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The dissertation explores the links between macroeconomic phenomena and monetary

policy and to develop new econometric methods. In the first chapter, “Monetary Policy

Rules and Macroeconomic Stability Revisited: Limited Information Approach under Iden-

tifying Restrictions, provides a new approach to limited information estimation consistent

with the forward-looking monetary policy rule. Recently, the weak identification in the

conventional estimation method has drawn attention to the estimation of a forward-looking

monetary policy rule. This paper identified a particular range for the value of the concentra-

tion parameter, for which the generalized method of moments (GMM) suffers from the weak

identification problem, while the proposed method does not. This implies that GMM estima-

tion generates spurious weak identification in the estimation of a forward-looking monetary

policy rule.

The proposed approach allows us to provide stronger messages to the estimation of a

forward-looking monetary policy rule. The estimation results confirm a change of monetary

policy in the U.S. In the 1960-1979 sample, the policy was inactive and it did not react

sufficiently to the expected deviation of inflation from its target. In contrast, under the

1979-1997 sample monetary policy actively responses to the inflation with a high degree of

interest smoothing.

The second chapter of the dissertation is the extension of the first chapter, “Estimation of

a Time-varying Forward-looking Monetary Policy Rule: Limited Information Approach. In

this chapter, I estimate a time-varying forward-looking monetary policy rule by considering
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a time-varying structural vector auto-regression (VAR) model for the monetary transition

mechanism. Assuming that the time variation comes from the coefficients and the variance

covariance matrix, I illustrate this via modeling multivariate stochastic volatility. In a foun-

dational paper, Primiceri (2005) estimated a time-varying structural VAR with stochastic

volatility after assuming monetary policy shocks to be independent of any other innovations

without forward-looking variables. Because agents are assumed to be rational, monetary

policy changes can be incorporated into future forecasts. Kim and Nelson (2006) used a

single equation to investigate the estimation of a forward-looking monetary policy rule in

relation to the forward-looking behavior of agents. To account for the endogeneity, they sug-

gested a two-step estimation technique based on the control function approach. However, as

Chon and Kim (2014) argued, the error term in instrumenting equations for forward-looking

variables follows moving-average (MA) dynamics, resulting in additional information loss.

Consequently, this paper illustrates that one can recover this MA structure after considering

the reduced-form of the time-varying VAR; the procedure suggested in this paper resolves

the possible weak identification issues.

The third chapter of the dissertation is “Stock Market Reaction to Monetary Policy

Changes: Identification through Heteroskedasticity with Markov-switching.” This paper in-

vestigates the estimation issues surrounding the response of asset prices to monetary policy

changes. Because of the simultaneous relationship between stock prices and policy decisions,

and because both react to numerous other variables, estimation of the impact of stock price

to monetary policy action is difficult.

In this paper, I use the heteroskedastic structure of monetary policy shocks to iden-

tify stock market reactions to monetary policy changes following Rigobon and Sack (2004).

Especially, in order to consider all possible sources which affect shifts in monetary policy

shocks, such as the alteration of expectations about the future path of the monetary policy

and a change in the timing of policy moves, I incorporate the Markov-switching framework

to detect different state endogenously. The procedure proposed in this paper can reduce the

potential bias caused by mis-specified timings in the shifts of monetary policy shocks and

produce more precise estimate of the monetary policy actions on the stock market. Since the

stock market is forward-looking, I focus on the surprised part of the policy actions within the
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conventional event-study framework. The empirical finding tells us that the heteroskedastic-

ity on event day may well be a consequence of the asymmetric effects on the different types

of policy actions: expansionary policy vs. contractionary policy. Also, we found that the

unanticipated 25-basis point increase would decrease 1.91 percent in the S&P 500 returns.
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Chapter 1 1

Monetary Policy Rules and Macroeconomic Stability Revisited:

Limited Information Approach Under Identifying Restrictions

1.1. Introduction

In estimating the forward-looking monetary policy rule, the full information method may

not be optimal when we are not interested in estimating other structural equations in the

system. For example, Fukač and Pagan (2010), Mavroeidis (2004), and Kurmann (2007)

argue that the limited information method may sometimes be preferred, as it is robust

with respect to specification errors in other structural equations that one is not estimating.

Another advantage of this method is that one does not need to solve for the model prior to

estimation. This is why generalized method of moments (GMM) is sometimes employed in

estimating the policy reaction function.

Clarida et al. (2000) estimate the forward-looking monetary policy rule by employing

GMM. They conclude that the policy reaction did not satisfy the conditions for determinacy

prior to the Volcker era, violating the Taylor principle. They also find that the policy over the

Volcker-Greenspan era (1979:Q3-1997:Q4 sample) did satisfy the Taylor principle. However,

it is well known that GMM estimation of forward-looking models may be subject to weak

identifiability of the model’s parameters. Mavroeidis (2004) and Nason and Smith (2008)

analyze potential sources of weak identifiability in these models, and Stock et al. (2002)

provides a survey of issues related weak instruments andn weak identification in GMM.

Stock and Wright (2000), Kleibergen (2005, 2007), and Kleibergen and Mavroeidis (2009)

discuss identification-robust inferences based on GMM. Especially, Mavroeidis (2010) studied

weak identification in the estimation of the Taylor rule by revisiting the original work by

Clarida et al. (2000). He asserts that the anaylsis of monetary policy rule based on single-

equation approaches may suffer from weak identification, which can lead biased estimators

1 This chapter is based on the joint work with Chang-Jin Kim.
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and inferences. Inoue and Rossi (2011) also confirm the weak identification problem in the

Taylor rule based on GMM by proposing a test for weak identification in nonlinear models.

However, an identification-robust method based on GMM often produces large confidence

sets making inconclusive evidence for the Taylor rule estimation.

As Mavroeidis (2010) mentions, his analysis points out the shortcomings of the limited

information method such as GMM. He suggests making use of further identifying assumptions

when estimating the monetary policy rule. In this paper, we do this. By assuming that

monetary policy shocks are uncorrelated with other macroeconomic shocks and that they

do not have contemporaneous effects on output or inflation, we develop a new approach

to limited information estimation of the policy rule as an alternative to GMM. Such an

identifying assumption, albeit possibly controversial, is standard in the literature and has

been extensively adopted.

The limited information method proposed in this paper is more efficient than GMM.

The strength of the instruments is characterized in linear instrumental variables regression

models by a unitless measure known as concentration parameter. Based on Monte Carlo

experiments, we show that there exists a particular range of the concentration parameter

such that our method does not suffer from the problem of weak identification, while GMM

does. For this range of the concentration parameter, both the Wald test from our approach

and the identification-robust test from GMM have correct size. Under the same situation,

however, the power of the conventional Wald test from the proposed approach is considerably

higher than that of the identification-robust test from GMM.

The proposed approach allows us to provide stronger messages to the estimation of a

forward-looking monetary policy rule. The estimation results confirm a change of monetary

policy in the U.S. In the 1960-1979 sample, the policy was inactive and it did not react

sufficiently to the expected deviation of inflation from its target. In contrast, under the 1979-

1997 sample monetary policy actively responses to the inflation with a high degree of interest

smoothing. As a diagnostic check, we confirm the validity of the identifying assumptions we

employ by showing that the disturbance of the estimated policy rule equation are serially

uncorrelated. Furthermore, we show that the proposed approach does not suffer from the

weak identification problem, based on a bootstrap-based Monte Carlo experiment.
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The plan of this paper is as follow. In Section 2, we present a new approach to limited

information estimation of the forward-looking monetary policy with the identifying assump-

tions. In Section 3, we perform Monte Carlo experiments in order to evaluate the performance

of the proposed method in comparison with GMM. Section 4 discusses empirical results, and

Section 5 concludes the paper.

1.2. A New Approach to Limited Information Estimation of the Forward-Looking

Policy Rule

1.2.1. Underlying Model and Identifying Restrictions

We consider a model that consists of the monetary policy equation and the reduced-form

equations for both inflation and the output gap, as given below:

it = β0 + (1 − β1)(βπEt[πt+1] + βxxt) + β1it−1 + εt, (1.1)

πt = Aπ +B ′

πỸt−1 + e2,t, (1.2)

xt = Ax +B ′

xỸt−1 + e3,t, (1.3)

where it is the interest rate; πt is inflation; xt is the output gap. Equation (1.2) and (1.3) form

a sub-VAR model for inflation and the output gap with Ỹt−1 = [Y ′

t−1
Y ′

t−2
. . . Yt−k

′]′ ,

where Yt = [ it πt xt ]
′.

In deriving a new approach to limited information estimation of the policy rule in equa-

tion (1.1), we employ an identifying assumption that monetary policy shocks are uncorre-

lated with other macroeconomic shocks and that they do not have contemporaneous effects

on output and inflation within the above framework. This assumption is standard in the lit-

erature and has been extensively adopted. For example, Rotempberg and Woodford (1997),

Bernanke and Mihov (1998), Christiano et al. (1999, 2005), and Boivin and Giannoni (2006)

employ the assumption in evaluating the effects of a monetary policy shock. More recently,

Primiceri (2005) employ the same assumption in identifying the monetary policy rule from

a time-varying structural VAR model of output, inflation and the interest rate.
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An additional assumption that we employ is that a reduced form for the above structural

model is given by a finite-order vector autoregressive (VAR) process, as given below:

Yt = Φ0 + Φ1Yt−1 + Φ2Yt−2 + . . .+ ΦpYt−p + et, et ∼ i.i.d.N(0,Ω), (1.4)

where the last two rows of equation (1.4) are equations (1.2) and (1.3).

1.2.2. A Limited Information Approach Under Identifying Restrictions

We can rewrite equation (1.1) as:

it = β0 + (1 − β1)(βππt+1 + βxxt) + β1it−1 + ut+1, (1.5)

where ut+1 = εt − (1 − β1)(βππt+1 − Et[πt+1]) is correlated with πt+1. It is easy to see that,

if monetary shocks do not have contemporaneous effects on the output gap, ut+1 is serially

uncorrelated and it is not correlated with the output gap xt. The instrumenting equation is

given by:

πt+1 = c1 + c′
2
Ỹt−1 + ηt+1, (1.6)

where Ỹt−1 = [Y ′

t−1
Y ′

t−2
. . . Yt−p

′]′ , and ηt+1 follows an MA(1) process as given below:

ηt+1 = gt+1 − θgt, gt+1 ∼ i.i.d.(0, σ2
g), (1.7)

where gt+1 is serially uncorrelated.

GMM estimation of the equation (1.5) using Ỹt−1 as instruments is equivalent to a two-

step estimation procedure. In the first step, we estimate equation (1.6) by OLS and obtain

π̂t+1 = ĉ1 + ĉ′2Ỹt−1. In the second step, we estimate equation (1.5) by replacing πt+1 with

π̂t+1. The first-step is inefficient, as autocorrelation in the error terms is ignored. Note that

the second-step regression also induces autocorrelation in the error terms, as we have:

it = β0 + (1 − β1)(βππ̂t+1 + βxxt) + β1it−1 + ũt+1, (1.8)
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where ũt+1 = ut+1 + (1− β1)βπη̂t+1. Here, η̂t+1 = πt+1 − π̂t+1 = πt+1 − c1 − c′2Ỹt−1 follows an

MA(1) process. Ignoring autocorrelation in the ũt+1 term in the second-step estimation is

an additional source of inefficiency. We argue that the weak identification problem in GMM

estimation or two-step estimation of the forward-looking monetary policy rule may be due

to inefficient use of information.

In designing a new approach to limited information estimation of the policy rule in the

equation (1.5), that ut+1 is serially uncorrelated is critical. In this case, it would be correlated

with gt+1, but not with gt in equation (1.7). The identifying assumptions that we employ

guarantee this. Thus, by considering an orthogonal projection of ut+1 on gt+1, we have:

ut+1 = γgt+1 + ωt+1, (1.9)

where ωt+1 is not correlated with gt+1; and γ is a function of the correlation between ut+1 and

gt+1 as well as the standard deviations of ut+1 and gt+1. We can thus rewrite the equation

(1.5) as:

it = β0 + (1 − β1)(βππ̂t+1 + βxxt) + β1it−1 + γgt+1 + ωt+1, (1.10)

where, conditional on gt+1, the disturbance term ωt+1 is not correlated with πt+1 or xt.

We can therefor decompose the log likelihood function for equations (1.6),(1.7) and

(1.10), as given below:

lnL(Ψ̃1, Ψ̃2) =
∑

ln(f(it, πt+1, xt+1|Ψ̃1, Ψ̃2, It−1))

=
∑

ln(f(πt+1, xt+1|Ψ̃1, It−1)f(it|Ψ̃2, πt+1, xt+1, It−1))

=
∑

ln(f(πt+1, xt+1|Ψ̃1, It−1)) +
∑

ln(f(it|Ψ̃2, πt+1, xt+1, It−1)),

(1.11)

where Ψ̃1 refers to the vector of parameters associated with equation (1.6) and (1.7); Ψ̃2 refers

to the vector of parameters associated with equation (1.10); and It−1 refers to information

up to t − 1. Then, based on the above decomposition of the likelihood function, can can

design the following two-step procedure:

Step 1: Estimate equations (1.6) and (1.7) to get the control functions, gt+1.
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Step 2: Estimate equation (1.10) by the nonlinear least squares (NLS) method by

replacing the gt+1 term with ĝt+1.

Once the control function ĝt+1 is obtained from the first step, estimating equation (1.10)

is straightforward. Then, one should take into account of the fact that, as the second step

regression employs ĝt+1 instead of gt+1, there arises the problem of generated regressors when

estimating the variance-covariance matrix of the parameter estimates. Taking care of this

problem is also straightforward. A major difficulty for the above two-step procedure is in

estimating equations (1.6) and (1.7) and in obtaining the control function ĝt+1 in the first

step.

Estimation of equations (1.6) and (1.7) by maximum likelihood estimation method is

sometimes problematic. In finite samples, even when the true value of θ in equation (1.7)

is less than 1, there is non-zero probability that it may be estimated to be 1. This is called

the pile-up problem, and the probability of the pile-up problem increases as we have more

coefficients in equation (1.6). 2 In fact, when we estimated the first-step regression in

equations (1.6) and (1.7) by the maximum likelihood method in our application in Section

4, we obtained an estimate of θ̂ = 1. In the next section, we discuss how the pile-up problem

can be avoided.

1.2.3. Estimating the Parameters of the First-step Regression and the Control

Function

The companion form of the VAR model in equation (1.4) is given by:

Ỹt+1 = δ̃ + F Ỹt + ẽt+1, (1.12)

where Ỹt = [Y ′

t Y ′

t−1 . . . Yt−p
′]
′

is 3p×3p; δ̃ is a function of Φ0; and F, which is a function

of Φ1, Φ2, ..., and Φp. If we express Ỹt+1 as a function of Ỹt−1, we have:

Ỹt+1 = δ̃ + F δ̃+ F 2Ỹt−1 + F ẽt + ẽt+1, (1.13)

2 For details, refer to Sargan and Bhargava (1983). Recently, Kim and Kim (2014) inves-
tigate the issue within both the classical and Bayesian frameworks.
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the second row of which is the same as equation (1.6), and we have:

ηj,t+1 = i′2(F ẽt + ẽt+1), (1.14)

where i2 = [ 0 1 0 . . . 0 ]
′

is a selection vector. The parameters c1 and c2 in equation

(1.6) can be expressed as:

c1 = i′2(δ̃ + F δ̃), (1.15)

c2 = i′2F
2. (1.16)

By equating the variances and the first-order autocovariances of ηt+1 in equation (1.7) and

(1.14), we also have:

i′
2
(FΩF ′ + Ω) i2 = (1 + θ2)σ2

g , (1.17)

i′2(FΩ) i2 = −θσ2

g . (1.18)

Equations (1.15)-(1.18) suggest that the parameters of the first-step regressions in (1.6)

and (1.7) can be estimated indirectly by estimating the parameters of the VAR model in

equation (1.4). Once all the parameters of the first-step regression are estimated, we can

iteratively calculate the control functions as follows:

ĝt+1 = η̂t+1 + θ̂ĝt, t = 0, 1, 2, . . . , T − 1, (1.19)

conditional on the initial value, g0. Appendix A describes how g0 can be estimated.

1.3. Performance of the Proposed Limited Information Approach in Comparison

with GMM: Monte Carlo Experiment

1.3.1. Design of the Monte Carlo Experiment
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To illustrate the properties of the estimators from the proposed approach in comparison

with those from GMM, we conduct a simulation experiment. The size and the power of

hypothesis tests are also studied. We consider the following data generating process:

y1,t = α1Ety2,t+1 + α2y1,t−1 + ε1,t, (1.20)

y2,t = φ21y2,t−1 + e2,t, (1.21)
[

ε1,t

e2,t

]

∼ i.i.d.

((

0

0

)

,

(

σ2
ε ρσεσe

ρσεσe σ2
e

))

, (1.22)

α1 = 1; α2 = 0.5; σ2

ε = 1; σ2

e = 1; ρ = 0, (1.23)

where we assume an AR(1) process for y2,t to consider just-identified case, then the concen-

tration parameter (= µ2) for the identification of the parameters in equation (1.1) can be

derived as: 3

µ2 = T
φ4

21

(1 − φ4
21)
, (1.24)

which depends only on φ21. We consider two alternative values of the concentration param-

eters per instrument (= µ2/k, where k is the number of instruments): 1 and 30. When we

estimating model by GMM, we use two lags of y1,t and y2,t, so that k = 4.

For the proposed approach, the control function, ĝt+1 is estimated based on a VAR(2)

model. The sample size we consider is 1000, and we use 5,000 simulations for our study.

Since we conduct our simulation study for fixed values of the concentration parameters, the

large sample size is used to reduce the sampling variability.

We investigate the alternative assumptions of the error term distribution by letting the

reduced-form shock of the structural equation be et = [ e1 e2 ]′, et ∼ i.i.d.(0,Σ) correspond-

ing to equation (1.20)-(1.21), the three experiments can be summarized as follow:

Case A: i.i.d. Normal Distribution.

Case B: i.i.d. Student-t Distribution with degree of freedom 5.

Case C: Conditional Heteroskedasticity of et (GARCH(1,1)).

3 The detailed derivation is in Appendix A.
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[

e1,t

e2,t

]

|It−1 ∼ N

((

0

0

)

,

(

σ2
1,t σ12,t

σ12,t σ2
2,t

))

, (1.25)

σ2

1,t−1 = 0.1 + 0.05e2

1,t−1 + 0.9σ2

1,t−1, (1.26)

σ2
2,t−1 = 0.1 + 0.05e2

2,t−1 + 0.9σ2
2,t−1. (1.27)

For each data set generated, the values of coefficients in equation (1.20) are kept fixed

for two cases over simulations. We vary the value of concentration parameters to consider

different degrees of quality of instruments. The implied values of φ21 are 0.251 and 0.572

corresponding to µ2/k = 1 and µ2/k = 30 for 1,000 observation.

