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1. Introduction

Since the seminal work of Kydland and Prescott (1982) and Prescott (1986) proponents of the
Real Business Cycle (RBC) paradigm have claimed a central role for exogenous variations in
technology as a source of economic fluctuations in the postwar U.S. economy. Those fluctuations
have been interpreted by RBC economists as the economy’s response to exogenous variations in
technology, in an environment with perfect competition and intertemporally optimizing agents,
and in which the role of nominal frictions and monetary policy is, at most, secondary.

Behind the claims of RBC theory lies what must have been one the most earth-shattering
findings in postwar macroeconomics: a calibrated version of the neoclassical growth model
augmented with a consumption-leisure choice and with stochastic changes in total factor pro-
ductivity as the only driving force can gnerate is sufficient to account for the bulk of economic
fluctuations in industrialized countries. In practice, accounting for observed fluctuations has
meant that calibrated RBC models match pretty well the patterns of unconditional second mo-
ments of a number of macroeconomic time series, including their relative standard deviations
and correlations. Such findings led Prescott to claim “...that technology shocks account for more
than half the fluctuations in the postwar period, with a best point estimate near 75 percent,”!
Similarly, in their assessment of the road traveled and the lessons learned by RBC theory after
more than a decade, Cooley and Prescott (1989) could confidently claim that “it makes sense
to think of fluctuations as caused by shocks to productivity.”

While most macroeconomists have recognized the methodological impact of the RBC re-

search program and have adopted its modelling tools, other important, more substantial ele-
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ments of that program have been under a growing challenge in recent years. First, the widely
acknowledged importance of monetary policy in industrialized economies, has led the bulk of
the profession to move away from both real models or frictionless monetary models when trying
to understand short run macroeconomic phenomena. Secondly, and most importantly for the
purposes of this paper, the view of technological change as a central force behind cyclical fluc-
tuations has been called into question. In the present paper we aim at providing an overview of
the literature that has challenged the central role of technology in business cycles.

A defining feature of the literature reviewed below lies in its effort to look for evidence on
the role of technology that is “more direct” than just checking whether any given model driven
by technology shocks, and more or less plausibly calibrated, can generate the key features
of the business cycle. In particular we discuss efforts to identify and estimate the empirical
effects of exogenous changes in technology on different macroeconomic variables, and to evaluate
quantitatively the contribution of those changes to business cycle fluctuations.

Much of that literature (and, hence, much of the present paper) focuses on one central,
uncontroversial feature of the business cycle in industralized economies, namely, the strong
positive comovement between output and labor input measures. That comovement is illustrated
graphically in Figure 1, which displays the quarterly time series for hours and output in the U.S.
nonfarm business sector over the period 1948:1-2002:4. In both cases the original series have
been transformed using the band-pass filter developed in Baxter and King (1994), calibrated to
remove fluctuations of periodicity outside an interval between 6 and 32 quarters. As in Stock
and Watson (1999) we interpret the resulting series as reflecting fluctuations associated with
business cycles.

As is well known, the basic RBC model can generate fluctuations in labor input and output



of magnitude, persistence, and degree of comovement roughly similar to the series displayed
in Figure 1. Furthermore, when the actual sequence of technology shocks (proxied by the
estimated disturbances of an AR process for the Solow residual) is fed as an input into the
model, the resulting equilibrium paths of output and labor input track surprisingly well the
observed historical patterns of those variables, as shown in King and Rebelo (1999) in what
amounts to a more stringent test than the usual moment-matching exercises.

The literature reviewed in the present paper asks, however, very different questions: what are
the effects of technology shocks in actual economies? How do they differ from the predictions
of standard RBC models? What is their contribution to business cycle fluctuations? What
features must be incorporated in business cycle models to account for the observed effects?
The remainder of this paper describes some of the tentative and often contradictory answers
that the efforts of a growing number of researchers have yielded. It is not easy to summarize
in a few words the wealth of existing evidence nor to agree on some definite conclusions of a
literature that is still very much ongoing. Nevertheless, it is safe to state that the bulk of the
evidence reviewed in the present paper provides very little support to the initial claims of the
RBC literature on the central role of technological change as a source of business cycles.

The remainder of the paper is organized as follows. Section 2 reviews some of the early papers
that questioned the importance of technology shocks, and presents some of the basic evidence
regarding the effects of those shocks. Section 3 discusses a number of criticisms and possible
pitfalls of that literature. Section 4 presents the case for the existence of nominal frictions as
an explanation of the estimated effects of technology shocks. Section 5 summarizes some of the
real explanations for the same effects found in the literature. Section 6 lays out and analyzes an

estimated DSGE model that incorporates both nominal and real frictions, and evaluates their



respective role. Section 7 concludes.

2. Estimating the Effects of Technology Shocks

In Galf (1999) the effects of technology shocks were estimated by means of a structural VAR
approach. In its simplest specification, to which we restrict our analysis here, the empirical
model makes use of information on two variables: output and labor input, which we denote
respectively by y; and n:, both expressed in logs. Those variables are used to construct a series
for (log) labor productivity, xy = y: — ny which, in what follows, is assumed to be integrated
of order one (in a way consistent with the evidence reported below). The joint behavior of
labor productivity growth (Az;) and some stationary transformation of labor input (72;) is then
assumed to have the following MA representation
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where ¢ and ¢ are serially uncorrelated, mutually orthogonal structural disturbances, whose
variance is normalized to unity. Estimates of the distributed lag polynomials C*/ (L) are obtained
by a suitable transformation of the estimated reduced form VAR for [Azy, ;] after imposing the
long run identifying restriction C*2(1) = 0.2 That restriction “defines” {7} and {e{} as shocks
with and without a permanent effect on labor productivity, respectively. On the basis of some
of the steady state restrictions shared by a broad range of macro models (and further discussed

below) Galf (1999) proposes to interpret permanent shocks to productivity {ef} as technology

2See Blanchard and Quah (1989) and Galf (1999) for details.



shocks. On the other hand, transitory shocks {e¢} would potentially capture a variety of driving
forces behind output and labor input fluctuations that would not be expected to have permanent
effects on labor productivity. The latter include shocks that could potentially have a permanent
effect on output (but not on labor productivity), but which are “non-technological” in nature,
as would be the case for some permanent shocks to preferences or goverment purchases, among
others.®> As discussed below, they could in principle capture transitory technology shocks as

well.

2.1. Revisiting the Basic Evidence on the Effects of Technology Shocks

Next, we revisit and update the basic evidence on the effects of technology shocks reported in Gali
(1999). Our baseline empirical analysis uses quarterly U.S. data for the period 1948:1-2002:1V.
Our source is the Haver USECON database, for which we list the associated mnemonics. Our
series for output corresponds to nonfarm business sector output (LXNFO). Our baseline labor
input series is hours of all persons in the nonfarm business sector (LXNFH). Unless otherwise
noted, the estimates below are based on a per capita tranformation of the output and hours
series, using a measure of civilian noninstitutional population aged 16 and over (LNN).

Our baseline estimates are based on a specification of hours in first-differences, i.e. we set
n; = An;. That choice seems consistent with the outcome of ADF tests applied to the hours
series, which do not reject the null of a unit root in the level of hours at a 10 percent significance
level, against the alternative of stationarity around a linear deterministic trend. On the other

hand, the unit root null for the first-differenced series at level of less than 1 percent.* Consistently

31t is precisely that feature what differentiates the approach to identification in G99 from that in Blanchard
and Quah (1989). The latter used restrictions on long-run effects on output, as opposed to labor productivity.
4With four lags, the t statistics are —2.5 and and —7.08 the level and first-difference, respectively.



with the previous result, a KPSS test applied to n; rejects the stationarity null at a less than 1
percent level, while failing to reject the same null when applied to An;. In addition, the same
battery of ADF and KPSS tests applied to our x; and Ax; series support the existence of a
unit root in labor productivity, a necessary condition for the Gali (1999) identification scheme to
make sense. Both observations suggest the specification and estimation of a VAR for [Ax;, Ang].
Henceforth, we refer to the latter as the difference specification.

Figure 2 displays the estimated effects of a positive technology shock, of size normalized to
one standard deviation. The graphs on the left show the dynamic responses of labor productivity,
output, and hours, together with (&) two standard error bands.® The corresponding graphs on
the right show the simulated distribution of each variable’s response on impact. Asin Gali (1999),
the estimates point to a significant and persistent decline in hours after a positive technology
shock that raises labor productivity permanently. The point estimates suggest that hours do
eventually return to (close to) to their original level, but not until more than a year later. That
pattern of hours generates, as a result, a positive but muted initial response of output in the
face of a positive technology shock. Notice that the distribution of the impact effect on hours
assigns a zero probability to an increase in that variable.

The estimated impulse responses to a technology shock shown in the previous figure contrast
starkly with the implications of a standard calibrated RBC model, which would predict a positive
comovement among the three variables plotted in the figure in response to that shock.’

Not surprisingly, the previous estimates have dramatic implications regarding the sources of

the business cycle fluctuations in output and hours displayed in Figure 1. This is illustrated

5That distribution is obtained by means of a Montecarlo simulation based on 500 drawings from the distrib-
ution of the reduced-form VAR distribution.
6See, e.g., King et al. (1988) and Campbell (1994)



in Figure 3, which displays the estimated business cycle components of the historical series for
output and hours associated with technology and non-technology shocks. In all cases the initial
estimated components have been detrended using the same band-pass filter underlying the series
plotted in Figure 1. As in Gali (1999), the picture that emerges is very clear: fluctuations in
hours and output driven by technology shocks account for a small fraction of the variance of
those variables at business cycle frequencies: 5 and 7 percent, respectively. Furthermore, the
comovement at business cycle frequencies between output and hours resulting from technology
shocks is shown to be essentially zero (the correlation is —0.08), in contrast with the high positive
comovement observed in the data (0.88). Clearly, the pattern of technology-driven fluctuations,
as identified in our structural VAR, shows little resemblance with the conventional business cycle
fluctuations displayed in Figure 1.

The picture changes dramatically we turn our attention to the estimated fluctuations of
output and hours driven by shocks with no permanent effects on productivity (and which are
referred to as non-technology shocks in the graph). Those shocks account for 95 and 93 of the
variance of the business cycle component of hours and output, respectively. In addition, they
generate a nearly perfect correlation (0.96) between the same variables. In contrast with its
technology-driven counterpart, this component of output and hours fluctuations displays a far

more recognizable business cycle pattern.

2.2. Related Empirical Work

The empirical connection between technological change and business cycle fluctuations has been
the focus of a rapidly expanding literature. Here we mention some of the key papers using

U.S. data, leaving for later those whose findings relate more specifically to the content of other



sections.

An early contribution to that literature is given by the relatively unknown paper by Blan-
chard, Solow and Wilson (1995). That paper already spells out some of the key arguments found
in the subsequent literature. In particular, it stresses the need to isolate the component of pro-
ductivity which is the result of exogenous technological improvements. They adopt a simple
instrumental variables approach, with a number of demand-side variables assumed to be orthog-
onal to exogenous technological change used as instruments for employment growth or the change
in unemployment in a regression that features productivity growth as a dependent variable. The
fitted residual in that regression is interpreted as a proxy for the technology-driven changes in
productivity. When they regress the change in unemployment on the “filtered” productivity
growth variable they obtain a positive coefficient, i.e. an (exogenous) increase in productivity
drives the unemployment rate up. A dynamic specification of that regression suggests that such
an effect lasts for about three quarters, after which unemployment starts to fall and returns
rapidly to its original value.

As mentioned Gali (1999, footnote 19) the finding of a decline in hours (or an increase in
unemployment) in reponse to a positive technology shock can also be detected in a number
or earlier VAR papers, though that finding often goes unnoticed or is presented as puzzling.
Blanchard and Quah (1989) and Blanchard (1989) are exceptions in that they provide some
explicit discussion of the finding, which they interpret as consistent with a traditional Keynesian
model “in which increases in productivity...may well increase unemployment in the short run if
aggregate demand does not increase enough to maintain employment”.”

