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Dipl.-Volksw., CAU Kiel
born 21.01.1981
citizen of Germany
accepted on the recommendation of
Prof. Dr. Jan-Egbert Sturm, examiner
Prof. Dr. Hans Gersbach, co-examiner
2011

Ein Buch für Alle und Keinen.
Friedrich Nietzsche

Acknowledgements
This thesis was written while I was a researcher at the KOF Swiss Economic Institute
and Ph.D. student at the Swiss Federal Institute of Technology (ETH) Zurich. I would
like to thank my supervisor and doctoral adviser Prof. Jan-Egbert Sturm for making the
balancing act of working full time and writing a dissertation at the same time possible
for me. His tolerance, acceptance, the academical freedom he offered me, his expertise
and continual direction is highly appreciated and was crucial for coping with obstacles
that come along with this twofold challenge. Furthermore, I am tremendously grateful for
the generous travel funds approved by Prof. Sturm to share ideas with experts at various
conferences and workshops worldwide. I owe a huge amount of my ongoing motivation to
the suggestions, discussions as well as the accordance from these audiences.
Next, my deepest gratitude is dedicated to my co-author and former colleague at KOF,
Dr. Christian Müller. His endless passion for economics and the research I carried out
reminded me innumerable times that I am on the right track when I had lost the confidence in myself. His caring dedication for my progress with this thesis was far beyond
(though nowadays not even conventional) cooperative advice. He was not only extremely
ambitious, reliable and helpful with the two papers we wrote together and which are part
of this thesis, but also in solving any technical or ideological problem I had during my
research activities in whatever area. I’m deeply indebted to his unwavering support which
I consider not self-evident and I want to thank him for all the fruitful discussions, fresh
ideas and thoughtful feedback. This thesis would consist of blank pages without his tireless
support.
Furthermore, I would like to express my gratitude to my former colleague, co-author
and dear friend Dr. Sarah M. Lein. Her steady readiness for discussing ideas and sharing
her broad knowledge contributed fundamentally to the improvement and completion of
i

this thesis. The two young economist awards we were bestowed for our two papers which
are parts of this thesis are a demonstration of her excellence in research that I was able to
learn from.
I would like to thank my second advisor, Prof. Hans Gersbach, for important comments
during his lectures and for being a member of my thesis committee. Moreover, I thank
my supervisors at KOF, Richard Etter and Dr. Michael Graff, for valuable inputs and
especially for taking a lot of work load off from me to give me scope for research. As this
thesis mainly uses KOF survey data, I would like to thank all my colleagues at KOF for
preparing and providing the data, especially Christoph Fellmann and Yngve Abrahamsen
for helpful comments on single chapters. My special thanks goes to Andrea Lassmann for
being an amazing friend and colleague at KOF. I also thank Kathrin Bloch for her everlasting helpfulness with so many administrative issues. It is also gratefully acknowledged
that parts of the research carried out in this thesis arose from the project: ”Microdata:
Methods and Applications” funded by the Swiss National Fund (SNF).
Finally, I would like to express my deepest gratefulness to my friends in Zurich, Hamburg, Berlin, Los Angeles and my Aiducation family for their never ending love, support,
trust, respect and faith in me.

Contents
Summary

ix

Zusammenfassung

xi

1 Introduction

1

2 Business cycle dynamics:
A bottom-up approach with Markov-chain measurement

9

2.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

9

2.2

The empirical model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

11

2.2.1

The bottom-up approach . . . . . . . . . . . . . . . . . . . . . . . .

11

2.2.2

The general capacity adjustment principle . . . . . . . . . . . . . .

12

The empirical methodology . . . . . . . . . . . . . . . . . . . . . . . . . .

14

2.3.1

The data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

14

2.3.2

Data properties . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

16

Characterising business cycle dynamics . . . . . . . . . . . . . . . . . . . .

18

2.4.1

Survey data and a discrete approximation . . . . . . . . . . . . . .

18

2.4.2

Transition probabilities and Markov-chain . . . . . . . . . . . . . .

20

2.4.3

Markov-switching model and VAR(1) analysis . . . . . . . . . . . .

24

2.5

Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

2.6

Summary and conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

2.7

Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

30

2.3

2.4

3 The usual suspects versus semantic filtering: An inquiry

33

3.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

33

3.2

Business cycle measurement: Framework . . . . . . . . . . . . . . . . . . .

34

3.2.1

34

The data and its semantic content . . . . . . . . . . . . . . . . . . .
iii

iv

CONTENTS

3.3

3.4
4 The
4.1
4.2
4.3
4.4
4.5
4.6
4.7

3.2.2 Semantic cross validation . . . . . . . . . . . .
3.2.3 Construction of the indicator . . . . . . . . .
Application . . . . . . . . . . . . . . . . . . . . . . .
3.3.1 Estimating and forecasting q-o-q GDP growth
3.3.2 Estimating and forecasting y-o-y GDP growth
Summary and conclusion . . . . . . . . . . . . . . . .
NIRCU and the Phillips Curve: An
Introduction . . . . . . . . . . . . . . . .
Data description . . . . . . . . . . . . .
The NIRCU based on micro data . . . .
Phillips curve estimates . . . . . . . . . .
Robustness . . . . . . . . . . . . . . . .
Conclusions . . . . . . . . . . . . . . . .
Appendix . . . . . . . . . . . . . . . . .

5 Capacity utilisation, constraints and
scope
5.1 Introduction . . . . . . . . . . . . .
5.2 Related literature . . . . . . . . . .
5.3 Data and methodology . . . . . . .
5.3.1 Data . . . . . . . . . . . . .
5.3.2 Methodology . . . . . . . .
5.4 Results . . . . . . . . . . . . . . . .
5.5 Robustness . . . . . . . . . . . . .
5.6 Conclusions . . . . . . . . . . . . .
5.7 Appendix . . . . . . . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

35
37
39
39
44
47

approach based on micro data
. . . . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . .

49
49
52
56
61
66
71
72

price adjustments under the micro.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

75
75
78
81
81
86
89
99
100
103

6 Outlook

119

References

121

List of Figures
1.1

Capacity utilisation, GDP and value added in Switzerland . . . . . . . . .

2

1.2

Inflation and capacity utilisation in Switzerland . . . . . . . . . . . . . . .

3

2.1

Impulse response analysis: effects of a quality i shock on quality i shock. .

25

2.2

Impulse response analysis: effects of a strongly negative shock (pm). . . .

26

2.3

Impulse response analysis: effects of a strongly positive shock (mp). . . .

27

3.1

Business cycle measure: inverted negative shock to the economy . . . . . .

38

3.2

Forecast with equation (1) from table 3.3 (AR(1)) and q-o-q GDP growth
(last vintage) until 2007q4 . . . . . . . . . . . . . . . . . . . . . . . . . . .

42

Forecast with equation (2) from table 3.3 (bct = pmt ) and q-o-q GDP growth
(last vintage) until 2007q4 . . . . . . . . . . . . . . . . . . . . . . . . . . .

42

Forecast with equation (3) from table 3.3 (baro) and q-o-q GDP growth (last
vintage) until 2007q4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

42

Forecast with equation (1) from table 3.5 (AR(2)) and y-o-y GDP growth
(last vintage) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

48

Forecast with equation (2) from table 3.5 (bct = pmt ) and y-o-y GDP growth
(last vintage) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

48

Forecast with equation (3) from table 3.5 (baro) and y-o-y GDP growth (last
vintage) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

48

4.1

Distribution of capacity utilisation rates across firms . . . . . . . . . . . .

54

4.2

P-values of the Wilcoxon-Mann-Whitney test on equality of distributions .

55

4.3

Capacity utilisation rates . . . . . . . . . . . . . . . . . . . . . . . . . . . .

58

4.4

Macroeconomic data for Switzerland . . . . . . . . . . . . . . . . . . . . .

60

5.1

A convex Phillips curve under the capacity constraint hypothesis. . . . . .

79

3.3
3.4
3.5
3.6
3.7

v

vi

LIST OF FIGURES
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11
5.12
5.13
5.14
5.15
5.16
5.17
5.18
5.19
5.20

A convex-concave Phillips curve under the capacity constraint hypothesis
with demand constraints. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
Discrete distribution of average capacity utilisation rates across firms over
time. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
Discrete distribution of utilisation rates under technical capacity constraints. 84
Discrete distribution of utilisation rates under capacity constraints due to
shortage of labour. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
Discrete distribution of utilisation rates under demand constraints. . . . . . 85
Percentage share of price increases and decreases in the previous quarter,
over time. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
Percentage share of expected price increases and decreases in the forthcoming quarter, over time. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
Marginal effects of the interaction term Gap+ and TechnicalCapconstraint . 112
Consistent z-statistic of marginal effect of the interaction term Gap+ and
TechnicalCapconstraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
Marginal effects of the interaction term Gap+ and LabourCapconstraint . . 113
Consistent z-statistic of marginal effect of the interaction term Gap+ and
LabourCapconstraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
Marginal effects of the interaction term Gap+ and TechnicalCapconstraint . 114
Consistent z-statistic of marginal effect of the interaction term Gap+ and
TechnicalCapconstraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
Marginal effects of the interaction term Gap+ and LabourCapconstraint . . 115
Consistent z-statistic of marginal effect of the interaction term Gap+ and
LabourCapconstraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
Marginal effects of the interaction term Gap− and DemandConstraint . . . 116
Consistent z-statistic of marginal effect of the interaction term Gap− and
DemandConstraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
Marginal effects of the interaction term Gap− and DemandConstraint . . . 117
Consistent z-statistic of marginal effect of the interaction term Gap− and
DemandConstraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

List of Tables
1.1

Swiss manufacturing industry branches (NOGA) . . . . . . . . . . . . . . .

5

2.1

The principle structure of the contingency table . . . . . . . . . . . . . . .

16

2.2

Contingency table – empirical frequencies of εt across firms and time (1999
– 2006) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

17

2.3

The nine different qualities of εt (shocks) and their origin . . . . . . . . . .

19

2.4

One-step-transition frequencies . . . . . . . . . . . . . . . . . . . . . . . .

21

2.5

Descriptives for row δt = ‘-’ . . . . . . . . . . . . . . . . . . . . . . . . . .

30

2.6

One way ANOVA for row δt = ‘-’ . . . . . . . . . . . . . . . . . . . . . . .

30

2.7

Descriptives for row δt = 0 . . . . . . . . . . . . . . . . . . . . . . . . . . .

31

2.8

One way ANOVA for row δt = 0 . . . . . . . . . . . . . . . . . . . . . . . .

31

2.9

Descriptives for row δt = ‘+’ . . . . . . . . . . . . . . . . . . . . . . . . . .

31

2.10 One way ANOVA for row δt = ‘+’ . . . . . . . . . . . . . . . . . . . . . . .

32

3.1

Principle structure of the contingency table

. . . . . . . . . . . . . . . . .

35

3.2

Empirical contingency table (1999 – 2010) . . . . . . . . . . . . . . . . . .

36

3.3

Estimation results for ∆yt , q-o-q, 1999q2-2007q4 . . . . . . . . . . . . . . .

40

3.4

Overview of predicted values for q-o-q GDP growth . . . . . . . . . . . . .

43

3.5

Estimation results for ∆yt , y-o-y, 1999q2-2007q4 . . . . . . . . . . . . . . .

45

3.6

Overview of predicted values for y-o-y GDP growth . . . . . . . . . . . . .

46

4.1

GMM parameter estimates, 1985Q1-2009Q4 . . . . . . . . . . . . . . . . .

65

4.2

OLS parameter estimates, 1990Q1-2009Q4 . . . . . . . . . . . . . . . . . .

67

4.3

GMM parameter estimates in first differences, 1985Q2-2009Q4 . . . . . . .

69

4.4

OLS parameter estimates in first differences, 1990Q2-2009Q4 . . . . . . . .

70

4.5

Summary statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

72

4.6

Unit root tests

73

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
vii

viii

LIST OF TABLES
5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8

Current price increase . . . . . . . . . . . . . . . .
Expected price increase . . . . . . . . . . . . . . . .
Current price decrease . . . . . . . . . . . . . . . .
Expected price decrease . . . . . . . . . . . . . . .
Current and expected price changes with alternative
Data description . . . . . . . . . . . . . . . . . . .
Summary statistics estimation sample . . . . . . . .
Tetrachoric correlations . . . . . . . . . . . . . . . .

. . . . .
. . . . .
. . . . .
. . . . .
controls
. . . . .
. . . . .
. . . . .

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

90
91
94
95
101
110
111
111

Summary
The present thesis consists of four articles that either deal with the interplay of capacity
utilisation and business cycles or inflation dynamics. In traditional economics, the rate of
capacity utilisation contains information on the state of the business cycle as it indicates
high real activity when rates are above average. Analogously, it suggests downturns in the
business cycle when capacity utilisation rates are low. As overheating economic activity also
triggers inflation, the level of the capacity utilisation rate always has been a good indicator
to monitor future inflation developments. In the majority of cases, quantitative figures
of capacity utilisation are available on an aggregate level only which result from model
estimations or aggregated survey data. This thesis contributes to the existing literature in
the following way: we analyse real activity and price developments on the micro level in
a first step and afterwards draw conclusions for the macro level. Well-founded empirical
analyses in this area are pretty rare so far as relevant data is hardly available on firm-level.
For this thesis we were in the comfortable situation to analyse a comprehensive panel data
set of survey data. We were therefore able to develop and apply new methods and indicators
that do not require statistical methods for smoothing that imply end-point estimation
problems or other forms of uncertainty which allows for an intuitive interpretation of the
indicators as well as the methods developed in this thesis.
The results of this thesis are the following: in the second chapter we show that, on
the micro level, firms react stronger to negative than to positive shocks in the economy.
Contrary to expectations from macroeconomic theory, the adjustment processes of capacities and/or utilisation are fast. Applying our findings to relevant macroeconomic theory
on shocks we find strongest statistical evidence for Keynesian models while Friedman’s
plucking model receives only limited backing. The real business cycle theory appears to
be least applicable to our data. In chapter three we partly build on the findings of chapter two and develop a new concept for a business cycle indicator from our data which
shows to have good properties for forecasting GDP growth. Compared to common meth-
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SUMMARY

ods of identifying business cycle movements, our approach has several advantages: it is
not subject to revisions and has a publication lead of one quarter. The indicator has a
clear economic interpretation which methods based on statistical filtering have not and
it is very easy to compute. In the fourth chapter we propose a straightforward method
to derive a non-inflationary rate of capacity utilisation (NIRCU) based on micro data.
The non-inflationary capacity utilisation rate is then defined as the rate where a firm feels
no price adjustment pressure. One of the main advantages is that our methodology uses
structural aspects and, again, does not make it necessary to operate with – often rather
arbitrary– statistical filters. We show that our aggregate NIRCU performs remarkably
well as an indicator of inflationary pressure in a Phillips curve estimation. However, the
relationship between the rate of capacity utilisation and inflation is not necessarily linear.
We therefore test in chapter five if our data confirms a possibly convex-concave shape of
the Phillips curve. We find that firms that currently employ a higher than average use of
their capacity or firms that are capacity or labour constrained are significantly more likely
to increase prices. This implies for the macro level that the short-run relationship between
output and inflation will tend to have a curved shape, with inflation becoming more sensitive to changes in output when the cycle of economic activity is high than when it is low.
Central banks that target a stable inflation rate should therefore raise interest rates more
aggressively in response to an increase in the output gap to keep inflation stable. At the
same time, though, we observe that firms faced with demand constraints are more likely
to decrease prices. For the macro perspective this implies, in turn, that inflation reacts
similarly sensitive to excess supply than to excess demand, even if not on a same scale.
Therefore, the output that has to be sacrified due to interest rate activities of the central
bank to reduce inflation is not that large, as firms are not reluctant to reduce prices in
the face of demand constraints. Hence, we can show that, from a firm level perspective,
the Phillips curve has a convex-concave shape, as it is steeper during periods of high real
activity and steeper during periods of very low real activity.

Zusammenfassung
Die vorliegende Doktorarbeit besteht aus vier Artikeln, die sich mit dem Zusammenspiel von Kapazitätsauslastung und Konjunkturschwankungen sowie Inflationsentwicklungen auseinandersetzen. Die Auslastung der Produktionskapazitäten in einer Volkswirtschaft
besitzt traditionellerweise in dem Sinne Erklärungsgehalt für die Konjunktur, als dass sie
bei steigenden oder hohen Werten eine anziehende oder gar boomende Wachstumsphase
im Zyklus aufzeigt. Gleiches gilt für eine niedrige oder stark fallende Auslastung, die auf
einen sich verlangsamenden Konjunkturverlauf hindeutet. Da eine überhitzte Konjunktur
auch preistreibende Impulse entfaltet, dient die Interpretation der Kapazitätsauslastung
auch der Analyse zukünftiger Inflationsentwicklungen. Quantitative Zahlen für den Auslastungsgrad sind jedoch oftmals nur als aggregierte Reihen für die gesamte Volkswirtschaft
verfügbar. Diese Doktorarbeit zeigt neue Ansätze zu bereits bestehender Literatur auf, da
sie mit Umfragedaten zu Auslastung und Preisen zunächst auf der Mikroebene analysiert
und erst in einem zweiten Schritt Rückschlüsse für die Makroebene zieht. Fundierte empirische Analysen auf der Mikroebene sind bislang auch deshalb noch rar gesät, da die
entsprechenden Daten kaum verfügbar sind. Für diese Doktorarbeit waren wir in der
Lage, ein umfangreiches Paneldatenset aus Umfragedaten auszuwerten. Dies eröffnete uns
die Möglichkeit, neue Methoden und Indikatoren zu entwickeln und anzuwenden, die die
Verwendung von statistischen Verfahren und Filtern mit teilweise willkürlichen Annahmen
umgehen und eine intuitive Interpretation der Indikatoren und verwendeten Verfahren erlauben.
Die Ergebnisse dieser Arbeit sind die folgenden: im zweiten Kapitel wird aufgezeigt,
dass Unternehmen auf der Mikroebene stärker auf negative als auf positive Schocks reagieren.
Entgegen den Erwartungen aus der makroökonomischen Theorie finden Anpassungen von
Kapazitäten und/oder der Auslastung sehr schnell statt. Ein Bezug zur bestehenden
Theorie zeigt auf, dass unsere Ergebnisse am ehesten mit den Annahmen eines Keynesianischen Modells in Einklang stehen, hingegen Friedmans ‘Plucking Model’ sowie die

xii
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‘Real Business Cycle’–Literatur unsere Mikrodaten am wenigsten zu erklären im Stande
ist. In Kapitel drei entwickeln wir, basierend auf den Ergebnissen von Kapitel zwei,
einen Konjunkturindikator, der sich als guter Prognoseindikator für das Bruttoinlandprodukt herausstellt. Im Gegensatz zu bereits existierenden Indikatoren hat dieser Indikator
folgende Vorteile: er unterliegt keinen Datenrevisionen und hat einen Publikationsvorspung von einem Quartal. Der Indikator ist intuitiv interpretierbar, greift nicht auf statistische Filtermethoden zurück und ist sehr einfach konstruiert; es werden nur zwei Umfragereihen benötigt, dennoch weist der Indikator gute Vorhersage-Effizienz auf. In Kapitel vier berechnen wir einen mikrodatenbasierten Indikator für die inflationsneutrale Rate
der Kapazitätsauslastung (im Englischen: Non-inflationary Rate of Capacity Utilisation
(NIRCU)). Der Indikator wird definiert als die Auslastungsrate, bei der die Unternehmen
keinen Preisanpassungsdruck verspüren. Die Vorteile unseres Indikators liegen vor allem
darin, dass er in Echtzeit verfügbar ist, keinen Revisionen unterliegt und wiederum die Verwendung von statistischen Filtermethoden vermeidet. Die Vorhersagequalitäten unseres
Indikators testen wir in einer Phillipskurven-Schätzung und können aufzeigen, dass unser
Indikator tatsächlich Informationen über die zukünftige Inflationsrate beinhaltet. Jedoch
muss der Zusammenhang zwischen Inflation und Kapazitätsauslastung nicht zwangsläufig
linear sein. Wir testen daher empirisch in Kapitel fünf, ob unsere Daten einen konvexkonkaven Verlauf der Phillipskurve bestätigen können. Wir stellen fest, dass Unternehmen,
die Kapazitäts- oder Arbeitskräftebeschränkungen unterworfen sind oder oberhalb ihrer
Durchschnittskapazität produzieren, eine signifikant höhere Wahrscheinlichkeit aufweisen,
ihre Preise zu erhöhen. Für die Makroebene bedeutet dies, dass die Kurzfristbeziehung
zwischen Produktion und Inflation einen nichtlinearen Verlauf annimmt, da die Inflation sensibler auf Produktionsschwankungen reagiert, wenn sich die Konjunktur in einem
Boom befindet. Daher sollte eine Zentralbank, die Preisstabilität zum Ziel hat, womöglich
stärker mit Zinsschritten reagieren, sobald sich die Volkswirtschaft in dieser Konjunkturlage
befindet, um die Inflation in geordneten Massen zu halten. Gleichzeitig jedoch finden wir
in den Daten, dass Unternehmen, die Nachfragebeschränkungen gegenüberstehen, eine signifikant höhere Wahrscheinlichkeit aufweisen, ihre Preise zu senken. Dies bedeutet für die
Makroebene, dass Inflation ebenso sensibel, wenngleich nicht in gleichem Ausmass, auf
Überschussangebot reagiert. Demnach sind die Produktionseinbussen, um die Inflation in
Boom-Phasen niedrig zu halten, nicht allzu gross, da die Unternehmen ebenso bereit sind,
ihre Preise im Falle von Nachfragebeschränkungen zu senken. Empirisch können wir damit
auf der Firmenebene zeigen, dass die Phillipskurve einen konvex-konkaven Verlauf hat.

Chapter 1
Introduction
The measurement of the capacity utilisation rate for the economy has a long tradition in
business cycle research, economic modelling as well as formulating economic theories. The
idea behind is that capacity utilisation has the potential to explain business cycle fluctuations (Stock and Watson, 1990) while it also triggers inflation through several channels
(Staiger et al., 1997).
The predictive power of capacity utilisation, especially in the manufacturing sector (to
a lesser extent in the construction sector) for the growth path stems from the fact that it is
directly linked to the overall aggregate demand in an economy. If the economy is faced with
a demand shock, firms raise their capacity utilisation to deal with higher request for the
respective goods. Therefore, higher utilisation rates may indicate phases of an accelerating
upswing or boom in the business cycle. As it is crucial for forecasters, economists and
central banks to early identify turning points or overheating economic activity, capacity
utilisation has always been a good indicator to monitor. Examining visual evidence for
this hypothesis, figure 1.1 already provides helpful insights.
It can be seen that capacity utilisation and GDP move pretty close together and share
the same trend in most of the up- and downturns. The correlation between the two series
is around 0.71. The second panel shows the growth rate of GDP and the growth rate of
value added in the manufacturing sector. The correlation is also quite high (0.68) and we
note that a lot of fluctuation in aggregate GDP comes from changes in the manufacturing value added. A closer look on the capability of capacity utilisation to describe the
cyclical state of the economy therefore seems worthwhile and is a part of this thesis in
chapters 2 and 3.
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Figure 1.1: Capacity utilisation, GDP and value added in Switzerland
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The left panel shows the average capacity utilisation rate (CU) in Switzerland, and quarterly % y/y Swiss
real GDP growth. The right panel shows the growth rate of Swiss GDP and manufacturing value added,
both % y/y. Source for CU: KOF Quarterly Industry Survey; GDP and value added: Quarterly National
Accounts, State Secretariat for Economic Affairs (SECO).

The idea of capacity utilisation as an indicator of inflationary pressure stems from
an economic argumentation. High utilisation rates may equip producers with temporary
price setting power (depending on price elasticity of the respective goods and assuming
a rigidness of supply relative to demand). These price adjustments directly affect the
inflation rate. Furthermore, firms with constantly high or increasing utilisation rates
are sooner or later confronted with capacity constraints which lead to new investment
in technical capacities, which, again, contributes to economic growth and evokes even
more capacity constraints, followed by additional inflationary pressure (Baylor, 2001). To
get a first impression of a possible synchronous run of capacity utilisation and inflation,
see figure 1.2.
Even if correlation is quite low (0.19), most of the movements of both time series go
into the same direction. However, keeping in mind the theoretical argumentation of a link
between utilisation rates and inflation, the analysis of these transmission processes might
give promising insights. To uncover these mechanisms is another focus of this thesis in
chapters 4 and 5.
Nevertheless, it is also argued that the link between capacity utilisation and inflation
has weakened over time. The common arguments that give a reasoning for this assumption
are rapid technological change, increased international trade, a shift of workforce to tertiary sector and also mismeasurement of the capacity utilisation rate (Corrado and Mattey,
1990). This directly raises the question of how to exactly measure the capacity utilisation
rate.
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Figure 1.2: Inflation and capacity utilisation in Switzerland

1985q1

1990q1

1995q1

2000q1

Average utilisation

2005q1

2010q1

CPI

Solid line: average capacity utilisation rate, source: KOF Quarterly Industry Survey; dashed line: Swiss
inflation rate, measured by the CPI in % y/y, source: Swiss Federal Statistical Office (SFSO).

The Federal Reserve, for example, measures capacity utilisation for the US by dividing
an output index by a related capacity index (Corrado and Mattey, 1990) where the capacity information comes from yearly survey data (for details see Mohr and Gilbert (1996)
and Corrado et al. (1997)). A drawback of this method is that high-frequency survey data
on capacities are not available and therefore the variation of capacity utilisation throughout the year is unobserved. The interpolation methods executed on the data to obtain
monthly values are, however, mostly driven by changes in the production index (as output measure) instead of capacity growth (Corrado and Mattey, 1990). Furthermore, it
is important to distinguish between the two different concepts of ‘capital utilisation’ and
‘capacity utilisation’. The first measures the variation of the level of daily utilisation of
a machine according to a variation of the duration of operations within the day. ‘Capacity utilisation’, in contrast, measures the variation in the variable inputs employed with a
given machine per day relative to some maximum or optimum daily output, the duration of
operations being constant within the day (Marini and Pannone, 2007). When calculating
measures for capacity utilisation or interpreting surveys where questions about capital and
capacities are asked, it is still unclear what managers exactly have in mind when they fill
in the questionnaires.