The general pattern in this experiment is when the concentration parameter increases,

the performance of GMM and the proposed method is improved. For weak and strong IV,

the strength of the identification depends on the value of the concentration parameters. In

other words, when the sample sized is large enough, it is the concentration parameters that

determines how strong the instruments is for our parameters of interest.

1.3.2. Performance of the the proposed method and GMM Estimation

The upper panel of Table 1.1-1.3 reports simulation results for parameter estimates based

on GMM and the proposed method. In Figure 1.1-1.3, we depict the sampling distribution

of α̂1 from the proposed method against that from GMM. When µ2/k = 30, the sampling

distribution of α̂1 is centered around the true value of 1, regardless of the estimation proce-

dures employed, even though the sampling variation of α̂1 is smaller the proposed method.

However, when µ2/k = 1, we have very different results for all cases.

While the sampling distribution of α̂1 based on the proposed method is centered around

the true value of 1, the sampling distribution of based on GMM is centered around consid-

erable biased values for all cases. The standard deviation of α̂1 from GMM is much larger

than that from the proposed method. GMM suffers from the weak identification problem,

while the method proposed in this paper does not.
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Notice that even if when we have non-Gaussian error distribution such as Student-t

distribution and Garch (1,1) process, the proposed method performs better than GMM

estimation for each cases. One can achieve reliable estimation results from the proposed

method with fat-tailed distributed error terms or in the presence of heteroskedasticity.

We also compute the size of the power of testing H0 : α1 = 1 against H1 : α1 6= 1 at the

5% significance level. We employ three alternative tests: i) a Wald test based on GMM; ii) an

identification-robust test based on GMM; and iii) a Wald test based on the proposed method.

The lower panel of Table 1.1-1.3 reports the rejection frequencies under the null hypothesis

for different values of the concentration parameter. With µ2/k = 30, none of the three tests

appear to be problematic. The rejection frequencies are closed to 5% for all three tests.

However, with µ2/k = 1, unlike the other two tests, the Wald test based on GMM is very

problematic, due to the weak identification problem. As neither the identification-robust

test from GMM nor the Wald test from the proposed method suffer from size distortions,

we compare the power curves for these two tests in Figure 1.4-1.6. The Wald tests from

the proposed method for all cases have higher power than the identification-robust test from

GMM, regardless of the values of the concentration parameter considered. For µ2/k = 1,

the difference in the power of the two tests is considerably larger than for µ2/k = 30.

The results from our simulation study can be summarize as follows. If the concentration

parameter is high enough, neither GMM nor the proposed method suffer from the weak

identification problem. If the concentration parameter is too low, none of the methods may

be free from the weak identification problem. An important result is that there exists a

particular range for the value of the concentration parameter for which GMM suffered from

the weak identification problem, while the proposed method does not. When testing for a

hypothesis in this case, the Wald test from the proposed method has much higher power

than the identification-robust test from GMM.

1.4. Empirical Results: Monetary Policy Rules for the 1979-1997 Sample and

Macroeconomic Stability
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1.4.1. Discussion of the Results

We first estimate the monetary policy rule in equation (1.5) using the same quarterly

data (the 1960:Q1-1979:Q2 sample and the 1979:Q3-1997:Q4 sample) that Clarida et al.

(2000) or Mavroeidis (2010) employ. The interest rate is the average federal funds rate in

the first-month of each quarter; inflation is measured by the % change of the GDP deflator;

and output gap is the series constructed by CBO. All data are taken from primarily from

the St. Louis Federal Reserve Economic Database (FRED). Following Clarida et al. (2000)

or Mavroeidis (2010), we use four lags of πt, xt, and it as instruments. Estimation results

based on GMM and the proposed method are reported in Table 1.4, for the 1960:Q1-1979:Q2

sample and the 1979:Q3-1997:Q4 sample.

The weak identification concerns in the 1979:Q3-1997:Q4 sample are confirmed in many

empirical literatures (Consolo and Favero, 2009; Inoue and Rossi, 2010; and Mirza and

Storjohann, 2014). Especially, Innoe and Rossi (2010) develop a test for a weak identification

in nonlinear models and provide empirical results for the US forward-looking Taylor rule.

Their test does reject the identification in the 1979:Q3-1997:Q4 sample and emphasizes that

there is a problem for the structural parameters in the monetary policy reaction function.

Therefore, the estimation results of monetary policy rule based on the GMM estimation

should be taken cautiously for the 1979:Q3-1997:Q4 sample.

The point estimates based on the proposed method shows that there is a shift in the

conduct of monetary policy from the 1960:Q1-1979:Q2 sample to the 1979:Q3-1997:Q4 sam-

ple. The coefficients (βπ, βx) in the the 1960:Q1-1979:Q2 sample are (0.885, 0.295), their

estimates increase to (1.979, 0.647) for the 1979:Q3-1997:Q4 sample. Also, monetary policy

under the 1979:Q3-1997:Q4 sample seems to be characterized by a high degree of smoothing

as in Mavroeidis (2010) with an even stronger response to the inflation and the output gap.

Notice that the standard error for the second period are greater than the 1960:Q1-1979:Q2

sample. Mavroeidis (2010) refer to this high degree of interest of smoothing as excess policy

inertia, and it can lead weak identification problems for the 1979:Q3-1997:Q4 sample. These

results emphasize that a more aggressive response of monetary policy to inflation and the out-

put gap in the 1979:Q3-1997:Q4 sample. We also report the hypothesis testing results for the
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H0 : βπ = 1 against H1 : βπ > 1. As Mirza and Storjohann (2014) mentioned, the evaluation

using the identification robust method generate large confidence sets to be consistent with

both aggressive response and passive response toward inflation. For the 1979:Q3-1997:Q4

sample, the proposed method are able to reject strongly the null hypothesis, and it gives a

consistent view of Clarida, Gali and Gertler (2000). 4

1.4.2. Does the Proposed Method Suffer from the Weak Identification Problem

for the 1979:Q3-1997:Q4 Sample? Bootstrapping Analysis

The results for the 1979:Q3-1997:Q4 sample based on the proposed approach critically

depend upon i) the validity of the assumption we employ and ii) non-existence of the weak

identification problem. Note that, under the assumption that monetary policy shocks do not

have contemporaneous effects on output and inflation, we would have serially uncorrelated

disturbance terms ut+1 in equation (1.5) or ωt+1 in equation (1.10). In fact, we cannot reject

the null hypothesis that these disturbances are serially uncorrelated.

In order to check whether the proposed method suffer from the problem of weak identifi-

cation for the 1979:Q3-1997:Q4 sample, we conduct a Bootstrap analysis. We generate 5,000

sets of data by appropriately bootstrapping the residuals obtained from VAR estimation of

actual data, and estimate equation (1.5) using the proposed method for each bootstrapped

data set. In the absence of the weak identification problem, sampling distributions for the

estimates of the βπ and βx coefficients based on the proposed approach would be centered

around β̂π and β̂x the estimates based on actual historical data. Also, there would be little

size distortion for the conventional Wald tests.

Monetary policy over Volcker’s tenure was designed to control money rather than interest

rates, and this resulted in considerable volatility in the interest rate. The inflation rate

and the output gap also had higher volatility over Volcker’s tenure than over Greenspan’s

tenure. We thus assume that, the reduced-form disturbance terms in equation (1.4) are

4 To draw conclusions with respect to Taylor principle, Mavroeidis (2010) considers joint
confidence set of the feedback coefficients in the monetary policy equation. In Appendix, we
also provide the joint confidence sets based on the proposed method. However, notice that
in this paper, we use the reduced-form dynamics for the other equations, it is difficult to
interpret the joint confidence sets directly based on the proposed method.
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heteroscedastic, so that eit|St ∼ i.i.d.(0, σ2
i,St

), i = 1, 2, 3, where σ2
i,St

= (1 − St)σ
2
i,0 + Stσ

2
i,1,

with St = 0 for t ≤ 1987 : Q2 and St = 1 for t > 1987 : Q2.

In order to preserve the heteroscedastic nature of actual data, we follow the procedure

given below, when bootstrapping the residuals:

i) Estimate the VAR model in equation (1.4) and obtain residuals êt = [ ê1t ê2t ê3t ] ,

t = p + 1, p + 2, . . . , T, and then estimate σ2
i,St

, for i = 1, 2, 3, and for St = 0, 1.

ii) Calculate st standardized residuals, ê∗it = êit/σ̂i,St
, for i = 1, 2, 3 and for t = p +

1, p + 2, . . . , T .

iii) Draw, with replacement, random samples { ẽ∗1t ẽ∗2t ẽ∗3t }
T
t=p+1

from standardized

residuals.

iv) Calculate ẽt = [ σ1,St
ẽ∗
1t σ1,St

ẽ∗
1t σ1,St

ẽ∗
1t ]

′ , for t = p+ 1, p + 2, . . . , T .

v) Generate series Ỹt = Φ̂0+Φ̂1Yt−1+Φ̂2Yt−2+. . .+Φ̂pYt−p+ẽt (fort = p+1, p+2, . . . , T ),

where Φ̂j refers to the OLS estimate. The initial values Y1, Y2, . . . , Yp are taken from

actual data.

Reported in the upper panel of Table 1.5 are the means and the standard deviations

for the estimates of βπ and βx. The bootstrap sampling distributions for these parameter

estimates are also depicted in Figure 1.7. They are centered around the true value (βπ =

1.979 and βx = 1.979), which are the estimates from actual historical data based on the

proposed method, as reported in Table 1.4. The nlower panel of Table 1.5 reports the

rejection frequencies of the standard Wald tests for testing H0 : βπ = 1.979 against H1 :

βπ 6= 1.979, as well as those for testing H0 : βx = 0.647 against H1 : βx 6= 0.647. There does

not seem to be large size distortion for the standard Wald tests from the proposed method.

All these results suggest that, unlike the GMM approach of Mavroeidis (2010), the proposed

approach does not suffer from the weak identification problem for the 1979:Q3-1997:Q4.

1.5. Summary and Conclusions

In the standard simultaneous equations models without forward-looking terms, one can

implement limited information methods by jointly estimating a pseudo-system that consists
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of the structural equation of interest and the reduced-form equations for the right-hand-side

endogenous variables in the structural equations. As Fukač and Pagan (2010) mention, in

the presence of a forward-looking term, the limited information approach requires a solution

for the expectation of this forward-looking term, which is not readily available from the

pseudo system.

The identifying assumption that we employ allows us to derive a limited information

approach that does not require a solution for the expectation of the forward-looking term.

The approach presented in this paper is more efficient than GMM, as it can effectively handle

the moving-average disturbances, a problem that inherently results in inefficiency in GMM

estimation of a forward-looking model. The proposed approach provides us the monetary

policy reacts strongly to the inflation for the 1979-1997 sample. Furthermore, our bootstrap

analysis suggests that the proposed approach does not suffer from the weak IV problem for

this sample. The validity of the identifying assumption that we employ is also confirmed by

checking the absence of serial correlation in the disturbances of the estimated policy rule.

The proposed approach allows us to provide stronger messages to the estimation of a

forward-looking monetary policy rule. The estimation results confirm a change of monetary

policy in the U.S. In the 1960-1979 sample, the policy was inactive and it did not react

sufficiently to the expected deviation of inflation from its target. In contrast, under the

1979-1997 sample monetary policy rule follows the Taylor principle and actively response to

the inflation and the output gap with a high degree of interest smoothing.
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Chapter 2

Estimation of a Forward-Looking Time-varying Monetary Policy Rule:

Limited Information Approach

2.1. Introduction

The monetary policy rule has been investigated for several decades to provide under-

standing of the outbursts of inflation and unemployment of the 1970s and early 1980s.

Many works of literature (e.g., Clarida et al. (2000), Boivin and Giannoni (2003), Cogley

and Sargent (2005), Lubik and Schorfheide (2004)) have stressed that the U.S. monetary

policy was less active against inflation under the Fed chairmanship of Arthur Burns than

under Paul Volcker and Alan Greenspan. However, the empirical conclusion of the significant

effect on the macroeconomic variables due to the change in monetary policy is still contro-

versial. The opposite view has been addressed by comparing the relative importance of the

non-systematic and systematic aspects of the monetary policy changes (see e.g., Bernanke

and Mihov (1998), Primiceri (2005), Sims and Zha (2006)).

Various econometric methodology has been suggested to consider the time variation of

a forward-looking Taylor-rule-type monetary policy. Kim and Nelson (2006), for example,

propose a two-step procedure to deal with time-varying endogenous regressors with het-

eroscedasticity. They also account for the changing degrees of uncertainty associated with

the Feds forecasts of future economic conditions. By doing so, they achieve efficiency in

estimation by employing the standardized projection errors regarding inflation and output

gaps. Their empirical findings support the idea of active response toward inflation during

the 1980s. In addition, they questioned the reliability of the lagged inflation rates as IV

showing a wide confidence band under the Volcker-Greenspan regime.

To consider the multivariate linear setup, Cogley and Sargent (2005) use time-varying

variance in the context of VARs with drifting coefficients. They assume that the simultaneous

relations among macroeconomic variables are time invariant. To reveal evidence of the
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evolution of monetary policy actions, they estimate a forward-looking Taylor rule with the

interest rate smoothing method. They suggest a two-stage least squares analysis on a date-

by-date basis. In the first step, they project the Feds forecasts of average inflation and

unemployment onto a set of instruments that are a constant and two lags of inflation and

unemployment rates. The second step involves projecting the current interest rates onto the

fitted values from the first-stage projections along with the lagged nominal interest rates.

They found evidence for the monetary policy activism, as in Clarida et al. (2000), that

monetary policy was passive in the 1970s and active in the Volcker-Greenspan era. Also,

more importantly, they point out that estimates for the Volcker-Greenspan period are less

precise because of instrument relevance problems, and the tails of the distributions overlap

at various dates.

Recently, Chon and Kim (2014) have stressed the efficiency loss of the conventional IV

estimation in simultaneous equation models with forward-looking variables. They employ the

identifying assumption that monetary policy shocks do not have any contemporaneous effects

on macroeconomic variables to derive a Limited Information procedure for the estimation of

a forward-looking monetary policy rule. The procedure they design can effectively handle

the moving-average disturbances, a problem that inherently results in inefficiency in the IV

estimation of a forward-looking model rendering spurious weak identification issues in the

Volcker-Greenspan era. The two-step estimation procedures suggested by Kim and Nelson

(2006) and Cogley and Sargent (2005) involve the efficiency loss problems that originated

from the moving-average disturbances in the instrumenting equations. These researchers

concern the relevance of IV for the Volcker-Greenspan samples but could not handle the

additional information in the residuals.

With the same identifying assumption for the monetary policy shocks employed by Chon

and Kim (2014), Primiceri (2005) analyzes the systematic and non-systematic parts of mon-

etary policy and their effect on the macroeconomic variables with time-varying parame-

ters demonstrating stochastic volatility. His approaches consider a flexible way to consider

changes in policy because it captures both time variation of the simultaneous relations among

the variables of the model and the heteroscedasticity of the innovations. The empirical con-

clusion he made is that the high volatility of the exogenous non-policy shocks seems to
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explain a larger fraction of the poor economic performance of the 1970s and early 1980s,

which were episodes of high unemployment and inflation. However, the monetary policy rule

he considered only responds to the current inflation rates without response to real activity.

Furthermore, a Lucas (1976) critique issue arises in the monetary policy rule without con-

sideration for the rational and forward-looking behavior of economic agents. In this paper,

we propose a Limited-Information procedure to estimate a forward-looking monetary policy

rule by modeling multivariate time varying coefficient with stochastic volatility.

The main contribution of this paper is the assertion that, under the identifying as-

sumption that monetary policy shocks do not have simultaneous effects on macroeconomic

variables, we can effectively handle the moving-average dynamics in the instrumenting equa-

tions. This would improve the efficiency for the estimation of a time-varying forward-looking

monetary policy rule mitigating the issue of relevance to instruments (see Cogley and Sar-

gent, 2005). Also, by incorporating the time-varying coefficients and innovations, we can

reasonably model for the effects of the changes in monetary policy on the rest of the econ-

omy. Not only the forecasts of future expectation for inflation and output gap but also the

moving-average dynamics can be obtained from the posterior mean of reduced-form time-

varying VAR. Thus, the estimation results obtained in this paper would provide more reliable

evidence to understand whether monetary policy rules have changed and that the persistence

of inflation itself has drifted over time.

The rest of the paper is summarized as follows. Section 2 presents the time-varying

structural VAR model adopted in this paper for the estimation of a forward-looking monetary

policy rule. Section 3 introduces the estimation procedure used in this paper with the key

features of the estimation strategy. Section 4 explain the empirical results of the application

to a forward-looking monetary policy rule. Concluding remarks are offered in Section 5.

2.2. Model Specification

For an empirical estimation of a forward-looking Taylor rule as in Kim and Nelson (2006),

we consider the following linear TVP model of monetary policy transmission mechanism.
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With a VAR specification of aggregate supply and demand, our complete model of monetary

policy takes a sub-VAR system.

it = β0,t + β1,tEt[πt+1] + β2,txt + β3,tit−1 +mt, (2.1)

πt = δπ0,t + Ỹ ′

t−1δπ1,t + e2,t, (2.2)

xt = δx0,t + Ỹ ′

t−1
δx1,t + e3,t, (2.3)

where it is the federal funds rate; xt is a measure of the unemployment at time t; πt is the

percent change in the price level between time t and t+ 1; Ỹt = [Y ′

t Y ′

t−1 . . . Y ′

t−k+1 ]
′

,

with Yt = [ it πt xt ]
′; and Et(.) refers to the expectation formed by the Fed conditional on

information available at the beginning of time t, when the federal funds rate is determined.

We assume that that the monetary policy shocks mt do not have any contemporaneous

effects on macroeconomic variables.

The above forward-looking Taylor rule would have the following reduced form represen-

tation, where the coefficients of the following reduced form Taylor rule would be convolutions

of the above structural VAR model (2.1)-(2.3).

it = δi0,t + Ỹ ′

t−1δi1,t + e1,t, (2.4)

Notice that the coefficients δi0,t and δi1,t would be function of the coefficients in equation

(2.1). The error terms of the reduced form consists of (2.2),(2.3), and (2.4) are denoted as

et = [ e1,t e2,t e3,t ] are heteroscedastic shocks with variance covariance matrix Ωt.

To identify the monetary policy shock, a structural VAR model would be recovered via

Cholesky decomposition of the variance-covariance matrix of the reduced-form error terms.