The work of Basu, Fernald and Kimball (1999; BFK, henceforth) deserves a special attention

"Blanchard (1989, p. 1158).



here, given its focus and the similarity of its findings to those in Gali (1999) despite the use of an
unrelated methodology. BFK used a sophisticated growth accounting methodology allowing for
increasing returns, imperfect competition, variable factor utilization and sectoral compositional
effects. in order to uncover a time series index of aggregate technological change in the postwar
US economy. Their approach, combining elements of earlier work by Hall (1990) and Basu and
Kimball (1997) among others, can be viewed as an attempt to cleanse the Solow residual (Solow
(1957)) of widely acknowledeged measurement error resulting from the strong assumptions un-
derlying its derivation. Estimates of the response of the economy to innovations in their measure
of technological change point to a sharp short run decline in the use of inputs (including labor)
when technology improves, with ouput showing no significant change (and possibly even a small
decline). After that short-run impact both variables gradually adjust upward, with labor input
returning to its original level and with output reaching a permenently higher plateau after a lag
of several years.

Kiley (1996) extends the structural VAR framework in Gali (1999) to U.S. two-digit man-
ufacturing industries. He finds that technology shocks induce a negative correlation between
employment and output growth in 12 of the 17 industries considered. When he estimates an
analogous conditional correlation for employment and productivity growth, he obtains a negative
value for 15 out of 17 industries. Francis (2001) conducts a similar analysis, though he is able
to better identify for industry-specific technology shocks by including a measure of aggregate
technology, which is assumed to be exogenous to each of the industries considered. He finds
that, for the vast majority of industries, labor input measure decline in response to a positive
technology shock.

Shea (1998) uses a structural VAR approach to model the connection between variations over

10



time measures of technological innovation (R&D and number of patent applications) and subse-
quent changes in TFP and hired inputs, using industry level data. For most specifications and
industries he finds that an innovation in the technology indicator does not cause any significant
change in TFP, and tends to increase labor inputs in the short run. While not much stressed
by Shea, however, one of the findings in his paper is particularly relevant for our purposes: in
the few VAR specifications for which a significant increase in TFP is detected in response to
an innovation in the technology indicator, inputs—including labor—are shown to respond in the
direction opposite to the movement in TFP, a finding to which we will return below.?

Francis and Ramey (2003a) extend the analysis in Gali (1999) in several dimensions in order
to check the robustness of the main findings. Among other modifications they consider, they
augment the baseline VAR (specified in first differences) with a capital tax rate measure in
order to sort out the effects of technology shocks from those of permanent changes in tax rates
(more below). Secondly, they identify a technology shocks as those with permanent effects on
real wages (as opposed to labor productivity) and/or no long run effects on hours, both equally
robust predictions of a broad class of models that satisfy a balance growth property. Those
alternative identifying restrictions are not rejected when combined into a unified (overidentified)
model. Francis and Rameyshow that both the model augmented with capital tax rates and the
model with alternative identifying restrictions (considered separately or jointly) imply impulse
responses to a technology shock similar to those in Gali (1999) and, in particular, a drop in
hours in response to a positive technology shock. Francis, Owyang and Theodorou (2003) use a
variant of the sign restriction algorithm of Uhlig (1999) and show that the finding of a negative

response of hours to a positive technology shock is robust to replacing the restriction on the

8See the comment on Shea’s paper by Gali (1998) for a more detailed discussion of that point.
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asymptotic effect of that shock with one taking imposing a positive response of productivity at
a horizon of ten years after the shock.

A number of papers have provided related evidence based on non-U.S. aggregate data. In
Gali (1999) the framework discussed in the previous section was also applied to the remaining
G7 countries (Canada, the U.K., France, Germany, Italy, and Japan). He uncovers a negative
reponse of employment to a positive technology shock in all countries, with the exception of
Japan. Gali (1999) also point out some differences in those estimates relative to those obtained
for the U.S.: in particular, the (negative) employment response to in Germany , the U.K.
and Italy appears to be larger and more persistent, which could be interpreted as evidence
of “hysteresis” in European labor markets. Very similar qualitative results for the euro area
as a whole can also be found in Gali (2004), which applies the same empirical framework to
the quarterly data set which has become recently available. In particular, technology shocks
are found to account for only 5 percent and 9 percent of the variance of the business cycle
component of euro area employment and output, respectively, with the corresponding correlation
between their technology-driven components being —0.67). Francis and Ramey (2003b) estimate
a structural VAR with long-run identifying restrictions using long-term U.K. annual time series
tracing back to the nineteenth century; they find robust effidence of a negative short-run impact
of technology shocks on labor in every subsample.” Finally, Carlsson (2000) develops a variant of
the empirical frameworks in BFK (1999) and Burnside et al. (1995) to construct a time series for
technological change, and appplies it to a sample of Swedish two-digit manufacturing industries.

Most prominetly, he find that positive shocks to technology have, on impact, a contractionary

9The latter evidence contrasts with their analysis of long term U.S. data, in which the results vary significantly
across samples and appear to depend on the specification used (more below).
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effect on hours and a non-expansionary effect on output, as in BFK (1999).

2.3. Implications

The implications of the evidence presented above for business cycle analysis and modelling
are manifold. Most significantly, those findings reject a key prediction of the standard RBC
paradigm, namely, the positive comovement of output, labor input and productivity in response
to technology shocks. That positive comovement is the single main feature of that model that
accounts for its ability to generate fluctuations that resemble business cycles. Hence, taken
at face value, the evidence presented above rejects in an unambiguous fashion the empirical
relevance of the standard RBC model. It does so in two dimensions. First, it shows that
a key features of the responses to aggregate technology shocks predicted by calibrated RCB
models are not observed in the data. Second, and perhaps more importantly, since one such
feature—namely the positive comovement between ouput and labor input measure—is a defining
characteristic of the business cycle it follows as a corollary that technology shocks cannot be
the quantitatively important (and, even less, a dominant) source of aggregate fluctuations in
industrialized economies. The latter implication is particularly damning for RBC theory, given
its traditional emphasis on aggregate technology variations as a source of business cycles, but

its relevance is independent of one’s views on the true model.

3. Possible Pitfalls in the Estimation of the Effects of Technology Shocks

This section has two main objectives. First, we try address a question that is often raised
regarding the empirical approach used in Gali (1999): to what extent can we be confident in

the economic interpretation given to the identified shocks and, in particular, in the mapping
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between technology shocks and the nonstationary component of labor productivity? Below we
provide some evidence that makes us feel quite comfortable about that interpretation. Second,
we describe and address some of the econometric issues that Christiano, Eichenbaum, and
Vigfusson (2003) have raised in a recent paper, and which focus mostly on the suitability of the
specification of hours (levels or first differences). Finally, we discuss a recent paper by Fisher
(2003) which distinguishes between two types of technology shocks, neutral and investment-

specific.

3.1. Are Long Run Restrictions Useful in Identifiying Technology Shocks?

The approach to identification proposed in Gali (1999) relied on the assumption that only
(permanent) technology shocks can have a permanent effect on (average) labor productivity.
That assumption was argued to hold under relatively weak conditions that would be satisfied by
a broad range of models, including RBC and New Keynesian ones. To review the basic argument

consider an economy whose technology can be described by an aggregate production function'®

}/;g == F(Kt, AtNt) (31)

where Y denotes output, K is the capital stock, NV is labor input and A is an index of technology.
Under the assumption that F is homogeneous of degree 1, we have
Yy

N = A Fic (k) (3.2)

10 An analogous but somewhat more detailed analysis can be found in Francis and Ramey (2003a)
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where k; = % is the ratio of capital to labor (expressed in efficiency units). For a large class
of models characterized by an underlying balanced growth path, the marginal product of capital

Fj, must satisfy, along that path, a condition of the form

(1—7) Fr (k1) = (14 ) (p—i—é—&-g) (3.3)

where 4 is the price markup, 7 is a tax on capital income, p is the time discount rate, ¢ is the
depreciation rate, o is the intertemporal elasticity of substitution, and ~ is the average growth
rate of (per capita) consumption and output. Under the assumption of decreasing returns to
capital, it follows from (3.3) that the capital labor ratio k will be stationary (and will thus
fluctuate around a constant mean) so long as all the previous parameters are constant (or
stationary). In that case, (3.2) implies that only shocks that have a permanent effect on the
technology parameter A can be a source of the unit root in labor productivity, thus providing
the theoretical underpinning for the identification scheme in Gali (1999).

How plausible are the assumptions underlying that identification scheme? Preference or
technology parameters like p, 6, o, and 7 are generally assumed to be constant in most examples
and applications found in the business cycle literature. The price markup p is more likely to vary
over time, typically as a result of some embedded price rigidities; in the latter case, however, it
is likely to remain stationary, fluctuating around its desired or optimal level. In the event that
desired markups (or the preference and technology parameters listed above) displayed some non
stationarity, the latter would arguably be more likely to take the form of some smooth function

of time, which should be reflected in the deterministic component of labor productivity, but not
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in its fluctuations at cyclical frequencies.!! Finally, it is important to notice that the previous
approach to identification of technology shocks requires that (i) F} be decreasing, so that k is
uniquely pinned down by (3.3), and (ii) that the technology process {A;} is exogenous (at least
with respect to the business cycle). The previous assumptions have been commonly adopted by

business cycle modelers.!?

3.1.1. The Unit Root in Labor Productivity: Do Capital Income Tax Shocks Play

a Role?

The previous argument, however, is much less appealing when applied to the capital income
tax rate. As Uhlig (2004) and others have pointed out, the assumption of either a constant
or stationary capital income tax rate may be unwarranted, given the observed behavior of
measures for that variable over the postwar period. This is illustrated graphically in Figure 4,
which displays two alternative measures of the capital income tax rate in the U.S.. Figure 4.A
displays a quarterly series for the average capital income tax rate constructed by Jones (2002)
for the period 1958:1-1997:1V. Figure 4.B shows an annual measure of the average marginal
capital income tax rate constructed by Ellen McGrattan for the period 1958-1992 and which

3 Henceforth we

corresponds to an updated version of the one used in McGrattan (1994).!
denote those series by 77 and 7, respectively. Both series display an apparent non-stationary

behavior, with highly persistent fluctuations. This is confirmed by a battery of ADF tests, which

fail to reject the null hypothesis of a unit root in both series, at conventional significance levels.

11 Of course that was also the traditional view regarding technological change, but one that was challenged by
the RBC school.

12Exceptions include stochastic versions of endogenous growth models, as in King et al. (1988b). In those
models any transitory shock can , in principle, have a permanent effect on the level of capital or disembodied
technology and, as a result, on labor productivity.

13We are grateful to Craig Burnside and Ellen McGrattan for providing the data.
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Furthermore, as evidenced in Figures 4.C and 4.D, which display the same series in first
differences, the presence of sizeable short-run variations in those measures of capital taxes could
hardly be captured by means of some deterministic or smooth function of time (their standard
deviations being 0.79 % for the quarterly Jones series and 2.4 % for the annual McGrattan se-
ries). In fact, in both cases that first-differenced series A7, shows no significant autocorrelation,
suggesting that a random walk process can approximate the pattern of capital income tax rates
pretty well.

The previous evidence, combined with the theoretical analysis above, points to a potential
caveat in the identification approach followed in Gali (1999): the shocks with permanent effects
on productivity estimated therein could be capturing the effects of permanent changes in tax
rates (as opposed to those of genuine technology shocks). That “mislabeling” could potentially
account for the empirical findings reported above.

Francis and Ramey (2003a) attempt to overcome that potential shortcoming of the identi-
fication strategy by augmenting the VAR with a capital tax rate variable, in addition to labor
productivity and hours. As mentioned earlier, the introduction of the tax variable is shown not
to have any significant influence on the findings: positive technology shocks still lead to short
run declines in labor [though it is not clear how technology and tax rate shocks are distinguished
in that paper].