In this thesis, we benefit from the fact that we have quarterly quantitative data on
capacity utilisation that stem from the KOF survey in the manufacturing industry. The
business tendency survey covers the years 1985 Q1 to 2010 Q1. For an overview of the
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different branches in Swiss manufacturing, their weight for Swiss GDP and the distribution
of firms across our sample, see table 1.1. Note that there was a NOGA reclassification
during our sample period, so we report in table 1.1 the structure of the sample from 1999 Q1
to 2010 Q1. The distribution of firms in the sample, however, did not change fundamentally
due to the reclassification. There are about 1,500 firms in the survey panel, which represents
about 12.6% of all registered Swiss manufacturing firms and about 30% of employment in
the manufacturing sector. On average 1,220 firms responded to the quarterly survey in
our sample. As can bee seen in table 1.1, manufacturing value-added accounts for about
20% of GDP in Switzerland. The questionnaire directly asks for the average utilisation of
production capacities in the last three months. This gives us explicit information about
variations in capacity utilisation on a firm level. Additionally, firms are asked to classify
their technical capacities as too high, just right or too low. An exact definition of what
is meant thereby is given in the appendix of the questionnaire: technical capacities are
defined as production facilities (buildings and machinery) regardless of available manpower.
Possible temporary shutdown due to reparation should neither be claimed as changes in
capacity nor in utilisation. When determining the capacity utilisation, full efficiency of
the manufacturing facility for the respective product with normal working hours should
be considered, and then compared to actual output. Common shift work hours should be
assumed. Furthermore, technical capacities should be claimed as too high if they cannot
be used to the desired degree due to lack of sales. They should be announced as too low
if capacities are the reason for not being able to respond to expected demand without
delivery delay.
The survey therefore gives concrete instructions of what to answer and therewith avoids
confusions of capital and capacity utilisation. Besides capacities, the survey also includes
qualitative questions about prices, production constraints and the competitive position,
which we all will use in the following analyses. As all the chapters include the analysis of
capacity utilisation, the title of this thesis is ‘Capacity Utilisation and Macro Dynamics
from a Micro Perspective’.

# in sample
3477
1322
595
114
3421
1023
4650
2510
3183
2465
1442
7967
6015
2469
712
3451
366
299
2395
72
47948

% in sample
7.25
2.76
1.24
0.24
7.13
2.13
9.70
5.23
6.64
5.14
3.01
16.62
12.54
5.15
1.48
7.20
0.76
0.62
4.99
0.15
100.00

Table 1.1: Swiss manufacturing industry branches (NOGA)

description
food products and beverages, tobacco products
textiles and textile products
wearing apparel; dressing and dyeing of fur
tanning and dressing of leather
wood and of products of wood and cork, except furniture
pulp, paper and paper products
publishing, printing and reproduction of recorded media
refined petroleum, chemicals and chemical products
rubber and plastic products
other non-metallic mineral products
basic metals
fabricated metal products, except machinery and equipment
machinery and equipment n.e.c.
office machinery, data processing devices; electrical machinery n.e.c.
radio, television and communication equipment and apparatus
medical, precision and optical instruments, watches and clocks
motor vehicles, trailers and semi-trailers
other transport equipment
furniture, jewellery, musical instruments, sports and other goods
recycling
SUM

% GDP
1.73
0.22
0.08
0.03
0.71
0.33
1.00
4.15
0.61
0.47
0.45
1.92
2.79
0.84
0.68
3.01
0.13
0.29
0.50
0.11
20.05

% industry
8.61
1.09
0.39
0.13
3.55
1.65
4.98
20.71
3.06
2.33
2.23
9.56
13.93
4.18
3.37
15.03
0.67
1.47
2.51
0.56
100.00

The table shows the different branches of the manufacturing industry in Switzerland. The first two columns report the NOGA classification
as of 2002 and its description. In the third column the total number of observations by branch in the sample from 1999Q1 to 2010Q1 is
reported. The fourth column shows the respective percentage share of firms. The fifth column reports the percentage share of manufacturing
value added to GDP. In the last column the shares of the respective branches within the manufacturing industry is shown. Sources: KOF
Quarterly Industry Survey and Quarterly National Accounts, State Secretary for Economic Affairs (SECO), figures of 2007.

NOGA 2002
15,16
17
18
19
20
21
22
23,24
25
26
27
28
29
30,31
32
33
34
35
36
37
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This thesis has an order with regards to the content: chapters 2 and 3 focus on the interplay between capacity utilisation and the business cycle. In chapter 2, we derive shocks
as well as the equilibrium of the economy from the semantic content of our survey data on
the micro-level using qualitative and quantitative questions about capacities and capacity
utilisation. The intention is to get an idea of how to describe the economy from a micro
perspective and make use of the advantage of this method to distinct between the different
impact of positive and negative shocks instead of the aggregate sum of both. Having a
micro overview of the economic situation, chapter 3 extracts a business cycle indicator from
this information which shows to have excellent nowcasting properties for the GDP growth
rate. Chapters 4 and 5 analyse the relatedness of capacity utilisation to price setting and
inflation. Chapter 4 relates the quantitative figures of capacity utilisation to the survey
questions about price setting in order to derive an estimate of the NIRCU (non-inflationary
rate of capacity utilisation). To finally estimate the interplay between capacity utilisation,
constraints and price setting behaviour on firm level, chapter 5 intends to provide an understanding of the so far rather puzzling results on a possibly convex-concave Phillips curve
relationship from a micro perspective. Chapter 6 classifies the results of this thesis and
gives an outlook of further research. Next, a more detailed description on each particular
chapter is presented.

Chapter 2 deals with the question of how to identify shocks in the economy from a
micro level perspective. We characterise business cycles as deviations from some trend or
optimum and offer three innovations in doing so: survey data on the firm level is used for
measuring business cycles instead of aggregate information, second we suggest a method
for observing the equilibrium as well as negative and positive shocks without prior estimation and third we combine Markov-switching modelling with conventional time series
econometrics to characterise the dynamics of business cycles. Since we start the analysis
at the firm level we label our method a bottom-up approach. To link our approach to
existing economic theory about shocks, we test the compatibility of our results with the
concept of Keynesian models, Friedman’s plucking model and real business cycle theories.

Chapter 3 builds on the findings made in chapter 2. We develop a business cycle measure and show that it has excellent forecasting properties for GDP growth. For identifying
business cycle movements, we use a semantic approach. We infer nine different states of
the economy directly from the firm responses in business tendency surveys. We thereby
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measure business cycle fluctuations. In a forecasting exercise with other indicators it turns
out that our indicator performs remarkably well for real GDP growth. One main advantage of our methodology is that it is a structural concept based on shock identification and
therefore does not need any – often rather arbitrary technical – assumptions for statistical
filtering. Furthermore, compared to other indicators, it is very easy to compute, it has an
intuitive interpretation, and it has a publication lead to official GDP data of almost one
quarter. It can therefore be used for nowcasting of real GDP growth.
As we used micro data on capacity utilisation in the previous chapters and capacity
utilisation is often also interpreted as an indicator of inflationary pressure, we propose in
chapter 4 a straightforward method to derive a non-inflationary rate of capacity utilisation
(NIRCU) based on micro data. We condition the current capacity utilisation of firms on
their current and planned price adjustments. The non-inflationary capacity utilisation rate
is then defined as the rate where a firm feels no price adjustment pressure. One of the main
advantages is that this methodology uses structural aspects and, again, does not make it
necessary to operate with – often rather arbitrary – statistical filters. We show that our
aggregate NIRCU performs remarkably well as an indicator of inflationary pressure in a
Phillips curve setting.
In order to get a deeper insight in the subject of the Phillips curve from a micro perspective, we analyse the interplay of capacity utilisation, capacity constraints, demand
constraints and price adjustments in chapter 5. Theoretically, capacity constraints limit
the ability of firms to expand production in the short run and lead to increases in prices.
Our results show that price increases are more likely during periods where firms are faced
with capacity constraints. Constraints due to the shortage of labour, in particular, lead to
price increases. Furthermore, we find evidence that Swiss firms are not reluctant to reduce
prices in response to demand constraints. Our results are robust to the inclusion of proxies
for changes in costs and the competitive position of firms.
Finally, chapter 6 classifies the results found in this thesis and gives an outlook on
future research extensions in this area.

Chapter 2
Business cycle dynamics:
A bottom-up approach with
Markov-chain measurement
2.1

Introduction

Time and again business cycles take their tolls in terms of unemployment, loss of income,
inflation and other unpleasant fallouts. No wonder, therefore, that business cycles are the
object of intense scientific debate. Two basic research programs have been established
to shed light on the sources and consequences of business cycles. The one looks at the
structures generating business cycles while the other primarily concern their econometric
identification.
This chapter tries to contribute to both these strands of the literature by first suggesting
a very general model which encompass three basic theoretical approaches, and second by
suggesting a largely “secular” method for extracting business cycle information from the
data.
The first of these contributions starts with the observation that business cycle theory
is very often based on concepts of equilibrium. One of the challenges, however, is to define
and empirically determine the equilibrium state of an economy.
The literature reports two basic ways of doing so. The first is based on theoretical
models where decisions such as the choice of optimal inputs in terms of quantity and prices
This chapter is an adapted version of Müller and Köberl (2007).
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can be modelled as equilibrium choices. This literature imposes the model structure on the
data, and deviations from equilibrium result as residuals, i.e. unexplained data variance. As
an example one may consider estimates of functions such as a Cobb-Douglas production
function or Friedman’s (1993) popular “plucking model”. We denote this approach as
‘economic filtering’.
The second branch uses technical filters for deriving equilibrium measures. For example,
the Hodrick-Prescott filter (Hodrick and Prescott, 1997) assumes a certain stochastic data
generating process for the data under consideration. This process does not need to be
derived from economics but allows decomposing a time series in components such as trend,
season, and noise. The trend component may henceforth be used as a numerical expression
for equilibrium output, for example. Here again, shocks (the noise) obtain as residual
values given the model and data used. Other technical approaches in this domain are due
to Hamilton (1989), or Beveridge and Nelson (1981), for example.
Of course, the distinction between technical and economic filters is not that clear-cut
since many technical filters can be given an economic underpinning as Kim and Nelson
(1999) have nicely illustrated. Similarly, the approach of Hamilton (1989) of specifying
that the first differences of the observed GDP series follows a nonlinear stationary process
(rather than a linear process) has also been motivated by the economists’ arguments for
states of booms and recessions economies may find themselves in. In short, both these
approaches have their merits and generated a large body of papers which provide valuable
insight in business cycle dynamics.
As mentioned above, with this work we want to contribute to this literature by suggesting an encompassing model which permits yet another way of estimating the business
cycle, deviations from equilibrium, and the process by which the economy responds to
them. Our approach rests on three pillars. The first is the consideration of individual,
firm level data. For example, researchers have become aware of the fact that the standard
approach of learning from aggregate data can lead to severe underestimation of the time
needed for adjustment (Caballero and Engel, 2003) on the micro level. Hence, the view to
first focus on firm behaviour (Clower, 1998) before drawing conclusions for the aggregate
economy finds more and more support.
The second pillar is the semantic approach to identifying equilibrium and shocks. It
builds on the comparison of (implied) intentions of firms to their actual behaviour. This
comparison allows us to identify situations where firms are subject to economic shocks.
These shocks can be numerically measured and be given a meaningful interpretation. This
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method of shock identification is largely model free and only relies on broad economic
reasoning which we consider an advantage. To the best of our knowledge the only example
where a similar approach has been used is Bouissou et al. (1986) who look at (ex-post)
mistakes made by firms when formulating expectations on the demand for their products.
Thirdly, given the identification of shocks and the characterisation of the economy
we approximate the shock absorption process of the economy by a Markov-chain. We
describe the movement of a firm from one defined state to the other between two periods
by a multivariate, discrete Markov-chain of order one and dimension nine. We then use a
simple VAR(1) interpretation to estimate impulse-response functions of our Markov-chain
model. We thereby are able to identify the effect of each shock on the economy as well as
to estimate the duration of the adjustment processes at the micro level.
The focus of this chapter is the characterisation of business cycle dynamics on a micro
level. The backbone of the analysis is a new panel data set that combines both qualitative
and quantitative information on a firm level basis. Our data set comprises several hundred
firms surveyed quarterly which provide us with a wealth of information on how they behave.
This study is thus meant to equip theorists with a good guess of how to match theory and
empirics. A further value added of our approach is the possibility to distinguish between
positive and negative shocks and the time it takes for each of them to be digested by firms.
The remainder of the chapter is structured as follows. In section 2.2 the modelling
framework is described, section 2.3 establishes a link between the model and our data, and
section 2.4 presents the results of the empirical exercise. Finally, sections 2.5 and 2.6 give
an outlook on further research and summarize the findings so far.

2.2
2.2.1

The empirical model
The bottom-up approach

The objective of this section is to develop a framework for estimating an economy wide
measure of current business cycle conditions. To that aim we use the widely accepted
concept of business cycles being a deviation of actual output from some optimal, or trend
level. Depending on the specific definitions of the optimum and the trend this principle
is found in numerous elaborate theories ranging from Keynes to Milton Friedman to real
business cycle theories. Likewise, countless empirical studies exist aiming at identifying
the optimal or trend level which can then be compared to, for example, aggregate real
output such as gross domestic product.
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2.2.2 The general capacity adjustment principle

While our approach will also draw on the principle idea that business cycles are (potentially temporary) deviations from some trend or optimum, we also offer some innovations:
First, we will use survey data on the firm level for measuring business cycles, second we
estimate the deviations directly at the micro level, instead of using an aggregated times
series such as GDP as our main reference. Third we combine Markov-switching modelling
with conventional time series econometrics to characterise the dynamics of business cycles, fourth we suggest a method for distinguishing types of shocks (negative or positive)
without prior estimation.

2.2.2

The general capacity adjustment principle

We consider a firm that operates at an actual level of capacity utilisation ct . The subscript
t denotes time (e.g. quarter). Obviously, the degree of capacity utilisation for any given
level of capacity is positively associated with the level of output. A firm’s output in turn
depends on internal and external factors. The firm for example determines its capacities
by investments but depends on labour market conditions for being able to employ the
available capacities as desired. Furthermore, exogenous conditions like the market price
for its output and customers’ aggregate income impact actual capacity utilisation.
For determining the actual capacity utilisation level and hence the output level of a firm
we assume that each firm tries to operate at a profit optimizing level of capacity utilisation
in t which we denote by c∗t . Due to external and internal shocks a firm may suffer from,
the current level of capacity utilisation will very often depart from the profit maximizing
level:
ct − c∗t = εt
(2.1)
In principle, εt is equivalent to the state of the firm-specific business cycle. For example,
according to Friedman’s (1993) plucking model εt would be strictly non-positive and c∗t
would be equivalent to the secular output trend. From a real business cycle perspective
εt is, however, essentially zero because exogenous shocks to productivity rule output dynamics, and hence deviations of actual capacity utilisation from the optimal level cannot
occur. In other words, deviations of εt from zero should be statistically insignificant. In
Keynesian and new Keynesian theories εt can be both, negative, or positive, and c∗t would
be the equivalent to the economy’s potential or full employment level. Replacing ct by a
measurable variable such as GDP paves the way for widely used business cycle analysis
tool. One might for example assume a (log-)linear time trend for GDP and estimate the
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trend component with actual data. Instead of (log-)linear, deterministic trends, time varying and non-linear trends could likewise be used. Furthermore, various filter techniques like
Baxter-King (Baxter and King, 1999) and Hodrick-Prescott (Hodrick and Prescott, 1997),
or structural time series analysis (Harvey, 1989) all permit the extraction of approximations
to c∗t , or rather its GDP equivalent which can then be interpreted as potential, equilibrium,
optimal, or trend output and the like. Note that all those filter techniques usually start
with some aggregated time series such as GDP, or industrial production. They are hence
without explicit and direct linkage to actual firm behaviour. Moreover, the time series
based extractions are necessarily built on technical assumptions such as that the εt add up
to zero over time, or are covariance stationary. Those assumptions often lead to undesired
properties such as the need for revisions once new data is being made available. Hence, a
negative deviation might turn into a positive when the information set is updated (see e.g.
Orphanides and van Norden (2002) or Graff and Sturm (2010)). The sign of the deviation
might also differ between filter methods. Of course, these properties limit the use of those
techniques’ output and an alternative might be worthwhile considering. In the following
the relationship (2.1) will be used to derive an interpretable business cycle measure based
on firm data. Let us therefore consider the decision making process of a firm. Note that in
period t the firm has to decide about the adjustment of capacity utilisation to meet next
period’s optimal level. The firm will adjust such that the utilisation level is optimal in the
next period. It will do so by exploiting all available information subject to information
processing costs and further obstacles to adjustment. Therefore, the adjustment process
can be characterised by
ct + γt = c∗t+1
(2.2)
where γt represents all the activities the firm considers necessary and economically feasible
for adjusting the current level of capacity utilisation to the optimal level in the next
period. Following the definition of c∗t the activities γt are chosen under the usual constraints
such as financial constraints, information processing capacities, availability of resources at
reasonable costs, implementation lags, etc.
Replacing c∗t+1 with ct+1 − εt+1 in (2.1) we may write
ct + γt = ct+1 − εt+1
ct − ct+1 + γt = −εt+1
∆ct+1 − γt = εt+1

(2.3)
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The relationship in (2.3) simply states that the difference between the actual change and
the intended adjustment in a firm’s capacity utilisation equals the unexpected state of the
business cycle. Therefore, the business cycle can be calculated as the difference of actual
changes of capacity utilisation and intended adjustments to its optimal level in the next
period t + 1.
In the following εt will interchangeably referred to as shock, or as the business cycle.
It is therefore worthwhile emphasising that the frequent use of the term shock does not
apply here because we do not assume things like a zero mean value. Shock in this context
is more thought of an impulse which potentially changes the path of the whole economy.1
We thus expect our shock to be informative about the path of the economy but not its
being a pure random event.
In sum, formulating the business cycle measurement problem this way provides a handy
expression for gauging the stance of the business cycle by business tendency surveys.

2.3
2.3.1

The empirical methodology
The data

The data source is a business tendency survey in the manufacturing industry of Switzerland
carried out by the KOF Swiss Economic Institute. It covers the years 1989 to 2006 on a
quarterly basis. As there was a reclassification of industry branch codes in 1998, we split
our sample into the two parts: 1989 to 1998 third quarter with 57,160 observations, and
1999 to 2006 third quarter (22,122 observations). For the sake of brevity we will focus
on the more recent sub-sample. The two survey questions which are most relevant for our
analysis are related to the firms’ capacity utilisation. One asks whether the firm’s technical
capacities are currently too high, just right, or too low. The other inquires the degree of
the capacity utilisation within the past three months in percentage points, where the firms
can choose from a range of 50% to 110% in five percentage steps. From the latter we can
calculate the percentage change in production capacity from t to t + 1 and compare this
to the judgement about capacity utilisation given by the firm in the previous period, that
is in t.
1

There is no general water-tight agreement on what exactly the necessary features of a shock are. This
disagreement sometimes even extends to a single author. For example, (Alesina and Fuchs-Schündeln,
2007) use the term shock to characterise a situation that is unwanted by the majority of a population,
while (Fuchs-Schündeln, 2008) follows the more widely used approach to regard those events a shock that
are unexpected.
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Using the terminology established in the previous chapter we will denote the degree
of capacity utilisation by ct and its first difference by ∆ct+1 , which reflects the difference
between t and t + 1. The γt is not that easy to translate into the given survey data. Recall
that γt represents all the activities the firm considers necessary and economically feasible
for adjusting the current level of capacity utilisation to the desired level in the next period.
Therefore, this variable is hardly quantifiable for empirical investigations. Nevertheless,
from the definition that γt incorporates all activities to accomplish the profit maximizing
level of capacity utilisation in the next period, it can be interpreted that if no activities
are considered necessary, the current capacities seem to be just right. Otherwise, if the
firm feels pressure to take actions to achieve the desired capacity utilisation, the firms’
technical capacities seem to be too high or too low, respectively. These judgements about
the technical capacities are well covered in the survey and can be used as a proxy of γt in
the following way.
We define



 + : current technical capacities are too high (γt > 0)
δt = sign of (γt ) =
= : current technical capacities are just right (γt ≈ 0)


− : current technical capacities are too low (γt < 0)
Our ability to match the qualitative answer which tells whether or not firms are in
need of more capacity and the change in their actual capacity utilisation holds the key
for answering the research question. For example, if firms indicate that their technical
capacities are too low (δt = ‘−0 as actions are considered necessary to adjust capacities
upwards as capacity utilisation seems to be too high and therefore not at the desired level)
and we observe that their use of capacity utilisation increases, it is safe to say that this
particular firm has been hit by a (positive) shock (εt+1 > 0); more precisely, it has been
surprised by positive news. We thereby allow for both developments that may underlie
a change in capacity utilisation. On the one hand, a change in capacity utilisation can
be caused by a change in capacities at a constant level of production while on the other
hand a firm may adjust the level of production with capacities remaining unchanged.2 If
2

Strictly speaking, various other combinations of changes in the level of production and the availability
of capacities could also be thought of. Since the main message of the interpretation remains unchanged,
we do not discuss these possibilities any further.
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2.3.2 Data properties

Table 2.1: The principle structure of the contingency table
realisation ∆ct+1
+
=
–
+ pp pe
pm
judgement δt = ep ee
em
– mp me mm

capacities are, for example, too low, a firm can react by increasing capacities in order
to satisfy the risen demand. As the survey explicitly asks for technical capacities, more
precisely production facilities like buildings and machinery, it is perhaps not likely that
capacities are adjusted within a quarter. Capacity utilisation itself, on the other hand,
is more flexible in the short run and can be matched to sudden events that hit the firm
rather quickly by, for example, stocking output. However, we do not know in which way
firms adjust when their capacity utilisation changes.3 For our purpose it is important that
firms do adjust, not how.

2.3.2

Data properties

Next, we will discuss the main data properties. We will first examine the data by means
of contingency tables as suggested by Ivaldi (1992). They are constructed as follows (see
table 2.1).
The rows describe the judgement of the firms in t about their current technical capacity;
‘+’ stands for ‘too high’, ‘=’ for just right, ‘–’ for too low. The columns list the possible
outcomes in capacity utilisation changes (∆ct+1 ). A ‘+’ means that the level of capacity
utilisation has been augmented between t and t + 1, a ‘=’ stands for an unchanged level
and ‘–’ means a lower level.
On the basis of this table we obtain nine different states of the firms, and we are able to
identify states that can be associated with either positive or negative shocks. The remaining
states will be considered equilibrium situations, or states during which adjustment takes
place.
When looking at state pm, for example, firms positioned in this field consider their
3

Another survey among the same firms also asks for changes in production and stock. This survey is
conducted monthly which raises technical issues. Therefore, we did not yet exploit this information but
leave it to future research.
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capacities in t as ‘too high’, but from t to t + 1 their degree of capacity utilisation still
declines. Using the previous arguments we can classify this state as a situation where a
severe negative shock has hit the particular firm, or in short a large negative shock. The
argumentation for state mp is similar. As capacities in t are stated as ‘too low’ and the
capacity utilisation rises anyway in the next quarter, we can classify mp as a state generated by a severe positive shock, short strong positive shock. The equilibrium derived from
this observations is the state ee, where capacity is ‘just right’ in t and hence there follows
no change in capacity utilisation in t + 1.
For the sample 1999–2006 the repartition of percentage shares to the different states of
the 3 × 3 matrix is composed as summarised in table 2.2. Apart from simply summarising

Table 2.2: Contingency table – empirical frequencies of εt across firms and time (1999 –
2006)
Sample
realisation ∆ct+1
(1999 – 2006)
+
=
–
+ 4.7
3.7
3.0
judgement δt = 25.5 29.9 25.6
– 2.4
2.7
2.5
The table entries report the shares of firms in
% who judge their capacities according to the
row labels and likewise experience a change in
capacity utilisation as indicated by the column
headers.

the data properties, the table shows a few interesting features. For example, the majority of
firms finds itself in a situation where capacities are sufficient. After judging their capacities
as ‘just right’ in t, nearly the same number of these firms report a decrease as well as an
increase in their realisation of capacity utilisation one period later. Similarly, firms who
have too much capacities will most likely increase their level of capacity utilisation in the
following period. In contrast, respondents with too few capacities will most often report an
unchanged level afterwards. Furthermore, positive as well as negative shocks do not occur
very frequently (e.g. pm = 3.0 and mp = 2.4). We also ran a test for each row to check
whether the mean of the shares of firms distributed in the three possible states per row
are significantly different from each other. It shows that, for a p-value of 0.1, the means
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within a row are significantly different over time.4 All in all, the contingency table points
to a rather reliable and intuitively appropriate answering pattern where the responses are
overall consistent with (at least weak) rational expectations on part of the surveyed firms.