After we assume that the monetary policy shocks mt do not have any contemporaneous

effects on macroeconomic variables, we place endogenous variables in the order of inflation,

output gap, and the interest rate, respectively. Then, we have the following relations of the

reduced-form errors.

et = A−1εt, εt = Σt ε̃t, ε̃t ∼ i.i.d.N(0, I3) (2.5)
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At =











1

α21,t

α31,t

0

1

α32,t

0

0

1











(2.6)

and Σt is the diagonal matrix:

Σt =











σ1,t

0

0

0

σ2,t

0

0

0

σ3,t











(2.7)

We let Bt to be a vector stacking time-varying reduced-form VAR coefficients including

intercepts and lagged variables; σt be the vector of the diagonal elements of the matrix Σt,

and αt be the vector of non-zero and non-one elements of the matrix At, which stacks by

rows. Then, we have the following the dynamics of the model’s time varying parameters is

specified as follows.

Bt = Bt−1 + νt, (2.8)

αt = αt−1 + ζt, (2.9)

logσt = logσt−1 + υt, (2.10)

where the distributional assumptions as regards (ε̃t, νt, ζt, υt) are state below.

V = var(

















ε̃t

νt

ζt

υt

















) =

















In 0 0 0

0 Q 0 0

0 0 S 0

0 0 0 W

















, (2.11)

where In is an n-dimensional identity matrix, Q, S, and W are positive definite matrices.

In case Et[πt+1] in (1) is unobservable, we replace them by πt+1, the ex-post measures of

inflation. This results in the following equation for monetary policy rule with ex-post data:

it = βi0,t + β1,tπt+1 + β2,txt + β3,tit−1 + ut+1, ut+1 ∼ i.i.d.N(0, σ2

u,t+1), (2.12)

where ut+1 = β1,t(πt+1 − Et[πt+1]) + mt. Note that the regressors πt+1 in equation (2.1)

are correlated with the disturbance term ut+1. In order to estimate the equation (2.12), we

consider the following instrumenting equation is given by:
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πt+1 = c1,t + Ỹ ′

t−1c2,t + ηt+1, (2.13)

where Ỹt = [Y ′

t Y ′

t−1 . . . Y ′

t−k+1 ]′ ; c1,t and c2,t are functions of the coefficients in the

reduced-form (2.2), (2.3), and (2.4); and ηt+1 follows MA(1) process as given below:

ηt+1 = gt+1 − θt+1gt, gt+1 ∼ i.i.d.(0, σ2

g,t+1), (2.14)

where gt+1 is serially uncorrelated. After we assume that the monetary policy shocks do

not have any contemporaneous effects on macroeconomic variables, we have ut+1 is serially

uncorrelated. Then, one is able to consider an orthogonal projection of ut+1 on g∗t+1, where

g∗t+1 = gt+1

σg,t+1
is a standardized residuals of gt+1. Then, we have:

ut+1 = γt+1g
∗

t+1
+ ωt+1, (2.15)

where ωt+1 =
√

1 − ρ2
t+1σu,t+1ω

∗

t+1; ω
∗

t+1 ∼ N(0, 1); and γt+1 = ρt+1σu,t+1, ρt+1 is the correla-

tion between ut+1 and g∗t+1. We can thus rewrite the equation (2.12) as:

it = β0,t + β1,tπt+1 + β2,txt + β3,tit−1 + γt+1g
∗

t+1 + ωt+1, ωt+1 ∼ i.i.d.N(0, σ2

ω,t+1), (2.16)

where, conditional on g∗t+1, the disturbance term ωt+1 is not correlated with any other re-

gressors in the above equation.

2.3. Estimation Procedure

2.3.1. Markov Chain Monte Carlo (MCMC) algorithm

We consider the following two-steps Gibbs sampling algorithm to estimate the time-

varying Taylor rule in equation (2.1) along with the reduced-form VAR system in equation

(2.2) and (2.3):

Outline for Gibbs Sampling Algorithm
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Step 1: Estimate the full reduced-form VAR consisting (2.2)-(2.4) following the Gibbs

sampling algorithm by Primiceri (2005). Calculate the posterior means (or medians) of

reduced-form parameters for the initial values of {δt, βt}
T−1
t=1 . And construct {g∗t+1}

T−1
t=1 .

Step 2: Conditional on {g∗t+1
}T−1

t=1 , draw {βt}
T−1
t=1 in equation (2.1) using the backward

simulation algorithm by Carter and Kohn (1994).

In later sections, we discuss the details for the step 1) in order to consider the Limited

Information approach.

2.3.2. Construction of the Control Function: Details of Step 1

With VAR specification given by in equation (2.2)-(2.4), we can consider the instrument-

ing equation for an estimation of equation (2.4). By defining Ỹt = [Y ′

t Y ′

t−1 . . . Y ′

t−k+1 ]′ ,

we have the following companion form of a time varying VAR:

Ỹt = B̃0,t + ΦtỸt−1 + ẽt, et ∼ i.i.d.N(0, Ω̃t), (2.18)

where B̃0,t is a function of δk,t for k = 1, 2, and 3; Φt is a function of δj,t for j = π, x, i and the

first (3 × 3) diagonal block of Ω̃t is Ωt. And, all the parameters are time-varying and follow

random walk processes. 5 The variances are assumed to evolve as geometric random walks,

belonging to the class of models known as stochastic volatility. All the innovations in the

reduced from VAR model are assumed to be jointly normally distributed and independent

with each other.

To consider the proposed estimation for a forward-looking time varying MP rule, Step

1 involves the construction of the control function in equation (14). In the following, we

explain how to generate a control function for the second step estimation.

By solving equation (2.18) forward, we have:

5 Alternatively, we may use demanded data for the equation (2.18), i.e, ŷt = yt − E(yt).
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Ỹt+1 = B̃0,t+1 + Φt+1Ỹt + ẽt+1

= B̃0,t+1 + Φt+1(B̃0,t + ΦtỸt−1 + ẽt) + ẽt+1

= B̃0,t+1 + Φt+1B̃0,t + Φt+1ΦtỸt−1 + Φt+1ẽt + ẽt+1

(2.19)

The two step prediction error is obtained as:

ηt+1 = i′π(Φt+1ẽt + ẽt+1), (2.20)

where iπ = [1 0 0 0 ... 0]′ is a selection vector. The parameter c1,t and c2,t in equation (2.13)

can be expressed as:

c1,t = i′π(B̃0,t+1 + Φt+1B̃0,t), (2.21)

c2,t = i′π(Φt+1Φt). (2.22)

By equating the variance and the first-order auto-covariances of ηt+1 in equation (2.13),

we have:

i′π(Ω̃t+1 + Φt+1Ω̃tΦ
′

t+1)iπ = (1 + θ2

t+1)σ
2

g,t, (2.23)

i′π(Φt+1Ω̃t)iπ = −θt+1σ
2

g,t. (2.24)

Once all parameters of the VAR model are estimated, we can iteratively calculate the

control function as follows:

ĝt+1 = η̂t+1 + θ̂t+1ĝt, t = 1, 2, . . . , T − 1, (2.25)

conditional on the initial value, g0.

2.4. Empirical Findings

2.4.1. Priors and Data
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The data we employ are quarterly data covering the period 1965:1 to 2011:4. As in Kim

and Nelson (2006), the interest rate the average federal funds rate in the first-month of each

quarter; inflation is measured by the % change of the GDP deflator; the output gap is the

series constructed by CBO. Two lags are used for the estimation.

Priors for state vectors and hyperparameters are obtained from OLS estimates as in

Primiceri (2005) with a few modifications. The first 10 years (40 observation, from 1945:1

to 1964:4) are used to calibrate the prior distributions. 6 For example, we obtain the mean

and the variance of B0are chosen to be OLS point estimates and four times its variance in

a time invariant VAR, estimated on the small initial samples. And, we chose a prior for

A0 in a same way. For logσ0 instead, the mean of the distribution is chosen to be the log

of the OLS point estimates of the standard errors of the same invariant VAR, while the

variance covariance matrix is assumed to be identity matrix. Also, degrees of freedom and

scale matrices are needed for the inverse-Wishart prior distributions of the hyperparameters.

The degrees of freedom set to 4 for W and 2 and 3 for the two blocks of S. In sum, the priors

take the forms:

B0 ∼ N(B̂OLS, 4V (B̂OLS)), (2.26)

A0 ∼ N(ÂOLS, 4V (ÂOLS)), (2.27)

logσ0 ∼ N(logσ̂0, In), (2.28)

Q ∼ IW (0.01240V (B̂OLS), 40), (2.29)

W ∼ IW (0.0124In, 40), (2.30)

S1 ∼ IW (0.122V (Â1,OLS), 2), (2.31)

S2 ∼ IW (0.123V (Â2,OLS), 3), (2.32)

where S1 and S2 denote the two blocks of S, while Â1,OLS and Â2,OLS stand for the two

corresponding blocks of ÂOLS. The simulation are based on 10,000 iterations of the Gibbs

sampler, discarding the first 2000 for convergence.

6 Refer to Primiceri (2005) for details.
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2.4.2. Estimation Results

Our empirical findings are shown in Figures 2.2-2.6. Results for the forward-looking

Taylor rule are quite different from others, which ignored the additional moving average

dynamics in the error term. In Figure 2.3, we observe that the Feds response to inflation

during that 1970s was lower than in the 1980s. This tells us that the Fed did not provide

sufficient attention to inflation.

However, in the early 1980s, the Feds response to expected inflation increased sharply

and stayed at a high level until the mid-1980s around 2, and it started to decline after the

mid-1990s throughout the whole sample. Contrast to Kim and Nelson (2006), which ignores

the moving-average dynamics, this paper shows that the response to inflation after the mid-

1990s decreased, and it has been lower than 1 from the 2000s until 2010. Especially after

2006, the Feds response to inflation was the lowest, and it is due to the deviation of the

traditional monetary policy tools, which is that the Feds focused on the long-term interest

rate changes rather than the short-term interest rate.

Next, Figure 2.4. depicts the response of the federal funds rate to the expected real GDP

gap. In contrast to Kim and Nelson (2006), the response for the whole period from the 1970s

to the 2000s is positive and significantly different from zero throughout the whole period.

Around the mid-1980s, the response was at the lowest level, but it started to increase again

until the 2000s. If one ignores the moving-average dynamics in the error term, it is possible

for one to interpret erroneously that the response to the output was insignificant during the

1980s. Keeping the significant response to the real economic condition throughout the whole

sample shows that monetary policy became more active after Volcker.

Combining the results of the Feds response to inflation after the mid-2000s, it is consistent

with the fact that the Feds recent monetary policy toward Quantitative Easing (QE) to

adjust the long-term interest rate. This would lead the little responses to the inflation and

real economics in the federal fund rate.

The evidence of the aggressive monetary policy toward inflation seems to support the

conclusion proposed by Clarida et al. (2000) in contrast to Primiceri (2005). In general,

a systematic monetary policy was more responsive to the economic conditions seen in the
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early 1980s, and it was passive in the 1970s. Weak Instrument concerns raised in Cogley and

Sargent (2005) and Kim and Nelson (2006) after 1979 can be taken into account through the

proposed procedure. Finally, in Figure 2.5, the degree of interest rate smoothing is shown.

It has been continuously increasing since the mid-1970s. However, it has decreased slightly

during the mid-2000s, but it still remained at a high level during the whole sample. Lastly,

in Figure 2.6, the time-varying volatility for the federal funds rate is shown. The figure

shows the apparent heterscedasticity in the disturbance of monetary policy rule, as in Kim

and Nelson (2006) and Primiceri (2005).

2.5. Conclusion

In this paper, we investigate a Limited-Information procedure to estimate a forward-

looking monetary policy rule by modeling the multivariate time varying coefficient with

stochastic volatility. By incorporating the time-varying coefficients and innovations, this

paper reasonably models the effects of the changes in monetary policy on the rest of the

economy. Not only the forecasts of future expectation for inflation and output gap but also

the moving average dynamics can be obtained from the posterior mean of reduced-form time-

varying VAR. Thus, the estimation results obtained in this paper would provide more reliable

evidence to understand whether monetary policy rules have changed and the persistence of

inflation itself has drifted over time.

Compared to the existing literature to estimate monetary policy via time-varying VAR

specification, this paper takes into account the forward-looking component in the Taylor

rule. Having estimated the time-varying VAR in the first step, this paper can effectively

recover moving average terms for the estimation of a forward-looking Taylor rule. The main

finding of this paper is that, under the identifying assumption that monetary policy shocks

do not have simultaneous effects on macroeconomic variables, we can handle the moving-

average dynamics in the instrumenting equations. This would improve the efficiency for the

estimation of a time-varying forward-looking monetary policy rule mitigating the issue of

relevance to instruments (see Cogley and Sargent, 2005; and Kim and Nelson, 206).
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Our empirical findings show that the dynamics of the monetary policys response to infla-

tion and output gap are quite different from the one which does not consider the additional

MA process in the error term. The evidence on aggressive monetary policy toward inflation

seems to be supported in this paper, in contrast to Primiceri (2005). In general, a systematic

monetary policy was more responsive to the economic conditions in the early 1980s, and it

was passive in the 1970s. Also, the recent monetary policy, put in place after the mid-2000s,

is far different than the Volcker-Greenspan era. The detailed investigation of the recent

monetary policy presents an opportunity for further research.
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Chapter 3

Stock Market Reaction to Monetary policy Changes:

Identification through Heteroskedasticity with Markov-switching

3.1. Introduction

The response of stock prices to monetary policy is a key for analyzing the impact of

policy transmission mechanism. Changes in monetary policy are transmitted through the

stock market via the wealth effect, the interest effect, and by other mechanisms as well (see,

Bernanke and Kuttner, 2005). Understanding the relationship between stock prices and

monetary policy is important for several reasons. For policy makers, it would be crucial to

have accurate estimates of the reaction of monetary policy in order to form effective policy

actions. Also, for market participants, the reliable estimates of the responsiveness of stock

prices to monetary policy is important for wise investment and risk decision making.

Estimating the impact of stock prices to monetary policy actions, however, has several

difficulties. One of the main issues occurs when estimating the effect of the Fed on stock

prices based on typical ordinary-least-squares (OLS). Estimates may be severely biased due

to the endogeneity and omitted variable problems. The endogeneity problem 7originates from

the simultaneous interaction between stock prices and policy decisions, while the omitted

variable problem is due to factors that influence both policy rates and stock prices which

are commonly excluded from regression analysis. Usually, policy rates and stock prices are

determined simultaneously within the data-frequency interval, and it is possible to render

the endogeneity problems 8. In particular, a surprise change in the target rate could reflect

the reaction of the Fed to changes in stock prices that occurred earlier in the quarter, month

or week, instead of capturing an independent monetary policy shock. Also, changes in policy

7 Rigobon and Sack (2003) find that movement in the stock market have a significant im-
pact on the macroeconomy and thus are likely to be an important factor in the determination
of monetary policy.

8 Bernanke and Kuttner (2005) emphasize the problem of using lower frequency data.
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rates and stock prices may be caused by other important news released earlier in the period

which are omitted from regression. In either case, the classical regression assumption that

the error term is uncorrelated to a surprise changes in the target rate is violated and the

estimated can be biased (See e.g., Farka, 2009).

In this paper, in order to address these estimation issues, we extend the work of Rigobon

and Sack (2004) by incorporating Markov-switching framework. The estimation procedures

employed in this paper captures heteroskedasticity of monetary policy shocks endogenously

different to the original work of Rigobon and Sack (2004). Once one estimate the timing

of monetary policy changes, the heteroskedasticity structure helps to identify the impact

of stock market to policy changes. In a recent example, Gerlach et al. (2006) shows that

there are two distinct regime in the response of stock prices to policy surprises. Following

Kuttner (2001), we use thirty-day federal funds rate futures to extract unexpected part of

policy changes. Since the stock markets are forward-looking, the market is unlikely respond

to anticipated policy changes. In this sense, asset prices will response to revisions in future

expectations, we thus focus on surprise part of policy changes to figure more clearly the

market response to monetary policy.

Traditionally, a popular approach is a event-study framework, 9measuring the impact of

Fed’s policy on asset price is to estimate the reaction to fund rate changes on the day of the

change (see, e.g., Bernanke and Kuttner, 2005; Gurkayna et. al., 2005; Davig and Gerlach,

2006; Farka, 2009). A conventional ‘event-study’ approach, is typically used in estimating

the response of stock prices to monetary policy actions using lower frequency data such as

monthly or quarterly basis. To account for the endogeneity issues possibly come from the

use of lower frequency data, Bernanke and Kuttner (2005) uses daily data to address the

problem within a ‘event-study’ framework. In a seminal paper, they investigate recently the

effects of monetary policy on the stock market by using daily CRSP value-weighted returns

and a measure of unexpected changes to the target federal funds rate. They conclude that an

unexpected 25-basis-point cut in the target federal funds rate is associated with a 1 percent

9 It measures the impact of Federal Reserve policy on the stock market is to calculate the
market’s reaction to funds rate changes on the day of the changes. Because this approach
involves looking at the response to specific events, it might be described as an ‘event-study’
style analysis.
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increase in equity prices.

Also, Farka (2009) uses a new data set consisting of high frequency changes in S&P 500

and federal funds futures around the time of monetary policy announcement. He argues

that he intra-day data set in his paper reduce the omitted variable bias by decreasing the

likelihood that other relevant information is released in the market during the narrow interval

around policy announcement. However, as Bernanke and Kuttner (2005) mentioned, if there

is contemporaneous response of monetary policy to the stock market or if monetary policy

and stock market both responded jointly to new economic information, using high-frequency

data still subject to the bias.

More statistical solution is suggested by Rigobon and Sack (2004) within a VAR approach

that exploits the heteroskedasticity of monetary policy shocks across event days and non-

event days. In order to take care of these possible simultaneous bias, they assume that

the variance of monetary policy shocks is higher on days of FOMC meetings and of the

Chairman’s semi-annual monetary policy testimony to Congress, when a larger portion of

the news hitting markets is about monetary policy. They then show that the shift in the

variance of the policy shocks on those dates is sufficient to measure the responsiveness of

asset price to monetary policy. To employ their method, one need to identify a period of

time in which the variance of the policy shocks was higher than at other times, but the

other shocks in the system remained unchanged. Thus, if the above assumption for the

change of monetary policy shock is violated which means one mis-specify the time in which

the variance-covariance matrix shifts, it would generate some bias in the estimates of the

parameter.

