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Zusammenfassung 
 

Die vorliegende Dissertation besteht aus drei Kapiteln und wurde während meines Studiums im 

strukturierten Promotionsprogram Quantitative Economics and Finance an der Universität Konstanz 

erstellt. Im ersten Kapitel wird das Wachstum des öffentlichen Sektors in OECD Ländern von 1991 bis 

2012 gemessen und seine Ausgabenkomponenten zerlegt. Kapitel 2 erklärt wie 

Beschäftigungsveränderungen auf Ebene individueller Firmen durch finanzielle Friktionen beeinflusst 

wird. Kapitel 3 untersucht den Einfluss fundamentaler und finanzieller Variablen auf die Entscheidung 

Arbeitsplätze abzubauen. Im Folgenden beschreibe ich die einzelnen Kapitel kurz und diskutiere deren 

zentralen Mechanismus und Ergebnisse. 

In Kapitel 1 nutzen wir Wagneresche Gesetz (1883) um die langfristige Beziehung zwischen den 

Wachstumsraten einzelner Staatsausgabenkomponenten in OECD Ländern und ihrer Beziehung zum pro-

Kopf BIP zu analysieren. Im Vergleich zu aktuellen Panel-Analysen zum Wagnereschen Gesetz, zerlegen 

wir in unserer Studie die Staatsausgaben in unterschiedliche Kategorien. 

In einem ersten Schritt betrachten wir die gesamten Staatsausgaben. Im zweiten Schritt zerlegen wir die 

aggregierten Staatsausgaben in folgende Kategorien: Konsum, Investitionen und Zinsahlungen, und 

Transfers. Im dritten Schritt betrachten wir unterschiedliche Arten von Staatsausgaben, das heißt, in 

laufende und investitionsbezogene Ausgaben. Im vierten Schritt zerlegen wir die Staatsausgaben nach 

seinen Funktionen (ohne Verteidigungsausgaben): Soziale Sicherung; Gesundheit; Bildung; 

Wirtschaftliche Angelegenheiten; Öffentliche Ordnung und Sicherheit; Freizeit, Kultur und Religion; 

Umweltschutz; Wohnungswesen und kommunale Einrichtungen; und Allgemeine Öffentliche Verwaltung. 

Wir nutzen ein Panel Kointegrationsmodell um die einzelnen Staatsausgabenkategorien auf das pro-Kopf 

BIP zu regressieren. Ins besondere nutzen wir das Fehlerkorrekturmodel (ECM) von Westerlund (2007). 

Um die langfristigen Elastizitäten zu schätzen wenden wir den Pooled Mean Group-Schätzer (PMG) von 

Pesaran, Shin und Smith (1999) und den Mean Group-Schätzer von Pesaran und Smith (1995) an. Zudem 

folgen wir Pesaran (2006) und kontrollieren für verbreitet kreuzkorrelierte Effekte, wie von Pesaran (2006) 

vorgeschlagen, um die Querschnittsabhängigkeit im Verhältnis zwischen Staat und BIP pro Kopf zu 

berücksichtigen. 

Wir zeigen, dass die langfristige Elastizität der aggregierten Staatsausgaben bezüglich einer Veränderung 

des pro-Kopf BIPs negativ ist und daher das Wagnersche Gesetz in seiner engen Fassung nicht hält. 

Während Transferleistung eine positive langfristige Elastizität bezüglich des BIP-pro-Kopf hat, ist diese 

Elastizität für Konsum, sowie Investitionen und Zahlungen negativ. Auch die Elastizitäten der laufenden 
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und investitionsbezogenen Staatsausgaben bezüglich des BIP-pro-Kopf sind negativ. Unter den 

funktionalen Kategorien finden wir für Gesundheitsausgaben die höchste positive Elastizität und für 

Wirtschaftliche Angelegenheiten die niedrigste negative Elastizität. 

Kapitel 2 ist ein gemeinsames Projekt mit Jesse Würsten (University of Leuven) untersucht wie 

firmenspezifische finanzielle Beschränkungen sich auf Beschäftigungsanpassungen auswirken. Unser 

Begriff von finanziell beschränkten Firmen basiert auf der Kreditwürdigkeit der Firmen. Wir nutzen einen 

Panel-Datensatz belgischer Firmen aus dem Manufacturing und Non-Manufacturing Sektor. Der Datensatz 

umfasst die Jahre 2005 bis 2015. Wir bewerten die Kreditwürdigkeit einzelner Firmen anhand eines Index, 

der auf dem Altman Z-score plus Modell basiert (Altman, 2012). Der Altman Z-Score wird auf Grundlage 

von Ertrags- und Liquiditätskennzahlen, sowie Schulden, Eigenkapital und Cash-Flows berechnet. Wir 

klassifizieren die Firmen dann anhand ihres Median-Altman Z-Scores als distressed, grey oder safe. 