2.4
2.4.1

Characterising business cycle dynamics
Survey data and a discrete approximation

The previous section has shown that (2.3) can easily be linked to standard business tendency surveys. Combining the questions regarding the use of capacities and the current
level of capacity utilisation at an individual firm level permits to infer about εt (see section
2.3).
A key property of (qualitative) survey data is its discrete nature, however. Therefore,
εt cannot be measured as a continuous variable but as a discrete variable only. In our case,
the surveys looked at enables us to identify nine different values for εt each of which can
be given interpretations as a negative, a positive or a neutral, or a transition shock. There
is no chance to quantify the shocks without reference to outside information, however.
Therefore, we need other means to progress.
First of all, we note that each firm is at any time subject to one of the nine possible
shocks. As we track the firms over time we are able to observe what kind of shock the
firm is subject to in the next period. This allows us to do two things. First of all we can
describe the current business cycle by calculating the share of firms being subject to any
one of the nine shocks. Depending on their nature (positive, negative, or neutral) we can
thus approximate the economy-wide business cycle. Second, we can try to characterise the
dynamics of the business cycle not only as a whole but also depending on the properties of
the current state during the cycle. The first option will be dealt in chapter 3 of this thesis.
The focus here will be on the second opportunity.
Consider (2.3) again. We define the nine discrete states as in table 2.3. Now, the question is what are the dynamic properties of εt , the error term which yields an interpretation
as the business cycle? To answer this question we proceed as follows. First, we estimate the
probability that some specific error, say mmt is followed by some other error, say mpt+1 for
each firm and on average over time. For estimation we pool all our firms and assume that
4

See the Appendix for detailed results of the one way ANOVA procedure for each row.
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Table 2.3: The nine different qualities of εt (shocks) and their origin
∆ct+1
>0 ≈0 <0
+ pp
pe pm
δt = ep
ee
em
− mp me mm

all firms are identical in their typical behaviour. This results in a transition probability
matrix A and the following first order Markov-chain approximation to the true dynamics:
et+1 = Aet + t

(2.4)

where et now denotes a 9x1 vector of the nine qualitatively different errors at time t and t
is a vector of innovations with E(t ) = 09×9 and Σ being the variance-covariance matrix.
The business cycle dynamics are then equivalent to the properties of the whole process. For
example, depending on A we may obtain a covariance stationary process, a non-stationary
process, a process with absorbing states (all firms end up in some specific state and so
does the economy), and so on. Hence one of the advantages of using a “direct” approach
to measuring the business cycle is that the question whether or not business cycles are of
a temporary or a permanent nature is left to the empirical exercise.
It is worthwhile emphasizing that (2.4) represents a vector autoregressive process of order one (VAR(1)). Therefore, we can use the standard VAR(1) tool kit for interpretation
and analyses. For example, according to (2.4) the business cycle follows a simple autoregressive process, however, its components (the various shocks) being the marginal sub
processes do potentially follow rather involved autoregressive moving average processes.
Further, while the dynamics of the vector represent the business cycle dynamics as a
whole we can pick one particular kind of shock and trace it through the business cycle. For
example we might only be interested in the effect a strongly negative impulse (pm) has on
the business cycle and compare it to the effect of, say em, or mp, the latter being a strongly
positive shock. Of course, while in each case the path may be different, the system as a
whole will always behave in a structurally similar fashion, e.g. it will eventually return to
its stationary position if such a state exist.
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2.4.2

Transition probabilities and Markov-chain

We now turn to the identification of the path and the speed of adjustment a firm undergoes
once it has been hit by a shock. We suggest to describe the movement of a firm from one
state to another between two periods by a multivariate, discrete Markov-chain of order one
and dimension nine.
In order to facilitate the analysis we make two simplifying assumptions.
ASSUMPTION 1 (Markov chain) Firms at state sj , 1 ≤ j ≤ 9 in period t will move
to state sk , 1 ≤ k ≤ 9 with constant probability pj,k .
ASSUMPTION 2 (Homogeneity) The firms in our sample are homogeneous with respect to their typical response pattern.
Remark 1. An alternative way to look at assumption 1 is to assign the economy an autoregressive (AR) behaviour that will be approximated by a discrete Markov-chain. In contrast
to a simple AR representation of a single state, all nine states are modelled simultaneously.
As a consequence, the marginal process for a single state (e.g. the positive shock) has an
autoregressive-moving average representation that allows a much richer dynamic than a
simple AR process of order one (see Lütkepohl (2006)).
Remark 2. Assuming homogeneity is nothing but a tool that helps simplifying the analysis. While there might be arguments that imply different responses depending on the
size of the firm, for example, even our large data set does not provide enough information for sensibly estimating the required 81 transition probabilities conditional on the firm
characteristics.
Interestingly, there is no need to a priori assume stationarity. Whether or not the
economy behaves explosively (or implosive) can be left to the estimation of the transition
matrix. In their analysis of demand shocks faced by individual firms Bouissou et al. (1986)
also use a Markov-chain approximation. Their results point to a non ergodic Markov
process.
In sum, we suggest to regard the move from state sj,t to sk,t+1 , 1 ≤ j, k ≤ 9 to be ruled
by a 9-dimensional Markov-chain. We thus define the probabilities

9
X
k=1

pj,k = P rob(sk,t+1 |sj,t ), 1 ≤ j, k ≤ 9

(2.5)

pj,k = 1 ∀j = 1, . . . 9

(2.6)

2.4 Characterising business cycle dynamics

t / t+1
pp
pe
pm
ep
ee
em
mp
me
mm

pp
105
158
198
27
56
235
2
7
13

Table 2.4: One-step-transition frequencies
pe pm
ep
ee
em mp me
95 158 124
134
187
6
6
219 89
79
71
35
5
4
108 57
80
36
24
11
4
41
68
883 1303 1853 50 120
69
71 1222 2458 1251 41 90
126 86 1874 1115 833 93 52
3
5
44
43
110 41 43
4
2
34
104
65
55 133
4
2
115
63
77
72 43
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mm
8
1
2
156
42
29
93
71
30

sum
823
661
520
4501
5300
4443
384
475
419

where j and k denote either of the 9 states defined before. In order to find the adjustment
paths of the firms, we have to estimate the implied 9 × 9 matrix of transition probabilities.
To facilitate estimation we need to calculate the repartition of firms to the different states
of the contingency table both for t to t + 1 and t + 1 to t + 2.5 Matching these three dates
leaves us 17,526 observations. Homogeneity of firms implies a constant pj,k for all firms.
Then, it is checked in which state the firms are in t and where they are in t + 1. As
an intermediate result we obtain a 9 × 9 matrix, whose elements show the frequency by
which firms move from a state given by the row number to the state given by the column
number. Table 2.4 illustrates the results for our sample. For example, of all 823 firms that
take position pp at time t, 105 will be found in state pp at time t + 1 too, while 134 move
to ee, the equilibrium state.
Table 2.4 tells a number of interesting stories about the economy. First of all, the most
prominent position for a firm is equilibrium (ee). Once being there it is most likely that it
will stay there. This is only true also for positions pe and me. On the other hand, more
than one half of the firms in ee move out of there the following period. This can be taken
as an indication that shocks occur rather frequently and hence firms are constantly forced
to adjust in one way or another. Thus, measuring the time it takes before a firm gets
active may not be an appropriate measure of the actual speed of adjustment since during
that time span additional shocks hit the firm making it impossible to relate the eventual
5

Note that we obtain the capacity utilisation rate from the survey answers only, we therefore need to
calculate the change in utilisation from t to t + 1 and from t + 1 to t + 2 to get observations of the change
in utilisation for t and t + 1.
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action to a particular point in time. The adjustment measured should thus be regarded as
the typical adjustment process in an environment that is characterised by both frequent
shocks and the permanent struggle for coping with them.
Conditioning on the respective initial state the one-step transition probabilities can be
defined. The one-step probability of moving from state pp to state pp again will be denoted
p11 . The estimated one-step-transition probabilities are collected in the matrix Ai=1 whose
81 elements aj,k , j, k = 1, . . . , 9 correspond to the pjk .
For the sample period we obtain the following estimates:

Â1


0.1276

0.2390

0.3808


0.0060

= 
0.0106

0.0529

0.0052


0.0147
0.0310

0.1154
0.3313
0.2077
0.0091
0.0130
0.0284
0.0078
0.0084
0.0095

0.1920
0.1346
0.1096
0.0151
0.0134
0.0194
0.0130
0.0042
0.0048

0.1507
0.1195
0.1538
0.1962
0.2306
0.4218
0.1146
0.0716
0.2745

0.1628
0.1074
0.0692
0.2895
0.4638
0.2510
0.1120
0.2189
0.1504

0.2272
0.0530
0.0462
0.4117
0.2360
0.1875
0.2865
0.1368
0.1838

0.0073
0.0076
0.0212
0.0111
0.0077
0.0209
0.1068
0.1158
0.1718

0.0073
0.0061
0.0077
0.0267
0.0170
0.0117
0.1120
0.2800
0.1026


0.0097

0.0015

0.0038


0.0347

0.0079


0.0065

0.2422


0.1495
0.0716

where each row sums up to one. The typical adjustment pattern of firms implies that
after being hit a vast majority of firms starts to adjust immediately, most of them by
decreasing their capacity utilisation in the following period which may indicate either sales
from stocks or an increase in capacities. For example, the path of, say a positive shock
(initial position mp) is mp → mm → ep → em → ep . . . . The adjustment closes with a
sustained switching between the two near equilibrium states em and ep.
The probability of jumping from a state of a positive shock to a state being regarded
a negative shock (from mp to pm) and vice versa is comparably low. In general, the
probability of a move from one of the more extreme situations which are given in the lower
left and top right 3 × 3 sub matrices to the other extreme positions appears very unlikely.
This conclusion can be inferred from the small numbers in these parts of the matrix. In
other words, extreme moves are very rare which is reassuring in the sense that the data
under investigation has properties that comply with straightforward economic reasoning.
The fact that most of the firms start to adjust immediately can be confirmed by looking
at the probabilities of starting in a shock state and actually staying there until the next
quarter. For the positive shock, these probabilities are even lower than for the negative
shock. But in general, the probability to really stay in the shock position (meaning not
doing any adjustments, or taking an identical hit again) are the lowest next to the pos-
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sibilities to jump directly to some equilibrium state or to the opposite shock. Thus, we
have evidence that adjustment takes place immediately hence firms are able to react very
quickly. Another argument in favour of fast adjustment provides table 2.2. The percentage
share of firms in states of a severe shock (pm or mp) is very low. Thus, firms only find
themselves in a shock state when the shock severely hits them and they are not able to
balance it immediately. Altogether, the results seem to confirm our way of identifying the
shocks: Firms which state that their capacities are too high (or too low) and who cannot
immediately adjust must experience a profound event.
The final state of the system is given by the marginal distribution of the Markov chain.
This state exists if the Markov chain is regular (Hamilton, 1994). Regularity follows when
there exists an m for which all elements of the m-step transition matrix Am are positive.
Then all Atm are regular for all t ≥ m. The marginal distribution π̃ is stationary if
(2.7)

π̃Am = π̃.

This condition holds for our A matrix. Hence, our Markov chain is ergodic. Therefore, the
limit limt→∞ Ati = A∞ exists and the matrix A∞ has identical rows:


A∞

p1 p2 . . .

 p1 p2 . . .
= 
. . . . . .

p1 p2 . . .


p9

p9 

. . .

p9

(2.8)

For the sample under investigation we obtain the following marginal distribution:
h
i
Â∞ = 1(9,1) ⊗ .046 .039 .031 .254 .304 .252 .022 .029 .025

where 1(9,1) signifies a column of nine ones.
We find that the fifth column, which represents state ee, shows the highest marginal
probability. Consequently, following the Markov-chain, the firms will end up in the equilibrium state with highest probability.
Here again it is interesting to observe that the final state is characterised by a non-zero
proportion of firms off the equilibrium position (ee). The implicit conclusion would be that
the economy does not move towards equilibrium as a whole but rather to a steady state
with a certain share of firms being on and off equilibrium.
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2.4.3

Markov-switching model and VAR(1) analysis

The business cycle dynamics are next characterised using the VAR(1) interpretation of
our Markov-chain model. Our main tool of interpretation is going to be impulse-response
analyses. Meaningful responses can only be obtained if we can say something about their
statistical significance. This invokes the need for standard errors of the elements of A in
addition to their point estimates6 . Therefore, we first discuss how these standard errors
are obtained.
Note that each element ai,j (i: row index, j: column index) in A follows a binomial
P
distribution with pi,j = 1 − ( 9k=1 pi,k6=j ). Therefore, the variance of ai,j is given by
pi,j (1 − pi,j ). The covariances are also easily obtained by noticing that cov(ai,j , ak,j ) =
0∀k 6= i. We obtain cov(ai,j , ai,k ) = −(pi,j pi,k )∀k 6= j.
This is all what is needed for calculating the standard impulse-response functions and
their confidence bands as described in Lütkepohl (2006) (chapter 3.7), for example. However, these confidence bands rest on the assumption that the estimates of ai,j are normally
distributed while in our case they follow a binomial distribution. Therefore, the statistical
interpretation hinges on the fact that the normal distribution is the limiting distribution
of the binomial as the sample gets large. The size of our sample is certainly large enough
for a reasonable approximation.
In standard VAR analyses the identification of the innovation variance-covariance matrix is an important issue. In our experiment we consider the behaviour of a representative
firm as an approximation to the whole economy. Therefore, identification is not a problem.
Notice that with our definitions the most sensible shock to be considered is by letting a
single element in t to assume the value one while restricting all others to zero. The reason
is very simple. At any time a single firm may only be subject to one particular kind of
shock out of the nine possible. This kind of impulse response is usually referred to as
forecast error impulse response.
We may interpret the results as follows. Whenever looking at the impact of any of the
nine possible shocks to the system this will be done by judging how much the other types
of shocks are affected. The more are significantly pushed away from their initial position
the stronger the impact of the respective shock and the stronger the business cycle will be
affected.
One way to look at the impulse-response analysis is thus to consider a single firm being
6

From now on we suppress the subscript to A because for the VAR(1) representation we only need A1 .
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Figure 2.1: Impulse response analysis: effects of a quality i shock on quality i shock.

subject to one particular kind of shock. Alternatively, one could regard such a shock as a
situation when all firms suffer the same shock.
Notice that the standard interpretation of the duration of the response to a particular
shock does not make sense in this case because each shock represents a qualitatively different shock within the same class. In standard impulse-response analyses we would instead
look at different classes of shocks like a shock to income, or a shock to interest rates in
a money demand model. By the same analogy we would start with different levels of a
shock to, for example, interest rates and look what values the variable assumes afterwards
in standard applications. Since in linear time series models impulse-responses are linear
in the size of the shock the latter analysis would not be informative at all. In our case,
however, the quality of the shock matters most. Therefore, while the system as a whole
finds back (if at all) to its initial state within exactly the same period regardless of the
quality of the shock, the effect a single shock has on the other shocks (all of which are
within the same class) must be considered.
All in all we obtain 81 impulse-responses. We suggest to collect them in pictures with
3 × 3 panels. In figure 2.1 the response of each shock to an innovation in itself is presented.
For example, in the lower-left panel the response of the shock mp (strongly positive) to a
shock in mp is shown.
There are two things to be learned from figure 2.1. First, once disturbed the system
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Figure 2.2: Impulse response analysis: effects of a strongly negative shock (pm).

adjusts back to the initial position, and second this adjustment is fast. In order to appreciate the speed of adjustment one might compare it to traditional measures of business
cycle duration. Applying X12-ARIMA seasonal adjustment to the log-levels of industrial
production and calculating the first difference shows that recessions lasted about four and
expansions four to eight quarters ever since the 1990ies.
Turning to the question what event has the strongest impact on the system we have
to look at the remaining 72 forecast impulse-responses and identify the shocks with the
largest impact on the system. It turns out that pm is the one that triggers the most widely
felt effects.
In figure 2.2 we depict the impact of a shock with the following characteristics. The
firm in question considers it necessary to increase the rate of capacity utilisation. But
instead of seeing an increase it observes a decrease in the next period. In our terminology
this is equivalent to a strongly negative shock. The impulse-response analysis shows that
shocks to pp and pe are significantly likely to follow a shock pm. By contrast, its strongly
positive counterpart (mp) does almost not leave any significant trace as figure 2.3 shows.
Summing up the evidence, we observe that firms adjust to shocks within the first four
quarters after a shock. The adjustment is thus faster than standard estimates on the aggregate level suggest. Maybe we should also emphasize the fact that the limited duration
of our business cycle shocks is not a result of the econometric technique used for identifying
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Figure 2.3: Impulse response analysis: effects of a strongly positive shock (mp).

them like it is in procedures such as the Hodrick-Prescott filter. In our case stationarity is
a purely data driven conclusion drawn from a procedure that does not predetermine stationarity as the outcome. The second implication is that positive and negative shocks have
statistically different consequences for the economy. Negative shocks are significantly more
influential than positive ones. Again, our procedure did not by any means impose symmetry or asymmetry on the results. Finally, recalling the various business cycle theories and
their predictions for the empirical analysis, we may conclude that although the negative
shocks dominate they are not the only significant source of fluctuation and hence, the
plucking model receives considerable, but not evidentiary support. The real business cycle
theory would let us expect that all deviations from zero would be statistically insignificant
which is clearly not the case. This said, in our case the real business cycle theory would
permit significant deviations to the extent that the labour market is inflexible (inelastic
supply) since the data inquires about the utilisation of technical capacities only. Therefore,
an interesting road for further study would be to look at the correlation between non-zero εt
and the firms’ assessment of labour supply shortages. Keynesian models of business cycles
imply significant positive as well as negative deviations from some full employment equilibrium level. This seems to be the case here. However, before jumping to the conclusion
that we are modelling a Keynesian economy we should further scrutinise these deviations
and their relation to the evolution of relevant monetary aggregates such as credit demand,
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and interest rates as these are considered major sources of business cycle fluctuations in
Keynesian models. Whatever further research in the sources of economic fluctuation one
might consider, our estimates of εt equip the investigator with a powerful tool whose big
advantage is in our view that it provides an impartial measure of those fluctuations.

2.5

Outlook

In order to characterise the economy’s shock adaptation process we operated with a number
of approximations such as homogeneity of firms. Therefore, a point of interest for future
research is the investigation of whether or not the homogeneity assumption with respect
to firms can be justified.
Our finding that, on the micro level, negative shocks exhibit a stronger impact on the
economy would imply that an according time series should be informative for the growth
of GDP, or at least for the industrial sector. Therefore, a natural extension of the current
work is to develop a business cycle indicator in the next chapter 3 that is based on our
measurement of shocks and the state of the adjustment process. As we have seen in this
analysis, the adjustment process on the micro level is rather fast. This result is quite
contrary to what macroeconomic theory would expect. It is therefore interesting to see
whether an aggregation from the micro to the macro level leads to higher persistence in
the response to shocks as, for example, not all firms might be hit by the same shock at the
same time.
In the aftermath of a shock firms can react by adjusting prices or output, or both.
The more readily output is adjusted the lower should be the impact on prices. Hence, our
findings suggest that firm-specific prices face a significant upward pressure for at most half
a year after a positive shock. This observation should be interesting to policy makers and
model builders alike. The effects of capacity utilisation as well as production constraints
on prices will be analysed in the chapters 4 and 5.

2.6

Summary and conclusion

This chapter models the business cycle as the adjustment process of a firm to a shock
as a series of states of a Markov-chain. The basis for our analysis is a micro data set of
firms in the manufacturing industry that allows us to combine qualitative and quantitative
information on an individual basis. We interpret the judgement of a firm about its technical
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capacities in combination with the effective change in capacity utilisation as a positive, a
negative, or no (neutral) shock depending on whether or not the implicit expectations is
met.
The outcome of the investigation indicates that firms do react differently depending on
whether or not the experienced shock was a negative, or a positive one. Negative shocks
have a more pronounced effect than positive ones.
Our bottom-up method allows to measure business cycles “directly”, that is by avoiding strong technical assumptions of standard filters. Therefore, our approach permits in
principle an – in our view – impartial judgement of what business cycle theory is most
appropriate for Switzerland. The statistical evidence supports Keynesian models strongest
while Friedman’s plucking model receives only limited backing. The real business cycle
approach, in a very strict sense, appears to be least applicable to the data as adjustment
should take place immediately. However, as the adjustment appears to be pretty fast in
our analysis, it depends on how to define “immediate” adjustment, though. If you allow
an interval of about four quarters to be rather “immediate”, we find support for the real
business cycle theory as well.
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Appendix
Table 2.5: Descriptives for row δt = ‘-’

mm
me
mp

N
32
32
32

Mean
2.60
2.93
2.38

Std. Deviation
0.86
1.27
0.78

Std. Error
0.15
0.22
0.14

95 % Confidence Interval for Mean
Lower Bound Upper Bound
2.29
2.92
2.47
0.03
2.10
2.66

Min.
1.04
1.31
0.72

Max.
4.24
5.66
4.32

The table shows descriptive statistics of the row where firms state that their current technical capacities
are too low (δt = ‘-’). In column N , the number of observations is shown. Next, the means that will be
compared, standard deviations and standard errors are reported. Columns 6 and 7 show the 95%
Confidence Intervals of each group mean. The last two columns report the minimum and maximum
values of the respective group.

Table 2.6: One way ANOVA for row δt = ‘-’
Between Groups
Within Groups
Total

Sum of Squares
4.90
91.45
96.36

df
2
93
95

Mean Square
2.45
0.98

F
2.49

Sig.
0.09

The table shows the results of the one way ANOVA for the row where firms state that their current
technical capacities are too low (δt =‘-’). Under the null hypothesis, the group means do not differ in the
population. The resulting test statistic is computed by a comparison of the sum of squares between the
groups and the sum of squares within groups, adjusted by the number of groups and observations.
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Table 2.7: Descriptives for row δt = 0

em
ee
ep

N
32
32
32

Mean
25.43
30.02
25.75

Std. Deviation
4.37
4.43
5.01

Std. Error
0.77
0.78
0.88

95 % Confidence Interval for Mean
Lower Bound Upper Bound
23.85
27.01
28.42
31.62
23.94
27.55

Min.
16.83
15.61
17.81

Max.
34.98
37.20
42.03

The table shows descriptive statistics of the row where firms state that their current technical capacities
are just right (δt = 0). In column N , the number of observations is shown. Next, the means that will be
compared, standard deviations and standard errors are reported. Columns 6 and 7 show the 95%
Confidence Intervals of each group mean. The last two columns report the minimum and maximum
values of the respective group.

Table 2.8: One way ANOVA for row δt = 0
Between Groups
Within Groups
Total

Sum of Squares
420.25
1978.75
2399.00

df
2
93
95

Mean Square
210.13
21.28

F
9.87

Sig.
0.00

The table shows the results of the one way ANOVA for the row where firms state that their current
technical capacities are just right (δt = 0). Under the null hypothesis, the group means do not differ in
the population. The resulting test statistic is computed by a comparison of the sum of squares between
the groups and the sum of squares within groups, adjusted by the number of groups and observations.

Table 2.9: Descriptives for row δt = ‘+’

pm
pe
pp

N
32
32
32

Mean
2.85
3.53
4.50

Std. Deviation
1.61
1.23
2.02

Std. Error
0.28
0.23
0.36

95 % Confidence Interval for Mean
Lower Bound Upper Bound
2.27
3.43
3.09
3.97
3.77
5.23

Min.
0.79
1.54
1.42

Max.
6.26
6.04
10.13

The table shows descriptive statistics of the row where firms state that their current technical capacities
are too high (δt = ‘+’). In column N , the number of observations is shown. Next, the means that will be
compared, standard deviations and standard errors are reported. Columns 6 and 7 show the 95%
Confidence Intervals of each group mean. The last two columns report the minimum and maximum
values of the respective group.
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Table 2.10: One way ANOVA for row δt = ‘+’
Between Groups
Within Groups
Total

Sum of Squares
44.29
253.83
298.012

df
2
93
95

Mean Square
22.14
2.73

F
8.11

Sig.
0.00

The table shows the results of the one way ANOVA for the row where firms state that their current
technical capacities are too high (δt = ‘+’). Under the null hypothesis, the group means do not differ in
the population. The resulting test statistic is computed by a comparison of the sum of squares between
the groups and the sum of squares within groups, adjusted by the number of groups and observations.

Chapter 3
The usual suspects versus semantic
filtering: An inquiry
3.1

Introduction

The techniques and approaches to economic forecasting and its evaluation has been undergoing substantial changes in the last decades. Many complex mathematical problems
that posed severe problems for computation are now easier to solve with technical progress
in computer power. Furthermore, the importance of differentiating between ex post and
real-time data for forecasting brought several new insights (see for example Orphanides
and van Norden (2002)). Besides refinements due to various new and enhanced forecasting
methods (see Elliott et al. (2006) for an excellent overview), high-quality data input to
these models is crucial to produce usable output.
For business cycle research, the literature provides various methods to extract information from the data. For example, the Hodrick-Prescott-Filter (Hodrick and Prescott,
1997) extracts the difference between trend and cyclical components, of which the latter is
often interpreted as the business cycle, or the short-lived deviation of actual output from
its trend path. There are several other filters such as the Baxter-King-filter (Baxter and
King, 1999) available which we may summarise as technical filters. A second branch of
business cycle measures use economic theory and econometrics to calculate deviations of
actual output from potential output, for example. For doing so, economic theory needs to
provide a way for calculating potential output. A natural choice in this case is a hypothetThis chapter is based on the method developed in Müller and Köberl (2008).
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ical production function which is then put to the data. Due to its economic underpinning
we may call this class of business cycle measures economic filters.
In our approach, we choose yet another way. Based on the semantic filtering idea of
chapter 2 and Müller and Köberl (2008), we use statements of firms about their capacity
utilisation on a quarterly frequency and compare these statements to an implicit desired
level of capacities. The structure of the data allows us to derive a typical dynamic pattern
of actual and desired capacity utilisation on a firm level. Based on this pattern and on the
semantic content of the particular survey question we are able to define positive, negative
shocks and the equilibrium. Owed to the fact that the basis for our identification is a
semantic analysis we call this approach semantic filtering.
Given the information from semantic filtering, we develop a business cycle indicator
to forecast GDP. To be useful or even predominant to other existing indicators, such an
indicator should have the following characteristics: it should have a lead to the reference
series, it should be free from revisions, economical (low marginal costs, easy to compute)
and, in the ideal case, it should have an intuitive interpretation. We show in the following
that our indicator fulfils these criteria.
It might be noteworthy that our identification strategy is relatively simple and could
be applied to several other countries and to selected industries. Due to its simplicity
and robustness with respect to information updates it might be considered as a basis for
comparisons of the stance of the business cycles across countries.
The remainder of the chapter is structured as follows. In section 3.2 the framework of
the business cycle measurement is described, including details on the data and the empirical
methodology used. Section 3.3 presents the results and performance of the constructed indicator as well as the horse race between this and other indicators. Section 3.4 summarizes
the findings of this chapter and concludes.

3.2
3.2.1

Business cycle measurement: Framework
The data and its semantic content

Quite contrary to standard aggregated analyses we use micro data at the firm level. The
data source is the KOF Swiss Economic Institute’s quarterly business tendency survey in
the Swiss manufacturing industry. The data is available from 1999 first quarter to 2010 first
quarter and consists of 48,950 observations. There are two questions related to capacity
utilisation. First, it is asked whether the technical capacities are currently too high, just
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right or too low (judgement). Secondly, firms are asked to quantify the capacity utilisation
during the past three months in percentage points, where the firms can choose from a range
of 50% to 110% in five percentage steps. From the latter we can calculate the percentage
change in capacity utilisation from t to t + 1 and compare this to the judgement about
availability of capacities given by the firm in t.
The answer to the judgement question is interpreted as in the previous chapter. A
‘too low’ is equivalent to a desire for expanding capacities, which should hence result in a
reduction of capacity utilisation in the future. Likewise, a ‘too high’ statement implies the
wish for increasing capacity utilisation by lowering capacities, for example.
The key to identify shocks in the economy is our ability to match the qualitative answer
which tells whether or not firms are in need of more capacity and the change in their actual
capacity utilisation. For example, if firms indicate that their technical capacities are too
low and we observe that their use of capacity utilisation increases, it is safe to say that this
particular firm has been hit by a (positive) shock. We assume that these shocks impact
their economic performance and that they may hence be informative about current and
future dynamics of the economy.

3.2.2

Semantic cross validation

The above interpretation requires some cross-checking with economics. Therefore, we
examine whether or not the data is consistent with basic considerations about plausible
firm behaviour.1 The first analysis will be based on contingency tables suggested by Ivaldi
(1992). It is constructed as follows (see table 3.1).
Table 3.1: Principle structure of the contingency table
realisationt,t+1
=
+
- mm me mp
judgementt = em ee ep
+ pm pe pp

The rows describe the judgement of the firms in t about their current technical capacity;
1

Borrowing from nonparametric econometrics we label this method semantic cross validation, where
economics provides the benchmark for assessing the semantic interpretation.
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‘+’ stands for ‘too high’, ‘=’ for just right, ‘-’ for too low. In the columns, the possible
outcomes in capacity utilisation changes are listed. A ‘+’ means that the level of capacity
utilisation has been augmented between t and t + 1, a ‘=’ stands for an unchanged level
and ‘-’ means a lower level. On the basis of this classification of nine different states of the
firms, we are able to identify states that can be associated to either positive or negative
shocks. The remaining states will be considered equilibrium situations, or states during
which adjustment takes place.
When looking at state pm, for example, firms positioned in this field consider their
capacities in t as ‘too high’, but from t to t + 1 their degree of capacity utilisation still
declines. Using the previous arguments we can classify this state as a situation of a negative
shock to the particular firm. The argumentation for state mp is similar. As capacities in t
are stated as ‘too low’ and the capacity utilisation rises anyway in the next quarter, we can
classify mp as a state of a positive shock. The equilibrium derived from this observations
is the state ee, where capacity is ‘just right’ in t and hence there follows no change in
capacity utilisation in t + 1.
Following the same logic mm and pp characterise periods of adjustment towards the
desired position, while the interpretation of me, pe, em, and ep is not that clear cut.
Empirically (see chapter 2), it seems that em and me are very close to the pure equilibrium
situation while me and pe lean towards secondary positive and negative shock states.
For our sample, the repartition of percentage shares to the different states are summarised in table 3.2.2

Table 3.2: Empirical contingency table (1999 – 2010)
sample
realisationt,t+1
1999 – 2010
=
+
- 2.7
3.1
2.2
judgementt = 26.0 29.3 25.1
+ 3.1
3.7
4.8
The table entries report the shares of firms
who judge their capacities according to the
row labels and likewise experience a change
in capacity utilisation as indicated by the column headers.