Here we revisit the hypothesis of the “tax rate shock mistaken for a technology shock” by
looking for evidence of some comovement between (i) the “permanent” shock series estimated
above using long run restrictions, and (ii) each of the two capital tax series, in first-differences.
Given the absence of significant autocorrelation in A7/ and A7M ., we interpret each of those

those series as (alternative) proxies for the shocks to the capital income tax. Also, when using
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the McGrattan series, we annualize the “permanent” shock series obtained from the quarterly
VAR by averaging the shocks corresponding to each natural year.

The resulting evidence can be summarized as follows. First, innovations to the capital income
tax rate show a near zero correlation with the permanent shocks from the VAR. More precisely,
our estimates for corr(A7{,el) and corr(ATM el are, respectively, —0.06 and 0.12, neither of
which is significant at conventional levels. Thus, it is highly unlikely that the permanent VAR
shocks may be capturing exogenous shocks to capital taxes.

Secondly, an OLS regression of the Jones tax series A7/ on current and lagged values of
el yields jointly insignificant coefficient estimates: the significance level is 0.54.when four lags
are included, 0.21 when we include eight lags. A similar result obtains when we regress the
McGrattan tax series ATM on current and several lags of !, with the significance level for
the null of zero coefficients being 0.68 when four lags are included (0.34 when we use 8 lags).
Since the sequence of those coeflicients corresponds to the estimated impulse response of capital
taxes to the permanent VAR shock, the previous evidence suggests that the estimated effects
of the permanent VAR shocks are unlikely to be capturing the impact of any possible induced
(i.e. endogenous) response in capital taxes to whatever exogenous shock underlies the estimated
permanent VAR shock.

We conclude from the previous exercises that there is no support for the hypothesis that the
permanent shocks to labor productivity, interpreted in Gali (1999) as technology shocks, could

be instead capturing changes in capital income taxes.'*

14 A similar conclusion is obtained by Fisher (2003), using a related approach in the context of the multiple
technology shock model described below.
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3.1.2. Permanent Shocks to Labor Productivity: Are they Really Capturing Vari-

ations in Technology?

Having all but ruled out variations in capital taxes as a significant factor behind the unit root
in labor productivity, we next present some evidence that favors the interpretation of the VAR
permanent shock as a shock to technology. In addition we also provide some evidence against the
hypothesis that transitory variations in technology may be a significant force behind the shocks
identified as transitory shocks, a hypothesis that cannot be ruled out on purely theoretical
grounds.

Francis and Ramey (2003a) test a weak form of the hypothesis of permanent shocks as
technology shocks, by looking for evidence of Granger-causality from a number of indicators that
are viewed as independent of technology and the identified technology shock. The indicators
include the Romer and Romer (1989) monetary shock dummy, the Hoover and Perez (1994) oil
shock dummies, Ramey and Shapiro’s military buildup dates (1998), and the federal funds rate.
None of them have a significant predictive power for the estimated technology shock.

Here we provide a more direct assessment by making use of the measure of aggregate techno-
logical change obtained by Basu, Fernald and Kimball (1999; BFK, henceforth).!® As discussed
earlier, those authors constructed that series using an approach unrelated to ours. The BFK
variable measures the annual rate of technological change in the U.S. nonfarm private business
sector. The series has an annual frequency and covers the period 1950-1989. Our objective here
is to assess the plausibility of the technology-related interpretation of the VAR shocks obtained

above by examining their correlation with the BFK measure. Given the differences in frequencies

151n particular, we use their ”fully corrected” series.
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we annualize both the ¢

‘permanent” and “transitory” shock series obtained from the quarterly
VAR by averaging the shocks corresponding to each natural year.

The main results can be summarized as follows. First, the correlation between the VAR-
based permanent shock and the BFK measure of technological change is positive and significant
at the 5 percent level, with a point estimate of 0.45. The existence of a positive contemporane-
ous comovement is apparent in Figure 5, which displays the estimated VAR permanent shock
together with the BFK measure (both series have been normalized to have zero mean and unit
variance, for ease of comparison).

Secondly, the correlation between our estimated VAR transitory shock and the BFK series is
slightly negative, but insignificantly different from zero in any case (the point estimate is —0.04).
The bottom graph of Figure 5, which displays both series, illustrates the absence of any obvious
comovement between the two.

Finally, and given that the BFK series is mildly serially correlated, we have also run a simple
OLS regression of the (normalized) BFK variable on its own lag, and the contemporaneous
estimates of the permanent and transitory shocks from the VAR. The estimated equation, with

t statistics in brackets, is given by:

BFK, = 029BFK, 1+ 0.67¢ — 0.32 ¥
(1.85) (2.16) (—=1.11)

which reinforces the findings obtained from the simple contemporaneous correlations.
In summary, the results from the above empirical analysis suggest that the VAR-based per-
manent shocks may indeed be capturing exogenous variations in technology, in a way consistent

with the interpretation made in Gali (1999). In addition, we cannot find evidence supporting
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the view that the VAR transitory shocks-which were shown in Section 2 to be the main source
of business cycle fluctuations in hours and output—may be related to changes in technology.
Before we conclude this section we mention a recent paper by Erceg, Guerrieri and Gust
(2003) that analyzes the reliability of the identification of technology shocks based on the long
run restrictions used in Galf (1999). They so so by means of Monte Carlo simulations based
on two alternative calibrated DSGE models: a standard RBC model and a new Keynesian
model with staggered wage and price setting. Both models satisfy the long run restriction
that makes technology the only source of the unit root productivity. They conclude that the
estimated responses to a technology shock using the Gali (1999) VAR approach look like the
true responses to that shock in both models, at least from a qualitative viewpoint. However they
also point to some non-negligible bias in the estimates which can be largely traced to the fact to
the slow adjustment of the capital stock in response to a permanent change in technology, and
the existence of shocks that may have highly persistent, though ultimately transitory, effects on

productivity and which may get confounded with technology shocks.

3.2. Robustness to Alternative VAR Specifications

In a recent paper, Christiano, Eichenbaum, and Vigfusson (2003; CEV, henceforth ) have ques-
tioned some of the VAR-based findings in Gali (1999) regarding the effects of technology shocks,
on the basis of their lack of robustness to the transformation of labor input used. In particu-
lar, CEV argue that first-differencing the (log) of per capita hours may distort the sign of the
estimated response of that variable to a technology shock, if that variable is truly stationary.
Specifically, their findings based on a bivariate VAR model in which (per capita) hours are

specified in levels (n; = n;) imply that output, hours, and productivity all rise in response to
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a positive technology shock. On the other hand, when they use a difference specification they
obtain results similar to the ones reported above, involving a negative comovement between
output (or productivity) and hours in response to technology shocks. Perhaps most interest-
ingly, CEV discuss the extent to which the findings obtained under the level specification can
be accounted for under the assumption that the difference specification is the correct one, and
viceversa. Given identical priors over the two specifications, that “encompassing” analysis leads
them to conclude that the odds in favor of the level specification relative to the difference spec-
ification are about 2 to 1. CEV obtain similar results when incorporating additional variables
in the VAR.

Our own estimates of the dynamic responses to a technology shock when we specify (per
capita) hours in levels do indeed point to some qualitative differences. In particular, as shown
in Figure Al in the appendix, the point estimate of the impact response of hours worked to a
positive technology is now positive, though very small. Yet, and in contrast with the findings
in CEV, that impact effect and indeed the entire dynamic response of hours is not significantly
different from zero. The sign of the point estimates, however, is sufficient to generate a positive
correlation (0.88) between output and hours conditional on the technology shock (see Figure
B1). Furthermore, as illustrated in Figure B1 and reported in the second row of Table 1, under
the level specification, technology shocks still account for a (relatively) small fraction of the
variance of output and hours at business cycle frequencies (37 and 11 percent, respectively),
though that fraction is larger than the one implied by the difference specification estimates.'6

While we find the encompassing approach adopted by CEV enlightening, their strategy of

16With the exception of their bivariate model under a level specification, CEV also find the contribution of
technology shocks to the variance of output and hours at business cycles to be small (below 20 percent). In their
bivariate, level specification model that contribution is as high as 66 and 33 percent, respectively.
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pairwise comparisons with uniform priors (which mechanically assigns a % prior to the level
specification) may lead to some bias in the conclusions. In particular, a simple look at a plot of
the time series for (log) per capita hours worked in the U.S.over the postwar period, displayed
in Figure 6, is not much suggestive of stationarity, at least in the absence of any further trans-
formation. In particular, and in agreement with the ADF and KPSS tests reported above, the
series seems perfectly consistent with a unit root process, though possibly not a pure random
walk. On the basis of a cursory look at the same plot, and assuming that one wishes to maintain
the assumption of a stationary process for the stochastic component of (log) per capita hours,
a quadratic function of time would appear to be a more plausible characterization of the trend
than just the constant implicit in CEV’s analysis. In fact, an OLS regression of that variable
on a constant, time and time squared yields a highly significant coefficient associated with both
time variables. Furthermore, a test of a unit root on the residual from that regression fails to
reject that hypothesis, while the KPSS does not reject the null of stationarity, at a 5 percent
significance level in both cases.!” Figure 6 displays the fitted quadratic trend and the residual
variables, illustrating graphically that point. When we re-estimate the dynamic responses to
a technology shock using detrended (log) per capita hours we find again a decline in hours in
response to positive technology shock (see Figure A2), and a slighly negative (—0.11) condi-
tional correlation between the business cycle components of output and hours. In addition, the
estimated contribution of technology shocks to the variance of output and hours is very small
(7 and 5 percent, essentially the same as under difference specification; see Table 1).

In order to further assess the robustness of the above results we have also conducted the same

17Given the previous observations one wonders how an identical prior for both specifications could be assumed,
as CEV do when computing the odds ratio.
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analysis using a specification of the VAR using an alternative measure of labor input, namely,
(log) total hours, without a normalization by working age population. As it should be clear from
the discussion in section 3.1, the identification strategy proposed in Gali (1999) and implemented
here should be valid independently of the measure of labor input used, since labor productivity
in invariant to that normalization.!® The bottom three rows in Table 1 as well as Figures A3-A5
and B3-Bb5 report the results corresponding to three alternative transformations of that variable
analyzed (first differences, levels, detrended). In the three cases a positive technology shock
is estimated to have a strong and statistically significant negative impact on hours worked, at
least in the short run. Interestingly, under the level and detrended transformations that negative
response of hours is sufficiently strong to pull down output in the short-run, despite the increase
in productivity. Note however that the estimated decline in output is not significant in either
case.!? Furthermore, the estimated contribution of technology shocks to the variance of the
business cycle component of output and hours is small in all cases, with the largest share being
36 percent of the variance of hours, obtained under the level and detrended specifications.

As a final check on the robustness of our findings, we have re-estimated all the model speci-
fications discussed above using employment as labor input measure (instead of hours), and real
GDP as an output measure. A summary of our results for the six specifications considered
using employment and GDP can be found in Table 2. The results under this specification are
much more uniform: independently of the transformation of employment used, our estimates
point to a decline in employment in the short run, as well as a very limited contribution of tech-

nology shocks to the variance of GDP and employment. We should stress that those findings

181n fact, total hours was the series used originally in Gali (1999).
19The finding of a slight short run decline in output was obtained in BFK (1999).
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obtain even when we specify employment rate in levels, even though the short run decline in
employment is not statistically significant in that case.

In summary, the previous robustness exercise based on postwar U.S. data has shown that for
all but one of the transformations of hours used the basic finding in Gali (1999), namely, that of
a decline in labor input in response to a positive technology shock. The exception corresponds to
the level specification of per capita hours, but even in that case the estimated positive response
of hours does not appear to be significant. In most cases the contribution of technology shocks
to the variance of the cyclical component of output and hours is very small, and always below 40
percent. Finally, and possibly with the exception mentioned above, the pattern of comovement
of output and hours at business cycle frequencies resulting from technology shocks, fails to
resemble the one associated with postwar U.S. business cycles.

