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Abstract

The aim of this research is to quantify what e↵ects monetary policy have had on

the U.S. economy in the period following the financial crisis in 2007-2008. To be able

to estimate a consistent and reliable measure of the actual monetary policy stance,

incorporating both conventional and unconventional policy actions, a shadow rate is

estimated. The shadow rate is estimated by a Dynamic Factor Model combined with

a Kalman-filter and an EM algorithm. The shadow rate stands robust to several tests,

including model specifications and comparisons to Taylor rule recommendations, major

QE events, and alternative shadow rates. Counterfactual paths are then calculated,

being able to show how a set of macroeconomic variables would have evolved if there

was no implementation of unconventional monetary policy. Results suggest that un-

conventional monetary policy succeeded in stimulating the economy, at its peak in 2012

decreasing unemployment by 115,000 people and almost doubling real GDP growth.
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1 Introduction

The Great Recession starting with the financial crisis in 2007-2008 not only a↵ected the U.S.

economy but the whole world economy. The crisis originated from a too deregulated banking

industry where cheap credit was easily accessible and speculative activity in the financial

markets, mainly focusing on mortgage-backed securities (MBS), was too widespread.

The debt-to-income spread drastically increased when the Federal Reserve conducted

several rate hikes in the years preceding the financial crisis, forcing many households to sell

o↵ their properties. Excess supply of housing made the steady increasing prices to abruptly

stagnate and drop, causing the MBS, which at that time were assumed to be a risk free

investment, to dramatically drop in value. The MBS, that in many cases were repackaged

into several layers of complicated structured products such as credit default swaps, were

mainly held by financial institutions. The drop in value created major liquidity problems

for the financial institutions, and on the 15th of September 2008 the well known investment

bank Lehman Brothers had to file for bankruptcy.

At this time, real activity such as production and investment drastically declined due

to the crash in the housing market accompanied by the increased systemic risk within the

banking industry. To avoid the economy from falling into a deflationary spiral the Federal

Reserve drastically lowered their target for the Federal Funds Rate (FFR) to its zero lower

bound (ZLB) interval of 0 to 25 basis points. This conventional policy action did not provide

su�cient stimulus to increase inflation and decrease the output and unemployment gaps.

However, even though the conventional policy actions were already played out there are

other, more unconventional policy actions that can stimulate aggregate demand. Since real

activity, such as consumption and investments are mainly driven by long-term interest rates,

the Federal Reserve decided to interact in the private market to lower the long end of

the yield curve as well as to provide further liquidity to the market. More specifically, the

Federal Reserve bought, during a long period of time, enormous amounts of MBS, longer-term
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Treasury securities as well as agency debt. Apart from large-scale asset purchases (LSAPs)

the Federal Reserve conducted what is known as forward guidance: trying to stimulate

aggregate demand by promising to keep the target for the FFR at its ZLB for a su�cient

period of time, regardless of if inflation overshoots its target.

Now, when the financial crisis is over and the economy has, to a large extent, recovered it

is intriguing to ask the questions: what impact did the unconventional policy actions have on

the real economy, and were the policy actions the main prevention from the economy falling

into a deflationary spiral. To be able to answer those questions a consistent and reliable

measure of the monetary policy stance is needed. Bernanke (1990) finds that the E↵ective

Federal Funds Fate (EFFR) is an informative measure of the monetary policy stance. But

as the rate has hit its ZLB it lost its informativeness since further unconventional monetary

policy was conducted which was not reflected in the rate. Such an inconsistent and wanting

measure is not able to adequately assess whether the monetary policy stance is too tight or

too loose. Hence, there is a need of a more comprehensive measure which will reflect both

conventional and unconventional monetary policy.

The aim of this research is to estimate a shadow rate which, based on a comprehensive

data set describing all aspects of monetary policy, will be able to reflect both conventional

and unconventional policy actions. The shadow rate will consequently be used to quantify

the macroeconomic implications that the monetary policy actions had on the U.S. economy

during the Great Recession. Further, this research aims at contributing to the recent dis-

cussion on what implications the unwinding of the Federal Reserve’s balance sheet will have

on the U.S. economy. Several earlier studies have been made in this field, including Kripp-

ner (2013) and Wu and Xia (2016) which estimate shadow rates based on a term structure

model and Lombardi and Zhu (2018) which estimate a shadow rate based on a dynamic

factor model. The shadow rate estimated in this research builds on the dynamic factor

model estimated by Lombardi and Zhu (2018), but contributes to the literature by including
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a new data structure as well as an extended sample period. Apart from that, this research

contributes in the sense that it models the macroeconomic implications of the policy actions

in a way that, to the best of the authors’ knowledge, has not yet been done with this kind

of shadow rate.

The rest of the thesis is structured as follows. Chapter 2 gives a detailed account of the

existing literature on shadow rates as well as a description of various ways to model the

macroeconomic implications of monetary policy. Chapter 3 presents the empirical strategy

for estimating the shadow rate, checking the informativeness of the shadow rate and EFFR,

and for calculating the counterfactual paths of a set of macroeconomic variables. Chapter

4 presents the data used in this research. To justify the data selection chapter 4 also gives

a detailed description of the monetary transmission mechanism and how monetary policy is

implemented both in normal and in crisis times. In chapter 5 the estimated shadow rate is

presented together with several robustness and informativeness tests to ensure that it can

be treated as a consistent and reliable measure of the monetary policy stance. Chapter 5

also presents calculated counterfactual paths for a set of macroeconomic variables with the

aim of quantifying the actual impact that unconventional monetary policy actions had on

the U.S. economy. Chapter 6 concludes.
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2 Literature Review

This chapter gives a detailed description of the literature related to this research. Section 2.1

is focusing on shadow rates estimated by term structure models and dynamic factor models

applied to U.S. data. Section 2.2 is focusing on the real economic e↵ects of monetary policy.

2.1 Shadow Rates

In recent time, a hot topic among macroeconomists has been to find a single variable which

can be seen as an appropriate measure of the monetary policy stance of a central bank

(among others Mccallum (1983), Bernanke (1990), Eichenbaum (1992), and Bernanke and

Mihov (1995)). Researchers have agreed that a short-term interest rate is a good measure of

the monetary policy stance (Bernanke (1990), Wu and Xia (2016)). However, this summary

variable of the monetary policy stance loses its informativeness once the short-term interest

rate is stuck at the ZLB and the central bank pursues unconventional monetary policy (Wu

and Xia (2016), Lombardi and Zhu (2018)). Thus, especially since the ZLB became binding

in many advanced economies the literature on a single variable which is able to reflect both

unconventional and conventional monetary policy has grown. One popular approach is to

estimate a shadow rate.1

In the term structure literature, the Gaussian a�ne term structure model (GATSM) is a

widely used model. The GATSM is able to extract future expectations and term premia from

the yield curve to describe relations between di↵erent yields. The extraction of short-term

interest rate expectations is an important feature for the monetary policy research (Piazzesi

(2010), Bauer and Rudebusch (2016)). With this method unconventional monetary policy

could possibly be captured. But, since in the GATSM nominal interest rates can go negative,

1Apart from estimating a shadow rate to quantify unconventional monetary policy, a study by Gagnon
et al. (2011) uses an event study approach, and a study by Berg (2017) uses a vector autoregression with a
bayesian estimation approach for the same purpose.
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the GATSM ignores the availability of currency in the economy and thus ignores the ZLB

(Christensen and Rudebusch (2015)). This theoretical failure also has practical implications

since once the ZLB is binding the GATSM has a poor data fit of the yield curve (Bauer and

Rudebusch (2016), Wu and Xia (2016), Comunale and Striaukas (2017)).

One approach to tackle the ZLB ignorance of the GATSM are shadow rate term structure

models (SRTSM). The SRTSM was first introduced by Black (1995). Black argues that with

currency as an option in the economy the short-term interest rate on any instrument cannot

be negative.2 Economic agents would rather hold currency which pays zero interest than

hold an instrument which pays negative interest. The key extension of the SRTSM is to

take account of this theoretical failure (Bauer and Rudebusch (2016)). This is done by

replacing the nominal interest rate specification of the GATSM with an identical process

for an unobserved shadow rate. The shadow rate equals the short-term interest rate if the

shadow rate is greater than the ZLB. But, once the ZLB becomes binding the shadow rate can

go negative and contains more information about the economy than the short-term interest

rate does (Black (1995), Wu and Xia (2016), Bauer and Rudebusch (2016), Comunale and

Striaukas (2017)). Black (1995) uses a 1-factor Vasicek (1977) model but as Ang and Piazzesi

(2003) and Comunale and Striaukas (2017) point out 1-factor models cannot appropriately

represent the yield curve.

Di↵erent approaches have been proposed to estimate shadow rates via multifactor SRTSM

to overcome the 1-factor SRTSM and GATSM shortcomings. One issue of multifactor

SRTSM is that an analytical solution is only known for the 1-factor SRTSM (Bauer and

Rudebusch (2016)). To find an approximate solution for a multifactor SRTSM Wu and Xia

(2016) include an analytical representation for bond prices in their multifactor SRTSM. With

2The theoretical ZLB has been violated during the last crisis period by Danmarks Nationalbank (from
2012 until 2013 and since 2015 on their deposit rate), Sveriges Riksbank (since 2016 on their repo rate) as well
as the European Central Bank (since 2014 on their deposit facility). Due to this, Walsh (2017) recommends
an E↵ective Lower Bound which can vary between circumstances, but as the U.S. did not experience negative
rates the ZLB will be used in this research.
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this they are able to appropriately describe the recent behavior of interest rates. Further-

more, they claim that their multifactor SRTSM provides a better data fit than the GATSM.

Bauer and Rudebusch (2016) approximate their solution via a discrete-time adaption

method proposed by Priebsch (2013). They estimate yield-only as well as macro-finance

augmented shadow rate models. Their results show that the multifactor SRTSM is superior

to the GATSM in providing estimates for the most likely path of the future monetary policy

stance. Furthermore, the inclusion of macro-finance variables does improve the forecast

accuracy for future yields significantly.

Another well-known approach embedded in the term structure modelling was developed

by Krippner (2013), where he estimates an arbitrage-free Nelson and Siegel (1987) model

with two state variables which he calls a K-ANSM(2) in Krippner (2014). In fact, Krippner

(2013) uses as basis a GATSM and imposes the ZLB by using call options on shadow bonds

with which he reproduces the Black (1995) ZLB mechanism. As Krippner (2014) shows his

K-ANSM(2) shadow rate is empirically robust to di↵erent model applications and is in line

with major Quantitative Easing (QE) events.

Lombardi and Zhu (2018) take a di↵erent approach to summarize conventional and uncon-

ventional monetary policy in a single variable. Instead of using a term structure framework

they estimate a shadow policy rate via a dynamic factor model with missing observations.3

With this approach they are able to include a wide data set where all variables are related

to monetary policy measures. Unlike the GATSM and SRTSM approaches, their method is

totally data driven and does not assume an explicit theoretical structure. Lombardi and Zhu

(2018) claim, since their shadow rate directly depends on the central bank’s balance sheet, it

can better reflect various aspects of QE. Via the dynamic factor model common factors are

extracted from the data set. Those estimated common factors present the di↵erent aspects

3Lombardi and Zhu (2018) call their monetary policy indicator a shadow policy rate, whereas Comunale
and Striaukas (2017) call it a synthetic index. For the ease of notation the estimate of Lombardi and Zhu
(2018) is called shadow rate in this thesis.
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of monetary policy. Once the ZLB becomes binding, Lombardi and Zhu (2018) treat the

short-term interest rate as unobserved and compute the shadow rate. With this approach

the shadow rate can be used as a summary variable of monetary policy implementations in

the pre-ZLB, ZLB and post-ZLB periods.

2.2 Macroeconomic Implications

To be able to consider a rate a consistent measure of the monetary policy stance, a shock

to the rate must have the same e↵ect on real economic variables regardless of if it is a

conventional or unconventional monetary policy shock, and regardless of if it is during the

ZLB or not. Apart from estimating the shadow rate, the purpose of this research is to

evaluate whether the shadow rate is a consistent measure of the U.S. monetary policy stance,

and if it is, what implications these policy actions have had on the real economy. The research

on how monetary policy a↵ects the real economy is wide and dates back a long time. Several

di↵erent approaches have been proposed to model the real economic e↵ects of unconventional

monetary policy. Each with their own advantages and disadvantages.