2

Note that the sample here is different from the previous chapter, and therefore the percentage shares
differ slightly. The difference, however, is pretty small.
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The majority of firms find itself in a situation where capacities are sufficient (ee). When
firms express a desire for more capacities (judgement ‘-’) they decrease (realisation ‘-’) their
capacity utilisation more often than they increase it (2.7 vs. 2.2). Equivalently, when firms
report ‘too high’ capacities an increase of capacity utilisation follows in the next period
with the highest probability. By contrast, shocks to this plausible pattern occur not very
frequently (positive shock mp = 2.2, negative shock pm = 3.1). In chapter 2 it has been
shown that once being hit by a positive shock the typical adjustment path of a firm is
mp → mm → ep → em → ep . . . . In other words, after a positive shock firms start
to adjust capacities downward (mm) before they enter a period of sustained switching
between the near equilibrium states.
All in all we may conclude that the semantic interpretation of the data provided in the
previous subsection very well corresponds with what is economically plausible. Therefore,
we are confident in continuing regarding mp as a measure of a positive and pm as a measure
of a negative shock respectively.

3.2.3

Construction of the indicator

In this section we describe the calculation of our aggregate business cycle measure. Let
xt be either of the nine shares described in table 3.1. For example, in case of a negative
shock, xt = pmt . Our business cycle measure is given by3
bct = xt .

(3.1)

As we are able to distinguish between positive and negative shocks on a semantic basis,
the interpretation of positive and negative values of the business cycle indicator changes.
Our measure will assume a value of zero in the absence of a shock and the value one if all
firms are hit by this shock. In general, positive and negative shocks occur simultaneously,
which provides us with a more differentiated picture of the economy as compared to a
single measure net of positive and negative shocks.
In our application we choose pmt to measure the state of the economy. The reason
for this choice is very simple. In chapter 2 we showed that a negative impulse pmt has
the most widely felt effects on the economy. This finding is in line with the findings
of Kahneman and Tversky (1979), that people’s attitude towards losses is different from

3

(1)

This indicator corresponds to bct

of the different indicator versions in Müller and Köberl (2008).
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Figure 3.1: Business cycle measure: inverted negative shock to the economy
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Source: KOF Quarterly Industry Survey and State Secretariat for Economic Affairs (SECO).

gains. This asymmetry of human choices is reflected in our empirical data, too. Our nine
states reflect different qualities, but the respective weighting of these qualities by firms
(and finally individuals) is an empirical question which we leave to answer by the data.
And as analysed in chapter 2, the negative shock has a more pronounced effect on the
economy and will therefore be chosen to be our business cycle indicator. Nevertheless, the
choice of pmt can also be justified by means of simple correlation analysis (not reported
here). The corresponding results indicate, however, that emt is a close competitor.
Before turning to the econometric exercise let us have a look at the business cycle
indicator. Figure 3.1 displays bct = pmt , that is a negative shock in the economy on the
right scale. To make the picture more accessible, the negative shock has been inverted
(multiplied by −1) and plotted against the year-on-year growth rate of quarterly real GDP
and the KOF Barometer, the leading indicator for Switzerland (left scale).4 By simple
visual analysis the correlation between the three series appears pretty high. In fact, the
contemporaneous correlation between the GDP growth rate and pmt is −.84 while the
correlation with GDP growth one quarter ahead amounts to −.83.
Notice that the business cycle indicator as well as GDP growth is not smoothed or
filtered in any way. Therefore, it appears rather spiky. Although the noisy appearance
may seem inconvenient, it is associated with the big advantage that the release of new
data does not invalidate past observations. In other word, by construction, the indicator
itself is free from revisions in the future. Also note that, compared to the firm-specific
4

For details about the construction of the KOF Barometer see Graff (2006).
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analysis in chapter 2, the persistence in the time series of pmt appears rather high. Next,
we turn to estimation and forecasting GDP growth with the new indicator.

3.3
3.3.1

Application
Estimating and forecasting q-o-q GDP growth

One important desirable property of a business cycle indicator is its ability to track and
possibly forecast GDP growth. Our proposal has a publication lead of one quarter. It
therefore has the potential of being a good nowcasting tool. In order to test these characteristics, we set up a model for our indicator as well as for the KOF barometer and a
simple AR-benchmark model to estimate and forecast real GDP growth.
For deriving the most appropriate model we use the following strategy. We first specify a
general model for quarterly GDP growth as the dependent variable.5 The list of exogenous
and predetermined variables for the benchmark model comprises four lags of quarter-onquarter GDP growth (∆yt ), three seasonal dummies si , i = 1, 2, 3, and a constant. The
selection procedure for our indicator model contains four lags of quarter-on-quarter GDP
growth (∆yt ), the contemporaneous business cycle measure and three of its lags, three
seasonal dummies, and a constant. For the estimation with the KOF barometer, we replace
the values for the indicator with four lagged KOF barometer values. We then let PcGets
(see e.g. Hendry and Krolzig (2004)) choose the best model subject to not deleting the
constant at any step of the selection procedure. The sample for model selection is 1999
second quarter to 2007 fourth quarter which admits a valid ex-ante forecasting comparison.
The resulting models are presented in table 3.3.
The null hypothesis of no autocorrelation up to order four and normality of the residuals
cannot be rejected at any conventional level of significance. Hence, the properties of the
estimation are satisfactory and the business cycle indicator appears statistically significant
and has the expected sign. Note that for the estimation with our indicator no lag of GDP
growth has been selected for the best model fit in contrast to the estimation with the
KOF barometer, which includes three lags of ∆yt . The selection procedure for a simple
5

As our indicator combines quarter-on-quarter changes in the capacity utilisation, it seems reasonable
to not directly forecast year-on-year GDP growth but quarter-on-quarter growth rates. Note that a
year-on-year equation can be re-written as a restricted quarter-on-quarter regression. A straightforward
quarter-on-quarter approach appears therefore appropriate. A year-on-year estimation is nevertheless
presented in the following section.
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Table 3.3: Estimation results for ∆yt , q-o-q, 1999q2-2007q4
∆yt−1

AR(1)
0.20*
(1.82)

pmt

∆yt−2
∆yt−3
pmt
pmt−3
pmt−4
s1
s2

-4.48***
(9.91)
-2.22***
(5.46)

s3

23.73***
(3.58)
-26.88**
(2.48)
17.84*
(1.81)
-3.55***
(12.66)
-0.49*
(1.94)
-1.92***
(7.47)

barot−1
barot−3
barot−4
Constant
R̄2
σ̂

2.14***
(11.07)
0.83
0.70

2.41***
(9.27)
0.91
0.50

barot
-0.28*
(1.81)
-0.43***
(3.00)
-0.32**
(2.14)

-3.01***
(3.69)
-0.91*
(1.88)
-2.70***
(2.94)
0.97***
(5.94)
-0.71***
(2.83)
0.54**
(2.58)
1.64***
(3.37)
0.92
0.48

Absolute t-values in parentheses. *** p<0.01 ** p<0.05 * p<0.1. Columns (1)-(3) report the results of
the PCGets selection procedure where the quarter-on-quarter real GDP growth rate (∆yt ) is the
endogenous variable. In column (1) the results for a simple AR-regression are shown. Column (2) reports
the results for our indicator bct = pmt . Column (3) contains the results for the estimation with the KOF
barometer. Variables removed by PCGets for all three regressions are skipped in the table for brevity.
The adjusted R2 and the standard errors of regression (σ̂) are reported in the last two rows.
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AR-process results in an AR(1)-model for real GDP growth.
To illustrate the usefulness we use these equations for forecasting. Notice that both
model selection and estimation did not include observations after 2007 fourth quarter.
Therefore, we may perform truly ex ante forecasts for the quarters up until 2010 first
quarter.
For the forecasting exercise, we use a real time data set that includes the quarterly
vintages from 2008q1 to 2010q1. We then make one-step ahead forecasts for the quarteron-quarter GDP growth with each of the equations, only using the information available
at the respective date. To complete the exercise, we compare the respective forecasts for
GDP growth with our indicator, the barometer and the AR(1)-model to the last vintage
of GDP growth (2010q2) in terms of total numbers and the root mean squared forecasting
error (RMSFE).
In figures 3.2, 3.3 and 3.4 we plot the different forecasts with the respective confidence
bounds.
Quite obviously, the forecasting performance is pretty impressive. To get an overview
of the forecasted values, see table 3.4.
The RMSFE for the equation with the KOF barometer is the lowest but almost the same
as for our indicator. For the simple AR(1)-model, the RMSFE is the highest. The relative
RMSFE simply shows whether the forecasts made with other indicators improve compared
to the AR(1)-model. If the relative RMSFE is lower than one, the forecasts are better
than the AR(1)-model, which is the case for both alternative equations. Nevertheless, the
Diebold-Mariano test shows that neither the forecast with our indicator nor with the baro
leads to a significant difference between the forecasting errors of both regressions compared
to the AR(1) model. However, the test shows slightly better results for our indicator. These
results remain robust when using a modification of the Diebold-Mariano test proposed by
Harvey et al. (1997) which adjusts for small sample sizes.
Although the forecasts with the KOF barometer perform slightly better in terms of the
root mean squared forecasting error, our indicator still has some advantages. The official
series of the KOF barometer requires considerable resources to be calculated, it contains
information from almost all sectors in the economy. Furthermore, it is already filtered,
which comes along with further assumptions and already should smooth the barometer series. Compared to our unfiltered indicator, the smoothness does not make a large difference
anyhow (also see figure 3.1). However, it has to be mentioned that there are about 1, 500
firms in the survey panel to construct our indicator, which represents about 12% of all
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Figure 3.2: Forecast with equation (1) from table 3.3 (AR(1)) and q-o-q GDP growth (last
vintage) until 2007q4
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Figure 3.3: Forecast with equation (2) from table 3.3 (bct = pmt ) and q-o-q GDP growth
(last vintage) until 2007q4
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Figure 3.4: Forecast with equation (3) from table 3.3 (baro) and q-o-q GDP growth (last
vintage) until 2007q4
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Table 3.4: Overview of predicted values for q-o-q GDP growth
AR(1)
pm
baro GDP2010q1
2008Q1
−1.88 −1.45 −1.54
−1.59
2008Q2
1.67
1.96
1.77
2.01
2008Q3
−0.13 −0.10 −0.33
−1.15
2008Q4
2.49
1.90
2.38
0.42
2009Q1
−2.95 −3.61 −3.75
−4.16
2009Q2
1.65
0.36
0.54
1.64
2009Q3
−0.37 −0.54 −0.31
0.54
2009Q4
2.90
3.02
3.97
2.38
2010Q1
−2.59 −1.71 −3.50
−2.25
RMSFE
0.69
0.55
0.52
rel RMSFE
1
0.79
0.69
DM squared
- −0.30 −0.13
- (0.38) (0.45)
DM absolute
- −0.19
0.02
- (0.43) (0.49)
The table shows the predicted values with the three different models as well as the latest available
publication of GDP (vintage 2010q2). RMSFE describes the root mean squared forecast error for the
respective forecasts, which is the square root of the average forecasting error. The relative RMSFE
describes the relation of the RMSFE’s to the simple AR(1) benchmark model. A value below one stands
for an improvement in terms of forecasting whereas a value above one represents a deterioration. In the
last two rows, the results of the Diebold-Mariano test (Diebold and Mariano, 1995) are presented using
either a squared or an absolute value loss function. Under the H0 it is assumed that the average of
differences in the forecasting errors between the compared forecasts are not significantly different from
zero. The respective p-values are reported in brackets below.

registered Swiss manufacturing firms and about 30% of employment in the manufacturing
sector. As Switzerland is a less industry-intensive economy, the manufacturing value-added
accounts for about 20% of GDP only. Surprisingly, although our indicator only includes
information from the manufacturing industry, this seems to be enough information to track
the business cycle for the whole economy. It is, over and above, much easier to compute
and has an economically intuitive interpretation. It would be a worthwhile future exercise,
though, to examine the forecasting properties of our indicator for the industry production
index alone. Alternatively, the (semantic) indicator principles could be applied to other
sectors like services or banking using comparable survey questions having the same meaning as capacity utilisation for the manufacturing sector. Beyond that, the KOF barometer
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is subject to revisions with every new release which our indicator is not. The only revisions
for the forecasts with pm arise from the model coefficients and GDP revisions. Finally,
note that the best model fit from PcGets includes three lags of GDP growth for the equation with the barometer, whereas the model for our indicator drops any GDP lags and
only includes lagged indicator values. We also consider this as an advantage of our indicator because it provides, in principle, a better safeguard against revisions of GDP. The
indicator itself seems to contain enough information on past development of GDP growth.
As the barometer is, however, designed to forecast yearly GDP growth rates, we repeat
the exercise of selecting and estimating models to forecast y-o-y GDP growth in the next
section.

3.3.2

Estimating and forecasting y-o-y GDP growth

For the year-on-year estimations, we follow the same procedure as in the previous section.
In order to find the best model for the horse races, we again let PcGets choose the best
model subject to not deleting the constant at any step of the selection process. The list of
exogenous and predetermined variables for our indicator model contains four lags of y-o-y
GDP growth (∆yt ), the contemporaneous business cycle measure and three of its lags and
a constant.6 The benchmark model comprises four lags of y-o-y GDP growth (∆yt ) and
a constant. For the estimation with the KOF barometer, we replace the values for the
indicator with four lagged KOF barometer values. The results are shown in table 3.5.
Again, the properties of the estimation are satisfactory, the business cycle indicator
appears statistically significant and has the expected sign. For the benchmark model, an
AR(2) has been selected for the y-o-y growth rates. It is also noticeable that, this time,
each of the alternative indicator models include lagged ∆yt values for best model fit. The
results for the forecasting exercise are listed in table 3.6.
Again, the RMSFE for the equation with the KOF barometer is the lowest and for the
simple AR(2)-model the highest. Also the Diebold-Mariano test shows again that neither
the forecast with our indicator nor with the baro leads to a significant difference between
the forecasting errors of both regressions compared to the AR(2) model using either a
squared or an absolute loss funtion. To get a graphical impression of the respective y-o-y
6

For the y-o-y estimation, seasonal dummies are not included in the selection procedure as they should
not be necessary anymore. Nevertheless, we also ran a selection procedure with the seasonal dummies
included for our indicator (not reported here). It turned out that the dummies have effectively not been
selected by PcGets for the best model fit.
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Table 3.5: Estimation results for ∆yt , y-o-y, 1999q2-2007q4
∆yt−1
∆yt−2

AR(2)
1.05***
(6.37)
-0.31*
(1.88)

∆yt−4

pmt
0.59***
(4.05)

-0.24**
(2.51)
35.47**
(2.63)

pmt
barot−1
Constant
R̄2
σ̂

barot
0.62***
(3.85)
-0.28**
(2.17)

0.57**
(2.32)
0.66
0.87

2.23***
(3.19)
0.76
0.72

0.88***
(4.56)
0.13
(0.61)
0.79
0.68

Absolute t-values in parentheses. *** p<0.01 ** p<0.05 * p<0.1. Columns (1)-(3) report the results of
the PCGets selection procedure where the year-on-year real GDP growth rate (∆yt ) is the endogenous
variable. In column (1) the results for a simple AR(2)-regression are shown. Column (2) reports the
results for our indicator bct = pmt . Column (3) contains the results for the estimation with the KOF
barometer. Variables removed by PCGets for all three regressions are skipped in the table for brevity.
The adjusted R2 and the standard errors of regression (σ̂) are reported in the last two rows.
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Table 3.6: Overview of predicted values for y-o-y GDP growth
AR(2)
pm
baro GDP2010q1
2008Q1
3.47
3.31
3.18
3.12
2008Q2
2.57
3.10
2.73
3.24
2008Q3
2.06
2.40
2.07
1.67
2008Q4
1.37
0.38
0.97
−0.35
2009Q1
−0.82 −1.70 −1.81
−2.95
2009Q2
−2.34 −3.36 −3.12
−3.30
2009Q3
−1.05 −1.64 −1.48
−1.65
2009Q4
0.21
0.24
0.93
0.26
2010Q1
2.13
2.19
1.55
2.26
RMSFE
0.83
0.76
0.68
rel RMSFE
1
0.91
0.82
DM squared
- −0.20
0.26
- (0.42) (0.40)
DM absolute
- −0.00
0.04
- (0.50) (0.48)
The table shows the predicted values with the three different models as well as the latest available
publication of GDP (vintage 2010q2). RMSFE describes the root mean squared forecast error for the
respective forecasts, which is the square root of the average forecasting error. The relative RMSFE
describes the relation of the RMSFE’s to the simple AR(2) benchmark model. A value below one stands
for an improvement in terms of forecasting whereas a value above one represents a deterioration. In the
last two rows, the results of the Diebold-Mariano test (Diebold and Mariano, 1995) are presented using
either a squared or an absolute value loss function. Under the H0 it is assumed that the average of
differences in the forecasting errors between the compared forecasts are not significantly different from
zero. The respective p-values are reported in brackets below.
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forecasts, see figures 3.5, 3.6 and 3.7.
To conclude this section, we could show that our business cycle indicator does indeed
provide valuable information for gauging GDP growth and is hence a useful tool for nowcasting.7

3.4

Summary and conclusion

In this chapter we describe the derivation of a business cycle indicator that is based on a
semantic identification of shocks hitting the economy. We are able to identify positive and
negative shocks. We then define the fraction of firms which have been hit by a negative
shock as our business cycle measure. Compared to common methods of identifying business
cycle movements, our approach has several advantages. First, it is not subject to revisions
and has a publication lead of one quarter. Second, the time series has a clear economic
interpretation which methods based on statistical filtering, like the KOF barometer, have
not. Third, it does not require statistical filtering for smoothing. We therefore avoid the
assumption of strong priors and implied end point problems or other sources of uncertainty.
Fourth, the indicator is very easy to compute in comparison to factor analyses or other
elaborate methods. Furthermore, it comes along with low marginal costs. The application
of our indicator in a simple forecast equation showed that we can provide an adequate
nowcasting tool that can be used for nowcasting real GDP growth.

7

For the quarterly releases of this indicator see http://www.kof.ethz.ch/publications/
indicators/surprise_index/
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Figure 3.5: Forecast with equation (1) from table 3.5 (AR(2)) and y-o-y GDP growth (last
vintage)
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Figure 3.6: Forecast with equation (2) from table 3.5 (bct = pmt ) and y-o-y GDP growth
(last vintage)
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Figure 3.7: Forecast with equation (3) from table 3.5 (baro) and y-o-y GDP growth (last
vintage)
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Chapter 4
The NIRCU and the Phillips Curve:
An approach based on micro data
4.1

Introduction

The Phillips curve, which is the relationship between the deviation of unemployment from
its natural rate and inflation, is at the heart of monetary economics. Based on this relationship, Modigliani and Papademos (1975) created the acronym NIRU, which stands for
the non-inflationary rate of unemployment. It is defined as the rate of unemployment that
is consistent with a stable price level. It is important to note that in practice the NIRU is a
short-run concept and is distinct from the long-run natural rate of unemployment. This is
because the long-run natural rate captures the long-run real equilibrium determined by the
structural characteristics of labour and product markets. However, the NIRU is defined
solely in relation to the level of unemployment that is consistent with a stable price level in
the short run, and so it may be affected by the adjustment of the economy to past economic
shocks. As the effects of adjustment to shocks fade away, the NIRU will tend towards the
long-run natural rate (Batini and Greenslade, 2006). This differs from the NAIRU (nonaccelerating inflation rate of unemployment), which is consistent with a stable inflation
rate. However, the difference between the NAIRU and the NIRU is arguably small in a
low-inflation environment and zero in an environment with a stable price level. What is
important is that both are short-run concepts of the natural rate. Estrella and Mishkin
(2000) and Woodford (2002) emphasise that the short-run concept should be the main

This chapter is a revised version of Köberl and Lein (2011).
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focus of monetary policy, not the long-run natural rate. This is because the variability in
the short-run NAIRU and NIRU contain information on future inflationary pressures that
is disregarded when targeting the long-run natural rate. Nowadays, the term “Phillips
curve” is employed as a synonym for the short-run relationship between any measure of
excess demand and inflation.
While the unemployment gap, as well as the output gap as a measure of the deviation
of actual output from potential output, have been found to be useful indicators in the
Phillips curve relationship, Staiger et al. (1997) show that “some other variables are at
least as valuable as unemployment for predicting inflation” (p.46). Stock and Watson
(1999) suggest that, amongst some other measures of real activity, the rate of capacity
utilisation is a reliable indicator for upcoming inflationary pressures. Therefore, it would
be desirable to obtain an estimate of the current NAIRCU – the Non-Accelerating Inflation
Rate of Capacity Utilisation (McElhattan, 1985) or the NIRCU – the Non-Inflationary Rate
of Capacity Utilisation. In spite of the NIRCU being a theoretically appealing concept,
it is unobservable in empirical macro data. Most traditional approaches estimate the
non-inflationary rate of capacity utilisation as the long-term average of utilisation (i.e., it
is simply assumed to be constant over time). However, due to structural change in the
manufacturing sector, the NIRCU is rather expected to be time-varying (Gordon, 1997).1
Other, more sophisticated statistical methods, such as the Kalman filter, typically impose
strong priors on the smoothness of the trend or cycle, and generally assume that trend and
cycle shocks are uncorrelated.2 These restrictions lack support in theory, and, moreover,
tend to shape the estimated components (Basistha and Nelson, 2007).
Furthermore, output figures tend to be heavily revised and real-time estimates are
often flawed (e.g. Orphanides and van Norden (2002)). This is especially problematic
as the end-point estimates are most important for central banks to make forward-looking
monetary policy decisions. For example, Orphanides and Williams (2005) show that the
combination of monetary policy directed at tight stabilisation of unemployment near its
1

For example, Nahuis (2003) provides some explanations for an upward shift in the NAIRCU, which
equally apply to the NIRCU: innovations, better management techniques and improved functioning of
product and labour markets may have increased efficiency. Furthermore, increased competition stimulated by the establishment of the internal market and deregulation of product markets may have reduced
entrepreneurs’ pricing power, resulting in prices being increased at a higher level of demand.
2
For example, the majority of the estimates employing a Kalman filter approach assume that the
natural rate follows an AR(1) process. As the natural rate is unobserved, such assumptions are rather
arbitrary.

4.1 Introduction

51

perceived natural rate and large real-time errors in estimates of the natural rate contributed
to poor macroeconomic performance in the U.S. during the 1970s.
Offering an estimate of the NIRCU that is based on the theoretical idea of the noninflationary rate is the focus of this chapter. To derive the NIRCU in a theory-consistent
way, we rely on micro data information. More precisely, we use the KOF survey data, which
allows us to observe the capacity utilisation rate, price adjustments, and expected price
adjustments at the firm level.3 Hence, we can link the utilisation rate to the knowledge
of whether, at that given utilisation rate, a firm has adjusted prices or expects to adjust
prices. If a given firm in the data set indicates that it does not adjust prices and does not
expect to adjust prices in the next period, the utilisation rate the firm currently reports
can be considered to reflect the firm-specific NIRCU, defined as the rate of utilisation that
is consistent with no change in prices.
Our measure has advantages over previous estimates. First, it is available before official
GDP figures are released. Second, it is derived from micro data and explicitly takes into
account the theoretical idea that the NIRCU should reflect the rate of capacity utilisation
that is consistent with a stable price level. Third, it is derived from very simple methods
that are not subject to end-point adjustments or priors on the smoothness of the trend or
cycle. Fourth, it takes into account heterogeneity at the firm level and, fifth, allows for
time variation.
As this is the first estimate of the NIRCU based on micro data, the illustration in figure
4.3 already covers valuable information. In particular, it proves to be quite volatile and
time-varying, which are the characteristics that Estrella and Mishkin (2000) expect from
the theoretical idea of the short-run concept of the natural rate. They argue that a shortrun indicator is related to past lags of inflation, for example, and therefore the short-run
concept may undergo substantial fluctuations even if the related long-run natural rate is
constant. We test the performance of the micro based NIRCU as a measure of real activity
in a hybrid version of the New Keynesian Phillips curve for Switzerland. We show that
our measure performs remarkably well, yielding estimates close to the Galı́ et al. (2001)
estimates for other countries using ex-post marginal cost or output gap data. The latter,
however, are often subject to huge revisions several quarters after the first release, which
our measure is not. The results are robust to specifying the Phillips curve using survey
3

The exact data source is the KOF Swiss Economic Institute’s quarterly Business Tendency Survey in
the manufacturing sector.
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data as a measure for inflation expectations, and estimating it in first differences.
This chapter is structured as follows. Section 4.2 describes the survey data used in the
calculation of the NIRCU, which is given in section 4.3. The performance and informational
content of the NIRCU is tested in section 4.4. Section 4.5 presents robustness checks, and
section 4.6 concludes.

