
Uncertainty and FOMC Policy

Nick Hodges∗

Advisors: Sami Alpanda and Geoffrey Woglom

April 18, 2011

Abstract

This paper seeks to determine the extent to which the FOMC affects the

level of uncertainty in financial markets when it deviates from expectations

in setting interest rates. In order to establish a link between such deviations

and uncertainty, monetary policy surprise measures were constructed by calcu-

lating changes in interest rate futures prices in tight windows around FOMC

announcements. Using these measures of surprise, it was found that surprise

policy tightenings lead to increases in financial market uncertainty and surprise

easings decrease uncertainty. In particular, a one standard deviation policy

surprise leads to a nearly one–half standard deviation change in uncertainty.

The paper then follows a vector autoregressive strategy in order to determine

whether uncertainty shocks affect real variables. Most importantly, it was found

with monthly data that a one standard deviation uncertainty shock leads to a

0.6 percentage point decrease in capacity utilization and a 0.2 percentage point

increase in unemployment.
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1 Introduction

1.1 Motivation

One of the most interesting aspects of the FOMC’s institutional development

over the last 20 years has been its evolution into a much more transparent policy–

making body. Before 1994, the committee did not announce decisions about the

federal funds rate. From February 1994 to March 1999, the FOMC typically only

released statements to announce changes in the policy target. In May 1999, the

committee began issuing statements after every meeting, and those statements have

been growing in richness of content ever since. Now, FOMC statements include

commentary on expected future monetary policy and on the current and expected

state of the economy.

Through this move to transparency, the FOMC has become a more predictable

institution, allowing the central bank to more effectively implement policy by man-

aging expectations. In a 2004 speech, then–Governor Ben Bernanke (2004) outlined

two advantages of transparency and predictability:

First, with more complete information available, markets will price finan-
cial assets more efficiently. Second, the policymakers will usually find
that they have achieved a closer alignment between market participants’
expectations about the course of future short-term rates and their own
views. By guiding market expectations in this way, the policy committee
attains increased influence over the most economically relevant long-term
yields, reduced financial and economic uncertainty, and, in all probability,
better economic outcomes.

The Governor of the Bank of England, Mervyn King, has also argued in favor

of the advantages of predictability. For example, King (2005) noted that in 2002,

markets perceived inflationary pressure and responded in anticipation of action by

England’s central bank. The Bank of England actually took no action, but forward

rates rose anyway, dampening potential inflation. King calls this phenomenon the
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Maradona Theory of Interest Rates, so named after the soccer player who was able

to score a goal by running in a straight line while defenders expected him to dodge

left or right on his way to the goal.

King’s 2002 example, however, is even more interesting when one considers the

fact that in leaving their interest rates unchanged, the U.K. central bank deviated

from market expectations. This naturally leads us to ask what happens when a

normally–predictable central bank does not meet expectations. This paper attempts

to answer that question with regard to the Federal Reserve. Specifically, this paper

analyzes the relationship between a proxy for market uncertainty and a measure of the

surprise element of each FOMC policy announcement since 1994 in order to determine

whether deviations from expectations by the FOMC result in uncertainty shocks in

the macroeconomy. After establishing a relationship between such deviations and

uncertainty, I then seek to answer whether uncertainty shocks in general affect real

macroeconomic variables.

1.2 FOMC Policy Surprises

The first question one might ask when discussing this topic is whether the FOMC

ever actually deviates from expectations. Papers by Kuttner (2001), Gurkaynak et

al.(2005), Bernanke and Kuttner (2005), and Wongswan (2009) have tackled this

very issue through nearly identical strategies. In short, they uncover monetary policy

surprises by calculating changes in interest rate futures prices in windows around

each FOMC policy announcement. The surprises they uncover are typically small,

but even so, all of these authors have found that FOMC surprises are significant

enough to affect asset prices.

While these authors all examine the relationship between FOMC policy surprises

and asset prices, it seems that nobody has regressed uncertainty on this type of

FOMC policy surprise measurement. This paper therefore intends to fill this void
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in the literature. Bernanke and Kuttner (2005) hint at what we might expect from

such an analysis, determining that the effect of monetary policy surprises on equity

prices is driven not by the change in the real interest rate, but instead by the effect

of the surprise on the equity premium1 by directly affecting the riskiness of stocks

and by altering the quantity of risk that investors are willing to bear. Hence, it is

likely that when FOMC action and market expectations are misaligned, the levels

and perceptions of uncertainty in the economy are affected. Increased uncertainty, of

course, should affect investment and ultimately the aggregate economy. With this in

mind, the main hypotheses of this paper are that FOMC deviations from expectations

affect levels of financial market uncertainty and that uncertainty shocks affect real

variables like output and inflation.

1.3 Risk and Uncertainty

Before outlining the methodology employed in this paper, it is worth briefly dis-

cussing some economic debates regarding types of risk or uncertainty because at the

roots of such debates are the potential channels through which uncertainty affects the

economy.

An early distinction between risk and uncertainty was made by Knight (1921),

who believed that risk is based on probabilities that investors understand while un-

certainty is based on the inability to assign probabilities to certain outcomes. More

recently, Blanchard (2009) made the same distinction, calling Knightian uncertainty

“subjective uncertainty” and calling Knightian risk “objective” uncertainty. Blan-

chard argues that the recent financial crisis led to a major increase in subjective

uncertainty (Knightian uncertainty) and that the result was “extreme prudence, if

not outright paralysis, on the part of investors.” Mishkin (2009) also outlines two

types of risk, defining valuation risk similarly to Knightian uncertainty and defining

1The equity premium is the risk premium investors require in order to hold stocks.
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macroeconomic risk similarly to objective risk.

If the distinction between types of risk of uncertainty has any validity, then it may

also be true that different types of risk affect the economy through different channels.

After all, increased risk (as we normally think of it) makes investments more expensive

by driving up risk premiums. On the other hand, increased Knightian uncertainty

(or even increased risk aversion), could be a channel through which investment is

paralyzed. Indeed, a number of papers examine how uncertainty shocks affect the

macroeconomy and it is notable that they typically model the effects of such shocks

through either a rise in risk premiums or a pause in investing. For example, Alpanda

(2010) examines how risk premium shocks contribute to business cycles, pointing out

that changes in risk premiums not only affect stock prices but also also affect invest-

ment demand by altering the opportunity cost of internal capital to firms. Notably,

he traces a channel from risk to the macroeconomy by finding that risk shocks are

important in explaining the volatility of output and investment. An example of how

a rise in uncertainty may lead to a pause in investment was posited by Pindyck and

Solimano (1993), who argued that macroeconomic uncertainty causes investors to

put decisions on hold until uncertainty is resolved. Similarly, Bloom (2009) builds

a model in which major adverse news events lead to uncertainty shocks that cause

firms to temporarily delay investing and hiring. He also finds that the increased

volatility associated with such shocks generate sharp recessions and recoveries. As a

final example, Baum et al.(2004) find that uncertainty interferes with the efficiency of

the financial system by causing bank managers to become more conservative in their

decision–making process. In times of increased uncertainty, they argue, managers

focus loans on projects that are easier to evaluate, narrowing the scope of lending

and leading to a reduction in economy–wide investment.

While separating out the effects of different types of risk or uncertainty is certainly

an interesting avenue of research, this paper will take a more black box approach by
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not attempting to make such distinctions. My main question is whether the FOMC

creates any type of risk shock when they deviate from expectations. Whatever the

exact composition of such a shock may be, the ultimate macroeconomic consequences

are likely going to be similar. After all, whether we experience an increase in Knigh-

tian uncertainty, risk–premia, risk aversion, or some combination thereof, the result

will be a shift from risky to riskless assets, and in all cases we will see positive pres-

sure on the interest rate and negative pressure on aggregate demand. The black box

approach gains added appropriateness when one considers the fact that if different

types of uncertainty exist, they are going to be strongly correlated. After all, in times

of financial duress it is true that asymmetries of information are exacerbated and

fundamentals weaken, presumably leading to increases in both Knightian uncertainty

and traditional risk respectively.

