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Abstract
This paper analyzes various combinations of nominal price and wage frictions to

determine which specifications best fit post-war U.S. data. We construct dynamic sto-
chastic general equilibrium (DSGE) models that incorporate those frictions and use
Bayesian methods to estimate each model’s parameters. Since previous research finds
that inflation was unanchored during the 1970s, we divide the data into three distinct
periods: the early sample (from the mid-1950s through the 1960s), the middle sample
(during the 1970s), and the late sample (from 1983 through 2007). Our estimates indi-
cate that price and wage contracting arrangements have changed over time. Prices are
re-optimized more often and exhibit a higher degree of indexation to past inflation in
the middle sample than in the other two periods. In contrast, wages are re-optimized
more frequently and display less evidence of indexation as time progresses. Our em-
pirical results also suggest that both smaller and less-frequent technology shocks and
improved monetary policy contributed to the reduced volatility in output observed
during the “Great Moderation”period.
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1 Introduction

1.1 Motivation and Main Results

Recently, economists have enjoyed considerable success constructing and estimating dynamic
stochastic general equilibrium (DSGE) models which are competitive with vector autore-
gressive (VAR) models in their ability to match macroeconomic data.1 DSGE models are
grounded in utility and profit maximization making them robust to changes in the conduct
of monetary policy and ideal for comparing the performance of alternative policy rules. The
validity of such comparisons is based on the assumption that the utility and profit maxi-
mization problems embedded in the models are specified correctly (Del Negro et al., 2007).
It is generally accepted that DSGE models require a mix of nominal and real rigidities in

order to produce realistic impulse responses and autocorrelations (Ball and Romer, 1990).
Most of the disagreement among economists centers on the nature of the nominal frictions
and less on the type of real rigidities.2 Motivated by the “menu costs” literature, early
DSGE models held prices fixed between discrete price adjustment opportunities. In pursuit
of plausible qualitative and quantitative results, most models now assume that prices can
change every period, but not every price is optimized each period. Those prices and wages
that are not optimized increase automatically either by their steady-state inflation rate (static
indexation) or by their lagged inflation rate (dynamic indexation). Prices and wages may
also change by an amount that is a weighted average of the steady-state and lagged inflation
rates (partial indexation). Other researchers assume that optimizing firms and households
select the price and wage paths that they follow until their next optimization opportunity
(sticky information).
Each type of nominal friction has intuitive appeal under certain circumstances. Adjusting

prices or wages by a constant default inflation rate between re-optimization opportunities
seems reasonable in a stable-inflation environment; indexing to lagged inflation is plausible
when inflation changes are unpredictable; while pre-setting price and wage paths are sensible
when inflation is variable, but its movements are predictable. The fact that the economic
environment influences the plausibility of each type of price and wage setting leads us to
believe one single style of price and wage frictions may not be appropriate in DSGE models
that span long periods of time. Specifically, we believe that changes in the conduct of
monetary policy can systematically alter the price-setting and wage-setting behaviors of
firms and households.3

In this paper, we construct a series of DSGE models of the U.S. economy. The models
share a common set of assumptions about technology, tastes, market structure, and real-side
frictions. They differ, however, in their assumptions about how prices and wages adjust.
With four alternative models of price setting and four alternative models of wage setting, we
estimate a total of 16 models. To test the robustness of each combination of assumptions,

1Frequently cited are Smets and Wouters (2003) and Christiano, Eichenbaum, and Evans (2005).
2More recently, economists have begun introducing explicit financial-sector frictions into DSGE models in

an effort to better understand the 2008 financial crisis and its aftermath. A prominent example is Christiano,
Motto, and Rostagno (2010). Since financial frictions are not vital to our analysis, we end the sample just
prior to the financial crisis.

3This basic idea goes back to at least Ball, Mankiw, and Romer (1988), who suggest that fixed-price
contracts will be updated more frequently as the average inflation rate rises.
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we estimate the models over three distinct sample periods: an early sample that stretches
from 1955:Q1-1968:Q4, a middle sample that runs from 1969:Q1-1979:Q3, and a late sample
that goes from 1983:Q1-2007:Q4.4 Existing studies (discussed in detail below) show that
inflation followed a non-stationary process during our middle sample, and suggest that the
non-stationarity was the result of a poorly conceived or badly executed monetary policy.
Evidence from our early and late sample periods, in contrast, indicates that monetary policy
successfully anchored inflation. By assessing the fit of our alternative price- and wage-setting
rules across different sample periods, we test the robustness of those specifications to changes
in the conduct of monetary policy. In addition, by comparing models across our early and late
sample periods, we can evaluate the models’robustness to important long-run institutional
changes in the economy while holding the conduct of monetary policy basically constant.
Finally, we briefly compare the size of various economic shocks across sample periods in
order to gain some insight into the sources of the reduction in output volatility known as
the “Great Moderation.”
Previous studies find strong evidence that monetary policy failed to stabilize inflation

during the 1970s. Price-setting arrangements adjusted to that policy failure. Specifically,
output prices were re-optimized somewhat more frequently during the middle period, and
our empirical results indicate that firms moved away from static price indexation and toward
partial or dynamic indexation. Wage-setting arrangements, in contrast, appear to be less
influenced by the conduct of monetary policy and more influenced by long-term institutional
trends such as the shrinking importance of unions and their multi-year labor contracts. We
also find that technology shocks had a far larger impact on output volatility during the middle
sample than during the early or late samples, and that shocks to the Federal Open Market
Committee’s (FOMC) target inflation rate contributed much more to output volatility in the
early sample than in the middle or late samples. Those results suggest that both luck (i.e.,
smaller and less frequent technology shocks) and improved monetary policy were proximate
causes of the Great Moderation in output volatility observed from the mid-1980s through
the mid-2000s.

1.2 Evidence for a 3-Way Sample Split

Evans and Wachtel (1993) present evidence that the behavior of inflation shifted during the
1970s. Specifically, they estimate a two-state, Markov-switching model using quarterly U.S.
data from 1955 through 1991, where inflation follows a stationary AR(1) process in one state
and a random walk in the other. Their results suggest inflation undergoes a sharp transition
from a stationary process to a non-stationary process in 1969 and an equally sharp transition
back to a stationary process in 1985.5 They also find that “Inflation uncertainty increases
at all horizons in 1968 and does not return to the low levels of the 1950s and 1960s until
1984”(Evans and Wachtel, 1993, p. 497). Murray, Nikolsko-Rzhevskyy, and Papell (2015),
similarly, find that inflation follows a stationary AR(2) process over the periods 1954:Q4-
1967:Q2, 1975:Q2-1976:Q3, and 1981:Q2 to the end of their sample in 2007:Q1. During
the other periods (1967:Q3-1975:Q1 and 1976:Q4-1981:Q1), their results indicate inflation is

4The 1979:Q4-1982:Q4 Volcker monetary policy experiment is simply too short for us to analyze.
5Between 1969 and 1985, Evans and Wachtel (1993) find evidence of a few isolated, transitory, state

reversals.
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non-stationary.6 Our middle sample period, which runs from 1969:Q1-1979:Q3, is dominated
by non-stationary inflation behavior according to both of those studies, whereas our early
(1955:Q1-1968:Q4) and late (1983:Q1-2007:Q4) samples are periods during which inflation
usually followed a stationary process.
Many papers have concluded that monetary policy mistakes were a major contributor

to the elevated inflation rates observed during the 1970s. For example, Clarida, Gali, and
Gertler (2000) find that pre-Volcker monetary policy failed to satisfy the Taylor principle
that the short-term nominal interest rate responds by more than one-for-one to changes
in inflation. Their data covers the 1960:Q1-1996:Q4 period, which they split in 1979:Q3
on a priori grounds. Nikolsko-Rzhevskyy and Papell (2012) estimate Taylor rules with a
variety of real-time output-gap measures from 1969:Q1-1979:Q4. They conclude that the
Taylor-principle requirement was not satisfied. As a result, monetary policy failed to keep
inflation from rising. The authors suggest that policymakers were not aggressive enough
when reacting to inflation because they overestimated how much inflation tends to fall during
recessions. In hindsight, the FOMC placed too much weight on the output gap, relative to
lagged inflation, when formulating policy. Kozicki and Tinsley (2009), who use real-time
inflation forecasts and unemployment gap measures to estimate Taylor-rule models with
time-varying parameters, also find that the Taylor principle was violated in the 1970s. They
attribute that policy failure to the FOMC’s weak response to deviations of money growth
from target. In addition, they note that the FOMC’s policy of targeting money growth
during the 1970s unintentionally drove inflation higher when trend output growth and money
velocity experienced unobserved shifts.
Cogley and Sargent (2005) examine the joint behavior of inflation, the unemployment

rate, and the Federal Reserve’s interest-rate policy over a 1959-2000 sample using a VAR
with time-varying coeffi cients and stochastic volatilities. Their analysis shows the inflation
rate target was low and reasonably stable from 1959-1966 and again from 1981-2000, but was
high and generally rising from 1967-1979.78 Similarly, the estimated persistence of inflation
is noticeably higher from 1967-1981 than during either 1959-1966 or 1982-2000. Monetary
policy is “activist” (consistent with the Taylor principle) from 1959-1967, either “neutral”
or “passive”from 1968-1980, and again activist from 1981-2000.
Wage-setting practices have also experienced significant changes over the 50-plus years

of our sample. Figure 1 shows that the percentage of private-sector workers who are union
members has declined significantly from 35.1 percent in 1955 (the start of our early sample),
to 29.0 percent in 1969 (the start of our middle sample), to 16.5 percent in 1983 (the start of
our late sample), and to 7.5 percent in 2007 (the end of our late sample). Furthermore, Figure
2 illustrates that the percentage of private-sector union workers covered by automatic cost-
of-living adjustments (COLAs) fell by half from 50 percent in the late 1950s to 25 percent in
the late 1960s, then soared to 60 percent by the mid-1970s and through the early 1980s, and
eventually fell back down to 22 percent by the mid-1990s, when the government last compiled

6In the same vein, Piger (2008) finds that inflation persistence was elevated from the late 1960s through
1981. Levin and Piger (2008), although failing to find compelling evidence of a shift in inflation persistence,
document a period of sharply elevated inflation uncertainty between 1969 and 1981.

