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1 Introduction

In the literature on the business cycle it has become common practice to introduce some
sort of rigidity in the accumulation of capital to improve the propagation mechanism and
help the models in matching some key characteristics of the data. These rigidity, for
example, takes the form of a quadratic function in the changes in the capital stock. The
presence of adjustment costs introduces a wedge between the price of investment goods and
the price of newly installed capital, allowing the study of the relationship between Tobin’s
q and investment (e.g. Abel, 1982). Besides other type of frictions (e.g. nominal wage
and price rigidity), several papers that consider real business cycle and New Keynesian
models impose adjustment costs on the accumulation of capital. Some examples are Kim
(2000), Ireland (2003), Christiano et al. (2001) and Smets and Wouters (2003). Others
introduce a “time to build” constraint on the accumulation of capital to obtain more
persist dynamics for investment (e.g. Kydland and Prescott, 1982 and McGrattan, 1994).

In recent years an interesting and theoretically appealing way of modelling adjust-
ment costs on capital has appeared in the literature. Carlstrom and Fuerst (1997) have
developed a real business cycle model in which these costs arise as the result of agency
costs associated with the production of investment goods. The existence of asymmetric
information between lenders (capital mutual funds, CMFs) and borrowers (entrepreneurs)
of funds gives rise to an agency problem, the solution to which is a standard debt contract
(Gale and Hellwig, 1985). The authors show that the model, contrary to the standard
RBC one, is able to match the empirical fact that output growth is serially correlated in
the short-run. The optimising behaviour of entrepreneurs, who accumulate net worth to
lower agency costs, amplifies the effects of technology shocks on the economy.1 Carlstrom
and Fuerst (1997) also analyse the relationship between agency costs and adjustment costs
models. While the supply of capital goods is an increasing function of their aggregate
price, only in the agency costs model this supply curve depends positively on the level of
entrepreneurs’ accumulated net worth. Calstrom and Fuerst (1997) show in the appendix
that if net worth is held constant, then the agency cost model is isomorphic to a real
business cycle model with costs for adjusting capital.

This paper investigates whether an agency cost model is an empirically valid alter-
native to models in which costs for adjusting capital are exogenously imposed. In order
to answer this question we estimate the agency cost model and a model with exogenous
adjustment costs on capital for the U.S. using Bayesian techniques. The comparison
between the models is based on the marginal densities, Bayes factors and the posterior
probabilities.

We then proceed to evaluate the extent to which they are able to account for the
response of variables to identified technology shocks. To this end we rely on loss functions

1 Carlstrom and Fuerst (2001) conclude that the existence of these costs does not amplify the propa-
gation mechanism of monetary policy shocks.
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based on the distance between the models’ impulse responses and those obtained from a
VAR. The analysis in this paper is based on Schorfheide (2000) and Chang et al. (2003)
who make extensive use of Bayesian techniques in comparing alternative and potentially
misspecified models. Both analyses use as reference model a vector autoregression (VAR)
which has the advantage of being less restrictive with respect to the dynamic relationships
among the variables. Loss functions and risk measures are used to formally evaluate
the ability of each model to replicate certain characteristics of the data, such as the
autocorrelation of output growth or the response of variables to permanent and transitory
shocks.

The following results emerge from the analysis. First, Bayes factors suggest that the
adjustment cost model performs better than the agency cost model over the 1966-2001
sample period. Second, a model that includes both agency costs and adjustment costs
for capital performs better in terms of marginal data density and posterior probabilitites
than these two models. However, the Bayesian VAR achieves the highest marginal density.
Finally the model with adjustment costs on capital achieves the minimum expected loss
when the impulse responses to technology shocks are compared with those of a Bayesian
VAR.

Most of the papers that have investigated the role of adjustment costs capital in the
propagation of shocks have been estimated using either by maximum likelihood or, more
recently, using Bayesian techniques. Examples of the first group are Kim(2000), Ireland
(2003) for the U.S. and Dib (2003) for Canada. To the second group belongs Smets and
Wouters (2003) that used data for the euro area. An alternative to these estimation
methodologies can be found in Christiano et al. (2001).

Kim (2000) estimates a model with sticky prices and wages and finds that the inter-
action between nominal rigidities and adjustment costs for capital is crucial in generating
a liquidity effect. A similar model is estimated by Dib (2003) for Canada. Ireland (2003)
investigates whether the correlations between nominal and real variables are the result
of price rigidity or they reflects the way in which monetary policy is conducted. Chris-
tiano et al. (2001) consider a model with nominal rigidities, variable capacity utilisation
and adjustment costs on the changes in investment. The parameters are estimated by
minimising the distance between the model and the data impulse responses to monetary
policy shocks. The estimated model is able to account for the observed persistence in
both inflation and output. Adjustment costs on the changes in investment are crucial in
generating a hump-shaped response of this variable to a monetary policy shock. Smets
and Wouters (2003) estimate a dynamic stochastic general equilibrium model for the euro
area with both nominal and real rigidities. Similarly to Christiano et al. (2001) the ad-
justment costs are imposed on the changes in investment. The estimated model performs
better than a standard VAR and does at least as well as a Bayesian VAR.

The paper is organised as follows. Section 2 presents the models, Section 3 describe the
estimation of posterior distributions of the parameters. Section 4 presents the reference
Bayesian VAR and compares the alternative models while Section 5 concludes.
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2 The models

In this Section we describe the models that are estimated in Section 3. The first is a
model in which capital adjustment costs arise endogenously as the result of asymmetric
information and agency costs (Carlstrom and Fuerst, 1997, 2001). In the second, adjust-
ment costs on capital are exogenously imposed following Ireland (2003). In both models
prices are sticky because monopolistic competitive firms face a cost for changing the prices
of their products. The common setup of the models differ from Ireland (2003) with re-
spect to the choice of the utility function, the way in which the productivity shock enters
in the production function and for the absence of a shock to the marginal efficiency of
investment.