By not distinguishing amongst different types of risk, I am actually following a

convention among many economists who equate the words risk and uncertainty. For

example, the canonical measure of stock market asset risk is volatility, and since

the CBOE’s Volatility Index (VIX) measures implied (expected) volatility for the

S&P500, it is a measure of expected market risk. Yet, many economists reference

the VIX as an uncertainty index (see, for example, the St. Louis Federal Reserve

Bank memo by Deuker (1999)). Even the CBOE, the generators of the VIX, use the

terms risk and uncertainty interchangeably when discussing their index (CBOE, May

2009). Throughout this paper, I will generally follow this convention by ascribing

equal meaning to the words risk and uncertainty.

1.4 FOMC Policy and Uncertainty

While it seems that no paper examines the relationship between direct measures

of monetary policy surprise and market uncertainty, some authors do try to unravel

the relationship between monetary policy, uncertainty, and the aggregate economy
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through other methods. For example, Bekaert et al.(2010) decompose the VIX into

components that they claim proxy for risk aversion and uncertainty, and they add

these proxies to a monetary policy vector autoregressive system. Using this strategy,

they find that a lax monetary policy reduces risk aversion and that high uncertainty

causes the FOMC to ease monetary policy.

Other papers discuss general uncertainty shocks and how they relate to monetary

policy. Making a normative statement, Mishkin (2009) argues that monetary policy

should target uncertainty in times of crises, claiming that such action can partially

offset uncertainty shocks by decreasing macroeconomic risk. Jovanovic and Zim-

mermann (2010) argue that the Fed actually does respond to uncertainty shocks by

responding to increased market volatility. In other words, they claim that the central

bank’s response function takes uncertainty into account in addition to the output gap

and inflation. While this is a strong claim, the FOMC does regularly consult the level

of the VIX during its meetings1.

1.5 Summary of Findings

Ultimately, this paper finds that surprise policy tightenings lead to increases in

uncertainty and surprise easing decrease uncertainty. In particular, a one standard

deviation policy surprise leads to nearly a half standard deviation change in uncer-

tainty. This paper also finds that the FOMC reduces uncertainty in general when

they release statements, regardless of the presence of a surprise or the statement

content. Indeed, an FOMC announcement leads to a one–third standard deviation

reduction in uncertainty. Finally, using monthly data and a vector autoregressive

strategy, this paper finds that uncertainty shocks in general have an impact on real

variables. Most importantly, a one standard deviation uncertainty shock leads to a 0.6

percentage point decrease in capacity utilization and a 0.2 percentage point increase

1See, for example, the minutes for March 16, 2010, which note a rise and fall in the VIX in
response to Chinese monetary policy and the Greek financial crisis
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in unemployment.

The rest of this paper is organized as follows: Section 2 explains why the VIX is

an appropriate measure of uncertainty for the purposes of this paper. Section 3 tests

whether FOMC surprises affect uncertainty in the economy. Section 4 uses vector

autoregression to determine whether uncertainty shocks affect real variables. Section

5 concludes.

2 Measuring Uncertainty

FOMC policy announcements can potentially create uncertainty both about in-

terest rates and about the state of the current or future economy. Hence, in order to

analyze the effect of policy surprises on uncertainty, we need an uncertainty measure

that is sensitive to both interest rate uncertainty and market uncertainty. We also

need to be sure, however, that we can isolate changes in uncertainty from changes in

interest rates or any other market variables. In other words, we need to ensure that

our measure is driven by changes in uncertainty and not driven by changes in other

variables.

The CBOE Volatility Index (VIX) is a good measure of uncertainty under these

conditions because it should not be affected by a ceteris paribus change in interest

rates or a ceteris paribus change in asset prices: The VIX should only change with

uncertainty about asset prices, and since uncertainty about asset prices is affected

by uncertainty about interest rates and/or uncertainty about the overall economy,

the VIX proxies for the type of uncertainty that the FOMC should affect. The VIX,

therefore, will be my primary measure of uncertainty in this paper. In this section I

will explain how the VIX is calculated and why it changes only with uncertainty and

not with ceteris paribus changes in other variables. The following theory underlying

the VIX is derived from the CBOE’s VIX white paper (CBOE 2009) and the CBOE’s
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online VIX primer (CBOE, VIX Primer).

2.1 VIX

The VIX is a measure of the implied volatility (expected variance) of the S&P 500

index over the coming month. In other words, the VIX is the expected variance of

the S&P 500 over the next 30 calendar days. Since, the risk of an asset is measured

by its expected variance, the VIX is a measure of expected market risk.

2.1.1 Implied Volatility and Black–Scholes

A classic measure of implied volatility is calculated by inverting the Black–Scholes

option pricing model. In the Black–Scholes case, option prices are a function of

underlying asset price, exercise price, risk–free interest rate, time to expiration, and

volatility. All of these variables, as well as the options price, are observable except

for volatility. Hence, implied volatility can be backed out of the equation.

There is a problem, however, with the Black-Scholes implied volatility. Specifi-

cally, the model assumes that volatility is constant at every exercise price. In actuality,

Black–Scholes implied volatilities decrease with exercise price. The VIX is an attempt

to overcome this problem by calculating implied volatility in a model–free manner.

By being model–free, the VIX does not require any assumptions about volatility.

2.1.2 An Explanation of the VIX

The CBOE calculates the VIX by creating a replicating portfolio built from a strip

of SPX (S&P 500 Futures) options. This portfolio is designed to move one–for–one

with the variance of the futures index, but move not at all with its price level. Doing

so yields the price of the expected variance of the S&P500, which is reported as the

VIX.

In order to isolate the replicating portfolio from changes in the underlying price
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of the S&P500, the CBOE constructs the portfolio in such way that it contains a

balance of options and underlying securities whose sensitivities to changes in the

underlying asset prices offset. In other words, the portfolio is constructed so as to

keep its sensitivity to changes in underlying asset prices as close to zero as possible

(it is delta–hedged). This makes the VIX an advantageous measure for this paper

because, while changes in interest rates and/or economic outlook affect asset prices,

changes in asset prices do not affect the VIX (only changes in uncertainty about asset

prices affect the VIX).

After isolating the portfolio from changes in the underlying price of the S&P500,

all that remains is to ensure that the portfolio’s price moves one–for–one with the

S&P500’s implied variance. The CBOE accomplishes this task by weighting the assets

in the replicating portfolio.

3 FOMC Surprises

3.1 Hypotheses

In this subsection I will outline three potential hypotheses regarding surprise in-

terest rate changes and their potential effects on uncertainty. Let ∆is be a surprise

interest rate change, and let ∆U be a change in uncertainty.

1. Null: ∆is 6= 0 =⇒ ∆U = 0.

2. Non-Directional Hypotheses:

a) ∆is 6= 0 =⇒ ∆U > 0.

Under this hypothesis, a surprise by the FOMC could indicate one or both of

the following: First, the FOMC surprise could be viewed as a mistake. This should

naturally lead to an increase in uncertainty because it leads market participants

to believe that the interest rate is set incorrectly. It may also erode confidence in

the central bank. Second, a surprise by the FOMC could indicate that the state
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of the economy is different than market participants had previously thought. For

example, a surprise rate reduction indicates that the economy is worse off than the

representative agent expected. Hence, even though a rate reduction causes equity

and investments to become better options relative to bonds, the agent is less certain

about macroeconomic fundamentals.

b) ∆is 6= 0 =⇒ ∆U < 0.

Under this hypothesis, a surprise interest rate change provides markets with new

information, reducing uncertainty.

3. Directional: ∆is < 0 =⇒ ∆U < 0 and ∆is > 0 =⇒ ∆U > 0.

Since a reduction in the interest rate should lead to increased investment and con-

sumption, a surprise rate reduction could be a welcome surprise because it reduces

recessionary fear. Conversely, a surprise tightening worsens the investment environ-

ment, increasing uncertainty.

3.2 Methodology

I regress daily changes in the VIX on two complimentary measures of monetary

policy surprise: target surprise (TS) and path surprise (PS). The following subsections

describe the calculation of these measures.

3.2.1 Target Surprise

The target surprise is the unexpected change in the current federal funds target

rate. In order to calculate the target surprise, a number of papers1 calculate the

change in the current month’s federal funds futures contract around narrow windows

before and after FOMC announcements. Since expectations of the federal funds rate

1See Kuttner (2001), Bernanke and Kuttner (2005), Gurkaynak et al. (2005), and Wongswan
(2009)
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should be priced into futures prices, any changes in expectations should be reflected

by changes in futures prices.