Additional evidence on the implications of alternative transformations of hours using annual
time series spanning more than a century is provided by Francis and Ramey (2003b). Their
findings based on US data point to considerable sensitivity of the estimates across subsample
periods and the choice of transformation for hours. They assess the validity of the diffferent
specifications they look at their implications for the persistence of the productivity response
to a non-technology shock, the plausibility of the patterns of estimated technology shocks, as
well as the predictability of the latter (the Hall-Evans test). On the basis of that analysis they
conclude that first-differenced and, to a lesser extent, quadratically detrended hours yields are
the most plausible specification. Francis and Ramey show that in their data those two preferred
specifications generate a short run negative comovement beteen hours and output in response
to a shock that has a permanent effect on technology in the postwar period. In the pre-WWII

period, however, the difference specification yields an increase in hours in response to a shock

25



that raises productivity permanently. On the other hand, when they repeat the exercise using
UK data (and a difference specification) they find a clear negative comovement of employment
and output both in the pre-WWII and postwar sample periods.

In light of those results and the findings in the literature discussed above, we conclude there
is no clear evidence favoring a conventional RBC interpretation of economic fluctuations as
being largely driven by technology shocks, at least when the latter take the form assumed in the
standard one-sector RBC model. Next we consider how the previous assesment is affected once

we allow for technology shocks that are sector specific.

3.3. Investment-Specific Technology Shocks

In a series of papers, Greenwood, Hercowitz, and Huffman (1998), and Greenwood, Hercowitz,
and Krusell (1997, 2000; henceforth, GHK) put forward and analyzed a version of an RBC
model in which the main source of technological change is specific to the investment sector. In
the proposed framework, and in contrast with the standard RBC model, a technology shock
does not have any immediate impact on the production function. Instead, it affects the rate of
transformation between current consumption and productive capital in the future. Thus, any
effects on current output must be the result of the ability of that effect in eliciting a change in the
quantity of input services hired by firms. GHK (1997, 2000) motivate the interest in studying
the potential role of investment-specific technology shocks by pointing to the large variations in
measures of the relative price of new equipment constructed by Gordon (1990), both over the
long-run as well as at business cycle frequencies. In particular, GHK (2000) analyze a calibrated
model in which investment-specific technology shocks and conclude that the latter can account

for about 30 percent of US output fluctuations, a relatively modest figure compared to the claim
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of the earlier RBC literature regarding the contribution of aggregate, sector-neutral technology
shocks in calibrated versions of one-sector RBC models.

In a recent paper, Fisher (2003) revisits the evidence on the effects of technology shocks
and their role in the US business cycle, using an empirical framework that allows for separately
identified sector-neutral and investment-specific technology shocks (which, following Fisher, we
refer to respectively as N-shocks and I-shocks, for short). In a way consistent with Gali (1999)
both types of technology shocks are allowed to have a permanent effect on labor productivity (in
contrast with non-technology shocks). Yet, and in a way consistent with the GHK framework,
only investment-specific technology shocks are allowed to affect permanently the relative price
of capital goods. Using times series for labor productivity, per capita hours, and the price of
equipment (as a ratio to the consumption goods deflator) and an approach equivalent to the
structural VAR methodology mentioned above, Fisher estimates impulse responses to the two
types of shocks, and their relative contribution to business cycle fluctuations. We have conducted
a similar exercise on our own, and summarized some the findings in Table 3.2° For each type
of technology shock and specification the table reports its contribution to the variance of the
business cycle component of output and hours, as well as the implied conditional correlation
between those two variables.

The top panel in Table 3 corresponds to three specifications using per capita hours worked,
the labor input variable to which Fisher (2003) restricts his analysis. Not surprisingly our
results essentially replicate some of his findings. In particular, we see that under the three
transformations of considered, N-shocks are estimated to have a negligible contribution to the

variance of output and hours at business cycle frequencies, and to generate a very low correlation

20We thank Jonas Fisher for kindly providing the data on real investment price.
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between those two variables.

The results for I-shocks are different in at least two respects. Firstly, and as stressed in Fisher
(2003), I-shocks generate a high positive correlation between output and hours. The last column
of Table 3 tells us that such a result holds for all labor input measures and transformations
considered. As argued in the introduction, that property must be satisfied by any shock that
plays a central role as a source of business cycles. Of course, this is a necessary, not a sufficient
condition. Whether the contribution of I-shocks to business cycle fluctuations is large or not
depends once again on the transformation of labor input used. Table 3 shows that when that
variable is specified in levels, it accounts for more than half of the variance of output and hours
at business cycle frequencies, a result that appears to be independent of the specific labor input
measure used. On the other hand, when hours or employment are specified in first diferences or
are quadratically detrended the contribution becomes much smaller, and always remains below
one-fourth.

What do we conclude from the previous exercise? First of all, the evidence does not speak
with a single voice: whether a technology shocks are given a prominent role or not as source of
business cycles depends on the transformation of the labor input measure used in the analysis.
Perhaps more interestingly, the analysis of the previous empirical model makes it clear that if
some form of technological change plays a significant role as a source of economic fluctuations, it
is not likely to be of the aggregate, sector-neutral kind that the early RBC literature emphasized,
but of the investment-specific kind stressed in GHK (2000). Finally, and leaving aside the
controversial question of the importance of technology shocks, the previous findings, as well as
those in Fisher (2003), raise a most interesting issue: why do I-shocks appear to generate the

sort of strong positive comovement between output and labour input measures that characterizes
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business cycles, while that property is conspicuously absent when we consider N-shocks? Below

we attempt to provide a partial explanation for this seeming paradox.

4. Technology Shocks, Nominal Rigidities and The Role of Monetary

Policy

One possible interpretation of the “anomalous” response of employment to technology shocks,
put forward both in Gali (1999) and BFK (1999), relies on the presence of nominal rigidities.
As a matter of principle, nominal rigidities should not, in themselves, necessarily be a source
of the observed employment response. Nevertheless, and as emphasized in GLV, when prices
are not fully flexible, the equilibrium response of employment (or, for that matter, of any other
endogenous variable) to any real shock (including a technology shock) is not invariant to the
monetary policy rule in place; in particular, it will be shaped by how the monetary authority
reacts to the shock under consideration. Different monetary policy rules will thus imply different
equilibrium responses of output and employment to a technology shock, ceteris paribus.

Gali (1999) provided some intuition behind that result by focusing on the simple case of an
economy with an interest-inelastic money demand (so that the relationship y; = m; — p; holds
in equilibrium), price-setting in advance (implying predetermined price level), and a simple
money-supply based monetary policy. In that context, it is clear that unless the central bank
endogenously expands the money supply (at least) in proportion to the increase in productivity,
employment will experience a short-run decline. Gali (2003) shows that the previous finding
generalizes (for a broad range of parameter values) to an economy with staggered-price setting,

and a more realistic interest elasticity of money demand, but still an exogenous money supply.
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In that case, even though all firms will experience a decline in their marginal cost only a fraction
of them will adjust their prices downwards in the short run. Accordingly, the aggregate price
level will decline, and real balances and aggregate demand will rise. Yet, when the fraction of
firms adjusting prices is sufficiently small, the implied increase in aggregate demand will be less
than proportional to the increase in productivity. That, in turn, induces a decline in aggregate
employment.

Many economists have criticized the previous argument on the grounds that it relied on a
specific and unrealistic assumption regarding how monetary policy is conducted, namely, that of
a money-based rule (Dotsey (2002), McGrattan (1999)). In the next subsection we address that
criticism by analyzing the effects of technology shocks in the context of a simple illustrative model
with a more plausible staggered price-setting structure, and a monetary policy characterized by
an interest rate rule similar to the one proposed by Taylor (1993). The model is simple enough
to generate closed-form expressions for the responses of output and employment to variations
in technology, thus allowing us to illustrate the main factors shaping that response and thus

generating a negative comovement between the two variables.

4.1. A Simple Illustrative Model

The model we use to illustrate the role of nominal rigidities and monetary policy in shaping the
effects of technology shocks is a standard New Keynesian framework with staggered price setting
a la Calvo (1983). Its equilibrium dynamics can be summarized as follows. On the demand side

output is determined by a forward-looking IS-type equation:

Yt = E{yei1}t — o (re — BEe{meia}) (4.1)
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where y; denotes (log) output, r; is the nominal interest rate, and 7 = p; — p;—1 denotes the
rate of inflation between ¢ — 1 and t. Parameter o can be broadly interpreted a measure of the
sensitivity of aggregate demand to changes in interest rates and, thus, of the “effectiveness” of
monetary policy.

Inflation evolves according to a forward-looking new Keynesian Phillips curve

me =B E{mi} + 5 (Y — Yy (4.2)

where 7, is the natural level of output (or potential output, for short), defined as the one
that would prevail in the absence of nominal frictions. Equivalently, 7, can be interpreted
as the equilibrium output generated by some background real business cycle model driven by
technology. The previous equation can be derived from the aggregation of optimal price-setting
decisions by firms subject to price adjustment constraints a la Calvo. In that context, coefficient
k is inversely related to the degree of price stickiness: stronger nominal rigidities imply a smaller
response of inflation to any given sequence of output gaps.?!

For simplicity we assume that exogenous random variations in productivity are the only
source of fluctuations in the economy and, hence, the determinants of potential output. Accord-

ingly, we postulate the following reduced form expression for potential output:22

Uy =y, ar (4.3)

21See Gali, Gertler, and Lépez-Salido (xxxx) or Sbordone (xxxx) for a derivation that allows for decreasing
returns to labor.

228uch a reduced form relationship would naturally arise as an equilibrium condition of a simple RBC model
with productivity as the only state variable.
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where a; represents an exogenous technology parameter. The latter is assumed to follows an
AR(1) process a; = p, at—1 + &, where p, € [0,1]. Notice that under the assumption of an
aggregate production function of the form y; = a; + (1 — a) nt, we can derive the following

expression for the natural level of employment 7,

3
I
<

3

ag

where En = Zl“_%yl Since we want to think of the previous conditions as a reduced-form repre-
sentation of the equilibrium of a standard calibrated RBC model (without having to specify its
details), it is natural to assume Ey > 1 (and, hence, En > 0). In that case, a positive technology
shock generates an increase in both output and employment, as generally implied by the RBC
models under conventional calibrations. Notice that it is precisely that property which makes it
possible for any technology-driven RBC model to generate equilibrium fluctuations which repli-
cate some key features of observed business cycles, including a positive comovement of output
and employment.?3

Finally, and given (4.1) and (4.3), we can determine the natural real interest rate as being

given by

T = o 'E{AY,q}

= _0_1(1 - pa)Ey ay = w'rr ag

23The absence of another state variable (say, capital stock or other disturbances) implies a perfect correlation
between the natural levels of output and employment, in contrast with existing RBC models in the literature
where that correlation is positive and very high, but not one.
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The latter expression gives the only pattern for the real interest rate which can support
potential output, and which is uniquely pinned down by the RBC model. Thus, in the absence
of nominal frictions, prices will adjust in response to shocks so that, given the specification of
monetary policy, the real interest rate matches its natural counterpart at all times (since this
is the only real rate that guarantees a level of demand that exactly matches the level output,
which is determined by supply factors).

In the presence of the sort of nominal rigidities assumed here, however, there is no reason
why the equality between the real interest rate and its natural counterpart should hold, for equi-
librium output (and in general other endogenous real variables) is not determined independently
of the response of nominal interest rates and inflation. Under our assumptions, the central bank
could implement the frictionless equilibrium by following a rule that implies that the nominal
rate behaves in equilibrium according to r, = 77, while the price level is fully stabilized.

But, as illustrated below, to the extent that the monetary policy rule adopted in practice
implies a different behavior for the nominal interest rate, the response of output and employment
to technology shocks (as well as other real shocks) will differ from that implied by the RBC
model.