2.1 The households sector, the production sector and monetary
policy

We now discuss the maximisation problem of the representative households and monop-
olistic competitive firms. We also describe how the short-term interest rate is set by the
central bank.

A representative household maximise the expected stream of discounted istantaneous
utilities by choosing the amount of consumption goods ct to buy, labor Lt to supply and
real balances Mt

Pt
to hold. The utility function is:

E0

∞∑
t=0

βt
[
ηt

1

(1− γ)
c
(1−γ)
t − ψ0

1

(1 + ψ)
L

(1+ψ)
t + θ0

1

(1− θ)

(
Mt

Ptet

)(1−θ)]
(1)

where ηt is a consumption preference shock and et is a money demand shock. These two
shocks follow independent first-order autoregressive processes with coefficients ρη and ρe
and i.i.d normally distributed innovations with standard deviations ση and σe.

The budget constraint of the representative household is given by:

Mt−1 +Bt−1 +WtLt + rtkt +Dt

Pt
≥ ct + kt+1 − (1− δ) kt +

Bt/Rt +Mt

Pt
(2)

where Mt is nominal money holdings, Bt is nominal bond holdings, Rt is the gross interest
rate on bonds, Dt are the profits of firms that produce consumption goods, rt is the rental
price of capital kt, Wt is the nominal wage and Pt is the price level.

In the production sector of the economy, a competitive firm aggregates intermediate
goods into a final good using the following constant-returns-to-scale technology
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[∫ 1
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(3)

where ϑ > 1 is the constant elasticity of demand. Each intermediate monopolistic com-
petitive firm produces a good indexed by i using a Cobb-Douglas production technology:

atkt (i)
α Lt (i)

1−α ≥ yt (i) (4)

and hiring labour and capital from households. The aggregate productivity shock at
follows a first-order autoregressive process with coefficient ρa and i.i.d normally distributed
innovations with standard deviation σa.

Price rigidity is introduced in the model as in Rotemberg (1982) and Ireland (2001,
2002, 2003) assuming that intermediate firms face a quadratic cost for changing their
prices Pt (i)

Φp

2

[
Pt (i)

πPt−1 (i)
− 1

]2

yt (5)

which is paid in terms of finished goods. The parameter Φp determines the size of adjust-
ment costs while π denotes the steady state gross rate of inflation. The presence of costs
for adjusting prices makes the problem of monopolistic competitive firms dynamic. These
firms maximise the expected discounted stream of real profits by choosing the amount of
labour and capital to hire from households and the price of the goods they sell.2

To close the models we need to specify the rule according to which the monetary
authority sets the nominal short-term interest rate Rt. The monetary policy rule is defined
as in Ireland (2003). The interest rate is adjusted in response to deviations of current
inflation πt, output yt and nominal money growth gt from their steady state values:

R̂t = ρyŷt + ρππ̂t + ρgĝt + vt (6)

in which the monetary policy shock vt follows a first-order autoregressive process with
coefficient ρv and i.i.d normally distributed innovations with standard deviation σv.

2In Section 3 we will report the results for φp = ϑ−1
Φp

.
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2.2 The agency costs (AG) model

In this Section we briefly describe the model of Carlstrom and Fuerst (1997) starting from
the entrepreneurs sector. The entrepreneurs, who are responsible for the production of
investment goods, have access to a stochastic linear technology that transforms ij,t units
of consumption goods into ωj,tij,t units of investment goods (the index j stands for the jth

entrepreneur). It is assumed that only these agents can observe the productivity shock
ωj,t without incurring in any cost: it is exactly this assumption that give rise to agency
issues in the model. Entrepreneurs need external financing to produce capital goods since
absent this assumption, the issue of asymmetric information would not play any role in
the model.

The lenders of funds, the capital mutual funds (CMFs) that receive resources from
households, must pay a monitoring cost µij,t in order to observe the productivity shock.
This shock has an i.i.d lognormal distribution with a mean of unity and cumulative dis-
tribution function Φ. As a result of the asymmetric information, a moral hazard problem
arises since the entrepreneur would misreport the true value of ωj,t to the lender. The
optimal contract between capital mutual funds and entrepreneurs, which Gale and Hell-
wig (1985) and Williamson (1987) have shown to be a standard debt contract, is such
that the borrower always report the true value of ωj,t. If nj,t is the amount of internal
funds that the entrepreneur has available, he will borrow ij,t − nj,t and agree to repay
an interest rate Rk

t to the lenders. However, if the realisation of ωj,t is low, the en-
trepreneur will default. This will happen whenever the productivity shock is such that
ωj,t ≤

(
1 +Rk

t

)
(ij,t−nj,t)

ij,t
≡ ωj,t. In case of default, the lender will get the outcome of the

project ωj,tij,t net of the monitoring cost µij,t. For simplicity, we drop the index j from all
the entrepreneur-specific variables since all agents face the same optimisation problem.

The optimal contract, which is described by the pair (it, ωt) can be derived from
maximising the expected return of the entrepreneur subject to a participation constraint,
which implies that the lender must be able to recoup the investment. The maximisation
problem is described by

Maximise qtitfω (ωt) subject to qtitgω (ωt) ≥ (it − nt) (7)

where qt is the aggregate price of capital goods.3 The two functions fω (ωt) and gω (ωt)
measure the fraction of expected income received respectively by the entrepreneur and
the lender. The optimal contract is characterised by:

qt{1− Φ (ωt)µ+ φ (ωt)µ

[
fω (ωt)

f ′ω (ωt)

]
} = 1 (8)

3 An additional constraint, qtitfω (ωt) ≥ nt which will always be binding, ensures that the entrepreneur
will participate in the project. See Carlstrom and Fuerst (1997).
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and

it =
1

[1− qtgω (ωt)]
nt (9)

From (8) it can be seen that the cut-off for the productivity shock is the same for
all the entrepreneurs since it depends only on the aggregate price of capital goods. By
substituting (8) into (9) and aggregating across all the entrepreneurs we obtain a positive
relationship between investment and, respectively, internal funds and the price of capital
goods. In all the models we consider in this paper investment depend positively on the
price of capital goods. However, an important difference between the agency cost model
and models with adjustment costs on capital is that in the former case the internal funds
of entrepreneurs act as shifters of the supply curves of capital goods: for given price of
capital, an increase in net worth determines an increase in investment. The details of this
result can be found in Carlstrom and Fuerst (1997).