The derivation of the target surprise is relatively simple and relies on the fact

that the payouts from federal funds futures contracts are based on the average ef-

fective federal funds rate for the month specified in the contract. So, just before a

given FOMC announcement, the implied rate from the current month federal futures

contract is a weighted average of the federal funds rate that has prevailed so far and

the rate expected for the rest of the month. Gurkaynak et al. (2005) decompose the

current month federal funds futures rate as follows:

ff1t =
d

D
r0 +

D − d
D

Et(r1) + pt

Where ff1 = current month fed funds futures rate,
d = day of FOMC meeting,
D = number of days in month,
r0 = federal funds rate up to announcement,
E(r1) = expected federal funds rate after announcement,
p = any term and/or risk premia,
t = time of FOMC announcement.

Now, we can consider a half–hour window around an FOMC announcement by

differencing this equation from time t− 10 to time t+ 20:

(ff1t+20 − ff1t−10) =
D − d
D

[Et+20(r1)− Et−10(r1)] + [pt+20 − pt−10].

Piazzesi and Swanson (2004) provide empirical evidence that the change in the

premium (pt+20 − pt−10) can be considered zero in such a tight window. Solving for
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the change in expectations, we have

Et+20(r1)− Et−10(r1) = (ff1t+20 − ff1t−10)
D

D − d
.

We call this change in expectations the target surprise (TS) and we can see that

it is simply a scaled up1 version of the change in the federal funds futures rate in a

half–hour window around an FOMC announcement. Formally,

TSt = (ff1t+20 − ff1t−10)
D

D − d
.

Before moving on to a discussion of the path surprise variable, it is worth noting

the two major advantages of calculating policy surprises in half–hour windows around

FOMC announcements. First, such tight windows eliminate a potential simultaneity

problem because a given policy announcement is unlikely be influenced by a change

in uncertainty within ten-minutes before the announcement. Second, half–hour win-

dows should effectively eliminate omitted variables bias because it is unlikely that

futures rates will be affected by other news occurring within the window.

3.2.2 Path Surprise

With each policy announcement, the FOMC not only sets the target federal funds

rate, but also signals markets as to the future path of monetary policy. Hence, it

is possible that the FOMC could send signals about the future path of policy that

deviate from expectations. If the FOMC somehow meets current expectations but

deviates from expectations as to the path of policy, then the target surprise variable

might not fully capture the market’s surprise regarding the policy action. Gurkaynak

1In order to avoid overly large scaling factors ( D
D−d ), this paper follows the literature by using

unscaled change in the following month’s fed funds futures contracts for any announcements taking
place in the last week of a given month.
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et al. (2005) test this idea, finding that a path surprise variable does add significant

explanatory power to regressions involving the target surprise variable.

The path surprise variable for this paper is calculated following Wongswan (2009).

Specifically, the change in the one–year–ahead eurodollar futures contract is regressed

on the target surprise variable, generating residuals that are related to the changes

in the expectations of the future path of monetary policy but that are unrelated to

the target surprise. Formally, path surprise is:

[edt+20 − edt−10] = β0 + β1TSt + PSt

Where ed = one–year–ahead eurodollar futures rate,
TS = target surprise,
PS = path surprise,
t = time of FOMC announcement.

By calculating the path surprise in this manner, we gain a variable that is or-

thogonal to the target surprise by design and provides us with additional surprise

information that is not captured by the target surprise. To more easily get a sense

of exactly what the target and path surprise measurements are capturing, consider

Figures 1 and 2, below.

Figure 1 Figure 2

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 t t + 1 year 

FF Rate New Expectation 

Original Expectation 

t + 1 year t 

New Expectation 

FF Rate 

Original Expectation 

In each figure, there is a positive target surprise at time t. Assume for simplicity
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that an increase in the current target rate is usually associated with a one–for–one

increase in the one–year–ahead expected federal funds target rate. In other words,

we’re assuming for this example that a surprise today does not typically change the

slope of our expectations, just the intercept. This scenario is represented in Figure

1. The target surprise for Figure 1 would be positive, and the path surprise would

be zero because the change in the expected path of policy moved one–for–one with

the current target surprise, as is typical based on our simplifying assumption. In

other words, the target surprise fully captures our change in expectations as modeled

in Figure 1. Applying our one–for–one assumption to Figure 2, on the other hand,

would result in the same positive target surprise but a negative path surprise because

the change in the expected path of policy results in a lower one–year–ahead expected

rate than is usually associated with the current target surprise. In this case, the path

surprise variable supplies us with the additional information that the target surprise

fails to give us.

3.2.3 VIX

Recall that the target and path surprise variables represent changes in the levels

of expectations for the target rate and the path of monetary policy. Since my inde-

pendent variables are changes, my dependent variable should also be a change so that

my regression equation can be interpreted as the first difference of a levels equation.

As such, I will use the daily change in the level of the VIX as my dependent variable.

Formally:

∆V IX = V IXd − V IXd−1

Where V IXd is the level of the VIX at the end of an FOMC policy announcement

day, and V IXd−1 is the level of the VIX at the end of the trading day prior to an
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FOMC policy announcement.

3.2.4 Model

Due to the advantages of half–hour windows (no simultaneity or omitted variables

problems), I only need to use VIX changes, target surprise (TS), and path surprise

(PS) in my regressions. Hence, my baseline regression model is

∆V IXt = β0 + β1TSt + β2PSt + εt

where ε is a random error with a Normal(0, σ2
ε ) distribution. Since this is a first–

differenced equation, we can interpret it as follows: a one unit change in the level of

target or path expectations leads to a β1 or β2 change in the VIX.

Recall, however, that the path surprise is a generated variable. Pagan (1984)

showed that the use of generated variables in regressions can lead to biased standard

errors for regression coefficients. In this case, the path surprise is an OLS residual,

so it follows a Normal(0, σ2
ps) distribution. Therefore,

V ar(∆V IX) = V ar(β0 + β1TS + β2PS + ε)

= V ar(β2PS) + V ar(ε)

= β2
2σ

2
ps + σ2

ε .

Since σ2
ε is the variance assumed through OLS and β2

2σ
2
ps + σ2

ε ≥ σ2
ε , it follows that

OLS standard errors will have a downward bias1.

This type of generated regressor problem is typically solved by bootstrapping be-

cause bootstrapped standard errors do not rely upon assumptions about the distribu-

tion of the error term. Instead, repeated sampling with replacement is used to create

1Note that while PS is a stochastic error, it is not correlated with ε. Hence, this is not a situation
akin to measurement error. Indeed, Wooldridge (2002) shows that OLS is consistent when generated
regressors are used.
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a theoretical distribution for each parameter, and standard errors are calculated from

these distributions2.

Bootstrapping, however, presents a problem for one aspect of this paper. I would

like to include dummy variables for the six intermeeting (unscheduled) policy an-

nouncements that occurred during my sample period, but the distribution of these

dummies is poorly represented in bootstrap samples. Specifically, only six of the

observations take the value of one, so the probability that any single bootstrap obser-

vation takes the value of zero is 132
138

= .957. Hence, each bootstrap sample will catch

only a handful of nonzero dummy observations. This results in a great deal of vari-

ation between the different bootstrap samples because the addition or subtraction of

a single non–zero observation makes a big difference when only a few non–zero obser-

vations are counted. Thus, the bootstrap estimated standard errors of these dummy

variables become unrealistically large (in some cases, they grow to more than 3,000%

the size of the OLS standard errors). Since I cannot report bootstrapped standard

errors for my dummy variables, I will report OLS standard errors for all variables,

and bootstrapped standard errors where I can.

3.3 Data

3.3.1 Time Period

To ensure that my FOMC surprise windows are clearly defined, I begin my sample

period on February 4th, 1994, the date the FOMC began explicitly announcing target

rate changes. I exclude the FOMC announcement from September 17th, 2001, the first

announcement after September 11th, because markets had suffered major disruption,

and expectations and levels of uncertainty were drastically affected by the attacks.