The Dynamic Stochastic General Equilibrium (DSGE) model, mostly made famous by

Smets and Wouters (2007), is a general equilibrium model. One of its many advantages is

to use Calvo pricing to adjust for price rigidities in an economy. DSGE models have been

used to model macroeconomic implications of unconventional monetary policy by several

researchers, where for example Wu and Zhang (2016) focus on the U.S. and De Rezende and

Ristiniemi (2018) on the Euro area.

Another widely used approach is the vector autoregressive (VAR) model, both as a struc-

tural VAR (SVAR) and a VAR with Bayesian estimation (BVAR). The advantage of VAR

models is to model several multivariate variables simultaneously while isolating the specific

shock of interest. The use of SVAR approaches when modelling the real economic e↵ects of

unconventional monetary policy are many. Perhaps the most famous is the research by Wu
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and Xia (2016). Apart from estimating a shadow rate by a term structure model, they use

a SVAR model to create counterfactual paths. The counterfactual paths show what a set of

real economic variables were and what they could have been if no unconventional monetary

policy would have been carried out. Apart from Wu and Xia (2016), Chung et al. (2012),

Baumeister and Benati (2012), and Hamilton and Wu (2012) have used counterfactual ex-

ercises in trying to quantify the exact impact of unconventional monetary policy.

There are also several researchers using other models than SVARs. Ichiue et al. (2018)

estimate a shadow rate based on survey forecasts of macroeconomic variables and evaluate

what e↵ects unconventional monetary policy have had on a set of real U.S. economic variables

by creating counterfactual paths. Doh and Choi (2016) use a similar approach but focus on

tracing the prolonged e↵ects of a monetary policy shock in a pre- and post-ZLB sample

period to evaluate if their shadow rate is a consistent measure of the U.S. monetary policy

stance. An example using a BVAR model is the research by Berg (2017), where he estimates

the e↵ects on point forecasts of real U.S. economic variables when the ZLB becomes binding.

The advantage of using a BVAR is that, according to Berg (2017), such models do not

exhibit the risk of overparameterization as SVARs do. Hence, they are able to access all the

information that large data sets contain. Finally, some researchers, like Gagnon et al. (2011),

use an event study to estimate and evaluate what impacts the di↵erent LSAP programs had

on a set of real U.S. economic variables.
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3 Methodology

This chapter introduces the methods used in this research to estimate the shadow rate and

to quantify the macroeconomic implications of unconventional monetary policy. Section 3.1

gives a general overview of modelling in data-rich environments. Section 3.2 describes the

approach to estimate the shadow rate. Section 3.3 presents the methodology to evaluate

the informativeness of the shadow rate as well as to model the real economic e↵ects of

unconventional monetary policy.

3.1 Modelling in Data-Rich Environments

Dynamic Factor Models have become particularly popular during the last decade due to

their ability to model simultaneously and consistently data sets in which the number of

series exceeds the number of observations. Macroeconomists face exactly such datasets,

where time series are, in most cases, collected quarterly with a starting point of the second

world war. This results in many series with relatively few observations (Stock and Watson

(2011)).

Historically, several di↵erent approaches have been suggested for estimating models in

such data-rich environments. The general-to-specific algorithm developed by Krolzig and

Hendry (2001) suggests to start o↵ with a large amount of exogenous variables and consis-

tently drop the variables that are insignificant. One will eventually end up with a smaller

amount of variables that can best describe the variability in the dependent variable.

Similarly, VAR models, mostly made famous by Sims (1980), make it possible to simulta-

neously model several multivariate variables while also being able to pick up cointegration.

According to Barhoumi et al. (2013), the drawback of a VAR model is that the number

of variables should be kept somewhat low since degrees of freedom are lost for every new

variable that is introduced.
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In contrast to a VAR model, a Dynamic Factor Model can include lots of variables

without running into problems regarding the degrees of freedom. Another advantage of the

Dynamic Factor Model, stated by Hübler and Frohn (2007), is that the researcher can remain

uncertain about the true structure of the economy when building the model. In a VAR

model the researcher must rely on tight assumptions about how the economy works, while in

a Dynamic Factor Model the researcher can simply include the variables of interest and from

that extract the common factors that drive the co-movement. The Dynamic Factor Model

was first developed by Sargent et al. (1977), who showed that two dynamic factors could

explain a su�cient part of the variance of some important U.S. macroeconomic variables. In

more recent time, studies by Giannone et al. (2004) and Watson (2004) have confirmed the

empirical findings.

According to Stock and Watson (2011), a Dynamic Factor Model contains a few latent

factors, ft, that drive the co-movement of a high-dimensional vector of observed variables,

Xt. Simply speaking, instead of modelling all observed variables one by one, one can frame

their co-movements in some underlying latent factors. Equation (1) shows how the vector of

observed variables, Xt, is driven by a matrix of unobserved latent factors, ft, and a vector

of mean-zero idiosyncratic disturbances, et.

Xt = �(L)ft + et, et ⇠ N(0, R) (1)

Xt is a N⇥1 vector containing the observed variables, �(L) is a N⇥q lag polynomial matrix

containing the factor loadings, ft is a q ⇥ 1 vector containing the dynamic factors, and et is

a N ⇥1 vector containing the idiosyncratic disturbances. The idiosyncratic disturbances are

assumed to be Gaussian distributed with a mean of zero and a variance-covariance matrix

of R. The latent factors are unobserved and must be estimated, and are assumed to follow
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a VAR process of order p as shown in equation (2).

ft =
pX

i=1

 i(L)ft�i + ⌘t, ⌘t ⇠ N(0, Q) (2)

 i(L) is a q ⇥ q lag polynomial matrix containing the factor loadings, ft�i is a q ⇥ 1 vector

containing lags of the dynamic factors, and ⌘t is a q ⇥ 1 vector of factor innovations. The

idiosyncratic disturbances and the factor innovations are assumed to be uncorrelated at all

leads and lags, Eet⌘0t�k = 0 for all k, and all processes in the Dynamic Factor Model are

assumed to be stationary.

If ⇥ = (�, , R,Q) is a vector representing all unknown parameters, then the log-

likelihood function can be written as in equation (3).

` (Xt, ft,⇥) = k � T

2
log |Q|� 1

2

TX

t=1

 
ft �

nX

i=1

 ift�i

!0

⇥Q�1

 
ft �

nX

i=1

 ift�i

!
� T

2
log |R|

� 1

2

TX

t=1

(Xt � �ft)
0 R�1 (Xt � �ft)

(3)

According to Engle and Watson (1981) and Doz et al. (2011), this log-likelihood function

can in normal circumstances be evaluated using the Kalman-filter and be maximized to

obtain estimates for the unknown parameters. In this research, the data matrix of the

observed variables, Xt in (1), has missing entries and randomly missing observations, and

thus, evaluating the log-likelihood function in equation (3) would not be possible. A solution

for this shortcoming is explained in section 3.2.
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3.2 A Dynamic Factor Model with Missing Observations

This research aims at estimating a shadow rate which can take on negative values during the

period when the EFFR was stuck at the ZLB. In this way, the shadow rate will be able to

quantify the amount of unconventional monetary policy conducted by the Federal Reserve.

To find a reliable indicator that can measure the monetary policy stance in both conventional

and unconventional monetary policy environments, the monetary policy stance is treated as

an unobserved variable which can be estimated by a Dynamic Factor Model. This procedure

was first used by Avery (1979), and has since then been used by several researchers to model

the unobserved monetary policy stance.

In this research, a comprehensive dataset is pooled together, containing all variables that

can possibly be controlled by the Federal Reserve. Next, the method used to model the un-

observed monetary policy stance is a Dynamic Factor Model combined with a Kalman-filter

and an expectation-maximization (EM) algorithm. To be able to estimate the unobserved

monetary policy stance the EFFR is treated as missing after it has hit the ZLB. Hence, this

method is particularly well suited for this research since the Kalman-filter e�ciently handles

missing data.

The model will be filling in the unobserved data based on the covariances between the

observed data before the ZLB and the consistently updated data series. This exact methodol-

ogy was first suggested by Bańbura and Modugno (2014). It has later been used by Lombardi

and Zhu (2018) to model the unobserved monetary policy stance when the dataset has miss-

ing entries and randomly missing observations. In line with previous research, information

criteria developed by Hallin and Lǐska (2007) and Schwarz (1978) are used to choose the

correct number of factors and the correct number of lags in the Dynamic Factor Model.

The drawback of this approach, also stated by Lombardi and Zhu (2018), is that the

values filled in by the model are based on covariances estimated from before the financial

crisis. There is a possibility that the fundamental relationship between the variables changed
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during the financial crisis, and because of that, the model is biased when it fills in the missing

observations. This potential shortcoming will be further discussed in section 5.1.

As stated previously, the log-likelihood function in (3) can not be evaluated when there

are missing entries and randomly missing observations in the data matrix Xt, as is the case

in this research. In line with the recommendations from Bańbura and Modugno (2014) and

Lombardi and Zhu (2018), an EM algorithm, initially developed by Dempster et al. (1977), is

used to iteratively compute the maximum-likelihood estimates. To start o↵ with, the missing

observations in Xt are substituted with some arbitrary numbers Z(0), so that the data matrix

X(0)
t becomes complete. It is now possible to evaluate the log-likelihood function in (3) with

the Kalman-filter, based on the observed series, the initial guess Z(0), and an arbitrary initial

guess of our unknown parameter vector ⇥(0) = (�, , R,Q). As shown in equation (4), the

Kalman-filter provides the expected value of the dynamic factors, ft, conditional on the

available observations, Z(0) and ⇥(0).

f̂ (0)
t = E⇥̂(0)

h
ft|X̃t, z

(0)
i

(4)

The log-likelihood function in (3) can now be evaluated and maximized to obtain a first

estimate of the vector of unobserved parameters, ⇥̂(1), which is sometimes referred to as

the initialization step. The initial guess of the missing entries and the randomly missing

observations, Z(0), can now be replaced with their expected values, obtained by evaluating

(1) at the parameter estimates ⇥̂(1). This step is equivalent to computing the expected value

of the log-likelihood function in (3), conditional on the available data, X̃t, which is known

to contain the initial guess Z(0). This step is sometimes referred to as the expectations step

and is shown in equation (5).

`
⇣
⇥, ⇥̂(1)

⌘
= E⇥̂(1)

h
` (Xt, ft,⇥) |X̃t

i
(5)
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The expectations step produces an updated guess of of the missing observations, Z(1), which

creates an updated data matrix, X(1)
t . The Kalman-filter is used once more to evaluate

and maximize the log-likelihood function in (3) to obtain an updated guess of the unknown

parameters, ⇥̂(2), as shown in equation (6).

⇥̂(2) = argmax
⇥

`
⇣
⇥, ⇥̂(1)

⌘
(6)

This process is iterated until convergence, in other words until ⇥̂(j)� ⇥̂(j�1) is small enough.

In line with Lombardi and Zhu (2018), the maximum number of iterations is set to 500. When

convergence is reached a final vector of unknown parameters, ⇥̂⇤, is obtained. Conditional

on ⇥̂⇤, the Kalman-filter can be ran a last time to obtain the final values of the dynamic

factors, ft, which turns out to be their expected values, as shown in equation (7).

f̂ ⇤
t = E⇥̂⇤

h
ft|X̃t

i
(7)

Since the dynamic factors are now estimated, equation (1) can be applied to obtain the

matrix of smoothed observations, as shown in equation (8).

X̂t = E⇥̂⇤

h
Xt|X̃t

i
= �̂⇤f̂ ⇤

t (8)

The missing entries and the randomly missing observations have now been replaced by their

expected values, conditional on estimated unknown parameters and the dynamic factors. The

estimated shadow rate is in fact just a ”weighted average” of all the monetary information

contained in the data set, with the weights decided by the correlations between the EFFR

and the data series. Hence, the shadow rate is an estimate of what the actual EFFR would

have been if the Federal Reserve would have had the possibility to drive it negative.
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3.3 Informativeness and Macroeconomic Implications

As previously described, the main idea behind the construction of a shadow rate is to sum-

marize both conventional and unconventional monetary policy actions in a single variable.