The amount of internal funds, or net worth, of entrepreneurs is given by the market
value of their accumulated stock of capital. Entrepreneurs rent their capital and then sell
their remaining undepreciated capital to capital mutual funds receiving, respectively, ztrt
and ztqt (1− δ) units of consumption goods. This net worth is used as a basis for the
lending contract:

nt = zt [qt (1− δ) + rt] (10)

With respect to the behaviour of the entrepreneurs in terms of consumption and saving
decisions we will assume that every period they have a positive probability γ of dying as
in Carlstrom and Fuerst (2001).

2.3 The capital adjustment costs (CADJ) model

In this section we present a modification to the model presented in section 2.1. In this
model an extra term, measuring the cost for changing the capital stock, will be introduced
in the households’ budget constraint. This term is given by:

φk
2

(
kt+1

kt
− 1

)2

kt

As in Ireland (2003) the costs for adjusting the capital stock are paid by the households:
the presence of this cost gives them an incentive to invest gradually.

The presence of adjustment costs implies that, out of the steady state, the price of
newly installed capital differs from the price of investment goods (i.e. Tobin’s q is different
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from 1). The first order condition for the choice of capital is given by the following
equation:

λtPk′,t = βEt [λt+1 (rt+1 + Pk,t+1)] (11)

where λt is the lagrange multplier of the budget constraint described in Section 2.1, which
measures the utility of an extra unit of consumption good to the representative households.
The price at time t in terms of consumption goods of one unit of newly installed capital,
Pk′,t, is given by

Pk′,t = 1 + φk

(
kt+1

kt
− 1

)
(12)

while the price of the same good at the end of period t+ 1 is

Pk,t+1 = 1− δ + φk

(
kt+2

kt+1

− 1

)
kt+2

kt+1

− φk
2

(
kt+2

kt+1

− 1

)2

(13)

According to equation (11) the cost, in terms of utility, of investing in one unit of capital
must be equal to the expected return, in terms of utility, which is given by the rental
price of capital and the next period price of capital.

3 Bayesian estimation of the models

As a third model we will consider the agency model in which we include adjustment costs
on households’ capital. Therefore this model nests both the AG and the CADJ models.
All the models are the equal under the assumption that agency costs are zero and that
capital is not subject to adjustment costs.

The first order conditions of the models together with the market-clearing conditions
are linearised around the steady state. The system that consists of the linearised equations
and the law of motions of the exogenous shocks is solved with the method described in
Uhlig (1999) and the solution is expressed in the following form:

st = Pst−1 +Qxt (14)

ft = Rst−1 + Sxt (15)

xt+1 = Nxt + εt+1 (16)
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where st is the vector of endogenous state variables, xt is the vector of exogenous state
variables (the structural shocks) and ft consists of all the other endogenous variables. All
the variables are expressed as percentage deviation from respective steady state values.

Using equations (14), (15) and (16) we can derive a model in the state-space repre-
sentation which can be used to construct the likelihood function (see Hamilton, 1994,
Chapter 13). In order to estimate as precisely as possible the aggregate default probabil-
ity that characterises the agency cost model, we will exploit the information contained in
both internal funds and investment.

Before proceeding with the estimation, we define the vector of observables f̃t:

f̃t = [ mt it nt ct πt Rt ]′ (17)

which consists of the variables we will use in estimating the models.

Since the models are driven by four structural shocks, a maximum of four variables
can be used in the estimation to avoid stochastic singularity. A possible solution to this
problem is to add measurement errors to some of the observed variable or additional
shocks. Instead of introducing additional shocks without a clear economic interpretation,
we attach measurement errors to the following variables: investment, consumption and
internal funds.4 The measurement error in internal funds is motivated by the fact that
in the agency cost model this variable measure the internal funds of the firms producing
investment goods, while in the data it refers to all nonfarm, nonfinancial firms in the
U.S. The measurement error in investment is introduced for the following reason: in all
the models this variable represents productive capital which in the data is measured by
nonresidential fixed investment while we use the time series for gross private investment
for which the data are available for a longer period. Similarly, consumption is assumed
to be measured with error because in the models it represents nondurable consumption
expenditures while data on personal consumption expenditures are used in the estimation.
The other variables, real money, inflation and the short-term interest rate, are assumed
to be measured without errors. As in Ireland (2004), the introduction of measurement
errors can be also interpreted as a way of capturing all the movements in the variables
that a model, which is too stylized, is not able to account for. An advantage of this
strategy is that one does not need to make very specific assumptions on the working of
an economy (Ireland, 2004). At this stage it is important to stress that any assessment
on the alternative models refers to the augmented versions that include the measurement
errors. The models are augmented with a vector of measurement errors ξt. The system
of equations for the selected variables becomes

ft = R̃st−1 + S̃xt + ξt (18)

4 A similar strategy is followed by Hall (1996), McGrattan (1994) and McGrattan et al. (1997).
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where the matrices denoted with a hat are obtained selecting the appropriate rows of
the matrices P , Q, R and S in (14), (15) and (16). The measurement error ξt, which is
assumed to be independent from the structural shocks, follows the autoregressive process

ξt+1 = Dξt−1 + ςt (19)

Eςtς
′
t = Σς (20)

where the matrices D and Σς are both diagonal. This assumption is also made by Hall
(1996), McGrattan (1994) and McGrattan et al. (1997), who follow the suggestion of
Sargent (1989). The structure of measurement errors considered by Ireland (2004) would
deliver a large number of parameters to be estimated (71 including the parameters that
characterize the different DSGE models).

