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�Improving the public's understanding of the central bank's objectives and policy strategies reduces
economic and �nancial uncertainty and thereby allows business and households to make more
informed decisions.� ∼ Ben S. Bernanke, Speech to the Cato Institute 25th Annual Monetary
Conference, November 17, 2007.

1 Introduction

Bernanke demonstrates in this quote that the Federal Reserve recognizes the value in keeping the
public informed about the conduct of monetary policy. Even so, the Federal Reserve has a dual
mandate to promote both employment and in�ation stability, it does not explicitly communicate
relative importance for each of these goals, and it does not communicate an explicit long-run
target for in�ation as central banks from some other countries do. One might argue the reason
for being vague is to give monetary policy �exibility to address new short-run economic challenges
while maintaining credibility to keep in�ation at moderate levels in the long run. However, the
lack of complete communication concerning the conduct of monetary policy may create some
uncertainty among market participants concerning short-run and long-run monetary policy actions.
The purpose of this paper is to measure the degree of monetary policy uncertainty in the U.S.
economy over the last several decades, and examine the e�ect uncertainty has on levels of output
growth, unemployment, in�ation, and the volatility of these variables.

Many authors have found monetary policy transparency and credibility important are for
macroeconomic stability. For example, Cecchetti and Krause (2002) �nd evidence for this from
60 central banks around the world. Cecchetti et al. (2006) �nd for 20 countries around the world
that 80% of the reduction in macroeconomic volatility since the early 1980s can be attributed to
better monetary policy, and that credibility and transparency plays an important role. Bernanke
and Mishkin (1997) suggests that the decrease in macroeconomic volatility since the early 1980s in
the United States was due in large part to an established, and therefore well understood, monetary
policy that put its greatest emphasis on in�ation targets. Cecchetti and Ehrmann (2002) similarly
�nd evidence for countries across the world that central banks that have shifted focus to in�ation
stability, either explicitly or implicitly, have sucessfully limited both in�ation and output volatility
since the early 1980s.

All these papers suggest that monetary policy that is well understood by the public leads
greater macroeconomic stability, and many attribute the slow down of macroeconomic volatility
around the world since the early 1980s to precisely this. A related literature examines the e�ect
macroeconomic volatility has on levels of in�ation and output growth, where volatility is used
as a measure for economic uncertainty. Examples from this literature include Grier and Perry
(2000), Fountas (2001), Fountas et al. (2002), Grier et al. (2004), Fountas et al. (2006), and
Fountas and Karanasos (2007). All these papers use autoregressive heteroskedastic models, with
varying complications, to establish measures of economic uncertainty. While results sometimes
depend on the speci�cation of the model, most of the papers agree that higher in�ation uncertainty
has a negative impact on economic growth. In a sense, the implication for monetary policy may
agree with Bernanke and Mishkin (1997) in that successful in�ation targeting can lead to better
macroeconomic outcomes.

The above papers are limited in that they do not focus speci�cally on uncertainty concerning
monetary policy, and they cannot separate heteroskedasticity and uncertainty, so as to determine
the impact uncertainty has volatility. The present paper takes a step in each of these directions.
Motivated by the literature on transparency and in�ation targeting which suggests well-understood
policy leads to desirable outcomes, the present work measures monetary policy uncertainty in the
U.S. by measuring market participants perceptions of monetary policy. Speci�cally, we suppose
agents estimate a Taylor-like regression rule where the federal funds rate responds to expectations
of future in�ation, output growth, and unemployment. Since the Fed does not explicitly com-
municate the relative importance of in�ation and employment stability, the target in�ation rate,
or how responsive the federal funds rate is to �uctuations in these variables, we argue monetary
policy is transparent when its actions are predictable, based on estimates of the linear regression
monetary policy rule using data available to agents at the time.258
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We re-estimate the Taylor-like regression rule for each period in our sample, using only the
data prior to this period which would realistically be available to market participants at the time.
Speci�cally, we use a constant-gain least squares learning algorithm in the style of Evans and
Honkapohja (2001) which supposes agents give relatively more weight to more recent observations.
We use the root mean squared error from this regression as our measure of monetary policy
uncertainty and report the evolution of agents' perceptions and agents' levels of uncertainty over
the sample period. We then estimate the impact uncertainty has on levels of output growth,
unemployment and in�ation and the volatility of these variables. We fail to �nd evidence that
uncertainty a�ects the levels of these variables, but in many speci�cations we consider, we �nd
statistically signi�cant evidence that greater monetary policy uncertainty leads to greater volatility
of output growth, unemployment, and in�ation.