71980 was a transition year during which the target inflation rate began to fall but remained elevated.
8“Target inflation”is technically a long-horizon inflation forecast. Cogley and Sargent (2005) call it “core

inflation.”
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the data.9 Given that employment in unionized industries is typically governed by multi-
year contracts, one might reasonably expect declines in union density to be associated with
increases in the average frequency with which wages are re-optimized. Similarly, changes in
the prevalence of COLA provisions likely signal corresponding changes in the prevalence of
dynamic or partial indexation in the intervals between each union contract negotiation.
To summarize, the literature has uncovered considerable evidence that price inflation

began to follow a non-stationary process during the late 1960s, and that the shift in inflation
behavior was the result of a poorly conceived and/or executed monetary policy. In response
to high, rising, and uncertain inflation, COLA provisions became more common in labor
contracts. An activist monetary policy re-established inflation control in the early to mid-
1980s. Those findings suggest that the 1970s provide a useful test of the robustness of
alternative models of nominal frictions to a substantial change in monetary policy. Moreover,
any DSGE model that combines 1970s data with data from the decades immediately before
or afterward risks generating spurious results.

1.3 Relationship to the Existing Literature

This paper differs from the existing DSGE literature in both the wide range of nominal
frictions examined and our strategy to estimate and analyze those nominal frictions over
three distinct sample periods. Many researchers either estimate their models over a single
sample period which corresponds, roughly, to our late sample, or compare results from late-
sample estimates with full-sample estimates. A few others separately analyze early- and late-
sample estimates, but we are unaware of any previous study that uses a three-way sample
split. As for the type of nominal frictions examined: Few studies include sticky information
models in their comparisons because those models contain a large number of state variables
and, consequently, are complicated to estimate. Table 1 gives a list of prominent papers
on this topic. Although nominal wage rigidities are crucial for realistic model performance
(Christiano, Eichenbaum, and Evans, 2005), most studies comparing nominal frictions do not
explicitly consider them. Sometimes wage frictions are incorporated by assuming that the
economy consists of independent yeoman farmers who produce differentiated intermediate
goods that are each subject to price frictions.10 We conclude that existing dynamic macro
studies are not structured in a way that enables them to examine how price-setting and
wage-setting arrangements responded to the monetary policy failure of the 1970s.

1.4 Outline

The remainder of the paper is structured as follows. Section 2 outlines our DSGE model,
including the different specifications of price and wage rigidities. Section 3 discusses our
estimation procedure. Section 4 presents the posterior probabilities attached to the differ-
ent models of price and wage frictions in each sample period and discusses the parameter

9Blanchard and Gali (2009, p. 396) in their examination of the impact of oil-price shocks on macroeco-
nomic conditions note that “The 1970s were times of strong unions and high wage indexation. In the 2000s,
unions are much weaker, and wage indexation has practically disappeared.”
10Koenig (2000) and Edge (2002) highlight that this is mathematically equivalent to introducing wage

frictions. For background, see Koenig (1999) and Chari, Kehoe, and McGrattan (2000).
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estimates obtained for the highest-probability model in each period. Section 5 considers
the models’ empirical implications, presenting variance decompositions, historical output
decompositions, and impulse response functions. Section 6 summarizes our main findings
and offers suggestions for future research.

2 The Models

We use a conventional DSGEmodel in which households set wages in a monopolistically com-
petitive labor market and firms set prices in a monopolistically competitive goods market.
Nominal rigidities, however, slow the adjustment of wages and prices. This section outlines
the four alternative types of nominal wage and price rigidities which are interchanged to
produce 16 different models for empirical evaluation. In particular, we consider sticky price
and sticky wage specifications with static indexation, partial indexation, and dynamic index-
ation, and a sticky information specification for price and wage setting. The models include
eight exogenous stochastic processes representing multifactor technology, marginal effi ciency
of investment, preferences, government spending, price markup, wage markup, the inflation
target, and the monetary authority’s policy rate stance. We then proceed to estimate those
models with data on output, consumption, investment, labor hours, the real wage, inflation,
and the nominal interest rate.

2.1 Households

The household sector comprises a continuum of households, h ∈ [0, 1], which are monopolisti-
cally competitive suppliers of labor. Specifically, household h is an infinitely-lived agent who
prefers to purchase consumption goods, ct, and hold real money balances, Mt/Pt, but dis-
likes working, nh,t. The preferences of household h are represented by the following expected
utility function:

U = Et

[ ∞∑
j=0

βjat+j

(
ln(ct+j − bct+j−1) + χm ln

(
Mt+j

Pt+j

)
− χn

n1+ζ
h,t+j − 1

1 + ζ

)]
, (1)

where Et is the expectations operator at time t, β is the personal discount factor with a
value between 0 and 1, b is the internal habit persistence parameter and is also between 0
and 1, χm and χn are the nonnegative parameters on real money balances and labor supply,
respectively, and ζ is the inverse of the labor supply elasticity with respect to the real wage.
The preference variable, at, represents a preference shock which evolves according to an
autoregressive process of order 1 (i.e., AR(1)):

ln(at) = ρa ln(at−1) + εa,t,

where 0 ≤ ρa < 1 and εa,t ∼ N(0, σa).11 Although household h has pricing power in the
labor market, nominal wage frictions prevent it from either optimally setting a new wage

11McCallum and Nelson (1999) argue that at resembles a shock to the IS curve in a traditional IS/LM
model.
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every period or updating the information used to set that wage. Nominal wage frictions
also cause the labor supply and the wage rate to differ among households. To maintain
the tractability of the model, we assume that households participate in a state-contingent
securities market guaranteeing each household the same income, so all of the households
make identical decisions on their remaining choice variables.12

Household h begins each period with its nominal money balances, Mt−1, carried over
from last period and the principal plus interest on its current bond holdings, Rt−1Bt−1,
where Rt is the gross nominal interest rate between periods t and t+1 and Bt is the nominal
bond holdings. Labor earnings, Wh,tnh,t, and capital rental income, Ptqtkt, are received by
household h during period t, where Wh,t is the nominal wage rate earned by household h,
qt is the real rental rate of capital, Pt is the price level, and kt is the capital stock. In
addition, household h receives dividends, Dt, from its ownership interest in the firms, a
transfer, Tt, equal to a payment from the monetary authority minus lump-sum taxes paid to
the government, and a payment, Ah,t, from its participation in the state-contingent securities
market. Those assets are utilized to purchase goods for consumption and investment, it, and
to finance end-of-period money and bond holdings. The flow of funds for household h is
described by the following budget constraint:

Pt(ct + it) +Mt +Bt = Mt−1 +Rt−1Bt−1 +Wh,tnh,t + Ptqtkt +Dt + Tt + Ah,t. (2)

Investment purchases in (2) are converted into capital according to the equation:

kt+1 − kt = Jtit

[
1− S

(
it
it−1

)]
− δkt, (3)

where δ is the depreciation rate. The variable, Jt, is a Greenwood et al. (1988) shock to the
marginal effi ciency of investment that follows an AR(1) process:

ln(Jt) = ρJ ln(Jt−1) + εJ,t,

where 0 ≤ ρJ < 1 and εJ,t ∼ N(0, σJ). The functional form S(·) in (3) represents the
adjustment costs associated with changing the level of investment. The average and marginal
investment adjustment costs are zero around the steady state (i.e., S(1) = S ′(1) = 0),
whereas the convexity of the investment adjustment costs imply that κ ≡ S ′′(1) > 0.13

Household h is a monopolistically competitive supplier of differentiated labor services,
nh,t, to the firms. The labor services provided by all of the households are combined according
to Dixit and Stiglitz’s (1977) aggregation technique to calculate total aggregate labor hours,
nt:

nt =

[∫ 1

0

nh,t
(θw,t−1)/θw,tdh

]θw,t/(θw,t−1)

,

where θw,t is a stochastic parameter which determines the time-varying markup of wage over
the marginal rate of substitution. Following Smets and Wouters (2007), we assume that θw,t
12Erceg, Henderson, and Levin (2000) and Christiano, Eichenbaum, and Evans (2005) use the same mod-

eling technique.
13These assumptions are consistent with the investment adjustment costs specification in Christiano,

Eichenbaum, and Evans (2005).
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follows an ARMA(1,1):

ln(θw,t/θw) = ρw ln(θw,t−1/θw) + εw,t − µwεw,t−1,

where 0 ≤ ρw < 1, 0 ≤ µw < 1, and εw,t ∼ N(0, σw). The wage markup process includes a
moving average (MA) term to capture some of the high frequency movements in the real wage
observed in the data. In our setup, a negative shock to θw,t (i.e., εw,t < 0) is considered a
positive wage markup shock because it pushes up the markup of the real wage, θw,t/(θw,t−1),
over the marginal rate of substitution. The demand by firms for household h’s labor services
is a decreasing function of household h’s relative wage:

nh,t =

(
Wh,t

Wt

)−θw,t
nt, (4)

where Wt is interpreted as the aggregate nominal wage:

Wt =

[∫ 1

0

Wh,t
1−θw,tdh

]1/(1−θw,t)