2Bootstrapped s.e.’s are calculated as follows: LetN be the sample size. 1) Draw B samples of size
N by sampling with replacement. 2) Estimate parameter θ for each bootstrapped sample. Call each

estimate θ̂∗b for b = 1, 2, . . . , B. 3) Estimate se(θ̂) =
√

1
B−1

∑B
b=1(θ̂∗b − θ̄∗)2 where θ̄∗ = 1

B

∑B
b=1 θ̂

∗
b .
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My sample is thus made up of 138 announcement dates.

3.3.2 Summary Statistics

Table 1 displays summary statistics for the surprise variables and the changes

in the VIX. Since it is possible that the nature of FOMC surprises varies by policy

cycle (i.e. whether the FOMC is in an easing, tightening, or neutral cycle), I have

provided statistics by cycle as well as for the entire sample. Additionally, there

were six unscheduled policy announcements, termed intermeeting announcements,

and details for these six intermeeting announcements are also included in table.

Table 1: Summary Statistics
Variable Mean Std. Dev. Min. Max. N
All Cycles
TS -1.711 8.843 -46.501 16.333 138
PS -0.116 7.033 -22.997 24.905 138
∆ VIX -0.585 1.499 -6.45 4.5 138

Tightening Cycles
TS 1.067 7.046 -22.546 16.333 36
PS 1.953 5.519 -11.138 12.413 36
∆ VIX -0.328 1.126 -2.76 4.5 36
Intermeeting (April 18, 1994)
TS 15.001 1
PS 3.173 1
∆ VIX 1.24 1

Easing Cycles
TS -8.983 15.425 -46.501 13.5 28
PS -3.467 9.173 -22.997 19.103 28
∆ VIX -0.713 2.702 -6.45 3.85 28
Intermeeting
TS -33.181 14.578 -46.501 -12.13 5
PS 1.478 14.218 -16.473 19.103 5
∆ VIX -0.562 4.277 -5.62 3.85 5

Neutral Cycles
TS -0.311 2.982 -12 10.713 74
PS 0.145 6.373 -20.731 24.905 74
∆ VIX -0.663 0.928 -3.46 1.63 74
TS and PS are in basis points. VIX is unitless.
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There are a few noteworthy things to point out in Table 1. First, easing cycle

surprises have the greatest standard deviations and are the furthest in absolute value

from zero. Furthermore, five of the six intermeeting policy announcements occur dur-

ing easing cycles, and the mean value of these five target surprises is much farther from

zero (−33.181) than any other surprises. Since easing cycles occur during economic

downturns, it seems that the FOMC is sometimes willing to attempt to pleasantly

surprise markets in times of hardship. It is also worth noting that the mean change

in the VIX is negative in every category except for the one intermeeting tightening.

Based on this observation, I will later test a hypothesis that FOMC announcements

reduce uncertainty independently of announcement content.

Figure 3
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Figure 3 is a graphical representation of the target and path surprise data. The

dark horizontal line is scaled–down representation of the federal funds level, so mone-

tary policy cycles can be inferred by its slope. Specifically, the FOMC is in a tighten-

ing cycle when the slope is positive and in an easing cycle when the slope is negative.

The hovering dates mark the six intermeeting announcements. As can be seen, the

intermeeting announcements are often associated with the largest surprises, and the

largest surprises are typically negative and occur during easing periods. Just as we

saw in Table 1, it is apparent that the FOMC is sometimes willing to enact significant

surprise reductions in rates when times are rough, but they do not tend to surprise

markets with large tightenings.

When analyzing Figure 3, keep in mind that the target surprise does not necessar-

ily move in the same direction as FOMC policy. For example, on June 25th, 2003, the

target rate was lowered from 1.25% to 1.00%, but many market participants had been

expecting a 50 basis point reduction (Gurkaynak 2005). Hence, the target surprise

on this date is positive at 13.5 basis points.

The reader should also remember that the path surprise is the element of surprise

related to the path of monetary policy that is not captured by the target surprise.

In general, the target surprise will contain a lot of information about changes in

expectations of the term structure of interest rates, so the path surprise should not

be interpreted as a pure change in expectations of the term structure. Therefore,

in the few cases where the path surprise and the target surprise move in opposing

directions, we should not necessarily assume that the data is presenting us with

inverted yield curves or bizarre expectations. For example, consider the intermeeting
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announcement on January 22, 2008. The target surprise on this date is negative 46.5,

yet the path surprise is positive 19.1. The actual policy move by the FOMC was a

75 basis point reduction, but the twelve–month eurodollar rate only fell by 22 basis

points that day. So, the positive value of the path surprise on this date is telling us

that the short side of the term structure came down with the target surprise, but not

by as much as we could have expected given the size of the target surprise1.

3.4 Results

3.4.1 Initial Hypothesis Tests

It is not necessarily clear how FOMC surprises should affect uncertainty. On one

hand, it is possible that any deviation from expectations could always cause uncer-

tainty to rise or always cause it to fall, regardless of whether the surprise was positive

or negative (the non–directional hypotheses). If this is the case, we should find sta-

tistical significance by regressing the change in the VIX on the absolute value of the

surprise variables. On the other hand, it is possible that the change in uncertainty

depends on the direction of the surprise (the directional hypothesis). In this case, we

should find significant results if we regress the VIX on the surprise variables as they

are. Table 2 seeks to settle these initial questions. Column 1 tests the directional

hypothesis, and column 2 tests the non-directional hypotheses.

In column 1 of Table 2, both surprise coefficients are positive, and the path

surprise coefficient is statistically significant using both OLS and bootstrapped stan-

1The short side of the term structure as represented by eurodollar rates actually was inverted at
this time, but it had been inverted for the entire month.
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Table 2: Initial Hypothesis Tests
(1) (2)

∆ VIX ∆ VIX

TS 0.0244
bootstrapped s.e. (0.0265)
OLS s.e. (.0137)*

PS 0.0645
bootstrapped s.e. (0.0223)***
OLS s.e. (.0173)***

|TS| -0.0143
bootstrapped s.e. (0.0338)
OLS s.e. (.0176)

|PS| 0.0197
bootstrapped s.e. (0.0334)
OLS s.e. (.0276)

Observations 138 138
R-squared 0.112 0.006
Bootstrapped s.e.’s generated with 2,000 reps.

*** p<0.01, ** p<0.05, * p<0.1

dard errors. While the target surprise coefficient in this column is not statistically

significant using bootstrapped standard errors, this may well be due to the small

number of observations in our sample. Overall, the positive values of the coefficients

in column 1 indicate that positive surprises tend to increase uncertainty and negative

surprises tend to decrease uncertainty. On the other hand, when we use the absolute

values of the surprises in the regression (column 2), we do not have significance or

an R–squared that reaches even 1%. Based on these results, I reject the null in favor

of the directional hypothesis. It seems that the change in uncertainty depends upon

whether the surprise is welcome (surprise easing) or unwelcome (surprise tightening).

Furthermore, the magnitudes of the coefficients in column 1 are economically sig-

nificant. To get a sense of the effect of a typical surprise, we can multiply a given
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surprise coefficient by a one standard deviation surprise1. For the target surprise, we

have .0244×9 = .22. So, a one standard deviation target surprise typically leads to a

change in the VIX of .22, which is 15% of a VIX standard deviation change. Taking

the same approach with the path surprise, we find .0645 × 7 = .45, which is 30% of

a VIX standard deviation change. Hence, if a monetary policy announcement leads

to both a standard deviation target surprise and a standard deviation path surprise,

then we can expect a change in uncertainty that is equivalent to almost half of a VIX

standard deviation (45%).

3.4.2 Testing Policy Actions

The fact that the direction of the change in uncertainty is dependent upon the

direction of the surprise may lead us to question whether it is the policy action itself

that is affecting uncertainty. In other words, maybe easings lower uncertainty and

tightenings increase uncertainty, and the surprise variables show significant results

because they represent a portion of the policy action. We should not actually expect

this to be the case because many policy actions are typically anticipated and should

therefore not lead to a change in uncertainty. However, in order to confirm that the

results are not driven by policy action, I add the change in the target federal funds

rate to my baseline regression. The results are presented in Table 3, and it is clear

that the policy action itself does not have a significant effect on uncertainty and that

path surprise is still important when controlling for the policy action.

