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Preface

This thesis focuses on the concept of news shocks about future productivity. The idea of
this literature is that mere news about technological improvements may lead to business
cycle fluctuations. Nowadays, an example of such a news shock would be self-driving
vehicles. A few years ago they started to be present in the media with the first prototypes
being tested. Today the first self-driving vehicles operate on public grounds but still have
to be accompanied by a driver. At the same time the investment in fields such as radar
technology or sensors increased substantially. One can only imagine by how much this
technological improvement may increase productivity in the future and how many further
innovations will be developed along with it.

Summary

The idea that productivity shocks which include news shocks are the main driving factor
of economic growth has long been present in macroeconomic literature. The challenge is
to understand the economic interrelatiohships and different effects of productivity shocks
in the short- and long-run. The thesis is a collection of four papers focusing on news
shocks and further productivity shocks. The papers are entiteled “Unraveling News:
Reconciling Conflicting Evidence” (Chapter 1), “News as Slow Diffusing Technology”
(Chapter 2), “News Shocks: Different Effects in Boom and Recession?” (Chapter 3),
which are all co-authored by Maria Bolboaca, and the single-author paper “Questioning
Productivity Shocks” (Chapter 4). The papers comprise an extensive empirical and
theorectical analysis of news shocks. In the first paper, the empirical news literature is
summarized and methods as well as results are compared. We give a broad overview
over variable settings, identification schemes and results and show that most often the
idea of a slow diffusing news shock leading to a boom is confirmed. In Chapter 2, we
introduce endogenous technology adoption to a medium-scale dynamic stochastic general
equilibrium model with real frictions. The model predictions match the empirical results
of both unanticipated productivity and technology diffusion news shocks qualitatively. In
Chapter 3, we go back to the empirical exploration of news shocks and estimate a smooth
transition vector autoregressive model to identify differences in the effects of news shocks
between boom and recession. Since the economic environment and atmoshpere are very
distinct in boom and recession, we want to test whether it matters that the news shock
is perceived in good or in bad economic times. Furthermore, we also contribute to the
methodology of the estimation of smooth transition vector autoregressive models and
introduce a new way of estimating impulse response functions in a nonlinear setting.
The last Chapter is a project of my own, questioning assumptions in the literature on
productivity shocks. I simultaneously identify three different productivity shocks and
show that one of them may capture the long-run growth component of the economy.



Acknowledgements

I would like to thank my co-author Maria Bolboaca for studying the realm of news shocks
with me. This undertaking has lead to chapters 1 to 3 of this thesis, which have been
developed and written together. I appreciate the excellent collaboration, insightful discus-
sions and enjoyable time we have shared. Our mutual support in good and more difficult
times have made our projects possible. I would like to thank my supervisor Klaus Neusser
for his support, critical comments and trust during my thesis. The support during the
demanding challenge of finishing this thesis has been valuable. I would also like to thank
Patrick Feve at Toulouse School of Economics, who has kindly agreed to take part in the
thesis committee. I appreciate his valuable comments and discussions during our visit at
TSE and his support in finishing this thesis. In addition, I would like to thank Maria
Bolboaca’s supervisor Fabrice Collard for his assistance and encouragement during our
projects. I am grateful to the faculty at the Department of Economics of the University
of Bern and the Study Center Gerzensee for helpful comments and valuable suggestions.
This thesis has also benefitted from comments received at numerous conferences and
workshops which was possible through the financial support from the University of Bern
Research Foundation (Projects 56/15, 35/16, 36/16). I appreciate the suggestions and
the advice received in the Marco Group and the Brown Bag Seminar at the University
of Bern. I would also like to thank my room mate Andreas Bachmann and my peers at
the University of Bern for their helpful comments and for the great time we have shared.
I thank my cousin Samuel Roosli for his support in questions of English. I owe my
thanks to Cyrill Mayr von Baldegg who has been of enormous support through his love,
understanding, encouragement and cooking. Last but never least, I am deeply grateful
to my parents, Irene Roosli Fischer and Louis Fischer-Roosli, and my siblings, Benno
Fischer and Amanda Fischer, for their encouragement and support throughout my life.