. (5)

2.1.1 Nominal Wage Frictions

Wage setting is examined in both a sticky wage and sticky information framework. In
the sticky wage specification, household h is periodically provided with an opportunity to
negotiate a new nominal wage contract. If that opportunity is not available, household h
indexes its nominal wage to one of the following three variables: the current steady-state
inflation rate, last period’s inflation rate, or a weighted average of the steady-state inflation
rate and last period’s inflation rate. The sticky information friction, on the other hand,
allows household h to select a new nominal wage every period, but the information used to
set that wage updates infrequently.
Sticky Wages: In our model with wage stickiness, household h sets its nominal wage

according to a Calvo (1983) model of random adjustment. Each period, the probability that
household h can optimally adjust its nominal wage is ηw. If household h cannot optimally
reset its nominal wage, the household automatically adjusts its wage using an index variable.
Since the literature is unsettled on the appropriate type of indexation, we consider the
three most popular types: partial, static, and dynamic indexation. Partial indexation, as
in Smets and Wouters (2003, 2007) and Del Negro et al. (2007), allows non-adjusting
households to increase their wage by a weighted average of the current steady-state inflation
rate, πss, and last period’s inflation rate, πt−1, where the weights are (1 − γw) and γw,
respectively.14 Static indexation, which is used by Erceg, Henderson, and Levin (2000),
assumes that a non-adjusting household raises its wage by the current steady-state inflation
rate (γw = 0), while dynamic indexation, as in Christiano, Eichenbaum, and Evans (2005),
requires nominal wages to increase by last period’s inflation rate (γw = 1). When household h
has an opportunity to optimally adjust its nominal wage, it selects a wage that maximizes the

14Eichenbaum and Fisher (2007) introduce the terminology “static”and “dynamic”indexation to describe
the automatic adjustment of wages or prices which cannot be re-optimized in a given period, while Smets
and Wouters (2003) define the term “partial”indexation.
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present value of its current and expected future utility, (1), subject to its budget constraint,
(2), the firms’demand for its labor, (4), and the probability (1 − ηw)j that another wage
re—optimizing opportunity will not occur in the subsequent j periods. The New Keynesian
Wage Phillips Curve with indexation can be easily obtained using the first-order condition
from the household’s wage-setting problem and the aggregate nominal wage equation, (5):

∆Ŵt − γwπ̂t−1 = κw

(
ζn̂t − λ̂t + ât −

θ̂w,t+j
θw − 1

− ŵt

)
+ βEt

[
∆Ŵt+1 − γwπ̂t

]
,

where λt is the marginal utility of consumption, wt is the real wage, a hat symbol, “ˆ”,
indicates the percent deviation of a variable from its steady state, ∆Ŵt = ŵt − ŵt−1 + π̂t,
and κw = ηw[1− β(1− ηw)]/[(1− ηw)(1 + ζεw)].
Sticky Information Wages: Sticky information is examined in Koenig (1996, 1999,

2000) as a source of wage frictions in the labor market. In that framework, household h can
set a new nominal wage every period, but the information used to set that wage updates
infrequently. Formally, household h acquires new information with a probability of ηw,
whereas it must utilize the information that it obtained j periods ago with a probability of
(1− ηw). The objective of household h then is to maximize its current expected utility, (1),
subject to its budget constraint, (2), and the firms’demand for its labor, (4), given that
its expectations were last updated j periods ago. When the resulting first-order condition
is combined with the aggregate nominal wage equation, (5), we get the Sticky Information
Wage Phillips Curve:

∆Ŵt =

(
ηw

1− ηw

)
(ŵ∗t − ŵt) +

∞∑
j=0

ηw(1− ηw)jEt−j−1

[
ŵ∗t − ŵ∗t−1 + π̂t

]
,

where ŵ∗t =
(
λ̂t + θ̂w,t/(θw − 1)− ζθwŵt − ζn̂t − ât

)
/ (1 + ζθw).

2.2 Firms

Firms are entities owned by the households which produce differentiated goods in a monop-
olistically competitive market, but encounter price frictions that interfere with optimal price
adjustment. Firm f hires labor, nf,t, at a real wage rate of wt and rents capital, kf,t, at a real
rental rate of qt. Those labor and capital inputs and the level of multifactor technology, Zt,
are utilized by firm f to produce its output, yf,t, according to a Cobb-Douglas production
function:

yf,t = Zt(kf,t)
α(nf,t)

1−α, (6)

where 0 ≤ α ≤ 1. The multifactor technology variable, Zt, evolves such that

ln(Zt/Z) = ρZ ln(Zt−1/Z) + εZ,t,

where Z is the steady-state value of Zt, 0 ≤ ρZ < 1, and εZ,t ∼ N(0, σZ).15 As a profit-
maximizing agent, firm f minimizes its production costs subject to (6). The resulting labor
and capital factor demands equal:

ψt(1− α)Zt[kf,t/nf,t]
α = wt, (7)

15The term ln(Zt/Z) is equivalent to the percent deviation of Zt from its steady state, Z.
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ψtαZt[nf,t/kf,t]
1−α = qt, (8)

where ψt is the Lagrange multiplier from the cost minimization problem and is interpreted
as the real marginal cost of producing an additional unit of output. The real marginal cost
then can be determined by combining (7) and (8):

ψt =
(qt)

α(wt)
1−α

Zt(α)α(1− α)1−α .

Given that the real wage, real rental rate of capital, and the level of multifactor technology
are economy-wide variables, the real marginal cost is the same across all firms.
Aggregate output, yt, is a Dixit and Stiglitz (1977) continuum of differentiated goods,

yf,t, where f ∈ [0, 1] such that

yt =

[∫ 1

0

y
(θp,t−1)/θp,t
f,t df

]θp,t/(θp,t−1)

,

where θp,t is a stochastic parameter which determines the time-varying markup of price over
real marginal cost. Following Smets and Wouters (2007), we assume that θp,t follows an
ARMA(1,1):

ln(θp,t/θp) = ρp ln(θp,t−1/θp) + εp,t − µpεp,t−1,

where 0 ≤ ρp < 1, 0 ≤ µp < 1, and εp,t ∼ N(0, σp). The MA term is incorporated in the
price markup process to pick up some of the high frequency movements in inflation observed
in the data. In our framework, a negative shock to θp,t (i.e., εp,t < 0) is considered a positive
price markup shock because it pushes up the markup of the price, θp,t/(θp,t − 1), over the
real marginal cost. Cost minimization by the households generates the following demand
equation for firm f’s good:

yf,t =

(
Pf,t
Pt

)−θp,t
yt, (9)

where Pf,t is the price for yf,t, and Pt is a nonlinear aggregate price index:

Pt =

[∫ 1

0

P
1−θp,t
f,t df

]1/(1−θp,t)

. (10)

2.2.1 Price Frictions

As in the case of wage setting, we investigate both sticky price and sticky information price-
setting rules. The sticky price specification assumes that a random fraction of firms can
adjust their prices in any given period. The remaining firms increase their prices by the
current steady-state inflation rate, last period’s inflation rate, or a weighted average of the
steady-state inflation rate and last period’s inflation rate. In the sticky information case,
prices are flexible, but firms only intermittently update the information used to set those
prices.
Sticky Prices: Price-setting behavior follows a Calvo (1983) model of random adjust-

ment, where ηp is the probability that a firm can optimally adjust its price. Since opinions
differ on how prices change for the (1− ηp) fraction of firms which cannot optimally adjust
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their price, we again consider partial, static, and dynamic indexation. With partial indexa-
tion, a non-price optimizing firm indexes its price with a weight of (1 − γp) on the current
steady-state inflation rate, πss, and a weight of γp on last period’s inflation rate, πt−1. Static
indexation, on the other hand, assumes that a non-optimizing firm raises its price only by
the current steady-state inflation rate (γp = 0), whereas dynamic indexation bases the auto-
matic price change on just last period’s inflation rate (γp = 1). When given the opportunity
to optimally reset its price, a firm selects a price which maximizes its present value of current
and expected future profits subject to its factor demand equations, (7) and (8), households’
demand for its goods, (9), and the probability, (1− ηp)j, that another price adjustment op-
portunity will not occur in the subsequent j periods. By linearizing the resulting effi ciency
condition around its steady state, we can easily derive the New Keynesian Price Phillips
Curve with indexation:

π̂t − γpπ̂t−1 =

(
ηp(1− β(1− ηp))

1− ηp

)(
ψ̂t −

θ̂p,t
(θp − 1)

)
+ β

(
Et(π̂t+1)− γpπ̂t

)
. (11)

Sticky Information Prices: Sticky information in price setting, as in Koenig (1996,
1999), Mankiw and Reis (2002, 2007), and Keen (2007), assumes that all prices can adjust
every period, but the information used by firms to set those prices adjusts infrequently.
In particular, a firm’s information set either updates with a probability of ηp or remains
unchanged from j periods ago with a probability of (1− ηp). Using its expectations formed
j periods ago, a firm sets a price which maximizes its expected profits subject to its factor
demand equations, (7) and (8), and households’ demand for its goods, (9). The Sticky
Information Price Phillips Curve then is obtained by combining the linearized versions of
the firms’first-order condition from its pricing problem and the price aggregation equation,
(10):

π̂t =

(
ηp

1− ηp

)(
ψ̂t −

θ̂p,t
θp − 1

)
+
∞∑
j=0

ηp(1− ηp)jEt−j−1

[
π̂t + ψ̂t − ψ̂t−1 −

θ̂p,t − θ̂p,t−1

θp − 1

]
.