1From Table 1, we know that the sample standard deviation of TS is 9bp and the sample s.d. for
PS is 7bp.
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Table 3: Policy Action Tests
(1) (2)

∆ VIX ∆ VIX

Policy Action 0.00733 -0.000441
bootstrapped s.e. (0.00801) (0.00972)
OLS s.e. (0.0048) (0.0055)

TS 0.0251
bootstrapped s.e. (0.0317)
OLS s.e. (0.0162)

PS 0.0648
bootstrapped s.e. (0.0239)***
OLS s.e. (0.0179)***

Observations 138 138
R-squared 0.017 0.112
Bootstrapped s.e.’s generated with 2,000 reps.

*** p<0.01, ** p<0.05, * p<0.1

3.4.3 Testing Announcement Days

Before further analyzing the effects of FOMC surprises on uncertainty, recall that

in Table 1 (Summary Statistics) the mean change in the VIX was negative in almost

every category. These statistics represent the union of days with an FOMC an-

nouncement since 1994. Hence, on average, uncertainty seems to decrease on FOMC

announcement days, regardless of announcement content. In Table 4, I test this hy-

pothesis by regressing the VIX on a dummy variable that takes the value of one on

announcement days and zero on non–announcement days. Hence, the number of ob-

servations for this regression is 4,185 but the R–squared values are small because the

data equals zero on all but 138 days.

According to column 1 of Table 4, it does appear that FOMC announcements

reduce uncertainty regardless of what the announcement is. In column 2, I include

the surprise variables. The coefficients on the surprise variables are identical to those
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Table 4: Announcement Tests
(1) (2)

∆ VIX ∆ VIX

Announcementt -0.608 -0.555
bootstrapped s.e. (0.129)*** (0.123)***
OLS s.e. (0.137)*** (0.140)***

TSt 0.0244
bootstrapped s.e. (0.0269)
OLS s.e. (0.0153)

PSt 0.0645
bootstrapped s.e. (0.0225)***
OLS s.e. (0.0193)***

Pre–Announcet−1 0.120
bootstrapped s.e. (0.159)
OLS s.e. (0.1409)

Pre–Announcet−2 0.0462
bootstrapped s.e. (0.107)
OLS s.e. (0.1409)

Pre–Announcet−3 0.0965
bootstrapped s.e. (0.151)
OLS s.e. (0.1414)

Pre–Announcet−4 -0.117
bootstrapped s.e. (0.106)
OLS s.e. (0.1414)

Pre–Announcet−5 -0.0113
bootstrapped s.e. (0.183)
OLS s.e. (0.1414)

Observations 4,185 4,185
R-squared 0.005 0.008

Bootstrapped s.e.’s generated with 2,000 reps.
*** p<0.01, ** p<0.05, * p<0.1

found in Table 2 because the announcement dummy is captured by the constant term

in my baseline results. I include them here in order to explicitly show that surprises

and announcements are both important, independently of each other. Indeed, these

results indicate that FOMC announcements lead to a reduction in uncertainty equal

to one–third of a VIX standard deviation. A one standard deviation positive path
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surprise, on the other hand, leads to an increase in uncertainty of just under one–third

of a VIX standard deviation.

Also in column 2, I include dummies for each of the five days prior to each an-

nouncement. The dummies are included in order to test whether the reduction in

uncertainty is the release of a build–up that might occur before policy announce-

ments. In other words, maybe the FOMC creates an uncertainty cycle which builds

as each announcement draws near and releases once each announcement is made. If

this were the case, the pre–announcement dummies might sum to the additive in-

verse of the announcement dummy. However, this hypothesis is rejected because the

pre–announcement dummies are never significant, nor do they even come close to

summing to the inverse of the announcement dummy.

3.4.4 Baseline Results by Policy Cycle

It is possible that the effect of policy surprises on uncertainty differs by policy

cycle. Table 5 reports tests of this hypothesis. The first two columns consist of the

entire sample, and each of the three columns on the right side represent a policy cycle.

There are six intermeeting policy actions that occur in the sample, five of which occur

during easing cycles. Therefore, intermeeting dummies and interactions have been

included, once with the entire sample and once with the easing cycle.

In order to facilitate interpretation of these coefficients, I created Table 6, in

which I multiply each relevant (potentially significant) coefficient by the sample stan-

dard deviation for the given variable. For each coefficient, this product is found in

the fourth column of Table 6. The last column of Table 6 provides context for the
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Table 5: Regressing Surprises by Cycle
(1: All Cycles) (2: All Cycles) (3: Tightening) (4: Easing) (5: Neutral)

∆ VIX ∆ VIX ∆ VIX ∆ VIX ∆ VIX

TS 0.0244 0.0451 0.0765 0.0819 -0.0282
bootstrapped s.e. (0.0268) (0.0317) (0.0397)* (0.0729) (0.0386)
OLS s.e. (0.0137)* (0.0203)** (0.0228)*** (0.0603) (0.0358)

PS 0.0645 0.0396 0.112 -0.0141 0.0354
bootstrapped s.e. (0.0223)*** (0.0177)** (0.0389)*** (0.0614) (0.0176)**
OLS s.e. (0.0173)*** (0.0176)** (0.0292)*** (0.0746) (0.0168)**

Intermeeting 1.065 2.548
OLS s.e. (0.859) (3.242)

TS×Int 0.00131 0.00746
OLS s.e. (0.0329) (0.109)

PS×Int 0.189 0.258
OLS s.e. (0.0511)*** (0.119)**

Observations 138 138 36 28 74
R-squared 0.112 0.213 0.380 0.287 0.072
F–tests for joint exclusion restrictions for tightening, easing, and neutral:

OLS s.e.: F–test passes with p–value 0.0031.
Bootstrapped standard errors were generated with 2,000 repetitions.
*** p<0.01, ** p<0.05, * p<0.1

given predicted change in the VIX by reporting the percentage of a one standard

deviation VIX change that the predicted VIX change represents. Notice in Table 6

that the interaction between path surprise and the intermeeting dummy leads to a

large change in the VIX (88% and 120% of a VIX standard deviation). While we

cannot use bootstrapping to determine whether these coefficients are statistically sig-

nificant, the magnitude of the results suggests that these surprises are important. In

other words, when the FOMC makes an unscheduled, surprise change in the path of

monetary policy, they might significantly alter the level of uncertainty in markets.

However, since the FOMC tends to only make such unscheduled policy announce-

ments in times of economic hardship, and there is a positive relationship between the
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Table 6: Interpretations of Selected Table 5 Coefficients

Panel A (Column 11)
Predicted % of 1 S.D.

Variable Coefficient2 S.D.3 ∆ VIX4 of ∆ VIX5

TS 0.0244 9 bp 0.2196 14.64
PS 0.0645 7 bp 0.4515 30.1

Panel B (Column 21)
Predicted % of 1 S.D.

Variable Coefficient2 S.D.3 ∆ VIX4 of ∆ VIX5

TS 0.0451 9 bp 0.4059 27.06
PS 0.0396 7 bp 0.2772 18.48
Int. 1.065 71
PS×Int. 0.189 7 bp 1.323 88.2

Panel C (Column 31)
Predicted % of 1 S.D.

Variable Coefficient2 S.D.3 ∆ VIX4 of ∆ VIX5

TS 0.0765 9 bp 0.6885 45.9
PS 0.112 7 bp 0.784 52.27

Panel D (Column 41)
Predicted % of 1 S.D.

Variable Coefficient2 S.D.3 ∆ VIX4 of ∆ VIX5

PS×Int. 0.258 7 bp 1.806 120.4

Panel E (Column 51)
Predicted % of 1 S.D.

Variable Coefficient2 S.D.3 ∆ VIX4 of ∆ VIX5

PS 0.0354 7 bp 0.2478 16.52
1Each panel represents a column from Table 5
2Coefficients from Table 5
3Sample standard deviations from summary statistics, Table 1
4Coefficent × sample S.D. of the variable = Predicted ∆ VIX
5Predicted ∆ VIX divided by sample S.D. of ∆ VIX, × 100

direction of the surprise and the direction of the change in uncertainty, it seems that

these unscheduled announcements may have the beneficial effect of reducing financial

market uncertainty.

Notice also in Table 6 that surprises occurring during tightening cycles (Panel C)

tend to affect uncertainty to a greater degree than in the general sample (Panels A).

The coefficients in Panel C (Column 3 of Table 5) are always statistically significant, so
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we can say with some statistical certainty that if the FOMC inflicts positive surprises

on markets during tightening cycles, they are likely incur a penalty in the form of

higher than average uncertainty shocks.