2 Estimating Monetary Policy

2.1 Data

To generate rolling estimates of the Taylor rule and compute estimates for monetary policy un-
certainty, we use quarterly data from 1978:Q4 through 2011:Q3 on the federal funds rate and
expected future output growth, in�ation, and unemployment using the median forecast from the
Survey of Professional Forecasters. To estimate the impact that monetary policy uncertainty has
on macroeconomic outcomes, we use quarterly data from the same time period on output growth,
in�ation, unemployment, and the federal funds rate. Output growth is measured using the annual-
ized quarterly percentage growth rate in real GDP, and in�ation is measured using the annualized
quarterly percentage growth rate in the GDP de�ator.

2.2 Least Squares Learning

Agents learn how the Federal Reserve conducts monetary policy by estimating the following policy
rule similar to Taylor (1993),

rt = α0 + αrrt−1 + αππ
e
t,t+1 + αgg

e
t,t+1 + αuu

e
t,t+1 + εt (1)

which recognizes that the Fed may adjust the nominal federal funds rate rate (rt) in response to
expected in�ation (πet,t+1), expected future growth rate of real GDP (get,t+1), and expected future
unemployment (uet,t+1). The subscripts on the expected variables denote an expectation formed at
time period t for the outcome in period t+1. The median forecast from the Survey of Professional
Forecasters is used for the expectation for each variable. Judd and Rudebusch (1998), Taylor
(1999), and Orphanides (2003), among others, have suggested Taylor rules in forms similar to this
one are a useful framework to use to understand the conduct of monetary policy.

The Taylor rule above supposes that the Fed responds to expectations of future macroeconomic
variables, rather than concurrent values or past lags. Judd and Rudebusch (1998) estimate a
Taylor rule where monetary policy responds to concurrent values of in�ation and the output gap.
McCallum (1997) suggests that it is unrealistic for monetary policy to respond to current-period
macroeconomic variables such as output or price level and that an �operational� monetary policy
rule would depend on lagged variables. Clarida et al. (2000) estimate a Taylor rule similar to the
present paper where policy responds to expectations of future in�ation and the output gap. The
Taylor rule in the present paper may be seen as a compromise of these latter two approaches. It
depends on future expectations of macroeconomic outcomes (future outcomes are arguably the
targets for monetary policy), but it is operational in the sense that expectations, either those
reported by the Survey of Professional Forecasters, or the forecasts from the Federal Reserve's
own models, are available when the Fed sets interest rates.

At every time, t, agents re-estimate equation (1) using past data up through period t− 1. Let
xτ = [1 rt−1 π

e
τ,τ+1 g

e
τ,τ+1 u

e
τ,τ+1]

′ denote the vector of explanatory variables used to predict rτ
and α̂t = [α̂0,t α̂π,t α̂g,t α̂u,t]

′ denote the time t estimate for the regression coe�cients. If agents259
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estimate equation (1) by ordinary least squares, then the estimates for the coe�cient at time t is
given by,

α̂t =

(
1

t

t∑
τ=1

xt−τx
′
t−τ

)−1 (
1

t

t∑
τ=1

xt−τrt−τ

)
. (2)