Since the observed EFFR does not reflect unconventional monetary policy implementations,

a structural change between the EFFR and the set of macroeconomic variables is expected

after the ZLB became binding. For the shadow rate to be more informative in measuring

the monetary policy stance than the EFFR it should be highly correlated with the EFFR

in the pre-ZLB period and be more informative after the onset of the ZLB. Hence, to be a

superior measure, this implies that the shadow rate should have the same dynamic relation-

ship with the set of macroeconomic variables as the EFFR during the pre-ZLB period and

this relationship should not change after the ZLB became binding (Wu and Xia (2016), Wu

and Zhang (2016), Doh and Choi (2016), Lombardi and Zhu (2018)).

In line with the research by Wu and Xia (2016) and Lombardi and Zhu (2018), an

econometric model is employed to test for a structural break in the informativeness of the

monetary policy measures. The suspected structural break date is assumed to be at the

date where the EFFR has hit its lower bound value and this formally tested via a Chow

(1960) test. The Chow (1960) test is used in a Distributed Lag (DL(q)) model as well as an

Autoregressive Distributed Lag (ADL(p,q)) model.4 The DL(q) model is shown in equation

(9).

Yt = �0 + �1Xt�q + �2Xt�qZLB + �3ZLB + et, (9)

The macroeconomic variables used as Y, the dependent variable in the Ordinary Least

Squares (OLS) regression, are aggregate production, investment, inflation, and unemploy-

ment.5 X and ZLB enter the DL(q) model as independent variables. X refers to either the

4In the DL(q) as well as in the ADL(p,q) model, q refers to the lag length of the independent variable
whereas p in the ADL(p,q) model refers to the lag length at which the dependent variable is included as
independent variable in the regression.

5An overview of the macroeconomic variables and their sources can be found in table 10 in the Appendix.
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shadow rate or the EFFR and is included with lag q.6 The ZLB variable is a time dummy

variable which, when monthly data is available, takes on a value of 0 from January 1970

to November 2008 and a value of 1 from December 2008 until January 2019. When only

quarterly data is available, it takes on a value of 0 from Quarter 1 1970 until Quarter 3 2008

and a value of 1 from Quarter 4 2008 onwards. Furthermore, an interaction term consisting

of X with lag q and the dummy ZLB is added.

The ADL(p,q) model uses the exact same setup as the DL(q) model but includes the

lagged value of the macroeconomic variable as independent variable since a high degree of

persistency is expected in aggregate production, investment, inflation and unemployment.

The lag p of Y is set to 1 for all model specifications which gives an ADL(1,q) model. The

ADL(1,q) model is stated in equation (10).

Yt = �0 + �1Xt�q + �2Xt�qZLB + �3ZLB + �4Yt�1 + et, (10)

For the OLS estimates in equation (9) and (10) to be consistent, that is, for plim

�̂j = �j, j = 0, 1, ..., 4, certain assumptions need to hold (Wooldridge (2015)). Firstly,

all variables need to be stationary. In other words all variables need to have an identical

joint distribution throughout the time series so that the future can be predicted based on

the past. Stationarity tests are performed by an augmented Dickey and Fuller (1979) test

and the results are presented in table 9 in the appendix. Secondly, there can be no perfect

collinearity between the variables. Based on sound economic intuition perfect collinearity

between the variables in this research can be ruled out. Thirdly, the error terms should have

a zero conditional mean. This implies that the explanatory variables are contemporaneously

exogenous, E(et|Xt, Yt�1, ZLB) = 0. This assumption can be controlled for by visually in-

6DL(q) and ADL(p,q) models usually include lags 1 to q of the independent variable. Based on economic
intuition and statistical significance only lag q has been included in the models used for this research. For
instance, monetary policy actions are not assumed to influence output within the first quarters (Walsh
(2017)), which makes it adequate to only include lag q.
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specting the residuals. If they are uniformly distributed around zero this assumption is likely

to hold.

Furthermore, for the the usual OLS standard errors and t-statistics to be asymptotically

valid the OLS estimators must be asymptotically normally distributed. Apart from the first

three assumptions listed above, two more assumptions are needed. Firstly, the error terms

must be contemporaneously homoskedastic, meaning that the variance of the error terms

must be constant over time. A Breusch and Pagan (1979) test as well as a visual inspection

of the residuals against the fitted values are used to accurately check for heteroskedasticity.

If heteroskedasticity is present White (1980) standard errors will be used. Lastly, there

should be no serial correlation in the error terms. To check for this the Durbin’s h test, an

alternative to the Durbin and Watson (1950, 1951) test which is preferred when a lagged

dependent variable is used as explanatory variable, will be used. If serial correlation is

present Newey and West (1986) standard errors will be used. The number of lags that will

be corrected for is calculated as the truncation parameter g subtracted by 1. The truncation

parameter is calculated as g = 4 (n/100)2/9. This is in line with the recommendations from

Newey and West (1986).

The null hypothesis of no structural break is for both models �2 = �3 = 0. When �2 = 0

holds at the conventional significance levels the null hypothesis of no structural break in the

slope of the lagged X variable cannot be rejected. When �3 = 0 holds the null hypothesis

of no structural break in the intercept cannot be rejected. The main focus and interest

lies on the former test since it shall be checked whether there has been a structural change

in the relationship between the EFFR as well as the shadow rate and the relevant set of

macroeconomic variables. To feature the same relationship after the onset of the ZLB with

the set of macroeconomic variables the null hypothesis of no structural break in the slope

should hold for the shadow rate regression. The expectations for the EFFR regressions

are such that the null hypothesis of no structural break will be rejected since it lost its
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informativeness once the ZLB became binding.

Once the informativeness of the policy measures is presented, counterfactual paths for

the set of relevant macroeconomic variables will be calculated. As stated in section 2.2, a

counterfactual path will show how the macroeconomic variables evolve over time, depending

on whether the model controls for both conventional and unconventional monetary policy

or only the former. To create such counterfactual paths, the EFFR and the shadow rate

will be used together with the coe�cients, which based on the shadow rate, are estimated

in equation (10).
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4 Data

To appropriately estimate the shadow rate via the dynamic factor model with missing obser-

vations a data set which contains relevant information on the stance of U.S. monetary policy

is needed. In this thesis the data set choice is based on Woodford (2012) and Lombardi and

Zhu (2018). Sections 4.1 to 4.3 give an overview of the implementation of monetary policy

in normal and crisis times as well as the monetary transmission mechanism to get a better

understanding of the variable selection which is presented in section 4.4.

4.1 Monetary Policy Implementations in Normal Times

One of the statutory responsibilities of the Federal Reserve is to conduct monetary policy.7

Monetary policy summarizes all actions and communications taken by the Federal Reserve

to achieve the three economic goals of price stability, maximum employment and moderate

long-term interest rates. To conduct monetary policy and promote the previously stated

goals, the Federal Reserve defines an operational target range for the FFR. This target

range is announced after every Federal Open Market Committee (FOMC) meeting (Bindseil

(2014)). In fact, the rate determined in the market is not the FFR but the EFFR. This is the

interest rate at which banks lend overnight reserve balances held at the Federal Reserve to

each other (Simpson (2014)). As further explained below, the Federal Reserve takes actions

such that the EFFR falls into the target range of the FFR.

Depository institutions are required to hold a certain amount of reserves at the Federal

Reserve. The sum of required reserves and excess reserves constitutes the demand of reserves

in the reserve market. The supply of reserves consists of nonborrowed and borrowed reserves.8

In the reserves market the EFFR is the equilibrium interest rate and the equilibrium amount

7The other responsibilities are payment systems, financial stability, fiscal agency, consumer protection
and partly supervision (Simpson (2014)).

8Borrowed reserves can be obtained from the Federal Reserve at a specific discount rate from the discount
window (Simpson (2014)).
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of reserves equals the nonborrowed reserves (Simpson (2014)). To manipulate the EFFR in

the reserves market the Federal Reserve uses open market operations (OMOs) as primary

instrument (Harvey and Huang (1994), Simpson (2014)).9 10

By purchasing or selling securities the Federal Reserve adds or reduces the amount of

reserves equal to the value of the securities traded in the reserve accounts of the trade

partner institutions (Bindseil (2014)). With those transactions the Federal Reserve has a

direct influence on the supply of base money, the supply of reserves as well as on the size of

its own balance sheet. In case of a contractionary monetary policy implementation, when

the Federal Reserve sells securities and reserve supply is reduced, the Federal Reserve trade

partners have three options to make up the shortage in reserve supply. They could reduce

their excess reserves (if they have any), they could reduce deposits placed at other institutions

or they could borrow reserves in the reserves market from other institutions (Harvey and

Huang (1994)).

This will have e↵ects on all institutions no matter which actions the trade partners

implement. The changed reserve supply has implications for the amount of bank deposits

in the economy and the interest rate at which banks lend reserves balances overnight to

each other, the EFFR (Harvey and Huang (1994), Bindseil (2014), Simpson (2014)). The

determination of the EFFR in the market has changed in the last years. The Federal Reserve

operates since October 2008 under a floor system for the EFFR with the interest rate on

excess reserves as the floor and the rate on borrowed reserves as the ceiling (Walsh (2017)).11

9OMOs can be conducted temporarily or permanent (outright). To add or reduce reserves temporarily
the Federal Reserve uses repurchase agreements or reverse repurchase agreements. To address longer-term
factors, the Federal Reserve makes permanent trades through the System Open Market Account (SOMA)
(Harvey and Huang (1994), Federal Reserve (2019b)).

10Other notable instruments currently employed by the Federal Reserve are the ratios applied to di↵erent
liability types and their amounts in the reserve requirements, the discount rate at which banks can lend
reserves from the Federal Reserve in the discount window, the interest rates on required and excess reserves,
the term deposit facility as well as the overnight reverse repurchase agreement facility (Federal Reserve
(2017)).

11As the EFFR has been slightly below the interest rate on excess reserves from October 2008 until March
2019 the interest rate on excess reserves has not served as a real floor on the EFFR. For a further discussion
see Bech and Klee (2011).
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4.2 Monetary Transmission Mechanism

By changing the EFFR the Federal Reserve has an influence on the business investment,

household spending, production, employment, and inflation. Those e↵ects work through the

interest rate channel, cost channel, exchange rate channel, asset price channel, as well as two

credit channels which are the bank lending channel and the balance sheet channel (Mishkin

(1995), Barth and Ramey (2001), Ireland (2008), Walsh (2017)).

In the interest rate channel, a change in the EFFR induces a change on the yield curve

since the yield curve reflects the current short-term interest rate, expected short-term inter-

est rate, as well as term premiums (Simpson (2014)). The altered yield curve influences the

cost of credit for firms and households. This has implications on firms’ investment expen-

diture as well as household consumption and thus on production and employment (Ireland

(2008), Mishkin (2012)). Unlike the interest rate channel, the cost channel does not focus

on demand e↵ects but on supply e↵ects. Through the increase in the EFFR, the cost of

holding inventories increases which leads firms to increase their prices (Barth and Ramey

(2001), Walsh (2017)).

Further real e↵ects induced by a change in the EFFR come through the exchange rate

channel. By changing the relative ratio of interest rates between two countries the nominal

exchange rate must change according to the (uncovered) interest rate parity. This leads

to changes in net exports, production, and employment (Ireland (2008), Mishkin (2012),

Blanchard et al. (2017)). In the asset price channel, a change in the EFFR alters the relative

attractiveness between equities and bonds. This has implications for the equilibrium portfolio

choice of investors. The implied change in equity prices makes it less or more expensive

for firms to invest depending on whether the Federal Reserve conducts expansionary or

contractionary monetary policy (Ireland (2008)).

The bank lending channel is the first of two credit channels discussed in the literature.