2.3 Government

The monetary authority utilizes a generalized version of the nominal interest rate rule out-
lined in Taylor (1993). Specifically, the current nominal interest rate responds to the one-
and two-quarter lags of the nominal interest rate, the current year-over-year gross inflation
rate, Πt = Pt/Pt−4, and the current one- and four-quarter growth rates of output:

ln(Rt) = φR1 ln(Rt−1) + φR2 ln(Rt−2) + (1− φR1 − φR2)
(

ln(r) +
ln(Πt)

4

)
+
φπ
4

ln

(
Πt

Π∗t

)
+ φ∆y1 ln

(
yt
yt−1

)
+
φ∆y4

4
ln

(
yt
yt−4

)
+ εR,t,

where r is the steady-state real interest rate, the parameters φR1 , φR2 , φπ, φ∆y1 , and φ∆y4 are
non-negative such that 0 ≤ φR1 +φR2 < 1, and the policy rate disturbance behaves such that
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εR,t ∼ N(0, σR).16 The parameter Π∗t is calculated as the sum of the monetary authority’s
quarterly inflation rate targets over the previous year (i.e., ln(Π∗t ) = ln(π∗t ) + ln(π∗t−1) +
ln(π∗t−2) + ln(π∗t−3)), where π∗t is the gross quarterly inflation rate target. The inflation rate
target follows an AR(1) process such that

ln(π∗t ) = ρπ ln(π∗t−1) + (1− ρπ) ln(πss) + επ,t,

where 0 ≤ ρπ ≤ 1 and επ,t ∼ N(0, σπ).
Real government spending, gt, is financed via lump-sum taxes on the households. Gov-

ernment spending’s share of output, gt/yt, evolves as follows:

gt/yt = (1− 1/Gt)

such that parameter Gt follows an autoregressive process:

ln(Gt) = ρG ln(Gt−1) + (1− ρG) ln(G) + εG,t,

where G > 0, 0 < ρG < 1, and εG,t ∼ N(0, σ2
G). A positive shock to Gt (i.e., εG,t > 0)

is a positive government spending shock because it raises government spending’s share of
output, gt/yt. Finally, the goods market is in equilibrium when the sum of consumption,
investment, and government spending equals output:

ct + it + gt = yt.

3 Equilibrium and Estimation Procedure

Our DSGE model is examined with the four different wage-setting and four different price-
setting specifications. Wage setting by households exhibits one of the following character-
istics: sticky wages with static indexation (γw = 0), sticky wages with partial indexation
(0 < γw < 1), sticky wages with dynamic indexation (γw = 1), or sticky information wages.
Similarly, firm price setting behaves in one of the following four ways: sticky prices with
static indexation (γp = 0), sticky prices with partial indexation (0 < γp < 1), sticky prices
with dynamic indexation (γp = 1), or sticky information prices. Since the manner of nominal
wage setting can differ from the manner of price setting, we examine every combination of
wage and price frictions for a total of 16 different models.
We estimate our 16 models over three distinct time periods: 1955:Q1-1968:Q4, 1969:Q1-

1979:Q3, and 1983:Q1-2007:Q4; and then evaluate which model best fits the data over each
sample. Selection of those particular time periods is discussed in Section 1.2 and is based
on previous studies that indicate inflation followed a stationary process in the early and
late samples but a non-stationary process in the middle sample. In each sample period, our
model is estimated using U.S. data on output, consumption, investment, the real wage rate,
labor hours, inflation, and the nominal interest rate. Output is the chain-weight measure
of gross domestic product, consumption is real personal consumption of nondurable goods

16Since Rt is specified as a quarterly rate and Πt and yt/yt−4 as annualized rates, we divide the coeffi cients
on inflation and the four-quarter output growth rate by 4.
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and services, and investment is real gross private domestic investment plus real personal
consumption of durable goods. The real wage rate is business-sector compensation per hour
divided by the gross domestic product implicit price deflator, while hours worked is total
hours of nonfarm payrolls. Output, consumption, investment, and labor hours are expressed
in per capita terms by dividing by the civilian, noninstitutional population, age 16 and over.
To eliminate the long-run growth component, the output, consumption, investment, and
real-wage series are linearly detrended by their respective average quarterly growth rates
over the estimated sample period. The inflation rate is calculated as the rate of change in
the gross domestic product implicit price deflator. Finally, the effective federal funds rate is
our measure of the nominal interest rate.
The equations outlined above for the households, firms, and monetary authority sectors

form a system of equations for our models. The presence of a positive steady-state inflation
rate, however, requires us to divide the nominal variables Pf,t,Wt,Wh,t, Ah,t, Tt,Mt, Bt, and
Dt by the price level, Pt, to induce stationarity. In addition, our model assumes the inflation
target, π∗t , has a unit root in the middle sample (1969:Q1-1979Q3), whereas in the early
(1955:Q1-1968:Q4) and late (1983:Q1-2007:Q4) samples the inflation target is stationary.17

The unit root process in π∗t then is transferred to the nominal interest rate, Rt, and the
inflation rate, πt, so we induce a stationary process by dividing those variables by π∗t and
setting ∆π∗t = π∗t/π

∗
t−1. For consistency with those transformed definitions for Rt and πt,

data on changes in (rather than the levels of) the nominal interest rate and the inflation rate
is utilized when estimating our middle-sample models.
Once the appropriate variables are transformed and the steady state is determined, the

system of equations for each model is log-linearized around its steady state. The rational
expectations solution can be obtained for all 16 models by utilizing traditional solution
methods, such as Blanchard and Kahn (1980), King andWatson (1998, 2002), or Sims (2002).
Each model’s rational expectations solution is transformed into a state-space system and the
Kalman filter is utilized to calculate the likelihood function, p(YT |Θ), where YT is a matrix
of data, and Θ is a vector of parameters. In contrast to maximum likelihood estimation,
the Bayesian approach incorporates our beliefs about the parameters before estimation via
the specification of prior distributions, p(Θ), for our model’s parameters. Specifically, the
likelihood function is combined with the prior distributions to form the posterior distribution,
p(Θ|YT ):

p(Θ|YT ) ∝ p(YT |Θ)p(Θ).

The posterior function is optimized with respect to Θ to determine the estimated posterior
mode for the model’s parameters, Θ̂. The standard errors for Θ̂ are simply the diagonal
elements of the corresponding Hessian matrix evaluated at Θ̂. The Metropolis-Hastings
sampling algorithm is then used to obtain information on the posterior distribution.18

17If we assume the inflation target follows a stationary process (ρπ < 1) over the middle sample, our
estimates of ρπ are extremely close to 1 (usually ρπ > 0.99).
18Dynare is used for all of our estimation. For the Metropolis-Hastings procedure, we draw 250-thousand

times from a model’s posterior distribution and discard the first 50-thousand draws. A step size of 0.35 is
used which results in an acceptance rate of around 25 percent.
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4 Estimation Results and Model Comparisons

4.1 Prior Distributions

Although we estimate our model with seven different data series, five parameters are either
unidentified or weakly identified and must be specified prior to estimation. To begin, the
quarterly depreciation rate, δ, and discount rate, β, are set equal to 0.025 and 0.99, respec-
tively. The steady-state price elasticity of demand, θp, and the steady-state wage elasticity of
labor demand, θw, are each assumed to equal 6, which is consistent with Erceg, Henderson,
and Levin’s (2000) assumption that the price and wage markups average 20 percent. Finally,
reflecting the fact that our model is a closed-economy, we set government spending’s average
output share, g/y, equal to one minus the sum of consumption’s and investment’s average
shares. Specifically, g/y equals 25.3 percent in the early sample, 21.7 percent in the middle
sample, and 16.8 percent in the late sample. The decline in g/y reflects the fall (ultimately
to a negative value) in net exports’share of output in U.S. data.
Each version of our model has between 27 and 30 estimated parameters, with the exact

number depending on the sample and specific assumptions about price and wage adjustment.
Table 2 includes a complete list of those parameters and their assumed prior distributions,
most of which are similar to priors commonly used in the literature. Capital’s share of
output, α, is normally distributed with a mean of 0.3 and a standard deviation of 0.05,
while the degree of habit persistence in consumption, b, follows a beta distribution with
mean and standard deviation equal to 0.7 and 0.15, respectively. Consistent with estimates
in Christiano, Eichenbaum, and Evans (2005), the degree of curvature in the investment-
cost function, κ, is assumed to have a beta distribution with a mean of 4.0 and a standard
deviation of 1.5. Given that estimates of the labor-supply elasticity range from 0 to ∞, we
transform the inverse of the elasticity of labor supply with respect to the real wage, ζ, so
that 1/(ζ+1) follows a beta distribution with a mean of 0.75 (consistent with a labor-supply
elasticity equal to 3.0) and a standard deviation of 0.15. The probabilities of wage and
price adjustment, ηw and ηp, respectively, have a beta distribution prior with a 0.25 mean
(consistent with wages and prices adjusting, on average, once a year) and a 0.1 standard
deviation. In those variants of the model with partial indexation of wages and/or prices,
the parameters γw and γp follow a beta distribution with a 0.5 mean and a 0.2 standard
deviation.
As previously discussed, our research is motivated in part by evidence that the conduct of

monetary policy has varied over time, and by concerns that wage and price adjustment may
have responded to shifts in the conduct of that policy. To make allowance for changes in the
behavior of the FOMC, we adopt a fairly general Taylor (1993) rule specification and put
uniform prior distributions on all of its parameters. Specifically, the uniform prior is defined
over the interval [−2, 2] for φR1 and φR2 , (0, 2] for φπ, and [−1, 1] for φ∆y1 and φ∆y4 . When
estimating models in the early sample, an identification problem exists between φπ and φ∆y4 ,
which makes it diffi cult to estimate the two parameters simultaneously with any precision.
Since the Taylor principle requires φπ > 0 and monetary policy responds to the 1-quarter
output growth rate, we set φ∆y4 = 0 in the early sample, allowing φπ to be estimated with
greater accuracy.
The standard errors of the shock-process innovations are given an inverse-gamma prior
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distribution with two degrees of freedom– a very loose prior. The mean of the distribution
is specific to the shock process. For innovations to the multifactor technology, investment
effi ciency, preference, and government spending shock processes, the prior distribution of the
standard deviation has a mean of 0.01, whereas the prior distributions for the price markup,
wage markup, and policy-rate innovations have means of 0.1, 1.0, and 0.002, respectively.
As for the innovation to the inflation target, its standard deviation has a prior distribution
with a 0.005 mean in the early and middle samples and a 0.002 mean in the late sample.
Moving-average and autoregressive parameters in the various shock processes are given

a beta prior distribution with a mean of 0.5 and a standard error of 0.2. The exception
(as previously discussed) is that the inflation target is assumed to follow a random walk
(ρπ = 1.0) in the middle sample.