Firmen im distressed Cluster sind stärker verschuldet und stärker auf interne Finanzierungsmöglichkeiten 

angewiesen als andere Firmen. Wir nutzen einen rekursiven Modellansatz in einem strukturellen PVAR 

Modell um den Effekt finanzieller Faktoren (Cash-Flows und Zinszahlungen) auf 

Beschäftigungsanpassungen von fundamentalen Faktoren (Produktivität und Personalkosten) zu isolieren. 

Diese Schätzstrategie erlaubt uns den reinen Effekt finanzieller Faktoren auf Beschäftigungsanpassungen 

zu identifizieren. 

Wir zeigen, dass finanzielle Beschränkungen Beschäftigungsveränderungen beeinflussen und dass die 

Stärke dieser Änderungen von der Stärke der finanziellen Beschränkung abhängt. Bei Firmen im 

Manufacturing Sektor mit geringem Nettowert haben interne Finanzierungsmöglichkeiten einen starken 

Einfluss auf Beschäftigungsveränderungen. Im Gegensatz dazu werden Beschäftigungsänderungen in 

Firmen mit finanziellen Schwierigkeiten aus dem Non-Manufaturing Sektor vor allem durch die 

Verfügbarkeit externer Finanzierungsmöglichkeiten beeinflusst. Diese Effekte sind unabhängig von 

fundamentalen Faktoren wie Produktivität oder Personalkosten. 

Das dritte Kapitel ist ebenfalls ein gemeinsames Projekt mit Jesse Würsten (University of Leuven). In 

diesem Projekt untersuchen wir in wie fern fundamentale und finanzielle Faktoren die Entscheidung 

Mitarbeiter zu entlassen im Manufacturing Sektor beeinflussen. Hierzu nutzen wir den „Two Trees“, 

Average Treatment Effekt Ansatz in einem Random Forest Modell. Wie im zweiten Kapitel nutzen wir 

einen strukturellen Ansatz um den kausalen Effekt finanzieller und fundamentaler Faktoren auf 

Beschäftigungsveränderungen zu identifizieren. Wobei wir uns in diesem Projekt auf fallende 

Beschäftigungsquoten konzentrieren. Wir zeigen, dass der Schätzer im Random Forest Modell 

erwartungstreu ist und zudem eine präzisere Schätzung als ein Standard Decision Tree Classification 
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Modell erlaubt. Das Random Forest Modell erlaubt den Effekt jeder unabhängigen Variable auf die 

abhängige Variable, mit Hilfe sogenannter Partial Dependence Plots, darzustellen. Wir nutzen die Partial 

Dependence Plots um unsere Treatmentgruppen zu identifizieren und wenden dann den „Two Tree“ 

Algorithmus von Athey und G.W (2015) an um den Effekt der fundamentalen und finanziellen Faktoren zu 

quantifizieren. 

Wie im zweiten Kapitel, klassifizieren wir die Firmen anhand ihrer Kreditwürdigkeit und definieren drei 

Gruppen: distressed, grey oder safe. Die Klassifizierung basiert auf dem Median des firmenspezifischen 

financial distress index von 2005-2015. Wir schätzen den Average Treatment Effekt für drei Subsample: 

vor der Finanzkrise (2005-2007), während der Finanzkrise (2008-2009) und nach der Finanzkrise (2010-

2015). Wir zeigen, dass das Random Forest Modell eine 10-15% größere Out of Sample Area Under the 

Curve als das Standard Decision Tree Modell hat. 