The data we use for the estimation of the model consists of the empirical counterparts
of the variables contained in f̃t: real consumption (ct), real investment (it), real internal
funds (nt), real money M2 (mt), the three-month nominal interest rate (Rt) and the
inflation rate (πt). The sample period goes from 1966:1 to 2001:4. The reason for using
data starting from 1966 is that monetary policy implementation in the U.S. begun to
resemble its modern equivalent only after 1966 (see Strongin, 1995).5 Since the model
predicts per capita variables and in order to eliminate the trend in real variables due
to population growth, consumption, investment, real balances and real internal funds
are normalised by the civilian noninstitutional population age 16 and over. The logs of
these variables are detrended. A different trend is estimated for the post-1991 period for
investment and consumption, while a different one is estimated for real money for the
post-1979 period.

Since internal funds do not play any role in the capital adjustment costs, we will
assume in estimating it that this variable is completely explained by its measurement
error. This allows estimating all the models using the same set of variables.

3.1 Prior distributions and calibrated parameters

The values of some parameters that are common to all the models are calibrated since
they are unidentified without information on other variables. Calibration is equivalent to
assuming a prior distribution with infine precision, that is with standard deviation equal
to zero. These parameters are: the depreciation rate δ, which is fixed to 0.025, the steady
state price-marginal cost markup (1.2), as in Ireland (2003) and the parameter ψ in the
households’ utility function, set to 0.57 as in Christiano et al. (1996). In the agency cost
model the entrepreneurs propensity to consume and the monitoring cost are calibrated
to, respectively, 0.053 and 0.25 following Carlstrom and Fuerst (1997, 2001). Preliminary

5 For a description of the data and a figure with the detrended variables see the appendix.
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attempts to estimate the value of the monitoring cost led to an unreasonable value for
this parameter. Therefor we decided to calibrate the value of the monitoring cost to the
value used in Carlstrom and Fuerst (1997). The standard deviation of the firm-specific
productivity shock ωt is only a scale variable. Having calibrated the monitoring cost, we
can assess the relevance of agency costs by looking at the significance of the estimated
default probability since these costs are given by Φ (ω)µ.

Table 1 summarizes the prior distributions for the parameters of the. The type of
density is chosen onthe basis of the domain over which the parameters are defined. All
the prior distributions are assumed to be independent.

TABLE 1 Prior distributions for parameters

Parameter distribution mean std. dev.
β Beta 0.99 0.005
α Beta 0.25 0.05
Φ Gamma 0.01 0.02
σ Gamma 4.00 2.00
θ Gamma 7.00 4.00
φp Gamma 0.05 0.05
φk Gamma 15.00 5.00
ρy Normal 0.00 0.10
ρπ Gamma 0.75 0.25
ρg Gamma 0.50 0.20
a Gamma 6.50 1.00
e Gamma 0.50 0.50
n Gamma 5.40 0.10
π Gamma 1.01 0.05
ρa Beta 0.90 0.05
ρη Beta 0.90 0.05
ρv Beta 0.50 0.05
ρe Beta 0.90 0.05
σa Inverse Gamma 0.03 0.02
ση Inverse Gamma 0.03 0.02
σv Inverse Gamma 0.03 0.02
σe Inverse Gamma 0.03 0.02
ρc Beta 0.90 0.05
ρi Beta 0.90 0.05
ρn Beta 0.90 0.05
σc Inverse Gamma 0.03 0.02
σi Inverse Gamma 0.03 0.02
σn Inverse Gamma 0.03 0.02
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The choice of the means of the parameters is partly based on the results in Ireland
(2003) and partly on previous maximum likelihood estimates. The standard deviations
are sufficiently large. The beta distribution is used for those parameters that are defined
over the [0, 1] interval, such as the discount factor β, the capital share in the production
function α or the autoregressive coefficients of the structural shocks and measurement
errors. For the parameters which are restricted to be positive, such as the risk aversion
coefficient σ, we used the gamma distribution while for the standard deviations we used,
following previous works in the literature, an inverse gamma distribution.6

The mean of the discount factor is set tp 0.99 a value which is close to the one estimated
by Ireland (2003) for the post-1979 period. The mean of α is set to 0.25, significantly
below the value tipicaly assumed in the RBC literature and closer to the estimates in
Ireland (2003). The mean of default probability in the agency cost model is set to 1 per
cent, very close to the value calibrated in Carlstrom and Fuerst (1997, 2001). The mean of
the parameter measuring the degree of price stikyness, φp, is set to 0.05 with a relatively
large standard deviation.7 The estimated values for this parameter in Ireland (2003)
are 0.03 and 0.09, depending on the sample period. With respect to the autoregressive
coefficients of the stocchastic process for the shocks we used a mean value of 0.90 with
the only exception of the coefficient for the monetary policy shock for which we used a
smaller value (0.50), in line with Ireland (2003).

3.2 Posterior estimates of model parameters

The posteriors of the parameters of the models does not belong to well-known classes of
distributions. In order to obtain draws of the parameters from an unknown distribution we
must rely on simulation methods such Metropolis-Hastings sampling. The latter algorithm
is usually employed in estimating general equilibrium models (e.g. Smets and Wouters,
2003 and Chang et al. 2003).

The (log) posterior density of a model is proportional to the sum of the (log) prior
density and the (log) likelihood:

logP (Y,Θ) ∝ logL (Y,Θ) + logP (Θ) (21)

where the (log) likelihood function is computed as:

6 We differ from other works, such as Chang et al. (2003), because we specified the inverse gamma
distribution so that the standard deviation is defined. It is known that if the degrees of freedom are less
than 2, the standard deviation does not exist.

7The smaller is φp the larger are the costs for changing prices.
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logL (Y,Θ) = −NT
2
ln (2π)− 1

2

T∑
t=1

ln|Ωt (Y,Θ) | − 1

2

T∑
t=1

u′t (Y,Θ) Ω−1
t (Y,Θ)ut (Y,Θ) (22)

where N is the number of variables, T the number of observations and Ωt is the covariance
matrix of the vector of prediction errors ut. Both Ωt and ut depend on the data Y and
the parameters of the model Θ.

The following table reports the means and the standard deviations the parameters of
the different models.