Most banks finance their asset side of supplying loans to the economy by taking deposits on
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their liability side. As shown in section 4.1 OMOs change the supply of reserves and this

can alter the supply of bank deposits. If banks, in case of a contractionary policy action,

do not find another source of funding for the reduced amount of bank deposits they have to

reduce the availability of credit to the economy to lower their demand for reserves. This in

turn a↵ects the investment level of firms, which alters employment and production (Ireland

(2008), Mishkin (2012)).

In the second credit channel, the balance sheet channel, the change in the EFFR has

implications for the payments made by firms on their floating rate debt. Furthermore,

through asset price changes the capitalized value of firms’ long-lived assets changes and this

has an influence on the value of the collateral firms can use for taking loans. This could lead

to a change in the credit-worthiness of firms. Through both ways described in the balance

sheet channel the cost of credit for firms may be altered. This in total can lead to a di↵erent

investment level for firms and a di↵erent production and employment level in the economy

(Ireland (2008), Mishkin (2012)).

4.3 Monetary Policy Implementations in Crisis Times

In normal times, when the EFFR is well above zero, the Federal Reserve primarily buys or

sells short-term government bonds either temporarily or permanently, and this is referred

to as conventional monetary policy. However, in crisis times when the EFFR is constrained

at the ZLB the Federal Reserve cannot lower the EFFR anymore and seeks unconventional

policy actions to achieve their three economic goals. Notable unconventional monetary

policy implementations by the Federal Reserve during the last crisis period have been LSAP

programs, maturity extension programs, as well as forward guidance.

The first QE program that the Federal Reserve conducted, known as QE1, was announced

the 25th of November 2008. According to the initial announcement, 100 billion dollars of

agency debt and 500 billion dollars of MBS were planned to be bought to increase the money
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supply and stimulate the U.S. economy from falling into a deflationary spiral. QE1 ended

up with the Federal Reserve buying 1.25 trillion dollars of MBS, 300 billion dollars of longer-

term Treasury securities and 175 billion dollars of agency debt. According to Wu (2014),

this corresponded to a total excess System Open Market Account (SOMA) balance of almost

11 percent of U.S. potential gross domestic product (GDP).

The second QE program, known as QE2, was announced the 3rd of November 2010, where

an additional 600 billion dollars of longer-term Treasury securities were bought to further

increase the money supply. This program brought the excess SOMA-to-potential GDP ratio

to 14 percent, and at this time, market participants expected the SOMA balance to return

to normal levels in the near future (Wu (2014)).

The third QE program, known as ”Operation Twist”, started on the 21st of September

2011. Initially, this program did not intend to further increase the balance sheet of the

Federal Reserve, but rather to ”twist” the yield curve. The Federal Reserve intended to

replace their maturing short-term Treasury securities with longer-term Treasury securities

such that the supply of the former increased and supply of the latter decreased. As supply

of the latter decreases the price will increase and yields decrease, leading to decreasing

rates with long maturities and increasing rates with short maturities (Wu (2014)). Even

though not announced from the start, the final outcome of ”Operation Twist” included both

maturity extension and a further increase of the SOMA holdings of longer-maturity Treasury

securities equivalent to a level of more than 16 percent of potential GDP.

The last QE program, known as QE3, was announced the 13th of September 2012 and

aimed at buying additional MBS at a pace of 40 billion dollars per month. The 12th of

December 2012 QE3 was increased and a further 45 billion dollars of longer-term Treasury

securities were decided to be bought per month, finally resulting in an excess SOMA-to-

potential GDP ratio of almost 23 percent (Wu (2014)).

Throughout the whole time period described above, the Federal Reserve conducted what
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is known as forward guidance: promising to keep interest rates low for a subsequent period of

time, regardless of whether inflation increases more than desired or not, to prevent households

and firms from postponing consumption and investments. Even though forward guidance

was present during the whole time period, it was most intense during QE3, where the Federal

Reserve outlined clear levels for unemployment and inflation below which the interest rate

would not be increased (Federal Open Market Committee (2019)).

4.4 Variables used in the Shadow Rate Estimation

For the baseline shadow rate estimation the selected variables are sorted into four major

building blocks. The interest rate and monetary aggregate blocks are chosen to reflect

conventional monetary policy whereas the asset and liability variables of the Federal Reserve’s

balance sheet capture unconventional monetary policy implementations.12

1. Interest Rates

• E↵ective Federal Funds Rate (EFFR)

• U.S. Treasury bill rates with maturities of three and six months

• U.S. Treasury bond yields with maturities of one, two, five, ten and twenty years

• Overnight Index Swap (OIS) rate

The first block contains information on the EFFR, the entire yield curve, the yields of U.S.

Treasury debt maturing at di↵erent points in time, and market expectations which are all

likely to be a↵ected by Federal Reserve policy actions. As seen in sections 4.1 and 4.2, the

EFFR is the operational target of the Federal Reserve and changes in the EFFR as well as

forward guidance influence the entire yield curve (Simpson (2014)).

12An overview of the variables used in the dynamic factor model and their sources can be found in table
8 in the Appendix.
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To incorporate information on the market expectations of the FFR Lombardi and Zhu

(2018) use in their interest rate block the Overnight Index Swap (OIS) three-month LIBOR

spread. To the best of the authors knowledge the OIS three-month LIBOR spread is used

in the market as a barometer of credit risk (M. Sundaresan et al. (2017)) as well as measure

of stress in the financial market (Hull (2012)). Whereas, the OIS rate is widely used from

market participants as market expectations of average overnight rates (M. Sundaresan et al.

(2017)). Thus, to reflect market expectations of the FFR the OIS rate rather than the OIS

three-month LIBOR spread is used in the interest rate block.

In line with the recommendation from Stock and Watson (2011) and as done in Lombardi

and Zhu (2018) all variables in blocks 2, 3 and 4 have been transformed to growth rates to

eliminate unit roots and trends.

2. Monetary Aggregates

• Monetary Base (M0)

• M1 and M2 Money Stock

Similar to the first block, the second block reflects traditional monetary policy.13 All variables

in the second block provide information about the U.S. money supply. As explained in section

4.1 the Federal Reserve has via OMOs direct control over the monetary base M0, the sum of

currency and reserves of institutions held at the Federal Reserve. By changing the monetary

base M0, the Federal Reserve has furthermore indirect control over the broader monetary

aggregates M1 and M2 (Walsh (2017)).

Since the variables in the first two blocks are unable to reflect unconventional monetary

policy implementations like LSAPs and maturity extension programs blocks 3 and 4 are

13To achieve their economic goals the Federal Reserve implemented in the 1970s until approximately 1982
money supply targeting. When pursuing money supply targeting as operational target the money supply
grows over time at a fixed rate. Since the relationship between measures of money, inflation and economic
activity was unstable the Federal Reserve abandoned money supply targeting (Harvey and Huang (1994),
Walsh (2017), Federal Reserve (2019a)).
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introduced to reflect unconventional monetary policy. As Lombardi and Zhu (2018) point

out, “a central bank’s balance sheet contains useful quantity information on almost all its

monetary operations”.

3. Federal Reserve Balance Sheet (Assets)

• Federal Reserve Banks Total Assets

• Total securities held outright by the Federal Reserve

• Long-term Treasury securities as a percentage of total securities (maturity in 1 to

5 years, 5 to 10 years, and > 10 years)

4. Federal Reserve Balance Sheet (Liabilities)

• Total Reserves of Depository Institution

• Required Reserves of Depository Institutions

• Nonborrowed Reserves of Depository Institutions

The first two variables of block 3 capture the size of the Federal Reserve’s balance sheet and

are able to reflect the LSAP programs. The three constructed variables of the last bullet

point provide useful information of the maturity composition of the Federal Reserve balance

sheet on the asset side. On the liability side in block 4, total, required, and nonborrowed

reserves of depository institutions are not only included to reflect information on how the

EFFR is determined in the reserve market, but also to include useful information on size

changes on the liability side (Lombardi and Zhu (2018)).

For all variables monthly data ranging from January 1970 to January 2019 have been used

when available. As stated by Lombardi and Zhu (2018) a monthly data choice seems appro-

priate since the FOMC holds meetings 8 times a year and implements some major changes

between these meetings. Those major monetary policy changes are historically not observed
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on a weekly or daily basis. Thus, a more frequent data choice seems to be inappropriate and

most of the variables are nevertheless not available on a more frequent basis. Moreover, a

more infrequent data choice, like quarterly, would most likely not capture all monetary policy

actions adequately. Hence, a more frequent or infrequent data choice than monthly would

be inadequate for the purpose of summarising conventional and unconventional monetary

policy in a single variable.
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5 Results

This chapter gives a detailed presentation of the results found in this research. Section 5.1

illustrates the estimated baseline shadow rate. To validate the consistency and reliability of

the baseline shadow rate section 5.2 presents several robustness tests. Section 5.3 checks the

informativeness of both the shadow rate and the EFFR. Section 5.4 provides counterfactual

exercises describing how a set of macroeconomic variables would have evolved if there was

no implementation of unconventional monetary policy.

5.1 Shadow Rate

The shadow rate estimation in this thesis is based on the Bańbura and Modugno (2014)

algorithm outlined in section 3.2 and on the dataset presented in section 4.4. To observe the

full dynamics of the variables the historical correlations of the variables in the data set are

calculated from January 1970 until November 2008 since in December 2008 the EFFR took on

a value of 0.16 and was constrained by the ZLB. When the EFFR is at its ZLB it is expected

to have lost its information content about the monetary policy stance. Furthermore, the 3

month and 6 month Treasury bill rates and the one-year and two-year Treasury bond rates

also hit their lower bound values and lost their informativeness.14

Hence, in the estimation of the shadow rate, the EFFR, 3 month and 6 month Treasury

bill rates are treated as missing from December 2008 when they take on values of 0.16, 0.03

and 0.26 until November 2015 when the rates start to escape their ZLB. The one-year and

two-year Treasury bond yields are considered to be at their lower bound when they hit values

of 0.37 and 0.87 and they depart from it in December 2014.

To estimate the dynamic factor model, a crucial point is to select the right number of

14Longer term interest rates do not only reflect the current short-term interest rate and the expected short-
term interest but also term premiums. Thus, longer term rates like the one-year and two-year Treasury bill
rates are constrained by a lower bound value above zero (Simpson (2014), Lombardi and Zhu (2018)).
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Figure 1: Dynamic Factors and Underlying Economic Variables
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Note: Solid black lines represent dynamic factors; Dotted black lines represent real economic variables. The
dynamic factors are rescaled, and in the case of factor 1, 3 and 4, multiplied by -1 to match the observed
series. ”Treasuries” refers to Treasury Securities held outright by the Federal Reserve. ”Required Reserves”
refers to Required Reserves held at the Federal Reserve by Depository Institutions.

factors as well as the right lag length. The Schwarz (1978) information criteria recommends

the use of two lags and the Hallin and Lǐska (2007) criterion suggests 8 factors to estimate

the shadow rate via the dynamic factor model. The 8 factors explain in total 93.35 percent

of the variance of the variables used in the data set. In figure 1 the first four factors are plot-

ted over time against the variables which most likely drive the respective factor dynamics.

Factor 1 explains 37.80 percent of the variance and is closely linked to the EFFR whereas

factor 2 explains 20.29 percent of the variance and has a close link to the monetary base

M0. Furthermore, factor 3 and 4 have close ties to the Treasury securities held outright by

the Federal Reserve as well as the required reserve and the factors are able to explain 11.82

percent and 7.58 percent of the variance, respectively.
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As described in section 4.4 the variables in blocks 2, 3 and 4 have been transformed to

growth rates to make them stationary. Hence, the shadow rate is a↵ected by the rates of

changes rather than absolute size changes of the reserves, monetary aggregates as well as the

balance sheet items. An increase in either the reserves, monetary aggregates or balance sheet

items will lead to a reduction in the shadow rate whereas no change will leave the shadow

rate una↵ected. Furthermore, the interest rates in block 1 have not been transformed. A

reduction in longer term interest rates will lead to a decrease in the shadow rate.

Figure 2: Shadow Rate and E↵ective Federal Funds Rate
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Note: Solid grey line represents the E↵ective Federal Funds Rate; Solid black line represents the shadow
rate; Dotted black lines represent the 95 percent confidence interval.