Bern, August 2017 Sarah Fischer



Contents

List of Figures v
List of Tables vii
Abstract ix
1 Unraveling News 1
MARIA BOLBOACA AND SARAH FISCHER

1.1 Introduction . . . . . . . . . . . 2
1.2 Linear Vector Autoregressive Model . . . . . . . .. .. ... ... ..., )
1.3 Identification Schemes . . . . . . . . . . ... ... . 6
1.3.1 BP’s Short-Run Zero Restrictions . . . . . . . . .. ... ... .. 6
1.3.2 BP’s Long-Run Zero Restrictions . . . . . ... ... ... .... 7
1.3.3 BS’ Short-Run Zero Restrictions and max FEV . . . . .. . . .. 8

1.3.4 Beaudry, Nam, and Wang (2011) — Short-Run Zero Restrictions
and max FEV . . . . .. oo 9
1.35 KS max FEV . . . . . . 9
1.4 Data . . . . . . . e 9
1.4.1 Total Factor Productivity . . . . . .. .. ... ... ... .... 10
1.5 Discussion . . . . . . . . e 12
1.5.1 Discussion of Variable Settings . . . . . . ... .. ... .. .... 12
1.5.2 The Role of the Horizon in the Medium-Run Identification Scheme 24
1.5.3 The Role of the Sample and TFP Vintage Series . . . . . . . . .. 29
1.6 Conclusions . . . . . . . 33
Appendices 39
Appendix 1.A Data . . . . . . . . . . 39
Appendix 1.B Model Settings . . . . . . . .. . ... ... L. 40
Appendix 1.C Cross-Correlations Between Shocks . . . . .. ... ... ... 41

Appendix 1.D Cross-Correlations Between Shocks from Settings Used in the
Related Literature . . . . . . . . . . . ... L 44



ii CONTENTS
2 News as Slow Diffusing Technology 45
MARIA BOLBOACA AND SARAH FISCHER
2.1 Introduction . . . . . . . . . . e 46
2.2 Empirical Evidence . . . . . . . ... 49
2.3 Model with Exogenous Technology Diffusion . . . . . ... .. ... ... 20
2.3.1 Different Shock Processes . . . . . . . . ... ... ... .. ... 53
2.3.2 Habit Persistence . . . . . . . . . .. ... 54
2.4 Model with Endogenous Technology Adoption . . . . .. ... ... ... 55
2.4.1 Production . . . .. ... 56
2.4.2 Productivity . . . . . ..o o8
2.4.3 Households . . . . . . . . .. 61
2.4.4 Government . . . . . ... ... . 63
2.4.5 Stochastic Processes . . . . . . . ... 64
2.4.6 Calibration and Empirical Approach . . . . . ... .. ... ... 64
247 Results. . . . . . . 68
2.5 Conclusions . . . . . . . . .. 76
Appendices 83
Appendix 2. A Data . . . . . . . . 83
Appendix 2.B Linear Vector Autoregressive Model . . . . . . . ... .. ... 83
Appendix 2.C Identification Scheme . . . . . . .. . . .. ... .. ...... 84
Appendix 2.D Empirical Evidence . . . . . . . .. .. ... L. 85
Appendix 2.E  Model with Exogenous Technology Diffusion . . . . . .. . .. 86
2.E.1 Model Equations . . . . . .. ... ... ... ... ... ... 86
2.E.2 Discussion of Key Elements: Exogenous Technology . . . . . . .. 89
2.E.3 Different Shock Processes . . . . . . . . . . ... ... ... ... 92
Appendix 2.F Model with Endogenous Technology Adoption . . .. ... .. 93
2.F.1 Household’s Problem . . . . . . . .. ... ... ... ... .... 93
2.F.2 Equilibrium . . . . ... 94
2.F.3 Stationary Equilibrium . . . . . ... ..o 96
2.F.4 Set of Equilibrium Conditions with Stationary Variables . . . . . 99
Appendix 2.G Benchmark Calibration: Endogenous Technology Adoption . . 101