In that context, a natural question that arises is the extent to which the comovement of
output and employment in response to technology shocks found in the evidence described above
may have been the result of the way monetary policy has been conducted in the U.S. and other
industrialized economies. In order to illustrate that point, we embed in the context of the
simple model above, by deriving the implications for the effects of technology shocks of having

the central bank follow an interest rate rule of the form
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Tt = Qn T+ Py Yt (4.4)

A rule similar to (4.4) has been proposed by Taylor (1993) and others as a good charac-
terization of monetary policy in the U.S. and other industrialized economies in recent decades.
Notice that, as in Taylor, we assume that the monetary authority responds to output (or its
deviations from trend), and not to the output gap. We view this as a more realistic description
of actual policies (which emphasize output stabilization), and consistent with the fact that the
concept of potential output used here, while necessary to construct any measure of the output
gap, cannot be observed by the policymaker.?*

Combining (4.4) with equilibrium conditions (4.1) and (4.2), we can derive the following

closed-form expression for equilibrium output:

vy = © Ey at
= djy at
where
o= K‘(¢7r B pa)

(1 - /Bpa)[a-il(l - pa) + ¢y] + Ii(gbﬂ - pa)

Notice that under the (weak) assumption that ¢, > p,, we have 0 < © < 1. The fact that

© > 0 guarantees that a positive (negative) technology shock raises (lowers) output, as in the

24 Throughout we assume that the condition x(é, — 1) + (1 — B)¢, > 0 is satisfied. As shown by Bullar and
Mitra () that condition is necessary to guarantee a unique equilibrium.
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standard RBC model. On the other hand, ® < 1 implies that

Y, <9,

L.e., in the presence of nominal frictions the size of response of output to a technology shock, ¢,
is bounded above by that implied by the corresponding RBC model (Ey) when the central bank
follows rule (4.4). Hence, the combination of sticky prices and a Taylor rule will tend to over-
stabilize the output fluctuation resulting from technology shocks. We can interpret parameter
© as an index of effective policy accommodation, i.e. one that measures the extent to which
Taylor rule (4.4) accommodates the changes in potential output resulting from variations in
technology shocks, given the persistence of the latter and the rest of parameters describing the
economy. Notice that the index of effective policy accommodation O is increasing in the size of
the inflation coefficient in the Taylor rule (¢, ), and in the effectivenes of interest changes (as
reflected by o). It is also positively related to « (and, hence, inversely related to the degree of
price stickiness). On the other hand, it is inversely related to the size of the output coefficient
in the Taylor rule (¢,). Notice that full accommodation (and, hence, replication of the efficient
response), can only be attained in the limiting cases of (i) price flexibility (k — 00), (ii) extreme
policy response to deviations of inflation from target (¢, — o), and (c) random-walk technology

(po = 1) combined with strict inflation targeting (¢, = 0).%

25In order to obtain some intuition for the degree of policy accommodation in response to the technology shock,
it is useful to analyze the equilibrium response of the (ex-ante) real rate rry = ry — Ey{m¢41}, which is given by:

rry = —0© Ey 0(1 - pa) a; =© Err at = wrr at

ET‘T :
a central bank following a simple Taylor rule will tend to adjust real interest rates in the right direction, but less
than it would be necessary to replicate the frictionless equilibrium generated by the RBC model. As a result,
in response to a positive technology shock, aggregate demand will increase by less than it would be required in

Notice that while ,.,. and %,., are both negative, we have [1,..| < Thus, in the model considered here,

35



Let us now turn to the equilibrium response of employment to a technology shock, which is

()
nyg = S E— Q¢
l-a

wn at

given by:

Notice that, in a way analogous to the output case, we have 9, < En. In other words, the
size of the employment response to a (positive) technology shock in the presence of nominal
frictions is bounded above by the size of the response generated by the underlying frictionless
RBC model. Furthermore, it is clear that the impact of a technology shock on employment
may be positive or negative, depending on the configuration of parameter values. In particular,
employment will decrease in response to a positive technology shock if the following condition
is satisfied:

0y, <1 (4.5)

i.e., if the elasticity of potential output with respect to technology or/and the degree of policy
accommodation of changes in potential ouput are sufficiently low. In that case technology shocks
would generate a negative comovement between output and employment, in a way consistent
(at least qualitatively) with the empirical evidence described in section 2. What features of the

economy will tend to facilitate the emergence of that outcome? From the analysis above we

order to absorb the full increase in potential output. Conversely, in the face of a negative technology shock, the
real rate rises too little relative to the frictionless case, keeping output above potential and triggering an increase
in inflation in spite of the decline in output. For completeness, the reponse of inflation is given by

atE'L/J at
liﬁpa i

(-7
= ——— (Yt —Yp) = —
1—Bp, K
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know that a low accommodation requires the presence of some of the following features:
e strong nominal rigidities (low k)
e a weak monetary policy response to inflation (¢, above but close to unity).

e strong concern for output stability (high ¢, )

low sensitivity of aggregate demand to interest rate changes (low o)

On the other hand, a low elasticity of potential ouput with respect to technology variations
(low Ey) will be influenced by a variety of features associated with the underlying RBC model.
Those have been studied in detail in the literature and include, among others but prominently,
the persistence of the shock, the elasticity of intertemporal substitution, and the (Frisch) labor
supply elasticity. Using a standard calibrated RBC model, Campbell (1994) obtains a range of
values for Ey between 1 and 2.7, depending on the persistence of the shock and the elasticity
of labor supply; in particular, given a unit labor supply elasticity and a 0.95 autocorrelation in
the technology process, he obtains an elasticity Ey of 1.45 , which we adopt as our benchmark
value. 20

What is a reasonable value for the degree of accommodation ©7 We can get a sense by
looking at conventional values used in calibration exercises involving similar models and based
on features of the U.S. economy. Thus, Rotemberg and Woodford’s (1999) estimates based on

the response to monetary policy shocks, imply a value of 0.024 for k. A unit value is often used

as an upper bound for 0. Taylor’s widely used values for ¢, and ¢, are 1.5 and 0.5, respectively.

26Tmpact elasticity (Ignores subsequent adjustment of capital, which is very small). Obtained from Table 3 in
Campbell (1994), with an appropriate adjustment to correct for his (labor-augmenting) specification of techology
in the production function (need to divide by 2/3).
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In standard RBC calibrations the assumption p, = 0.95 is often made. Finally we can set
8 =0.99 and a = %, two values that are not much controversial. Under those assumptions, we
obtain a value for © of 0.28. The latter figure points to a relatively low degree of effective policy
accommodation. In combination with our benchmark value for Ey it clearly satisfies condition
(4.5), with an elasticity of employment v, of —0.87 .

The previous calibration exercise, while admittedly quick and loose, illustrates that far from
being a condition with no possible practical relevance, (4.5) is likely to hold under a broad range
of reasonable calibrations. Under those circumstances, and subject to the caveat implied by the
simplicity of the model and the characterization of monetary policy, it is hard to interpret the
negative comovement between output and employment observed in the data as a puzzle, as it
has often been done.

In his seminal paper, Prescott (1986) concluded his description of the predictions of the RBC
paradigm by stating: “In other words [RBC] theory predicts what is observed. Indeed, if the
economy did not display the business cycle phenomena, there would be a puzzle.” In light of
the analysis above, perhaps we should think of turning Prescott’s dictum over its head, and
argue instead that if as a result of technology variations the economy did indeed display the
typical positive comovement between output and employment that characterizes the business

cycle, then there would be a puzzle!

4.1.1. Nominal Rigidities and the Effects of Investment-Specific Technology Shocks

Interestingly, the logic behind the impact of nominal rigidities on the effects of conventional
aggregate, sector neutral technology shocks on which the previous discussion focuses, would also

seem consistent with the estimated effects of investment-specific technology shocks, as reported
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in Fisher (2003) and in section.x.x above. The argument can be made most clearly in the
context of a sticky price version of a model like that in GHK (2000) model. Once again, let us
for simplicity that the relationship y; = m; — p; holds in equilibrium, and that both m; and
p; are pre-determined relative to the shock. In that case firms will want to produce the same
quantity of the good but, in contrast with the case of neutral technology shocks, in order to do
so they will need to employ the same level of inputs since the efficiency of the latter has not
been affected (only newly purchased capital goods will enhance that productivity in the future).
That property of I-shocks is illustrated in in Smets and Wouters (2003a) in the context of a
much richer DSGE model . In particular, those authors show that even in the presence of the
substantial price and wage rigidities estimated for the U.S. economy a positive I-shock causes
output and labor input to increase simultaneously, in a way consistent with the Fisher (2003)
VAR evidence. In fact, as shown in Smets and Wouters (2003a) the qualitative pattern of the
joint response of output and hours to an I-shock is not affected much when they simulate the

model with all nominal rigidities turned off.

4.2. Evidence on the Role of Nominal Rigidities

A number of recent papers have provided evidence, often indirect, on the possible role of nominal
rigidities as a source of the gap between the estimated responses of output and labor input
measures to a technology shock and the corresponding predictions of an RBC model. We briefly
describe a sample of those papers next.

Models with nominal rigidities imply that the response of the economy to a technology shock
(or to any other shock, for that matter) will generally depend on the endogenous response of

the monetary authority, and should thus not be invariant to the monetary policy regime in
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place. Gali, Lopez-Salido, and Vallés (2003; henceforth, GLV) exploit that implication, and try
to uncover any differences in the estimated response to an identified technology shock across
subsample periods. Building on the literature that points to significant differences in the conduct
of monetary olicy between the pre-Volcker and the Volcker-Greenspan periods, they estimate
a four-variable structural VAR with a long run restriction as in Gali (1999) for each of those
subsample periods. Their evidence points to significant differences in the estimated reponses to
a technology shock. In particular, they show that the decline in hours in response to a positive
technology shock in much more pronounced in the pre-Volcker period, being hardly significant
in the Volcker-Greenspan. That evidence is consistent with the idea that monetary policy in
the latter period has focused more on the stabilization of inflation, an not so much on the
stabilization of economic activity. In terms of the simple model developed above, that would
be associated with a higher index of effective monetary policy accommodation O, and hence a
smaller decline in labor in the face of a technology shock.

The analysis in GLV (2003) is extended by Francis, Owyang, and Theodorou (2004) to
other G7 countries. They uncover substantial differences across countries in the joint response
of employment, prices and interest rates to technology shocks, and argue that some of those
differences can be grounded in differences in the underlying interest rate rules.

Marchetti and Nucci (2004) use a detailed data set containing information on output, inputs
and price-setting practices for a large panel of Italian manufacturing firms. Using a modified
Solow residual approach they contruct a time series for total factor productivity at the firm level,
and estimate the responses of a number of firm variables to an innovation in the corresponding
technology measure. Among other findings, they provivide evidence of a negative impact effect

of a technology shock on labor input. Most interestingly, however, Marchetti and Nucci also
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exploit firm-specific information regarding the frequency of price adjustments. They split the
sample of firms according to the frequency of their price revisions: “flexible” price firms (adjust
prices every three months or more often) and “sticky” price firms (adjusting every six months or
less often). They find that the negative response of employment to a positive technology shock
is larger (and significant) in the case of “sticky” price firms, and much weaker (and statistically
insignificant) for “flexible” price firms. That evidence suggests that nominal rigidities may be
one of the factors underlying the estimated effects of technology shocks.

[A more negative assessment on the role of nominal rigitities is found in Chang and Hong
(2003). four-digit U.S. manufacturing industries. Weak evidence of contractionary effects and

correlation with measures of price stickiness]

5. Real Explanations for the Negative Comovement between Hours and

Output in Response to Technology Shocks

Several authors have proposed explanations for the evidence described in Section 2 that do
not rely on the presence of nominal rigidities. Such “real” explanations generally involve some
modification of the standard RBC model. Next we briefly describe some of those explanations.