4.2 Model Comparison

We compare the fit of our different estimated models by using the Laplace Approximation to
calculate the marginal density of the data given each model. The Laplace Approximation for
model i, LP (i), is a function of that model’s posterior distribution, p(Θi|YT , i), as follows:

LP (i) = ln
(

(2π)mi/2|ΣΘ̂i
|−1/2p(YT |Θ̂i, i)p(Θ̂i|i)

)
,

where mi is the number of estimated parameters in model i, and |ΣΘ̂| is the determinant
of the mi × mi Hessian matrix of the negative log posterior evaluated at Θ̂i. The term
(2π)mi/2|ΣΘ̂i

|−1/2 in the above expression is a penalty that is increasing in the number of
estimated parameters. Next, the posterior probability of model i is calculated according to:

ρ(i) =
exp(LP (i))
z∑
j=1

exp(LP (j))

,

where z is the number of models examined. The greater ρ(i), the greater the likelihood that
the data are generated by model i rather than one of the other models under consideration.
Table 3 displays the posterior probabilities for each of our 16 models of nominal frictions

in the early, middle, and late samples. Each row of Panels A-C represents a particular form
of wage setting while each column denotes a specific type of price setting. A comparison of
posterior odds reveals how much more likely it is that the real-world data were generated
by a model with one particular combination of price and wage rigidities than another model
with an alternative set of nominal frictions. For example, Panel A shows the odds that
our early-sample data were generated by a model with dynamic wage adjustment and static
price adjustment (0.324) are roughly 3 times greater than a model with static wage and
static price adjustment (0.101). In our late sample, however, Panel C reveals that the
dynamic-wage/static-price model (0.092) is only 1/5 as likely to have generated the data as
the static-wage/static-price model (0.510).
The sum of each column in Panels A-C gives the overall likelihood that sample data were

generated by a particular type of price setting. In our early and late samples, static price
adjustment with posterior odds equal to 0.772 and 0.974, respectively, dominates alternative
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models of nominal price setting. That result has intuitive appeal given the abundance of
evidence from prior studies suggesting that monetary policy anchored inflation expectations
during those periods. In the middle sample, our results suggest that price-setting arrange-
ments incorporated some degree of indexation to past price inflation. In other words, the
sum of the posterior odds for the partial-indexation and dynamic-indexation pricing models
is almost 80 percent (0.434 + 0.357 = 0.791). The fact that price setting exhibited some de-
gree of indexation is consistent with empirical studies that have indicated inflation followed
a non-stationary process during the 1970s.
The total of each row denotes the overall likelihood that a specific model of nominal wage

setting best describes the sample data. First, we consider the early and late samples, which
are both periods in which monetary policy appears to have anchored inflation expectations.
A comparison of Panels A and C shows there is a pronounced reduction in the posterior
probabilities attached to models in which wages are fully indexed to lagged inflation, and
a substantial increase in the probabilities attached to models with static wage indexation.
Specifically, the posterior probabilities for the models with dynamic wage indexation fall from
0.474 in the early sample to 0.094 in the late sample, whereas they correspondingly rise from
0.113 to 0.525 for static wage indexation. In contrast, the posterior probabilities for models
with partial wage indexation hold relatively steady over time with 0.412 in the early sample
and 0.381 in the late sample. The relative similarity of monetary policy in the early and late
samples means that the shift in wage setting from dynamic indexation to static indexation
was likely due to institutional changes in the labor market and not to monetary policy.19

Results for the middle sample (Panel B) presumably reflect the combined effects of the
changes in the labor market and a monetary policy that lost control of inflation. The middle
sample’s posterior probabilities for static wage indexation and partial wage indexation are
similar to their respective values in the early sample. The main difference between the two
samples is that the posterior probabilities for sticky-information wages gain at the expense
of dynamic wage indexation. When comparing the middle and late samples, the posterior
probabilities for the models with static wage indexation are higher in the late period. This
shift is consistent with the notion that future inflation was more variable and uncertain from
1969 to 1979 than it was after 1982.
To summarize, static indexation is the dominant model of nominal price frictions in

our early and late sample periods. Given that price-friction model, partial wage indexa-
tion best explains the early-sample data, whereas static wage indexation best explains the
late-sample data. In our middle sample, partial indexation is the dominant wage-frictions
model, and partial price indexation is more consistent with the data than the other alterna-
tive approaches. Accordingly, our baseline price and wage frictions models are static price
indexation and partial wage indexation in the early sample, partial price indexation and
partial wage indexation in the middle sample, and static price indexation and static wage
indexation in the late sample.

19As noted in Section 1.2, the percentage of union workers covered by automatic COLAs was roughly equal
in our early and late samples, but the percentage of the workforce that was unionized fell markedly between
those two periods.
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4.3 Baseline Parameter Estimates

The baseline model parameter estimates for our three samples are displayed in Table 4A.
Each parameter estimate is the mean value of that parameter’s posterior distribution which
is generated using the Metropolis-Hastings algorithm. To gain insight on the variability of
our parameter estimates, we also report the 5th and 95th percentiles for each parameter’s
posterior distribution. Several aspects of our parameter estimates are worth mentioning. For
example, government spending shocks vary considerably more in the middle sample than in
either the early or late sample, whereas preference shocks are much more variable in the late
sample. Technology and inflation-target shocks, on the other hand, exhibit substantially less
variation in the late sample. In addition, technology, investment-effi ciency, and wage markup
shocks are more persistent in the late sample than in the earlier two samples.
Table 4B displays the unconditional standard deviations for our eight exogenous variables.

The unconditional standard deviation of an exogenous variable is influenced by both the
variability of the disturbance term and the coeffi cients on the autoregressive and moving
average terms in the shock process. In a number of instances, changes in the standard
deviation of the disturbance term and the coeffi cients in the shock process offset each other
so that the unconditional standard deviation of the variable remains relatively constant. For
example, government spending innovations are more variable in the middle sample than in
the late sample, but those shocks are also less persistent. Those changes almost completely
offset each other so that the unconditional standard deviation of government spending across
the two samples is nearly identical. Similarly, technology innovations are much less variable
but more persistent in the late sample than in the early sample such that the unconditional
standard deviation of technology is only slightly larger in the late sample. The unconditional
standard deviations for the other exogenous variables vary substantially across periods. For
instance, the unconditional standard deviation of the price markup parameter, θp,t, is twice
as large in the late sample as in either earlier sample, whereas the unconditional standard
deviation of the wage markup parameter, θw,t, is half as large in the late sample as in the
early sample.
The estimates for the inflation-target and policy-rate shock processes provide a glimpse

into the conduct of monetary policy during our three samples. Table 4A shows that inflation-
target shocks are equally persistent in the early and late samples, ρπ = 0.74 and ρπ = 0.78,
respectively, but follow a unit-root process in the middle sample (c.f. footnote #17). The
standard deviation of the inflation target shock, however, declines by about 1/3 from the early
sample to the middle sample and by another 1/3 as one moves to the late sample. Those
estimates imply that longer-run inflation expectations went from being loosely anchored
(early sample), to unanchored (middle sample), to well anchored (late sample). To illustrate
inflation’s behavior, Figure 3 compares the actual annualized quarterly inflation rate (blue
dashed line) with the implied inflation rate target (red solid line) which is derived from the
estimated shocks to the inflation target process. The poor conduct of monetary policy during
the 1970s is also reinforced by the much larger standard deviation of the policy-rate shock
in the middle sample, 0.0028, than in either the early or late sample, 0.0009 and 0.0008,
respectively. In other words, monetary policy more tightly related short-term interest rates
to output growth and inflation in the early and late samples than in the middle sample.
Our estimates also reveal that the frequency of price and wage re-optimizations change
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over time. Table 4A shows the frequency of price re-optimization, ηp, increased by about 1/3
between the early and middle samples, and then fell by over 1/2 in the late sample. In con-
trast, the frequency of wage re-optimization, ηw, was relatively stable between the early and
middle samples and then increased by 38 percent in the late sample. The higher estimated
rate of price re-optimization during the middle sample plausibly reflects the unanchored and
uncertain monetary policy of that period, as compared to the early and, especially, the late
samples. The more frequent re-optimization of wages over time likely signifies the shrinking
importance of unions and their multi-year labor contracts as shown in Figure 1.