The baseline shadow rate and the EFFR are shown in figure 2. The shadow rate follows

the EFFR closely in the pre-ZLB era with three notable gaps between the EFFR and the

30



shadow rate in 1973-1975, 1980-1981 as well as in 2002-2004.15 16 Preceding the gaps in

1973-1975 and 2002-2004 as well as during the 1980-1981 gap the U.S. economy encountered

a recession period. In all gap periods the shadow rate is well below the EFFR which suggest

that further monetary stimulus was provided by the Federal Reserve in those periods.

In response to the turmoil of the financial crisis of 2007 the Federal Reserve decided to

increase the monetary stimulus. The monetary easing resulted in a decrease of the EFFR

from 5.26 percent in July 2007 to its lower bound value of 0.16 percent in December 2008.

One month prior to December 2008 the Federal Reserve announced its first unconventional

monetary policy program, QE1, which coincides with the month where the baseline shadow

rate turns negative. During the complete ZLB period the shadow rate stays negative which

suggests that further monetary stimulus was provided by Federal Reserve through uncon-

ventional monetary policy programs which cannot be observed in the EFFR. The shadow

rate during the ZLB will be investigated further in section 5.2.

The shadow rate turns positive again in December 2015 and this corresponds to the

month where the EFFR escapes the ZLB.17 In the post-ZLB period the shadow rate and the

EFFR follow each other again very closely. Until October 2017 the shadow rate is always

slightly below the EFFR whereas after November 2017 the shadow rate is above the EFFR

and the gap between the shadow rate and EFFR steadily increases over time. The shrinking

balance sheet policy, which the Federal Reserve announced in September 2017 and started

to implement in December 2017, is the reason for the increasing gap since the shadow rate

by construction increases when the Federal Reserve unwinds its balance sheet.

15The pre-ZLB, ZLB and post-ZLB periods refer to the periods from January 1970 until November 2008,
December 2008 until November 2015 and December 2015 until January 2019, respectively.

16From 1979 until 1982 the Federal Reserve implemented monetary policy via a nonborrowed reserves
procedure. According to Walsh (2017) the EFFR did not reflect adequately the monetary policy stance
during this period.

17In November 2015 the EFFR denoted at 0.12 percent. The Federal Reserve set the target range for the
FFR from a range of 0 to 25 basis points to a range of 25 to 50 basis points in December 2015 which resulted
in a EFFR of 0.24 percent in the respective month. Since then the Federal Reserve announced further range
increases and the EFFR kept on increasing.
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As described in section 3.2 a major concern in the estimation of the shadow rate is the

possibility that the correlation structure between the variables changed after the financial

crisis. As the results suggest this has not been the case. Firstly, the shadow rate approaches

the ZLB from December 2013 until November 2015 even though in the calculation of the

shadow rate the EFFR is treated as unobserved until November 2015. Moreover, the shadow

rate does not experience an abrupt rate hike in this period which is in line with the historically

observed smooth monetary policy implementations of the Federal Reserve. Secondly, the

shadow rate turns positive again in December 2015 which coincides with the date when the

EFFR escapes its ZLB value.

Finally, although the balance sheet, reserve and monetary aggregate variables are sizable

compared to their pre-crisis levels, and the determination of the EFFR in the market changed

due to the implementation of the floor system, the shadow rate follows the EFFR closely in

the post-ZLB era. This close behavior is reasonable, since in July 2014, the participants of

the FOMC meeting agreed that the FFR continues to be used as the key policy rate (Federal

Open Market Committee (2014)). Thus, the EFFR continues to contain a huge portion of

information about the monetary policy stance.

5.2 Robustness of the Shadow Rate

For the shadow rate to be treated as a consistent and reliable measure of the monetary

policy stance it has to stand robust to several di↵erent tests. This section will investigate

whether the shadow rate seems realistic compared to other measurements, and whether the

model is robust to di↵erent specifications. Subsection 5.2.1 compares the shadow rate to

Taylor rule recommendations for the EFFR. Subsection 5.2.2 checks the consistency of the

shadow rate with respect to major announcements made by the Federal Reserve. Subsection

5.2.3 compares the shadow rate to alternative shadow rates. To finish up, subsection 5.2.4

presents how robust the shadow rate is to data selection.

32



5.2.1 Taylor Rule Recommendations

To be able to prove that a negative shadow rate is realistic, it will be compared to the well

known Taylor rule recommendations for the EFFR. Taylor (1993, 1999) came up with a rule

that were supposed to work as a guideline when a central bank sets its short-term interest

rate. The first rule developed in 1993 studied a sample period between 1987 and 1990, and

the results showed that the rule closely tracked the EFFR. The rule developed in 1993 is

presented in equation (11). The nominal interest rate set by the central bank, i, will be set

according to the current inflation, ⇡, a measure of the current output gap, y, the current

inflation in relation to the target inflation, and the equilibrium real interest rate. Both the

target inflation and the equilibrium real interest rate are set to 2 percent.

i = ⇡ + 0.5y + 0.5 (⇡ � 2) + 2 (11)

Hence, when either the output gap or the inflation gap changes the nominal interest rate

should change, and be set in accordance to this formula. In 1999 Taylor came up with an

updated version of his 1993 rule. The 1999 rule is presented in equation (12), and as the

equation shows the nominal interest rate should be set more aggressively according to the

current output gap.

i = ⇡ + y + 0.5 (⇡ � 2) + 2 (12)

The 1999 rule is recommended as a guideline for setting the short-term nominal interest rate

by both Ball (1999) and Yellen (2012). Figure 3 presents a visual comparison between the

two Taylor rules and the shadow rate. As the figure shows, both Taylor rules go negative

once the EFFR hits the ZLB. The 1999 rule goes far more negative than the 1993 rule since

it responds more aggressively to the negative output gap during the financial crisis in 2007-

2008. The fact that the 1999 rule goes negative in the same magnitude as the shadow rate

can be seen as a sign that the behavior of the shadow rate is realistic.
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Figure 3: Shadow Rate and Taylor Rule Recommendations
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Note: Solid grey line represents the E↵ective Federal Funds Rate; Solid black line represents the shadow
rate; Dotted grey lines represent Taylor rule recommendations for the E↵ective Federal Funds Rate.

A major di↵erence between the shadow rate and the Taylor rules is the behavior after

2012. The shadow rate remains negative due to the unconventional monetary policy that

the Federal Reserve conducted, but the Taylor rules suggest a positive interest rate based

on real economic variables. Worth to pay attention to is the behavior of the rates in the

pre-crisis period around 2002-2006. As the figure shows, both Taylor rules suggest a more

contractionary monetary policy than the Federal Reserve conducted. The more neutral

behavior of the Federal Reserve during this period might have been the reason to why they

had to conduct even more contractionary monetary policy during the years preceding the

financial crisis.
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To sum up, the fact that the Taylor rule recommendations both suggest a negative

nominal interest rate together with the fact that the EFFR has a ZLB can be seen as a sign

that a negative shadow rate is realistic.

5.2.2 Major Quantitative Easing Events

The behavior of the shadow rate is driven by the announcements and decisions that the

Federal Reserve is taking about further stimulus to the economy. For a shadow rate to be

a good proxy for the actual monetary policy stance the behavior of the rate should have

a reasonable explanation, and hence, the announcements of the Federal Reserve should be

possible to trace in the behavior of the shadow rate. Table 1 describes the most important

announcements made by the Federal Reserve during the period of interest.
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Table 1: Major Announcements by the Federal Reserve

Date Announcement description

Nov 25, 2008 QE1 announced
Dec 16, 2008 FFR target set to a range of 0 to 25 basis points
Mar 18, 2009 Additional security purchases announced
Aug 27, 2010 QE2. foreshadowed
Nov 3, 2010 QE2 announced
Aug 9, 2011 Calendar forward guidance announced
Sep 21, 2011 ”Operation Twist”
Jan 25, 2012 Calendar forward guidance extended
Sep 13, 2012 QE3 announced and calendar forward guidance extended
Dec 12, 2012 QE3 increased and unemployment-based forward guidance announced
May 22, 2013 Ben Bernanke foreshadows potential tapering of QE3
Dec 18, 2013 QE3 first tapering
Jan 29, 2014 QE3 tapering
Mar 19, 2014 QE3 tapering
Apr 30, 2014 QE3 tapering
Jun 18, 2014 QE3 tapering
Jul 30, 2014 QE3 tapering
Sep 17, 2014 QE3 tapering
Oct 29, 2014 QE3 last tapering
Oct 28, 2015 Federal Reserve hints at possible hike in December 2015
Dec 16, 2015 FFR target set to a range of 25 to 50 basis points
Dec 14, 2016 FFR target set to a range of 50 to 75 basis points
Mar 15, 2017 FFR target set to a range of 75 to 100 basis points
Apr 5, 2017 Minutes indicating that balance sheet contraction may start in late 2017
Jun 14, 2017 FFR target set to a range of 100 to 125 basis points
Sep 20, 2017 Federal Reserve announces balance sheet contraction
Dec 13, 2017 FFR target set to a range of 125 to 150 basis points
Mar 21, 2018 FFR target set to a range of 150 to 175 basis points
Jun 13, 2018 FFR target set to a range of 175 to 200 basis points
Sep 26, 2018 FFR target set to a range of 200 to 225 basis points
Dec 19, 2018 FFR target set to a range of 225 to 250 basis points

Note: Announcement dates and announcement events are taken from Krippner (2017), Meinusch and
Tillmann (2016), and Federal Open Market Committee (2017-2019).

Figure 4 shows the shadow rate together with four vertical lines representing the an-

nouncement dates for four of the major programs explained above. As the figure shows,
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the shadow rate seems to be able to pick up the further stimulus created by QE1 and QE2

since the rate is gradually decreasing to a value of -1.395 respectively -3.354. In line with

the results of Lombardi and Zhu (2018) this research finds that the shadow rate does not

pick up the stimulus provided by QE3 in the same sense as it does for QE1 and QE2. A

possible explanation could be that the purchases were relatively smaller and a bigger part

of the policy was conducted through forward guidance, which is not reflected in the data to

the same extent.

Figure 4: Shadow Rate and Major Announcements by the Federal Reserve
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Note: Solid grey line represents the E↵ective Federal Funds Rate; Solid black line represents the shadow
rate. The first three vertical lines from the left represent the announcement dates of QE1, QE2 and QE3;
The fourth vertical line from the left represents the date when the Federal Reserve announced that they will
start to unwind their balance sheet.

The fourth vertical line from the left shows the date when the Federal Reserve announced

that they will start to unwind their balance sheet. This action will most likely have a

contractionary e↵ect on the economy since the supply of Treasury securities will become
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larger, prices will fall and yields increase. As Figure 4 shows, at this exact point the shadow

rate increases to a level higher than the EFFR for the first time.

Altogether, the shadow rate seems to capture the major policy announcements and ac-

tions implemented by the Federal Reserve, and in that sense, seems to be a consistent and

reliable measure of the actual monetary policy stance.

5.2.3 Alternative Shadow Rates

To further check whether the shadow rate is a consistent and reliable measure of the monetary

policy stance the rate will be compared to alternative shadow rates that exist in the literature.

To the best of the authors knowledge, the shadow rates estimated by Krippner (2013), Wu

and Xia (2016), and Lombardi and Zhu (2018) are treated as the most outstanding.

The comparison of the shadow rates are presented in figure 5. Worth to mention is that

the rates in this research and in Lombardi and Zhu (2018) are based on the same model, and

hence will react to policy changes quite similar. As figure 5 shows, the rates in this research

and in Lombardi and Zhu (2018) capture QE1 to a quite large degree, while the rates in Wu

and Xia (2016) and Krippner (2013) do not capture QE1 to the same degree. Contrary, the

rate in Krippner (2013) captures QE2 the most, closely followed by the rates in this research

and in Lombardi and Zhu (2018). The rate in Wu and Xia (2016) is still not reacting very

much to the QE programs, just slowly decreasing at a steady pace.

