv:1505.02350 [stat]. arXiv: 1505.02350.
Kukacka, J. and J. Barunik (2017). Estimation of financial agent-based models with simulated maximum likelihood. Journal of Economic Dynamics and Control 85, 21–45.
Kydland, F. E. and E. C. Prescott (1982). Time to Build and Aggregate Fluctuations.
Econometrica 50(6), 1345.
Lamperti, F. (2018). An information theoretic criterion for empirical validation of simulation models. Econometrics and Statistics 5, 83–106.
Lamperti, F., V. Bosetti, A. Roventini, and M. Tavoni (2019). The public costs of climateinduced financial instability. Nature Climate Change 9(11), 829–833.
Lamperti, F., G. Dosi, M. Napoletano, A. Roventini, and A. Sapio (2018). Faraway, So
Close: Coupled Climate and Economic Dynamics in an Agent-based Integrated Assessment Model. Ecological Economics 150, 315–339.
Lamperti, F., G. Dosi, M. Napoletano, A. Roventini, and A. Sapio (2020). Climate change
and green transitions in an agent-based integrated assessment model. Technological
Forecasting and Social Change 153, 119806.
Lamperti, F., A. Roventini, and A. Sani (2018). Agent-based model calibration using machine learning surrogates. Journal of Economic Dynamics and Control 90, 366–389.
Lanne, M., M. Meitz, and P. Saikkonen (2017). Identification and estimation of nonGaussian structural vector autoregressions. Journal of Econometrics 196(2), 288–304.
28

Lucas, R. E. J. (1976). Econometric policy evaluation: A critique. Carnegie-Rochester
Conference Series on Public Policy 1, 19–46.
Lux, T. (2018). Estimation of agent-based models using sequential Monte Carlo methods.
Journal of Economic Dynamics and Control 91, 391–408.
Matteson, D. S. and R. S. Tsay (2017). Independent Component Analysis via Distance
Covariance. Journal of the American Statistical Association 112(518), 623–637.
McCracken, M. W. and S. Ng (2020). FRED-QD: A Quarterly Database for Macroeconomic Research. Technical report.
Moneta, A., D. Entner, P. O. Hoyer, and A. Coad (2013). Causal Inference by Independent Component Analysis: Theory and Applications. Oxford Bulletin of Economics and
Statistics 75(5), 705–730.
Moneta, A. and G. Pallante (2022). Identification of structural var models via independent
component analysis: a performance evaluation study. Journal of Economic Dynamics
and Control, 104530.
Recchioni, M. C., G. Tedeschi, and M. Gallegati (2015). A calibration procedure for analyzing stock price dynamics in an agent-based framework. Journal of Economic Dynamics and Control 60, 1–25.
Richiardi, M., R. Leombruni, N. J. Saam, and M. Sonnessa (2006). A Common Protocol
for Agent-Based Social Simulation. Journal of Artificial Societies and Social Simulation 9(1).
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Appendix
A

Proof of Theorem 1

Let us suppose that (see, e.g., Ilmonen et al., 2012):
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B

Parametrization of the calibrated CoPs

In Table B.1 we report the parametrization of the CoPs selected in the calibration step.
Table B.1: Parametrization of the CoPs passing the test in at least two lags
µ0
0.2223
0.2694

CoP
61
9

C

µb
0.7581
0.8543

µCB
0.4506
0.5283

wU
0.5240
0.5756

tax
0.0348
0.0812

ζ1,2
0.6875
0.6281

χ1 / χ1
-/+0.0670
-/+0.1043

χen /χen
-/+0.0978
-/+0.0283

b
104.42
107.5115

Behaviour of the validated simulated variables

Figure C.1 represents the behaviour of the real-world (upper plots) and the simulated variables (bottom plots) considered in the SVAR, obtained with the validated configuration.
Figure C.1: Plots of the real-world vs simulated variables.
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D

Impulse Response Functions

Figure D.1 displays the impulse response functions of the SVAR92 obtained using real-world
data, while Figure D.2 shows the impulse response functions of the SVAR92 estimated using
the data simulated from the model.
Figure D.1: Plots of the real-world impulse response functions for the SVAR92 .
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Figure D.2: Plots of the simulated impulse response functions for the SVAR92 .
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