This can be conveniently re-written in the following recursive form,

α̂t = α̂t−1 + γtR
−1
t xt−1

(
rt−1 − x′t−1α̂t−1

)
Rt = Rt−1 + γt

(
xt−1x

′
t−1 −Rt−1

) (3)

where γt−1 = 1/t is called the learning gain and is equal to the weight given to the most recent
observation. The matrix, Rt, is an average of the outer-products of the vector of explanatory
variables. Therefore, it's inverse is directly related to the variance/covariance matrix of the esti-
mate of the coe�cient vector. The recursive representation nicely illustrates the manner in which
expectations are adaptive. The term in parentheses on the right hand side of the �rst equation
in (3) is the error that was made forecasting rt−1 using the previous period's estimates for co-
e�cients. The degree to which the current estimate, α̂t is updated from the previous estimate,
α̂t−1, depends on the forecast error and the size of the learning gain, γt. The larger is the error
made with the previous estimate, the larger is the update. The larger is the learning gain, the
larger is the update. Since the learning gain is the inverse of the sample size, it is large when the
sample size is small. When the sample size is small, adding a new observation has a relatively
large impact on the estimated coe�cients. As time approaches in�nity, the sample size approaches
in�nity and the learning gain approaches zero. When there are a large number of observations, a
new observation has a negligible e�ect on the estimates.

As time progresses with ordinary least squares, the learning algorithm converges on a set of
coe�cients, and uncertainty about how the Fed conducts monetary policy disappears. Also, if
market participants always use ordinary least squares, they never suspect that a structural change
in monetary policy is possible. If a structural change did occur, market participants would learn
about it, but only very slowly. Structural change or not, the weight put on new observations gets
smaller and smaller and all observations from the beginning of time are given equal weight.

There is strong evidence that structural changes in Taylor rule occurred at multiple times in
U.S. history. Taylor (1999), Clarida et al. (2000), and Orphanides (2003), among others, �nd
statistical evidence that the Federal Reserve more heavily targeted in�ation after Paul Volker's
appointment as Fed Chairman in 1979. Judd and Rudebusch (1998) �nds evidence for structural
changes in the Taylor rule based on the terms of three Federal Reserve chairmen. Constant gain
learning is an alternative framework where agents can learn about such structural changes and
learning dynamics do not disappear over time. Constant gain learning simply replaces the learning
gain, γt, with a constant value, γ ∈ (0, 1). Repeated substitution of equations in (3) shows that
constant gain learning is equivalent to the following weighted least squares estimator,

α̂t =

(
(1− γ)

t∑
τ=1

γτxt−τx
′
t−τ

)−1 (
(1− γ)

t∑
τ=1

γτxt−τrt−τ

)
. (4)

Equation (4) indicates the weight observations from τ periods in the past is equal to (1 − γ)γτ .
Since γ ∈ (0, 1), most recent observations are given the highest weight and the weights decline
geometrically with time. One may view this as a learning mechanism for agents that have a
constant suspicion of structural change that is not directly observable. Agents do not have a
formal understanding of the size of changes that could occur or the probabilities for which they
could occur, so they simply put the most weight on the observations which are most likely to
re�ect the current structure of the economy.

Computing the coe�cients for constant gain learning using the recursive algorithm given in
the equations in (3) requires an initial condition for α̂0 and R0. The sample period studied in the260



Economics Bulletin, 2013, Vol. 33 No. 1 pp. 257-270

this paper runs from 1978:Q4 though 2011:Q3. We use the ten years prior to this sample (1968:Q4
through 1978:Q3) to construct an estimate for the initial conditions for the learning process. We
estimate the Taylor rule given in equation (1) with ordinary least squares and use the estimated
coe�cients to initialize α̂0 and the average of the outer product, xtx

′
t, to initialize R0.

Market uncertainty concerning the conduct of monetary policy can be captured by the residuals
from market participants' weighted least-squares estimates of the Taylor rule given in equation
(1). The larger are the average squared residuals from this regression, the larger will be the
variance of the forecast for rt+τ , and the larger will be variance for forecasts for any variable that
depends on future interest rates. For a given value for γ, we use the following root weighted mean
squared residuals (RMSR) as a measure of the degree of uncertainty caused by recent unpredicted
monetary policy actions,

mγ,t =

√√√√(1− γ)
t∑

τ=1

γτ (rt−τ − x′t−τ α̂t−τ )2, (5)

where the weights (1− γ)γτ are consistent with constant gain learning.