Appendix 2.H Discussion of Key Elements: Endogenous Technology Adoption 102

3 Different Effects in Boom and Recession? 105
MARIA BOLBOACA AND SARAH FISCHER
3.1 Introduction . . . . . . . . . . .. 106
3.2 Empirical Approach . . . . . .. ..o 108
3.2.1 Model Specification . . . . .. ... 109
3.2.2 Transition Variable . . . . . . . . ... ... ... ... ... ... 110
3.2.3 Estimation. . . . . . . .. ... 110
3.2.4  Starting Values . . . . . . ..o 112
3.2.5 Evaluation . . . . . . ... 113
3.2.6 Identification of the News Shock . . . . . . . ... ... .. .... 113
3.2.7 Generalized Impulse Responses . . . . . ... ... ... ... .. 115
3.2.8 Generalized Forecast Error Variance Decomposition . . . . . . . . 117
3.3 Results. . . . . . . 117
3.3.1 Linear Setting . . . . . . . . . ... 117



CONTENTS

3.3.2 Nonlinear Setting . . . . . . . .. .. ... L
3.4 Conclusions . . . . . . . . . e

Appendices
Appendix 3.A Data . . . . . ..
3.A.1 Descriptive Statistics . . . . . . . . . . ... ... ..
3.A.2 Details on Data Used in Benchmark Model . . . . . . . ... ...
Appendix 3.B Estimation of LSTVAR . . . . . ... ... ... ... .....
3.B.1 Linearity Test . . . . . . . . .. .
3.B.2 Estimation Results of Logistic Model . . . . . . . ... ... ...
3.B.3 MCMC Procedure - MH Algorithm . . . .. ... ... ... ...
3.B.4 Constancy of the Error Covariance Matrix . . . . . .. ... ...
Appendix 3.C Estimation of GIRF and GFEVD . . ... ... ... .. ...
3.C.1 Estimation of GIRF with SRI . . . . . ... ... ... ... ...
3.C.2 Estimation of GIRF with MRI . . . . . ... ... ... ......
3.C.3 Confidence Bands . . . . . . .. .. .. ... ... . ... .....
3.C.4 Generalized Forecast Error Variance Decomposition . . . . . . . .
Appendix 3.D Results in the Linear Setting . . . . . . ... ... ... ....
Appendix 3.E Results in the Nonlinear Setting . . . . . . ... ... ... ..

4 Questioning Productivity Shocks

SARAH FISCHER

4.1 Introduction . . . . . . . . . .
4.2 Model . . . ..
4.3 Productivity Shocks . . . . . ..o
4.3.1 Identification . . . . . . . . . . . .
4.3.2 Results. . . . . . s
4.4 Adding Further Macroeconomic Shocks . . . . . . .. ... ... .. ...
4.4.1 Identification . . . . . . . . . . .. ...
442 Results. . . . . . . . .
4.5 Conclusions . . . . . . . .

Appendices
Appendix 4.A Data . . . . . ...
Appendix 4.B Results . . . . . . ...

Selbstédndigkeitserkliarung

il

119
127

135
135
135
136
137
137
139
139
141
142
142
143
143
144
144
147

155

156
160
161
161
163
168
169
170
175

183
183
185

191






List of Figures

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8
1.9

1.10

1.11

1.12

1.13
1.14
1.15
1.16
1.17
1.18
1.19
1.20
1.21
1.22

2.1
2.1
2.2
2.3

Impulse Responses and Variance Decomposition for TFP to an Unantic-

ipated Productivity Shock: Various Settings . . . . . .. ... ... .. 15
Impulse Responses and Variance Decomposition for TFP to SRI1: Vari-
ous Settings . . . . . . . .. 16
Impulse Responses and Variance Decomposition for TFP to MRI: Various
Settings . . . . .. 17
Impulse responses and variance decomposition for H to an Unanticipated
Productivity Shock: Various Settings . . . . . . .. .. ... ... ... 17
Impulse Responses and Variance Decomposition for H to SRI1: Various
Settings . . . . . . L 18
Impulse Responses and Variance Decomposition for H to MRI: Various
Settings . . . . . 19
Impulse Responses and Variance Decomposition to an Unanticipated
Productivity Shock: Baseline Settings . . . . . . .. .. ... ... ... 19

