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Validation and econometrics

Critical issues:

Reliability of (macro-)economics

“No one would, or at least should, say that macroeconomics has done well in recent
years. The standard models not only didn’t predict the Great Recession, they also said
it couldn’t happen—bubbles don’t exist in well-functioning economies of the kind
assumed in the standard model. Not surprisingly, even after the bubble broke, the
models didn’t predict the full consequences, and they haven’t provided good guidance
to policymakers in responding to the crisis.”(Stiglitz 2014)

Role of empirical evidence in eliminating invalid models

Role of econometrics in guiding this process
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“If one judges econometrics on the basis of how well it has performed in weeding out
invalid theories and ensuring their renouncement, econometric has not been very
successful. ”(Spanos 1995)

Difficulties of falsificationism

Still, a policy maker needs to know how good is your model? Is this model
better than this other model for the purpose at hand?

3/14



Outline

• The standard approach of taking a macroeconomic model to the data

• Problems with this approach

• Two directions to improve the reliability of policy-oriented models:

B improve statistical adequacy of models

B improve causal reasoning
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Highly idealized models: RBC

Household behaviour in a Real Business Cycle model:

B Household behavior: maximize expected value of

U =
∞

∑
t=0

e−ρtu(ct, 1 − lt)
Nt
H

(1)

B Production behavior by firms:

Yt = Kα
t (AtLt)

1−α (2)
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Highly idealized models but policy oriented

‘One of the functions of theoretical economics is to provide fully articulated,
artificial economic systems that can serve as laboratories in which policies
that would be prohibitively expensive to experiment with in actual
economies can be tested out at much lower cost. ... Our task as I see it ... is to
write a FORTRAN program that will accept specific economic policy rules
as ‘input’ and will generate as ‘output’ statistics describing the operating
characteristics of time series we care about, which are predicted to result
from these policies.” (Lucas 1980).
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Empirical assessment

How is assessed the reliability of such models to address policy questions?

B Kydland and Prescott (1982):

• generate technology shock:
log At = A + gt + Ãt Ãt = ρAÃt−1 + εA,t

• compute variance and covariance implied by the model for: GDP,
C, I, r, etc.

• compare them with corresponding measures in actual data.

B How good is the model? How to adjudicate among different models?
Nobody knows.

B Calibration from independent microeconomic studies.
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Highly idealized models: DSGE

DSGE models can be seen as an extension of RBC with a wider spectrum of
shocks: productivity, monetary, fiscal, demand shocks. They also assume
nominal stickiness (In other words they are the New Keynesian version of
RBC).

How good is your DSGE model? (Del Negro and Schorfheide 2006)
A method for taking models to the data (Ireland 2004)
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VAR models

Sims (1980) “Macroeconomics and Reality”.

Reduced-form VAR:

Yt = A1Yt−1 + · · ·+ ApYt−p + ut. (3)

Structural VAR:

Γ0Yt = Γ1Yt−1 + · · ·+ ΓpYt−p + εt (4)

where Γ0ut = εt.
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DSGE-VAR

The DSGE-VAR approach (Del Negro and Schorfheide 2004, 2006).

B Combine theory-driven DSGE with data-driven VAR in a
Bayesian approach, which combines:

• initial information (priors) about parameters

• sample information (data);

• to get posterior probability about structural coefficients

B Study of the hyperparameter λ, which scales the covariance
matrix of the prior.

B λ is used as a way to evaluate the DSGE model.
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Is this testing the model?

B It measures how good the model, given a certain structure.

B It does not severely test the adequacy of the restrictions imposed
on the statistical model (cfr. Poudyal and Spanos 2013).

11/14



Possible routes

B Get from the data more statistically adequate models and test
theoretical restrictions.

• Aris Spanos’s probabilistic reduction approach (1995, 1999, 2007,
2010, etc....)

• LSE approach (cfr. Hendry 1995).

• cfr. Katarina Juselius (2005) (cfr. also Hoover, Johansen, Juselius
2008). )

B More explicit causal reasoning: both in the theoretical model
than in the empirical model.

• cfr. method proposed by Guerini and Moneta (2016).
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Explicit causal reasoning

B Is explicit causal reasoning a virtue? Not necessarily.

• Examples of studies which famously avoid causal language:
Friedman (1969) (vs. Tobin), Reinhart-Rogoff (2010).

B Difficulties
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Validation based on causal reasoning

Guerini, M. and A. Moneta (2016) “A Method for Agent-Based
Models Validation,” LEM Working Paper.
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The methodology

Dataset Uniformity

Analysis of ABM Properties

VAR Estimation

SVAR Identification

Validation Assessment



Validation Assessment

The indicator function

We will count the number of causal e�ects with the same sign in the

real-world and in the artificial datasets

ωi,jk =

1 if sign(γ̂RWi,jk ) = sign(γ̂ABi,jk)

0 if sign(γ̂RWi,jk ) 6= sign(γ̂ABi,jk)
with: γi,jk ∈ Γi

The similarity measure

The percentage of true positive and true negative over all possible causal

e�ects

Ω =

(∑p
i=1

∑K
j=1

∑K
k=1

ωi,jk

)
K 2p

with: Ω ∈ [0, 1].



Summary and conclusions

B Highly idealized models: how we can check them? how can
adjudicate among different models?

B The theory-driven way of “taking models to the data” is not
satisfactorily.

B Two roads:

• improve statistical adequacy

• double causal inference

B to do: better complement the two approaches.
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Thank you
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