As Farka (2009) discusses, the monetary policy shocks possibly come from the alteration

of expectations about the future path of the monetary policy and a change in the timing

of policy moves. He stresses that the importance of these shocks to obtain more precise

estimates of the effect of monetary policy on stock returns. Market participants, therefore,

would respond to the information content of policy shock which reflect two factors that one

is expectational changes regarding the near term path of future policy, and another one is

shifts in the timing of an anticipated policy move. In this sense, if we only use the insti-

tutional information to capture the change in the policy shock to employ the identification
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procedure suggested by Rigobon and Sack (2004), it would not enough to investigate the all

possible changes in the policy shocks. In particular, timing of the policy shock shifts caused

by revisions in expectations regarding the future path of monetary policy would be very

difficult to be found. In this paper, using Markov-switching framework to detect different

states, we also account for the uncertainty of timing issue instead of specifying the high

and low volatility states exogenously. And, it would reduce the possible bias which may be

caused by the uncertainty of the shift of the policy shock. As mentioned earlier, the stock

markets are unlikely response to the anticipated changes in policy shocks, we hence use the

heteroskedasticity structure focusing on the event days.

Gerlach et al. (2006) present a test of the response of stock prices to Federal Reserve

policy shocks using a Markov-switching framework to a conventional event-study approach.

They show that in the low volatility regime, the market response to unexpected changes

in the target federal funds rates is significantly negative. More recently, Farka (2009) finds

that the asymmetric effects in level and volatility of stock returns to policy changes with

respect to the type of policy shocks and to the type of policy shocks by specifying an intra-

day GARCH model. In this paper, we use the state-dependent structure in the variance to

identify the original impact on stock market focusing on the event-days.

The rest of this article is summarized as follows. We first introduce a simultaneous

relationship between asset prices and monetary policy, and discuss existing problems in the

estimation in Section 2. Section 3 reviews the method proposed by Rigobon and Sack (2004),

and we suggest the use of Markov-switching framework in the first step to detect the shift in

the variance endogenously. Section 4 explains the data we use for empirical study and show

the results for the response of asset prices due to the monetary policy shocks. Concluding

remarks are offered in Section 5.

3.2. Model Specification and Estimation Problem

Consider the following simplified systems of equations of monetary policy and asset prices

used in Rogobon and Sack (2004):
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∆it = β∆st + γzt + εt, (3.1)

∆st = α∆it + zt + ηt, (3.2)

where ∆it is the change in the short-term interest rate and ∆st is the change in an asset

price. Monetary policy reaction can be described in equation (3.1), and it captures the

expected response of policy to a set of variables zt
10and to asset price. Equation (3.2)

shows the response of the asset price by the interest rate and also zt. The variable εt is the

monetary policy shock, and ηt is a shock to the asset price. Monetary policy shock 11 means

deviations from the typical response of the short-term interest rate. We further assume that

those disturbances are assumed to be have no serial correlation and to be uncorrelated with

each other and with the common shock zt.
12

To understand the equation (3.2) more clearly, we use the approximation introduced

by Campbell and Shiller (1988) for a dynamic setting, the log level of stock price can be

described as follow (see, Rigobon and Sack, 2003):

St =
k

1 − δ
+ Σ∞

j=0δ
j(1 − δ)Et(dt+1+j) − Σ∞

j=0δ
jEt(ht+j), (3.3)

where δ and k are constant; dt is log dividend; and ht+j is the return holding equities between

t+ j and t+ j + 1. The expected holding return for equities can be expressed with the sum

of the short-term interest rate and a risk premium, denoted as it+j and ρt+j, meaning that

Et(ht+j) = it+j + ρt+j. To bridge the gap between equation (3.2) and equation (3.3) we

further assume that one can able to approximate the expectation of the future dividend

and short-term interest rate by current and lagged values of macroeconomic news and the

interest rate. By matching the equation (3.2) and (3.3), the shock ηt would be interpreted

as stock market shock, which originate the change to risk preference.

In this paper, we are interested in the estimation of equation (3.2) to investigate the

response of asset price to the change in the monetary policy. However, the estimation

10 For notational simplicity, we let zt is a single variable.
11 The shock could also reflect any factors driving a wedge between the interest rate and

the policy expectation.
12 As mentioned in Rigobon and Sack (2004), it is an oversimplified model of the relation-

ship between movements and in interest rates and asset prices, but they justify this model
with the evidence that allowing for a richer lag structure had little effect on the result.
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of the response of asset prices to changes in monetary policy is problematic due to the

simultaneous relationships and omitted variables (see, Rigobon and Sack, 2004). Because of

the simultaneity, the data we observe is the intersection of the interest rates and the asset

prices, and it thus may not useful to investigate the slope of the equation (3.2). Another

problem would be the omitted variable bias. The common shock zt would shift the interest

rate and the asset prices at the same time, the realization would be affected by the coefficients

γ on those variables. The equation (3.3) also describes the log level of stock prices whereas

the equation (3.2) is about the change in stock prices zt, but nearly identical results hold if

the VAR instead uses the log level of stock prices given the lags included in the VAR (see,

Rigobon and Sack, 2003).

As an alternative, one can employ VARs to capture the dynamics of asset prices with

lagged term in equation (3.1) and (3.2) (see, e.g., Campbell and Ammer, 1993). By em-

ploying VARs, the parameters of the structural equation (3.2) can be recovered by imposing

restrictions, usually, the identification of VARs often takes the form of exclusion restriction,

which is either α or β is zero, which is unrealistic. Holding everything else equal, higher

interest rate are associated with lower stock market prices, given the higher discount rate

for the expected stream of dividend. Also, the Federal Reserve may respond to higher stock

prices by raising interest rate at the same time. Therefore, the exclusion restriction, either

α or β is zero, would misinterpret the parameter in the structural equation (See, Rigobon

and Sack, 2003).

To resolve this problem, Rigobon and Sack (2003) introduce a novel identification pro-

cedure by using the heteroskedasticity, and extended this method for the estimation of the

impact of monetary policy on asset price. This intuition was first suggested by Wright (1928).

He originally explains how the bias from OLS would disappear if the variance of one of the

shocks goes to infinity, in which case one of the equation is identified. For Rigobon and Sack

(2003) case, it needs only a shift in the relative magnitudes of the variance of the shocks. In

next section, we carefully review the method proposed by Rigobon and Sack (2004), and we

raise some issues of potential problems in the estimation of the equation (3.2).
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3.3. Identification through heteroskedasticity and Markov-Switching framework

3.3.1. Review of Rigobon and Sack (2004)

In a seminal paper, Rigobon and Sack (2004) develop a technique called identification

through heteroskedasticity to estimate equation (3.2). By investigating the changes in the

variance of interest rates and asset prices, the response of asset prices to monetary policy

shock can be estimated. The idea is based on the assumption that one can identify a period of

time in which the variances of the other shocks in the system remained unchanged. One need

to identify a period of time of the changes in the variance to use this approach. Suppose

one can identify two subsample, denoted s1 and s2, and one need to have the following

assumptions for the variance:

σs1

ε > σs2

ε (3.4)

σs1

η = σs2

η (3.5)

σs1

z = σs2

z (3.6)

The assumption (3.4)-(3.6) means that the variance of monetary policy shock would

elevate in the subsample s1 whereas the variance of other shocks remain same. This proce-

dure, thus, relies on the heteroskedasticity of policy shocks that happens on particular dates,

including days of FOMC meetings and of the Chairman’s semi-annual monetary policy tes-

timony to Congress. Rigobon and Sack (2004) show that the correlation between the policy

rate and these other asset prices shifts importantly on those dates, as one would expect given

the greater importance of policy shocks justifying the above identification assumption.

In order to understand the identification through heteroskedasticity, consider the follow-

ing the reduced-form of equation (3.1) and (3.2):

∆it =
1

1 − αβ
[(β + γ)zt] + βηt + εt], (3.7)

∆st =
1

1 − αβ
[(1 + αγ)zt] + ηt + αεt]. (3.8)
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Then, the variance-covariance matrix for two subsample, denoted Ωs1 and Ωs2 would be:

Ωs1 =
1

1 − αβ

[

σs1
ε + β2σs1

η + (β + γ)2σs1
z ασs1

ε + βσs1
η + (β + γ)(1 + αγ)σs1

z

. α2σs1
ε + σs1

η + (1 + αγ)2σs1
z

]

, (3.9)

Ωs2 =
1

1 − αβ

[

σs2

ε + β2σs2

η + (β + γ)2σs2

z ασs2

ε + βσs2

η + (β + γ)(1 + αγ)σs2

z

. α2σs2
ε + σs2

η + (1 + αγ)2σs2
z

]

. (3.10)

With the assumption that the parameters α, β, and γ would not vary across the two

subsample, the difference in variance-covariance matrices is given as:

∆Ω = Ωs1
− Ωs2

=
(σs1

ε − σs2
ε )

(1 − αβ)2

[

1 α

α α2

]

. (3.11)

The identification of α is straightforward from equation (3.10). To estimate the response

of asset prices to monetary policy shock, captured in α, one can replace the change in the

variance-covariance matrices with the sample estimates. By letting ∆yt = [ ∆it ∆st ] ,
′ and

defining dummy variables, δs1

t and δs2

t , that have the value 1 for all days for each subsamples,

respectively.

Then, the sample estimates would be:

Ω̂s1
=

1

Ts1

ΣT
t=1δ

s1

t ∆yt∆y
′

t, (3.12)

Ω̂s2
=

1

Ts2

ΣT
t=1
δs2

t ∆yt∆y
′

t. (3.13)

Then, the parameter α can be estimated as follows:

α̂ =
∆Ω̂12

∆Ω̂11

=
∆Ω̂22

∆Ω̂12

, (3.14)

where ∆Ω̂i,j indicates the (i, j) element of the change in the Ω̂ matrix 13.

13 For details, refer to Rigobon and Sack (2004)
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3.3.2. Identification of the change in the variance based on Markov-switching

One of the problems of the implementation of identification through heteroskedasticity

is that one need to be aware the time when the variance of monetary policy shock changes.

If not, it would generate the bias for the structural parameter that we are interest in. In

this sense, timing of the policy moves need to be clear to split samples according to the

heteroskedasticity of monetary policy shocks.

Rigobon and Sack (2004) assume that days of FOMC meeting and of the Chairman’s

semi-annual monetary policy testimony to Congress are likely to have a greater amount of

news about monetary policy than other days. Also, they further assume that other types

of shocks still take place on these days, but the relative importance of policy shock is likely

to increase dramatically. Based on these assumptions, they split two subsamples for the

one to indicate that the variance of the policy shock is elevated denoted s1, and the other

one, denoted s2 to represent the set of days immediately preceding those included in s1 to

satisfy the identification condition (3.4)-(3.6). However, if the above assumption for the

change of monetary policy shock is violated which means one mis-specify the time in which

the variance-covariance matrix shifts, it would generate some bias in the estimates of the

parameter α. Also, more importantly, because the stock market is unlikely respond to the

anticipated monetary policy changes, the regression on event days would help to obtain more

precise estimate results of the Fed’s impact on the change in stock returns. 14

Additionally, in a seminal paper, Farka (2009) discusses the type of the policy shocks:

1) those that alter expectations about the future path of the monetary policy, and 2) those

that signal a change in the timing of policy moves. He stresses that the importance of these

shocks to obtain more precise estimates of the effect of monetary policy on stock returns.

As he mentioned, market participants, therefore, would respond to the information content

of policy shock which reflect two factors that one is expectational changes regarding the

near term path of future policy, and another one is shifts in the timing of an anticipated

policy move. In this sense, if we only use the institutional information to capture the change

14 Rigobon and Sack (2003) shows the bootstrap results to check the robustness in the use
of the identification through heteroskedasticity for the exogenously specified the different
variance-covariance matrices.
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in the policy shock to employ the identification procedure suggested by Rigobon and Sack

(2004), it would not enough to investigate the all possible changes in the policy shocks. In

particular, timing of the policy shock shifts caused by revisions in expectations regarding

the future path of monetary policy would be very difficult to be found.

In this paper, we use the heteroskedasticity of monetary policy shocks that exist in high-

frequency data within the event study framework. In order to take care of the uncertainty

of timing issue in previous literature, we use Markov-switching framework to detect different

states instead of specifying the high and low volatility states exogenously. And, it would

reduce the possible bias which may be caused by the uncertainty of the shift of the policy

shock, and it accounts for the possible biases in the conventional event study approaches. In

what follows, we introduce more details about the identification through heteroskedasticity

proposed by Rigobon and Sack (2004) with Markov-switching framework.

From the reduced-form of equation (3.1) and (3.2), the reduced-form can be written with

the reduced-form shock as follows.

∆yt =

[

e1t

e2t

]

= et, et ∼ N(0,Ωst
), (3.15)

where st is the unobserved state variable, and Ωst
is given by:

Ωst
=

[

Ω11,st
Ω12,st

Ω21,st
Ω22,st

]

. (3.16)

Also, we assume that two-state Markov-chain with the following transition probability.

Π =

[

p00 1 − p00

1 − p11 p11

]

, (3.17)

where pij = Pr[st = j|st−1 = i] for i = 0, 1 and j = 0, 1.

Step 1: Estimate equation (3.15) via Maximum-Likelihood Estimation (MLE), and

get the reduced-from variance-covariance matrix Ωst
for each regime.

Step 2: Based on the estimates of Ωst
, we calculate the change of the variance

covariance matrix, denoted as Ω̂ = Ω̂1 − Ω̂2.
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Step 3: We apply the procedure developed by Rigobon and Sack (2004) to get an

inference of α in equation (3.1).

Note that one can identify two distinct regimes based on Markov-switching framework

endogenously in the first step. With taking care of the uncertainty of shifts in monetary

policy shock, one can apply the same procedure to Rigobon and Sack (2004). The presence

of unconditional heteroskedasticity in the reduce form allows us to identify the structural

parameter α, but the limitation of this analysis is that we are only able to obtain the partial

identification of the model.

3.4. Estimation Results

3.4.1. Data

Estimating the response of stock prices to monetary policy actions is difficult by the

fact that the market is unlikely to respond to policy actions that were already anticipated

(see Bernake and Kuttner, 2005). Asset markets are forward-looking and hence tend to

incorporate any information about anticipated policy changes. Thus, distinguishing between

expected and unexpected policy actions is important for understanding their effect. Kuttner

(2001) suggests a way to construct a measure of ‘surprise’ rate changes by using Federal

funds futures data 15. In this paper, we analyze the effects of FOMC target rate decisions

between the July of 1989 through the April of 2008. 16. Following Kuttner (2001) and

Bernanke and Kuttner (2005) we use same data form FFR futures contracts in order to use

the unexpected part of the FFR change. On the day of the FOMC decision, the FFR shock,

is measured by the change in the implied rate of the current-month FFR futures contract, as

traded on the CBOT market, relative to the day before the FOMC announcement, scaled by

a factor related to the number of days in the month affected by the change. Then, a measure

15 Rigobon and Sack (2002) utilize the euro-dollar future rate to focus on the surprise
component of policy moves.
16 We use the data provided from http://econ.williams.edu/people/knk1.
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of the surprise element of any specific change in the Federal funds target can be written as:

∆it =
D

D − d
(f0

m,d − f0

m,d−1), (3.17)

where ∆it is the unexpected target rate changes, fm,d is the current-month future rate, and

D is the number of days in the month.

Before 1994, changes in the federal funds target rate were not announced by FOMC,

in which policy changes were not closed and a significant policy move happened between

meetings. After 1994, however, the day of the target rate changes are well known; and the

policy action is announced. In this case, the day-to-day change in the future rate on days

would reflect changes in the market’s expectation of the target funds rate on some future

date (Kuttner, 2008). Therefore, in pre-1994, day-to-day changes in future target rate could

well be a consequence from either changes in policy preferences or macro news while, in

post-1994, policy surprises on event day, are more likely comes from changes in the Fed’s

preference. The policy of announcing target rate changes, which began in February 1994,

eliminates most of the timing uncertainty associated with rate changes in the earlier part

of the sample. After 1994 period when all Federal funds rate changes were announced, and

most coincided with FOMC meetings. Therefore, to make use of pre-1994 sample, one should

be aware of the uncertainty of timing in shifts of monetary policy shocks.

The stock market data we use, which consists of high-frequency observations of the

Nasdaq index. The stock market returns are log differences of the Nasdaq index on the close

of the day of the FOMC meeting, relative to the previous trading day.

3.4.2. Results

Table 3.2 shows the estimation results. As we can see in Table 3.2, we are able to detect

two different regime on event-day. In a seminal paper, Kontonikas et al. (2013) found that the

heteroscedatic structure in monetary policy shock and state dependence, with the reaction

being stronger during the bad times on the event-days. Therefore, in order to identify the

impact of stock price to monetary policy shock one should take care of the asymmetric effects

and the heteroscedasticity due to policy changes. Focusing on the event days, we found that
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the estimate α̂ is −7.859, implying that the an unanticipated 25-basis point change increase

1.98% decline in the Nasdaq. In Rigobon and Sack (2004), they found that 2.4% decline in

stock price, which is larger reaction than our estimates. Within event-study framework, Our

results relax the assumption that the larger variance in the monetary policy shocks always

happened on the event-days than non event-days. The two distinct regime found in this

paper in the reduced form shock tells us the higher volatility state to Fed’s expansionary

shock, and the low volatility state to Fed’s contractionary response to the economy.

In order words, the state dependence heteroscedastic structure on event-day could well be

a consequence of the asymmetric effects to the different types of policy actions: expansionary

or contractionary policy. It turns out the periods that we have high volatility states coincide

the periods the economy in the recession, and this findings are consistent to Kontonikas

et al. (2013). Therefore, as Rigobon and Sack (2004), the assumption that the monetary

policy shock always would be higher on event-day than on non-event day possibly generate

biased estimates due to the uncertainty of timing in the changes of monetary policy shock.

If the future policy are already announced, then it is possible that we could have mild

reaction in stock price to policy changes. Also, market reaction could have asymmetric

effects depending on the type of policy actions: rate cut vs. rate hike. In this sense, we need

to employ Markov-switching framework to detect two different regime endogenously in the

first step.

3.5. Conclusion

In this paper, we take care of the endogeneity issues in estimating the response of stock

prices due to simultaneity and the omitted variable bias. We extend the work of Rigobon

and Sack (2004) by incorporating Markov-switching framework. The estimation procedures

employed in this paper captures heteroskedasticity of monetary policy shocks endogenously

to account for all possible changes in monetary policy shocks. Once one estimate the timing

of monetary policy changes, the heteroskedasticity structure helps to identify the impact of

stock market to policy changes.
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Since the monetary policy shocks possibly come from the alteration of expectations about

the future path of the monetary policy and a change in the timing of policy moves. In this

sense, if we only use the institutional information to capture the change in the policy shock

to employ the identification procedure suggested by Rigobon and Sack (2004), it would not

enough to investigate the all possible changes in the policy shocks. In particular, timing

of the policy shock shifts caused by revisions in expectations regarding the future path of

monetary policy would be very difficult to be found. In this paper, using Markov-switching

framework to detect different states, we also account for the uncertainty of timing issue

instead of specifying the high and low volatility states exogenously. And, it would reduce

the possible bias which may be caused by the uncertainty of the shift of the policy shock.