Finally, notice that in nearly every case the path surprise coefficient is larger than

the target surprise coefficient (and thus more easily attains statistical significance,

even in a relatively small sample). This is an intuitive result because when it comes

to investment decisions, the expected path of monetary policy is in many ways more

important than the current target rate. Thus, it seems reasonable that a path surprise

leads to more uncertainty than a target surprise.

3.4.5 Influential Observations

The data seem to indicate that surprises are of varying degrees of importance, de-

pending upon when the surprise occurs. In other words, the importance of a surprise

is dependent upon what type of cycle it occurs in and whether it is an intermeeting

surprise. With this in mind, I calculated the Cook’s Distance1 of each observation

in the sample to see which observations had the greatest influence on the (OLS) re-

sults. Table 7 presents the observations that had Cook’s D values of greater than one

standard deviation above the mean. Notice that the group of influential observations

consists of all of the intermeeting announcements and one single other announcement,

September 18, 2007. It is clear that the intermeeting announcements are of great im-

portance in terms of both the economic and statistical significance of the results. It is

1Cook’s Distance is a measure of the influence of individual observations on regression results.
It is calculated for a given observation by deleting that observation and noting the change in the

predictions of the other observations. Formally, Di =
∑n

j=1(Ŷj−Ŷj(i))
2

k×MSE , where Ŷj is prediction of jth

obs., Ŷj(i) is j’s predicted value with i deleted, k is # parameters, and MSE is mean squared error.
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Table 7: Influential Observations
Date TS PS ∆ VIX Cook’s D Intermtg.
April 18, 1994 15.001 3.173 1.240 0.592 Yes
October 15, 1998 -24.219 -16.473 -5.620 0.447 Yes
January 3, 2001 -39.304 8.510 -3.390 0.798 Yes
April 18, 2001 -43.749 -9.080 -1.480 0.696 Yes
September 18, 2007 -20.000 -6.286 -6.130 0.203 No
January 22, 2008 -46.501 19.103 3.830 0.591 Yes
October 8, 2008 -12.13 5.332 3.850 0.295 Yes
Cook’s D values of more than one standard deviation (σ = .123)
above the mean (µ = .03).

unfortunate that we cannot be sure of the standard error on the intermeeting dummy

and its interactions; however, the fact that the intermeeting announcements repre-

sent nearly the entire set of highly influential observations makes Table 5 even more

informative. Specifically, the use of the intermeeting dummy means that highly influ-

ential observations are nearly completely controlled for in all columns except Column

11. With this in mind, it is notable that in Column 2 of Table 5 (the entire sam-

ple, controlling for intermeeting announcements) the path surprise coefficient is still

statistically significant under both bootstrapped and OLS standard errors. Hence,

the statistical significance of the non–intermeeting path surprise is the most robustly

ensured estimate in Table 5. Thus, even approaching Table 5 with the highest degree

of skepticism, we can still say that atypical surprise changes in the path of monetary

policy affect financial market uncertainty.

1There is also a single intermeeting observation that is uncontrolled for in Column 3
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4 The Relevance of Uncertainty Shocks

Since we have established that FOMC actions affect uncertainty, it will be helpful

to examine how uncertainty shocks affect the rest of the economy. Figure 4 is a time

series plot of the VIX with shaded bars for NBER–defined recessions and certain

noteworthy events labeled vertically. Figure 4 makes it apparent that uncertainty, as

measured by the VIX, is definitely associated with adverse economic times. What

remains to be seen, however, is whether uncertainty is merely a symptom of bad times

or to what degree uncertainty itself may hamper the economic climate.

Figure 4: VIX 1990–2010
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4.1 Theory

We know that the FOMC sets the risk–free interest rate, and we now have evidence

that they affect financial market uncertainty. This subsection provides some theory

as to how changes in interest rates and uncertainty might affect investment decisions

and thereby affect the rest of the economy. To facilitate this discussion, I first define

a simple present discounted value investment decision model that I can refer back to

later in this section. Agents will invest if the following inequality holds true

n∑
t=1

E(CFt)

(1 +Kt)t
− Cost ≥ 0 (1)

Where E(CFt) is expected cashflows at time t, and,
Kt is the required return at time t.

The required return, Kt, can be decomposed into the risk–free return and a time–

varying risk premium:

Kt = R + βiS (2)

Where R is the risk–free return,
S is a vector of level-values of systematic risk factors,
βi is a vector of investment i’s sensitivities to the systematic risk factors,
βiS is the risk premium.

The risk–free return is set by the FOMC. The risk premium reflects the systematic

risk (risk that cannot be eliminated through diversification) that an investment is

sensitive to. Different models disagree on what the systematic risk factors are. For
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example, in one model for equity prices, the Capital Asset Pricing Model (CAPM),

the only source of systemic risk is market volatility. However, in Arbitrage Pricing

Theory, another equity pricing model , there are multiple risk factors such as inflation

risk, default risk, and aggregate output (Mishkin 2004). The next two subsections

outline how changes in the interest rate and uncertainty work through (and around)

this investment decision model to affect aggregate demand.

4.1.1 The FOMC Changes the Risk–Free Rate

There are multiple channels through which a change in the interest rate affects

aggregate demand. In this subsection, I will outline three investment channels and

one consumption channel.

One investment channel can plainly be seen by looking at equations 1 and 2: When

the FOMC changes the risk–free rate, they affect investment through the required

return (Kt).

There are also investment channels which are related to the effects of interest rates

on asset prices. Consider the fact that there is a tradeoff between investing in bonds

and investing in another asset or business endeavor. Hence, the acceptable rates of

return between bond investments and other investments are positively correlated. For

example, a rate cut reduces returns to bonds which leads investors to require lower

rates of return in equities (Kt ↓ in equation 1). This drives up demand for equities,

driving up their price. Tobin (1969) argued that this allows firms to issue stock

for higher prices relative to the cost of capital, increasing firms’ ability to finance

new investment. Additionally, Bernanke, Gertler, and Gilchrist (1996) argued that
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increased asset values results in a financial accelerator effect in which a rise in the

value of assets facilitates borrowing because assets are collateral, and as the value of

collateral appreciates, moral hazard is reduced and firms are able to borrow a larger

quantity of external funds.

The effects of interest rate changes on asset prices also affect the aggregate econ-

omy through consumption. Specifically, if a lowered interest rate raises asset prices,

consumer wealth rises, leading to an increase in consumption.

4.1.2 Uncertainty Shocks

Next, consider the possibility that a surprise policy action on the part of the

FOMC leads to a change in uncertainty. For now, we will examine the effects of such

an uncertainty shock, holding other channels of the FOMC action constant. In other

words, we’ll consider what might happen to the economy when there is a change in

uncertainty but no change in the interest rate.

First consider a general principle: Risk premiums (βiS from equation 2) will

be affected by degrees of risk aversion and uncertainty. Think about this principle

in terms of the investment decision model (equations 1 and 2); if there is a positive

uncertainty shock, investors will require higher returns on investments (Kt ↑), causing

marginal investments to be skipped. Furthermore in terms of asset prices, a positive

uncertainty shock again raises required returns, driving down the value of assets,

increasing the opportunity costs associated with equity financing and reducing the

value of collateral that could aid firms in borrowing. This results in lower overall

levels of investment and consumption.
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As I discussed in the introduction, uncertainty may also affect investment through

channels other than the risk premium. Consider an investor who is deciding between

two irreversible investment opportunities. This situation is what is known as a real

call option because the investor can either choose an investment now and immediately

begin receiving cash flows, or she can wait, foregoing short term cash flows for the

opportunity to see which potential investment rises in expected value. The option

value of waiting is our expected reduction in cash flows conditioned upon choosing

incorrectly1. In other words, if we choose what turns out to be an inferior invest-

ment, we would be willing to pay up to the difference in cash flows between the two

investments for the opportunity to switch. Taking the expectation of this difference

conditioned on having chosen incorrectly and discounting it back to the present gives

us the option value of waiting. An investor will wait if the expected value of the

call option of waiting is greater than the expected foregone short term cash flows.