Impulse Responses and Variance Decomposition to MRI: Baseline Settings 20
Impulse Responses and Variance Decomposition for TFP to an Unantic-

ipated Productivity Shock: Paper Settings . . . . . ... ... ... .. 21
Impulse Responses and Variance Decomposition for TFP to MRI: Paper

Settings . . . . . . L 22
Impulse Responses and Variance Decomposition for Y to an Unantici-

pated Productivity Shock: Paper Settings . . . . . . .. ... ... ... 23
Impulse Responses and Variance Decomposition for Y to MRI: Paper

Settings . . . . . . 24
Impulse Responses to MRI: Various Maximization Horizons . . . . . . . 26
Variance Decomposition for MRI: Various Maximization Horizons . . . 26
Impulse Responses to MRI-KS: Various Maximization Horizons . . . . . 27
Variance Decomposition for MRI-KS: Various Maximization Horizons . 27
IRFs to Various News Shocks . . . . ... .. ... ... .. ...... 28
Variance Decomposition for Various News Shocks . . . . .. ... ... 29
Impulse Responses to MRI: Various Samples . . . . . . . ... ... .. 31
Variance Decomposition for MRI: Various Samples . . . . . . . . . . .. 31
Impulse Responses to MRI: Various TFP Vintages and Samples . . . . 32
Variance Decomposition for MRI: Various TFP Vintages and Samples . 32
Impulse Responses: Empirical Evidence . . . . . .. .. ... ... ... 50
Impulse Responses: Jaimovich and Rebelo (2009). . . . . ... ... .. 52
Impulse Responses: Exogenous Technology . . . . . . . ... .. .. .. 53
Impulse Responses: Exogenous Technology with Habit Persistence . . . 55



vi

2.1
2.2
2.3
24
2.5

2.6

2.D.1
2.D.2
2E1

2.E.2
2.E.3
2.E4

2H1
2.H.2
2.H.3

3.1
3.2
3.3
3.4
3.5
3.B.1
3.D.1
3.D.2
3.D.3
3.E.1
3.E.2
3.E.3
3.E4
3.E.5
3.E.6

4.1
4.1
4.2
4.B.1
4.B.2

LIST OF FIGURES

Impulse Responses: Model . . . . . . ... ... ... ... ... ... 68
Impulse Responses: Model . . . . . . .. ... ... ... 69
Impulse Responses: Model . . . . . . . ... ... 70
Impulse Responses: Model . . . . . . . . ... ... .. 71
Impulse Responses to an Unanticipated Productivity Shock: Comparison

of Model and Real Data . . . . . .. ... .. ... ... ........ 74

Impulse Responses to a News Shock: Comparison of Model and Real Data 75
Empirical Impulse Responses to an Unanticipated Productivity Shock . 85

Empirical Impulse Responses to a News Shock . . . . . . ... ... .. 86
Impulse Responses: Exogenous Technology and Constant Capacity Uti-

lization . . . . . . .. 89
Impulse Responses: Exogenous Technology and KPR Preferences. . . . 90
Impulse Responses: Exogenous Technology and GHH Preferences . . . 91
Impulse Responses: Exogenous Technology without Investment Adjust-

ment Costs . . . . . . .. 92
Impulse Responses: Model without Adjustment Costs . . . . . . .. .. 102
Impulse Responses: Model without Habit Persistence . . . . . . .. .. 103
Impulse Responses: Model without Investment Adjustment Costs and