4.2

Data description

In our analysis, we use firm-level micro data for Switzerland. The data source is a business
tendency survey in the Swiss manufacturing industry collected by the KOF Swiss Economic
Institute. It covers the years 1985 Q1 to 2009 Q4 on a quarterly basis. The purpose of
the survey is to construct business tendency indicators. There are about 1, 500 firms in
the survey panel, which represents about 12.6% of all registered Swiss manufacturing firms
and about 30% of employment in the manufacturing sector. Manufacturing value-added
accounts for about 20% of GDP in Switzerland. On average 1, 111 firms responded to
the quarterly survey in our sample. However, as firms respond on a voluntary basis, the
number of firms responding varies, which gives us 111, 110 observations in an unbalanced
panel.4 Firms receive the questionnaire on the first working day after the end of a quarter
and the results of the survey are released by KOF at the end of the same month.5 Thus,
the data is available far earlier than GDP figures, which are released only at the end of the
following quarter. Furthermore, GDP data are usually revised substantially, even after up
to eight years after the first release (Cuche-Curtis et al., 2009).6 This is not the case for
the capacity utilisation data.
There are several qualitative questions about prices in the survey. Firms are asked
whether their selling prices (i) have changed in the previous three months (denoted by
P riceit for firm i at period t) and (ii) are expected to change in the following three months,
Et (P ricei,t+1 ). The answering options for both questions are increase (+1), decrease (-1) or
left unchanged (0), whereas a non-response is treated as missing value. Relating to capacity
utilisation, the firms are asked to quantify their capacity utilisation (U tilisationit ) within
4

We have already excluded the firms that did not respond to the questions relevant for the construction
of the indicator in this chapter. Therefore, the figures do not exactly fit those reported in Lein (2010).
5
See Lein (2010) for more details on the survey and the survey procedure.
6
For example, Cuche-Curtis et al. (2009) show that the mean revision of GDP growth rates between
1995Q4 and 2005Q4 amounts to 0.82 to 0.64pp even five to eight years after the initial release.
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the past three months in percentage points, where the firms can choose from a range of
50% to 110% in five-percent steps.
To obtain a measure for the current pressure to invest into new equipment, firms
are queried about their current technical capacities. The question in the survey reads:
technical capacities in your firm are...?” and the firm has three response options: more
than sufficient (+1); sufficient(0); not sufficient(-1).7 This indicator, which we label
Investment Gap henceforth, allows us to identify firms that are running at high (low)
capacity because of a need to adjust their capital stock. These are the firms that report
that their technical capacities are not (more than) sufficient. These firms should not determine the NIRCU, even though they might keep their prices unchanged, because their
utilisation rate may be systematically biased by a positive (negative) investment gap.8
Thus, we use only firms in the NIRCU that report that their current technical capacities
(their capital stock) are sufficient.
The distribution of capacity utilisation rates across firms shows a fair amount of heterogeneity, which we show in the left panel of figure 4.1. For this example, we choose one
point in time, here it is the first quarter in 2003. In this specific quarter 5% of all firms
in the sample currently use 55% of their capacity, most of the firms (16%) use 85%, 2%
operate at 100% and 1% utilise 110%.
The main idea behind our micro data-based NIRCU is that we build upon the theoretical requirement that the non-inflationary rate is associated with a stable price level.
Hence, firms operating at the NIRCU should not feel any pressure to adjust prices. Thus,
we define the NIRCU as the rate of capacity utilisation that is consistent with a zero in7

Note: technical capacity is defined in the survey questionnaire as the amount and quality of equipment
(incl. buildings). Technical capacities are more than sufficient if they currently cannot be utilized as desired
due to insufficient demand for the product. They are not sufficient if expected demand for the product
cannot be met without an increase in delivery lags due to shortage of technical capacity.
8
There may be a systematic deviation of the NIRCU of firms that are changing prices from the NIRCU
of firms that are not changing prices. This is the case when firm i’s capital stock (kt ) is lower than its
desired capital stock (kt∗ ), i.e. the stock of capital it would hold if it did not face capital adjustment cost.
The difference between the two is labelled the investment gap (Caballero et al., 1995), which measures
the pressure to invest (investment gapt = kt∗ − kt ). Thus, with costs of adjusting capital, the gap is
closed completely by an investment and the investment rate is exactly the size of the investment gapt .
See Caballero et al. (1995) for the theory and Doms and Dunne (1998) for empirical evidence. In our
context, this implies that firms, to meet higher demand in a period with a positive investment gap, most
likely have to raise their utilisation rates. After the firm has invested, the utilisation rate will fall back
again to a lower level. If this firm does not adjust prices, it seems as if the NIRCU first increases and then
falls. However, this movement in the NIRCU is not due to a movement in the rate of utilisation that is
consistent with price stability, but to the adjustment of the capital stock.
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Figure 4.1: Distribution of capacity utilisation rates across firms
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The left panel in the figure shows the distribution of capacity utilisation rates across all firms in 2003
Q1. The right panel shows the distribution of capacity utilisation rates across firms that report that their
current technical capacities are sufficient, did not change prices in the current quarter and do not expect
to change prices in the upcoming quarter in 2003 Q1. KOF Quarterly Industry Survey.

vestment gap and associated with no change in prices and no expected change in prices.9
The advantage of the data set is that we can directly link the information on price adjustments or expected price adjustments to the rate of capacity utilisation. In this way, we can
control for the unobserved heterogeneity across firms to some extent, as we can observe at
the firm level which firm-specific capacity utilisation rate is related to price changes and
which is not. The right panel in Figure 4.1 shows the distribution of capacity utilisation
rates including only firms that indicate no investment gap and state that they left their
selling prices unchanged in the previous quarter and do not expect to change their prices in
the upcoming quarter. When we exclude the firms that changed prices or expect to change
prices, or that indicate an investment gap, only 2% of firms in the sample use 55% of their
capacity, compared to the 5% observed before. Most of the firms (20%) still produce at
85% of their capacity, 3% operate at 100% and 1% utilise 110%.
From total numbers, it can be calculated that for roughly 45% of the firms with a
capacity utilisation of 85% prices change. For the other 55%, a utilisation of 85% is not
associated with pressure to raise prices in the short run.
9

It should be borne in mind that the measure proposed in this chapter is not necessarily a measure of
the natural rate in the New Keynesian sense. Prices we observe are final selling prices and not measures
for the mark-up. If input prices are falling but a firm holds output prices constant, the New Keynesian
approach would classify this firm as being above the natural rate, while our measure defines it as being at
the NIRCU.
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Figure 4.2: P-values of the Wilcoxon-Mann-Whitney test on equality of distributions
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P-values of the Wilcoxon-Mann-Withney test, which tests whether the distribution of capacity utilisation
rates of firms in the NIRCU at quarter t is significantly different from the distribution of capacity utilisation
rates of firms not in the NIRCU at quarter t for t=1985 Q1,...,2009 Q4.

This already shows that the NIRCU is very heterogeneous and shows substantial variation at the firm level. In order to test whether the distribution of capacity utilisation rates
of firms having no price pressure is significantly different from those reporting price pressure we perform a two-sample Wilcoxon-Mann-Whitney test. It uses the rank of data from
two independent sample sizes to test the hypothesis that the samples of observations come
from the same distribution (Mann and Whitney, 1947 and Wilcoxon, 1945). In our case it
assumes that we draw the NIRCU firms’ capacity utilisation rates from a distribution of
all firms, and then test whether the utilisation rates in the NIRCU are different from those
that remain undrawn, i.e., which are not in the NIRCU. This allows us to test whether the
distributions are significantly different from each other. We ran the test for each quarter
from 1985 Q1 to 2009 Q4. Figure 4.2 shows the associated p-values. We can reject the
null hypothesis of equality of the samples in 73% of the time periods at the 10% level of
significance. In other words, in 27% of the time periods, there is no significant difference
between the distributions of firms determining the NIRCU and the distributions of firms
that do not determine the NIRCU. In these time periods, the gap between the NIRCU and
the other firms’ utilisation is very low. As shown in the following section, inflation was
very low during the same period. Especially in the beginning of the sample the p-values
are far above 0.1 where inflation drops from about 4% to almost zero.
For these reasons, we find it important to take into account the heterogeneity in the
level of utilisation associated with no price adjustments when deriving a NIRCU on the
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macro level. Furthermore, the firm-specific NIRCU can be time-varying due to several
structural changes in the manufacturing sector over the two decades under review. See
Gordon (1998, 1999) for a discussion. The following section describes the details of the
construction of our NIRCU variable.

4.3

The NIRCU based on micro data

As mentioned in the introduction, the measure for the NIRCU we propose has several
advantages over other statistical measures derived from macro data. We use a bottom-up
approach, first constructing a firm-specific NIRCU, which we then aggregate to obtain a
macro level NIRCU.
We define the capacity utilisation rate of firm i that is not biased by an investment gap
and that is consistent with no price adjustments conducted by firm i at quarter t as

N IRCUit = (U tilisationit | P riceit = 0, Et (P ricei,t+1 ) = 0, Investment Gap = 0.) (4.1)
Thus, the current rate of utilisation is equal to the NIRCU for firm i in t if it is associated
with no price adjustments in the current or the upcoming quarter and if the firm is not
facing an investment gap. We chose to condition on both the current and the next period’s
price adjustments, as some firms might not be able to adjust prices immediately, but still
feel price pressure. Other firms might be able to adjust prices instantaneously.10
In a second step, we aggregate these firm-level rates of capacity utilisation up to obtain
a macro-level time series. We weigh the utilisation rates by firm size. As a measure of firm
size we use the number of employees in firm i (employeeit ).11 Furthermore, we define an
indicator variable N Rit , which is one if firm i at time t is at its NIRCU and zero otherwise.
The sum of all employees in all firms which currently operate at the NIRCU is then
10

Conditioning only on expected price changes or only on current price changes does not change any
of the results substantially. The two series conditioning only on current and only on expected price
adjustments are available from the authors upon request.
11
Unfortunately, the number of employees is the only quantitative variable in the survey that allows
us to construct firm weights for the aggregate indicator. Arguably, using weights from firms’ fixed capital
or value-added would be more appropriate. However, such data is unfortunately not available on the firm
level.
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M axweightN IRCUt =

X

employeeit ∗ N Rit .

(4.2)

i

To obtain the macro-level NIRCU, we weight the firms which operate at their natural
rate with their respective firm size
N IRCUt =

X employeeit ∗ N IRCUit
i

M axweightN IRCUt

.

(4.3)

To derive the current capacity utilisation rate in the economy at the macro level, we
similarly use all capacity utilisation rates weighted by firm size and compute an aggregate
measure
CUt =

X employeeit ∗ U tilisationit
i

M axweightCUt

(4.4)

where M axweightCUt is defined as
M axweightCUt =

X

employeeit .

(4.5)

i

We thus allow for a firm-specific NIRCU by taking into account that different firms
have different utilisation rates they associate with no price pressure. We assume that the
firms are otherwise identical on average, thus that –after aggregation– the firms running
at the NIRCU can identify the NIRCU of the firms that do not.
To obtain a time series for the capacity utilisation gap, we simply use the difference
between the natural rate N IRCUt and the current aggregate utilisation CUt
GapCUt = CUt − N IRCUt .

(4.6)

We plot the series in Figure 4.3. It can be seen that the utilisation rate (CU) in the Swiss
economy was on average around the NIRCU at the beginning of the sample, whereas during
the early nineties, utilisation rates are below the NIRCU. From the end of the nineties to
2006, the average utilisation in Switzerland fluctuates around the NIRCU. In the last two
quarters of 2006 and 2007, the current average utilisation rate even lies above the NIRCU.
At the end of the sample, the NIRCU lies above the average utilisation. Another striking
feature of the NIRCU is that it appears to be more volatile than other measures of the
natural rate. However, the usual smoothness of the natural-rate measures is a result of
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Dashed line average utilisation rate CUt , grey solid line N IRCUt , not seasonally adjusted. Source: KOF
Quarterly Industry Survey.

rather arbitrary statistical smoothing (Ball and Mankiw, 2002). There is no theoretical
reason for expecting the natural rate to be very smooth. For example, real shocks should
affect the natural rate, which may cause the volatility in the NIRCU series. Given that we
focus on a short-run concept with the NIRCU, it may also be expected to be more volatile.
It might be worth recalling what the NIRCU is: it is the level of capacity utilisation at
which inflation would be zero. Theoretically, the level of the NIRCU is not only affected
by the long-run natural rate but also by all inflationary pressures due to short-term supply
shocks or expectations (see Estrella and Mishkin, 2000 or Camarero et al., 2005).12
Our measure of the NIRCU is, during some periods, even more volatile than the aver12

Note that firms that are hit by a shock to their prices which does not affect their utilisation rate
should have the same utilisation rate as otherwise identical firms that are not hit by that shock. Thus,
even though the former firms do not enter the NIRCU, the difference between the NIRCU and the average
utilisation should be zero and thus not indicate inflationary pressure. Moreover, the NIRCU takes into
account possible asymmetries in the impact of over- and under-utilisation of capacity. If under-utilisation
does not lead to price reductions, whereas over-utilisation does, the NIRCU would show no difference to
the average utilisation in the case of under-utilisation (and thus indicate no price pressure) but it would be
below the average utilisation during a period when many firms report over-utilisation (and thus indicate
upward pressure on prices).
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age utilisation rate.13 Note that both series are not yet seasonally adjusted. Hence, the
volatility might partially be caused by the seasonality and staggered price setting found in
earlier studies (Lein, 2010). Furthermore, as will be shown in chapter 5 (also see Lein and
Köberl (2009)), firms that are constrained to adjust their capacity in the short run are more
likely to adjust prices. Hence, these firms are included in the average utilisation rate but
not in the NIRCU. Arguably, these are firms that have a stable utilisation rate, otherwise
they would not report that they are constrained in terms of capacity. Firms that are not
constrained and can adjust their capacity in response to shocks are those that are included
in the NIRCU. As these are more likely to adjust to shocks by adjusting utilisation, the
NIRCU can be expected to display more volatility in the presence of shocks.
Furthermore, the volatility of such a structural measure is in line with a growing recent
empirical literature. For example, the structural output gap series estimated by Neiss and
Nelson (2005) is more volatile than HP filtered series. Basistha and Nelson (2007) derive
the unemployment gap based on the forward-looking New Keynesian Phillips Curve. In
addition, their estimates of the natural rate show a fairly volatile natural rate of unemployment. King and Morley (2007) come to a similar conclusion. They measure the natural
rate of unemployment as the time-varying steady state of a structural vector autoregression
(SVAR). Their findings show that its movements account for most of the variation in the
unemployment rate, as well as substantial portions of the variation in aggregate output
and inflation.
However, there are clearly some shortcomings of our measure that have to be borne
in mind. First, while we can construct a measure of the NIRCU, we cannot construct a
measure of the NAICU. However, the goal of the monetary policy framework of the Swiss
National Bank (SNB) is long-term price stability.14 Thus, the NIRCU is an interesting
concept for monetary policy makers, too. This is especially true for such a low-inflation
country as Switzerland. As shown in the left panel in Figure 4.4, inflation was relatively
low in Switzerland over the observation period and the growth rate of the producer price
index (PPI), the CPI and the consumption deflator are highly correlated. The right panel
in Figure 4.4 shows the growth rate of GDP and the growth rate of value added in the
13

The standard deviation of the NIRCU is slightly lower than the standard deviation of average utilisation, as shown in the summary statistics reported in Table 4.5.
14
The SNB defines price stability as a rise in the national consumer price index (CPI) of less than 2%
per year. It is recognised that the CPI probably overstates actual inflation to some extent. Consequently,
price stability is equated with a slightly positive measured inflation rate (Baltensperger et al., 2007).
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Figure 4.4: Macroeconomic data for Switzerland
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The left panel shows Swiss inflation rates, measured by the consumption deflator, the CPI and the PPI,
all % y/y. The right panel shows the growth rate of Swiss GDP and manufacturing value added, both
% y/y. Sources for CPI and PPI: Swiss Federal Statistical Office (SFSO); GDP, GDP deflator and value
added: Quarterly National Accounts, State Secretariat for Economic Affairs (SECO).

manufacturing sector. GDP grew by 1.74% and manufacturing value-added by 1.98% on
average over the sample. They are also highly correlated, the regression slope including a
constant is 1.02 and the correlation coefficient 0.64. Thus, the cycle in the manufacturing
sector is quite representative for the aggregate business cycle.
Moreover, we look only at pricing behaviour and utilisation rates of the manufacturing
sector. As shown in Lein (2010), about 30% of prices in the manufacturing sector change
per quarter, which suggests that firms change prices slightly more often than once a year.
Meanwhile, prices in other sectors are likely to change more or less often due to heterogeneity in price setting documented in the price-setting literature. For example, Kaufmann
(2008), using prices underlying the calculation of the Swiss CPI, shows that prices of services change less often (13.7% per quarter) and prices of unprocessed food change rather
frequently (38.7% per quarter). On average, 23.5% of all prices change per quarter in
the Swiss CPI, which is relatively close to the average price changes in the manufacturing sector. Nevertheless, it should be borne in mind that we do not exactly measure the
NIRCU that is consistent with no price changes in the overall economy but proxy for it by
measuring the NIRCU of the manufacturing sector.
Second, if a huge shock hits the economy such that all firms raise prices at the same
time, we would not be able to identify a NIRCU during that period. In the current
sample, at least one fourth of the firms are at the NIRCU. On average about half of the
firms (47.8%) determine the NIRCU. Even though it is highly unlikely that the economy
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were to be hit by such a large shock, that only few or even no firms were left to identify
the NIRCU, such a case cannot be ruled out completely.15 However, our sample covers the
years 2008 and 2009 and therefore incorporates the recent crisis which was quite unique
in its appearance and characteristics, but even in 2008 fourth quarter 42% of firms do not
change their prices and in 2009 first quarter there are still 36% of firms that determine in
the NIRCU. However, if, for example, all firms raised prices in the same quarter, a precise
measure of the NIRCU might not be necessary for monetary policy makers to know that
tighter policy would be required.
Third, it should be borne in mind that the NIRCU is correctly estimated only under the
assumption that the firms that change prices are not fundamentally different from those
that do not change prices. In other words, we assume that the utilisation rate at which all
firms would not be changing prices is the same, on average, as the average utilisation rate
of actual non-price changers.

4.4

Phillips curve estimates

The estimation of a NIRCU is only an advantage if the indicator is at least as good as other
indicators for inflationary pressures. Therefore, in this section, we test for the informational
content of the capacity utilisation gap by including it in a Phillips curve regression. We
compare the indicator with a measure of the capacity utilisation gap, where the NIRCU
is assumed to be equal to the long-term average of capacity utilisation rates, measures of
the output gap, and unit labour costs.16
Our empirical equation is a hybrid Phillips curve with a forward looking and a backward
looking component
πt = λGapt + γ f Et {πt+1 } + γ b πt−1
15

(4.7)

We assume that such a large shock seems quite unlikely in a low-inflation country given recent findings
on price setting behaviour in high-inflation contries. For example, even in Mexico, where inflation reached
86% in 1995, the share of prices changed in the Mexican CPI was 64.7% in that month (Gagnon, 2009).
Similar findings for high-inflation periods in Israel, Argentina, and Poland are provided by Eden (2001),
Burstein et al. (2005), and Konieczny and Skrzypacz (2005), respectively. Thus, even in such a situation
not all prices changed in a given month. Arguably, looking at quarterly data might change this picture
slightly, but, at least to our knowledge, no study looking at pricing behaviour in extreme situations found
a quarter in which all prices changed.
16
The gap measures have been standardised.
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where πt is inflation, Et {πt+1 } is expected inflation, and Gapt the output gap, for which
we include different proxies.
We use two approaches to estimate equation (4.7). First, we follow Galı́ and Gertler
(1999) and employ generalised method of moments (GMM). Second, we estimate the equation with inflation expectations derived from survey data in the robustness section. For
the former we use the orthogonality conditions that can be derived from rational expectations where the forecast error of πt+1 should be uncorrelated with the available information
dated at t. It follows from equation (4.7) that
Et {(φπt − (1 − ω)(1 − θ)(1 − βθ)κGapCUt − θβπt+1 )Zt } = 0

(4.8)

where Zt is a vector of variables dated at t and earlier and thus orthogonal to the inflation
surprise in t + 1. This condition forms the basis of the GMM estimation, where we use
three lags of the inflation rate, two lags of the import price inflation, the lagged real
wage inflation, the spread between the short and long term interest rate, and the lagged
measure of the output gap as instruments.17 Additionally, we include the lagged real-time
HP filtered output gap measure in the set of instruments. Dufour et al. (2006) suggest
that the real-time output gap is an appropriate instrument, instead of an output gap
based on detrending GDP up to the end of the sample period. We therefore use the realtime output gap as an instrument, as provided by the Swiss National Bank (SNB). The
import price inflation rate is taken from the Swiss Federal Statistical Office (SFSO) and
the spread between the short and long term interest rate is measured by the difference
between the 3-month LIBOR and the 10-year government bond yield, both provided by
the SNB. Real wage inflation is taken from the Quarterly National Accounts provided by
the State Secretariat of Economic Affairs (SECO).18 The inflation rate is measured by
the annual growth rate of the private consumption deflator and is obtained from SECO.19
Summary statistics are given in Table 4.5 in the Appendix. To check for the robustness
17

We have tried to include different instrument specifications, also including other interest rate spreads
and more lags of the respective instruments. As long as the instruments were valid and we did not include
too few instruments, the results remained robust.
18
Unfortunately, the real wage inflation is not available to us in real-time. We are therefore only able
to use the ex-post series as an instrument. Nevertheless, we follow the procedure of Dufour et al. (2006)
and use the ex-post series. The tests we ran confirm the validity of the instruments and the following
robustness checks show that our results are robust.
19
We also use the ex-post series here. Nevertheless, the private consumption deflator is based on the
CPI and revisions arise from changes in the weighting of the product classifications only. The changes in
the dynamics of the series are therefore negligibly small.
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of the results with respect to the GMM methodology we also run a separate regression
using OLS with Newey West corrected standard errors and a survey measure of inflation
expectations, which are reported in the following section.
Our GMM estimates are reported in Table 4.1. In column (1) we employ the NIRCU
gap GapCUt derived in this chapter as a measure for real activity. We find parameter
values that are close to the values for the euro area found in Galı́ et al. (2001). The
coefficient on GapCUt is 0.09, and it is significant at the one percent level. Galı́ et al.
(2001) find coefficient estimates of 0.04 for the euro area and 0.16 for the U.S. The estimates
for the coefficients on expected and lagged inflation are 0.40 and 0.60 respectively. The
estimates in Galı́ et al. (2001) for the euro area are 0.27 and 0.69, and 0.36 and 0.60
for the U.S. In columns (2) to (5) we replicate the estimations from (1), with the only
difference being that we include other proxies for the output gap in the regressions. In
column (2) we use the deviation of capacity utilisation from the long-run average (which
is around 85.2 percent) GapAvgCUt . This measure is commonly used as a measure for
real activity with capacity utilisation data.20 When using this variable, the coefficient on
the estimated Phillips curve relationship is insignificant. In column (3) we use the output
gap constructed by the KOF (GapGDPt ). The coefficient estimate is wrongly signed and
statistically insignificant. We also use a measure of unit labour cost as an explanatory
variable for the Phillips curve equation. The data is taken from a KOF calculation (U LCt ).
The estimate reported in column (4) is correctly signed but also not significantly different
from zero. Column (5) uses the output gap based on a HP filter (GapGDP HPt ). Again,
the output gap is insignificant. Based on the Hansen test, we do not reject the models
except for the regression with the KOF output gap. However, as noted by Dufour et al.
(2006) and Nason and Smith (2008), amongst others, the GMM may be biased in the
presence of weak instruments, which leads to potentially spurious overrejections of the
Hansen test. We therefore applied the two tests based on the Anderson and Rubin (1949)
(AR) pivotal F-statistic developed in Dufour et al. (2006). One is the AR procedure,
which is robust to both weak and missing instruments, and to the formulation of a model
for endogenous explanatory variables. The shortcoming of the procedure is that it may
lead to a large number of identifying instruments, reducing the degrees of freedom and
therefore affecting the test power. Dufour et al. (2006) therefore suggest using in addition
20

E.g., Nahuis (2003) assumes that the NAICU is constant. He obtains estimates of the NAICU for
Germany, France, the Netherlands, Belgium and Italy. His estimates vary between 78.1 for Italy and 86.4
for France for the period 1986 to 1996.
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the statistic developed in Kleibergen (2002). The statistic overcomes the deficiencies of the
Anderson-Rubin statistic, whose limiting distribution has a degrees of freedom parameter
equal to the number of instruments, because it has a degrees of freedom parameter equal
to the number of structural parameters. The p-values of the two test statistics are shown
in the last two rows of Table 4.1. Neither the AR nor the AR-K tests reject the models,
suggesting that our instrument choice is valid. The results from these regressions suggest
that the NIRCU is indeed a good indicator for inflationary pressure. We find that the
NIRCU does indeed perform better than the other measures of the output gap. Thus, even
though the other indicators have already been corrected by revisions, the NIRCU performs
better in the Phillips curve. Consequently, the NIRCU is both available early and is even
more reliable than already revised alternative measures of the output gap. However, the
fact that other measures of the output gap are insignificant does not necessarily mean that
they are flawed or wrong. For example, Mourougane and Ibaragi (2004) show that the
capacity utilisation-inflation trade off in Japan becomes insignificant when inflation is low.
Mihailov et al. (2009) do not find a significant coefficient on the output gap for Switzerland
either. This might be explained by findings in the literature that the output-inflation tradeoff becomes lower in a low-inflation environment (e.g., Ball et al., 1988). This might explain
why in very low-inflation environments, such as in Switzerland or Japan, it is hard to find
a significant relationship between the output gap and inflation, because the trade-off is
close to zero. The insignificant relationship between the other output gap measures and
inflation may therefore be explained by the fact that it is hard to reject the null of a zero
coefficient, rather than by the fact that the measures themselves are flawed. The NIRCU
displays more variation, which might make it easier to identify a relationship.
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Table 4.1: GMM parameter estimates, 1985Q1-2009Q4
Et [πt+1 ]GM M
πt−1
GapCUt

(1)
0.40***
(0.04)
0.60***
(0.03)
0.09***
(0.03)

GapAvgCUt

(2)
0.48***
(0.04)
0.52***
(0.03)

(3)
0.48***
(0.05)
0.53***
(0.04)

(4)
0.50***
(0.03)
0.51***
(0.03)

0.01
(0.02)

GapGDPt

-0.01
(0.03)

U LCt

0.00
(0.00)

GapGDP HPt
Constant
Observations
Hansen J-Stat
p-value Hansen
p-value AR
p-value AR-K

(5)
0.48***
(0.04)
0.52***
(0.03)

-0.02
(0.02)
97
0.04
(0.31)
0.95
0.92

-0.02
(0.02)
97
0.06
(0.11)
0.80
0.53

-0.02
(0.02)
97
0.08
(0.06)
0.79
0.61

-0.03
(0.02)
97
0.06
(0.10)
0.71
0.78

0.02
(0.02)
-0.02
(0.03)
97
0.05
(0.15)
0.78
0.96

Standard errors in parentheses. *** p<0.01 ** p<0.05 * p<0.1. Columns (1)-(5) report GMM estimates,
where the expected inflation rate Et [πt+1 ]GM M is instrumented by three lags of the inflation rate, the
two lags of the import price index, the lagged output gap, the lagged real wage growth, the spread
between the 3-month LIBOR and the Swiss 10-year government bond yield, and the lagged output gap in
real time (GapGDP HPtRT ). The import price index is taken from the Swiss Federal Statistical Office
(BFS). In column (1) the measure for the Phillips curve relationship is GapCUt as proposed in this
chapter. Column (2) employs the deviation of capacity utilisation from its constant long-run average
GapAvgCUt as measure for real activity. Column (3) employs the output gap GapGDPt calculated by
the KOF. Column (4) uses the unit labour cost measure U LCt calculated by the KOF. Column (5) uses
the output gap based on an HP filter (GapGDP HPt ). P-values of the Hansen J-Statistic are reported in
brackets. P-values for the Anderson-Rubin Test (AR) test and the Kleibergen (AR-K) test proposed by
Dufour et al. (2006) are reported in the last two rows.
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4.5