5 Empirical Implications

5.1 Variance Decompositions

Table 5 shows variance decompositions for output, the inflation rate, and the short-term
nominal interest rate over our three samples. Panels A and B report the conditional vari-
ance decompositions of each variable at forecast horizons of 1 and 4 quarters, respectively,
while Panel C displays their unconditional variance decompositions. The middle-sample de-
compositions for inflation and the interest rate are not comparable to their respective early-
and late-sample decompositions because both variables in the middle sample are measured
relative to the non-stationary stochastic trend in the inflation rate target. The variance
decompositions for output, in contrast, are not influenced by the inflation target, so their
values are comparable across all three samples.
The forecast error variance decompositions reveal that the underlying sources of output

variation have changed over time. Beginning with the 4-quarter forecast horizon, we ex-
amine how the impact of the exogenous shocks on output changes over our sample periods.
Multifactor technology shocks account for less of output’s variability over time while shocks
to the marginal effi ciency of investment increase. Specifically, output movements caused by
multifactor technology shocks decline from 34 percent in the early sample to 22 percent and 7
percent in the middle and late samples, respectively, whereas the investment effi ciency shocks
rise from 5 percent in the early sample to 31 and 34 percent in the middle and late samples,
respectively. The combined contributions of both technology shocks to output’s variability
is about 40 percent in the early and late samples but over 50 percent in the middle sample.
Individually, the impact of preference and government spending shocks on output variability
has risen from 1 percent in the early sample to 6 percent in the late sample. Price and
wage markup shocks’influence on output movements has moved in the opposite directions
over time with price markup shocks having a smaller influence as time progress, while wage
markup shocks have a larger effect. The combined contribution of the two markup shocks to
output variability is between 38 and 42 percent in the early and late samples, respectively,
but dips to 29 percent in the middle sample. Lastly, the impact of monetary policy on out-
put volatility has declined substantially over our sample periods. The inflation target and
policy rate shocks together are responsible for 21 percent of output movements in the early
sample but that amount drops to 8 percent and 4 percent in the middle and late samples,
respectively. In general, monetary policy shocks account for a smaller fraction of output
movements over time, while other shocks, such as government spending and preferences,
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make up larger percentages. At the forecast horizons of 1-quarter and infinity, the variance
decompositions for output display similar behavior over time to the patterns observed at the
4-quarter horizon.
The variance decompositions reveal that there are pronounced changes in the sources of

inflation variation between the early and late samples. Beginning with the 4-quarter forecast
horizon, inflation-target shocks explain an overwhelming share of inflation’s movements in the
early sample, while price and wage markup shocks account for most of inflation’s variability
in the late sample. Inflation target shocks explain 67 percent of inflation fluctuations in the
early sample but only 12 percent in the late sample. In contrast, price and wage markup
shocks account for a total of 76 percent of inflation’s variability in the late sample, but
only 18 percent in the early sample. Results at the infinite horizon are qualitatively and
quantitatively similar. At the 1-quarter forecast horizon, the effects observed at the 4-quarter
horizon remain, but there are additional noticeable declines in the relative importance of
multifactor technology and investment effi ciency shocks between the early and late samples.
Specifically, the combined contribution of those two shocks to inflation variability falls from
20 percent to 6 percent.
The variance decompositions for the nominal interest rate, like inflation, are comparable

between the early and late samples but not the middle sample. At the 4-quarter forecast
horizon, both technology shocks consistently account for between 32 and 35 percent of inter-
est rate variations in the early and late samples, whereas government spending shocks remain
between 3 and 4 percent. The preference, markup, and monetary policy shocks, in contrast,
have different effects on interest rate movements in the early and late samples. Specifically,
the relative importance of preference shocks doubles from the early to late samples, whereas
the combined share of price and wage markup shocks increases ten fold. Interest rate move-
ments arising from inflation-target and policy-rate shocks, in contrast, decline substantially
from the early to late samples. Qualitatively similar changes in the variance decomposi-
tions are observed at the infinite forecast horizon, except that multifactor technology shocks
decline in importance over time relative to investment-effi ciency shocks. The nominal inter-
est rate’s variance decomposition is much different at the 1-quarter forecast horizon. Most
importantly, policy rate shocks are the primary driver of interest rate movements in all three
samples. That result means that policy implementation errors, which are the main source
of policy shocks, are the leading factors causing the nominal interest rate to move in the
extreme short run. As for the other sources of variation, both technology shocks account for
more interest rate fluctuations in the early sample than in the late sample, whereas price
markup shocks are responsible for a larger share in the late sample. The preference, gov-
ernment spending, and wage markup shocks, on the other hand, all have roughly the same
effect on the nominal interest rate in the early and late samples.
In summary, monetary policy shocks are responsible for a larger fraction of output fluctu-

ations in the early sample than in the later samples while other shocks, such as government
spending and preferences, explain a greater share in the late sample. Inflation movements are
driven by inflation target shocks in the early sample and price and wage markup shocks in
the late sample. As for the nominal interest rate, its variability is propelled mainly by mone-
tary policy shocks in the early sample while markup shocks account for a greater percentage
in the late sample.
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5.2 Decomposition of Historical Output Fluctuations: The Great
Moderation

Historical fluctuations in output, inflation, the interest rate and other endogenous variables
can be attributed to current and lagged realizations of various exogenous shocks. The de-
composition of historical output movements across our different samples sheds light on some
possible causes of the Great Moderation in real activity that begins around 1984 (McConnell
and Perez-Quiros, 2000). The last row of Table 6 documents the decline in output volatil-
ity during the late sample. Specifically, the standard deviation of (de-trended log) output
is close to 2.4 percentage points in the early and middle samples but falls by 1/3 to 1.6
percentage points in the late sample. The source of the decline depends on whether one is
comparing the early and late samples or the middle and late samples.
A comparison of the early sample and late sample historical decompositions of output

reveals that all of the reduction in output volatility between the two periods can be attributed
to monetary policy. Specifically, inflation target shocks raised the standard deviation of
output by a full percentage point in the early sample, but lowered the standard deviation of
output by 0.3 percentage points in the late sample. In contrast, technology, preference, and
markup shocks made modestly larger contributions to output fluctuations in the late sample
than in the early sample.
The main source of reduced output volatility from the middle to late sample is a sizable

decline in the contribution from multifactor technology shocks. That is, multifactor technol-
ogy shocks raised the standard deviation of output by more than 1 percentage point in the
middle sample, but then lowered the standard deviation of output by 0.2 percentage points
in the late sample. Most of the other exogenous shocks either helped moderate the decline
in output volatility from the middle to late sample or had no meaningful effect. Specifically,
preference, investment effi ciency, and wage markup shocks had a larger effect on output
volatility in the late sample, whereas government spending, price markup, and policy rate
shocks had basically the same effect.

5.3 Impulse Response Functions

Figures 4A-B display the Bayesian impulse response functions for output, inflation, and the
nominal interest rate to each of the eight exogenous shocks. Each impulse response function
is calculated as the mean of a distribution of impulse responses to a one standard deviation
shock when the parameters are drawn from the posterior distribution. Our early-sample
impulse responses are shown in black (solid line) along with their 90 percent confidence
bands. The middle-sample and late-sample impulse responses are plotted in red (dashed
line) and blue (dash-dotted line), respectively, without confidence bands.
The left column of Figures 4A-B shows that output responds as expected to each shock.

Positive shocks to preferences, multifactor technology, investment effi ciency, government
spending, and the inflation target all cause near-term output to increase.20 In contrast,

20A preference shock is slightly different from a discount-factor shock. A positive preference shock indicates
the households are placing more value on current consumption, whereas a positive discount-factor shock
indicates households are placing more value on future consumption. Therefore, a positive preference shock
resembles a negative discount-factor shock.
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output immediately declines in response to positive shocks to the price markup, the wage
markup, and the policy rate.21 Most of our model’s exogenous shocks generate a “hump-
shaped”response in output, but there are some exceptions. A rise in government spending’s
share of output has an immediate expansionary impact, which gradually decays. In the early
and middle samples, positive preference and investment effi ciency shocks push output to its
peak on impact, whereas both shocks raise output in a hump-shaped manner in the late
sample. In general, output’s impulse responses are initially weaker and peak later in the
late sample than in the earlier samples. Late-sample shocks to multifactor technology, the
price markup, the inflation target, and the policy rate also produce a much smaller change
in output than in the early sample. That weaker output response extends to the middle
sample for the policy rate shock. The smoother and in some cases weaker output responses
observed in the late sample are consistent with the reduced high-frequency output variation
that defines the Great Moderation. In fact, the wage markup shock is the only exogenous
disturbance that generates a much stronger output response in the late sample than in the
earlier samples.
The response of inflation to each of the exogenous shocks is displayed in the middle

column of Figures 4A-B. As expected, positive shocks to preferences, government spending,
investment effi ciency, the price markup, the wage markup, and the inflation target push up
inflation, whereas increases in multifactor technology and the policy rate reduce inflation.
Our analysis of inflation’s response to an inflation target shock is complicated by the fact
that the inflation target follows a random walk during the middle sample so that all inflation
target shocks in that period are permanent. To maintain stationarity in the middle sample,
inflation’s response to an exogenous shock is measured as inflation’s deviation from the
inflation target. For example, an impulse response of zero for inflation indicates that inflation
is equal to its target. That difference means that inflation’s response to an inflation target
shock in the middle sample is not directly comparable to its responses in the early or late
samples. A permanent increase in the middle sample’s inflation target causes inflation to
increase immediately but by a smaller amount than the inflation target, which explains why
inflation’s response in Figure 4B is initially negative. In subsequent periods, inflation rises
above its target only to eventually fall back to that same level. In the early and late samples,
however, a positive inflation target shock causes inflation to jump immediately to its peak,
and then to gradually fall back to its steady state.
Inflation’s middle-sample responses to non-monetary shocks are similar in form to its

responses in the early sample. Positive shocks to preferences, government spending, and
investment effi ciency raise inflation immediately. Inflation then gradually declines toward
its steady state in subsequent periods. In another case, inflation initially declines following
a positive multifactor technology shock and then gradually rises for several periods. That
increase is sustained enough to cause inflation to temporarily rise above its steady state
before returning to its long-run level. Positive price and wage markup shocks during the
early and middle samples also produce that same overshooting response in inflation except
in reverse. In the late sample, all of inflation’s impulse responses peak on impact and
then monotonically return to steady state without overshooting. The impulse responses