TABLE 2 Posterior means and standard errors

AG CADJ AG+CADJ

mean std. error mean std. error mean std. error
β 0.9905 0.0001 0.9956 0.0019 0.9945 0.0017
α 0.2361 0.0150 0.2315 0.0116 0.2536 0.0168
Φ 0.0098 0.0001 - - 0.0219 0.0035
σ 11.1800 1.6538 7.7082 1.1959 8.3279 0.6347
θ 8.7366 1.3048 4.3792 0.5752 4.7288 0.3154
φp 0.0622 0.0092 0.0092 0.0044 0.0139 0.0089
φk - - 35.7574 5.4735 27.0892 5.5953
ρy -0.0402 0.0077 -0.0770 0.0207 -0.0627 0.0171
ρπ 0.6738 0.0418 0.5296 0.0633 0.5283 0.0630
ρg 0.3799 0.0386 0.6063 0.0719 0.5674 0.0768
a 6.2974 0.1724 6.4052 0.1372 6.1732 0.1956
e 0.0453 0.0082 0.0001 0.0000 0.0002 0.0000
n - - 5.3972 0.0356 - -
π 1.0069 0.0028 1.0156 0.0043 1.0156 0.0039
ρa 0.9900 0.0041 0.9572 0.0212 0.9717 0.0150
ρη 0.9970 0.0019 0.9876 0.0082 0.9854 0.0076
ρv 0.3705 0.0460 0.3952 0.0530 0.4159 0.0518
ρe 0.9564 0.0172 0.9421 0.0214 0.9426 0.0204
σa 0.0351 0.0056 0.0409 0.0091 0.0358 0.0056
ση 0.0223 0.0062 0.0218 0.0062 0.0239 0.0056
σv 0.0041 0.0003 0.0053 0.0005 0.0050 0.0006
σe 0.0151 0.0014 0.0278 0.0075 0.0226 0.0055
ρc 0.9786 0.0128 0.9729 0.0204 0.9713 0.0197
ρi 0.9554 0.0237 0.9233 0.0359 0.9356 0.0340
ρn 0.9864 0.0074 0.9097 0.0345 0.9902 0.0057
σc 0.0063 0.0006 0.0057 0.0007 0.0055 0.0007
σi 0.0455 0.0032 0.0429 0.0028 0.0425 0.0027
σn 0.0419 0.0025 0.0405 0.0024 0.0408 0.0025
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The draws from the posterior distribution of the parameters are obtained through a
random walk Metropolis-Hastings algorithm.8 For the agency cost and the capital adjust-
ment cost models 100,000 draws were sufficient to achieve convergence of the parameters
distribution to the target one. For the nested model 200,000 were needed. In all the cases
the first 25 per cent of the draws were discarded.9 In order to check for convergence of
the Metropolis-Hastings algorithm we computed recursive means of each parameters and
assess the their stability.

The posterior mean of the households’ discount factor β is lower in the agency cost
model. The three estimates imply a steady steate real interest rate between 3.9 and 2.2
(in annualized terms). The mean of the posterior distribution of the capital share α is
between 0.2361 and 0.2536 depending on the model: in all the cases the posterior mean is
close to the prior mean and it is significantly lower than the value used in the calibration
of Real Business Cycle models. McGrattan (1994) reports a value of α of 0.397 for a model
with perfect competition in the production sector and technology and fiscal shocks.

The risk aversion coefficients for real money and consumption, respectively denoted
with θ and σ, are significatively larger than one, thus ruling out logarithmic-type of
preferences which are often used in the literature for the calibration of New Keynesian
sticky price models.

The posterior mean of the parameter that measures the cost of adjusting the prices of
the intermediate goods producing, φp firms is 0.0622 in the agency model; smaller values
are estimated for the other two models (0.0092 and 0.0139 for respectively the CADJ and
the nested models).

With respect to the monetary policy rule, the means of the parameters that measures
the response of the short-term nominal interest rate to inflation and nominal money
growth are somewhat different from the values in Ireland (2003) since our estimates reveals
a stronger response to nominal money growth.10 The coefficient measuring the response
of the interest rate to output is negative in all the models.

The posterior means of autoregressive parameters of the structural shocks, which are
close to one, imply very persistent shocks. The only exception is the coefficient for the
monetary policy shock process, for which the poesterior mean is lower than the prior
mean. The posterior means of the parameters of the measurement error processes suggest
that all the models face some difficulties in accounting for the fluctuations in real internal
funds and investment while they seem to provide a better representation of the dynamics
of consumption.

8 The jumping distribution is a normal one with covariance matrix equal to the inverse of the estimated
hessian matrix scaled by a constant. For a description of the application of the Metropolis-Hastings
algorithm to DSGE models see the appendix in Schorfheide (2000).

9 The acceptance rates were between 35 and 45 per cent.
10 In estimating the models we have ruled out values of the parameters of the monetary policy rule

that implied an indeterminate rational expectations equilibrium. Lubik and Schorfheide (2004) estimate
a New Keynesian model in which the equlibrium can be indeterminate due to passive monetary policy.
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Turning to the parameter of interest which characterises the agency cost model, the
default probability Φ, the means of the posterior distribution in the agency cost and the
nested model suggest that agency costs matter, although the two values are different. The
mean default probability is equal to 0.98 per cent (which implies an annual probability of
3.9), is close to the calibrated value (0.974 per cent) of Carlstrom and Fuerst (1997, 2001).
In the nested model this value is larger, 2.2 per cent.11 The estimated steady state values
of real internal funds and investment implies an internal financing ratio of 34 per cent,
close to 38 per cent used in Carlstrom and Fuerst (1997, 2001). The fraction of expected
investment, net of the monitoring cost, received the entrepreneurs is equal to 40 per cent
on average (39 per cent in Carlstrom and Fuerst, 1997) while the fraction received by
lenders is 59 per cent. The implied steady state estimate for the price of newly installed
capital goods (in terms of consumption goods), Tobin’s q, is equal to 1.0306 a value which
is larger than the one in Carlstrom and Fuerst (1997). It is worth remembering that the
CADJ model has a different implication for the price of capital goods: it implies a steady
state value of Tobin’s q of 1, since no cost is paid for adjusting the capital stock. The
presence of agency costs implies a reduction in the steady state level of capital of 3.0 per
cent (3.6 in Carlstrom and Fuerst, 1997) and output (0.7 per cent).