no Habit Persistence . . . . . . . . . . . ... .. ... ... ..., 104
Generalized Impulse Responses: News Shock . . . . . ... .. ... .. 122
Generalized Impulse Responses: News Shock . . . . ... ... ... .. 123
Generalized Impulse Responses: State-Dependent and State-Independent 124
Regime Transition Probability: Expansion . . . . . ... ... ... .. 126
Regime Transition Probability: Recession . . . . . . . ... .. ... .. 127
Initial Transition Function . . . . . . . .. .. ... ... .. .. .... 139
Scatterplot: News Shock and Confidence Shock . . . . . ... ... .. 144
Impulse Responses: Linear Model with MRI and SRI1. . . . .. .. .. 145
Impulse Responses: Linear Model with MRI and SRI1 and 7 variables . 146
Transition Functions . . . . . . ... ..o o000 147
Counterfactuals: Stability Check . . . . . . .. ... ... ... ... .. 148
Generalized Impulse Responses: SRI1 . . . . . ... ... ... ... .. 149
Generalized Impulse Responses: SRI2 . . . . . ... ... ... ..... 150
Generalized Impulse Responses: Different Signs and Magnitudes . . . . 151
Generalized Impulse Responses to SRI1: Different Signs and Magnitudes 152
Impulse Responses: News Shocks . . . . . . ... ... ... ... ... 168
Impulse Responses: Productivity Shocks and Monetary Policy Shocks . 171
Impulse Responses: Various Macroeconomic Shocks . . . . . .. .. .. 175
Impulse Responses: News Shocks . . . . . ... ... ... ... .... 185

Impulse responses: Various macroeconomic shocks . . . . . . .. .. .. 190



List of Tables

1.1

1.B.1
1.C.1
1.C.2
1.C.3
1.D.1
1.D.2

2.1
2.G.1

3.1

3.A.1
3.E.1
3.E.2

4.1
4.2
4.3
4.1
4.B.1

4.B.2

Cross-Correlations of TFP Vintages in Log-Differences . . . . . . . .. 12
Model Settings . . . . . . . .. 40
Cross-Correlations Between Unanticipated Productivity Shocks. . . . . 41
Cross-Correlations Between News Shocks . . . . . . ... ... ... .. 42
Cross-Correlations Between News Shocks . . . . . . .. ... ... ... 43
Cross-Correlations Between Unanticipated Productivity Shocks . . . . . 44
Cross-Correlations Between News Shocks . . . . .. ... ... ... .. 44
Estimation Results . . . . . . . . ... ... L 73
Benchmark Calibration of Model with Endogenous Technology Adoption 101
Generalized Forecast Error Variance Decomposition: News Shocks . . . 120
Statistics . . . . . .. 135

Generalized Forecast Error Variance Decomposition: Comparison MRI . 153
Generalized Forecast Error Variance Decomposition: Comparison SRI1 154

Cross-Correlations Between Different Productivity Shocks . . . . . . .. 163
Forecast Error Variance Decomposition: Productivity Shocks . . . . . . 165
Forecast Error Variance Decomposition: Three Orthogonal Productivity
Shocks . . . . . . e 167
Forecast Error Variance Decompositions: Three Orthogonal Productivity
Shocks and Further Macroeconomic Shocks . . . . . ... ... ... .. 173
Forecast Error Variance Decompositions: Two Orthogonal Productivity
Shocks and Further Macroeconomic Shocks . . . . . . . ... ... ... 186
Forecast Error Variance Decompositions: Two Orthogonal Productivity
Shocks and Further Macroeconomic Shocks . . . . . . ... ... .. .. 188

vil






Abstract

This thesis focuses on the concept of news shocks about future productivity. A news shock
means that today we obtain information about a technological innovation or prototype
which will increase future productivity. While the technological improvment is feasible
today, it has not yet reached a wide distribution and usage in the whole economy. The new
technology rather slowly diffuses in the economy and increases productivity over time.
The concept of news shocks assumes that expectations about future economic prospects
influence the economy. The technological innovation opens new markets and business
opportunities which lead to increased investment and hours worked in fields associated
with it. Investors, producers and service providers want to be able to comply with future
demand. In anticipation of higher profits in the future consumption and output increase.
Hence, a news shock causes a boom in the economy. Nowadays, an example of such a
news shock would be self-driving vehicles. A few years ago they started to be present
in the media with the first prototypes being tested. Today the first self-driving vehicles
operate on public grounds but still have to be accompanied by a driver. At the same time
the investment in fields such as radar technology or sensors increased substantially. One
can only imagine by how much this technological improvement may increase productivity
in the future and how many further innovations will be developed along with it.