21In our framework, εw,t < 0 and εp,t < 0 signify a positive wage markup shock and a positive price
markup shock, respectively. See Sections 2.1 and 2.2 for more details.
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for inflation are not consistently larger or smaller in any one particular sample. Another
interesting result is that inflation’s response to multifactor technology shocks is much larger
in the middle sample than in the late sample. That result is consistent with the belief
that the FOMC routinely accommodated commodity price increases (a negative multifactor
technology shock) during the 1970s, but rarely, if ever, did so during the Great Moderation.22

Comparison of the early- and middle-sample impulse responses for the nominal interest
rate reveals that both exhibit a similar pattern with the middle-sample responses being more
amplified.23 Those larger responses even occur when the behavior of output and inflation
is quite similar across the two samples. For example, preference, government spending, and
investment effi ciency shocks generate similar inflation and output dynamics in the early
and middle samples, while the interest rate response is much bigger in the middle sample.
Two factors driving the middle-sample’s interest rate dynamics are the somewhat stronger
response of monetary policy to inflation and output growth and the greater emphasis on
interest rate smoothing in the policy rule (i.e., φR1 + φR2 is larger). Lastly, the especially
large standard deviation of εR in the middle sample contributes to the greater interest rate
response to a policy rate shock during that period.
The late-sample non-monetary policy shocks generate larger and more strongly hump-

shaped interest rate responses than in the early sample. Those higher interest rate responses
are produced, in part, by monetary policy’s more aggressive response to inflation and output
growth in the late sample. The longer time between the initial shock and the subsequent
peak in the interest rate response is caused in part by the tendency for output responses to
be hump-shaped in the late sample.

6 Summary and Suggestions for Future Research

Our results indicate that many popular models of nominal frictions are not robust. None of
our 16 models of nominal price and wage frictions performs consistently well across the range
of changes in unionization and the conduct of monetary policy the U.S. has experienced in
the post-World-War-II era. The data suggest that a sticky price and sticky wage model with
static price indexation and partial wage indexation best explains the U.S. economy in our
early sample (1955:Q1-1968:Q4) when unionization was high and monetary policy loosely
anchored inflation. The middle-sample (1969:Q1-1979:Q3) data indicate that a model with
partial indexation of both prices and wages best accounts for the U.S. economy during a
period with moderately high rates of unionization and a monetary policy that failed to
anchor inflation. Finally, our results show that the late-sample (1983:Q1-2007:Q4) behavior
of the U.S. economy is best represented by a sticky price and sticky wage model with static

22“I find that oil shocks contributed substantially to core inflation until 1981, but since that time pass-
through has been largely absent. The evidence for this regime-break result is highly significant and robust...”
(Hooker, 2002). Gavin, Keen, and Kydland (forthcoming) build a model with an energy sector and a tax
code to theoretically explain the mechanism by which the FOMC could accommodate energy price shocks
in the 1970s with higher inflation but then discontinue that accommodation starting in the early 1980s.
23An exception to the “similar pattern”characterization is the interest rate response to an inflation target

shock. Since inflation target shocks are permanent in the middle sample, the impulse response function
shows the Fed sharply cutting its nominal interest rate target in order to push inflation up toward its new
higher target.
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price and wage indexation during a time characterized by low unionization rates and a
monetary policy with a strong inflation anchor. Those results highlight the likelihood that
popular models of price and wage adjustment are unable to endogenously respond to realistic
institutional and policy changes. Therefore, macroeconomic analyses based on such models
should be considered as valid approximations only in a quite limited range of institutional
and policy environments.
Three additional findings from this paper are important and worth reiterating. First,

estimates of the frequency of price and wage re-optimization indicate that prices have become
stickier in the later samples while wages have become less sticky. Second, comparison of
the volatility of output over the three samples reveals that smaller technology shocks and
improved monetary policy both contributed to the Great Moderation in output volatility that
began in the early 1980s. Third, inflation was much less sensitive to multifactor technology
shocks in the late sample than in the middle sample– a result that is consistent with the
general view that the FOMC was more willing to accommodate commodity price increases
in the 1970s than in subsequent decades.
Future research could proceed in a couple of directions. One approach is to examine how

a firm’s preferred price-setting behavior varies in response to changes in the economic envi-
ronment and the conduct of policy, while assuming that other firms also are optimally setting
their prices. Specifically, one needs to carefully model the endogeneity of nominal frictions
to determine the circumstances in which one pricing specification is likely to be preferred
to the alternatives. In that vein, Cogley and Sbordone (2008) show that if the permanent
component of inflation is identifiable, then price re-optimizing firms will systematically place
greater weight on future economic conditions as trend inflation rises. Consequently, Phillips-
curve coeffi cients vary endogenously with trend inflation.24 Once those shifting weights are
taken into account, Cogley and Sbordone (2008) find no evidence of dynamic indexation in
the data: Firms appear to hold their prices constant between re-optimizations.
The second approach for future research is to develop a model of nominal frictions that

is flexible enough to perform well over a wide range of time periods and policy regimes. For
example, Ireland (2007) estimates a DSGE model in which firms can index to a weighted
average of lagged inflation and the monetary authority’s time-varying target inflation rate.
Ireland’s empirical results indicate that firms completely index to the inflation rate target
and place zero weight on lagged inflation.25 Those results are consistent with the conclusion
reached here, that the sophistication of firms’pricing is not adequately captured by the
standard sticky price and sticky information models.

24Coibion and Gorodnichenko (2011a) examine the interaction between trend inflation, the degree in which
price re-optimization is forward looking, and the possible indeterminacy of monetary policy.
25Along the lines of Ireland (2007), Davig and Doh (2014) specify a price rule which enables an endogenous

response to shifts in monetary policy. They assume that prices are indexed to trend inflation between re-
optimizations, and that monetary policy switches between dovish and hawkish regimes. Firms then have to
account for potential regime changes when optimizing their prices.
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Table 2: Prior Distributions for Structural Parameters†

Prior Distribution Prior Distribution
Technology & Preferences Shock Processes
α Normal(0.3,0.05) ρZ Beta(0.5,0.2)
κ Normal(4,1.5) ρJ Beta(0.5,0.2)
b Beta(0.7,0.15) ρG Beta(0.5,0.2)
1

(ζ+1)
Beta(0.75,0.15) ρa Beta(0.5,0.2)

Price & Wage ρp Beta(0.5,0.2)
ηp Beta(0.25,0.1) ρw Beta(0.5,0.2)
ηw Beta(0.25,0.1) ρπ Beta(0.5,0.2)
γp Beta(0.5,0.2) µp Beta(0.5,0.2)
γw Beta(0.5,0.2) µw Beta(0.5,0.2)
Taylor Rule σZ Inv-Gamma(0.01,2)
φR1 Uniform(-2,2) σJ Inv-Gamma(0.01,2)
φR2 Uniform(-2,2) σG Inv-Gamma(0.01,2)
φπ Uniform(0,2) σa Inv-Gamma(0.01,2)
φ∆y1 Uniform(-1,1) σp Inv-Gamma(0.1,2)
φ∆y4 Uniform(-1,1) σw Inv-Gamma(1,2)

σπ Inv-Gamma(0.005,2)‡

σR Inv-Gamma(0.002,2)
† The numbers in parentheses denote the mean and standard deviation for the Normal and Beta
distributions, the lower and upper bounds for the Uniform distribution, and the mean and degrees
of freedom for the Inverse-Gamma distribution.
‡ Prior distribution for the late sample is Inv-Gamma(0.002,2).

29



Table 3: Model Comparison: Posterior Odds

Panel A: Early Sample (1955:Q1-1968:Q4)
Wage\Price Static Partial Dynamic Sticky Info. Total
Static 0.101 0.003 0.000 0.009 0.113
Partial 0.346 0.009 0.000 0.057 0.412
Dynamic 0.324 0.007 0.000 0.143 0.474
Sticky Info. 0.001 0.000 0.000 0.000 0.001
Total 0.772 0.019 0.000 0.209 1.000

Panel B: Middle Sample (1969:Q1-1979:Q3)
Wage\Price Static Partial Dynamic Sticky Info. Total
Static 0.025 0.046 0.031 0.001 0.103
Partial 0.085 0.198 0.160 0.013 0.456
Dynamic 0.036 0.069 0.046 0.014 0.165
Sticky Info. 0.032 0.121 0.120 0.003 0.276
Total 0.178 0.434 0.357 0.031 1.000

Panel C: Late Sample (1983:Q1-2007:Q4)
Wage\Price Static Partial Dynamic Sticky Info. Total
Static 0.510 0.014 0.000 0.001 0.525
Partial 0.372 0.008 0.000 0.001 0.381
Dynamic 0.092 0.002 0.000 0.000 0.094
Sticky Info. 0.000 0.000 0.000 0.000 0.000
Total 0.974 0.024 0.000 0.002 1.000
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Table 4A: Comparison of Baseline Parameter Estimates (Metropolis-Hastings)

1955:Q1-1968:Q4 1969:Q1-1979:Q3 1983:Q1-2007:Q4
5% Mean 95% 5% Mean 95% 5% Mean 95%