Unsere Schätzungen zeigen, dass distressed Firmen eine um 16.6%-Punkte höhere Wahrscheinlichkeit 

haben Arbeitnehmer zu entlassen als Firmen aus dem grey und safe Cluster. Während der Finanzkrise steigt 

der Unterschied in der Entlassungswahrscheinlichkeit auf 18.12%. Vor der Finanzkrise haben Firmen mit 

Cash Flows unter 523,454 Euro eine um 16.4%-Punkte höhere Wahrscheinlichkeit Arbeitnehmer zu 

entlassen und dieser Unterschied steigt in der Finanzkrise auf 18.9%-Punkte. Abhängig vom Subsample 

haben Firmen mit hohen Zinsausgaben eine um 19-24%-Punkt höhere Wahrscheinlichkeit Arbeitnehmer 

zu entlassen. Unter den fundamentalen Faktoren haben die Personalkosten den größten Einfluss auf die 

Wahrscheinlichkeit Arbeitnehmer zu entlassen. Firmen mit Personalkosten von über 57,501 Euro pro 

Arbeitnehmer haben eine um 23.7%-Punkte höhere Wahrscheinlichkeit Arbeitnehmer zu entlassen als 

Firmen mit niedrigeren Personalkosten. Unsere Ergebnisse zeigen dass finanzielle Faktoren eine 

bedeutende Rolle in der Entscheidung Arbeitnehmer zu entlassen spielen. Zudem verstärken sich die 

negativen Effekte geringer Kreditwürdigkeit, niedriger Cash Flows und hoher Personalkosten während der 

Finanzkrise. 
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Summary 
 

This dissertation consists of three chapters and has been written during my studies in the doctoral program 

Quantitative Economics and Finance at the University of Konstanz. The first chapter measures government 

growth in OECD economies and shows how this growth is driven by the different expenditure components 

from 1991 to 2012. Chapter 2 explains how financial constraints affect the employment adjustment at the 

firm level.  Chapter 3 examines the fundamental and financial determinants of downsizing employment in 

manufacturing firms. In what follows, I briefly describe the individual chapters, and discuss their main 

mechanisms and results. 

In Chapter 1, we use Wagner's law (1883) to study the long-run relationship between different components 

of government expenditures growth in OECD countries w.r.t. their GDP/capita growth. As compared to 

recent panel data studies on Wagner's law, our study contributes by decomposing government expenditures 

into different categories. 

In a first step, we consider general government expenditure in total (TGGE). In the second step, TGGE are 

dissected into modes: community consumption, investment and payments, and transfers. In the third step, 

we consider types of government expenditures, i.e. current and capital expenditures. In the fourth step, 

TGGE are decomposed into functions (excluding defence): social protection, health, education, economic 

affairs, law and order, recreation, culture and religion (LORCR), environmental protection, housing and 

community amenities, and general public services. 

We use a panel cointegration model to regress each government expenditure category on GDP per capita. 

In particular, we use the error correction model (ECM) proposed by Westerlund (2007). To estimate the 

long-run elasticities, pooled mean group (PMG) (Pesaran, Shin, and Smith 1999) and mean group (Pesaran 

and Smith 1995) estimation techniques are applied. In addition, we also control for common cross-

correlated effects as proposed by Pesaran (2006) to account for cross-sectional dependence in the 

relationship between government expenditures and GDP per capita. 

We find a negative long-run elasticity for total government expenditures relative to GDP, which suggests 

that Wagner's law is not valid in its strict version. The reason is that only transfers have a positive long-run 

elasticity, whereas we find negative elasticities for community consumption, and investment and payments. 

We also find negative long-run elasticities for both types of government expenditures (current and capital 

expenditures). Among the seven functional categories, we find the highest positive elasticities for health, 

and the lowest negative elasticity for economic affairs. 
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Chapter 2 is a joint study with Jesse Würsten (University of Leuven). It investigates the causes of 

employment adjustment in the presence of firm-level financial constraints. We adopt an approach that 

directly describes financial constraints of firms based on their creditworthiness. We analyze Belgian firm-

level panel data of firms in the manufacturing and non-manufacturing sectors for the period 2005 – 2015. 

To evaluate the creditworthiness of firms, we use a financial distress index based on the Altman Z-score 

plus model (Altman, 2012). The Altman Z-score model is computed based on revenue, liquidity, debt, 

equity, and cash flow of firms. This allows classifying firms as distressed, grey, and safe, depending upon 

their median degree of financial distress. 

Distressed firms are found out to be highly leveraged with debt and more constrained to internal funds (cash 

flow) than other firms. We then applied a recursive modeling technique in a structural PVAR model to 

isolate the effects of financial factors (cash flows and interest expenses) from fundamental factors 

(employee productivity and employee cost). This estimation strategy allows us to estimate the pure effect 

of financial conditions on employment adjustments. 

We show that the firm’s financial constraints (cash flow and interest expenses) affect employment 

adjustment over-time depending upon the degree of the firm’s financial distress. The availability of internal 

funds (cash flow) is important in explaining employment adjustment in manufacturing firms that are highly 

distressed due to their low net-worth. Conversely, the availability of external funds is important in 

explaining employment adjustment in non-manufacturing distressed firms. All of these effects are 

independent of fundamental factors like employee productivity and employment cost. 