The idea that productivity shocks which include news shocks are the main driving
factor of economic growth has long been present in macroeconomic literature. The chal-
lenge is to understand the economic interrelatiohships and different effects of productivity
shocks in the short- and in the long-run. The thesis is a collection of four papers focusing
on news shocks and further productivity shocks. The papers are entiteled “Unraveling
News: Reconciling Conflicting Evidence” (Chapter 1), “News as Slow Diffusing Technol-
ogy” (Chapter 2), “News Shocks: Different Effects in Boom and Recession?” (Chapter 3),
and “Questioning Productivity Shocks” (Chapter 4). Chapters 1 to 3 are all co-authored
by Maria Bolboaca while Chapter 4 is a single-author paper. The papers comprise an
extensive empirical and theorectical analysis of news shocks.

In the first paper, the empirical news literature is summarized and methods as well
as results are compared. News shocks are generally analyzed in the context of struc-
tural vector autoregressive models. The news shock is identified in the model by making
certain assumptions about its effects on macroeconomic variables. The models and iden-
tifying assumptions differ in the literature which can lead to conflicting results. We give
a broad overview over variable settings, identification schemes and results. We thereby
show that in the majority of cases the idea of a slow diffusing news shock leading to a
boom is confirmed. In Chapter 2, we introduce endogenous technology adoption to a
medium-scale dynamic stochastic general equilibrium model with real frictions. While
so far a news shock was modelled as a jump increase in future productivity, our contri-
bution is to model news as slow diffusing technology. The model predictions match the
empirical results of both unanticipated productivity and technology diffusion news shocks

X



< ABSTRACT

qualitatively. In Chapter 3, we go back to the empirical exploration of news shocks and
estimate a smooth transition vector autoregressive model to identify differences in the
effects of news shocks between boom and recession. Since the economic environment and
atmoshpere are very distinct in boom and recession, we want to test whether it matters
if the news shock is perceived in good or in bad economic times. We find that the ef-
fects are qualitatively similar, but that the news shock has a stronger impact in good
times. Furthermore, we also contribute to the methodology of the estimation of smooth
transition vector autoregressive models and of impulse response functions in a nonlinear
setting. The last Chapter is a project of my own which questions assumptions in the
literature on productivity shocks. I show that the assumptions imposed on the effects
and contributions of productivity shocks, and especially news shocks, are crucial for the
nature of the identified structural shock. They can lead to very different results and
conclusions regarding productivity shocks. I identify three different productivity shocks
simultaneously and show that one of them may capture the long-run growth compo-
nent of the economy. Furthermore, I show that the total factor productivity news shock
is almost identical to an investment-specific technology news shock identified with the
same method. Overall, productivity shocks seem to be the drivers of the economy in the
medium- and long-run. Further analysis is necessary to understand productivity shocks
and the economic interrelationships.

The subsequent paragraphs summarize each chapter’s motivation, research question,
methodology, and main results.

Chapter 1 This paper addresses the lack of consensus in the empirical literature in
regard to the effects of technological diffusion news shocks. We attribute the conflicting
evidence to the wide diversity in terms of variable settings, productivity series used and
identification schemes applied. We show which macroeconomic variables are essential
in a vector autoregressive model to identify robust productivity and news shocks and,
furthermore, to obtain robust results. While there is less information necessary for the
identification of the shock, only models including output, consumption and hours worked
deliver reliable impulse responses to productivity shocks. Given a robust variable setting,
we analyze the different identification schemes which have been employed in this litera-
ture. More specifically, we impose short- and medium-run restrictions to identify a news
shock. The focus is on the medium-run identification. We show that the identified news
shock depends critically on the applied identification scheme and on the maximization
horizon.