Just as an increase in uncertainty increases traditional call values, it increases the

option value of waiting as well. To understand why, consider the fact that the value

of the option is a random variable and an increase in uncertainty implies an increase

in its spread. An option is either valueless or has positive value, so an increase in the

spread of an option increases its expected value, raising the minimum threshold of

our investment decision. Hence, when investment decisions are irreversible, a rise in

uncertainty leads to a rise in the value of waiting and thus slows aggregate investment

in the economy.

1For formal treatments of the option value of waiting, see McDonald and Siege (1986) and Majd
and Pindyck (1987).
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4.2 Vector Autoregression

To empirically study the effects of increased uncertainty, I add the VIX to a

typical monetary policy vector autoregressive (VAR) system. This is similar to a

paper by Bekaert et al. (2010) except for the fact that they decompose the VIX into

components for uncertainty and risk aversion, and they cut off their sample after 2007

because the recent financial crisis presents problems for their decomposition. I will

not decompose the VIX because I want to include the recent crisis in my analysis,

and it is not my goal to differentiate between uncertainty and risk aversion.

4.2.1 Specification

In order to examine the relationships between aggregate demand, inflation, and

monetary policy, it is common1 to put the level values of the federal funds rate and

logged values of GDP and CPI into a VAR system and examine the resulting impulse

response functions and forecast–error variance decompositions. I will add the VIX to

a similar VAR system to see get a sense of how uncertainty affects these variables.

Since the VIX has only existed since 1990, I will use monthly data (February

1990 to July 2010) for my VAR in order to have a larger sample than is possible

with quarterly data. This precludes the possibility of using GDP as my proxy for

aggregate demand, so instead I will use capacity utilization, a measurement of the

percentage of potential capacity currently in use in the economy. While initial reports

of capacity utilization may be subject to significant measurement error, the Federal

Reserve Board extensively revises the series over time with the intent of making the

1For examples, see Stock and Watson (2001); and Christiano, Eichenbaum, and Evans (1998).
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series more accurate and to ensure that it is stationary (Koenig 1996). Stationarity

is a particular advantage of capacity utilization because it allows for the use level

values of utilization in the VAR, facilitating a more useful interpretation of the re-

sults. Specifically, a one unit response by capacity utilization is interpreted as a one

percentage point change in the level of capacity utilization. A final advantage of

capacity utilization is that it performs better than industrial production, coincident

indicators, and unemployment1 in F–tests to see whether its lags belong in the model.

In addition to capacity utilization, I will follow the literature in using level values

of the federal funds rate to proxy for monetary policy and logged values of CPI to

proxy for inflation. The VIX passes the Dickey–Fuller unit root test with a p–value

of 0.0042; therefore, level values of the VIX are included in the VAR.

Sims (1992) noted that impulse response functions from monetary policy VARs

often indicate a counterintuitive positive inflationary response to a monetary tight-

ening. This phenomenon has been dubbed the price puzzle, and there are two main

schools of thought as to why such puzzles exist. One of these schools is supported

by Barth and Ramey (2001), who argue that there is a cost channel of monetary

transmission through which increased interest rates lead to an increase in short term

borrowing costs which firms must incur to meet working capital needs. These in-

creased costs are passed on to consumers in the form of rising prices, resulting in

short run inflation. The other school of thought posits that a VAR containing vari-

ables for output, inflation, and monetary policy does not capture the forward–looking

1At times, I do substitute unemployment for capacity in the VAR in order to see how uncertainty
shocks affect the unemployment rate.
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nature of the central bank. Hence, if a central bank tightens monetary policy in an-

ticipation of future inflation, and the tighter policy only partially offsets inflationary

pressure, then the data will seem to indicate that tighter monetary policy leads to

higher inflation in the short run.

If the price puzzle exists due to a deficiency of forward information, then a VAR

without such information would be misspecified. On the other hand, if the price

puzzle exists due to the cost channel, then adding forward information to a VAR is

unlikely to cause serious problems. Hence, I will add forward price information to my

VAR. Sims (1992), argued that commodity price indices are good proxies for forward

price information. Brissimis and Magginas (2006), on the other hand, use federal

funds futures to compensate for a price puzzle because futures prices represent the

expected value of future prices. Furthermore, futures prices should be valid exogenous

variables in VARs because market prices should not be explainable by lags of other

variables according to the efficient market hypothesis. I will use a combination of the

Sims and the Brissimis and Magginas strategies by including crude oil futures in my

VAR as an exogenous variable.1

Table 8 displays summary statistics for the variables included in my VAR equa-

tions. I run a four–lag2 VAR, and my endogenous variables have the following

Cholesky ordering: CPI, capacity utilization, federal funds rate, and VIX. In other

words, my model makes four assumptions: (1) Prices are affected by supply shocks

1My VAR still has a price puzzle of very small magnitude. Many attempts were made to com-
pletely eliminate the puzzle, including the use of numerous commodity indices, differences instead of
levels, different orderings, other proxy measures, and other futures rates. The puzzle’s persistence
is either a sign that there is truth to the cost channel or that the extremely low levels of inflation
throughout my sample period blur its relationship with policy.

2Akaike information criterion was used to choose lag length.
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Table 8: Summary Statistics: 1990–2010

Variable Mean Median Std. Dev. Min. Max. N
Capacity1 78.06 79.15 4.382 65.2 84.8 246
CPI2 5.143 5.142 0.152 4.852 5.39 246
Fed Funds1 3.923 4.389 2.101 0.11 8.29 246
VIX1 20.395 19.05 8.08 10.818 62.639 246
Oil Futures2 4.224 4.155 0.347 3.695 5.145 246
1Levels 2Logs

and only affected by other variables through lags. (2) Output is affected contempo-

raneously by demand shocks and by prices, but interest rates and uncertainty affect

output only through lags. (3) The FOMC responds to output and inflation contempo-

raneously but responds to uncertainty only through lags. (4) Uncertainty is affected

by everything contemporaneously.

Table 9: Granger–Causality Tests

Equation

Regressor Capacity CPI Fed Funds VIX

Capacity 0.010 0.000 0.017

CPI 0.152 0.079 0.204

Fed Funds 0.549 0.054 0.747

VIX 0.000 0.000 0.000

All 0.000 0.000 0.000 0.053

These entries show the p-values for F-tests that lags

of the regressors do not belong in the equation for

the given dependent variable.

Table 9 presents Granger–Causality tests for all of the endogenous variables in my

VAR system. An important thing to notice about Table 9 is that for each equation,

the dependent variables pass the F-test as a group. However, lags of the federal funds

rate and CPI do not explain capacity or the VIX, though they do explain each other

at the 10% level. This is indicative of a general problem with this sample. Namely,
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CPI and federal funds shocks generally do not exert a statistically significant effect

on the other variables in the VAR. Part of the reason for this is due to a level of

multicollinearity between the two variables. Indeed, when the federal funds rate is

dropped from the VAR, CPI’s lags pass the F–test in the capacity equation with a

p–value of 0.053. If CPI is dropped, on the other hand, the federal funds lags still

do not pass the F–test in the capacity equation, although the p–value comes down

to 0.228. However, if we take note of the fact that the federal funds rate is near

zero for the last 22 months of the sample, we should probably expect it to lack ex-

planatory power. Indeed, if we end the sample prior to the recent financial crisis,

federal funds lags pass the F–test for the capacity equation with a p–value of 0.013.

Neither CPI nor the federal funds rate pass the F–test in the VIX equation under

either circumstance.

It is plain that the CPI and the federal funds rate appear in the data to lack

influence over the other variables due to this multicollinearity issue and the extremely

low level of the federal funds rate in the later part of the sample. However, I choose

not to drop either variable from my sample because a model of the macroeconomy

must include proxies for both inflation and monetary policy. Furthermore, I will not

drop the crisis period from my sample because when it comes to uncertainty, the last

few years have been an important part of the story. While the lack of explanatory

power by the CPI and federal funds variables is unfortunate, my goal of examining the

effects of uncertainty shocks on real variables is unhindered because the VIX passes

the F–test in every equation.
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4.2.2 Results

Figure 3 is the collection of impulse responses generated by the VAR. Each panel

represents a one standard deviation shock to the respective impulse variable and plots

theoretical responses of the other variables over a 45 month period. The black plot–

line is the response and the gray bands are 90% confidence intervals. A one standard

deviation shock to the VIX is about equivalent to the VIX level at the beginning of

the first Iraq War (see figure 2).