Francis and Ramey (2003a) propose two modifications of an otherwise standard RBC model
that can potentially account for the negative comovement of output and hours in response to
a technology shock. The first model incorporates habit formation in consumption and capital
adjustment costs. As shown in Francis and Ramey a calibrated version of that model can
account for many of the estimated effects of technology shocks. In particular, the response to a

permanent improvement in technology of consumption, investment and output is more sluggish
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than in the standard model with no habits or capital adjustment costs. If that dampening effect
is sufficiently strong, the increase in output may be smaller than the increase in productivity
itself, thus causing a reduction in hours. The latter decline is consistent with the optimal
decision of households to consume more leisure (despite the higher wage) as a consequence of
a dominant income effect.?” A similar mechanism underlies the modification of the basic RBC
model proposed by Wen (2001), who assumes a utility function with a subsistence level of
consumption (equivalent to a constant habit).

The second modification of the RBC model proposed by Francis and Ramey (2003a) hinges on
the assumption of no substitutability between labor and capital in production. In that context
the only way to increase output in the short run is by increasing the workweek of capital.
Furthermore, hours beyond the standard workweek generate additional disutility. In such a
model a permanent increase in labor-augmenting technology is shown to generate a short run
decline in hours. The intuition is simple, and in the final analysis not much different from other
modifications proposed. While output increases inthe short run (due to increased investment
opportunities), that increase is not sufficient to compensate for the fact that any quantity of
output can now be produced with less employment (per shift) and a shorter workweek.

Rotemberg (2004) develops a version of the RBC model in which technological change diffuses
much more slowly than implied by conventional specifications found in the RBC literature. The
rate at which technology is adopted is calibrated on the basis of the micro studies on speed of
diffusion. Rotemberg shows that when the smooth technology process is embedded in the RBC

model it generates small short run fluctuations in output and employment, which are largely

27See Lettau and Uhlig (2000) for a detailed analysis of the properties of an RBC model with habit formation.
As pointed out by Francis and Ramey, Lettau and Uhlig seem to dismiss the assumption of habits on the grounds
that it yields “counterfactual cyclical behavior.”
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unrelated to the cyclical variations associated with detrended measured of employment and
output. In particular, a positive innovation to technology that diffuses very slowly generates a
very large wealth effect (relative to the size of the innovation) which in turn leads households the
increase their consumption of leisure. As a result, both hours and output experience a short run
decline in response to a technology shock of a typical size, before they gradually increase above
their initial levels. Because those reponses are so smooth, they imply very small movements at
cyclical frequencies. It follows that technology shocks with suchcharacteristics will only account
for a small fraction of observed cyclical fluctuations in output and hours.

Collard and Dellas (2002) emphasize an additional mechanism specific to the open economy
through which technology shocks may induce short run negative comovements betwen output
and labor input even in the absence of nominal rigidities. They analyze an two-country RBC
model with imperfect substitutability between domestic and foreign consumption goods. If that
substitutability is sufficiently low, a positive technology shock in the home country triggers a
large deterioriation in its terms of trade (the price of domestic goods relative to foreign goods).
That change in relative prices may induce households to increase their consumption of leisure
at any given product wage, thus contracting labor supply and lowering hours. The quantitative
analysis of a calibrated version of their model suggests that while technology shocks may be a
non-negligible source of output fluctuations its role is likely to be very small as a driving force
behind hours fluctuations.

The papers discussed in this section provide examples of model economies which can account
for the evidence regarding the effects of technology shocks without relying on any nominal
frictions. On the basis of that evidence it is not possible to sort out the relative role played by

“nominal” and “real” frictions in accounting for the evidence. The reason is simple: there is

43



no clear mapping between the estimated coefficients in a VARs and the underlying structural
parameters which determine the degree of those frictions. As a result the estimated VARs cannot
serve as the basis of the sort of counterfactual simulations that would allow us to uncover the
implied effects of technology shocks if each of the possible frictions was not present. Such
counterfactual exercises require the use of an estimated structural model. In the next section

we turn our attention to one such model.

6. Technology Shocks and the Business Cycle in an Estimated DSGE

Model

In section 4 we have developed a highly stylized sticky-price model and determined the condi-
tions under which a technology shock could have short run effects consistent with the evidence
described in section 2. Furthermore, using a plausible parameter calibration we have concluded
that not only those effects were possible, but also quite likely given a realistic description of the
monetary policy regime. In section 5 we have discussed alternative explanations for the same
evidence, which did not rely on the existence of any nominal frictions, like the presence of habit
formation in consumption.

In the present section we try to sort out the merits of the two types of explanations by
estimating and analyzing a framework that incorporates both types of frictions, and which
is sufficiently rich to be taken to the data. The features that we incorporate include habit
formation in consumption, staggered price and wage-setting a la Calvo, flexible indexation of
wages and prices to lagged inflation, and a monetary policy rule of the Taylor type with interest

rate smoothing.
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Several examples of estimated general equilibrium models can be found in the literature.?8

Our framework is most closely related to the one used in Rabanal (2003), with two main dif-
ferences. First, we allow for a unit root in the technology process in a way consistent with the
assumptions underlying the identification strategy pursued in section 2. Second, we ignore the
cost channel mechanism allowed for in Rabanal (2003), in light of the evidence in that paper
suggesting an insignificant role for that mechanism.

We estimate the parameters of the model using Bayesian methods, and focus our analysis
on the implications of the estimated model regarding the effects of technology shocks and the
contribution of the latter to the business cycle. The use of a structural estimated model allows
us to determine, by means of counterfactual simulations, the role played by different factors
in accounting for the estimated effects of technology shocks. Last but not least, the estimated
model gives us an indication of the nature of the shocks that have played a dominant role as a
source of postwar business cycles.

The use of Bayesian methods to estimate DSGE models has increased over the recent years,
in a variety of contexts.?? Ferndndez-Villaverde and Rubio-Ramirez (2004) show that parameter
estimation is consistent in the Bayesian framework even under model misspecification. Smets
and Wouters (2003a, 2003b) estimate a model with capital accumulation, and both nominal and
real rigidities for the euro area and the U.S.. Lubik and Schorfheide (2003) use the Bayesian
framework to estimate a small scale open economy model. Rabanal (2003) estimates a general

equilibrium model for the United States and the euro area in search for cost channel effects of

28 Prominent examples include Smets and Wouters (2003a, 2003b), Altig et al. (2003), and Ireland (2003).

29However, the existing literature on estimating general equiilibrium models using Bayesian methods assumes
that all shocks are stationary, even when highly correlated. A novelty of this paper is that we introduce a
permanent technology shock. Ireland (2004) estimates a general equilibrium model with permanent technology
shocks, using maximum likelihood.
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monetary policy.3’
Next we summarize the set of equilibrium conditions of the model.?! The demand side of

the model is represented by the Euler-like equation

b Ayr = E{Ayrr} — (1= 0) (re = Ee{mea}) + (1= pg)(1 = b) g (6.1)

which modifies equation (4.1) above by allowing for some external habit formation (indexed
by parameter b), an introducing a preference shock {g;}, that follows an AR(1) process with
coefficient p . Underlying (6.1) there is an assumption that preferences are separable between
consumption and hours, and logarithmic in the quasidifference of consumption in order to pre-
serve the balanced growth path property.??> Aggregate output and hours are related by the
simple production function

Yt = ar + ny

Equivalently, and using a tilde to denote variables normalized by current productivity (in
order to induce stationarity), we have

gt = Ny (62)

Log-linearization of the optimal price-setting condition around the zero inflation steady state

yields an equation describing the dynamics of inflation as a function of the deviations of the

30 A somewhat different estimation strategy is the one followed by Christiano, Eichenbaum and Evans (2003),
Altig et al. (2003) and Bovin and Giannoni (2003), who estimate general equilibrium models by matching model’s
implied impulse-response functions to the estimated ones.

31Details may be provided in an appendix in the future.

329pecifically, the underlying objective function for household j is
. Jy14+e
Eo Y32, BtG log(C{ —bC—1) — %)—] where the preference shock evolves, expressed in logs, as:

"t Tte
gt =(1—pg)G+py gt—1 +ef.
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average (log) markup from its steady state level, which we denote by .

e =y M1+ Eedmen} — mp (uf — u) (6.3)
1-£36,)(1—0 . - o .
where 7y, = IJIT?UP’ V= 1+%n,,’ Kp = ( Of(lzﬁfzpﬁ)p)’ 0, is the probability of not adjusting prices

in any given period, and 7, € [0, 1] is the degree of price indexation to lagged inflation. Notice

that u? = —log (P‘ffflt) = —u; is the price markup, where w; = w; — a; is the real wage per
efficiency unit. We use u; denote an exogenous shock to the desired price markup.
Log-linearization the optimal wage-setting condition yields the following equation for the

dynamics of the (normalized) real wage:

O = ﬁ Deq + % Ef{&i} — 1 iﬁAat + 7 fﬁEt{AatJrl} + ﬁ_—wﬁmq (6.4)
(14 6n,,) B Huw

115 7Tt+1+ﬁEt{7Tt+1}*m (g’ —ve)

where 6, denotes the fraction of workers that do not re-optimize their wage, n,, € [0,1] is the

(179w)(17ﬁ9w)

degree of wage indexation to lagged inflation, and where x,, = P (iteng)

, where €, is the
wage elasticity of labor demand in the steady state. Also notice that pf = & — (759 —
ﬁﬂtq —gt+ ﬁAat + ¢ny) is the wage markup. We use v; denote an exogenous shock to the
desired wage markup.

Finally, to close the model, we assume that the monetary policy rule reacts to inflation and

to output growth with interest rate smoothing:
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Tt = ¢r Te—1 + (1 - ¢7‘)¢7T T+ (1 - ¢7’)¢y Ayt + 2t (65)

where z; is an exogenous monetary shock.

Following Erceg and Levin (2003), we assume that the Federal Reserve reacts to output
growth rather than the output gap. An advantage of following such a rule, as Orphanides and
Williams (2002) stress, is that mismeasurement of the level of potential output does not affect
the conduct of monetary policy (as opposed to using some measure of detrended output to
estimate the output gap).

The exogenous driving variables are assumed to evolve as follows:

ag = ap_1+ef
— g
gt = Pggt-1tE;
— u
U = Py, Ut—1 + &
— v
v = P, U1+
2 = €

Notice that while we do not observe w; and ¥, the two variables are related as follows:

Wy — Yt =Wy — Yt

and w; — y; is an observable variable, which should be stationary in equilibrium. In the next

section, we explain how to write the likelihood function in terms of the five observable variables:
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output growth, inflation, the nominal interest rate, hours, and the real wage-output ratio.

6.1. Parameter Estimation
6.1.1. The Data

We estimate the model laid out in the previous section using U.S. quarterly time series for five
variables: real output, inflation, real wages, hours and interest rates. The sample period is
1948:01 to 2002:04. For consistence with the analysis in section 2, we use the same series for
output and hours. Our measure of nominal wages is the compensation per hour in the nonfarm
business sector (LXNFC), and the measure for the price level is the nonfarm business sector
deflator (LXNFI). Finally, we use the quarterly average daily readings of the 3-month T-bill
(FTB3) as the relevant nominal interest rate. In order to render them stationary we detrend
hours and the real wage-output ratio using a quadratic trend. We treat inflation, output growth
and the nominal interest rate as stationary, and express them in deviations from their sample
mean.

As is well know from Bayes’ rule, the posterior distribution of the parameters is proportional
to the product of the prior distribution of the parameters and the likelihood function of the
data. Until recently, only well known and standard distributions could be used. The advent
of fast computer processors and Markov Chain Monte Carlo (MCMC) methods has removed
this restriction, and a more general class of models and distributions can be used.?® In order
to implement the Bayesian estimation method, we need to be able to evaluate numerically the
prior and the likelihood function. Then, we use the Metropolis-Hastings algorithm to obtain

random draws from the posterior distribution, from which we obtain the relevant moments of

33See Ferndndez-Villaverde and Rubio-Ramirez (2004).