Chapter 3 is also a joint study with Jesse Würsten (University of Leuven). We examine the fundamental 

and financial drivers of falling employment rates for manufacturing firms by using “Two Trees” average 

treatment effect approach in a random forest model. Following Chapter 2, we adopt a structural approach 

to identify the causal effect of fundamental and financial factors on downsizing employment from a firm’s 

perspective.  In particular, we employ a machine learning classification technique of random forest models, 

as described in Breiman (2001). We demonstrate that the random forest model provides unbiased and more 

accurate estimates, compared to standard decision tree classification model. To isolate the effect of the 

independent variables on the target variable, the random forest model provides partial dependence plots for 

each independent variable. We use the partial dependence plots to identify treatment groups and use the 

"Two Trees" algorithm of Athey and Imbens (2015) to quantify the impact of fundamental and financial 

factors on the falling employment rate. 

As in chapter 2 we classify the firms in our sample according to their creditworthiness and define three 

clusters: distressed, grey, and safe firms. Firms are clustered according to the time series median of the 
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financial distress index over 2005-2015. We estimate the average treatment effects by dividing the sample 

into three periods: pre-crisis (2005-2007), during crisis (2008-2009), and post crisis (2010-2015)  We show 

that the Randome forest model has a 10-15% higher out of sample Area Under the Curve (AUC) than the  

than the standard tree model. 

Our estimates show that distressed firms have a 16.6%-points higher probability to reduce the workforce 

compared to grey and safe firms. In the financial crisis subsample, the difference in probabilities increases 

to 18.12%-points. In the pre-crisis period, firms with cash flows per employee below 523,454 Euro have a 

16.4%-point higher probability to reduce their workface and the difference in probabilities increases to 

18.9%-points in the financial crisis period. Depending on the subsample, firms with high interest expenses 

per employee have a 19-24%-point higher probability of reducing the workforce. Among the fundamental 

factors, the cost of employees has the strongest effect on the probability to reduce the workforce. Firms 

with a payroll above 57,501 Euros per employee have a probability to reduce the workforce that is 23.7%-

points higher than firms with employment costs below this threshold. The results indicate that financial 

factors play an important role in the decision to reduce the workforce. Moreover, the financial crisis 2008-

2009 amplifies the negative effects of being not creditworthy, having low cash flows and high employment 

cost. 
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Chapter 1 

Decomposing Government Expenditure Growth in OECD Countries 
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1.1 Introduction and Literature Review  

Government growth across developed countries has been widely investigated in the literature (Shelton 

2007). Especially the joint long-run increase in government expenditures and national income as 

hypothesized in Wagner's law (1883) has been the focus of many empirical studies. Wagner’s law entails 

that economic development calls for an expanding role of government in absolute and relative terms 

because demand for all kinds of publicly provided goods and services increase disproportionately with 

economic growth: administrative and legal services, social welfare, education, etc. (Bird, 1971). Several 

studies have made use of time series approaches to explore the subject. More recently, Lamartina and 

Zaghini (2010),  Bayrak and Esen (2014), and Magazzino et al. (2015) employed panel studies across 

OECD and EU countries and arrived at results that support Wagner’s law. But which components of total 

government expenditures drive this process?  

To answer this question, we collect an unbalanced panel data set across 19 OECD countries from 1991 to 

2012. As compared to previous studies, we extensively decompose total general government expenditures 

by using different categorization schemes. The categories under each scheme include (i) modes, i.e. 

community consumption, investment and payments, and transfers, (ii) types, i.e. current and capital 

expenditures, (iii) functions, i.e. social protection, health, education, economic affairs, law and order, 

recreation, culture and religion, environmental protection, housing and community amenities, and general 

public services. 

During the period 1991-2012, the GDP share of total real government expenditures increased on average 

by 0.27% per annum. We will show, however, that a mere average growth is a misleading statistic, as it 

does not account for the growth pattern. We, therefore, focus on the long-run stochastic trend properties of 

government expenditures and GDP per capita. Eyeballing eight year moving averages in scatter plots of 

government expenditure categories and income per capita provides supporting evidence for a relationship 

between government expenditures and GDP per capita. Subsequently, we use a panel cointegration model 

to regress each government expenditure category on income per capita; more precisely, we use the error 

correction model (ECM) proposed by Westerlund (2007). In order to predict these relationships between 

government expenditures and per capita income, pooled mean group (PMG) (Pesaran, Shin, and Smith 

1999) and mean group (Pesaran and Smith 1995) estimation techniques are applied to estimate the long-

run income elasticity parameters. In addition, we also control for common cross-correlated effects as 

proposed by Pesaran (2006) to account for cross-sectional dependence in the relationship. 
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Our estimation results provide weak support for Wagner's law for total general government expenditures. 