2.3 Learning with Instrumental Variables

Agents face a possible endogeneity problem estimating the Taylor rule in equation (1) using the
least squares estimator given in equation (4), which like ordinary least squares ignores the possible
joint determination of the Fed's choice of the federal funds rate and the expectations of future
outcomes for in�ation, output growth, and unemployment. Clarida et al. (2000) estimate a Taylor
rule that includes possibly endogenous expectations of macroeconomic variables and use lags of
these same variables as instruments. We suppose agents may follow a similar strategy in generating
their rolling estimates of the Taylor rule coe�cients, using as instruments two lagged values each
of the growth rate, unemployment rate, and in�ation rate, as well as previous forecasts from the
Survey of Professional Forecasters to take advantage of additional explanatory power deriving
from possible persistence in the forecasts.

Like Clarida et al. (2000) we have more instruments than endogenous variables. Suppose then
that agents estimate the Taylor rule each period using a standard two-stage least squares instru-
mental variables regression procedure, altered only by using weights on observations consistent
with constant gain learning. In the �rst stage, agents regress the endogenous variables (expected
future output, unemployment and in�ation) against the instruments and the remaining exogenous
Taylor rule regressors (constant and the lagged interest rate). In the second stage, agents estimate
the Taylor rule by regressing the federal funds rate on the predicted values of the endogenous
variables from the �rst-stage and the remaining exogenous variables.

Let wt = [πet,t+1 g
e
t,t+1 u

e
t,t+1]

′ denote the possibly endogenous regressors in xt, and vt = [1 rt−1]
′

denote the remaining exogenous regressors, so that xt = [v′t w
′
t]
′. Let zt denote the vector of

instruments and exogenous variables used in the �rst stage regression, which is given by,

zt = [1 rt−1πt−1 gt−1 ut−1 π
e
t−1,t g

e
t−1,t u

e
t−1,t πt−2 gt−2 ut−2 π

e
t−2,t−1 g

e
t−2,t−1 u

e
t−2,t−1]

′

The �rst stage regression equation for each endogenous variable, wi,t in vector wt, is given by,

wi,t = z′tβ + υi,t.

The time t constant gain least squares estimate for the coe�cient vector, β, is given by,

β̂t =

(
(1− γ)

t∑
τ=1

γτzt−τz
′
t−τ

)−1 (
(1− γ)

t∑
τ=1

γτzt−τwi,t−τ

)
, (6)

and the predicted value for the endogenous regressor is given by ŵi,t = z′tβ̂t.
261
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Let x̂t = [v′t ŵ
′
t]
′ denote the regressors used in the second stage regression, where endogenous

variables in xt have been replaced with their predicted values from the �rst stage regression. The
rolling IV estimator for the Taylor rule coe�cients in equation (1) is given by,

α̂IVt =

(
(1− γ)

t∑
τ=1

γτ x̂t−τ x̂
′
t−τ

)−1 (
(1− γ)

t∑
τ=1

γτ x̂t−τrt−τ

)
. (7)

This two-stage weighted least squares instrumental variables regression procedure can be writ-
ten in the following recursive form,

Stage 1:

β̂t = β̂t−1 + γ
(
RS1
t

)−1
zt−1

(
wi,t−1 − z′t−1β̂t−1

)
RS1
t = RS1

t−1 + γ
(
zt−1z

′
t−1 −RS1

t−1

)
ŵi,t = z′tβ̂t, x̂t = [v′t ŵ

′
t]
′

Stage 2:

α̂IVt = α̂IVt−1 + γ
(
RS2
t

)−1
x̂t−1

(
rt−1 − x̂′t−1α̂t−1

)
RS2
t = RS2

t−1 + γt
(
x̂t−1x̂

′
t−1 −RS2

t−1

)
.

(8)

Again the learning algorithm requires initial conditions for the state of expectations at the
beginning of the sample. Initial values are needed for β̂0 and RS1

0 in the �rst stage regression
and for α̂IV0 and RS2

0 in the second stage. We initialize these with estimates a standard two-stage
least squares instrumental variables regression run on the ten years prior to the sample (1968:Q4
through 1978:Q3).