The mean of the parameter measuring the cost for adjusting the capital stock, φk, is
equal to 35.75, which is larger than the values estimated by Ireland (2003). In the nested
model the mean falls to 27.1. In both cases the posterior mean is significantly larger than
the prior mean (15).

3.3 Robustness of the estimates

In this Section we briefly comment on the estimates that are obtained for the sample
period 1984:1-2001:4. The motivation for this robustness analysis is that many authors
have demonstrated that monetary policy in ths U.S. changed when Paul Volcker was
appointed as Chairman of the Federal Reserve in 1979.

From the point of view of characterizing the behaviour of the Federeal Reserve, Clarida
et al. (2000) show that the interest rate policy became more responsive to changes in
expected inflation in the Volcker-Greenspan period. A similar result is obtained by Cogley
and Sargent (2003) who show, in the context of a VAR with time-varying coefficients,
that the estimated monetary policy rule was activist, or in other words more responsive
to inflation, in the Volcker-Greenspan period while it was passive between early 1970s and
early 1980s. Lubik and Schorfheide (2004) show that monetary policy in the post-1982
period responded to inflation sufficiently enough to guarantee equilibrium determinacy
while the pre-Volcker period was characterized by inedterminacy. On the other hand
Sims and Zha (2004) find that changes in the variances of structural shocks are the major
source of instability in a VAR that include the main U.S. macroceconomic variables.

11 This value is not far from the estimate based on maximum likelihood.
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Along the same line, Bernanke and Mihov (1998) show that there was little evidence of
major shifts in monetary policy, with the only exception of the 1979-1982 nonborrowed
reserves targeting regime.

We used the random walk Metropolis-Hastings algorithm to draw parameters from the
posterior distributions using the 1984-2001 sample period. We decided to focus on this
period to avoid the nonborrowed targeting regime period. The major changes between
this sample and the full sample, that are common to all the models are the following.
The persistence of structural shocks decrease with the exception of the moentary policy
shock while all the variances decrease. A smiliar result is obtained with respect to the
measurement error processes. The capital share α increases while the steady state inflation
rate π decreases. These results are similar to those of Ireland (2003) who estimates a
DSGE model for the pre-1979 and the post-1979 periods. With respect to the monetary
policy rule we do not find evidence of a major change in the values of the parameters
that measure the response of the interest rate to inflation, output and money growth.
We detect some changes in the posterior distribution of the parameter that measures the
costs for adjusting prices although the direction of the change is not the same for all the
models: in the agency cost model the posterior mean of the parameter decreases meaning
that the cost for adjusting prices incresases. The opposite result is obtained for the capital
adjustment cost and the nested models. The evidence for the other parameters, such as
the curvature of the utility function (σ and θ) is mixed and depends on the type of model.
The posterior mean of the parameter that measures the cost for adjusting the capital
stock does not change significantly, in contrast with the result in Ireland (2003). Finally
we detect no significant differences in the parameter that measures the aggregate default
probability (Φ)in both the agency cost and the nested models.

4 Models’ evaluation and comparison

In the literature on DSGE models, some authors, especially in the RBC tradition, have
used summary statistics such as first and second moments to validate models. A different
approach is proposed by Canova (2001) who suggests validating DSGE models using
vector autoregressions (VAR).

Following the analysis contained in Schorfheide (2000), Smets and Wouters (2003) and
Chang et al. (2003) we set up a vector autoregression (VAR) as reference model. This
includes the six variables that have been used in estimating the DSGE models. VARs are
a reasonable choice as a refrence model since they impose less restictions on the dynamics
of the variables compared to general equilibrium models. Therefore they can be used to
evaluate the performance of the estimated models.
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4.1 The reference Bayesian VAR model

The VAR is estimated with a normal-Wishart prior on the parameters of the model. For
a survey on Bayesian VAR models, see Ciccarelli and Rebucci (2002).

The model is:

Yt = c+B1Yt−1 +B2Yt−2 + ....+BpYt−p + ut t = 1, ...T (23)

where Yt is a vector of 6 variables, Bi is a NxN matrix and ut is a vector of error terms
independently and identically normally distributed with covariance matrix Σ. The model
can be cast in the following form:

Yt = Xtβ + εt t = 1, ...T (24)

where β is a vector that consists of all the coefficients that appear in the matrices Bi.

The following priors are assumed for β and Σ:

P (β|Σ) = N
(
β,Σ⊗ Ω

)
(25)

P (Σ) = IW
(
Σ, ν

)
(26)

where β is the mean of the prior distribution for the VAR coefficients and Σ is the mean
of the prior distribution for covariance matrix of the VAR error terms.12 Given this prior
and a Gaussian likelihood for the VAR, the posterior distributions are:

P (β|Σ, Y ) = N
(
β̃,Σ⊗ Ω̃

)
(27)

P (Σ) = IW
(
Σ̃, T + ν

)
(28)

where β̃ is the mean of the posterior (normal) distribution of the VAR coefficients and Σ̃
is the mean of the posterior (inverted Wishart) distribution of the covariance matrix of

the VAR residuals. The posterior mean β̃ = vec
(
B̃
)

= vec
(
B̃1, .., B̃p

)
is computed as

B̃ = Ω̃
(
Ω
−1
B +X ′XB̂ols

)
, Ω̃ =

(
Ω
−1

+X ′X
)

(29)

12 The parameter ν denotes the degrees of freedom of the inverted Wishart distribution.
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and the posterior covariance matrix as

Σ̃ = B̂′
olsX

′XB̂ols +B
′
Ω
−1
B + Σ +

(
Y −XB̂ols

)′ (
Y −XB̂ols

)
−

−B̃′
(
Ω
−1

+X ′X
)
B̃ (30)

where B̂ols is the OLS estimate of the VAR coefficients.