Robustness

In this section, we provide robustness checks for our results for the Phillips curve estimates. The GMM procedure proposed by Galı́ and Gertler (1999) has been criticized by
Dufour et al. (2006) or Nason and Smith (2008), amongst others, on the grounds that
weak instruments may undermine GMM based inference and cause spurious rejections of
the Hansen test. We therefore use an alternative to assuming rational expectations and
applying GMM. We replace the proxy for expected inflation by a direct measure of inflation expectations, following for example Henzel and Wollmershäuser (2008) for European
countries and Adam and Padula (2003) or Zhang et al. (2009) for the US. This allows us
to estimate the equation by OLS.21
To measure expected inflation, we employ the median forecast of professional economists
for the next twelve months collected by Consensus Economics (Et [πt+1 ]F orec ).22 As consensus economics data for inflation expectations is only available from 1990 onwards, the number of observations drops to 80. The OLS estimates with Newey-West corrected standard
errors can be found in Table 4.2. As in Table 4.1, columns (1) to (5) report the estimates
employing the different proxies for the output gap. In column (1) we report our estimates
for the NIRCU gap constructed in this chapter. The estimated coefficient for the gap has
a value of 0.19 and is therefore higher than the GMM estimate. With OLS, the measure of
the ouput gap is also significant at the one percent level. Both the coefficient on expected
inflation and the lagged inflation are higher than the GMM coefficients. This finding is in
line with the results reported in Henzel and Wollmershäuser (2008) for Germany. They
estimate a coefficient on expected inflation of 0.24, a coefficient of 0.79 on lagged inflation
and a coefficient of 0.08 on the measure of the output gap. Furthermore, the estimates
are close to the estimates in Galı́ et al. (2001) for Europe. As shown in columns (2) to
(5), another output gap measure is now significant, even if the regression with the NIRCU
gap outperforms all other regressions in terms of the R2 . While GapGDPt is still wrongly
21

Henzel and Wollmershäuser (2008) show that OLS is valid and that the estimated parameters are
very stable over time.
22
Consensus Economics conducts monthly surveys among professional economists from banks and public
institutions. The survey asks them about their expectations regarding inflation and other macroeconomic
aggregates for the current and the upcoming year. The consensus forecast is the mean of these forecasts
for the Swiss CPI. The data have been transformed to obtain a fixed, one-year ahead forecast horizon.
The exact transformation proceeds as follows: for month m of a given year t, the expectation of inflation
is defined as (13 − m)/12 times the forecast for year t plus (m − 1)/12 times the forecast for year t + 1.
We then employ the monthly series and aggregate it to a quarterly series by employing simple averages.
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Table 4.2: OLS parameter estimates, 1990Q1-2009Q4
Et [πt+1

]F orec

πt−1
GapCUt

(1)
0.52***
(0.17)
0.63***
(0.11)
0.19***
(0.06)

GapAvgCUt

(2)
0.39**
(0.18)
0.70***
(0.11)

(3)
0.49***
(0.18)
0.63***
(0.11)

(4)
0.45***
(0.16)
0.67***
(0.09)

0.09
(0.07)

GapGDPt

-0.18***
(0.06)

U LCt

0.00
(0.01)

GapGDP HPt
Constant
Observations
F-Statistic
R2

(5)
0.50**
(0.20)
0.61***
(0.13)

-0.31**
(0.13)
80
403.12
0.94

-0.20
(0.15)
80
342.38
0.93

-0.26*
(0.14)
80
393.88
0.94

-0.27*
(0.15)
80
328.23
0.93

0.13**
(0.06)
-0.25
(0.17)
80
359.20
0.93

Newey-West corrected standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. Columns (1)-(5)
report OLS estimates with Newey West corrected standard errors. The expected rate of inflation
(Et [πt+1 ]F orec ) is the real-time forecast for Switzerland from Consensus Economics, which is available
from 1990 onwards only. In column (1) the measure for the Phillips curve relationship is GapCUt as
proposed in this chapter. Column (2) employs the deviation of capacity utilisation from its constant
long-run average GapAvgCUt as measure for real activity. Column (3) employs the output gap
GapGDPt calculated by the KOF. Column (4) uses the unit labour cost measure U LCt calculated by the
KOF. Column (5) uses the output gap based on an HP filter.

signed, GapGDP HPt is correctly signed and significant. This measure was insignificant in
the GMM estimation, which suggests that the survey-based measures of expectations are
indeed better than the assumption of rational expectations underlying GMM. However,
the better performance may also be driven by some stationarity problems.
As a second robustness test we estimate equation (4.7) in first differences. Unit root
tests are reported in Table 4.6 in the Appendix. We ran four unit root tests: the augmented
Dickey Fuller (Dickey and Fuller, 1979) test (ADF), the Phillips-Perron (Phillips and Perron, 1988) test (PP), the Dickey-Fuller GLS (Elliott and Stock, 1996) test (DFGLS), and
the Kwiatkowski-Phillips-Schmidt-Shin (Kwiatkowski et al., 1992) test (KPSS). We find
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that while the tests suggest that the output gap measures and the instruments, except
the interest rate spread and the realtime output gap, used in the regressions are all I(0),
the results for inflation are indeed mixed. While we cannot reject the null of a unit root
using the PP and the ADF test, we can reject the null of a unit root using the DFGLS
test for the consumption deflator but not for the CPI. The KPSS test, which tests the null
hypothesis of a stationary series, could not be rejected for both inflation series. Thus, two
tests suggest that inflation has a unit root, while others suggest the opposite. We have
therefore added a robustness check and used the inflation series in first differences. Table
4.3 reports the results for equation (4.7) in first differences using GMM. The coefficients on
expected and lagged inflation are estimated to lie at around 0.3 to 0.4. The change in the
capacity utilisation gap derived from the NIRCU (∆GapCUt ) is again highly significant
and correctly signed. The coefficient is higher than in the level specification. Again, all
other measures of the output gap are insignificant, even when correctly signed. We also
estimated the OLS equation with the survey forecasts in first differences. Table 4.4 shows
the results. Lagged inflation is now insignificant in all specifications while the expected
inflation rate is always significant and displays a coefficient of around 1.2. Our results
remain unchanged with regards to the output gaps. The capacity utilisation gap is the
only significant one and the size of the coefficient is 0.13. The other gap measures are
not significant and now all of them are wrongly signed. Again, the regression with the
NIRCU gap outperforms the other measures in terms of the R2 . Overall, the results for
the capacity utilisation gap derived from the NIRCU remain robust.
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Table 4.3: GMM parameter estimates in first differences, 1985Q2-2009Q4
∆Et [πt+1

]GM M

∆πt−1
∆GapCUt

(1)
0.33***
(0.11)
0.32***
(0.06)
0.15***
(0.05)

∆GapAvgCUt

(2)
0.40***
(0.10)
0.32***
(0.05)

(3)
0.37***
(0.14)
0.33***
(0.05)

(4)
0.44***
(0.09)
0.32***
(0.05)

0.06
(0.07)

∆GapGDPt

-0.10
(0.13)

∆U LCt

0.00
(0.01)

∆GapGDP HPt
Constant
Observations
Hansen J-Stat
p-value Hansen
p-value AR
p-value AR-K

(5)
0.37**
(0.14)
0.31***
(0.05)

0.00
(0.03)
96
0.05
(0.17)
0.60
0.98

0.00
(0.03)
96
0.06
(0.14)
0.59
0.99

-0.00
(0.03)
96
0.06
(0.12)
0.65
0.60

-0.00
(0.03)
96
0.06
(0.13)
0.60
0.94

0.12
(0.10)
0.00
(0.03)
96
0.05
(0.22)
0.78
0.68

Standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. Columns (1)-(4) report GMM estimates,
where the change in the expected inflation rate ∆Et [πt+1 ]GM M is instrumented by three lags of the
inflation rate, the two lags of the import price index, the lagged output gap, the lagged real wage growth,
the spread between the 3-month LIBOR and the Swiss 10-year government bond yield, and the lagged
output gap in real time (GapGDP HPtRT ) (all in first differences). In column (1) the measure for the
Phillips curve relationship is GapCUt as proposed in this chapter. Column (2) employs the deviation of
capacity utilisation from its constant long-run average GapAvgCUt as the measure for real activity.
Column (3) employs the output gap GapGDPt calculated by the KOF. Column (4) uses the unit labour
cost measure U LCt calculated by the KOF. Column (5) uses the output gap based on an HP filter.
P-values of the Hansen J-Statistic are reported in brackets. P-values for the Anderson Rubin (AR) test
and the Kleibergen (AR-K) test proposed by Dufour et al. (2006) are reported in the last two rows.
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Table 4.4: OLS parameter estimates in first differences, 1990Q2-2009Q4
∆Et [πt+1 ]F orec
∆πt−1
∆GapCUt

(1)
1.13***
(0.22)
0.04
(0.12)
0.13**
(0.06)

∆GapAvgCUt

(2)
1.25***
(0.25)
0.02
(0.12)

(3)
1.20***
(0.25)
0.03
(0.12)

(4)
1.19***
(0.24)
0.03
(0.11)

-0.07
(0.08)

∆GapGDPt

-0.00
(0.13)

∆U LCt

-0.00
(0.01)

∆GapGDP HPt
Constant
Observations
F-Statistic
R2

(5)
1.20***
(0.25)
0.03
(0.12)

-0.02
(0.04)
79
17.06
0.40

-0.02
(0.04)
79
13.97
0.36

-0.02
(0.04)
79
13.74
0.35

-0.02
(0.04)
79
13.75
0.35

-0.01
(0.10)
-0.02
(0.04)
79
13.74
0.35

Newey-West corrected standard errors standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1.
Columns (1)-(5) report OLS estimates with Newey West corrected standard errors. The expected rate of
inflation (Et [πt+1 ]F orec ) is the real-time forecast for Switzerland from Consensus Economics, which is
available from 1990 onwards only. In column (1) the measure for the Phillips curve relationship is
GapCUt as proposed in this chapter. Column (2) employs the deviation of capacity utilisation from its
constant long-run average GapAvgCUt as measure for real activity. Column (3) employs the output gap
GapGDPt calculated by the KOF. Column (4) uses the unit labour cost measure U LCt calculated by the
KOF. Column (5) uses the output gap based on an HP filter.
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Conclusions

This chapter proposes a straightforward method to derive an indicator of the Non-inflationary
rate of Capacity Utilisation (NIRCU). We employ firm-level survey data collected by the
KOF Swiss Economic Institute, where we can directly observe a firm’s current capacity
utilisation rate and its current and desired price adjustments. Following the definition of
the non-inflationary rate, we construct the NIRCU by conditioning the capacity utilisation
rate on no price adjustments. Compared to previous estimates of the NIRCU, which usually assume that the NIRCU is the long-term average of capacity utilisation rates across
time, we see several advantages in this approach. First, it is available in real time and not
subject to revisions. Second, it is based on the theoretical idea of a natural rate. Third,
to some extent, it is able to take into account firm level heterogeneity. Fourth, it takes
into account the time variability of the natural rate. Fifth, it does not require statistical
methods for smoothing that imply end-point problems or other forms of uncertainty. Included in a Phillips curve regression as an indicator for real activity, the NIRCU is shown
to outperform other measures such as unit labour costs or the output gap. The results are
robust to the choice of the methodology, to the measure of survey expectations, and they
hold both in levels and first differences specifications of the Phillips curve.
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4.7

Appendix
Table 4.5: Summary statistics
Variable
π ConsDef l
π F orec
π CP I
CU
N IRCU
GapCU
GapAvgCU
GapGDP
U LC
GapGDP HPt
π Import
W agegrowth
Spread
GapGDP HPtRT

Obs.
100
80
100
100
100
100
100
100
100
100
100
100
100
100

Mean
1.587
1.707
1.745
85.204
86.210
-1.006
0.000
4.448
0.275
0.150
0.795
1.257
0.548
0.193

Std:Dev.
1.573
1.467
1.633
3.048
2.490
1.507
3.048
1.846
0.442
1.408
2.682
1.486
1.388
1.592

Min
-0.591
-0.071
-0.970
77.257
77.422
-5.114
-7.946
0.696
-0.983
-2.365
-6.233
-1.751
-3.052
-2.668

Max
6.030
4.416
6.250
90.417
90.456
2.696
5.213
8.142
1.728
3.485
5.780
4.630
2.631
5.138
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Table 4.6: Unit root tests
Variable
π ConsDef l
π F orec
π CP I
GapCU
GapAvgCU
GapGDP
U LC
GapGDP HPt
π Import
W agegrowth
Spread
GapGDP HPtRT

ADF
-2.322
-1.958
-1.983
-4.758***
-3.004**
-3.469***
-5.042***
-3.022**
-3.084**
-6.655***
-2.208
-2.561

PP
-1.913
-1.318
-2.179
-4.679***
-2.351
-2.719*
-5.055***
-2.615*
-3.822***
-3.084**
-2.143
-2.178

DFGLS
-2.061*
-0.650
-1.495
-3.119***
-2.971***
-2.908***
-4.956***
-3.058***
-1.620**
-6.559***
-1.785*
-2.221*

KPSS
0.455*
0.898***
0.508**
0.176
0.307
0.081
0.176
0.061***
0.077
0.177
0.437**
0.117

The table reports four unit root tests: the augmented Dickey Fuller (Dickey and Fuller, 1979) test
(ADF), the Phillips-Perron (Phillips and Perron, 1988) test (PP), the Dickey-Fuller GLS (Elliott and
Stock, 1996) test (DFGLS), and the Kwiatkowski-Phillips-Schmidt-Shin (Kwiatkowski et al., 1992) test
(KPSS).*** p<0.01 ** p<0.05 * p<0.1.

Chapter 5
Capacity utilisation, constraints and
price adjustments under the
microscope
5.1

Introduction

Measures of capacity utilisation rates have long been used as a determinant for upcoming
inflationary pressures and therefore are a useful tool for monetary policy. Central banks
use these measures to enable them to calculate future risks to price stability and therefore
react in a forward looking manner. However, the relationship between the rate of capacity
utilisation and inflation is not necessarily linear. If capacity constraints limit the ability of
firms to meet cyclical increases in the overall level of demand, the short-run relationship
between output and inflation will tend to have a curved shape, with inflation becoming
more sensitive to changes in output when the cycle of economic activity is high than when
it is low (MacKlem, 1997). Empirical estimates that impose linearity might therefore overor underestimate the inflationary risk of the current state of the business cycle. Failures to
account for non-linearity might thus have strong implications for monetary policy reaction
functions. If Phillips curves are non-linear, this implies that monetary policy makers
operating with a linear Taylor type rule create a welfare loss (Laxton et al., 1999). The
central question for empirical models therefore is: Do capacity constraints put additional
pressure on prices? And, if so, is the impact of such constraints on prices sizeable? So far,
This chapter is a revised version of Lein and Köberl (2009).
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several studies have investigated the non-linearity in the relationship between real activity
and inflation using macroeconomic variables. However, as compared to the theoretical
literature, empirical research has produced mixed findings.1 One reason for such mixed
findings might be that capacity constraints cannot be observed directly in macroeconomic
time series on capacity utilisation rates. Researchers have usually included a squared term
of the output gap or a kinked functional form, assuming that the slope of the Phillips
curve in excess supply situations differs from that in excess demand situations. Thus, the
common practice is to assume that firms experience capacity constraints during periods of
very high real activity. This, however, raises the question: Even if a non-linearity is found
in macro data, are the sources of the steeper Phillips curve during periods of high real
activity really capacity constraints?2 There cannot be a clear-cut answer to this without
observing capacity constraints directly. Furthermore, as we will show in the micro data,
there exists a substantial degree of heterogeneity across firms. This is also a point that
cannot be controlled for in studies employing macro data.
However, what matters for policy conclusions is also the shape of the curve during
periods of excess supply, because this is the measure of the cost of bringing inflation back
to the target in terms of output. Hence, an additional important question is: How much
output has to be sacrificed to reduce inflation? Theoretically, the answer is: it depends. On
the one hand, output costs of bringing inflation down might be high because of downward
nominal price rigidity (Akerlof et al., 1996). On the other hand, output costs might be
low: A theoretical model put forward by Stiglitz (1984) shows that, in monopolistically
competitive markets, firms are less threatened by the entry of potential competitors in a
1

The most intensively studied country is the U.S. For example, Gordon (1997) and Yates (1998) find
that the U.S. Phillips curve is linear. On the contrary, Debelle and Laxton (1996) and Clark et al. (2001)
conclude that the U.S. Phillips curve is convex. Filardo (1998) finds evidence that it is convex-concave.
Similar mixed results are reported for European countries. For example, Dolado et al. (2005) and Baghli
et al. (2007) provide some evidence for the relevance of non-linearity in the euro area Phillips curve, while
Musso et al. (2007) find no significant evidence of non-linearity.
2
There are alternative explanations for a convex Phillips curve. For example, Ball et al. (1988) show
that, in the presence of menu costs, not all firms will change their prices in response to a particular
demand shock. However, the more firms that decide to change their prices, the more responsive will be
the aggregate price level to demand shocks. In their model, firms increase the frequency and size of price
adjustment as inflation rises, so aggregate demand shocks will have less effect on output and more effect
on the price level. Ball and Mankiw (1994) discuss another implication of menu costs. In the presence
of trend inflation, prices should be more flexible upwards than downwards because some firms are able
to obtain relative price declines from trend inflation without changing their own prices and incurring real
costs. The model could thus imply a convex Phillips curve that becomes linear as inflation approaches
zero. See Dupasquier and Ricketts (1998).
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recession and hence charge higher prices than they do during boom phases. In expansions,
the firms in the market keep prices down to avoid the entrance of competitors. Therefore,
the price level is less sensitive to a positive shock to demand than to a negative shock.
Such pricing behaviour would imply that the Phillips curve is concave. We therefore also
analyse the impact of demand constraints on prices at the firm level.
The aim of this chapter, therefore, is to give answers to the questions raised above, by
investigating the role of capacity utilisation and capacity constraints for the price-setting
behaviour of firms using micro data. A unique panel dataset of quarterly data of Swiss
manufacturing firm surveys from 1999-2009, conducted by the KOF Swiss Economic Institute, allows us to analyse the role of capacity constraints for the pricing behaviour of
firms. There are two main advantages of utilising micro data. First, we can directly observe whether or not a firm is faced with a capacity constraint. Second, we can match
the capacity utilisation rate and the presence of constraints to firms’ pricing decisions and
therefore account for the high degree of heterogeneity we find across firms. We find that
high capacity utilisation does not necessarily correlate with the presence of constraints at
the firm level. Some firms already indicate capacity constraints at capacity utilisation rates
of 90 percent, whereas others indicate no capacity constraints at utilisation rates of 100
percent. Using aggregate series of capacity utilisation in the whole economy and a squared
term as a proxy for capacity constraints might therefore lead to the mixed results found
in previous studies. We find that firms that currently employ a higher than average use of
their capacity are significantly more likely to increase prices, and the probability that they
will decrease prices is lower. Furthermore, the existence of capacity constraints leads to a
significantly higher probability of price increases. According to our estimates, a firm under
constrained capacities due to the shortage of labour has a ten percent higher probability
of increasing prices, and a firm that indicates capacity constraints due to restrictions in
technical capacities has a six percent higher probability of raising prices. These estimates
are conditional on holding capacity utilisation at the average. Furthermore, we find that
the presence of demand constraints has a strong impact on prices. Firms are more likely
to decrease prices and less likely to increase prices under demand constraints - the probability of a price reduction is roughly 60 percent higher, holding all other variables at their
average. These findings suggest that the output costs of reducing inflation are relatively
low. Hence, we find both higher responsiveness in prices to capacity constraints and to
demand constraints, compared to situations when firms are not faced with constraints. At
the macro level, this implies that the Phillips curve is steeper during periods of high real
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activity and steeper during periods of very low real activity.
The remainder of the chapter is structured as follows. Section 5.2 briefly summarises
the literature on the capacity constraint model and non-linear Phillips curves. Section 5.3
gives details about the data and the methodology used for the empirical analysis, Section
5.4 presents the estimation results, Section 5.5 conducts robustness checks and Section 5.6
concludes.

5.2

Related literature

The rate of capacity utilisation has long been recognised as an explanatory variable for
inflation. Many studies have ascertained the predictive power of the degree of capacity
utilisation for forecasting inflation. For example, Stock and Watson (1999) report that
capacity utilisation outperforms the traditional measure of unemployment as a predictor of
inflation in a Phillips curve estimation. Theoretical models that link the degree of capacity
utilisation to inflation include, amongst others, Greenwood et al. (1988), Burnside et al.
(1993), and Cooley et al. (1995). These models, however, do not consider situations of
capacity constraints, mainly for practical reasons. Nevertheless, capacity constraints are
important: if firms operate near their capacity constraint, any increase in demand can
hardly be met by increased production. As such, in the short run, the increase in demand
translates almost uniquely into an increase in prices. Hence, at the macro level, in a
situation where many firms operate close to their capacity constraint, a relatively small
aggregate demand shock would lead to a large increase of inflation. Thus, the Phillips
curve is almost vertical near the level of economic activity where all firms are capacity
constrained, where the slope becomes gradually steeper as the economy moves in the
direction of the (aggregate) capacity constraint. The capacity constraint model implies
a vertical asymptote in the Phillips curve at the capacity constraint (De Veirman, 2007).
Such a convex short-run Phillips curve under capacity constraints is illustrated in figure
5.1.
Several studies tested for non-linearity in the Phillips curve employing macro data, i.e.
data on inflation and measures of real economic activity. However, no consensus seems to
prevail as regards the most appropriate specification of the relationship. Turner (1995) employs a kinked specification of the Phillips curve equation for the G7 countries individually,
and finds significant asymmetric effects from the output gap, with inflationary effects of
positive gaps being larger than the deflationary effects of negative gaps for Canada, Japan,
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Inflation

Figure 5.1: A convex Phillips curve under the capacity constraint hypothesis.

excess supply

excess demand

CC

CC denotes the point where all firms in the economy are capacity constrained.

and the US. Notably, he cannot reject the linear model for the European countries, France
and Germany. Clark et al. (1996) also estimate a kinked Phillips curve for the US. They
found evidence for convexity in US data from 1964 to 1990. Laxton et al. (1995) and Clark
et al. (1996, 2001) include a quadratic term of the output gap in their Phillips curve specification and find support for convexity. By contrast, Gordon (1997) rejects the hypothesis
of non-linearity for the US data over the period 1955 to 1996. Filardo (1998) concludes
that the Phillips curve is convex-concave with inflation accelerating faster during periods
of strong excess demand, a moderate acceleration of inflation during periods of moderate
real activity and a stronger decline of inflation during periods of excess supply. Figure 5.2
illustrates such a short-run convex-concave Phillips curve.
A direct test of the capacity constraint hypothesis is so far missing in the literature,
mainly due to the fact that it has not been possible to directly observe the presence of
capacity constraints. This chapter fills this gap by employing micro data that contain such
direct information, so that tests for the capacity constraint hypothesis can be carried out.
A theoretical model developed by Álvarez Lois (2004) shows that a convex Phillips
curve can exist if firms are faced with capacity constraints. First, following Fagnart et al.
(1999), it is shown that the assumption of the existence of capacity constraints and de-
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Inflation

Figure 5.2: A convex-concave Phillips curve under the capacity constraint hypothesis with
demand constraints.

DC

excess supply

excess demand

CC

CC denotes the point where all firms in the economy are capacity constrained, CD the point where all firms are demand
constrained.
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mand uncertainty allows for differences in capacity utilisation across firms. Second, the
production side of this economy is combined with a sticky price assumption. The result is
that the dynamics of inflation depend on the distribution of constraints across firms in the
economy. A New Keynesian-type Phillips curve is derived that exhibits a convex shape if
capacity constraints are present. Another theoretical microfoundation for such a relationship is given in the capacity constraint model of Evans (1985). This model relies upon the
assumption that firms find it difficult to increase their production capacity in the short run.
Due to bottlenecks in the production process, inflation accelerates more during periods of
high aggregate demand than during periods of low demand. Hence, the model also implies
a convex short-run aggregate supply/Phillips curve. We present the Álvarez-Lois model in
the Appendix to obtain a testable price-setting equation for our empirical model.