As stated in the previous subsection, the rates in this research and in Lombardi and

Zhu (2018) do not capture QE3 very well. This might be because QE3 consisted of forward

guidance to a large extent, which cannot be captured in those kind of models. Contrary, the

rate in Krippner (2013) reacts very much to QE3, decreasing to more than -5 percent. The

rate in Wu and Xia (2016) reacts, in relative terms, much to QE3 as well, reaching its most

negative value.
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Figure 5: Comparison to Alternative Shadow Rates
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Note: The alternative shadow rates are estimated by Krippner (2013), Wu and Xia (2016), and Lombardi
and Zhu (2018).

Both the rates in Wu and Xia (2016) and Lombardi and Zhu (2018) end in 2016 when the

EFFR lifts o↵ from the ZLB, which makes it interesting to see how the other rates behave

when the Federal Reserve starts to unwind their balance sheet in the end of 2017. Intuitively

it would act as contractionary monetary policy since the supply of Treasury securities in the

market will increase, leading to lower prices and higher yields. As the figure shows, this is

also the case for the shadow rates. Interestingly, the shadow rate in this research seems to

capture the contractionary e↵ect even more than the rate in Krippner (2013) does. Based

on the comparison to alternative shadow rates, the shadow rate in this research seems to be

a consistent and reliable measure of the monetary policy stance.
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5.2.4 Data Selection

The final procedure conducted to ensure that the shadow rate is a consistent and reliable

measure of the monetary policy stance is a robustness test for data selection. As described

in section 4.4, the dataset used for the baseline model described throughout the thesis is

based on sound economic reasoning as well as on the research made by Woodford (2012) and

Lombardi and Zhu (2018). To observe how the shadow rate behaves for di↵erent datasets

the shadow rate will be estimated with both a ”cropped” dataset as well as an extended

dataset.

The ”cropped” dataset consists solely of the interest rate block described in section

4.4, and can hence be thought of as a pure term structure model that can be compared

to the shadow rates in Krippner (2013) and Wu and Xia (2016) in a more equalistic way.

The model has been estimated with the same procedures as the baseline model but with 3

dynamic factors, which is in line with the Hallin and Lǐska (2007) criterion. Figure 6 presents

the term structure model together with the baseline model and the 95 percent confidence

interval for the baseline model. As the figure shows, the term structure model is within

the 95 percent confidence interval during the whole time period studied, but there are some

policy actions which the term structure model has a hard time picking up.

Firstly, the term structure model cannot pick up the expansionary monetary policy that

the Federal Reserve conducted between the years 2002 to 2004. During the ZLB period the

term structure model succeeds in picking up the stimulus created by QE1 and QE3 to the

same extent as the baseline model, but does not succeed in picking up the stimulus created

by QE2 to the same extent. Finally, since the term structure model is solely based on the

data in the interest rate block the rate is not able to pick up the contractionary monetary

policy created by the unwinding of the Federal Reserve’s balance sheet which took place

from the end of 2017 up until today. This results in that the term structure model tracks

the EFFR after the ZLB while the baseline model increases.
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Figure 6: Robustness of the Shadow Rate to Data Selection I
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Note: Solid grey line represents the E↵ective Federal Funds Rate; Solid and dotted light grey lines repre-
sent the baseline specification of the shadow Rrate and the 95 percent confidence interval; Solid black line
represents a restricted data set which only includes the interest rate block (see section 4.4).

One of the major advantages of the baseline model compared to term structure models

in general, such as the ones estimated by Krippner (2013) and Wu and Xia (2016), is that

it is able to pick up policy actions from more channels than just the interest rate, resulting

in, what was just described, that the rate can react to several policy channels.

The second robustness test will be to compare the baseline model to a model based on

an extended dataset consisting of the four baseline blocks described in section 4.4 together

with a fifth block consisting of nominal exchange rates. This fifth block contains the nominal

exchange rates from countries which, during 2017, had a trade volume with the U.S. of over

100 billion U.S. Dollars.18 All nominal exchange rates are stated as the price of domestic

18According to Schwarzenberg (2018) the U.S. had a trade volume in 2017 of over 100 billion U.S. Dollars
with the European Union, China, Canada, Mexico, Japan, South Korea and the United Kingdom.
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currency in terms of foreign currency where domestic currency is the U.S. Dollar. The fifth

block has been transformed to growth rates in the same way as blocks 2, 3 and 4 for the

variables to be stationary.

As stated in the data section, the major requirement when choosing variables is that they

in some sense reflect the policy actions by the Federal Reserve. Hence, there has to be a link

between actions of the Federal Reserve and nominal exchange rate movements. Otherwise

the inclusion of nominal exchange rates could be misleading. Exchange rates can, to some

extent, be controlled by central banks, and according to Mishkin (1996) they are one of the

key assets which monetary transmission works through. But, one should bear in mind that

the link is not as obvious as the four previous blocks since the central banks of the trading

partners can also influence the exchange rate.

Figure 7 presents the foreign exchange rate model together with the baseline model and

the 95 percent confidence interval for the baseline model. As the figure shows, the foreign

exchange rate model captures the expansionary monetary policy in the years between 2002

and 2004 as good as the baseline model does, and hence better than the term structure

model presented in figure 6. The foreign exchange rate model also captures QE1 and QE2

in almost the same way as the baseline model does, with the exception that the rate goes

positive between QE1 and QE2 and that it goes more negative than the baseline model

during QE2. The foreign exchange rate model does not capture QE3 at all, which the

baseline model captures somewhat weak compared to alternative shadow rates.

Finally, since the first four blocks of data are included in the foreign exchange rate model

it will react to changes in more monetary policy channels than interest rates, and hence

it reacts to the unwinding of the Federal Reserve’s balance sheet in the same way as the

baseline model does. Overall, the baseline model is robust to this data selection as well,

with the minor exemption that the foreign exchange rate model goes outside the 95 percent

confidence interval at one point during 2012.
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Figure 7: Robustness of the Shadow Rate to Data Selection II
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Note: Solid grey line represents the E↵ective Federal Funds Rate; Solid and dotted light grey lines represent
the baseline specification of the shadow rate and the 95 percent confidence interval; Solid black line represents
a restricted data set which, apart from the full dataset, also includes a block of exchange rates.

5.3 Informativeness of the Shadow Rate

As stated in section 3.4, to be a superior measure in summarizing the monetary policy stance

the shadow rate should be highly correlated with the EFFR in the pre-ZLB period such that

the shadow rate should have that same dynamic relationship with the set of macroeconomic

variables as the EFFR. Furthermore, this relationship with the set of macroeconomic vari-

ables should not change after the ZLB became binding. As seen visually in section 5.1 the

shadow rate follows the EFFR very closely in the pre-ZLB period where the correlation

between those two variables has been 98.60 percent.19 This implies that both variables ex-

hibit the same dynamic relationship in the pre-ZLB period with the set of macroeconomic

variables.

19The correlation during the ZLB period has been 20.84 percent and the correlation in the entire period
after the ZLB became binding has been 85.56 percent.
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This section examines whether the relationship between the shadow rate as well as the

EFFR and the set of macroeconomic variables changed after the onset of the ZLB. Subsection

5.3.1 explains the results for aggregate production and investment. Subsection 5.3.2 describes

the results for inflation and unemployment.

Unless otherwise stated, the macroeconomic variables have been transformed to growth

rates to make them stationary. To find the best AL(q) as well as ADL(1,q) model for each

macroeconomic variable the lag choice of the shadow rate and the EFFR has been based on

economic intuition, information criteria as well as significance.

5.3.1 Aggregate Production and Investment

Real Gross Domestic Product (RGDP) is available on a quarterly basis and is used as a

measure of aggregate production.20 The chosen models for both the shadow rate and EFFR

are a DL(2) as well as an ADL(1,2). The estimation results are displayed in table 2.

In both models the 6 month lagged shadow rate as well as the 6 month lagged EFFR

are able to explain RGDP growth. The estimated negative coe�cient is in line with the

description of the monetary transmission mechanism in section 4.2 since an increase in the

short-term interest rate leads through di↵erent channels to a decrease in output which is

reflected in a decrease in aggregate production growth. Furthermore, last periods RGDP

growth explains current RGDP growth since in the ADL(1,2) models the lagged RGDP

growth enters significantly.

The interaction term is insignificant at the conventional levels in all models. Hence, the

null hypothesis of no structural break in the slope cannot be rejected. This means that the

monetary policy measures explain RGDP growth in the same way in both periods, and the

informativeness did not change once the ZLB became binding.

20Since RGDP and investment are only available on a quarterly basis whereas the shadow rate is estimated
monthly and the EFFR is observed monthly the shadow rate and EFFR are transformed to quarterly rates
by averaging the monthly rates in the respective quarters.
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Table 2: Informativeness of Monetary Policy Measures on Aggregate Production I

Real GDP

Shadow Rate E↵ective Federal Funds Rate

Model 1 Model 2 Model 1 Model 2

Intercept .0118*** .0091*** .0124*** .0099***
(.0013) (.0017) (.0014) (.0017)

X(t-2) -.0007*** -.0005** -.0007*** -.0006**
(.0002) (.0002) (.0002) (.0002)

X(t-2)*ZLB -.0009 -.0007 -.0047 -.0040
(.0011) (.0010) (.0031) (.0028)

ZLB -.0082*** -.0063*** -.0057*** -.0044**
(.0019) (.0019) (.0017) (.0018)

RGDP (t-1) .2304*** .2055***
(.0782) (.0774)

R2 .0977 .1461 .1292 .1666

n 194 194 194 194

Note: X stands for either the shadow rate or the E↵ective Federal Funds Rate. *** Significant at the
1 percent level; ** Significant at the 5 percent level; * Significant at the 10 percent level. White (1980)
standard errors are presented in parentheses.

The Industrial Production Index (IPI) measures the real production of all facilities within

manufacturing, mining, electricity and gas utilities located in the U.S. (Federal Reserve

Economic Data (2019)). The IPI is part of RGDP and the correlation on a quarterly basis

from Quarter 1 1970 until Quarter 4 2018 between RGDP and the IPI has been 98.26

percent.21 Furthermore, the IPI is observed monthly whereas RGDP is only available on a

quarterly basis. For those reasons the IPI is in the literature widely used (among others by

Wu and Xia (2016), Meinusch and Tillmann (2016), and Hännikäinen (2017)) as a proxy

for RGDP. By measuring U.S. economic activity by IPI more observations are available and

this increases the likelihood to estimate the true regression coe�cients for the relationship

21In 2017 the industry sector accounted for approximately 19.1 percent of the GDP in the U.S. (Central
Intelligence Authority (2019)).
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between aggregate production and the shadow rate as well as EFFR. The models chosen are

a DL(6) and an ADL(1,6) and the estimation results are reported in table 3. The results

state virtually the same conclusions as in the regression with RGDP as measure of aggregate

production.

Table 3: Informativeness of Monetary Policy Measures on Aggregate Production II

Industrial Production Index

Shadow Rate E↵ective Federal Funds Rate

Model 1 Model 2 Model 1 Model 2

Intercept .0044*** .0029*** .0050*** .0033***
(.0011) (.0009) (.0011) (.0008)

X(t-6) -.0004** -.0002** -.0005** -.0003**
(.0002) (.0001) (.0002) (.0001)

X(t-6)*ZLB -.0009 -.0006 -.0031 -.0022
(.0010) (.0007) (.0031) (.0021)

ZLB -.0040*** -.0026** -.0024 -.0015
(.0015) (.0011) (.0015) (.0011)

IPI(t-1) .3208*** .3108***
(.0680) (.0653)

n 583 583 583 583

Note: X stands for either the shadow rate or the E↵ective Federal Funds Rate. *** Significant at the 1
percent level; ** Significant at the 5 percent level; * Significant at the 10 percent level. Newey and West
(1986) standard errors are presented in parentheses.

The 6 month lagged shadow rate and EFFR enter the model with a negative coe�cient.

Last periods IPI growth is able to explain current IPI growth and all the interaction terms

are insignificant at all conventional significance levels. In other words, both monetary policy

measures explain IPI growth in the same way in both periods.