Before estimating the VAR coefficients one must fix the prior distributions by speci-
fying the mean β, the matrix Ω and the covariance matrix Σ. With respect to β we used
the “Minnesota prior” modified to take into account the stationarity of the data: the
mean of a variable first own lag is centered at the value of the estimated coefficient of a
first order autoregressive process. The mean of the constant of each equations is chosen
to be equal to the estimated constant of the first order autoregressive process while the
elements on the main diagonal of Σ are set to the values of the estimated variances of the
autoregressive processes. The variances of the VAR coefficients Bi are set according to the
“Minnesota prior” by specifying the hyperparameters that control the overall precision of
the prior distribution, the tightness of own lags and the tightness of other variables lags
relative to own lags.

4.2 Models comparison

The following table reports the prior probabilities, the marginal data densities and the
posterior probabilities of the three models and two Bayesian VARs with, respectively, 3
and 4 lags. The statistics provide information on the fit of the different models.

TABLE 3 Prior and posterior model probabilities

AG CADJ AG+CADJ VAR(3) VAR(4)
Prior prob. 0.20 0.20 0.20 0.20 0.20
Data density 2839.01 2839.11 2865.16 2902.66 2886.20
Posterior odds 1.0 1.1052 2.26E11 4.39E27 3.12E20
Posterior prob. 2.28E-28 2.52E-28 5.15E-17 1.0 7.10E-8

The marginal data density for the DSGE models are computed using a modified harmonic mean
estimator. See Geweke (1999).
For the VARs the marginal density are computed using the harmonic mean estimator.

The Bayesian approach to the estimation of DSGE models provides a natural framework
for evaluating and comparing potentially misspecified models. The marginal data density
can be interpreted as maximum log-likelihood values, pernalized for the model dimension-
ality, and adjusted for the effect of the prior distribution (see Chang et al. 2003 pag.
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1509). It measures the probability of observing the data for a given model and prior on
parameters. In other words, the marginal likelihood of a model provides an indication of
the overall likelihood of the model given the data and also reflects its forecasting perfor-
mance.13 All the models achieve a marginal density which is far from the highest value
among all the models (the VAR with 3 lags). This result shows up in the posterior odds
ratios which are clearly in favour of the VAR. The odds ratio also shows that the capi-
tal adjustment model outperforms the agency cost model. However, a model that nests
these two performs even better, reaching a higher marginal density; this result is robust
to estimating the model over the 1984-2001 sample period, while the agency cost model
achieves a higher marginal density than the CADJ model.

The posterior probabilities of the different models are computed as:

πi,T =
πi,0P (Y |Mi)∑k
i=0 πi,0P (Y |Mi)

(31)

where πi,0 is the prior probability of model Mi and P (Y |Mi) is its marginal density. The
table shows that all the models have zero probability, while the reference VAR(3) has
probability 1.

4.3 Impulse responses to technology shocks

The approach proposed by Canova (2001) consists, as first step, of finding robust implica-
tions of the model: these are implications that are robust to different sets of parameters,
different functional forms of the primitives and different specifications of the monetary
policy rule. In a second step, these implications, in the form, for example, of the signs of
impulse responses, are used to identify shocks in the data by means of a VAR. An argu-
ment in favour of this strategy for identifying structural shocks can be found in Canova
and Pina (1999).14 In a third step, a qualitative comparison is carried out by compar-
ing the responses of other variables to identified shocks. This step aims at examining
whether and to what extent the dynamics of the model and the data are similar. In the
last step the validation process uses the quantitative implications (e.g. impulse responses
and variance decompositions) of the model and the data and tests for the significance of
their equalities.

Following the approach proposed by Canova (2001) we consider the Bayesian VAR
with 3 lags and impose restrictions on the signs of the impulse responses to identified
technology shocks. For the identification of shocks we used the methodology in described
Uhlig (2001). We selected this shock since modern business cycle theory assigns to it a

13 The marginal likelihood takes into account the fact that the number of parameters of the models
differ and the fact that one model nests the agency cost and the capital adjustment cost models.

14 The authors find that the zero restrictions generally used in the VAR literature can be inconsistent
with the dynamic relationships among variables implied by DSGE models.
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prominent role. Moreover, Carlstrom and Fuerst (1997) consider the technology shock in
their RBC model to evaluate the effects of agency costs and asymmetric information on
the propagation mechanism. 15 We impose the restrictions on the signs of the impulse
responses that are consistent with the estimated models. Specifically, a positive technology
shock increases investment, consumption and real money while it drives down the inflation
rate. These restrictions are imposed for the first 4 steps of the impulse response horizon.
We could have increased the number of steps over which imposing the sign restrictions
for output and consumption but we prefer to leave the medium and long-run response
unconstrained and let the data speak with respect to the persistence of the effects of
technology shocks. We do not impose any restriction on the response of the nominal
short-term interest rate since the agency cost model predicts a zero response for the first
4 quarters. The following figure report the median responses for the agency cost model
together with the 95 per cent probability interval (dashed lines).16
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Fig. 1 Impulse responses to positive technology shock: agency cost model

15 For a recent analysis on the effects of technology shocks with VARs see Dedola and Neri (2004). An
invited session of the 2003 meeting of the European Economic Association was devoted to the effects of
technology shocks on the labor input.

16 All the impulse responses in the figures are measured as percentage deviations from unshocked path.
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The agency cost model predicts a strong and persistent response of investment that
builds up through the effect of the accumulation of wealth by enterpreneurs. The response
of consumption is also very persistent. With respect to inflation, the response in the model
is qualitatively different from the corresponding response computed with the VAR (see
Figure 4 below for a comparison). The responses of the real variables are very persistent
in line with the posterior values of the autoregressive coefficient of the technology shock
ρa (see Table 2 in Section 3.2).