The long-run income per capita elasticity of total government expenditures as a share of GDP turns out to 

be significantly negative (-0.18) and homogeneous. To back up this result, we examine the relationship for 

different category items of government expenditures. Beginning with the modes of expenditures, we find 

that the long-run elasticity of demand for community consumption and investment payments as a share of 

GDP turn out to be significantly negative i.e. -0.08 and -0.46; the elasticity of transfers as a share of GDP 

is positive (0.16). For the expenditure types we find that both current and capital expenditures have 

significantly negative long-run income per capita elasticity estimates (-0.23 and  -0.3). For the functions of 

government expenditures, we find positive elasticities for health (0.35), education (0.15), environmental 

protection (0.2), and law and order, recreation, culture and religion (0.07), and significant negative 

elasticities for social protection (-0.28), economic affairs (-0.41), and housing and community amenities (-

0.38)1. 

Our results for the 1970s and 1980s period correspond to the prediction of Wagner’s law: the income per 

capita growth was rapid and the share of government expenditures grew at a faster rate (Lamartina and 

Zaghini 2010). 

Also the development in the post 1990 period fits Wagner’s law, but in this period income per capita growth 

became relatively low and the share of government activities declined to lower rate than income per capita. 

This recent development was characterized by structural transformations within components of the 

government expenditures that can be explained by the changing needs of the OECD economies in that 

period. 

The rest of the paper is organized as follows. Chapter 2 present two versions of Wagner's law. Chapter 3 

describes the data and its decomposition into different categories. In chapter 4, we present scatter plot to 

illustrate the relationships. Chapter 5 present the econometric strategy and discusses the stationary 

properties of our variables. Chapter 6 presents the estimation results followed by a discussion of our main 

findings in chapter 7. Chapter 8 deals with robustness checks and chapter 9 concludes. 

1.2 Wagner’s Law 

A classic proposition to describe the growth of government expenditures is Wagner's law that predicts a 

long run co-movement of government expenditures and income per capita (Michas (1975)). Although, there 

are several ways of assessing Wagner’s law (see Bayrak and Esen (2014) for a summary), we mainly focus 

on analyzing the growth of government expenditures as a share of GDP in relation to GDP per capita as 

                                                           
1 The cointegration between general public services function and income per capita is insignificant. 
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proposed by Payne and Ewing (1996). To compare our results with previous findings, for example Goman 

(1971), we also examine the growth of total government expenditures growth with respect to per capita 

GDP. These two versions of Wagner's law can be represented in a linear specification as: 

𝑔𝑖,𝑡 = 𝜃1𝑦𝑖𝑡                                                                          (1) 

(
𝑔

𝑔𝑑𝑝⁄ )
𝑖,𝑡

= 𝜃2𝑦𝑖,𝑡                                                                         (2) 

where, 𝑔𝑖,𝑡 is the non-stationary natural log of real government expenditures; (𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡 is the non-

stationary natural log of real government expenditures as a share of GDP, and 𝑦𝑖𝑡 is the non-stationary 

natural log of GDP per capita across i and t. If we assume in the first version that 𝑔𝑖,𝑡 and 𝑦𝑖,𝑡 move together 

on their long-run mean values, i.e. if they are integrated of the same order, then these variables could be in 

a stationary equilibrium cointegration relationship (Engle and Granger 1987). The same holds for the 

second version if both (𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡 and 𝑦𝑖,𝑡 are non-stationary and integrated of the same order. Furthermore, 

𝜃1 gives us the long-run income per capita elasticity of demand for absolute government expenditures, i.e. 

the long-run multiplier effect of 𝑦𝑖𝑡 on 𝑔𝑖𝑡. 𝜃2 on the other hand, gives us the long-run income per capita 

elasticity of demand for government expenditures as a share of GDP. To quantitatively identify the 

relationship in terms of weak and strict validity, we follow Goman (1971) and Mann (1980) and select 

thresholds for our estimates. Weak validity demands 𝜃1 > 1, and strict validity 𝜃2 > 0. 