Investment is measured by Real Gross Private Domestic Investment. The chosen DL(2)

and ADL(1,2) models are reported in table 4. Last periods growth in investment is able to

explain today’s investment growth in a statistically significant way. Furthermore, the lagged
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shadow rate and EFFR enter the model negatively with lag two. Hence, a higher short-term

interest rate 6 months ago has a negative relationship with current investment growth. This

is in line with the discussion of the monetary transmission mechanism in section 4.2.

The EFFR lost its informativeness of investment since in both models the interaction

term is significant at the 5 percent level. The same conclusion applies to the shadow rate in

the DL(2) model where the null hypothesis of no structural break in the slope is rejected at

the 10 percent level. However, the interaction term in the richer ADL(1,2) model is insignif-

icant at all conventional significance levels. Hence, the shadow rate succeeds in explaining

investments in the same way for both periods, while the EFFR loses its informativeness once

the ZLB becomes binding.

Table 4: Informativeness of Monetary Policy Measures on Investment

Investments

Shadow Rate E↵ective Federal Funds Rate

Model 1 Model 2 Model 1 Model 2

Intercept .0302*** .0257*** .0328*** .0281***
(.0060) (.0064) (.0065) (.0070)

X(t-2) -.0031*** -.0027** -.0034*** -.0030**
(.0011) (.0011) (.0011) (.0012)

X(t-2)*ZLB -.0099* -.0085 -.0314** -.0284**
(.0055) (.0051) (.0146) (.0133)

ZLB -.0284*** -.0243*** -.0095 -.0076
(.0093) (.0088) (.0088) (.0088)

Investments (t-1) .1746** .1664**
(.0808) (.0795)

R2 .0959 .1245 .1185 .1446

n 194 194 194 194

Note: X stands for either the shadow rate or the E↵ective Federal Funds Rate. *** Significant at the
1 percent level; ** Significant at the 5 percent level; * Significant at the 10 percent level. White (1980)
standard errors are presented in parentheses.
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5.3.2 Inflation and Unemployment

The Personal Consumption Expenditure (PCE) excluding food and energy is used as in-

flation measure in this thesis. The Federal Reserve mainly tracks inflation via this mea-

sure (Croushore (2008)) and the PCE is frequently used in the literature (among others by

Mertens and Johannsen (2015), Doh and Choi (2016), and Lombardi and Zhu (2018)) as

inflation measure. The selected DL(6) and ADL(1,6) models are reported in table 5. The

DL and ADL models state that last periods inflation can explain current inflation and that

the 6 month lagged shadow rate as well as EFFR are significantly able at all conventional

levels to explain current inflation.

Table 5: Informativeness of Monetary Policy Measures on Inflation

Personal Consumption Expenditures

Shadow Rate E↵ective Federal Funds Rate

Model 1 Model 2 Model 1 Model 2

Intercept .0008*** .0003** .0008*** .0003**
(.0003) (.0001) (.0003) (.0001)

X(t-6) .0004*** .0001*** .0004*** .0001***
(.0000) (.0000) (.0000) (.0000)

X(t-6)*ZLB -.0004*** -.0001*** -.0004** -.0001*
(.0001) (.0000) (.0002) (.0001)

ZLB .0005* .0002 .0006* .0002
(.0003) (.0001) (.0003) (.0001)

PCE(t-1) .6134*** .6104***
(.0754) (.0740)

n 583 583 583 583

Note: X stands for either the shadow rate or the E↵ective Federal Funds Rate. *** Significant at the 1
percent level; ** Significant at the 5 percent level; * Significant at the 10 percent level. Newey and West
(1986) standard errors are presented in parentheses.
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As all models in table 5 show, when the Federal Reserve raises the interest rate via conven-

tional or unconventional monetary policy inflation keeps up 6 months later. In the literature

this is called the prize puzzle. The prize puzzle is one of the major puzzles in monetary

policy research (Walsh (2017)). Barth and Ramey (2001) explain the price puzzle via the

cost channel of monetary policy. They argue that contractionary monetary policy raises the

cost of holding inventories through the increase in interest rates. Higher prices and lower

output are the consequence of this negative supply e↵ect (Walsh (2017)). Moreover, the null

hypothesis of no structural break in the slope is rejected in all models. Thus, there has been

a structural break between the EFFR as well as the shadow rate and inflation.

Unemployment in the U.S. is measured by the unemployment rate of all persons aged

between 15 and 64. The unemployment rate has not been transformed to a growth rate since

the variable is stationary in its original form. The estimated DL(9) and ADL(1,9) models

are presented in table 6.

Last periods unemployment rate and the 9 month lagged shadow rate as well as EFFR are

significantly able to explain the current unemployment rate. The sign of the lagged shadow

rate and EFFR is positive. A higher short-term interest rate will lead to lower investments as

well as lower demand in the economy overall. This can be seen in the monetary transmission

mechanism discussion in section 4.2 and in the regressions in section 5.3.1. This in turn leads

firms to layo↵ workers or to not hire new workers which ultimately translates in a higher

unemployment rate.

The null hypothesis of no structural break in the slope is rejected for the EFFR in the

DL(9) model at the 1 percent level and in the ADL(1,9) model at the 10 percent level.

Thus, the EFFR lost its information content once the ZLB became binding. According to

the DL(9) model the shadow rate lost its information content on the onset of the ZLB but

according to the richer ADL(1,9) model the relationship between the shadow rate and the

unemployment rate did not change.
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Table 6: Informativeness of Monetary Policy Measures on Unemployment

Unemployment Rate

Shadow Rate E↵ective Federal Funds Rate

Model 1 Model 2 Model 1 Model 2

Intercept 4.7253*** .1540** 4.6632*** .1509**
(.1411) (.0732) (.1459) (.0708)

X(t-9) .2324*** .0208*** .2381*** .0214***
(.0194) (.0064) (.0197) (.0063)

X(t-9)*ZLB -.9443*** -.0001 -.7709*** .1392*
(.1020) (.0329) (.2426) (.0711)

ZLB 1.7256*** .1516** 2.4278*** .0825
(.1992) (.0631) (.2183) (.0697)

UNRATE(t-1) .9542*** .9535***
(.0125) (.0120)

R2 .2723 .9349 .2282 .9355

n 580 580 580 580

Note: X stands for either the shadow rate or the E↵ective Federal Funds Rate. *** Significant at the 1
percent level; ** Significant at the 5 percent level; * Significant at the 10 percent level. Standard errors are
presented in parentheses.

As seen in the last two subsections the EFFR has lost its information content for in-

vestment, inflation and unemployment but not for aggregate production. The shadow rate

remained informative for all macroeconomic variables except for inflation.
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5.4 Macroeconomic Implications

As described in previous sections, the Federal Reserve conducted unconventional monetary

policy by LSAP programs and forward guidance to stimulate the economy. This section will

investigate what macroeconomic implications those policies have had on the U.S. economy,

and whether the Federal Reserve managed to reach their stated goals of lowering unemploy-

ment rate, stabilizing output, and stabilizing inflation. This section will show counterfactual

paths for a set of macroeconomic variables, describing how they actually evolved and how

they would have evolved if no unconventional monetary policy would have been conducted.

Subsection 5.4.1 presents counterfactual paths for aggregate production and investment.

Subsection 5.4.2 presents counterfactual paths for inflation and the unemployment rate.

5.4.1 Aggregate Production and Investment

Figure 8 shows the observed growth of RGDP and two counterfactual paths. The counter-

factual paths are model-specific and based on the second shadow rate regression presented

in table 2. The shadow rate and EFFR are inserted into the estimated model to achieve the

counterfactual paths. The counterfactual path created with the shadow rate is supposed to

mirror the observed values, since it is taking unconventional monetary policy into account.

The counterfactual path created with the EFFR is supposed to mirror the growth of RGDP

if no unconventional monetary policy were implemented, and hence, only lowering the EFFR

to its ZLB value. Worth to mention is that the coe�cients for the interaction terms measur-

ing the structural break in the EFFR and the shadow rate are insignificant, implying that

there is no structural breaks in the relationship between the monetary policy measures and

RGDP.

As the figure shows, the model is able to pick up an essential part of the variation in the

growth of RGDP, but some parts, as for example in the post-ZLB period, are not entirely

reflected in the prediction of the model. When comparing the two counterfactual paths it can
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be seen that the unconventional monetary policy that the Federal Reserve implemented had

a positive e↵ect on RGDP. The policy implementations had their maximum e↵ect during

Quarter 1 2012 when RGDP growth was 0.93 percent instead of 0.54 percent, corresponding

to an increase in RGDP of approximately 322 billion dollars, which on a yearly basis would

be equivalent to a 1.56 percent higher, and 1.288 trillion dollars higher, RGDP. This result,

corresponding to an excess RGDP of 0.39 percentage points, is in line with the research by

Ichiue et al. (2018) who find an excess RGDP of 0.40 percentage points at its peak.

Figure 8: Counterfactual Exercise for Aggregate Production I

RGDP
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Note: Solid grey line refers to the observed RGDP growth; Solid black line refers to a counterfactual path
for RGDP growth based on the assumption that monetary policy were conducted in accordance with the
estimated shadow rate; Dashed black line refers to a counterfactual path for RGDP growth based on the
assumption that no unconventional monetary policy were conducted.
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The observed growth of IPI together with two counterfactual paths are presented in fig-

ure 9. The counterfactual paths are based on the second shadow rate regression presented in

table 3. As figure 9 shows, the counterfactual paths for IPI look a lot like the counterfactual

paths for RGDP. As in the case for RGDP the coe�cients for the interaction terms measur-

ing the structural breaks in the EFFR and the shadow rate are insignificant, implying that

there is no structural break in the relationship between the monetary policy measures and

IPI.

Figure 9: Counterfactual Exercise for Aggregate Production II

Industrial Production Index
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Note: Solid grey line refers to the observed growth of the Industrial Production Index; Solid black line
refers to a counterfactual path for the growth of the Industrial Production Index based on the assumption
that monetary policy were conducted in accordance with the estimated shadow rate; Dashed black line
refers to a counterfactual path for the growth of the Industrial Production Index based on the assumption
that no unconventional monetary policy were conducted.

53



The biggest e↵ect was encountered in March 2012 when the monthly growth in IPI was

0.51 percent instead of 0.21 percent. Up until this point, the accumulated e↵ect corresponds

to a 4 unit increase in the IPI, resulting in an index value of 100.9 instead of 96.5. This

result is, though slightly weaker, in line with the research of Wu and Xia (2016) who find a

0.79 percentage points increase in the IPI due to unconventional monetary policy.

Figure 10 shows the observed growth in private investment together with two counter-

factual paths. The counterfactual paths are based on the second shadow rate regression

presented in table 4.

Figure 10: Counterfactual Exercise for Investment
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Note: Solid grey line refers to the observed growth of investments; Solid black line refers to a counterfactual
path for the growth of investments based on the assumption that monetary policy were conducted in
accordance with the estimated shadow rate; Dashed black line refers to a counterfactual path for the
growth of investments based on the assumption that no unconventional monetary policy were conducted.
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Similar to the model prediction of RGDP, this model succeeds to pick up the major

variation in investment, but fails to pick up some of the more minor variations, as well as

the increase in investment in the period following 2016. Since investment is one of the major

drivers of an economy, the Federal Reserve was concerned that the economy would fall into

a deflationary spiral if the investment decreased too much. As figure 10 shows, the Fed-

eral Reserve managed to increase investment with unconventional monetary policy. During

Quarter 1 2012 quarterly growth of investment was, according to the model prediction, 5.0

percent, compared to 1.4 percent which would have been the case if no unconventional mon-

etary policy would have been conducted. This corresponds to an excess quarterly growth in

investment of approximately 92 billion dollars, equivalent to 369 billion dollars on a yearly

basis.

5.4.2 Inflation and Unemployment

Figure 11 shows the observed inflation measured as growth in PCE together with two coun-

terfactual paths. The counterfactual paths are based on the second shadow rate regression

in table 5.

As mentioned in the previous subsection, the Federal Reserve was concerned that inflation

would slow down or even become negative. Such a situation would most likely result in that

the private sector postpones their investment and the whole economy would slow down.