5.3
5.3.1

Data and methodology
Data

For our analysis we use firm level micro data. The data source is a quarterly businesstendency survey in the manufacturing industry as conducted by the KOF Swiss Economic
Institute. For our estimations we employ all observations from 1999 onwards, because the
information on the presence of constraints is available only since then (see below). The
estimation sample therefore consists of 32, 622 observations of 2, 100 firms in an unbalanced
panel. Relating to prices, there are several qualitative questions in the survey. Firms are
asked whether their selling prices (i) have been changed in the previous three months
(denoted by Sellingpriceit for firm i at period t), and (ii) whether they will be changed in
the following three months, Et (Sellingpricei,t+1 ). The answering options on both questions
are increase (+1), decrease (-1) or left unchanged (0), whereas a non-response is treated
as missing value. Relating to capacity utilisation, the firms are asked to quantify the
capacity utilisation (U tilisationit ) within the past three months in percentage points, with
the firms able to choose from a range of 50% to 110% in five percent steps.3 From 1999
onwards, the survey also includes qualitative questions about production barriers. Firms
3

In the survey questionnaire, it is stated that capacity utilisation is defined as physical capacity alone:
Buildings, plant, machinery, vehicles etc. Firms are asked to define a capacity utilisation of 100 percent as
a situation where they use all their capital during general working hours and the usual number of shifts.
A situation where firms claim above 100 percent utilisation may thus be given in the case when firms use
all their capital for more than the usual working hours, or when all capital is used with an additional shift.
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can indicate whether they are restricted by constraints. Namely, unsatisfactory demand
(Demandconstraintit ), or one of two types of capacity constraints, which are (i) capacity
constraints due to insufficient technical capacities (T echnicalCapconstraintit )4 and (ii)
capacity constraints due to labour shortage5 (LabourCapconstraintit )(amongst others not
considered in this chapter). Hence, T echnicalCapconstraintit and LabourCapconstraintit
are proxies for the presence of short-run capacity constraints. Demandconstraintit is the
indicator for demand constraints.6
Obtaining a measure of the deviation of a firm’s current utilisation from a value that is
regarded as “normal” can be challenging. It is a common practice to employ the long-term
average of capacity utilisation as the natural rate. However, different firms display quite
different long-term averages of utilisation rates. The distribution of long-term utilisation
rates, i.e. the average capacity utilisation rates across firms over the estimation sample, is
shown in figure 5.3. In figures 5.4 and 5.5, we plot the distribution of capacity utilisation
rates of firms, conditioning on a restriction in technical capacities and labour supply,
respectively. As can be seen, the distribution becomes more left skewed, with more firms
operating at higher capacity utilisation rates. This is theoretically plausible, as firms
should stretch their utilisation rates as far as possible when faced with strong demand.
Also, the distribution of capacity utilisation rates under demand constraints is theoretically
plausible. As shown in figure 5.6, the distribution is slightly right skewed, indicating that
firms that are faced with demand constraints have already reduced capacity utilisation
rates. One feature that becomes apparent in all figures is that not all firms necessarily
operate at high capacity utilisation when they indicate that they are faced with capacity
constraints. A substantial proportion of capacity-constrained firms operates at 85 percent
and below. For example, firms with only one to 49 employees have an average utilisation
of 80.9 percent, whereas firms with more than 200 employees show an average utilisation of
83.9 percent. It is thus not always accurate to assume that capacity constraints arise only
at very high utilisation rates. Also demand-constrained firms do not necessarily operate
at very low utilisation rates. This again corroborates the motivation for this chapter to
employ directly observable constraint indicators from micro data in order to examine the
4

The survey questionnaire states that firms should indicate if their production is constrained, and, if
so, whether it is due to the shortage of technical capacity, such as machines, vehicles etc.
5
The survey questionnaire states that firms should indicate if their production is constrained, and, if
so, whether it is due to the shortage of labour.
6
The base category is no constraint and other constraints.
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Figure 5.3: Discrete distribution of average capacity utilisation rates across firms over time.
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Source: KOF Quarterly Industry Survey.

relationship to prices.
We therefore use the deviation of a firm’s current from its firm-specific long-term average
utilisation as a proxy for the deviation from steady state utilisation. For calculating the
deviation of a firm from its individual average utilisation, we use the following relative
measure7

Gapi,t

P
Ui,t − T1 Tτ=1 Ui,τ
=
PT
1
τ =1 Ui,τ
T

(5.1)

where Ui,t is the capacity utilisation rate of firm i at time t. As a consequence of firms
answering on a voluntary basis, the observations for each firm are interrupted over time.
Hence, we have an unbalanced panel and therefore use the index τ instead of t in the
summation to account for possible non-responses. The number of responding firms in each
7

Note that if there are structural breaks at the firm level, such an “average” may be an insufficient
measure. We had a more careful look on this issue in the previous chapter 4 and Köberl and Lein (2011).
As the main purpose of this chapter is to analyse the impact of constraints, we abstract from the case that
structural breaks at the firm level exist.
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Figure 5.4: Discrete distribution of utilisation rates under technical capacity constraints.
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Figure 5.5: Discrete distribution of utilisation rates under capacity constraints due to
shortage of labour.
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Figure 5.6: Discrete distribution of utilisation rates under demand constraints.
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Source: KOF Quarterly Industry Survey.

quarter fluctuates between 897 and 1, 335.8
The average price increases and decreases in the previous quarter over time can be
found in figure 5.7. Price increases usually display spikes in the first quarter of each year.
This observation is relatively standard in the empirical price-setting literature and is a form
of Taylor pricing, where firms re-set their prices in regular intervals. The relatively large
share of price increases in the first quarter 2001 is due to an increase in the rate of value
added tax (VAT). Price decreases, on the other hand, do not appear to display seasonality.
Furthermore, during the period from the second quarter of 2001 to the fourth quarter
of 2005, we observe more price reductions than increases. As producer price inflation
in Switzerland was only at 0.4 percent on average during that period, such a picture is
plausible.
8

We had the choice to either use an unbalanced panel and allow for fluctuations in the number of
responding firms or to restrict the sample to firms that respond each quarter over the entire sample. The
latter would leave us with a much lower number of observations. We therefore opted to use the unbalanced
panel. However, we analysed the issue of fluctuations of respondents more thoroughly than reported here
and we did not find that restricting the sample to a share of firms that respond regularly (and therefore
to a more stable number of responding firms) would lead to results that were very different in qualitative
terms.
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Figure 5.7: Percentage share of price increases and decreases in the previous quarter, over
time.
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Source: KOF Quarterly Industry Survey.

Figure 5.8 shows the price increases and decreases that are expected by firms for the
upcoming quarter of each survey period. For expected price increases, a similar picture
arises. The large spike in the last quarter of 2000 is likely to be driven by the expected
increase in VAT rates in 2001.
A further survey description is given in Table 5.6 in the Appendix. Summary statistics
of the estimation sample are provided in Table 5.7.

5.3.2

Methodology

The main assumption in the theoretical model that we would like to test is whether firms
set prices by taking into account capacity and/or demand constraints. Hence, we model
empirically the price adjustment probability as a function of two variables: First, the
capacity (demand) constraints firms are faced with, and, second, a measure of the deviation
of real marginal cost from steady state. For the former we employ the binary variable
indicating a capacity (demand) constraint, whereas for the latter we employ the capacity
utilisation gap defined in equation 5.1 as a proxy.
The dependent binary variable yit is defined as 1 if the price of the product produced
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Figure 5.8: Percentage share of expected price increases and decreases in the forthcoming
quarter, over time.
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Source: KOF Quarterly Industry Survey.

by firm i has increased in the last three months and zero otherwise

yit+ = 1 if

Selling priceit = 1

yit+ = 0 otherwise.

(5.2)
(5.3)
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We follow Lein (2010) and distinguish between price increases and decreases to investigate whether asymmetries play a role in price-setting behaviour, i.e. whether price
increases behave differently than price decreases in response to the explanatory variables.
For modelling price reductions, the dependent variable is then defined as

yit− = 1 if

Selling priceit = −1

yit− = 0 otherwise.

(5.4)
(5.5)

We use the conditional logit model, where the probability that firm i changes its price
in period t is given by
P (yit = 1|xit , y i ) =

exp(x0it β)
.
1 + exp(x0it β)

(5.6)

xit are the explanatory variables at time t for firm i. y i is the average of observed price
adjustments conducted by firm i. As explanatory variables we include
• Gapi,t : The capacity utilisation gap as defined in (5.1) serves as indicator for real
activity (or, in terms of the New Keynesian model, the proxy for the deviation of
real marginal cost from their steady state value).
• Winter, spring, summer : Seasonal dummies for the first, second and third quarter
of the year.9
• T echnicalCapconstraint: a binary variable that is one if the firm indicates that it is
constrained in capacity due to constraints in technical capacities, and zero otherwise.
• LabourCapconstraint: a binary variable that is one if the firm indicates that it is
constrained in capacity due to shortage of labour, and zero otherwise.
• DemandConstraint: a binary variable that is one if the firm indicates that it is
constrained in demand, and zero otherwise.
• Time-fixed effects: we include a dummy for each year as units or time periods may
9

It has been shown in previous studies on price setting that price increases, in particular, display
seasonality, see Nakamura and Steinsson (2008) and Lein (2010).
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share some unmodeled heterogeneity. We do not report the dummies here.10 We also
include dummies that control for changes in VAT rates.
We employ the conditional logit model as proposed by Chamberlain (1980) to control
for unobserved heterogeneity. The basic intuition is that the individual fixed effects are
computed by the average number of events (yit = 1) for a given firm.11 The coefficient
vector β is then estimated, conditional on all individual effects. This also implies that the
number of observations drops in the estimations. Firms that display only price adjustments
or no price adjustments in the entire sample drop out of the estimation, because these firms’
contribution to the log-likelihood is zero.

5.4

Results

The results for the estimations with current price increases as dependent variable are
reported in columns one to five of Table 5.1. We report marginal effects, assuming all
other variables are at their sample mean and the fixed effects are at zero. Accordingly, we
condition all interpretations henceforth on these assumptions, without explicitly stating
them. In the first column we add only the measure for the capacity utilisation gap, the
seasonal dummies and year fixed effects (which are not reported here). As noted in the
previous section, the number of observations is determined by the number of firms where
we observe at least one period with a price increase and at least one period without price
increase. We find, as expected, a positive and statistically significant relationship between
the capacity utilisation gap and price increases. The marginal effect is 0.34. This implies
that an increase in the utilisation gap from its mean by one standard deviation (0.046)
increases the probability of a price change by roughly three percent. This estimate seems
reasonable. Furthermore, seasonality plays a role for price setting. In the first quarter of
the year, the probability of observing a price increase is 13 percent higher than during the
last quarter of the year.
10
We also tested whether including a dummy for each quarter and excluding the seasonal dummies
yields different results. There are substantial differences in the size of coefficients for the time dummies,
which is plausible when looking at the data. However, the marginal effects of interest (the effects of
constraints and the utilisation gap) are not largely different and the conclusions are still the same. We
opted to report the results for estimation including the seasonal dummies plus annual fixed effects here.
11
Full maximum likelihood would yield inconsistent estimates of β and the individual fixed effects.
Chamberlain (1980) shows that this can be circumvented by conditioning on the average number of events
PTi
y i = T1i t=0
yit .
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Table 5.1: Current price increase
Dependent variable: price increases
Capacity Utilis Gap
Winter
Spring
Summer

0.3416***
(0.046)
0.1295***
(0.011)
0.0177
(0.012)
-0.0475***
(0.013)

TechnicalCapconstraint
LabourCapconstraint
DemandConstraint

0.2418***
(0.047)
0.1371***
(0.011)
0.0119
(0.013)
-0.0549***
(0.014)
0.0439**
(0.020)
0.0861***
(0.016)
-0.0940***
(0.016)

Capacity Utilis Gap+
Capacity Utilis Gap−

0.1371***
(0.011)
0.0119
(0.013)
-0.0549***
(0.014)
0.0439**
(0.020)
0.0860***
(0.016)
-0.0940***
(0.016)
0.2448***
(0.082)
-0.2380**
(0.098)

Gap+ * TechnConstr

0.1375***
(0.011)
0.0118
(0.013)
-0.0548***
(0.014)
0.0238
(0.029)
0.0862***
(0.016)
-0.0944***
(0.016)
0.2178**
(0.087)
-0.2462**
(0.099)
0.2366
(0.225)

Gap+ * LabourConstr
Observations
Number of units
Pseudo R-squared
Wald p-value

20,373
931
0.0986

20,373
931
0.106

20,373
931
0.106
0.96

20,373
931
0.106
0.86

0.1374***
(0.011)
0.0120
(0.013)
-0.0548***
(0.014)
0.0435**
(0.020)
0.0770***
(0.021)
-0.0944***
(0.016)
0.2211**
(0.089)
-0.2442**
(0.099)

0.1367
(0.190)
20,373
931
0.106
0.88

Robust standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. The conditional logit is estimated
using time dummies for every year (not reported here). Marginal effects are reported holding all other
variables at the sample mean. The marginal effect of binary variables is the marginal effect for a discrete
change from zero to one. Gap+ * TechnConstr denotes an interaction term of Capacity Utilis Gap+ and
TechnicalCapconstraint. Analogously, Gap+ * LabourConstr is the interaction of Capacity Utilis Gap+ and
LabourCapconstraint. The last row provides p-values of the Wald test of the hypothesis that the absolute
value of the coefficients on Gap+ and Gap− are equal.
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Table 5.2: Expected price increase
Dependent variable: expected price increases
Capacity Utilis Gap
Winter
Spring
Summer

0.3501***
(0.040)
-0.2263***
(0.013)
-0.2424***
(0.014)
-0.1560***
(0.012)

TechnicalCapconstraint
LabourCapconstraint
DemandConstraint

0.2830***
(0.045)
-0.2406***
(0.011)
-0.2590***
(0.011)
-0.1726***
(0.011)
0.0626***
(0.021)
0.1002***
(0.017)
-0.0805***
(0.013)

Capacity Utilis Gap+
Capacity Utilis Gap−

-0.2392***
(0.011)
-0.2576***
(0.011)
-0.1722***
(0.011)
0.0650***
(0.021)
0.1015***
(0.017)
-0.0799***
(0.013)
0.1600*
(0.082)
-0.4316***
(0.094)

Gap+ * TechnConstr

-0.2392***
(0.011)
-0.2577***
(0.011)
-0.1723***
(0.011)
0.0732**
(0.029)
0.1014***
(0.017)
-0.0799***
(0.013)
0.1703**
(0.085)
-0.4292***
(0.094)
-0.0952
(0.228)

Gap+ * LabourConstr
Observations
Number of units
Pseudo R-squared
Wald p-value

24,413
1,141
0.121

24,413
1,141
0.127

24,413
1,141
0.127
0.07

24,413
1,141
0.127
0.09

-0.2392***
(0.011)
-0.2577***
(0.011)
-0.1723***
(0.011)
0.0651***
(0.021)
0.1029***
(0.022)
-0.0798***
(0.013)
0.1632*
(0.087)
-0.4309***
(0.094)

-0.0205
(0.195)
24,413
1,141
0.127
0.08

Robust standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. The conditional logit is estimated
using time dummies for every year. Marginal effects are reported holding all other variables at the sample
mean. The marginal effect of binary variables is the marginal effect for a discrete change from zero
to one. Capacity Utilis Gap+ * TechnConstr denotes an interaction term of Capacity Utilis Gap+ and
TechnicalCapconstraint. Analogously, Capacity Utilis Gap+ * LabourConstr is the interaction of Capacity
Utilis Gap+ and LabourCapconstraint. The last row provides p-values of the Wald test of the hypothesis
that the absolute value of the coefficients on Gap+ and Gap− are equal.
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In column two, we add the two indicators for capacity constraints and the indicator
for demand constraints. A capacity constraint due to restrictions in technical capacities
increases the probability of observing a price increase by four percent, compared to a
situation without restrictions in technical capacities. This is a significant and meaningful
effect. The impact of capacity constraints due to shortages of labour has an even larger
effect: compared to a situation without labour shortage, the probability of observing a price
increase is eight percent higher when a firm indicates a labour supply constraint. Moreover,
demand constraints also have a significant effect. As expected, the sign is negative, and
the marginal effect is estimated to be around -0.09. Hence, the probability of observing a
price increase is about nine percent lower when faced with a demand constraint, compared
to a situation without demand constraint. The marginal effect of the utilisation gap is now
a little lower. The marginal effects of the seasonal dummies remain almost identical.
In column three, we split the capacity utilisation gap and consider positive and negative
utilisation gaps separately. Following the literature on convexity of the Phillips curve, we
distinguish situations of excess demand (positive gap) and excess supply (negative gap)
and thereby examine whether the effect of a positive gap on prices is different to the effect
of a negative gap. Using this approach we allow the relationships between price increases
and the capacity utilisation gap to differ, depending on the sign of the gap. This approach
is commonly used in the literature to estimate a kinked Phillips curve using time series data
(e.g. Laxton et al., 1999). In this chapter, we produce comparable micro data estimates
of the relationship between the gap and the probability of observing a price change.12 The
effects of the constraints remain almost equal to those reported in column two. A positive
gap has a significant and high impact on the probability of observing a price increase after
controlling for the presence of capacity constraints. In order to test whether the definition
of the gap measure as the deviation from the long-term average is appropriate, we have
replaced the capacity utilisation gap with alternative proxies for marginal costs in the
robustness section below. The tetrachoric correlation coefficients can be found in Table 5.8
in the Appendix.13
12

Note that this functional form still nests the possibility that the relationship is linear, if the two slopes
are identical in absolute terms. Furthermore, such an approach assumes that the break in the relationship
between prices and the utilisation gap is at the utilisation gap of zero, an assumption that is rather ad
hoc and not justified by any theoretical consideration, as the effect of constraints are likely to arise at
situations of unusually strong excess demand.
13
The tetrachoric correlation is used to estimate the Pearson product-moment correlation between two
continuous, bivariate-normally distributed variables from dichotomized versions of those variables. See
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The marginal effect of a negative capacity utilisation gap is −0.24 and also significant.
We also test whether the absolute values of the coefficients for Gap+ and Gap− are identical,
the p-values for the Wald tests are reported in the last row of each Table. We cannot reject
the null of equality of these coefficients. Hence, these values are not statistically different
from each other. This finding suggests that we cannot reject the linearity hypothesis in the
relationship between the capacity utilisation gap and price adjustments, after controlling
for constraints. However, the interaction of constraints and the size of the utilisation
gap may be important here. We would therefore like to evaluate whether inflationary
pressures are present when we observe constraints alone, or when we observe high levels of
utilisation, or when we observe high levels of utilisation and constraints at the same time.
By introducing interaction terms between the utilisation gap and the constraints, we are
able to estimate whether the effect depends on the size of the utilisation gap.
In the fourth and fifth columns, we therefore include interaction terms of the size of
the positive gap and the technical capacity constraints and the positive gap and the labour
constraint, respectively. The interaction term between the positive gap and the technical
constraint appears to be insignificant. This, however, does not necessarily mean that
the interaction term is insignificant, as the usual t-test cannot be applied to interaction
terms in non-linear models. Instead, the interaction effect requires computing the cross
derivative of the expected value of the dependent variable. Like the marginal effect of
a single variable, the magnitude of the interaction effect depends on all the covariates
in the model. In addition, it can have different signs for different observations, making
simple summary measures of the interaction effect difficult. In particular, the sign may be
different for different values of the covariates, a fact that has been ignored by most applied
researchers (Ai and Norton, 2003). As the magnitude and statistical significance of the
interaction term varies by observation, we show the consistent estimates graphically in the
Appendix, as proposed by Norton et al. (2004). Figure 5.9 illustrates the marginal effect
of the interaction term in the fourth column as a function of the predicted probability
of observing a price increase. The marginal effect of the interaction term in column four
remains insignificant for all values, as shown in figure 5.10, where we illustrate the zstatistic as a function of the predicted probability. In figure 5.11 we graph the interaction
terms of the positive gap and the labour constraint against the predicted probability of the
dependent variable. The interaction term varies between 0.1 and 0.5 but is also insignificant
Kirk (1973).
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Table 5.3: Current price decrease
Dependent variable: price decrease
Capacity Utilis Gap
Winter
Spring
Summer

-0.7373***
(0.042)
0.0251**
(0.011)
-0.0084
(0.010)
-0.0243**
(0.010)

-0.7071***
(0.043)
0.0342***
(0.012)
-0.0048
(0.012)
-0.0257**
(0.012)
-0.0301
(0.024)
-0.1117***
(0.020)
0.1350***
(0.013)

22,301
1,112
0.0958

22,301
1,112
0.107

TechnicalCapconstraint
LabourCapconstraint
DemandConstraint
Capacity Utilis Gap+
Capacity Utilis Gap−

0.0341***
(0.013)
-0.0050
(0.012)
-0.0258**
(0.012)
-0.0319
(0.024)
-0.1134***
(0.020)
0.1358***
(0.013)
-0.6001***
(0.093)
0.7832***
(0.073)

Gap− * DemandConstr
Observations
Number of units
Pseudo R-squared
Wald p-value

22,301
1,112
0.107
0.19

0.0347***
(0.013)
-0.0044
(0.012)
-0.0259**
(0.012)
-0.0304
(0.024)
-0.1134***
(0.020)
0.1606***
(0.014)
-0.5617***
(0.095)
1.0623***
(0.110)
-0.4309***
(0.126)
22,301
1,112
0.108
0.00

Robust standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. The conditional logit is estimated
using time dummies for every year. Marginal effects are reported holding all other variables at the sample
mean. The marginal effect of binary variables is the marginal effect for a discrete change from zero to
one. Capacity Utilis Gap− * DemandConstr denotes an interaction term of Capacity Utilis Gap− and
DemandConstraint. The last row provides p-values of the Wald test of the hypothesis that the absolute
value of the coefficients on Gap+ and Gap− are equal.
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Table 5.4: Expected price decrease
Dependent variable: expected price decrease
Capacity Utilis Gap
Winter
Spring
Summer

-0.5435***
(0.044)
-0.0497***
(0.011)
-0.0622***
(0.010)
-0.0203*
(0.011)

-0.4579***
(0.046)
-0.0517***
(0.013)
-0.0662***
(0.012)
-0.0193
(0.013)
-0.0547**
(0.026)
-0.1282***
(0.022)
0.1291***
(0.014)

20,117
973
0.0795

20,117
973
0.0915

TechnicalCapconstraint
LabourCapconstraint
DemandConstraint
Capacity Utilis Gap+
Capacity Utilis Gap−

-0.0527***
(0.013)
-0.0672***
(0.013)
-0.0195
(0.013)
-0.0577**
(0.027)
-0.1316***
(0.022)
0.1307***
(0.014)
-0.3164***
(0.104)
0.5536***
(0.079)

Gap− * DemandConstr
Observations
Number of units
Pseudo R-squared
Wald p-value

20,117
973
0.0917
0.12

-0.0528***
(0.013)
-0.0674***
(0.013)
-0.0196
(0.013)
-0.0568**
(0.027)
-0.1325***
(0.023)
0.1565***
(0.017)
-0.2793***
(0.106)
0.8172***
(0.118)
-0.4081***
(0.135)
20,117
973
0.0924
0.00

Robust standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. The conditional logit is estimated
using time dummies for every year. Marginal effects are reported holding all other variables at the sample
mean. The marginal effect of binary variables is the marginal effect for a discrete change from zero to
one. Capacity Utilis Gap− * DemandConstr denotes an interaction term of Capacity Utilis Gap− and
DemandConstraint. The last row provides p-values of the Wald test of the hypothesis that the absolute
value of the coefficients on Gap+ and Gap− are equal.
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at the ten percent significance level, as shown in figure 5.12. Again, the Wald tests do not
reject that the coefficients of Gap+ and Gap− are equal in absolute terms. This suggests
that the relationship between utilisation gap and prices is not necessarily nonlinear by
itself, but that the nonlinearities some researchers observe are driven by the presence of
capacity constraints which, however, are not directly observable, and do not necessarily
arise at very high degrees of utilisation.
In Table 5.2 we report the results of our estimations for expected price increases, i.e.
the price increases that firms expect to conduct in the upcoming quarter. As previously,
we report in the first column the marginal effects of seasonal dummies and the capacity
utilisation gap. The marginal effect of the capacity utilisation gap is slightly higher than
we estimated for current price increases reported in Table 5.1. Repeating the previous
example, a firm that increases the capacity utilisation rate from its mean by one standard
deviation of the utilisation gap, raises the probability of expecting a price increase in the
next quarter by approximately three percent. Furthermore, the effect of seasonal factors
is sizeable. Compared to the last quarter of the year, the probability of observing an
expected price increase is 23, 24 and 16 percent lower in the survey periods winter, spring
and summer, respectively. This is in line with the results reported in Table 5.1, where
we find that price increases are significantly more likely during the first quarter of the
year. Hence, when analysing what firms expect for the upcoming quarter, firms report
their planned price increases for the first quarter of the year. Hence, it is more likely that
we observe the response ‘we expect to increase our price next quarter’ during the fourth
quarter.
In the second column, we add the constraint indicators. The constraint of technical
capacities and the constraint on labour supply show a significant marginal effect on the
probability of observing an expected price increase, with a size of about 0.06 and 0.1,
respectively. Firms that are subject to a demand constraint are estimated to have a eight
percent lower probability of reporting an expected price increase, compared to firms without
a demand constraint.
In column three, we proceed as in the previous table and split the capacity utilisation
gap into a positive and a negative gap. Our results show that again the positive as well
as the negative gap have a significant impact, whereas the negative gap is more influential
on expected price increases than on current price increases with a marginal effect of 0.43, compared to 0.25 observed in table 5.1. However, here we can reject the equality, in
absolute values, of the positive and negative capacity utilisation gap coefficients in all of
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the estimates. Apparently, some non-linearity exists for planned price increases. Unlike
for contemporaneous price increases, the probability to increase prices in the upcoming
quarter declines significantly more when firms are in a situation with a negative utilisation
gap than it rises in situations with a positive utilisation gap. The other results are largely
unchanged, compared to current price increases.
The fourth column reports the model that includes an interaction term between the
positive gap measure and the technical capacity constraint. Compared to the estimates in
column three, the effects of constraints are almost unchanged. The marginal effect of the
interaction term is illustrated in figure 5.13 and the z-statistics in figure 5.14 show that
the marginal effects are insignificant for all observations.
In the last column we show the model including the interaction term for the positive
gap measure and the labour constraint. The marginal effects are plotted in figure 5.15
with the z-statistic reported in figure 5.16. The latter shows that the interaction term is
not significant throughout all observations.
As noted in the introduction, we also consider the effect of demand constraints on the
probability of observing a price reduction. We analyse whether price reductions are as
responsive to excess supply as price increases are to excess demand. Although demand
constraints do not arise in the theoretical models discussed in section 2, their empirical
interpretation is important. They show how firms set prices in response to situations of
excess supply and therefore have important implications for the shape of the aggregate
Phillips curve. If firms reduce prices aggressively in response to such demand constraints,
the Phillips curve will be steeper in regions of excess supply (concave).
Our results for price reductions are reported in Table 5.3. According to the estimates
shown in column one, the effect of a one standard deviation reduction in a firm’s capacity
utilisation gap from the mean increases the probability of observing a price reduction by
about seven percent. In line with previous literature, price reductions are less seasonal
than price increases (e.g. Nakamura and Steinsson (2008) for the US and Lein (2010) for
Switzerland). In the second column, we include the constraint indicators. Constraints in
technical capacities are insignificant, whereas the constraint in labour supply has a marginal
effect of about -0.11. Firms that experience a demand constraint have a thirteen percent
higher probability of reducing prices compared to firms without a demand constraint.
Splitting the capacity utilisation gap into a positive and negative gap (column three), we
observe that both are significant. However, the absolute values of the marginal effects are
not significantly different from each other. We interact the negative gap with the demand
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constraint variable in column four. The marginal effect of the interaction terms is shown
in figure 5.17, with the z-statistics in figure 5.18. The marginal effect of the interaction
term is negative throughout and significant for about half of the observations. Again, the
Wald test, as described above, does allow to reject equality of the coefficients in absolute
terms, this time for both regressions. These results suggests that, other things equal,
the impact of negative capacity utilisation gaps on prices is higher that the impact of a
positive utilisation gap. Apparently, firms are not reluctant to reduce prices in response
to low capacity utilisation.
In Table 5.4 we report the model with expected price decreases as a dependent variable.
In column one, we include the capacity utilisation rate linearly. The marginal effect is
estimated to be -0.54. Following the previous example, this implies that a reduction of the
capacity utilisation gap from the mean by one standard deviation increases the probability
of expecting a price reduction by about five percent, a very similar result to that for
current price reductions. Adding the constraints in column two shows that a technical
capacity constraint reduces the probability of a price reduction by five percent, a labour
shortage by 13 percent. A demand constraint increases the probability by 13 percent.
In column three, we take account of possible non-linearity in the capacity utilisationprice relationship by including the positive and the negative utilisation gap separately.
The positive and the negative utilisation gaps are significantly related to expected price
reductions, with a marginal effect of -0.32 and 0.55, respectively. Again, the Wald test,
as described above, does allow to reject equality of the coefficients in absolute terms, this
time for both regressions. When adding an interaction between the negative gap and the
demand constraint, the influence of the positive gap reduces whereas the negative gap
becomes more influential on the probability of expected price reductions. The marginal
effect of the interaction term is insignificant for all observations (see figures 5.19 and 5.20
for the estimated marginal effects and consistent z-statistics, respectively).
All in all, our results show that we can confirm the theoretical prediction of the capacity
constraint models, which implies that capacity constraints trigger price increases. Both
constraints due to the shortage of labour and constraints due to technical constraints have a
positive marginal effect. We also show that price reductions are very responsive to demand
constraints, a negative and positive utilisation gap, and the interaction of the two.
For the macro level, the implications of these results are twofold. First, we find that
the presence of capacity and labour supply constraints alone is an indicator of inflationary pressure. Hence, it might be worth modelling such capacity constraints directly into
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Phillips curve relationships, in addition to an indicator for the output gap. If available,
this information might lead to better and more reliable estimates empirically. Furthermore,
prices are very responsive not only to capacity constraints but also to demand constraints.
We observe a strong response of price reductions to low utilisation rates and demand constraints. This would imply that the Phillips curve might even be convex-concave, rather
than purely convex. Moreover, such shapes may not be detectable when employing only
measures of the capacity utilisation gap as indicator in a Phillips curve estimation, as price
increases react rather to constraints, which are not perfectly correlated with utilisation
rates.