Chapter 2 In this paper we develop a medium scale dynamic stochastic general
equilibrium model with real frictions that both proposes an explanation for the evolution
of productivity and delivers the comovement of macroeconomic aggregates in response to
a technology diffusion news shock. An important feature of the model is that, even though
the technology frontier evolves exogenously, the production economy needs to engage in a
costly adoption process in order to reap the benefits of using newly developed technologies.
Hours worked and output increase immediately, which is necessary to raise investment in
technology adoption. In anticipation of higher future productivity consumption already
increases today. Hence, a news shock leads to a slow and steady increase in productivity
and a boom. The model predictions match the empirical results of both unanticipated
productivity and technology diffusion news shocks qualitatively.

Chapter 3 This paper investigates the nonlinearity in the effects of news shocks
about technological innovations. In a maximally flexible logistic smooth transition vec-
tor autoregressive model, state-dependent effects of news shocks are identified based on
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medium-run restrictions. We propose a novel approach to impose these restrictions in a
nonlinear model using the generalized forecast error variance decomposition. We compute
generalized impulse response functions that allow for regime transition and find evidence
of state-dependency. We find that while the effects of a news shock are qualitatively
similar, a news shock leads to a larger increase in productivity and, ultimately, output.
A possible explanation may be that a good economic atmosphere fosters investment into
technology adoption which leads to a faster and stronger increase. The results also in-
dicate that the probability of a regime switch is highly influenced by the news shocks.
Hence, a positive news shock may end a recession.

Chapter 4 In the last paper of the thesis, I revisit the identification of productivity
shocks and consider identification schemes that have been extensively discussed in the
literature. While the identifying assumptions are usually based on economic theory, the
identified productivity shocks often fail to mimic their theoretical counterparts. The
method in this paper is purely empirical. Instead of relating the identified shocks to
theoretical counterparts, I question whether these shocks are indeed identifying what they
have been designed for. My contribution is to question the nature of the identified shocks
and the underlying assumptions. There are three key findings. Firstly, the identified news
shock depends strongly on the identification scheme. Secondly, basically the same shock
is identified, when a TFP news shock and an investment-specific technology news shock
are identified separately. Thirdly, a certain identification scheme may capture the long-
run growth component of the economy explaining most of the variation in the economy in
the medium- and long-run. In a next step, the analysis should be extended to theoretical
models.






Chapter 1

Unraveling News: Reconciling
Conflicting Evidence

MARIA BOLBOACA AND SARAH FISCHER



2 CHAPTER 1. UNRAVELING NEWS

1.1 Introduction

Macroeconomists have debated whether productivity improvements are expansionary or
contractionary at business cycle frequencies for a long time. A consensus seems to have
been reached on the fact that unanticipated productivity shocks increase output, con-
sumption and investment while they decrease hours worked for several quarters.! How-
ever, the same cannot be said about the effect of expectations about future productivity
improvements. While Beaudry and Portier (2006) find in their seminal paper that news
about emerging technologies have expansionary properties on impact, the result is con-
tradicted by Barsky and Sims (2011), and Kurmann and Sims (2017). Their findings
indicate that news about technological improvements are initially contractionary.

In this paper we critically revisit the different approaches in the empirical news litera-
ture in order to examine whether news shocks are expansionary in the short- to medium-
run.

Ever since the ideas of Pigou (1927) and Keynes (1936), economists have investigated
ways to show that changes in expectations about future fundamentals may be an impor-
tant source of economic fluctuations. One such approach was brought up by Beaudry and
Portier (2004), and Beaudry and Portier (2006), henceforth BP, who proposed that news
about emerging technologies that potentially increase future productivity have an effect
on economic activity. Their influential papers founded the technological diffusion news
literature. They investigate this conjecture by estimating a linear vector error correction
model (VECM) with two variables, total factor productivity (TFP) and stock prices.
Structural shocks are identified either with short-run or long-run restrictions. They find
that the two identification schemes deliver highly cross-correlated news shocks, indicating
that permanent changes in productivity are preceded by stock market booms. In two-
to four-dimensional systems with consumption and output, hours worked, or investment,
they find that a news shock leads to a temporary boom in consumption, output, hours
and investment that anticipates the permanent growth in TFP.