As Figure 11 shows, inflation was only negative in a few occasions during the time period

studied, otherwise the inflation fluctuates somewhere between 1 and 2 percent. The figure

also shows that the estimated model captures the variation in inflation quite well, even

though the most extreme peaks and valleys seem hard to pick up.

Worth to mention is that the coe�cient for the interaction term measuring the structural

break in the shadow rate is significant at the 1 percent level in both models, and in the EFFR

at the 5 and 10 percent levels. This implies that there is a structural break in the shadow
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rate as well as the EFFR.

When comparing the two counterfactual paths it is clear that the di↵erence is not re-

markable. The biggest di↵erence is in February 2012 when the estimated monthly inflation

was 0.25 percent, compared to 0.24 percent if no unconventional monetary policy would

have been conducted, corresponding to a yearly inflation rate of 3 percent respectively 2.88

percent. This 0.12 percentage point increase in inflation due to unconventional monetary

policy is, though slightly weaker, in line with the research by Ichiue et al. (2018) who find a

peak increase of 0.5 percentage point in yearly inflation.

Figure 11: Counterfactual Exercise for Inflation
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Note: Solid grey line refers to the observed growth of PCE; Solid black line refers to a counterfactual path
for the growth of PCE based on the assumption that monetary policy were conducted in accordance with
the estimated shadow rate; Dashed black line refers to a counterfactual path for the growth of PCE based
on the assumption that no unconventional monetary policy were conducted.
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Figure 12 shows the observed unemployment rate together with two counterfactual paths.

The counterfactual paths are based on the second shadow rate regression in table 6. As the

figure shows, the model is able to pick up almost all variations in the unemployment rate with

just a minor lag in the model prediction for some time periods. The scaling of the figure makes

it less visually clear, but in May 2012 the model prediction of the shadow rate estimates an

unemployment rate of 7.70 percent, compared to 7.79 percent if no unconventional monetary

policy would have been conducted. Based on the total labor force at that exact moment,

the 0.09 percentage points correspond to approximately 115,000 employees.

Figure 12: Counterfactual Exercise for Unemployment
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Note: Solid grey line refers to the observed unemployment rate; Solid black line refers to a counterfactual
path for unemployment rate based on the assumption that monetary policy were conducted in accordance
with the estimated shadow rate; Dashed black line refers to a counterfactual path for unemployment rate
based on the assumption that no unconventional monetary policy were conducted.
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As mentioned in subsection 3.3 there are several other researchers who have quantified

the e↵ects that unconventional monetary policy have had on the unemployment rate. The

model used in this research is of course a simplified model, and the result is highly model-

dependent, but, though slightly weaker, in line with the findings of other researchers. For

example, Hamilton and Wu (2012) and Wu and Xia (2016) find that the unemployment

rate decreased by 0.39 respectively 0.13 percentage points due to unconventional monetary

policy, which are not too far o↵ from the result found in this research. Chung et al. (2012)

find more extreme results, indicating a decrease in the unemployment rate by 1.5 percent

due to unconventional monetary policy.
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6 Conclusion

Since the Federal Reserve’s balance sheet is still sizable compared to pre-crisis levels and one

adverse shock may bring the EFFR back to its lower bound range it continues to be relevant

to find an appropriate measure of the monetary policy stance. This thesis provided with the

shadow rate a single summary variable of monetary policy implementations in the pre-ZLB,

ZLB and post-ZLB eras. The shadow rate estimation based on conventional and unconven-

tional monetary policy variables proved to be robust compared to Taylor rules, alternative

shadow rates, major QE events, and di↵erent variable selections. Furthermore, unlike the

EFFR, the dynamic relationship between the shadow rate and the set of macroeconomic

variables did not change after the ZLB became binding. The negative shadow rate during

the ZLB period suggests that further monetary stimulus has been provided. The resulting

macroeconomic implications have been quantified via counterfactual exercises. Without un-

conventional monetary policy, further 115,000 employees would have been unemployed and

RGDP growth would have been 0.54 percent instead of 0.93 percent in the beginning of 2012.

The research related to shadow rates remains a field with many open questions. Firstly,

the Federal Reserve operates currently under a floor system for the EFFR and recent studies

questioned whether unconventional monetary policy should be used in normal times as well.

Further studies should attempt to answer which rate is the right monetary policy measure in

the post-ZLB era when the operation procedure is a mix of floor system and unconventional

monetary policy. Secondly, this thesis was the first to quantify macroeconomic implications

via counterfactual exercises with a shadow rate calculated from a dynamic factor model but

arguably a limitation is the simple DL(q) and ADL(1,q) models. The signs and magnitudes

are in line with prior research but an implementation of the shadow rate into a VAR or

DSGE framework would be favorable. Finally, an application of the methodology used in

this thesis to Japan and Eurozone data with a special emphasis on a comparison to SRTSMs

in the post-estimation sections might be insightful.
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Appendix

Table 7: Descriptive Statistics

Mean Median Std dev Skewness Kurtosis

Shadow Rate 4.92 5.26 4.19 0.33 0.16
E↵ective Federal Funds Rate 5.22 5.25 3.93 0.78 0.77
Treasury Bill, 3m 4.70 4.94 3.41 0.59 0.36
Treasury Bill, 6m 4.83 5.04 3.40 0.50 0.11
Treasury Bond, 1y 5.24 5.41 3.63 0.52 0.09
Treasury Bond, 2y 5.36 5.35 3.77 0.54 -0.25
Treasury Bond, 5y 6.02 6.10 3.29 0.45 -0.09
Treasury Bond, 10y 6.42 6.30 3.02 0.54 -0.04
Treasury Bond, 20y 4.70 4.82 1.57 0.06 -0.97
OIS, 3m 1.44 0.39 1.75 1.20 0.04
M0 922.88 411.59 1192.67 1.65 1.23
M0, adjusted 927.89 423.47 1202.75 1.63 1.19
M1 1162.90 1075.30 885.58 1.29 1.02
M2 4817.50 3484.30 3727.67 0.96 -0.11
Total Reserves of Depository Institutions 430.29 45.67 808.50 1.85 1.83
Non-borrowed Reserves of Depository Institutions 413.73 45.13 806.75 1.90 2.01
Required Reserves of Depository Institutions 60.10 44.06 38.93 2.10 3.38
Total Assets held by the Federal Reserve 1015.49 408.20 1371.78 1.67 1.30
Treasury securities held by the Federal Reserve 620.84 347.64 725.19 1.66 1.44
Treasury securities maturing in 1 to 5 years (%) 29.62 27.76 7.87 0.80 0.20
Treasury securities maturing in 5 to 10 years (%) 12.85 9.26 9.64 2.29 4.60
Treasury securities maturing in > 10 years (%) 12.45 11.71 6.61 0.63 0.18
Real GDP, growth 0.0069 0.0074 0.0080 -0.2441 2.3542
Investments, growth 0.0098 0.0078 0.0388 -0.5098 2.3539
Personal Consumption Expenditures, growth 0.0028 0.0022 0.0021 0.9585 1.1896
Industrial Production Index, growth 0.0018 0.0022 0.0073 -1.0905 5.1881
Unemployment rate 6.34 5.94 1.62 0.71 -0.09
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Table 8: List of Variables used in the Shadow Rate Estimation

Block Variable Source Code

Interest Rates E↵ective Federal Funds Rate FED St. Louis FEDFUNDS
Interest Rates U.S. Treasury Bill 3 month FED St. Louis TB3MS
Interest Rates U.S. Treasury Bill 6 month FED St. Louis TB6MS
Interest Rates U.S. Treasury Bond 1 year FED St. Louis GS1
Interest Rates U.S. Treasury Bond 2 year FED St. Louis GS2
Interest Rates U.S. Treasury Bond 5 year FED St. Louis GS5
Interest Rates U.S. Treasury Bond 10 year FED St. Louis GS10
Interest Rates U.S. Treasury Bond 20 year FED St. Louis GS20
Interest Rates OIS 3 month rate Bloomberg USSOC BGN Curncy
Monetary Aggregates Monetary Base, not FED St. Louis BOGMBASE

seasonally adjusted
Monetary Aggregates Monetary Base, FED St. Louis AMBSL

seasonally adjusted
Monetary Aggregates M1 Money Stock FED St. Louis M1SL
Monetary Aggregates M2 Money Stock FED St. Louis M2SL
Balance Sheet Required Reserves of FED St. Louis REQRESNS
(Liabilities) Depository Institutions
Balance Sheet Nonborrowed Reserves of FED St. Louis NONBORRES
(Liabilities) Depository Institutions
Balance Sheet Total Reserves of FED St. Louis TOTRESNS
(Liabilities) Depository Institutions
Balance Sheet U.S. Treasury securities held FED St. Louis TREAST
(Assets) outright by the Federal Reserve:

All maturities
Balance Sheet Total Assets, All Federal FED St. Louis WALCL
(Assets) Reserve Banks
Balance Sheet U.S. Treasury securities held FED St. Louis TREAS1T5
(Assets) by the Federal Reserve:

Maturing in 1 to 5 years
Balance Sheet U.S. Treasury securities held FED St. Louis TREAS5T10
(Assets) by the Federal Reserve:

Maturing in 1 to 5 years
Balance Sheet U.S. Treasury securities held FED St. Louis TREAS10Y
(Assets) by the Federal Reserve:

Maturing in 1 to 5 years
Exchange Rates China/U.S. FX Rate FED St. Louis EXCHUS
Exchange Rates U.S./Euro FX Rate FED St. Louis EXUSEU
Exchange Rates Japan/U.S. FX Rate FED St. Louis EXJPUS
Exchange Rates U.S./U.K. FX Rate FED St. Louis EXUSUK
Exchange Rates Canada/U.S. FX Rate FED St. Louis EXCAUS
Exchange Rates Mexico/U.S. FX Rate FED St. Louis EXMXUS
Exchange Rates South Korea/U.S. FX Rate FED St. Louis EXKOUS
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Table 9: Stationarity Tests

Variable Augmented Dickey-Fuller

Shadow Rate -
E↵ective Federal Funds Rate -
Treasury Bill, 3m ***
Treasury Bill, 6m ***
Treasury Bond, 1y ***
Treasury Bond, 2y ***
Treasury Bond, 5y ***
Treasury Bond, 10y ***
Treasury Bond, 20y ***
OIS, 3m ***
M0, growth ***
M0 adjusted, growth ***
M1, growth ***
M2, growth ***
Total Reserves of Depository Institutions, growth ***
Non-borrowed Reserves of Depository Institutions, growth ***
Required Reserves of Depository Institutions, growth ***
Total Assets held by the Federal Reserve, growth ***
Treasury securities held by the Federal Reserve, growth ***
Treasury securities maturing in 1 to 5 years (%), growth ***
Treasury securities maturing in 5 to 10 years (%), growth ***
Treasury securities maturing in > 10 years (%), growth ***
China/U.S. FX Rate, growth ***
U.S./Euro FX Rate, growth ***
Japan/U.S. FX Rate, growth ***
U.S./U.K. FX Rate, growth ***
Canada/U.S. FX Rate, growth ***
Mexico/U.S. FX Rate, growth ***
South Korea/U.S. FX Rate, growth ***
Real GDP, growth ***
Investments, growth ***
Personal Consumption Expenditures, growth ***
Industrial Production Index, growth ***
Unemployment rate **

Note: Significance level based on MacKinnon approximate p-value. *** Significant at the 1 percent level; **
Significant at the 5 percent level; * Significant at the 10 percent level. In contrast to the results found in this
study, the E↵ective Federal Funds Rate are, according to Bec et al. (2009), a stationary process with two
breaks. The Shadow Rate is, even though not significant, a process made up by only stationary variables.
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Table 10: List of Variables used for Real Economic E↵ects

Variable Source Code

Personal Consumption Expenditures, FED St. Louis PCEPILFE
Excluding Food and Energy
Real Gross Domestic Product FED St. Louis GDPC1
Industrial Prodution Index FED St. Louis INDPRO
Real Gross Private Domestic Investment FED St. Louis GDPIC1
Unemployment Rate: Aged 15-64: All Persons FED St. Louis LRUN64TTUSM156N
for the United States, not seasonally adjusted
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