5.5

Robustness

In this section, we conduct robustness checks using different control variables than the ones
we have used in the main section. Previously, we measured marginal cost as the deviation
of capacity utilisation from its firm-specific average. As this measure for marginal cost is
based upon utilisation, too, we use additional proxies here. First, to capture marginal cost,
we switch to the variables E(Increasecost) and E(Decreasecost). Firms are asked in the
survey whether the cost for input products and raw materials have changed, and whether
they have increased or decreased. This may also yield a good proxy for marginal cost.
Unfortunately, wages or changes in wages are not covered in the survey. Second, we include
a proxy for competition. Firms are asked whether their competitive position in the Swiss,
EU or non-EU market has increased, decreased or remained unchanged. Thus, we construct
a binary variable that is equal to one (Competitive Position+ =1 ) if the competitive position
has improved and zero otherwise. Competitive Position− is equal to one if the competitive
position has worsened and zero otherwise. It should be noted that these variables are crude
proxies for marginal costs or competition, and far from being perfect. However, they are
the best measures that are available on the micro level. Interestingly, the results for our
main variables of interest, the constraints, remain robust and the sizes of the marginal
effects are mostly in line with the ones reported in the main section. Table 5.5 presents
the results for current and expected price changes. For each price change, the columns
report results for the models, including the utilisation gap, the costs, constraints and the
proxies for competitive position. As can be seen in column one, the presence of a technical
capacity constraint increases the probability of observing a price increase in the current
quarter by about four percent. In the main section, this estimate was almost the same.
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The effects of the labour constraint (around eight percent) and the demand constraint
(around -8 percent) are also very close to the estimates in the main section, and the signs
of the controls are as expected. An expected increase in costs increases the probability of
observing a price increase by about nine percent, an improvement in competitive position
by about three percent. The effect of the expected increase in costs appears relatively low.
However, the survey asks about an expected increase in cost in the upcoming quarter. If
firms pass through costs to prices only at the time costs change, this effect should become
larger in the upcoming quarter.14
Column two reports the results for expected price increases in the upcoming quarter.
In these regressions, the marginal effect of a rise in expected cost becomes much larger. An
increase in expected cost increases the probability of observing a price increase by around
47 percent. The presence of technical constraints increases the probability of observing a
price change by around 5 percent, a labour shortage about 8 percent. Demand constraints
lower the probability of expected price increases for about 5 percent.
Column three and four report the results for current and upcoming price decreases,
respectively. Analogously to the previous tables, the results for the main variables of
interest are almost unchanged. Interestingly, a worsening of the competitive position is
associated with a substantially higher probability of reducing prices. The marginal effect
is around 0.26 for both current and expected price reductions.
Summing up, the results presented in the previous section are robust to the inclusion
of alternative control variables; both size and significance of the marginal effects of the
constraints are almost unchanged.

5.6

Conclusions

This chapter investigates the role of capacity utilisation and capacity constraints for the
price-setting behaviour of firms. Theoretical models show that capacity constraints at the
firm level enter into the price-setting decision, making prices dependent on marginal cost
and a measure of the distribution of firms in the economy that are faced with capacity
constraints. Using a unique panel dataset of quarterly data of manufacturing firm business
tendency surveys from 1999-2009 for Switzerland, we empirically analyse the role of differ14

There is evidence that firms in Switzerland pass through changes in value added taxes (which are
known to them well in advance) only at the time these changes become effective (Kaufmann, 2008). Thus,
it seems that firms do not adjust their prices in advance. This is also what we find in this chapter.

5.6 Conclusions

101

Table 5.5: Current and expected price changes with alternative controls
Dependent Variables

curr. increases

exp. increases

curr. decreases

exp. decreases

Capacity Utilis Gap

0.1996***
(0.045)
0.0943***
(0.010)
-0.0680***
(0.026)
0.0366*
(0.019)
0.0765***
(0.015)
-0.0819***
(0.015)
0.0348***
(0.012)
-0.0328**
(0.015)
0.1349***
(0.011)
0.0159
(0.012)
-0.0494***
(0.014)
20,373
931
0.116

0.2505***
(0.048)
0.4752***
(0.018)
-0.2045***
(0.038)
0.0511**
(0.021)
0.0792***
(0.017)
-0.0553***
(0.015)
0.0102
(0.014)
-0.0606***
(0.016)
-0.2050***
(0.014)
-0.2354***
(0.015)
-0.1642***
(0.014)
24,413
1,141
0.316

-0.6273***
(0.045)
-0.0236*
(0.012)
0.2158***
(0.015)
-0.0282
(0.026)
-0.1027***
(0.022)
0.1129***
(0.012)
0.0035
(0.014)
0.2476***
(0.011)
0.0465***
(0.013)
0.0067
(0.013)
-0.0193
(0.013)
22,301
1,112
0.146

-0.3275***
(0.054)
-0.0927***
(0.015)
0.4786***
(0.016)
-0.0491
(0.033)
-0.1204***
(0.027)
0.1007***
(0.015)
-0.0373**
(0.017)
0.2873***
(0.013)
-0.0314**
(0.016)
-0.0542***
(0.015)
-0.0025
(0.015)
20,117
973
0.239

E(Increase cost)
E(Decrease cost)
TechnicalCapconstraint
LabourCapconstraint
DemandConstraint
Competitive Position+
Competitive Position−
Winter
Spring
Summer
Observations
Number of units
Pseudo R-squared

Robust standard errors in parentheses *** p<0.01 ** p<0.05 * p<0.1. The conditional logit is estimated
using time dummies for every year (not reported here). Marginal effects are reported holding all other
variables at the sample mean. The marginal effect of binary variables is the marginal effect for a discrete change from zero to one. Competitive Position+ is equal to one if a firm indicates that its current
competitive position in Switzerland has improved, i.e. the competitive pressure from other firms is lower.
Analogously, if a firm indicates its current competitive position in Switzerland has worsened (Competitive
Position− = 1) then the competitive pressure from other firms is higher.
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ent capacity constraints for the pricing behaviour of firms. We find that, as expected, firms
with a high level of capacity utilisation are generally more likely to increase and less likely
to decrease prices. We conclude that the relationship between capacity utilisation and
prices confirms the prediction of the theoretical model: when firms are faced with capacity
constraints, they are more likely to raise prices. We furthermore find that price reductions
are very responsive to reductions in capacity utilisation rates and demand constraints. Our
results therefore suggest that, at the macro level, inflation accelerates more quickly during
periods of substantial excess demand but also decline quickly during periods of substantial
excess supply. This has important policy implications at the macro level. Some researchers
have argued that capacity constraints at high levels of the output gap make it more costly
in terms of output to bring inflation down once it has been relatively high. If this were the
case, optimal monetary policy rules would suggest that central banks should raise interest
rates more aggressively in response to an increase in the output gap and cut rates less
severely when they are faced with a reduction of the output gap (Schaling, 2004). The
strong responsiveness of price reductions, however, suggests that the output that has to be
sacrificed to reduce inflation is not that large, as firms are not reluctant to reduce prices
in the face of demand constraints. Our results are robust to the inclusion of proxies for
changes in costs and the competitive position of firms.
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Appendix

The Model
The economy is described by an intermediate goods producing sector and a final goods
producing sector. The intermediate goods sector is characterised by monopolistic competition whereas the final goods sector operates in a competitive environment. Idiosyncratic
demand uncertainty in the intermediate goods sector introduces heterogeneity, which determines the degree of capacity utilisation in equilibrium.15
Final Goods Producers
Final goods are produced by employing a continuum of intermediate goods, j ∈ [0, 1]. The
final goods Y at time t are produced by a representative firm in a perfectly competitive
market with a constant elasticity of substitution (CES) technology
Z

1

−1

1




Yj,t νj,t
dj] −1

Yt = [

(5.7)

0

where Yj,t is the intermediate good j used in production and νj,t > 0 is the productivity
parameter of input j, which is assumed to be i.i.d. distributed across input firms and
to be serially uncorrelated.  represents the elasticity of substitution. The distribution
function F (ν) with unit mean and variance σν is defined over the support [0, ∞) and is
assumed to be log normal. The representative final goods producer purchases inputs in
the intermediate goods sector. The total supply of input j is limited to an amount Ȳj,t ,
equal to the maximum productive capacity of the corresponding input supplying firm.
Intermediate firms operate in a market with monopolistic competition with sticky prices.
Thus, if they are not constrained, intermediate goods producers satisfy demand at posted
prices. Prices are readjusted in a Calvo-type fashion. If the capacity constraint is binding
for intermediate goods producers, they sell only the maximum quantity they can supply
(Ȳj,t ), and thus do not satisfy all demand. Thus, there is rationing, and the quantity sold
is lower than demand for the intermediate product at the posted price. The maximisation
problem of intermediate goods producers will be discussed more thoroughly in the following
section.
The final goods producer knows input prices {Pj,t }, the supply constraints Ȳj,t and
15

We model the production side of the economy only, as the effect of capacity constraints on price
adjustments is the main focus of the empirical part of this chapter. A fully fledged general equilibrium
model can be found in Álvarez Lois (2006).
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the realisations of the productivity parameter {νj,t }. The final goods producer, who does
not face uncertainty, maximises profits subject to the supply constraints in intermediate
products Yj,t < Ȳj,t . Hence, the optimisation problem can be written as follows
Z

1

max Pt Yt −
Yj,t

Pj,t Yj,t dj,

(5.8)

0

subject to Yj,t < Ȳj,t , ∀j ∈ [0, 1]. Pt is the final goods price and Yt is defined by equation
(5.7).
First order conditions for optimisation program of final goods producers is given by
1

Z

1


Yj,t νj,t dj]

max Pt [
Yj,t

−1



−1

Z
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−

0

Pj,t Yj,t dj,

(5.9)

0

Hence, the first order condition when the constraint is non-binding is
−1
1
1
∂
− 1 1

dj] −1 Yj,t  νj,t
− Pj,t = 0
= Pt [Yj,t νj,t
∂Yj,t

−1

1

1

−1

(5.10)

1



⇔ Pt [Yj,t νj,t
dj] −1 Yj,t  νj,t
− Pj,t = 0

(5.11)

Rearranging yields
−1

1



−1

dj] −1 Yj,t
⇔ [Yj,t νj,t
νj,t = (

Pj,t 
)
Pt

(5.12)

and substituting equation (5.7) into the previous equation yields
−1
⇔ Yt Yj,t
νj,t = (

Pj,t 
)
Pt

(5.13)

which finally yields the first order condition for the case where the constraint is non-binding
νj,t ≤ ν̃j,t
⇔ Yj,t = Yt νj,t (

Pj,t −
) .
Pt

(5.14)

In case the constraint is binding, demand for intermediate good j simply equals the
maximum supply (see equation (5.15)).
The first order conditions can therefore be represented as

Yj,t


Y ν ( Pj,t )−
t j,t Pt
=
Ȳ
j,t

if νj,t ≤ ν̃j,t
if νj,t ≥ ν̃j,t

(5.15)
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which determine demand for the intermediate good j at time t.
ν̃j,t =

Ȳj,t

(5.16)

P

Yt ( Pj,tt )−

represents the critical value of the productivity shock for which the unconstrained demand
equals the maximum supply Ȳj,t .
As intermediate good producers are identical ex ante, Ȳj,t = Yt , Pj,t = Pt and there
is symmetry in capacities and prices. The latter implies that ν̃j,t is identical across all
intermediate good j producing firms. Inserting (5.15) and (5.16) into (5.7) yields final
goods supply
Pj,t − −1
Yt = {[Yt (
) ] 
Pt

Z

νet

νdF (ν) + (Yt )
0

−1


Z

∞



1

ν  dF (ν)} −1 .

(5.17)

νet

This expression follows from the fact that the productivity shock is below νet for a
proportion F (e
νt ) of inputs, which therefore are not supply-constrained. The proportion
1 − F (e
νt ) is above νet and therefore is supply-constrained, purchasing only a quantity of Yt
of the intermediate good.
Intermediate Inputs Sector
The intermediate-goods sector is characterised by monopolistic competition. Prices are
adjusted according to a Calvo-pricing rule. Each firm may reset its price only with probability 1 − θ in any given period. Firms are assumed to set their prices before they know
the realisation of the demand shock, i.e. intermediate goods producers start with a predetermined level of capacity at time t.16 This uncertainty implies that all firms that receive
the Calvo signal in period t set the same price Pt∗ by solving the following problem
max
∗
Pt

∞
X

int
(βθ)k Et {∆t+k Eν {Yt+k
}[Pt∗ − M Ct+k ]}

(5.18)

k=0

subject to the expected demand from final goods producers
int
Eν {Yt+k
}

16

P∗
= ( t )− Yt+k
Pt+k

Z

t
νet+k

Z

∞

νdF (ν) + Yt
0

dF (ν)

(5.19)

t
νet+k

We assume that it is not possible for intermediate goods producers to maintain falsely that they are
capacity constrained once the demand shock is observed.
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where β∆t+k corresponds to the stochastic discount factor for nominal payoffs17 and
t+k
M Ct+k ≡ W
is the marginal cost of production with Wt+k being the nominal wage and
At+k
At+k the productivity measure from the Cobb-Douglas production function. Expected
int
demand for the intermediate good in period t + k is denoted by Yt+k
. Note that all intermediate input firms are ex ante identical and therefore set the same price Pt∗ , thus we drop
the index j. Expected demand is simply a result of the demand for the intermediate good
defined by equation (5.15), weighted by the probability distribution of the productivity
shock. Recall that F (ν) is the probability distribution of the productivity shock. Thus, for
a proportion F (e
ν ) of intermediate firms, the realised value of the productivity parameter
is below νe.
The optimisation problem can be described as follows:

max
∗
Pt

∞
X

int
(βθ)k Et {∆t+k Eν {Yt+k
}[Pt∗ − M Ct+k ]}

(5.20)

k=0

subject to

int
Eν {Yt+k
}

P∗
= ( t )− Yt+k
Pt+k

Z

t
νet+k

Z

∞

νdF (ν) + Yt

dF (ν).

(5.21)

t
νet+k

0

The first order condition for intermediate goods producers who reoptimize in period t
is

∞
X

int
(βθ)k Et {∆t+k Eν {Yt+k
}} +

k=0

where

∞
X
k=0

(βθ)k Et {∆t+k

int
∂[Eν {Yt+k
}] ∗
[Pt − M Ct+k ]} = 0
∗
∂Pt

int
∂[Eν {Yt+k
}]
Pt∗ − 1 int
=
−(
)
Y
∂Pt∗
Pt+k
Pt∗ t+k

Z

(5.22)

t
νet+k

νdF (ν).

(5.23)

0

Substituting equation (5.23) into equation (5.22) and making some rearrangements yields
17

In a general equilibrium setting, the stochastic discount factor corresponds to the representative
household’s relative valuation of cash across time. The subscript t + 1 takes into account the fact that
shareholders of firms (households) can use the cash to buy consumption goods. As we focus on the Phillips
curve relationship here, we do not explicitly model the consumption side of the economy. See Álvarez Lois
(2000).
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int
Et {∆t+k Eν {Yt+k
}}

k=0

∞
X

Y int
P∗
=
(βθ) Et {∆t+k ( t )− t+k
Pt+k
Pt∗
k=0
k

Z

t
νet+k

νdF (ν)[Pt∗ −M Ct+k ]}.

0

(5.24)
t
)
We now write (5.24) in terms of the share of firms that are capacity constrained Γ(e
νt+k
Pt∗

P
int
t
Et ∞
(βθ)k ∆t+k Eν {Yt+k
}M Ct+k Γ(e
νt+k
)
Pk=0
=
∞
int
t
k
Et k=0 (βθ) ∆t+k Eν {Yt+k }[Γ(e
νt+k ) − 1]

(5.25)

where
t
R νet+k

t
Γ(e
νt+k
) ≡ R νet
t+k
0

νdF (ν)
R∞
t
dF (ν)
νdF (ν) + νet+k
νeint
0

(5.26)

t+k

is the probability that a firm that sets its price in t is faced with a demand in period t + k
that is smaller than the productive capacity of the given firm. Or, in other words, the
int
) is a measure for the share
probability that a firm is not constrained. Hence, 1 − Γ(e
νt+k
of intermediate goods producers that are faced with stronger demand than their actual
production capacity supplies.
For log-linearization around the steady state, the flexible price (i.e. for θ = 0) and the
int
optimal price without constraints (i.e. 1 − Γ(e
νt+k
) = 0) are given by
int
Γ(e
νt+k
) Wt
Pt =
int
Γ(e
νt+k
) − 1 At

and
Pt =
respectively.

 Wt
 − 1 At

(5.27)

(5.28)
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The Phillips Curve
Log-linearizing the first order condition (5.25) around the steady state yields
Pbt∗ = (1 − βθ)

∞
X

(βθ)k [Θct+k + mc
c t+k + Pbt ]

(5.29)

k=0
Γ(e
ν int )

t+k
b c is the log-linear approximation of
where Θ
int )−1 and variables denoted with “b”
t+k
Γ(e
νt+k
are written in terms of their percentage deviation from steady state. mc
c t+k is the log of
the average real marginal cost, that is

ct − Pbt − zbt
mc
c t+k = W

(5.30)

with zbt ≡ log( AAt ).
Solving equation (5.29) forward yields
∗
Pbt∗ = (1 − βθ)[Θct + mc
c t + Pbt ] + (βθ)Pbt+1
.

(5.31)

This is a central equation of the model as it relates the price-adjustment decision of firms
to the capacity constraints the firms are currently faced with. This is the equation we are
going to take to the data in the empirical part of the chapter. Before doing so, we show
that this model implies a convex Phillips curve at the aggregate level if capacity constraints
are present.
Given that a share of θ firms updates the price in a given period, the aggregate input
price index evolves according to
1

1−
Pt = [θPt−1
+ (1 − θ)(Pt∗ )1− ] 1−

(5.32)

Pbt = θPbt−1 + (1 − θ)Pbt∗ .

(5.33)

or in log-linear form

Combining price setting with aggregate price dynamics yields the Phillips curve
b ct + mc
πt = βEt πt+1 + λ(Θ
c t)
with λ =

(5.34)

(1−θ)(1−βθ)
.
θ

In this expression the inflation rate depends not only on the deviation of marginal
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b ct , which measures the share of firms in the
cost from steady state but also on the term Θ
economy that operate at full capacity. Presumably, in reality such capacity constraints are
more likely to arise during periods of strong aggregate demand. Hence, at the macro level,
during periods of high real activity, more and more firms are capacity constrained, i.e. the
b ct becomes > 0 and thereby puts additional upward pressure on inflation.
term Θ
The implications of this kind of convex Phillips curve for macroeconomic policy would
provide the motivation for stabilising output around its potential and avoiding larger deviations from it. Monetary policymakers need to be more aggressive in fighting inflation
during periods of strong excess demand, as bringing inflation back to the initial level is
more costly than the benefits from the initial increase. Therefore, monetary policy has to
be more forward-looking and it is more important to be aware of the current state of the
business cycle.
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Data Sources, Statistics and Interaction Terms
Table 5.6: Data description
Variable

Availability

Selling Price

1984-2009

E(Selling Price)

1984-2009

Capacity Utilisation

1984-2009

TechnicalCapconstraint

1999-2009

LabourCapconstraint

1999-2009

DemandConstraint

1999-2009

E(Change in Cost)

1999-2009

Competitive Position

1999-2009

Description
Source: KOF quarterly manufacturing business
tendency survey
The price of the firm’s main product has increased (+1),
decreased (-1) or remained unchanged (0)
in the last three months.
The firm expects to rise (+1), decrease (-1)
or leave unchanged (0) its selling price
in the coming three months.
Quantitative response of the firm indicating its
capacity utilisation in production from 50 to 100 %
in the last three months
Firms currently are restricted in technical capacity,
yes (1) or no (0)
Firms currently are restricted in labour supply,
yes (1) or no (0)
Firms currently are restricted in demand for their product,
yes (1) or no (0)
The firm expects that prices for their input products and raw
materials to rise (+1), decline (-1) or remain unchanged (0).
in the coming three months.
The competitive position has
improved (+1), worsened (-1) or remained unchanged (0).
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Table 5.7: Summary statistics estimation sample
Variable
Capacity Utilisation
Gap
DemandConstraint
TechnicalCapconstraint
LabourCapconstraint
Price increase exp
Price decrease exp
Price increased
Price decreased
E(Increase cost)
E(Decrease cost)
Competitive Position+
Competitive Position−

Obs
32622
32622
32622
32622
32622
32622
32622
32622
32622
32622
32622
32622
32622

Mean
81.862
0
0.381
0.050
0.080
0.146
0.106
0.094
0.162
0.302
0.059
0.549
0.188

Std. Dev.
13.583
0.115
0.486
0.218
0.271
0.353
0.308
0.292
0.368
0.459
0.236
0.497
0.390

Min
50
-0.492
0
0
0
0
0
0
0
0
0
0
0

Max
110
0.739
1
1
1
1
1
1
1
1
1
1
1

Table 5.8: Tetrachoric correlations
Positive Gap
Negative Gap
DemandConstr
TechnConstr
LabourConstr

Positive Gap
1.00
-1.00
-0.38
0.26
0.24

Negative Gap

DemandConstr

TechnConstr

LabourConstr

1.00
0.39
-0.26
-0.25

1.00
-0.33
-0.40

1.00
0.41

1.00
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Figure 5.9: Marginal effects of the interaction term Gap+ and TechnicalCapconstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: current price increase.

Figure 5.10: Consistent z-statistic of marginal effect of the interaction term Gap+ and
TechnicalCapconstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: current price increase.
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Figure 5.11: Marginal effects of the interaction term Gap+ and LabourCapconstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: current price increase.

Figure 5.12: Consistent z-statistic of marginal effect of the interaction term Gap+ and
LabourCapconstraint

The consistent z-statistic is the dotted series (one dot for each observation) and the inconsistent z-statistic, that ignores cross
derivatives (line), as a function of predicted probability. Dependent variable: current price increase.
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Figure 5.13: Marginal effects of the interaction term Gap+ and TechnicalCapconstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: expected price increase.

Figure 5.14: Consistent z-statistic of marginal effect of the interaction term Gap+ and
TechnicalCapconstraint

The consistent z-statistic is the dotted series (one dot for each observation) and the inconsistent z-statistic, that ignores cross
derivatives (line), as a function of predicted probability. Dependent variable: expected price increase.
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Figure 5.15: Marginal effects of the interaction term Gap+ and LabourCapconstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: expected price increase.

Figure 5.16: Consistent z-statistic of marginal effect of the interaction term Gap+ and
LabourCapconstraint

The consistent z-statistic is the dotted series (one dot for each observation) and the inconsistent z-statistic, that ignores cross
derivatives (line), as a function of predicted probability. Dependent variable: expected price increase.
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Figure 5.17: Marginal effects of the interaction term Gap− and DemandConstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: current price decrease.

Figure 5.18: Consistent z-statistic of marginal effect of the interaction term Gap− and
DemandConstraint

The consistent z-statistic is the dotted series (one dot for each observation) and the inconsistent z-statistic, that ignores cross
derivatives (line), as a function of predicted probability. Dependent variable: current price decrease.
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Figure 5.19: Marginal effects of the interaction term Gap− and DemandConstraint

The marginal effect is the dotted series (one dot for each observation) and the incorrectly estimated marginal effect, that
ignores cross derivatives (line), as a function of predicted probability. Dependent variable: expected price decrease.

Figure 5.20: Consistent z-statistic of marginal effect of the interaction term Gap− and
DemandConstraint

The consistent z-statistic is the dotted series (one dot for each observation) and the inconsistent z-statistic, that ignores cross
derivatives (line), as a function of predicted probability. Dependent variable: expected price decrease.

Chapter 6
Outlook
In recent years, economic research was subject to a major change in the way of modelling
macroeconomic events. Instead of simply learning from aggregate data, the underlying
microeconomic processes have attracted a lot of research interest. Thereby, especially
the complex relationship between economic shocks, the following adjustments on firmlevel and their ensuing impact, in turn, on the aggregate level of economic time series
was analysed with amplifications of theoretical models as well as empirical work. The
major obstacle for rapid progress and new insights in these processes was the lack of
appropriate micro data. Available business tendency surveys often only ask qualitative
questions due to practicability. It was therefore often necessary to go back to quantification
methods to receive quantitative time series although these methods are questionable due
to sometimes rather arbitrary assumptions. Another possibility is to stay at the aggregate
level and use largely atheoretical methods to extract information from aggregate data, like
the Hodrick-Prescott-filter or other filtering methods. Such methods assume (though not
always) linear independence between trend and cycle. If these assumptions prove not to
be true, we will be limited in what we can learn from these results. For this thesis, we
were in the comfortable situation to explore micro data sets that contain several relevant
survey questions in qualitative as well as in quantitative figures. We therefore were able to
avoid technical methods based on unproven assumptions but also to extract the semantic
content implicitly included in these firm level answers. We took the production side point of
view and considered firms’ perspectives on current and expected developments. Amongst
others, we mainly used capacity utilisation data to demonstrate the research potential
given by such micro data. In the first two core chapters of this thesis, we focused on
the link between capacity utilisation and business cycle fluctuations, in the last two core
119

120
chapters, the relationship, known as the Phillips curve, between capacities, real activity,
and inflation is analysed.
What has not been analysed in this thesis is the relationship between capacity utilisation
and employment. In theory, capital and technology are relatively fixed in the short run,
so changes in the aggregate demand will primarily result in changes in labour input. In
this thesis we did show that, on the firm level, capital is not as fixed as expected and
that adjustment after shocks is rather fast. It would therefore be a worthwhile exercise to
analyse the employment-capacity-relationship on the firm level, where persistence seems to
be much lower than for aggregated series. Furthermore, research on the interplay between
technical capacities and investment could be a natural extension of this thesis. Using the
same data set, we can separate firms that feel a pressure to invest (see the remarks about
the investment gap in chapter 4). At the same time, we observe their capacity utilisation
in quantitative figures. A combination of this information with investment data at the
micro level could lead to promising insights on the validity of the investment gap theory
and also lead to further insights on the cyclical pattern of the business cycle from a micro
perspective. Hence, there is ample opportunity to extend micro based empirical research
with survey data to further equip economists with a good guess of how to match theory
and empirics in the future.
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