A growing literature questions or defends BP on their methodology and the effects of
the news shock, but so far an agreement has not been reached. For example, Kurmann
and Mertens (2014) criticize the long-run identification in their larger models. With more
than two variables the identification scheme fails to determine TFP news.

Barsky and Sims (2011) (BS) propose a medium-run identification scheme?® as an
alternative method to identify the news shock. They estimate a four variables vector
autoregressive (VAR) model in levels with TFP, consumption, output and hours worked,
or investment. They identify the news shock as the shock orthogonal to contemporaneous
TFP movements that maximizes the sum of contributions to TFP’s forecast error variance
(FEV) over a finite horizon. Their results indicate that a positive news shock leads to
an increase in consumption and an impact decline in output, hours, and investment.
Afterwards, aggregate variables largely track, but not anticipate, the movements in TFP.
The news shock is thus not expansionary as in BP.

Beaudry and Portier (2014) show that the two identification schemes give similar
results under the same information content, i.e. same variable setting. Most importantly,
they point out that when consumption is replaced with stock prices in the four-variable

1 See Basu, Fernald, and Kimball (2006), and Galf (1999), among others, for details on the estimation
approach and results using total factor productivity in the first, and labor productivity in the latter.

2 Throughout the paper we use two names interchangeably to define the same identification scheme,
i.e. medium-run and maximum forecast error variance (max FEV).
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model of BS, the results resemble very much those of BP.

Sims (2016), henceforth Sims, and Kurmann and Sims (2017), henceforth KS, find
that the results also depend strongly on the TFP vintage series used. Furthermore, they
introduce another identification scheme similar to BS where they omit the zero impact
restriction and allow the identified shock to have an immediate effect on TFP. Their shock
leads to an impact decrease in hours worked and, hence does not generate a boom in the
economy. The response of hours worked to a news shock is currently the most debated
point in the news literature. Almost the same identification scheme was used in Francis
et al. (2014) to identify a technology shock instead of a news shock. While KS maximize
the contribution at a finite horizon, Francis et al. (2014) maximize the contribution to
the cumulated sum over that horizon. The authors argue that their identification scheme
is similar to the long-run restrictions applied in Gali (1999) with the advantage of being
applicable to data in levels. The max FEV method does not require precise assumptions
about the number of common stochastic trends among the variables of interest in the
model. The impact effect of the technology shock of Francis et al. (2014) and Gali (1999)
on hours worked is negative. Hence, the negative response of hours worked found by KS
is not surprising. It indicates that their identification scheme might not identify a news
shock but rather a standard technology shock.

Most of the existing evidence on news shocks has been obtained using small-scale
VAR or vector error correction (VECM) models. Forni, Gambetti, and Sala (2013) argue
that this may be problematic, because when structural shocks have delayed effects on
macroeconomic variables, VAR models used to estimate the effects of shocks may be af-
fected by non-fundamentalness. Non-fundamentalness means that the variables used by
the econometrician do not contain enough information to recover the structural shocks
and the related impulse response functions. To circumvent the problem they estimate
a FAVAR model which is designed to process large datasets and generally does not suf-
fer from non-fundamentalness. In the case of news shocks, the FAVAR model suffers
from another problem. As it requires stationarity of the dataset, it misses possible
cointegrating relationships which determine the news shock. In stationary VARs and
VECMs, the non-fundamentalness test of Forni and Gambetti (2014) tests whether the
identified shock is indeed structural. The results of Gambetti (2014-2015) applying the
non-fundamentalness test indicate that forward-looking variables, such as consumer con-
fidence, are an important source of information to identify structural news shocks. Sims
(2012) reaches a similar conclusion and finds that news shocks can be identified once suf-
ficient information is included in the model. Furthermore, even if non-fundamenta