Uncertainty regarding the conduct of monetary policy is computed similar to equation (5)
above,

mIV
γ,t =

√√√√(1− γ)
t∑

τ=1

γτ (rt−τ − x̂′t−τ α̂IVt−τ )2. (9)

2.4 Perceptions of Monetary Policy

Figure 1 shows the paths of the coe�cients and monetary policy uncertainty using learning gains,
γ ∈ {0.01, 0.02, 0.05}, and least squares learning (no instrumental variables). Figure 2 shows these
same paths when market participants use two-stage instrumental variable learning. The behavior
and the magnitude of the coe�cients and uncertainty under each learning framework are very
similar. Also, the behavior and magnitude of monetary policy uncertainty under each learning
gain is very similar, even while there are slight di�erences in the path of the coe�cients for di�erent
learning gains.

Market participants had the highest levels of uncertainty in the late 1970s and early 1980s as
Paul Volker assumed the chairman position of the Federal Reserve and began aggressively �ghting
in�ation. Even so, agents did perceive a movement in the Taylor rule coe�cients at the same time.
Agents perceived a high constant, and therefore a high average level of interest; a larger coe�cient
on in�ation; a smaller coe�cient and lagged interest rate, indicating faster moving policy to �ght
in�ation; and a near zero and even negative coe�cient on economic growth.1 The highest level
monetary policy uncertainty took in the early 1980s is 5.5 or 550 basis points. Loosely interpreting

1Policy instead designed to �ght falling rates of economic growth with low interest rates would have a positive

coe�cient. 262
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the root mean squared residual as an average distance of the forecasted value2, this implies in 1980
the Federal Funds rate was 550 basis points above what market participants perceived to be typical
recent behavior of monetary policy in response to economic conditions at the time. Monetary
policy uncertainty also reaches peaks before the recession in 2001 (reaches approximately 100
basis points) and again before and during the Great Recession (reaching approximately 150 to 200
basis points, depending on the learning gain).

3 Macroeconomic Impact

We now turn to estimating the impact monetary policy uncertainty has on the macroeconomy.
Speci�cally, we are interested in determining whether uncertainty adversely a�ects output growth,
in�ation, unemployment, or the volatility of these variables. We use a reduced form vector autore-
gression (VAR) model with autoregressive conditional heteroskedastic (ARCH) shocks to answer
this question. The VAR speci�cation is general enough to allow for interactions of output growth,
in�ation, and unemployment as might be speci�ed by a dynamic general equilibrium model or
more simply-stated macroeconomic theory. The ARCH shocks allow for exogenous time-varying
macroeconomic volatility.

Let yt = [gt πt ut rt]
′ denote a vector of endogenous macroeconomic variables. Consider the

following augmented VAR(p),
yt = A(L)yt−1 + λmγ,t + νt (10)

where A(L) is a distributed lag polynomial of order p, λ is a vector of coe�cients that measure the
impact monetary policy uncertainty has on levels of output growth, in�ation, unemployment, and
νt is a vector of stochastic shocks with zero mean and possibly evolving variance. In this paper, we
consider three learning gains which are close to values found in the literature, γ ∈ {0.01, 0.02, 0.05},
and lag lengths, p ∈ {1, 2, 4}.

To test for the possibility that monetary policy uncertainty a�ects macroeconomic volatility,
we allow the variance of stochastic shocks to evolve over time. We use a �rst-order ARCH model,
augmented with monetary policy uncertainty as an additional explanatory variable. Let η2i,t denote
the variance of one of the shocks in νt. We examine the following model,

η2g,t = θg,0 + θg,gη
2
g,t−1 + θg,πη

2
π,t−1 + θg,uη

2
u,t−1 + µgm

2
γ,t + υg,t

η2π,t = θπ,0 + θπ,gη
2
g,t−1 + θπ,πη

2
π,t−1 + θπ,uη

2
u,t−1 + µπm

2
γ,t + υπ,t

η2u,t = θu,0 + θu,gη
2
g,t−1 + θu,πη

2
π,t−1 + θu,uη

2
u,t−1 + µum

2
γ,t + υu,t

(11)

which is general enough to allow the volatility of output growth, in�ation, and unemployment to
depend on their own history and in�uence each other. The coe�cients µi capture the additional
volatility which can be attributed speci�cally to monetary policy uncertainty.