The following figure report the median responses for the capital adjustment cost model
together with the 95 per cent probability interval.
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Fig. 2 Impulse responses to positive technology shock: capital adjustment cost model

The model predicts a less strong but still persistent response of investment compared
with the agency cost model. The response of consumption and output is hump-shaped.
The response of inflation is now qualitatively similar to the corresponding response com-
puted with the VAR (see Figure 4 below for a comparison). Also in the capital adjustment
cost model real money increases and the interest rate decreases. Similarly to the agency
cost model, the persistence of the responses of the real variables are very persistent in line
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with the posterior values of the autoregressive coefficient of the technology shock ρa. The
behaviour of the nominal interest rate is qualitatively different from the VAR response,
in which the pattern is similar to that of inflation.

The following figures report the median responses for the nested model together with
the 95 per cent probability interval.
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Fig. 3 Impulse responses to positive technology shock: nested model

The behaviour of the nested model in response to a positive technology shock is very
similar to that of the capital adjustment cost model. This result suggests that the con-
tribution of agency costs and the role of asymmetric information in the transmission of
technology shocks to the economy may be limited, once adjustment costs on capital are
considered. This result is in contrast to what the marginal data densitites have suggested
in Table 3: according to them nesting capital adjustment costs in the agency cost increases
the likelihood of the latter model.

22



The following figures report the median responses for the Bayesian VAR with 3 lags
together with the 95 per cent probability interval.
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Fig. 4 Impulse responses to positive technology shock: BVAR(3)

It is possible to provide a ranking of the three models on the basis of expected loss
measures computed using the estimated impulse responses. Schorfheide (2000) proposes
a Bayesian methodology for evaluating and comparing DSGE models on the basis of
alternative loss functions. Once a set of characteristics of the models, for example impulse
responses, is chosen the researcher must compute the overall posterior distribution of the
population characteristics Ψ:

P (Ψ|Y ) =
k∑
i=0

πi,TP (Ψ|Y,Mi) (32)

combining the distributions of the different models using the posterior probabilities as
weights. Different loss functions can be used in evaluating the discrepancies between the
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predictions of a model Ψi and the population characteristics Ψ. One possibility is to use
a quadratic loss function:

Lq (Ψ,Ψi) = (Ψ−Ψi)
′W (Ψ−Ψi) (33)

with weighting matrix W . The model are ranked according to the value of the expected
loss

Rq (Ψi) = (Ψi − E [Ψ|Y ])′W (Ψi − E [Ψ|Y ]) (34)

which is the risk measure. Schorfheide (2000) shows that the optimal predictor Ψi in the
case of a quadratic loss function is simply the posterior mean Ψi = E [Ψ|Y,Mi]. In this
case the computation of the expected loss is very simple and involves only weighting the
distance between the population mean of Ψ and the corresponding mean under model
Mi. Chang et al. (2003), among the different loss functions, use a quadratic loss with
weighting matrix equal to the identity matrix to compare alternative models in terms of
their ability to match the autocorrelation of output growth and labor input.

In this paper we apply the methodology proposed by Schorfheide (2000) to the impulse
responses to technology shocks. For simplicity we use a quadratic loss function with
weighting matrix W equal to the covariance matrix of the population responses. These
are computed using only the BVAR(3) since the posterior probabilities of the alternative
models are equal to zero. The vector Ψ is composed of the responses over 16 quarters
of real consumption, real investment, output, real money, the nominal interest rate and
inflation.17 The following table presents the expected losses of the DSGE models computed
using as population responses those reported in Figure 4 above.

TABLE 4 Expected losses

AG CADJ AG+CADJ
consumption 0.7403 0.5257 0.6953
investment 715.6290 106.9707 142.9002
output 7.7295 2.3603 3.1679
real money 20.0025 54.8318 52.8987
interest rate 0.0027 0.0021 0.0024
inflation 0.0020 0.0020 0.0025
overall 926.8799 240.3562 292.2545

17 The response of output in the data is computed weighting the responses of consumption and invest-
ment.
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The table shows that all the models face some difficulties in replicating the responses of
investment to a positive technology shock. The model that performs worst is the agency
cost one since it predicts a stronger response of investment than what is found using the
Bayesian VAR as it can be seen by comparing Figures 1 and 4. With respect to consump-
tion, inflation and the interest rate all the models perform as well as the VAR. However in
the case of the short-term interest rate the result is due to the large uncertainty that sur-
rounds the response in the VAR. The overall loss function, that considers the responses of
all the variables, suggest that the best DSGE model is the CADJ, followed by the nested
model. The same conclusion is reached if the identity matrix is used as weighting matrix
W . This results is in contradiction with what is suggested by comparing the marginal
data densities, according to which the nested model has the highest probability among
the theoretical models.

5 Conclusion

This paper estimates and compares alternative dynamic stochastic general equilibrium
(DSGE) models of the U.S. economy in which capital accumulation is subject to adjust-
ment costs. The analysis relies on Bayesian techniques and loss functions. It is found
that a model that combines agency costs and adjustment costs on capital has the best
chance to explain the data although all the models perform worst than a Bayesian VAR.
However, when impulse responses to technology shocks are used to evaluate and compare
the different models, we find that the model with adjustment costs on capital achieves
the minimum expected loss, using as reference model the Bayesian VAR.
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Appendix Data

ct: real personal consumption expenditures

it: real gross private domestic investment

yt: real gross domestic product

nt: real internal funds for nonfarm nonfinancial corporate business

Rt: three-month Treasury Bill rate (percentage per annum)

mt: real M2 money stock deflated with the implicit GDP price deflator

Real consumption, real investment and real GDP come from the National Income and
Product Accounts and are expressed in billions of chained (1996) dollars. The money
stock, M2, and the three-month Treasury Bill rate comes from the Federal Reserve of St.
Louis while internal funds are taken from the Flow of Funds from the Federal Reserve.
Investment, consumption, output, internal funds, real money are converted to per-capita
terms by dividing them by the civilian noninstitutuonal population, age 16 and over
(Bureau of Labour Statistics).
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