We found that the two distinct regime in the reduced form shocks, which tells us the

higher volatility state to Fed’s expansionary shock, and the low volatility state to Fed’s

contractionary response to the economy. The state dependence heteroscedastic structure

on event-day could well be a consequence of the asymmetric effects to the different types

of policy actions: expansionary or contractionary policy. Our finding implies that the an

unanticipated 25-basis point change increases 1.98% decline in the Nasdaq.

55



Appendix A. Estimating the Initial Value for the Control Functions, g0.

Through recursive substitutions, we rewrite equation (1.18) for t = 0, 1, 2, . . . , T − 1 as

follows:

η̂1 = g1 − θ̂g0,

η̂2 = g2 − θ̂η̂1 − θ̂2g0,

η̂3 = g3 − θ̂η̂2 − θ̂2η̂1 − θ̂3g0,

...

η̂T = gT − θ̂ηT−1 − θ̂2η̂T−2 − . . .− θ̂T−1η̂1 − θ̂Tg0.

By rearranging terms in the above equations, we can obtain the following regression equation

in which the coefficient is g0 and the disturbance term is gt:

η̃t = g0x̃t + gt, gt ∼ i.i.d.N(0, σ2),

where η̃t = η̂t +
∑t−1

i=1 θ̂
t−iη̂i and x̃t = −(θ̂)t. Then, g0, can be estimated by the following OLS

estimators:

ĝ0 =

∑

x̃tη̃t
∑

x̃t
2
.

Appendix B. Macroeconomic Interpretation of Testing Determinacy.

Figure B.1-B.2 depict the 90 percent level confidence sets constructed by inverting three

alternative tests on (βπ, βx), designed for checking the condition for determinacy given below,

and employed by Clarida et al. (2000) and Mavroeidis (2010):

βπ +
1 − β

λ
βx ≥ 1, (B.1)
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where the parameter 0 < ψ < 1 is a discount factor and the λ parameter captures the degree

of nominal rigidities in a forward-looking Phillips curve. The three alternative test considered

are: i) a Wald test based on GMM, ii) an identification-robust test based on GMM; and iii)

a Wald test based on the proposed method. The confidence sets are constructed as in

Mavroeidis (2010), by fixing the values of ψ and λ at 0.99 and 0.3, respectively.

The equation (B.1) represent Taylor Principle that the Fed raises real rates in response

to inflation to eliminate the possibility of self-fulfilling inflation. The above condition is more

general than the original Taylor Principle that simply states that the coefficients on inflation

in the Taylor rule is greater than one. With the discount factor close to one, the above

condition derived in the New Keynesian framework still means that the coefficient on inflation

in the Taylor rule be greater than one. As mentioned in Section 4, even though one cannot

interpret the Taylor principle directly based on the proposed method, it would be worthwhile

to check the confidence sets based on the proposed method in order to see the advantage of

taking care of moving-average term appropriately compared to GMM estimation.

For the 1960:Q1-1979:Q2 sample, we get very robust results regardless of the inference

methods employed. The two dimensional 90 % confidence sets on the βπ and the βx parame-

ters all cover the indeterminacy region. For the 1979:Q3-1997:Q4 sample, the identification-

robust inference, we cannot reject the null of indeterminacy. However, the Wald confidence

set from the proposed method is much smaller than the identification-robust confidence set

from GMM. The proposed approach results in reasonably accurate estimates of the parame-

ters, and the 90 % confidence set for the reaction parameters lies outside the indeterminacy

region.

Appendix C: Reduced-form Monetary Policy Rule in Equation (2.4)

Notice that the coefficients of the reduced form Taylor rule given by equation (2.4) would

be the function of the semi-structural VAR model consisting of the equation (2.1)-(2.3). In

order to understand the relationship between the coefficients in the structural equation and

the ones in the reduced form equation, we consider the second order of VAR of the dynamics
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of the inflation and the unemployment as follows.

it = δi,0t + δi,11,tπt−1 + δi,12,txt−1 + δi,13,tit−1 + δi,14,tπt−2 + δi,15,txt−2 + δi,16,tit−2 + e1,t (C.1)

In the following derivation, we assume that i) Etδi,1j,t+1 = δi,1j,t for j = 1, 2, ..., 6 and ii)

Etej,t = 0; for k = 1, 2, 3. After solving equation equation (2.2) forward, and we combine

this with equation (2.1) and (2.3). Then, we would get the following relationship between

equation (2.1) and (2.4).

δi,0,t = (
1

1 − α1,tδπ,13,t

)[α0,t + α1,t{δπ,0,t(1 + δπ,11,t)} + δx,0,t(α1,tδπ,12,t + α2,t)]

δi,11,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δ
2

π,11,t + δπ,12,tδx,11,t + δπ,14,t) + α2,tδx,11,t]

δi,12,t = (
1

1 − α1,tδπ,13,t

)[α1,t{δπ,12,t(δx,11,t + δx,12,t) + δπ,13,t} + α2,tδx,12,t]

δi,13,t = (
1

1 − α1,tδπ,13,t

)[α1,t{δπ,13,t(δx,11,t + δx,13,t) + δi,16,t} + α2,tδx,13,t + α3,t]

δi,14,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δπ,11,tδπ,14,t + δπ,12,tδx,14,t) + α2,tδx,14,t]

δi,15,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δπ,11,tδπ,14,t + δπ,12,tδx,15,t) + α2,tδx,15,t]

δi,16,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δπ,11,tδi,16,t + δπ,12,tδx,16,t) + α2,tδx,16,t]

e1,t = (
1

1 − α1,tδπ,13,t

)[(α1,tδπ,11,t)e2,t +mt + (α1,tδπ,12,t + α2,te3,t)]
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Table 1.1. Simulation Results for 1  [True 11  ] for the Normal distribution of the reduced-

form shocks.  
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Parameter estimates 

 GMM Proposed method 

 Mean SD Mean SD 

12 k  0.674 0.784 1.004 0.180 

302 k  0.998 0.148 1.002 0.070 

 
Hypothesis testing (  1: 10 H , 5% level test ) 

 Rejection frequencies 

 GMM-Wald GMM-Robust Proposed-Wald 

12 k  0.182 0.052 0.050 

302 k  0.062 0.050 0.051 

 

Note:  The sample size that we use is 1000. 5,000 Monte Carlo replications. SD means the Standard deviation of the mean.   

Threshold values for weak instrument Tests for Two-stage Least Squares (TSLS) based on Concentration parameter that 

ensure the bias of TSLS is no more than 10% of the inconsistency of OLS is 3.71 for three instruments. And threshold values 

when weak instruments are defined so that the usual nominal 5% TSLS t-test of the hypothesis testing has size potentially 

exceeding 15% is 6.36 for three instruments. (Source: Stock and Yogo, 2002). Implied parameters for 
21 of each case are 

0.251 and 0.572, respectively. 
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Table 1.2. Simulation Results for 1  [True 11  ] for the Student-t distribution of the 

reduced-form shocks.  
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







 

 

Parameter estimates 

 GMM Proposed method 

 Mean SD Mean SD 

12 k  0.687 0.634 1.006 0.175 

302 k  0.994 0.143 1.001 0.068 

 
Hypothesis testing (  1: 10 H , 5% level test ) 

 Rejection frequencies 

 GMM-Wald GMM-Robust Proposed-Wald 

12 k  0.190 0.036 0.054 

302 k  0.072 0.040 0.058 

 

Note:  The sample size that we use is 1000. 5,000 Monte Carlo replications. SD means the Standard deviation of the mean. 

We assume that the reduced-form errors follow student-t distribution with degree of freedom 5. Threshold values for weak 

instrument Tests for Two-stage Least Squares (TSLS) based on Concentration parameter that ensure the bias of TSLS is no 

more than 10% of the inconsistency of OLS is 3.71 for three instruments. And threshold values when weak instruments are 

defined so that the usual nominal 5% TSLS t-test of the hypothesis testing has size potentially exceeding 15% is 6.36 for 

three instruments. (Source: Stock and Yogo, 2002). Implied parameters for 
21 of each case are 0.251 and 0.572, 

respectively. 

 



17 

 

Table 1.3. Simulation Results for 1  [True 11  ] for the GARCH (1, 1) distribution of the 

reduced-form shocks.  
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


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

 

 

Parameter estimates 

 GMM Proposed method 

 Mean SD Mean SD 

12 k  0.694 0.894 1.005 0.220 

302 k  1.006 0.164 1.004 0.082 

 
Hypothesis testing (  1: 10 H , 5% level test ) 

 Rejection frequencies 

 GMM-Wald GMM-Robust Proposed-Wald 

12 k  0.130 0.046 0.064 

302 k  0.052 0.048 0.048 

Note 1:  The sample size that we use is 1000. 5,000 Monte Carlo replications. SD means the Standard deviation of the 

mean. Threshold values for weak instrument Tests for Two-stage Least Squares (TSLS) based on Concentration parameter 

that ensure the bias of TSLS is no more than 10% of the inconsistency of OLS is 3.71 for three instruments. And threshold 

values when weak instruments are defined so that the usual nominal 5% TSLS t-test of the hypothesis testing has size 

potentially exceeding 15% is 6.36 for three instruments. (Source: Stock and Yogo, 2002). Implied parameters for 
21 of 

each case are 0.251 and 0.572, respectively. We assume that the reduced-form shocks follow GARCH (1, 1) given by: 
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Table 1.4. Forward-looking Taylor Rule Equation Estimates 

 

tttxttt ixEi     11110 ))(1(  

 

 

 
 

1961:1 – 1979:2 
 

1979:3 – 1997:4 

 

GMM 
 

Proposed method 
 

GMM 
 

Proposed method 

 

  

 

0.945  

(0.167) 

 

 

0.953 

(0.096) 

 

2.244  

(0.103) 

 

1.979  

(0.317) 

 

x  

 

0.658  

(0.240) 

 

 

0.404  

(0.114) 

 

0.822  

(0.182) 

 

0.647  

(0.333) 

 

1  

 

0.797  

(0.085) 

 

 

0.574  

(0.115) 

 

0.828  

(0.215) 

 

0.775  

(0.059) 

 

 
 

Hypothesis testing (  1:0 H ,  1:1 H ) 

 

 GMM-Robust Proposed-Wald GMM-Robust 

 

Proposed-Wald    

 

Test-Statistic  

(P-value) 

 

0.945  

(0.167) 

 

0.235  

(0.628) 

 

0.945  

(0.167) 

 

9.542  

(0.002) 

 

 

Note: Standard errors are in parenthesis. Data we use as in Mavroeidis. (2010), the interest rate is the average federal funds 

rate in the first-month of each quarter; inflation is measured by the % change of the GDP deflator; the output gap is the series 

constructed by CBO. The IVs include intercept, four lags of inflation, output gap, and federal funds rate. The pre-Volcker 

sample is 1961:2 to 1979:2, and the Volcker-Greenspan sample is the 1979:3–1997:4.  
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Table 1.5. Monte Carlo Results based on Proposed method (from bootstrapped data)    

 

 tttxttt ixEi     11110 ))(1(  

 

 
Parameter estimates 

True values Mean SD 

 =1.979 
1.996 0.345 

x =0.647 
0.631 0.366 

 
Hypothesis testing (Size of the test) 

 1% 5% 10% 

:0H =1.979 
0.017 0.046 0.074 

xH :0 =0.647 
0.028 0.062 0.097 

 

Note: SD means the Standard deviation of the mean. We generate the same number of bootstrapped samples for Volcker-

Greenspan periods in the estimation of the Taylor rule by 5,000 replications. True values are obtained from the estimates 

based on the Proposed method. We generates artificial series of the variables from the estimated coefficients in the VAR 

order 4 and the residuals as if they were population values, and estimates new coefficients. 
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Figure 1.1. Distributions of 1  [True 11  ] for the Normal distribution of the reduced-form 

shocks.  
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Figure 1.2. Distributions of 1  [True 11  ] for the Student-t distribution of the reduced-form 

shocks.  
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Figure 1.3. Distributions of 1  [True 11  ] for the GARCH (1, 1) distribution of the 

reduced-form shocks.  
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Figure 1.4. Power curves of 5% level tests for 1: 10 H  
against 1: 11 H  for the Normal 

distribution of the reduced-form shocks.  
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Figure 1.5. Power curves of 5% level tests for 1: 10 H  
against 1: 11 H  11  ] for the 

Student-t distribution of the reduced-form shocks.  
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Figure 1.6. Power curves of 5% level tests for 1: 10 H  
against 1: 11 H  for the GARCH (1, 

1) distribution of the reduced-form shocks.  
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Figure 1.7. Sampling Distribution of the ̂  and x̂  obtained from Bootstrapped Samples 

tttxttt ixEi     11110 ))(1(  

 

 

 

 

 

Note: The black vertical line represents true value of the parameters, which are the estimates from actual historical data 

based on the proposed method.  
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Chapter 2

Estimation of a Forward-Looking Time-varying Monetary Policy Rule:

Limited Information Approach

2.1. Introduction

The monetary policy rule has been investigated for several decades to provide under-

standing of the outbursts of inflation and unemployment of the 1970s and early 1980s.

Many works of literature (e.g., Clarida et al. (2000), Boivin and Giannoni (2003), Cogley

and Sargent (2005), Lubik and Schorfheide (2004)) have stressed that the U.S. monetary

policy was less active against inflation under the Fed chairmanship of Arthur Burns than

under Paul Volcker and Alan Greenspan. However, the empirical conclusion of the significant

effect on the macroeconomic variables due to the change in monetary policy is still contro-

versial. The opposite view has been addressed by comparing the relative importance of the

non-systematic and systematic aspects of the monetary policy changes (see e.g., Bernanke

and Mihov (1998), Primiceri (2005), Sims and Zha (2006)).

Various econometric methodology has been suggested to consider the time variation of

a forward-looking Taylor-rule-type monetary policy. Kim and Nelson (2006), for example,

propose a two-step procedure to deal with time-varying endogenous regressors with het-

eroscedasticity. They also account for the changing degrees of uncertainty associated with

the Feds forecasts of future economic conditions. By doing so, they achieve efficiency in

estimation by employing the standardized projection errors regarding inflation and output

gaps. Their empirical findings support the idea of active response toward inflation during

the 1980s. In addition, they questioned the reliability of the lagged inflation rates as IV

showing a wide confidence band under the Volcker-Greenspan regime.

To consider the multivariate linear setup, Cogley and Sargent (2005) use time-varying

variance in the context of VARs with drifting coefficients. They assume that the simultaneous

relations among macroeconomic variables are time invariant. To reveal evidence of the
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evolution of monetary policy actions, they estimate a forward-looking Taylor rule with the

interest rate smoothing method. They suggest a two-stage least squares analysis on a date-

by-date basis. In the first step, they project the Feds forecasts of average inflation and

unemployment onto a set of instruments that are a constant and two lags of inflation and

unemployment rates. The second step involves projecting the current interest rates onto the

fitted values from the first-stage projections along with the lagged nominal interest rates.

They found evidence for the monetary policy activism, as in Clarida et al. (2000), that

monetary policy was passive in the 1970s and active in the Volcker-Greenspan era. Also,

more importantly, they point out that estimates for the Volcker-Greenspan period are less

precise because of instrument relevance problems, and the tails of the distributions overlap

at various dates.

Recently, Chon and Kim (2014) have stressed the efficiency loss of the conventional IV

estimation in simultaneous equation models with forward-looking variables. They employ the

identifying assumption that monetary policy shocks do not have any contemporaneous effects

on macroeconomic variables to derive a Limited Information procedure for the estimation of

a forward-looking monetary policy rule. The procedure they design can effectively handle

the moving-average disturbances, a problem that inherently results in inefficiency in the IV

estimation of a forward-looking model rendering spurious weak identification issues in the

Volcker-Greenspan era. The two-step estimation procedures suggested by Kim and Nelson

(2006) and Cogley and Sargent (2005) involve the efficiency loss problems that originated

from the moving-average disturbances in the instrumenting equations. These researchers

concern the relevance of IV for the Volcker-Greenspan samples but could not handle the

additional information in the residuals.

With the same identifying assumption for the monetary policy shocks employed by Chon

and Kim (2014), Primiceri (2005) analyzes the systematic and non-systematic parts of mon-

etary policy and their effect on the macroeconomic variables with time-varying parame-

ters demonstrating stochastic volatility. His approaches consider a flexible way to consider

changes in policy because it captures both time variation of the simultaneous relations among

the variables of the model and the heteroscedasticity of the innovations. The empirical con-

clusion he made is that the high volatility of the exogenous non-policy shocks seems to

28



explain a larger fraction of the poor economic performance of the 1970s and early 1980s,

which were episodes of high unemployment and inflation. However, the monetary policy rule

he considered only responds to the current inflation rates without response to real activity.

Furthermore, a Lucas (1976) critique issue arises in the monetary policy rule without con-

sideration for the rational and forward-looking behavior of economic agents. In this paper,

we propose a Limited-Information procedure to estimate a forward-looking monetary policy

rule by modeling multivariate time varying coefficient with stochastic volatility.

The main contribution of this paper is the assertion that, under the identifying as-

sumption that monetary policy shocks do not have simultaneous effects on macroeconomic

variables, we can effectively handle the moving-average dynamics in the instrumenting equa-

tions. This would improve the efficiency for the estimation of a time-varying forward-looking

monetary policy rule mitigating the issue of relevance to instruments (see Cogley and Sar-

gent, 2005). Also, by incorporating the time-varying coefficients and innovations, we can

reasonably model for the effects of the changes in monetary policy on the rest of the econ-

omy. Not only the forecasts of future expectation for inflation and output gap but also the

moving-average dynamics can be obtained from the posterior mean of reduced-form time-

varying VAR. Thus, the estimation results obtained in this paper would provide more reliable

evidence to understand whether monetary policy rules have changed and that the persistence

of inflation itself has drifted over time.

The rest of the paper is summarized as follows. Section 2 presents the time-varying

structural VAR model adopted in this paper for the estimation of a forward-looking monetary

policy rule. Section 3 introduces the estimation procedure used in this paper with the key

features of the estimation strategy. Section 4 explain the empirical results of the application

to a forward-looking monetary policy rule. Concluding remarks are offered in Section 5.