Table I shows the estimation results under least squares learning (without instrumental vari-
ables) and Table II shows the results under two-stage least squares learning with instrumental
variables. These table report the estimates of the VAR coe�cient on monetary policy uncertainty
(λt), the estimates of the ARCH coe�cient on monetary policy uncertainty (µt), and model �t
statistics including the adjusted R-squared, the multiple F-test on the VAR, the Akaike Informa-
tion Criterion (AIC), and the Bayesian Information Criterion (BIC).

The results are very similar under each learning framework, with and without instrumental
variables, both in terms of statistical signi�cance, and in the magnitude of coe�cients and model
�t statistics. The AIC and adjusted R-square values point to the VAR(4) as the most appropriate
model. The BIC suggests the VAR(2) as the most appropriate model, followed very closely by the
VAR(1). In every speci�cation, the coe�cient on monetary policy uncertainty in the VAR(p) is not
statistically signi�cantly di�erent from zero, so we fail to �nd evidence that uncertainty adversely
e�ects levels of in�ation, unemployment, and output growth. However, in many instances, the

2A mean absolute residual is mathematically equivalent to the average distance of the forecasted value from the

actual value. A root mean squared residual is of similar magnitude.
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coe�cient on monetary policy uncertainty in the ARCH is statistically signi�cant, indicating
higher levels of policy uncertainty leads to greater macroeconomic volatility. In the VAR(1), these
ARCH coe�cients are statistically signi�cant for all in�ation, unemployment, and output growth
volatility. In the VAR(4), the ARCH coe�cients are statistically signi�cant for in�ation and
unemployment volatility.

Overall, the results show a rather robust �nding that monetary policy uncertainty may not
impact the levels of in�ation, output growth, or unemployment, it does lead to less stability in
in�ation and unemployment. When there is a greater uncertainty, there is more volatility in
agents' expectations. When there is a large degree of uncertainty, residuals in agents' regressions
are larger in magnitude (right-hand side of equation (3)), agents' estimates for the coe�cients
in the Taylor rule are more volatile, and therefore expectations are more volatile. Volatility in
expectations leads to volatility in consumers' and/or �rms' decisions. In the estimates of our
ARCH model, we �nd evidence speci�cally for greater in�ation and unemployment volatility in
response to greater monetary policy uncertainty.

4 Conclusion

The Federal Reserve has a dual mandate to promote stability in employment and in�ation and to
maintain �exibility, it does not communicate precise targets for each nor the degree to which the
federal funds rate will be adjusted in response to each. Market participants decisions often depend
on expectations for variables that depend on expectations for monetary policy. We use a Taylor rule
regression equation and a constant gain learning model to compute market participants' estimates
for the conduct of monetary policy, and we develop a measure for the degree of uncertainty caused
by unpredicted monetary policy changes by aggregating recent squared residuals. We �nd evidence
consistent with other literature that monetary policy (as described by a Taylor rule) has evolved
over the last several decades, along with market participants' perceptions of monetary policy.
Despite the ability for market participants to learn about monetary policy, changes in policy also
coincide with increases in monetary policy uncertainty.

We incorporate the measure of monetary policy uncertainty into a VAR models of output
growth, in�ation, unemployment, and interest rates with ARCH errors. The VAR results indicate
there is insu�cient evidence to conclude monetary policy uncertainty a�ects levels of output
growth, in�ation, or unemployment, but the ARCH(1) results do show that higher monetary policy
uncertainty leads to greater volatility for in�ation and unemployment. The policy implications
may be important to central bankers if new challenges call for new monetary policy prescriptions.
Changes in policy may lead to an environment of increased uncertainty, which we �nd creates less
stability in output growth and unemployment.
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Figure 1: Expectations With Least-Squares Learning: Uncertainty and Perceived Coe�cients
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Figure 2: Expectations With IV Learning: Uncertainty and Perceived Coe�cients
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