49



the posterior distribution of the parameters.

6.1.2. The Likelihood Function

Let ¥ denote the vector of parameters that describe preferences, technology, the monetary policy
rule and the shocks of the model, d; be the vector of endogenous variables (observable or not),
z; be the vector of shocks, and ¢; be the vector of innovations.

The system of equilibrium conditions and the process for the exogenous shocks can be written

as a second order difference equation

A()) Ef{digr} =B @) di+C(¥) di—1+ D () 2,

22 =N (V) z_1+¢e, E(ge}) = X(¥).

We use standard solution methods for linear models with rational expectations (see, e.g., Uh-
lig, (1999)) to write the law of motion in state-space form and the Kalman filter, as in Hamilton
(1994) to evaluate the likelihood of the five observable variables x; = (r¢, 74, we — Yz, Ny, Ayt)/ .

We denote by L ({xt}tT:l W) the likelihood function of {l”t}thl-

6.1.3. Priors

In this section, we denote by II(¢)) the prior distribution of the parameters. We present the list
of the structural parameters and its associated prior distributions in Table 4. Most of the priors
involve uniform distributions for the parameters, which simply restrict the support. We use
uniform distributions for the parameter that explains habit formation, for the probabilities of

the Calvo lotteries, and for the indexation parameters. The probabilities of the Calvo lottery are
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allowed to take values up to 0.9, i.e., we are ruling out average price and wage durations of more
than 10 quarters. The elasticities of the interest rate rule to inflation and output fluctuations,
and the ¢ parameter have normal prior distributions. They are conveniently trucated to the
region where the model has a stable and unique solution.

We try to supplement as much prior information as possible for the model’s exogenous
shocks. The AR(1) coefficients have uniform prior distributions between 0 and 0.97. Gamma
distributions for the standard deviations of the shocks are assumed, to stay in positive reals,
and we select their hyperparameters to match available information for the prior mean standard
deviation of the innovations, while allowing reasonable uncertainty in this parameters. For
instance, for the monetary shock, we use the standard deviation that comes from running an
OLS regression for the Taylor rule equation.

In addition, we fix the following parameters: for the discount factor, we set 3 = 0.99. The
elasticities of product and labor demand are set to 6 (which implying steady state markups of

20 percent). These values are pretty conventional in the literature.

6.1.4. Drawing from the Posterior

From Bayes rule, we obtain the posterior distribution of the parameters as follows:

P {xe}ry) o< L{xe}r_y [) TL ()

The posterior density function is proportional to the product of the likelihood function and
the prior joint density function of . Given our priors and the likelihood functions implied by

the state-space solution to the model, we are not able to obtain a closed-form solution for the
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posterior distributions. However, we are able to evaluate both expressions numerically. We
follow Ferndndez-Villaverde and Rubio-Ramirez (2004) and Lubik and Schorfheide (2003) and
use the random walk Metropolis-Hastings algorithm, to obtain a random draw of size 500,000
from p (7,/1\ {xt}thl ,m). We use the draw to estimate the moments of the posterior distribution,

and to obtain impulse responses and second moments of the endogenous variables.

6.2. Main Findings
6.2.1. Second Moments

Table 5 presents the posterior distributions of the parameters. The first two columns of the table
present the mean and the standard deviation of the parameters for the full sample. The habit
formation parameter is estimated to be 0.42, a value somewhat smaller than that suggested
by Christiano, Eichenbaum and Evans (2003) or Smets and Wouters (2003b). This could be
due to the fact that our model already incorporates a nonstationary process, making the need
for persistence via habit formation less important. The parameter that measures the elasticity
of the marginal disutility of hours, ¢, is estimated to be 0.80, which is close to values usually
obtained or calibrated in the macroeconomic literature.

The average duration of price contracts lies slightly above two quarters, the point estimate is
2.11. We view this estimate as a “moderate” amount of price stickiness in the economy. The most
surprising result of the estimation is the low average duration of wage resetting, 1.08 periods. By
no means we are trying to suggest that wages are flexible, but this might be signalling that the
Calvo model is not the best formalism to characterize wage dynamics. An explanation of this
result is that the degree of habit formation in consumption induces persistence in the marginal

rate of subtitution between consumption and hours, and this is enough to obtain sticky real

52



wages, which is what we observe in the data.?*

The price indexation coefficient is estimated at a low value, 0.04, suggesting that the pure
forward looking model is a good aproximation to inflation dynamics, once we allow for autorre-
gressive price mark up shocks. On the other hand, indexation in wage setting is more important,
with a posterior mean of 0.42. The coefficients of the interest rate rule suggest a high degree of
interest rate smoothing, 0.69, a small response of the interest rate to output growth fluctuations,
and a coefficient of the response of the interest rate to inflation of 1.33, which corresponds to a
“lean against the wind” monetary policy, or, what is the same, that respects the Taylor principle.
The estimated values for the shocks of the model suggest that all of them are highly correlated,
with parameters between 0.95 for the price markup shock to 0.91 for the wage markup shock.

The next two columns of Table 5 report subsample estimates. The first subsample period cor-
responds to the pre-Volcker years (1948:1-1979:4). The second comprises the Volcker-Greenspan
era (1982:04-2002:04), starting after the brief experiment with nonborrowed reserves targeting.
There are no important differences in the estimation. We find a smaller degree of habit for-
mation in consumption, of just 0.26, and a smaller coefficient on interest rate smoothing in the
latter period. On the other hand, both monetary and technology shocks have large standard
deviations, and all the other shocks exhibit either the same or larger autorregressive coefficients.
The estimates for the 1982:04-2003:03 period suggest a slightly higher degree of price rigidity,
since the estimate increases to 3.15 quarters. We also a detect a higher interest rate response in
the Volcker-Greenspan Fed to changes in the inflation rate, but the difference does not appear

to be significant, in contrast with some of the existing literature.

34Rabanal (2003) finds the same result estimating a similar model as the one presented here, using data for
the United States and the euro area.
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In Table 6, we present selected posterior second moments of the model, and compare them
to the data.?® The first two columns present the standard deviation of the observed variables,
and their counterparts implied by the estimated the model. We can see that the model does a
very good job in replicating the standard deviations of output, inflation and the nominal interest
rate. The model also does a great job in mimicking the unconditional correlation between the
growth rates of hours and output: in the data it is 0.75, and in the model it is 0.72. However, it
overestimates the standard deviation of hours, which is 3.11 percent in the data and 4.6 percent
in the model, and to a lesser extent the real wage-to-output ratio, which is 3.69 percent in the

data and 4.44 percent in the model.

6.2.2. The Effects of Technology Shocks

Next we turn our attention to the estimated model’s predictions regarding the effects of tech-
nology shocks. Figure 7 displays the posterior impulse responses to a permanent one standard
deviation technology shock.?® We can observe that the model replicates the VAR-based evi-
dence fairly well, in spite of the differences in the approach. In particular the estimated model
implies a persistence decline in hours in response to a positive technology shock, and a gradual
adjustment of output to its permanently higher plateau. It takes about four quarters for output
to go to its new steady state level, and, as a result, hours drop in impact about 0.4 percentage
points deviation from their steady state value, and converge monotonically afterwards.?”

The third column of Table 6 reports the second moments of the observed variables conditional

35These second moments where obtained using a sample of 10,000 draws from the 500,000 that were previously
obtained with the Metropolis-Hastings algorithm.

36The posterior mean and standard deviations are based on a sample of 10,000 draws from the 500,000 draws
obtained from the Metropolis-Hastings algorithm.

37 A similar pattern of responses of output and hours to a technology shocks can be found in Smets and Wouters
(2003b), using a model with capital accumulation..
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on technology shocks being the only driving force. The fourth column shows the fraction of the
variance of each variable accounted for by the technology shock. We can see that technology
shocks do not play a major role in explaining the variability of the five observed variables.
They explain 22 percent of the variability of output growth, and 6 percent of the variability
of inflation. For the rest of variables, including hours, they explain an insignificant amount of
overall volatility.?® A key result emerges when we simulate the model with technology shocks
only: we obtain a correlation between (Ay;, Any) of —0.49, which contrasts with the high positive
correlation between the same variables observed in the data.

The last three rows of Table 6 report similar statistics based on band-pass filtered data. In
this case, the series of output growth and hours that come from the model are used to obtain
the levels of (log) hours and output, and the band-pass filter is applied. In order to extract
the technology shock, we use the method of Ingram, Kocherlakota and Savin (1994) to obtain
the structural shocks.?® By construction, the shocks replicate perfectly the features of the
model. However, when we simulate the model with technology shocks only, we finds that they
explain small fractions of the variance of the business cycle component of output and hours.
The conditional correlation between those two variables falls to —0.14, from a value of 0.88 for
the actual filtered series.

The previous results are illustrated graphically in Figures 7 and 8. Figure 7 displays the
historical series for output growth and hours with all the shocks at work and with the technology

shocks only. Figure 8 presents the same exercise with band-pass filtered data. In both cases, it

38We also estimated a model with the following process for technology: Aa; = p,Aar—1 + e, and the pos-
terior mean for the autorregresive component was 0.05. Therefore, results do not change significantly with this
specification.

39This method is a particular case of using the Kalman filter to obtain the strucutural shocks. It assumes that
the economy is at its steady state value in the first observation, rather than assuming a diffuse prior.
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becomes clear that technology shocks only explain a minor fraction of fluctuations. This is even
more dramatic when we look at fluctuations in hours, in a way consistent with most of the VAR
findings. Similar qualitative findings are found in Altig et al. (2003), Ireland (2003) and Smets
and Wouters (2003b).

In Table 8 we report the implied second moments for each of the subsample periods. For the
1948-1979 period, we can see that the model again matches the standard deviation of output
growth, inflation and nominal interest rates fairly accurately, but overestimates that of hours
and the real wage-output ratio. Interestingly, technology shocks play a larger role in explaining
the variability of output growth, since roughly one third of the variance in the earlier period
can be explained by technology shocks only. The model is also able to replicate the correlation
between (Ay, Any), which is 0.75 in the data and 0.73 in the model. But when only technology
shocks are used, then the correlation becomes large and negative, —0.63. In the 1982-2002
period, the model seems to explain better the standard deviation of the five variables, since
the model-based second moments of hours and the real wage-to-output ratio are not that far
off. Once again, the models mimick the correlation between the first difference of hours and
output fairly well, which turns negative (—0.42) with technology shocks only. With respect to
the previous subsample, technology shocks explain a smaller fraction of output growth variance,
but a higher fraction of inflation variance. The contribution to the variance of the remaining

variables is always very small in the two subsamples.

6.2.3. What are the Main Sources of Economic Fluctuations?

Which shocks explain the business cycle volatility of the set of observable variables? In Table

8, we present the contribution of each shock to the total variance of each variable for the entire
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sample. The shock that explains most of the variance of all variables in our framework is the
preference shock. It explains above 70 percent of the variance of hours, the real wage-to-output
ratio, and the nominal interest rate. The preference shock also explains 57 percent of the variance
of output, and 36 percent of the variance of inflation. On the other hand, the monetary shock
only explains approximately 5 percent of output growth and the nominal interest rate, and is
an important determinant of inflation variability, contributing to 27 percent of total volatility.
Price and wage mark up shocks both have some importance in explaining the volatility of all
variables, with contributions to the variance that range from 7 percent to 17 percent. So the
picture that emerges from Table 6 is that preference shocks are key to explain the volatility of
all variables. The monetary and technology shocks have some importance in the sense that they
explain about 20 percent of the variance in one of the variables (output growth in the case of
technology, inflation in the case of monetary shocks), but their contribution to the remaining
variables is very small. The price and wage markup shocks explain a small fraction of variability

in all variables.