2.2. Model Specification

For an empirical estimation of a forward-looking Taylor rule as in Kim and Nelson (2006),

we consider the following linear TVP model of monetary policy transmission mechanism.
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With a VAR specification of aggregate supply and demand, our complete model of monetary

policy takes a sub-VAR system.

it = β0,t + β1,tEt[πt+1] + β2,txt + β3,tit−1 +mt, (2.1)

πt = δπ0,t + Ỹ ′

t−1δπ1,t + e2,t, (2.2)

xt = δx0,t + Ỹ ′

t−1
δx1,t + e3,t, (2.3)

where it is the federal funds rate; xt is a measure of the unemployment at time t; πt is the

percent change in the price level between time t and t+ 1; Ỹt = [Y ′

t Y ′

t−1 . . . Y ′

t−k+1 ]
′

,

with Yt = [ it πt xt ]
′; and Et(.) refers to the expectation formed by the Fed conditional on

information available at the beginning of time t, when the federal funds rate is determined.

We assume that that the monetary policy shocks mt do not have any contemporaneous

effects on macroeconomic variables.

The above forward-looking Taylor rule would have the following reduced form represen-

tation, where the coefficients of the following reduced form Taylor rule would be convolutions

of the above structural VAR model (2.1)-(2.3).

it = δi0,t + Ỹ ′

t−1δi1,t + e1,t, (2.4)

Notice that the coefficients δi0,t and δi1,t would be function of the coefficients in equation

(2.1). The error terms of the reduced form consists of (2.2),(2.3), and (2.4) are denoted as

et = [ e1,t e2,t e3,t ] are heteroscedastic shocks with variance covariance matrix Ωt.

To identify the monetary policy shock, a structural VAR model would be recovered via

Cholesky decomposition of the variance-covariance matrix of the reduced-form error terms.

After we assume that the monetary policy shocks mt do not have any contemporaneous

effects on macroeconomic variables, we place endogenous variables in the order of inflation,

output gap, and the interest rate, respectively. Then, we have the following relations of the

reduced-form errors.

et = A−1εt, εt = Σt ε̃t, ε̃t ∼ i.i.d.N(0, I3) (2.5)
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At =


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

1

α21,t

α31,t

0

1

α32,t

0

0

1











(2.6)

and Σt is the diagonal matrix:

Σt =











σ1,t

0

0

0

σ2,t

0

0

0

σ3,t











(2.7)

We let Bt to be a vector stacking time-varying reduced-form VAR coefficients including

intercepts and lagged variables; σt be the vector of the diagonal elements of the matrix Σt,

and αt be the vector of non-zero and non-one elements of the matrix At, which stacks by

rows. Then, we have the following the dynamics of the model’s time varying parameters is

specified as follows.

Bt = Bt−1 + νt, (2.8)

αt = αt−1 + ζt, (2.9)

logσt = logσt−1 + υt, (2.10)

where the distributional assumptions as regards (ε̃t, νt, ζt, υt) are state below.

V = var(

















ε̃t

νt

ζt

υt

















) =

















In 0 0 0

0 Q 0 0

0 0 S 0

0 0 0 W

















, (2.11)

where In is an n-dimensional identity matrix, Q, S, and W are positive definite matrices.

In case Et[πt+1] in (1) is unobservable, we replace them by πt+1, the ex-post measures of

inflation. This results in the following equation for monetary policy rule with ex-post data:

it = βi0,t + β1,tπt+1 + β2,txt + β3,tit−1 + ut+1, ut+1 ∼ i.i.d.N(0, σ2

u,t+1), (2.12)

where ut+1 = β1,t(πt+1 − Et[πt+1]) + mt. Note that the regressors πt+1 in equation (2.1)

are correlated with the disturbance term ut+1. In order to estimate the equation (2.12), we

consider the following instrumenting equation is given by:
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πt+1 = c1,t + Ỹ ′

t−1c2,t + ηt+1, (2.13)

where Ỹt = [Y ′

t Y ′

t−1 . . . Y ′

t−k+1 ]′ ; c1,t and c2,t are functions of the coefficients in the

reduced-form (2.2), (2.3), and (2.4); and ηt+1 follows MA(1) process as given below:

ηt+1 = gt+1 − θt+1gt, gt+1 ∼ i.i.d.(0, σ2

g,t+1), (2.14)

where gt+1 is serially uncorrelated. After we assume that the monetary policy shocks do

not have any contemporaneous effects on macroeconomic variables, we have ut+1 is serially

uncorrelated. Then, one is able to consider an orthogonal projection of ut+1 on g∗t+1, where

g∗t+1 = gt+1

σg,t+1
is a standardized residuals of gt+1. Then, we have:

ut+1 = γt+1g
∗

t+1
+ ωt+1, (2.15)

where ωt+1 =
√

1 − ρ2
t+1σu,t+1ω

∗

t+1; ω
∗

t+1 ∼ N(0, 1); and γt+1 = ρt+1σu,t+1, ρt+1 is the correla-

tion between ut+1 and g∗t+1. We can thus rewrite the equation (2.12) as:

it = β0,t + β1,tπt+1 + β2,txt + β3,tit−1 + γt+1g
∗

t+1 + ωt+1, ωt+1 ∼ i.i.d.N(0, σ2

ω,t+1), (2.16)

where, conditional on g∗t+1, the disturbance term ωt+1 is not correlated with any other re-

gressors in the above equation.

2.3. Estimation Procedure

2.3.1. Markov Chain Monte Carlo (MCMC) algorithm

We consider the following two-steps Gibbs sampling algorithm to estimate the time-

varying Taylor rule in equation (2.1) along with the reduced-form VAR system in equation

(2.2) and (2.3):

Outline for Gibbs Sampling Algorithm
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Step 1: Estimate the full reduced-form VAR consisting (2.2)-(2.4) following the Gibbs

sampling algorithm by Primiceri (2005). Calculate the posterior means (or medians) of

reduced-form parameters for the initial values of {δt, βt}
T−1
t=1 . And construct {g∗t+1}

T−1
t=1 .

Step 2: Conditional on {g∗t+1
}T−1

t=1 , draw {βt}
T−1
t=1 in equation (2.1) using the backward

simulation algorithm by Carter and Kohn (1994).

In later sections, we discuss the details for the step 1) in order to consider the Limited

Information approach.

2.3.2. Construction of the Control Function: Details of Step 1

With VAR specification given by in equation (2.2)-(2.4), we can consider the instrument-

ing equation for an estimation of equation (2.4). By defining Ỹt = [Y ′

t Y ′

t−1 . . . Y ′

t−k+1 ]′ ,

we have the following companion form of a time varying VAR:

Ỹt = B̃0,t + ΦtỸt−1 + ẽt, et ∼ i.i.d.N(0, Ω̃t), (2.18)

where B̃0,t is a function of δk,t for k = 1, 2, and 3; Φt is a function of δj,t for j = π, x, i and the

first (3 × 3) diagonal block of Ω̃t is Ωt. And, all the parameters are time-varying and follow

random walk processes. 5 The variances are assumed to evolve as geometric random walks,

belonging to the class of models known as stochastic volatility. All the innovations in the

reduced from VAR model are assumed to be jointly normally distributed and independent

with each other.

To consider the proposed estimation for a forward-looking time varying MP rule, Step

1 involves the construction of the control function in equation (14). In the following, we

explain how to generate a control function for the second step estimation.

By solving equation (2.18) forward, we have:

5 Alternatively, we may use demanded data for the equation (2.18), i.e, ŷt = yt − E(yt).
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Ỹt+1 = B̃0,t+1 + Φt+1Ỹt + ẽt+1

= B̃0,t+1 + Φt+1(B̃0,t + ΦtỸt−1 + ẽt) + ẽt+1

= B̃0,t+1 + Φt+1B̃0,t + Φt+1ΦtỸt−1 + Φt+1ẽt + ẽt+1

(2.19)

The two step prediction error is obtained as:

ηt+1 = i′π(Φt+1ẽt + ẽt+1), (2.20)

where iπ = [1 0 0 0 ... 0]′ is a selection vector. The parameter c1,t and c2,t in equation (2.13)

can be expressed as:

c1,t = i′π(B̃0,t+1 + Φt+1B̃0,t), (2.21)

c2,t = i′π(Φt+1Φt). (2.22)

By equating the variance and the first-order auto-covariances of ηt+1 in equation (2.13),

we have:

i′π(Ω̃t+1 + Φt+1Ω̃tΦ
′

t+1)iπ = (1 + θ2

t+1)σ
2

g,t, (2.23)

i′π(Φt+1Ω̃t)iπ = −θt+1σ
2

g,t. (2.24)

Once all parameters of the VAR model are estimated, we can iteratively calculate the

control function as follows:

ĝt+1 = η̂t+1 + θ̂t+1ĝt, t = 1, 2, . . . , T − 1, (2.25)

conditional on the initial value, g0.

2.4. Empirical Findings

2.4.1. Priors and Data
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The data we employ are quarterly data covering the period 1965:1 to 2011:4. As in Kim

and Nelson (2006), the interest rate the average federal funds rate in the first-month of each

quarter; inflation is measured by the % change of the GDP deflator; the output gap is the

series constructed by CBO. Two lags are used for the estimation.

Priors for state vectors and hyperparameters are obtained from OLS estimates as in

Primiceri (2005) with a few modifications. The first 10 years (40 observation, from 1945:1

to 1964:4) are used to calibrate the prior distributions. 6 For example, we obtain the mean

and the variance of B0are chosen to be OLS point estimates and four times its variance in

a time invariant VAR, estimated on the small initial samples. And, we chose a prior for

A0 in a same way. For logσ0 instead, the mean of the distribution is chosen to be the log

of the OLS point estimates of the standard errors of the same invariant VAR, while the

variance covariance matrix is assumed to be identity matrix. Also, degrees of freedom and

scale matrices are needed for the inverse-Wishart prior distributions of the hyperparameters.

The degrees of freedom set to 4 for W and 2 and 3 for the two blocks of S. In sum, the priors

take the forms:

B0 ∼ N(B̂OLS, 4V (B̂OLS)), (2.26)

A0 ∼ N(ÂOLS, 4V (ÂOLS)), (2.27)

logσ0 ∼ N(logσ̂0, In), (2.28)

Q ∼ IW (0.01240V (B̂OLS), 40), (2.29)

W ∼ IW (0.0124In, 40), (2.30)

S1 ∼ IW (0.122V (Â1,OLS), 2), (2.31)

S2 ∼ IW (0.123V (Â2,OLS), 3), (2.32)

where S1 and S2 denote the two blocks of S, while Â1,OLS and Â2,OLS stand for the two

corresponding blocks of ÂOLS. The simulation are based on 10,000 iterations of the Gibbs

sampler, discarding the first 2000 for convergence.

6 Refer to Primiceri (2005) for details.
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2.4.2. Estimation Results

Our empirical findings are shown in Figures 2.2-2.6. Results for the forward-looking

Taylor rule are quite different from others, which ignored the additional moving average

dynamics in the error term. In Figure 2.3, we observe that the Feds response to inflation

during that 1970s was lower than in the 1980s. This tells us that the Fed did not provide

sufficient attention to inflation.

However, in the early 1980s, the Feds response to expected inflation increased sharply

and stayed at a high level until the mid-1980s around 2, and it started to decline after the

mid-1990s throughout the whole sample. Contrast to Kim and Nelson (2006), which ignores

the moving-average dynamics, this paper shows that the response to inflation after the mid-

1990s decreased, and it has been lower than 1 from the 2000s until 2010. Especially after

2006, the Feds response to inflation was the lowest, and it is due to the deviation of the

traditional monetary policy tools, which is that the Feds focused on the long-term interest

rate changes rather than the short-term interest rate.

Next, Figure 2.4. depicts the response of the federal funds rate to the expected real GDP

gap. In contrast to Kim and Nelson (2006), the response for the whole period from the 1970s

to the 2000s is positive and significantly different from zero throughout the whole period.

Around the mid-1980s, the response was at the lowest level, but it started to increase again

until the 2000s. If one ignores the moving-average dynamics in the error term, it is possible

for one to interpret erroneously that the response to the output was insignificant during the

1980s. Keeping the significant response to the real economic condition throughout the whole

sample shows that monetary policy became more active after Volcker.

Combining the results of the Feds response to inflation after the mid-2000s, it is consistent

with the fact that the Feds recent monetary policy toward Quantitative Easing (QE) to

adjust the long-term interest rate. This would lead the little responses to the inflation and

real economics in the federal fund rate.

The evidence of the aggressive monetary policy toward inflation seems to support the

conclusion proposed by Clarida et al. (2000) in contrast to Primiceri (2005). In general,

a systematic monetary policy was more responsive to the economic conditions seen in the
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early 1980s, and it was passive in the 1970s. Weak Instrument concerns raised in Cogley and

Sargent (2005) and Kim and Nelson (2006) after 1979 can be taken into account through the

proposed procedure. Finally, in Figure 2.5, the degree of interest rate smoothing is shown.

It has been continuously increasing since the mid-1970s. However, it has decreased slightly

during the mid-2000s, but it still remained at a high level during the whole sample. Lastly,

in Figure 2.6, the time-varying volatility for the federal funds rate is shown. The figure

shows the apparent heterscedasticity in the disturbance of monetary policy rule, as in Kim

and Nelson (2006) and Primiceri (2005).

2.5. Conclusion

In this paper, we investigate a Limited-Information procedure to estimate a forward-

looking monetary policy rule by modeling the multivariate time varying coefficient with

stochastic volatility. By incorporating the time-varying coefficients and innovations, this

paper reasonably models the effects of the changes in monetary policy on the rest of the

economy. Not only the forecasts of future expectation for inflation and output gap but also

the moving average dynamics can be obtained from the posterior mean of reduced-form time-

varying VAR. Thus, the estimation results obtained in this paper would provide more reliable

evidence to understand whether monetary policy rules have changed and the persistence of

inflation itself has drifted over time.

Compared to the existing literature to estimate monetary policy via time-varying VAR

specification, this paper takes into account the forward-looking component in the Taylor

rule. Having estimated the time-varying VAR in the first step, this paper can effectively

recover moving average terms for the estimation of a forward-looking Taylor rule. The main

finding of this paper is that, under the identifying assumption that monetary policy shocks

do not have simultaneous effects on macroeconomic variables, we can handle the moving-

average dynamics in the instrumenting equations. This would improve the efficiency for the

estimation of a time-varying forward-looking monetary policy rule mitigating the issue of

relevance to instruments (see Cogley and Sargent, 2005; and Kim and Nelson, 206).
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Our empirical findings show that the dynamics of the monetary policys response to infla-

tion and output gap are quite different from the one which does not consider the additional

MA process in the error term. The evidence on aggressive monetary policy toward inflation

seems to be supported in this paper, in contrast to Primiceri (2005). In general, a systematic

monetary policy was more responsive to the economic conditions in the early 1980s, and it

was passive in the 1970s. Also, the recent monetary policy, put in place after the mid-2000s,

is far different than the Volcker-Greenspan era. The detailed investigation of the recent

monetary policy presents an opportunity for further research.
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Figure 2.1. Data (GDP Deflator, CBO Output Gap, Fed Rate): 1965:Q1~2011:Q4 

 

 

 

Note: The dotted black line represents GDP Deflator, and the grey dotted line represents CBO Output Gap, and the black line 

represents Federal Funds Rate. The sample runs 1965:Q1~2011:Q4.  
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Figure 2.2. 60% HPDI for 𝜷𝟎,𝒕 

 

 

 

 

Figure 2.3. 60% HPDI for 𝜷𝟏,𝒕 
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Figure 2.4. 60% HPDI for 𝜷𝟐,𝒕 

 

 

 

 

Figure 2.5. 60% HPDI for 𝜷𝟑,𝒕 
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Figure 2.6. 60% HPDI for SV 

 

 

 



Chapter 3

Stock Market Reaction to Monetary policy Changes:

Identification through Heteroskedasticity with Markov-switching

3.1. Introduction

The response of stock prices to monetary policy is a key for analyzing the impact of

policy transmission mechanism. Changes in monetary policy are transmitted through the

stock market via the wealth effect, the interest effect, and by other mechanisms as well (see,

Bernanke and Kuttner, 2005). Understanding the relationship between stock prices and

monetary policy is important for several reasons. For policy makers, it would be crucial to

have accurate estimates of the reaction of monetary policy in order to form effective policy

actions. Also, for market participants, the reliable estimates of the responsiveness of stock

prices to monetary policy is important for wise investment and risk decision making.

Estimating the impact of stock prices to monetary policy actions, however, has several

difficulties. One of the main issues occurs when estimating the effect of the Fed on stock

prices based on typical ordinary-least-squares (OLS). Estimates may be severely biased due

to the endogeneity and omitted variable problems. The endogeneity problem 7originates from

the simultaneous interaction between stock prices and policy decisions, while the omitted

variable problem is due to factors that influence both policy rates and stock prices which

are commonly excluded from regression analysis. Usually, policy rates and stock prices are

determined simultaneously within the data-frequency interval, and it is possible to render

the endogeneity problems 8. In particular, a surprise change in the target rate could reflect

the reaction of the Fed to changes in stock prices that occurred earlier in the quarter, month

or week, instead of capturing an independent monetary policy shock. Also, changes in policy

7 Rigobon and Sack (2003) find that movement in the stock market have a significant im-
pact on the macroeconomy and thus are likely to be an important factor in the determination
of monetary policy.

8 Bernanke and Kuttner (2005) emphasize the problem of using lower frequency data.
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rates and stock prices may be caused by other important news released earlier in the period

which are omitted from regression. In either case, the classical regression assumption that

the error term is uncorrelated to a surprise changes in the target rate is violated and the

estimated can be biased (See e.g., Farka, 2009).

In this paper, in order to address these estimation issues, we extend the work of Rigobon

and Sack (2004) by incorporating Markov-switching framework. The estimation procedures

employed in this paper captures heteroskedasticity of monetary policy shocks endogenously

different to the original work of Rigobon and Sack (2004). Once one estimate the timing

of monetary policy changes, the heteroskedasticity structure helps to identify the impact

of stock market to policy changes. In a recent example, Gerlach et al. (2006) shows that

there are two distinct regime in the response of stock prices to policy surprises. Following

Kuttner (2001), we use thirty-day federal funds rate futures to extract unexpected part of

policy changes. Since the stock markets are forward-looking, the market is unlikely respond

to anticipated policy changes. In this sense, asset prices will response to revisions in future

expectations, we thus focus on surprise part of policy changes to figure more clearly the

market response to monetary policy.