Technology & Preferences
α 0.2357 0.2620 0.2882 0.2177 0.2529 0.2903 0.1981 0.2249 0.2511
κ 0.1294 0.4247 0.7591 0.2844 1.4332 2.6133 3.2979 5.1882 7.0589
b 0.6018 0.7179 0.8390 0.6100 0.7056 0.8007 0.7856 0.8451 0.9090
1

(ζ+1)
0.6541 0.8063 0.9698 0.6526 0.8148 0.9854 0.5570 0.7489 0.9570

Price & Wage
ηp 0.1922 0.2419 0.2927 0.2430 0.3237 0.4028 0.1076 0.1507 0.1914
ηw 0.1684 0.2477 0.3265 0.1602 0.2698 0.3729 0.2087 0.3378 0.4664
γp − ≡ 0 − 0.1711 0.4871 0.7965 − ≡ 0 −
γw 0.2387 0.5307 0.8442 0.2167 0.5038 0.7984 − ≡ 0 −

Taylor Rule
φR1 1.2655 1.5412 1.8467 0.8197 1.1261 1.4306 0.7507 1.0010 1.2386
φR2 −1.0793 −0.8043 −0.5209 −0.6281 −0.2825 0.0801 −0.4481 −0.2638 −0.0726
φπ 0.0769 0.4931 0.9590 0.1016 0.5927 1.0668 0.3783 0.6857 0.9919
φ∆y1 0.0427 0.0733 0.1024 −0.0843 0.0306 0.1364 −0.0090 0.0329 0.0744
φ∆y4 − ≡ 0 − 0.1319 0.3781 0.6156 0.0890 0.2080 0.3207

Shock Processes
ρZ 0.8074 0.8665 0.9280 0.6687 0.7837 0.9061 0.9481 0.9683 0.9896
ρJ 0.1057 0.3714 0.6333 0.0760 0.2793 0.4681 0.6166 0.7264 0.8425
ρG 0.6561 0.7808 0.9131 0.6817 0.8035 0.9375 0.8965 0.9364 0.9772
ρa 0.1096 0.3363 0.5632 0.2391 0.4559 0.6772 0.2811 0.4902 0.7043
ρp 0.8819 0.9343 0.9872 0.3631 0.6010 0.8515 0.8254 0.8850 0.9453
ρw 0.1345 0.3916 0.6466 0.2193 0.4857 0.7479 0.8321 0.9077 0.9816
ρπ 0.6067 0.7366 0.8713 − ≡ 1 − 0.6365 0.7842 0.9406
µp 0.3288 0.5425 0.7569 0.1358 0.4109 0.6678 0.3810 0.5771 0.7711
µw 0.3094 0.5548 0.8609 0.1443 0.4756 0.7674 0.5994 0.7347 0.8821
σZ 0.0067 0.0080 0.0092 0.0062 0.0076 0.0089 0.0042 0.0047 0.0053
σJ 0.0030 0.0130 0.0243 0.0146 0.0585 0.1013 0.0353 0.0563 0.0774
σG 0.0032 0.0038 0.0044 0.0039 0.0047 0.0055 0.0025 0.0028 0.0031
σa 0.0104 0.0176 0.0247 0.0077 0.0133 0.0188 0.0139 0.0216 0.0293
σp 0.0544 0.0954 0.1317 0.0598 0.1279 0.1978 0.1056 0.2338 0.3608
σw 0.4362 1.3349 2.3080 0.2658 0.9155 1.1715 0.2463 0.6156 1.0368
σπ 0.0016 0.0029 0.0042 0.0011 0.0019 0.0027 0.0007 0.0013 0.0020
σR 0.0007 0.0009 0.0011 0.0021 0.0028 0.0034 0.0007 0.0008 0.0010
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Table 4B: Comparison of Baseline Parameter Estimates (Metropolis-Hastings)

1955:Q1-1968:Q4 1969:Q1-1979:Q3 1983:Q1-2007:Q4
5% Mean 95% 5% Mean 95% 5% Mean 95%

Unconditional Standard Deviations†

ΣZ − 0.0159 − − 0.0122 − − 0.0190 −
ΣJ − 0.0140 − − 0.0609 − − 0.0820 −
ΣG − 0.0060 − − 0.0079 − − 0.0080 −
Σa − 0.0187 − − 0.0149 − − 0.0247 −
Σp − 0.1415 − − 0.1315 − − 0.2803 −
Σw − 1.3558 − − 0.9156 − − 0.6659 −
Σπ − 0.0043 − − ≡ ∞ − − 0.0022 −
ΣR − 0.0009 − − 0.0028 − − 0.0008 −
† Σ = σ[(1 + µ2 − 2ρµ)/(1− ρ2)]1/2.
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Table 5: Forecast Error Variance Decompositions

Panel A: H = 1 Output Inflation Rate Interest Rate
Shock Process 55-68 69-79 83-07 55-68 69-79 83-07 55-68 69-79 83-07
Multifactor Tech. 19.17 5.66 3.20 17.83 23.66 5.24 2.94 0.03 0.16
Invest. Effi ciency 19.15 51.84 32.49 2.39 0.91 1.00 19.17 7.52 10.36
Gov’t Spending 7.47 19.74 22.17 0.46 0.33 0.10 6.76 2.86 5.66
Preference 4.95 6.05 16.83 1.24 0.66 1.69 5.65 1.08 6.92
Price Markup 23.50 6.68 12.75 29.49 59.54 72.85 2.40 0.48 8.68
Wage Markup 2.09 3.11 9.97 4.14 12.57 13.41 0.07 0.01 0.25
Inflation Target 19.06 0.43 2.42 43.64 0.10 5.65 8.19 4.32 0.14
Policy Rate 4.61 6.60 0.18 0.81 2.22 0.06 54.82 83.70 67.83

Panel B: H = 4 Output Inflation Rate Interest Rate
Shock Process 55-68 69-79 83-07 55-68 69-79 83-07 55-68 69-79 83-07
Multifactor Tech. 34.02 22.28 6.66 10.66 28.37 6.68 2.09 1.48 1.62
Invest. Effi ciency 5.30 31.10 33.99 2.12 0.98 2.14 30.32 30.96 32.93
Gov’t Spending 1.18 6.92 5.77 0.36 0.43 0.16 4.93 7.12 4.85
Preference 0.82 2.79 7.61 1.00 1.18 2.64 7.27 5.20 15.05
Price Markup 35.09 16.13 21.68 15.77 46.83 55.88 1.93 4.30 27.40
Wage Markup 2.75 12.81 20.75 2.29 15.53 20.06 0.44 0.74 4.30
Inflation Target 18.65 0.59 3.42 67.17 0.25 12.35 14.88 2.21 1.05
Policy Rate 2.18 7.38 0.12 0.63 6.43 0.10 38.14 47.99 12.78

Panel C: H =∞ Output Inflation Rate Interest Rate
Shock Process 55-68 69-79 83-07 55-68 69-79 83-07 55-68 69-79 83-07
Multifactor Tech. 35.35 30.87 24.01 10.10 29.69 6.28 10.24 3.10 2.55
Invest. Effi ciency 2.50 24.32 16.38 2.05 1.35 4.24 26.14 34.15 42.50
Gov’t Spending 0.47 4.15 1.46 0.35 0.45 0.33 3.63 6.87 3.03
Preference 0.36 1.66 1.31 0.89 1.01 2.72 6.20 5.77 12.36
Price Markup 45.90 13.27 18.82 14.82 45.31 49.74 10.73 5.32 22.78
Wage Markup 1.73 20.25 36.22 2.00 15.97 19.94 1.35 1.63 9.95
Inflation Target 12.80 0.45 1.79 69.15 0.28 16.64 15.75 1.90 1.01
Policy Rate 0.87 5.04 0.02 0.64 5.94 0.10 25.96 41.24 5.82
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Table 6: Contributions of Exogenous Shocks to the Volatility of Output†

Early sample Middle sample Late sample
Shock Process 1955-1968 1969-1979 1983-2007
Initial Values 0.239 0.015 −0.075

Technology & Gov’t
Multifactor Tech. 0.086 1.035 −0.202
Invest. Effi ciency 0.219 0.488 0.786
Gov’t Spending 0.101 −0.005 −0.083
Subtotal 0.406 1.518 0.501

Preference 0.061 0.114 0.443

Markup
Price Markup 0.265 0.568 0.552
Wage Markup 0.466 0.283 0.511
Subtotal 0.731 0.851 1.063

Monetary Policy
Inflation Target 1.047 0.038 −0.322
Policy Rate −0.096 −0.166 −0.017
Subtotal 0.951 −0.128 −0.339

Total Volatility‡ 2.388 2.370 1.593

† Let Yi denote the contribution of shock i to output so that Y =
∑8

i=1 Yi is the deviation
of output from its trend. Then σY =

∑8
i=1 ρiσi, where σY and σi are the standard

deviations of Y and Yi, respectively, and where ρi is the correlation between Y and Yi.
Data from the first 25 percent of each sample are excluded from the calculations in order to
minimize the role of pre-sample shocks. All of the results are in percentage points.
‡ Standard deviation of output.
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Figure 1: Percent of U.S. Private Sector Workers Who Are Union Members
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Figure 2: Percent of U.S. Private Sector Union Workers Covered by COLAs
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Sources: Hirsch (2008) and unionstats.com.

Note: Weiner (1986) and Devine (1996) use different dating conventions. Observations dated Year T by
Devine are dated Year T+1 by Weiner. We use Devine’s dating notation since it appears in a Department
of Labor publication. Sources: Weiner (1986) and Devine (1996).
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Figure 4A: Bayesian Impulse Responses to Exogenous Shocks
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Figure 4B: Bayesian Impulse Responses to Exogenous Shocks
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