Notice that the VIX leads to statistically significant decreases in all three other

variables. Most noteworthy, a VIX shock leads to more than a half–percentage–point

reduction in capacity utilization. In order to get a sense of the economic significance

of this response, I also substituted the unemployment rate into the VAR in place

of capacity utilization and observed a 20 basis point increase in unemployment in

response to an uncertainty shock. The VIX shock also leads to a nearly 20–basis–

point reduction in the federal funds level, an indication that the FOMC may actually

respond to large uncertainty shocks. The negative inflation response to uncertainty

shocks is small and only significant for a few months.

Responses to capacity utilization shocks (demand shocks) are as we should ex-

pect. There is a short–lived dip in uncertainty in response to good economic times.

However, this dip is only an eighth of a VIX standard deviation. A positive demand

shock is followed by an increase in the federal funds rate of more than 20 basis points.

As noted previously, the federal funds and CPI impulses are problematic, due to

multicollinearity and the sample period. The only statistically significant impulse in
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either of these categories is that of the federal funds rate on CPI, and it indicates a

small price puzzle.

Figure 3: Impulse Responses
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Table 10 reports the forecast error variance decompositions of all of the endogenous

variables. In the first panel, we can see that after 12 months, the VIX explains 30%

of the variance in capacity utilization. Neither the federal funds rate nor the CPI
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ever explain much more than 3%, even after five years.

In the short run (at 4 months), the VIX explains more of the variation in CPI

than is explained by either capacity utilization or monetary policy. However, as time

progresses, the VIX never explains any more of inflation, while the other variables

surpass the VIX in importance. Since the VIX is a measure of short run market

uncertainty, these results seem to indicate that such short run uncertainty has not

been an important explanatory factor for inflation over the last 20 years.

After a year, the VIX explains 9% of the federal funds rate; however, it does explain

a quarter of the variation in federal funds after five years. Capacity utilization, on

the other hand, explains a quarter of the federal funds rate after only a year and over

40% after five years. Furthermore, capacity utilization explains 15% of CPI after

a year and 22% after five years. These results indicate that output is clearly the

most important factor in explaining the variation of other macroeconomic variables,

as we might expect. Yet, since the VIX seems to be important in explaining output,

the level of uncertainty ultimately holds strong implications for all macroeconomic

variables.

Finally, nothing explains much of the VIX, though we should probably expect

this. After all, the VIX is the price of a strip of SPX options, and by the efficient

market hypothesis we would not expect an asset price to be explained by lags of any

variables. This fact should be noted by any researcher who might consider using

VARs to answer the main question posed by this paper. Specifically, since the VIX

is largely unpredictable by lags, we cannot use VIX responses in a VAR to determine

whether monetary policy shocks affect uncertainty.
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Table 10: Forecast–Error Variance Decomposition

Variance Decomposition of Capacity

Month CPI Capacity Fed Funds VIX

1 9.60×10−6 0.99999 0 0

4 0.010147 0.860379 0.014907 0.114567

8 0.005013 0.727945 0.019614 0.247427

12 0.002991 0.661875 0.016825 0.318309

24 0.001654 0.569026 0.011758 0.417562

60 0.002093 0.543387 0.033619 0.420901

Variance Decomposition of CPI

Month CPI Capacity Fed Funds VIX

1 1 0 0 0

4 0.825536 0.051927 0.027352 0.095185

8 0.750661 0.119684 0.038215 0.09144

12 0.70839 0.145911 0.057018 0.088681

24 0.645168 0.17429 0.104487 0.076055

60 0.560255 0.217877 0.14815 0.073718

Variance Decomposition of Fed Funds

Month CPI Capacity Fed Funds VIX

1 0.027443 0.00812 0.964436 0

4 0.007856 0.088491 0.85867 0.044984

8 0.002562 0.185641 0.748393 0.063404

12 0.001419 0.267551 0.640133 0.090897

24 0.000778 0.404567 0.400254 0.194401

60 0.00083 0.414691 0.318751 0.265729

Variance Decomposition of VIX

Month CPI Capacity Fed Funds VIX

1 0.003563 0.001514 0.016122 0.9788

4 0.002289 0.050963 0.014996 0.931752

8 0.005601 0.085706 0.011713 0.89698

12 0.005751 0.092828 0.010776 0.890645

24 0.007033 0.09767 0.018335 0.876961

60 0.008242 0.136488 0.022905 0.832364

4.2.3 Excluding the 2007 Financial Crisis

The VIX reached its highest levels ever during the recent financial crisis. Since the

crisis period also led to the worst macroeconomic performance in the sample period,
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it is natural to ask to what extent my VAR results are driven by the 2007 financial

crisis and its aftermath. With this in mind, I re-ran the VAR, excluding data from

2007 to 2010. Table 11 provides a summary of the 1990 to 2006 results compared to

my baseline results.

As we should probably expect, the crisis strongly affects the VAR results. When

the crisis period is excluded, a one standard deviation VIX shock leads to a 20 basis

point decrease in capacity utilization, a decrease one–third the size found with the

entire sample. When the unemployment rate is substituted into the VAR, a VIX

shock leads to a 10 basis point increase in the unemployment rate as opposed to a 20

basis point increase when we consider the entire sample. Table 11 also shows us that

capacity utilization is more responsive to both inflation and monetary policy when the

crisis is excluded from the data. This must follow from the fact that I am excluding

a period where the federal funds rate was near zero and both inflation and output

were sluggish. Table 11 also indicates that inflation responses are similar in both the

complete and reduced samples. This is likely due to the fact that inflation has been

tightly controlled throughout the entire sample period. VIX responses are quite a

bit different when the crisis is excluded. Specifically, monetary policy and inflation

shocks do lead to statistically significant increases in the VIX in the shortened sample.

Furthermore, we no longer see the relationship between capacity utilization and the

VIX. This is likely due to the fact that capacity utilization and the VIX were free to

fall during the crisis while monetary policy and inflation stayed near zero. Finally,

the only difference between the responses of the federal funds rates in the large and

small samples is the fact that monetary policy appears more responsive to uncertainty
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when the entire sample is considered. It may be true that uncertainty became more

of a determinant of policy during the crisis, yet these results are likely driven by the

unprecedentedly high levels of the VIX during the crisis coinciding with a near–zero

federal funds rate.

Table 11: Summarized IRF Comparison

Capacity1 Maximum Responses

Impulse 1990 - 2010 1990 - 2006

VIX -0.6∗ -0.2∗∗

Fed Funds -0.2 -0.3

CPI 0 -0.1

CPI2 Maximum Responses

Impulse 1990 - 2010 1990 - 2006

VIX -0.001 0

Fed Funds 0.0005 0.0005

Capacity 0.001 0.0005

VIX3 Maximum Responses

Impulse 1990 - 2010 1990 - 2006

Capacity -1 0

Fed Funds 0 0.5

CPI 0 0.7

Fed Funds1 Maximum Responses

Impulse 1990 - 2010 1990 - 2006

VIX -0.2 -0.1

Capacity 0.2 0.2

CPI 0 0
1Percentage Points, 2Log scale, 3VIX is unitless.

∗Unemployment increases by 20bp.

∗∗Unemployment increases by 10bp.
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5 Conclusion

This paper has sought to determine whether FOMC policy surprises change the

level of uncertainty present in U.S. financial markets. Using measures of policy sur-

prise constructed from changes in interest rate futures prices in tight windows around

policy announcements, it was found that FOMC surprises do in fact affect uncertainty

in the economy. In fact, it was found that surprise policy tightenings lead to increases

in uncertainty and surprise easing decrease uncertainty. In particular, a one standard

deviation surprise leads to a change in uncertainty as measured by the VIX of 44%

of a standard deviation.

It was also found that the FOMC reduces uncertainty in general when they re-

lease statements, regardless of the presence of a surprise or the statement content.

Indeed, FOMC announcements lead to one–third standard deviation reductions in

uncertainty.

Finally, it was found through vector autoregression that uncertainty shocks in

general have an impact on real variables. Most importantly, it was found with monthly

data that a one standard deviation uncertainty shock leads to a 0.6 percentage point

decrease in capacity utilization and a 0.2 percentage point increase in unemployment.
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