6.2.4. Structural Explanations for the Estimated Effects of Technology Shocks

Finally, we examine which features of the model are driving the negative comovement between
hours and output in response to technology shocks. In Table 9 we present the correlation between
(Ayt, Any) that arises under several counterfactual scenarios. For each scenario we shut down
some of the rigidities of the model and simulate it again while keeping the same value for the
remaining parameter estimates.

Three features of the model stand out as natural candidates to explain the negative correla-

tion between output and hours: sticky prices, sticky wages, or habit formation. When we shut
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down each of those of those we find that the remaining rigidities still induce a large and negative
conditional correlation. For instance, in the second row we can see that assuming flexible wages
(0 = n,, = 0) delivers basically the same correlations. This result is not surprising given that
nominal wage rigidities do not appear to be important given the parameter estimates. When we
assume flexible prices but keep sticky wages and habit formation, things do not change much
either.

A particular scenario would seem to be of special interest, namely, the one with flexible
prices and wages, and habit formation. In that case, once again, a similar pattern of correlations
emerges. A similar result is obtained by Smets and Wouters (2003b), who interpret it as evidence
favorable to some of the real explanations found in the literature.

Yet, when we turn off habit formation in our estimated model but keep nominal rigidities we
find a qualitatively similar result: the conditional and unconditional correlations between hours
and output have the same pattern of signs as that observed in the data.

It is only when we shut down all rigidities (nominal and real) that we obtain a positive
correlation between hours and output, both conditionally and unconditionally, and in a way
consistent with the predictions of the basic RBC model.

Finally, we consider a calibration in which the central bank responds exclusively to inflation
changes, but not to output. Some authors have argued that the negative comovement of output
and hours may be a consequence of an attempt by the monetary authority to overstabilize
output. Our results suggest that this cannot be an overriding factor: when we set the coefficient
on output growth equal to zero (and keep both habit formation and nominal rigidities operative)
we still obtain a negative conditional correlation between hours and output.

In light of the previous findings we conclude that both real rigidities (habit formation) and
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nominal rigidities (mostly sticky prices) appear to be relevant factors in accounting for the
evidence on the effects of technology shocks. Interestingly, both nominal and real rigidities seem
to be required in order to account for the empirical effects of monetary policy shocks (see e.g.
Christiano, Eichenbaum and Evans (1999)) or the dynamics of inflation (e.g., Gali and Gertler

(1999)).

7. Conclusions

[INCOMPLETE]

In the present paper we have reviewed recent research efforts that seek to identify and
estimate the role of technology as a source of economic fluctuations in ways that go beyond the
simple unconditional second moment matching exercises found in the early RBC literature. The
number of qualifications and caveats of any empirical exercise that seeks to provide an answer to
the above questions is never small. Furthermore, and as is often the case in empirical research in
economics, the evidence does not speak with a single voice, even when similar methods and data
sets are used. That notwithstanding, the bulk of the evidence reported in the present paper raises
serious doubts about the importance of changes in aggregate technology as a significant (or, even
more, a dominant) force behind business cycles, in contrast with the original claims of the RBC
literature. Instead it points to demand factors as the main force behind the strong positive

comovement between output nd labor input measures that is the hallmark of the business cycle.
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TABLE 1.

The Effects of Technology Shocks on Qutput and Hours
in the Nonfarm Business Sector

Contribution to: Conditional Impact on n and y:
var(y) var(n) corr(y,n) sign significance

Per Capita Hours
Difference 0.07 0.05 -0.08 -/+ yes / yes
Level 0.37 0.11 0.80 +/+ no/yes
Detrended 0.07 0.05 -0.11 -/+ yes / yes
Total Hours
Difference 0.06 0.06 -0.03 -/+ yes / yes
Level 0.10 0.36 0.80 -/- yes / no
Detrended 0.15 0.36 0.80 -/0 yes / no




TABLE 2. The Effects of Technology Shocks on GDP and Employment

Contribution to: Conditional Impact on n and y:
var(y) var(n) corr(y,n) sign significance

Employment Rate
Difference 0.31 0.04 0.40 -/+ yes / yes
Level 0.03 0.19 -0.30 -/ + yes / no
Detrended 0.15 0.04 -0.43 -/+ yes / yes
Total Employment
Difference 0.21 0.03 -0.40 -/+ yes / yes
Level 0.09 0.08 -0.72 -/+ yes / yes
Detrended 0.09 0.09 -0.68 -/+ yes / no




TABLE 3. Investment-Specific Technology Shocks: The Fisher Model

N-Shocks I-Shocks

Contribution to: Contribution to:

var(y) var(n)  corr(y,n) | var(y) var(n) corr(y,n)
Per Capita Hours
Difference 0.06 0.06 -0.09 0.22 0.19 0.94
Level 0.12 0.02 0.16 0.62 0.60 0.96
Detrended 0.08 0.07 -0.03 0.10 0.09 0.94
Total Hours
Difference 0.07 0.06 0.05 0.16 0.14 0.94
Level 0.05 0.15 0.33 0.82 0.78 0.97
Detrended 0.10 0.28 0.62 0.09 0.08 0.93
Employment Rate
Difference 0.21 0.05 0.08 0.19 0.13 0.93
Level 0.08 0.08 -0.32 0.86 0.89 0.95
Detrended 0.06 0.17 -0.11 0.12 0.10 0.92
Total Employment
Difference 0.19 0.06 -0.05 0.10 0.06 0.90
Level 0.04 0.16 -0.25 0.64 0.52 0.96
Detrended 0.04 0.20 0.05 0.12 0.09 0.90




Table 4. Prior Distributions

Parameter Std. Dev. Mean
b Uniform(0,1) 0.50 0.289
% Normal(1,0.25) 1.00 0.25
0, Uniform(0,1) 0.50 0.289
0, Uniform(0,1) 0.50 0.289
n, Uniform(0,1) 0.50 0.289
. Uniform(0,1) 0.50 0.289
P, Uniform(0,0.97) 0.485 0.284
?, Normal(0.5,.125) 0.50 0.13
9, Normal(1.5,0.25) 1.50 0.25
Pe Uniform(0,0.97) 0.485 0.284
P, Uniform(0,0.97) 0.485 0.284
P, Uniform(0,0.97) 0.485 0.284
o, Gamma(25,0.0001) 0.0025 | 0.0005
g, Gamma(25,0.0004) 0.01 0.002
O, Gamma(16,0.00125) 0.02 0.005
g, Gamma(4,0.0025) 0.01 0.005
o, Gamma(4,0.0025) 0.01 0.005




Table 5. Posterior Distribution of the Model’s Parameters

1947:01-2002:04

1947:01-1979:04

1982:04-2002:04

Mean Std. Dev. | Mean | Std. Dev. | Mean | Std. Dev.
b 0.42 0.04 0.26 0.09 0.51 0.06
% 0.80 0.11 0.72 0.13 0.56 0.16
0, 0.53 0.03 0.31 0.11 0.68 0.04
0, 0.05 0.02 0.01 0.01 0.04 0.02
1, 0.02 0.02 0.09 0.08 0.04 0.04
T 0.42 0.28 0.46 0.14 0.41 0.24
P 0.69 0.04 0.53 0.13 0.72 0.05
9, 0.26 0.06 0.16 0.06 0.55 0.10
9, 1.35 0.13 1.34 0.10 1.53 0.22
Pg 0.93 0.02 0.96 0.01 0.91 0.03
P 0.95 0.02 0.96 0.05 0.93 0.04
P, 0.91 0.01 0.91 0.01 0.93 0.02
o, 0.003 0.000 | 0.005 0.001 0.002 0.000
9, 0.009 0.001 0.011 0.001 0.007 0.001
O, 0.025 0.0024 |0.022 | 0.0026 |0.018 | 0.0029
o, 0.011 0.001 0.010 0.001 0.009 0.001
g, 0.012 0.001 0.008 0.001 0.008 0.001
Duration
Prices 2.11 0.15 1.48 0.23 3.15 0.41
Duration
Wages 1.05 0.01 1.01 0.01 1.03 0.02




Table 6. Second Moments of Estimated Dynamic General Equilibrium Model

Original Data
Technology | Variance
Standard Deviations Data Model Only share
Output Growth 1.36% 1.27% 0.60 % 22.3 %
Inflation 0.72% 0.73% 0.18% 6.0 %
Nom. Interest Rate 0.72% 0.67% 0.04% 0.3 %
Hours 3.11% 4.60% 0.42% 0.8 %
Real Wage/Output 3.69% 4.44% 0.13% 0.1 %
Correlation between (dy,dn) 0.75 0.72 -0.49
Band-Pass Filtered Data
Standard Deviations
Output 2.04% 2.04% 0.87% 18.2 %
Hours 1.69% 1.69% 0.26% 23 %
Correlation between (y,n) 0.88 0.88 -0.14




Table 7. Second Moments of Estimated Dynamic General Equilibrium Model

Subsample Analysis

1948:01 1979:04

1982:04 2002:04

Original Data

Tech. Variance Tech Variance
Standard Deviations Data | Model Only share Data | Model | Only share
Output Growth 1.55% 1.55%  0.92% 35.23% [ 0.83% 0.84%  0.36% 18.37%
Inflation 0.80% 0.77%  0.14% 331% | 0.50% 0.45%  0.15% 11.11%
Nom. Interest Rate 0.57% 0.55%  0.05% 0.83% |0.29% 0.43%  0.02% 0.22%
Hours 3.25% 4.86%  0.15% 0.10% |2.84% 3.40%  0.52% 2.34%
Real Wage/Output 3.69% 4.60%  0.10% 0.05% |3.80% 3.24% 0.12% 0.14%
Correlation between (dy,dn) | 0.75  0.73 -0.63 0.65 0.66 -0.42
Band-Pass Filtered Data
Standard Deviations
Output 2.28% | 2.28%  0.99% 18.85% | 1.65% 1.65%  0.66% 16.00%
Hours 1.86% | 1.86%  0.29% 243% | 1.44% 1.44% 0.19% 1.74%
Correlation between (y,n) 0.87 0.87 -0.13 0.90 0.90 -0.15




Table 8. Contributions of each Shock to Total Variance

Shocks

Monetary Technology Preference Price Wage
Markup Markup

Output Growth 4.8 % 223 % 571 % 8.0 % 7.1 %
Inflation 271 % 6.1 % 36.3% 13.7% 14.7 %
Nominal Rate 5.0 % 0.4 % 723 % 9.8 % 11.8 %
Hours 0.4 % 0.8 % 70.0 % 17.6 % 9.6 %
Wage - Output 0.1 % 0.1 % 73.6 % 12.0 % 12.8 %

Table 9: Counterfactual correlations between (Ay,,An,)

Technology
Shocks

Model Only
Original Specification 0.72 -0.49
Flexible Wages 0.72 -0.50
Flexible Prices 0.76 -0.54
No habit formation 0.87 -0.73
Flexible Prices and Wages 0.76 -0.60
Flexible Prices, Wages and no Habit
formation 0.87 0.71
Strict Inflation Targeting 0.74 -0.53
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Figure 2. The Estimated Effects of Technology Shocks
Difference Specification , 1948:01-2002:04
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Figure 3: Sources of U.S. Business Cycle Fluctuations
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Figure 4: Capital Income Tax Rates
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Figure 5. Technology Shocks: VAR vs. BFK

2.0

1.5

1.0

0.5

24

0.8

VAR Permanent Shocks vs. BFK

U U U L L AL L U U UL
1950 1953 1956 1959 1962 1965 1968 1971 1974 1977 1980 1983 1986 1989

VAR Transitory Shocks vs. BFK

T T T T T I T T I T T T T T T T T T T T T T T T T T T T 1T T 1T T T 1T T T
1950 1953 1956 1959 1962 1965 1968 1971 1974 1977 1980 1983 1986 1989

— VAR - - BFK




Figure 6. Hours Worked, 1948-2002
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Figure 8. Output Growth and Hours, Original data
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Figure 9. Output and Hours, Band Pass Filtered
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