Traditionally, a popular approach is a event-study framework, 9measuring the impact of

Fed’s policy on asset price is to estimate the reaction to fund rate changes on the day of the

change (see, e.g., Bernanke and Kuttner, 2005; Gurkayna et. al., 2005; Davig and Gerlach,

2006; Farka, 2009). A conventional ‘event-study’ approach, is typically used in estimating

the response of stock prices to monetary policy actions using lower frequency data such as

monthly or quarterly basis. To account for the endogeneity issues possibly come from the

use of lower frequency data, Bernanke and Kuttner (2005) uses daily data to address the

problem within a ‘event-study’ framework. In a seminal paper, they investigate recently the

effects of monetary policy on the stock market by using daily CRSP value-weighted returns

and a measure of unexpected changes to the target federal funds rate. They conclude that an

unexpected 25-basis-point cut in the target federal funds rate is associated with a 1 percent

9 It measures the impact of Federal Reserve policy on the stock market is to calculate the
market’s reaction to funds rate changes on the day of the changes. Because this approach
involves looking at the response to specific events, it might be described as an ‘event-study’
style analysis.
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increase in equity prices.

Also, Farka (2009) uses a new data set consisting of high frequency changes in S&P 500

and federal funds futures around the time of monetary policy announcement. He argues

that he intra-day data set in his paper reduce the omitted variable bias by decreasing the

likelihood that other relevant information is released in the market during the narrow interval

around policy announcement. However, as Bernanke and Kuttner (2005) mentioned, if there

is contemporaneous response of monetary policy to the stock market or if monetary policy

and stock market both responded jointly to new economic information, using high-frequency

data still subject to the bias.

More statistical solution is suggested by Rigobon and Sack (2004) within a VAR approach

that exploits the heteroskedasticity of monetary policy shocks across event days and non-

event days. In order to take care of these possible simultaneous bias, they assume that

the variance of monetary policy shocks is higher on days of FOMC meetings and of the

Chairman’s semi-annual monetary policy testimony to Congress, when a larger portion of

the news hitting markets is about monetary policy. They then show that the shift in the

variance of the policy shocks on those dates is sufficient to measure the responsiveness of

asset price to monetary policy. To employ their method, one need to identify a period of

time in which the variance of the policy shocks was higher than at other times, but the

other shocks in the system remained unchanged. Thus, if the above assumption for the

change of monetary policy shock is violated which means one mis-specify the time in which

the variance-covariance matrix shifts, it would generate some bias in the estimates of the

parameter.

As Farka (2009) discusses, the monetary policy shocks possibly come from the alteration

of expectations about the future path of the monetary policy and a change in the timing

of policy moves. He stresses that the importance of these shocks to obtain more precise

estimates of the effect of monetary policy on stock returns. Market participants, therefore,

would respond to the information content of policy shock which reflect two factors that one

is expectational changes regarding the near term path of future policy, and another one is

shifts in the timing of an anticipated policy move. In this sense, if we only use the insti-

tutional information to capture the change in the policy shock to employ the identification
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procedure suggested by Rigobon and Sack (2004), it would not enough to investigate the all

possible changes in the policy shocks. In particular, timing of the policy shock shifts caused

by revisions in expectations regarding the future path of monetary policy would be very

difficult to be found. In this paper, using Markov-switching framework to detect different

states, we also account for the uncertainty of timing issue instead of specifying the high

and low volatility states exogenously. And, it would reduce the possible bias which may be

caused by the uncertainty of the shift of the policy shock. As mentioned earlier, the stock

markets are unlikely response to the anticipated changes in policy shocks, we hence use the

heteroskedasticity structure focusing on the event days.

Gerlach et al. (2006) present a test of the response of stock prices to Federal Reserve

policy shocks using a Markov-switching framework to a conventional event-study approach.

They show that in the low volatility regime, the market response to unexpected changes

in the target federal funds rates is significantly negative. More recently, Farka (2009) finds

that the asymmetric effects in level and volatility of stock returns to policy changes with

respect to the type of policy shocks and to the type of policy shocks by specifying an intra-

day GARCH model. In this paper, we use the state-dependent structure in the variance to

identify the original impact on stock market focusing on the event-days.

The rest of this article is summarized as follows. We first introduce a simultaneous

relationship between asset prices and monetary policy, and discuss existing problems in the

estimation in Section 2. Section 3 reviews the method proposed by Rigobon and Sack (2004),

and we suggest the use of Markov-switching framework in the first step to detect the shift in

the variance endogenously. Section 4 explains the data we use for empirical study and show

the results for the response of asset prices due to the monetary policy shocks. Concluding

remarks are offered in Section 5.

3.2. Model Specification and Estimation Problem

Consider the following simplified systems of equations of monetary policy and asset prices

used in Rogobon and Sack (2004):
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∆it = β∆st + γzt + εt, (3.1)

∆st = α∆it + zt + ηt, (3.2)

where ∆it is the change in the short-term interest rate and ∆st is the change in an asset

price. Monetary policy reaction can be described in equation (3.1), and it captures the

expected response of policy to a set of variables zt
10and to asset price. Equation (3.2)

shows the response of the asset price by the interest rate and also zt. The variable εt is the

monetary policy shock, and ηt is a shock to the asset price. Monetary policy shock 11 means

deviations from the typical response of the short-term interest rate. We further assume that

those disturbances are assumed to be have no serial correlation and to be uncorrelated with

each other and with the common shock zt.
12

To understand the equation (3.2) more clearly, we use the approximation introduced

by Campbell and Shiller (1988) for a dynamic setting, the log level of stock price can be

described as follow (see, Rigobon and Sack, 2003):

St =
k

1 − δ
+ Σ∞

j=0δ
j(1 − δ)Et(dt+1+j) − Σ∞

j=0δ
jEt(ht+j), (3.3)

where δ and k are constant; dt is log dividend; and ht+j is the return holding equities between

t+ j and t+ j + 1. The expected holding return for equities can be expressed with the sum

of the short-term interest rate and a risk premium, denoted as it+j and ρt+j, meaning that

Et(ht+j) = it+j + ρt+j. To bridge the gap between equation (3.2) and equation (3.3) we

further assume that one can able to approximate the expectation of the future dividend

and short-term interest rate by current and lagged values of macroeconomic news and the

interest rate. By matching the equation (3.2) and (3.3), the shock ηt would be interpreted

as stock market shock, which originate the change to risk preference.

In this paper, we are interested in the estimation of equation (3.2) to investigate the

response of asset price to the change in the monetary policy. However, the estimation

10 For notational simplicity, we let zt is a single variable.
11 The shock could also reflect any factors driving a wedge between the interest rate and

the policy expectation.
12 As mentioned in Rigobon and Sack (2004), it is an oversimplified model of the relation-

ship between movements and in interest rates and asset prices, but they justify this model
with the evidence that allowing for a richer lag structure had little effect on the result.
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of the response of asset prices to changes in monetary policy is problematic due to the

simultaneous relationships and omitted variables (see, Rigobon and Sack, 2004). Because of

the simultaneity, the data we observe is the intersection of the interest rates and the asset

prices, and it thus may not useful to investigate the slope of the equation (3.2). Another

problem would be the omitted variable bias. The common shock zt would shift the interest

rate and the asset prices at the same time, the realization would be affected by the coefficients

γ on those variables. The equation (3.3) also describes the log level of stock prices whereas

the equation (3.2) is about the change in stock prices zt, but nearly identical results hold if

the VAR instead uses the log level of stock prices given the lags included in the VAR (see,

Rigobon and Sack, 2003).

As an alternative, one can employ VARs to capture the dynamics of asset prices with

lagged term in equation (3.1) and (3.2) (see, e.g., Campbell and Ammer, 1993). By em-

ploying VARs, the parameters of the structural equation (3.2) can be recovered by imposing

restrictions, usually, the identification of VARs often takes the form of exclusion restriction,

which is either α or β is zero, which is unrealistic. Holding everything else equal, higher

interest rate are associated with lower stock market prices, given the higher discount rate

for the expected stream of dividend. Also, the Federal Reserve may respond to higher stock

prices by raising interest rate at the same time. Therefore, the exclusion restriction, either

α or β is zero, would misinterpret the parameter in the structural equation (See, Rigobon

and Sack, 2003).

To resolve this problem, Rigobon and Sack (2003) introduce a novel identification pro-

cedure by using the heteroskedasticity, and extended this method for the estimation of the

impact of monetary policy on asset price. This intuition was first suggested by Wright (1928).

He originally explains how the bias from OLS would disappear if the variance of one of the

shocks goes to infinity, in which case one of the equation is identified. For Rigobon and Sack

(2003) case, it needs only a shift in the relative magnitudes of the variance of the shocks. In

next section, we carefully review the method proposed by Rigobon and Sack (2004), and we

raise some issues of potential problems in the estimation of the equation (3.2).
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3.3. Identification through heteroskedasticity and Markov-Switching framework

3.3.1. Review of Rigobon and Sack (2004)

In a seminal paper, Rigobon and Sack (2004) develop a technique called identification

through heteroskedasticity to estimate equation (3.2). By investigating the changes in the

variance of interest rates and asset prices, the response of asset prices to monetary policy

shock can be estimated. The idea is based on the assumption that one can identify a period of

time in which the variances of the other shocks in the system remained unchanged. One need

to identify a period of time of the changes in the variance to use this approach. Suppose

one can identify two subsample, denoted s1 and s2, and one need to have the following

assumptions for the variance:

σs1

ε > σs2

ε (3.4)

σs1

η = σs2

η (3.5)

σs1

z = σs2

z (3.6)

The assumption (3.4)-(3.6) means that the variance of monetary policy shock would

elevate in the subsample s1 whereas the variance of other shocks remain same. This proce-

dure, thus, relies on the heteroskedasticity of policy shocks that happens on particular dates,

including days of FOMC meetings and of the Chairman’s semi-annual monetary policy tes-

timony to Congress. Rigobon and Sack (2004) show that the correlation between the policy

rate and these other asset prices shifts importantly on those dates, as one would expect given

the greater importance of policy shocks justifying the above identification assumption.

In order to understand the identification through heteroskedasticity, consider the follow-

ing the reduced-form of equation (3.1) and (3.2):

∆it =
1

1 − αβ
[(β + γ)zt] + βηt + εt], (3.7)

∆st =
1

1 − αβ
[(1 + αγ)zt] + ηt + αεt]. (3.8)
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Then, the variance-covariance matrix for two subsample, denoted Ωs1 and Ωs2 would be:

Ωs1 =
1

1 − αβ

[

σs1
ε + β2σs1

η + (β + γ)2σs1
z ασs1

ε + βσs1
η + (β + γ)(1 + αγ)σs1

z

. α2σs1
ε + σs1

η + (1 + αγ)2σs1
z

]

, (3.9)

Ωs2 =
1

1 − αβ

[

σs2

ε + β2σs2

η + (β + γ)2σs2

z ασs2

ε + βσs2

η + (β + γ)(1 + αγ)σs2

z

. α2σs2
ε + σs2

η + (1 + αγ)2σs2
z

]

. (3.10)

With the assumption that the parameters α, β, and γ would not vary across the two

subsample, the difference in variance-covariance matrices is given as:

∆Ω = Ωs1
− Ωs2

=
(σs1

ε − σs2
ε )

(1 − αβ)2

[

1 α

α α2

]

. (3.11)

The identification of α is straightforward from equation (3.10). To estimate the response

of asset prices to monetary policy shock, captured in α, one can replace the change in the

variance-covariance matrices with the sample estimates. By letting ∆yt = [ ∆it ∆st ] ,
′ and

defining dummy variables, δs1

t and δs2

t , that have the value 1 for all days for each subsamples,

respectively.

Then, the sample estimates would be:

Ω̂s1
=

1

Ts1

ΣT
t=1δ

s1

t ∆yt∆y
′

t, (3.12)

Ω̂s2
=

1

Ts2

ΣT
t=1
δs2

t ∆yt∆y
′

t. (3.13)

Then, the parameter α can be estimated as follows:

α̂ =
∆Ω̂12

∆Ω̂11

=
∆Ω̂22

∆Ω̂12

, (3.14)

where ∆Ω̂i,j indicates the (i, j) element of the change in the Ω̂ matrix 13.

13 For details, refer to Rigobon and Sack (2004)
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3.3.2. Identification of the change in the variance based on Markov-switching

One of the problems of the implementation of identification through heteroskedasticity

is that one need to be aware the time when the variance of monetary policy shock changes.

If not, it would generate the bias for the structural parameter that we are interest in. In

this sense, timing of the policy moves need to be clear to split samples according to the

heteroskedasticity of monetary policy shocks.

Rigobon and Sack (2004) assume that days of FOMC meeting and of the Chairman’s

semi-annual monetary policy testimony to Congress are likely to have a greater amount of

news about monetary policy than other days. Also, they further assume that other types

of shocks still take place on these days, but the relative importance of policy shock is likely

to increase dramatically. Based on these assumptions, they split two subsamples for the

one to indicate that the variance of the policy shock is elevated denoted s1, and the other

one, denoted s2 to represent the set of days immediately preceding those included in s1 to

satisfy the identification condition (3.4)-(3.6). However, if the above assumption for the

change of monetary policy shock is violated which means one mis-specify the time in which

the variance-covariance matrix shifts, it would generate some bias in the estimates of the

parameter α. Also, more importantly, because the stock market is unlikely respond to the

anticipated monetary policy changes, the regression on event days would help to obtain more

precise estimate results of the Fed’s impact on the change in stock returns. 14

Additionally, in a seminal paper, Farka (2009) discusses the type of the policy shocks:

1) those that alter expectations about the future path of the monetary policy, and 2) those

that signal a change in the timing of policy moves. He stresses that the importance of these

shocks to obtain more precise estimates of the effect of monetary policy on stock returns.

As he mentioned, market participants, therefore, would respond to the information content

of policy shock which reflect two factors that one is expectational changes regarding the

near term path of future policy, and another one is shifts in the timing of an anticipated

policy move. In this sense, if we only use the institutional information to capture the change

14 Rigobon and Sack (2003) shows the bootstrap results to check the robustness in the use
of the identification through heteroskedasticity for the exogenously specified the different
variance-covariance matrices.
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in the policy shock to employ the identification procedure suggested by Rigobon and Sack

(2004), it would not enough to investigate the all possible changes in the policy shocks. In

particular, timing of the policy shock shifts caused by revisions in expectations regarding

the future path of monetary policy would be very difficult to be found.

In this paper, we use the heteroskedasticity of monetary policy shocks that exist in high-

frequency data within the event study framework. In order to take care of the uncertainty

of timing issue in previous literature, we use Markov-switching framework to detect different

states instead of specifying the high and low volatility states exogenously. And, it would

reduce the possible bias which may be caused by the uncertainty of the shift of the policy

shock, and it accounts for the possible biases in the conventional event study approaches. In

what follows, we introduce more details about the identification through heteroskedasticity

proposed by Rigobon and Sack (2004) with Markov-switching framework.

From the reduced-form of equation (3.1) and (3.2), the reduced-form can be written with

the reduced-form shock as follows.

∆yt =

[

e1t

e2t

]

= et, et ∼ N(0,Ωst
), (3.15)

where st is the unobserved state variable, and Ωst
is given by:

Ωst
=

[

Ω11,st
Ω12,st

Ω21,st
Ω22,st

]

. (3.16)

Also, we assume that two-state Markov-chain with the following transition probability.

Π =

[

p00 1 − p00

1 − p11 p11

]

, (3.17)

where pij = Pr[st = j|st−1 = i] for i = 0, 1 and j = 0, 1.

Step 1: Estimate equation (3.15) via Maximum-Likelihood Estimation (MLE), and

get the reduced-from variance-covariance matrix Ωst
for each regime.

Step 2: Based on the estimates of Ωst
, we calculate the change of the variance

covariance matrix, denoted as Ω̂ = Ω̂1 − Ω̂2.
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Step 3: We apply the procedure developed by Rigobon and Sack (2004) to get an

inference of α in equation (3.1).

Note that one can identify two distinct regimes based on Markov-switching framework

endogenously in the first step. With taking care of the uncertainty of shifts in monetary

policy shock, one can apply the same procedure to Rigobon and Sack (2004). The presence

of unconditional heteroskedasticity in the reduce form allows us to identify the structural

parameter α, but the limitation of this analysis is that we are only able to obtain the partial

identification of the model.

3.4. Estimation Results

3.4.1. Data

Estimating the response of stock prices to monetary policy actions is difficult by the

fact that the market is unlikely to respond to policy actions that were already anticipated

(see Bernake and Kuttner, 2005). Asset markets are forward-looking and hence tend to

incorporate any information about anticipated policy changes. Thus, distinguishing between

expected and unexpected policy actions is important for understanding their effect. Kuttner

(2001) suggests a way to construct a measure of ‘surprise’ rate changes by using Federal

funds futures data 15. In this paper, we analyze the effects of FOMC target rate decisions

between the July of 1989 through the April of 2008. 16. Following Kuttner (2001) and

Bernanke and Kuttner (2005) we use same data form FFR futures contracts in order to use

the unexpected part of the FFR change. On the day of the FOMC decision, the FFR shock,

is measured by the change in the implied rate of the current-month FFR futures contract, as

traded on the CBOT market, relative to the day before the FOMC announcement, scaled by

a factor related to the number of days in the month affected by the change. Then, a measure

15 Rigobon and Sack (2002) utilize the euro-dollar future rate to focus on the surprise
component of policy moves.
16 We use the data provided from http://econ.williams.edu/people/knk1.
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of the surprise element of any specific change in the Federal funds target can be written as:

∆it =
D

D − d
(f0

m,d − f0

m,d−1), (3.17)

where ∆it is the unexpected target rate changes, fm,d is the current-month future rate, and

D is the number of days in the month.

Before 1994, changes in the federal funds target rate were not announced by FOMC,

in which policy changes were not closed and a significant policy move happened between

meetings. After 1994, however, the day of the target rate changes are well known; and the

policy action is announced. In this case, the day-to-day change in the future rate on days

would reflect changes in the market’s expectation of the target funds rate on some future

date (Kuttner, 2008). Therefore, in pre-1994, day-to-day changes in future target rate could

well be a consequence from either changes in policy preferences or macro news while, in

post-1994, policy surprises on event day, are more likely comes from changes in the Fed’s

preference. The policy of announcing target rate changes, which began in February 1994,

eliminates most of the timing uncertainty associated with rate changes in the earlier part

of the sample. After 1994 period when all Federal funds rate changes were announced, and

most coincided with FOMC meetings. Therefore, to make use of pre-1994 sample, one should

be aware of the uncertainty of timing in shifts of monetary policy shocks.

The stock market data we use, which consists of high-frequency observations of the

Nasdaq index. The stock market returns are log differences of the Nasdaq index on the close

of the day of the FOMC meeting, relative to the previous trading day.

3.4.2. Results

Table 3.2 shows the estimation results. As we can see in Table 3.2, we are able to detect

two different regime on event-day. In a seminal paper, Kontonikas et al. (2013) found that the

heteroscedatic structure in monetary policy shock and state dependence, with the reaction

being stronger during the bad times on the event-days. Therefore, in order to identify the

impact of stock price to monetary policy shock one should take care of the asymmetric effects

and the heteroscedasticity due to policy changes. Focusing on the event days, we found that
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the estimate α̂ is −7.859, implying that the an unanticipated 25-basis point change increase

1.98% decline in the Nasdaq. In Rigobon and Sack (2004), they found that 2.4% decline in

stock price, which is larger reaction than our estimates. Within event-study framework, Our

results relax the assumption that the larger variance in the monetary policy shocks always

happened on the event-days than non event-days. The two distinct regime found in this

paper in the reduced form shock tells us the higher volatility state to Fed’s expansionary

shock, and the low volatility state to Fed’s contractionary response to the economy.

In order words, the state dependence heteroscedastic structure on event-day could well be

a consequence of the asymmetric effects to the different types of policy actions: expansionary

or contractionary policy. It turns out the periods that we have high volatility states coincide

the periods the economy in the recession, and this findings are consistent to Kontonikas

et al. (2013). Therefore, as Rigobon and Sack (2004), the assumption that the monetary

policy shock always would be higher on event-day than on non-event day possibly generate

biased estimates due to the uncertainty of timing in the changes of monetary policy shock.

If the future policy are already announced, then it is possible that we could have mild

reaction in stock price to policy changes. Also, market reaction could have asymmetric

effects depending on the type of policy actions: rate cut vs. rate hike. In this sense, we need

to employ Markov-switching framework to detect two different regime endogenously in the

first step.

3.5. Conclusion

In this paper, we take care of the endogeneity issues in estimating the response of stock

prices due to simultaneity and the omitted variable bias. We extend the work of Rigobon

and Sack (2004) by incorporating Markov-switching framework. The estimation procedures

employed in this paper captures heteroskedasticity of monetary policy shocks endogenously

to account for all possible changes in monetary policy shocks. Once one estimate the timing

of monetary policy changes, the heteroskedasticity structure helps to identify the impact of

stock market to policy changes.
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Since the monetary policy shocks possibly come from the alteration of expectations about

the future path of the monetary policy and a change in the timing of policy moves. In this

sense, if we only use the institutional information to capture the change in the policy shock

to employ the identification procedure suggested by Rigobon and Sack (2004), it would not

enough to investigate the all possible changes in the policy shocks. In particular, timing

of the policy shock shifts caused by revisions in expectations regarding the future path of

monetary policy would be very difficult to be found. In this paper, using Markov-switching

framework to detect different states, we also account for the uncertainty of timing issue

instead of specifying the high and low volatility states exogenously. And, it would reduce

the possible bias which may be caused by the uncertainty of the shift of the policy shock.

We found that the two distinct regime in the reduced form shocks, which tells us the

higher volatility state to Fed’s expansionary shock, and the low volatility state to Fed’s

contractionary response to the economy. The state dependence heteroscedastic structure

on event-day could well be a consequence of the asymmetric effects to the different types

of policy actions: expansionary or contractionary policy. Our finding implies that the an

unanticipated 25-basis point change increases 1.98% decline in the Nasdaq.
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Table 3.1. Descriptive statistics for FFR unexpected changes and S&P500 index 

 

 Obs. Min Max Mean St. Dev. 

 

Unexpected 

FFR Change 

 

131 

 

-42.000 

 

 

15.000 

 

 

-3.023 

 

 

9.745 

 

 

S&P500 

 

131 

 

311.400 

 

1498.130 

 

 

843.738 

 

 

371.696 

 

 

Note: Unexpected FFR Change, is measured by the change in the implied rate of the current-month FFR futures contract, as 

traded on the CBOT market, relative to the day before the FOMC announcement, scaled by a factor related to the number of 

days in the month affected by the change. We use the same data with Bernanke and Kuttner (2005). S&P500 for stock prices 

changes on the day of FOMC meetings. . The sample runs from the March of 1990 to the December of 2006.  

 

 

 

 

Table 3.2. Maximum Likelihood Estimates and the response of stock price to monetary policy 

 

Parameter Estimates 

He ,1  14.027 

(1.373) 

He ,2  1.311 

(0.117) 

Le ,1  1.419  

(0.378) 

Le ,2  0.814  

(0.088) 

P00 0.821 

(0.066) 

P11 0.820 

(0.080) 

Log-likelihood -491.09667  

 

 




 

 

-7.654  

(2.579) 

 

 

Note: The sample runs from the March of 1990 to the December of 2006. H means the high volatility states, and L means 

the low volatility states of the reduced-form shocks. The e1 represents the reduced-form shocks in the reduced-from of stock 

prices changes, and the e2 represents the reduced-form shocks in the reduced-from of unexpected FFR changes. P00 is the 

probability for the low volatility states, and P11 means the probability for the high volatility states. Alpha is obtained 

indirectly by employing the method of Rigobon and Sack (2004) after we get the estimates from MLE. Standard errors are 

reported in parenthesis. We use the S&P500 for stock prices changes, and these are defined as 100 times the first difference 

of the log of the S&P 500 on close of the day of the FOMC meeting, relative to the previous trading day.  
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Figure 3.1. Federal funds rate surprises and S&P 500 stock price index 

 

 

 

 

 

 

Note: The figures are the unexpected FFR changes and 1-day S&P 500 index, for the 131 event-days of the sample. The 

sample runs from the March of 1990 to the December of 2006. 
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Figure 3.2. S&P 500 returns and FFR unexpected changes   

 

 

 

 

 

 

Note: The figure is a scatterplot of 1-day S&P 500 returns against the unexpected FFR changes, for the 131 events of the 

sample. The sample runs from the March of 1990 to the December of 2006. The S&P500 returns for stock prices changes, 

and these are defined as 100 times the first difference of the log of the S&P 500 on close of the day of the FOMC meeting, 

relative to the previous trading day. 
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Appendix A. Estimating the Initial Value for the Control Functions, g0.

Through recursive substitutions, we rewrite equation (1.18) for t = 0, 1, 2, . . . , T − 1 as

follows:

η̂1 = g1 − θ̂g0,

η̂2 = g2 − θ̂η̂1 − θ̂2g0,

η̂3 = g3 − θ̂η̂2 − θ̂2η̂1 − θ̂3g0,

...

η̂T = gT − θ̂ηT−1 − θ̂2η̂T−2 − . . .− θ̂T−1η̂1 − θ̂Tg0.

By rearranging terms in the above equations, we can obtain the following regression equation

in which the coefficient is g0 and the disturbance term is gt:

η̃t = g0x̃t + gt, gt ∼ i.i.d.N(0, σ2),

where η̃t = η̂t +
∑t−1

i=1 θ̂
t−iη̂i and x̃t = −(θ̂)t. Then, g0, can be estimated by the following OLS

estimators:

ĝ0 =

∑

x̃tη̃t
∑

x̃t
2
.

Appendix B. Macroeconomic Interpretation of Testing Determinacy.

Figure B.1-B.2 depict the 90 percent level confidence sets constructed by inverting three

alternative tests on (βπ, βx), designed for checking the condition for determinacy given below,

and employed by Clarida et al. (2000) and Mavroeidis (2010):

βπ +
1 − β

λ
βx ≥ 1, (B.1)
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where the parameter 0 < ψ < 1 is a discount factor and the λ parameter captures the degree

of nominal rigidities in a forward-looking Phillips curve. The three alternative test considered

are: i) a Wald test based on GMM, ii) an identification-robust test based on GMM; and iii)

a Wald test based on the proposed method. The confidence sets are constructed as in

Mavroeidis (2010), by fixing the values of ψ and λ at 0.99 and 0.3, respectively.

The equation (B.1) represent Taylor Principle that the Fed raises real rates in response

to inflation to eliminate the possibility of self-fulfilling inflation. The above condition is more

general than the original Taylor Principle that simply states that the coefficients on inflation

in the Taylor rule is greater than one. With the discount factor close to one, the above

condition derived in the New Keynesian framework still means that the coefficient on inflation

in the Taylor rule be greater than one. As mentioned in Section 4, even though one cannot

interpret the Taylor principle directly based on the proposed method, it would be worthwhile

to check the confidence sets based on the proposed method in order to see the advantage of

taking care of moving-average term appropriately compared to GMM estimation.

For the 1960:Q1-1979:Q2 sample, we get very robust results regardless of the inference

methods employed. The two dimensional 90 % confidence sets on the βπ and the βx parame-

ters all cover the indeterminacy region. For the 1979:Q3-1997:Q4 sample, the identification-

robust inference, we cannot reject the null of indeterminacy. However, the Wald confidence

set from the proposed method is much smaller than the identification-robust confidence set

from GMM. The proposed approach results in reasonably accurate estimates of the parame-

ters, and the 90 % confidence set for the reaction parameters lies outside the indeterminacy

region.

Appendix C: Reduced-form Monetary Policy Rule in Equation (2.4)

Notice that the coefficients of the reduced form Taylor rule given by equation (2.4) would

be the function of the semi-structural VAR model consisting of the equation (2.1)-(2.3). In

order to understand the relationship between the coefficients in the structural equation and

the ones in the reduced form equation, we consider the second order of VAR of the dynamics

60



of the inflation and the unemployment as follows.

it = δi,0t + δi,11,tπt−1 + δi,12,txt−1 + δi,13,tit−1 + δi,14,tπt−2 + δi,15,txt−2 + δi,16,tit−2 + e1,t (C.1)

In the following derivation, we assume that i) Etδi,1j,t+1 = δi,1j,t for j = 1, 2, ..., 6 and ii)

Etej,t = 0; for k = 1, 2, 3. After solving equation equation (2.2) forward, and we combine

this with equation (2.1) and (2.3). Then, we would get the following relationship between

equation (2.1) and (2.4).

δi,0,t = (
1

1 − α1,tδπ,13,t

)[α0,t + α1,t{δπ,0,t(1 + δπ,11,t)} + δx,0,t(α1,tδπ,12,t + α2,t)]

δi,11,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δ
2

π,11,t + δπ,12,tδx,11,t + δπ,14,t) + α2,tδx,11,t]

δi,12,t = (
1

1 − α1,tδπ,13,t

)[α1,t{δπ,12,t(δx,11,t + δx,12,t) + δπ,13,t} + α2,tδx,12,t]

δi,13,t = (
1

1 − α1,tδπ,13,t

)[α1,t{δπ,13,t(δx,11,t + δx,13,t) + δi,16,t} + α2,tδx,13,t + α3,t]

δi,14,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δπ,11,tδπ,14,t + δπ,12,tδx,14,t) + α2,tδx,14,t]

δi,15,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δπ,11,tδπ,14,t + δπ,12,tδx,15,t) + α2,tδx,15,t]

δi,16,t = (
1

1 − α1,tδπ,13,t

)[α1,t(δπ,11,tδi,16,t + δπ,12,tδx,16,t) + α2,tδx,16,t]

e1,t = (
1

1 − α1,tδπ,13,t

)[(α1,tδπ,11,t)e2,t +mt + (α1,tδπ,12,t + α2,te3,t)]
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x  

Figure B.1. 90 percent level of confidence sets for (  , x ) in the Taylor Rule [1960:1 – 1979:2] 

tttxttt ixEi     11110 ))(1(  
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Note: GMM-Wald refers to Wald test based on GMM. GMM-Robust refers to identification-robust test based on GMM. Proposed-Wald refers to Wald-test based on the proposed method.  
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x  

Figure B.2. 90 percent level of confidence sets for (  , x ) in the Taylor Rule [1979:3 – 1997:4] 

tttxttt ixEi     11110 ))(1(  

 

                GMM-Wald                                  GMM-Robust                                     Proposed-Wald               

                      

 Note: GMM-Wald refers to Wald test based on GMM. GMM-Robust refers to identification-robust test based on GMM. Proposed-Wald refers to Wald-test based on the proposed method.  
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Figure B.3. 90 percent level of confidence sets for (  , x ) in the Taylor Rule [1987:3 – 2006:1] 

tttxttt ixEi     11110 ))(1(  

 

                GMM-Wald                                  GMM-Robust                                     Proposed-Wald 

 

 

Note: GMM-Wald refers to Wald test based on GMM. GMM-Robust refers to identification-robust test based on GMM. Proposed-Wald refers to Wald-test based on the proposed method.  
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[17] Fukač and Pagan, 2010, “Limited Information Estimation and Evaluation of DSGE

models,” Journal of Applied Econometrics, 25, 55-70.

[18] Fuhrer JC, and Olivei G., 2004. “Estimating forward-looking Euler equations with GMM

and maximum likelihood estimators: an optimal instruments approach.” In Models and

Monetary Policy,” Research in the Tradition of Dale Henderson, Richard Porter, and

Peter Tinsley, Faust AOJ, Reifschneider D. Board of Governors of the Federal Reserve

System, Washington, DC; 87-114.

[19] Fuhrer, JC. and G. D. Rudebusch, 2004, “Estimating the Euler equation for output,”

Journal of Monetary Economics, 51, 1133-1153.

[20] Inoue, A., and Rossi, B., 2011, “Testing for identification in possibly nonlinear models,”

Journal of Econometrics, 161, 246-261.

[21] Kim, C.-J. and C.R. Nelson, 2006, “Estimation of a Forward-Looking Monetary Policy

Rule: A Time-Varying Parameter Model using Ex-Post Data,” Journal of Monetary

Economics, 53, 1949-1966.

66



[22] Kim, C.J. and J. Kim, 2014, “The ‘Pile-up Problem’ in Trend-Cycle Decomposition of

Real GDP: Classical and Bayesian Perspectives,” Working Paper, University of Wash-

ington.

[23] Kim, S., Shepard, N., Chib, S., 1998, “Stochastic Volatility: Likelihood Inference and

comparison with ARCH models,” Review of Economic Studies, 65, 361-393.

[24] Kleibergen, F. 2005, “Testing Parameters in GMM without Assuming That They Are

Identified ,” Econometrica, 73, 1103-1124.

[25] Kleibergen, F. 2007, “Generalizing Weak Instrument Robust IV Statistics Towards Mul-

tiple Parameters, Unrestricted Covariance Matrices and Identification Statistics,” Jour-

nal of Econometrics, 139, 181-216.

[26] Kleibergen, F. and Mavroeidis, S., 2009, “Weak Instrument Robust Tests in GMM and

the New Keynesian Phillips Curve,” Journal of Business and Economic Statistics, 27,

vol.3.

[27] Kurmann A. 2007, “VAR-Based Estimation of Euler Equations with an Application to

New Keynesian Pricing,” Journal of Economic Dynamics and Control, 31, 767-796.

[28] Kuttner, K.N., 2001, “Monetary policy surprises and interest rates: evidence from the

Fed funds futures market,” Journal of Monetary Economics, 47(3), 523-544.

[29] Kuttner, K.N., 2003, “Dating Changes in the Federal Funds Rate, 1989-92,” Working

Paper, Oberlin College.

[30] Lucas, R. E., 1976, “Econometric Policy Evaluation: A Critique,”Carnegie-Rochester

Series on Public Policy, 1, 19-46.

[31] Lubik, TA., and Schorfheide F., 2004, “Testing for Indeterminacy: An Application to

US Monetary Policy,”American Economic Review, 94(1): 190-217.

[32] Mavroeidis, S., 2004, “Weak identification of forward-looking models in monetary eco-

nomics,” Oxford Bulletin of Economics and Statistics, 66, 609-635.

[33] Mavroeidis S., 2005, “Identification issues in forward-looking models estimated by GMM,

with an application to the Phillips curve,” Journal of Money, Credit, and Banking, 37,

67



421-448.

[34] Mavroeidis, S., 2010, “Monetary Policy Rules and Macroeconomic Stability: Some New

Evidence,” American Economic Review, 100(1), 491-503.

[35] Mirza H. and Storjohann L., 2014, “Making Weak Instrument Sets Stronger: Factor-

Based Estimation of Inflation Dynamics and a Monetary Policy Rule,” Journal of Money,

Credit and Banking, 46, No.4.

[36] Nason, J.M. and G.W. Smith, 2008, “The New Keynesian Phillips Curve: Lessons from

Single-Equation Econometric Estimation,” Economic Quarterly, vol.94, no. 4, 361-395.

[37] Patelis, A.D., 1997, “Stock return predictability and the role of monetary policy,”Journal

of Finance, 52(5), 1951-1972.

[38] Primiceri, G.E., 2005, “Time Varying Structural Vector Autoregressions and Monetary

Policy,” Review of Economics and Studies, 72, 821-852.

[39] Rigobon, R., Sack, B., 2003, “Measuring the reaction of monetary policy to the stock

market,” The Quarterly Journal of Economics, 118 (2), 639-669.

[40] Rigobon, R., Sack, B., 2004, “The impact of monetary policy on asset prices,” Journal

of Monetary Economics, 51(8), 1553-1575.

[41] Rothenberg, T. J., 1984, “Approximating the Distributions of Econometric Estimators

and Test Statistics,” Handbook of Econometrics, Vol. 2, eds. Z. Griliches and M. D.

Intrilligator, Amsterdam: North-Holland, Chapter 15, 881-935.

[42] Rotemberg, Julio J., and Michael Woodford, 1997, ”An Optimization-Based Econometric

Framework for the Evaluation of Monetary Policy,” NBER Macroeconomics Annual 297-

346.

[43] Sargan, J.D. and A. Bhargava, 1983, “Maximum Likelihood Estimation of Regression

Models with First-Order Moving Average Errors when the Root Lies on the Unit Circle,”

Econometrica, 51, 799-820.

[44] Sbordone, Argia M., 2002, “Prices and Unit Labor Costs: A New Test of Price Sticki-

68



ness,” Journal of Monetary Economics, 49, 265-292.

[45] Sbordone, Argia M., 2005 “Do Expected Future Marginal Costs Drive Inflation Dynam-

ics,” Journal of Monetary Economics, 52, 1183-1197.

[46] Sims, C. A. and Zha, T.,2006, “Were There Regime Switches in US Monetary Pol-

icy?”,American Economic Review, 91, 54-81.

[47] Stock, J. H., and J. Wright, 2000, “GMM with Weak Identification,” Econometrica, 68,

1055-1096.

[48] Stock, J. H., J. Wright and M. Yogo, 2002, “GMM, Weak instruments, and Weak Iden-

tification,” Journal of Business and Economic Statistics, 20, 518-530.

[49] Thorbecke, W., 1997, “On stock market returns and monetary policy,” Journal of Fi-

nance, 52(2), 635-654.

[50] Woodford M., 2003, “Interest and Prices: Foundations of a Theory of Monetary Policy,”

Princeton University Press: Princeton, NJ.

69


	111
	dissertation_abstract
	ACKNOWLEDGMENTS
	Table of Contents
	chapter1
	chapter1_table1
	chapter2
	chapter2_figure
	chapter3
	chapter3_figuretable

	appendix
	chapter1_appendixfigure
	reference