1.3 Data 

Our study uses an annual data from 1991 to 2012. In order to capture the structural characteristics of 

government expenditures, we classify general government expenditures (GGE) according to different 

classifications2. To accomplish this classification exercise, we draw on an unbalanced panel data set 

available for 19 OECD countries. The data is provided by the OECD library; the Eurostat and the 

Environmental Protection Agency of USA (see Table 1 in Appendix-1)3. 

First, we investigate the development of total government expenditures (TGGE). In a second step, we 

decompose TGGE into categories. The classification by modes distinguishes non-transfer expenditures, 

community consumption (CC), and investment and payments (IP) from expenditures on transfers (including 

social transfers in kind). Community consumption (CC) on average accounts for around 36.9% of TGGE, 

investment and payments account for about 13.7%, and transfers about 49.6%. Expenditures on CC are 

                                                           
2 General government expenditures consists of central, state, local government expenditures and social security funds 

(see footnote-3). 
3 Only environmental protection data for USA is collected from Environmental Protection Agency. 
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collective in nature and benefit the community as a whole, for example public order and safety, economic 

affairs, environmental protection, etc. Transfers can be decomposed into three main subcategories: social 

benefits, social transfers in kind, and other transfers. Social benefits are cash transfers by the government 

to households: benefits for health, unemployment, old age, housing, etc. Social transfers in kind are goods 

and services provided to households by the government. These goods and services may be purchased on 

the market or be produced by the government owned institutions. 

Total government expenditures can also be decomposed by types, namely into current expenditures (CURE) 

and capital expenditures (CAPE). CURE with about a 90% share in TGGE are recurrent expenditures on 

goods and services that are consumed over a limited period of time, i.e. one year. CAPE covers about 10% 

of TGGE.  These expenditures are used for buying new capital (tangible and non-tangible assets) and for 

maintaining the existing capital stock. 

A last classification of TGGE distinguishes expenditures according to government functions. The OECD 

developed this Classification of Functions of Government (COFOG)4. The OECD classified data from the 

European System of Accounts (ESA, 2010) by distinguishing different purposes for which funds are spent. 

Among these functions, social protection is the highest contributor to the government spending. It accounts 

for around 35.9%, followed by general public services (15.2%), health (14.2%), education (12.7%), and 

economic affairs (11.7%). Public order & safety, and recreation, culture & religion have smaller shares of 

(3.9% and 2.5%), while housing & community amenities and environmental protection account for 2.1% 

and 1.8%, respectively. Details of these three decompositions of TGGE are reported in Table 2, Appendix-

1. These classifications correspond to the definitions of European System of Accounts (ESA, 2010) and the 

OECD library. 

In order to simplify the list of functions for our structural analysis, we aggregated the functions public order 

& safety and recreation, culture & religion. Both of these functions serve similar purposes and have a high 

positive correlation of around 0.87 during the sample period for all countries. We label this aggregate as 

LORCR. Furthermore, we excluded the defense expenditures from our study because defense expenditures 

are not only driven by economic growth but mainly by the external factors that are not the focus of our 

study. Some studies on Wagner’s law have also excluded defense from their analysis because the 

mechanisms underlying Wagner’s law are primarily based on social welfare considerations. 

We measure economic growth in terms of gross domestic product per capita (GDP/capita). In the literature, 

there is no consensus on whether nominal or real income is better suited for testing Wagner's law. Since, 

                                                           
4 For a detailed composition and explanation, please see the Annex-B of “Classification of Functions of Government 
(COFOG)”, in Government at a Glance 2009, OECD [http://www.oecd.org/gov/48250728.pdf]. 

http://www.oecd.org/gov/48250728.pdf
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our focus is on the true nature of structural relationship between government expenditures and economic 

growth in a panel framework, we focus on real variables. Hence, all data is real in US-Dollars with constant 

prices and constant exchange rates (reference year 2010).   

1.4 Growth of Government Expenditures and Per Capita Income 

In this section, we visualize our data in such a way as to allow a first indication of the validity of Wagner's 

law. All government expenditure variables are measured in millions of US dollars and then transformed 

into natural logarithms (including GDP/capita). We present scatter plots of eight years moving averages 

(8YMA) and GDP/capita (also 8YMA) for all categories of GGE (absolute and as a share of GDP). This 

enables us to visually inspect the presence of a common long-term stochastic trend. Furthermore, to predict 

a long-run relationship for the whole panel, we also plot linear lines from the traditional fixed effect (FE) 

regression of government expenditures (8YMA) on GDP/capita (8YMA). 

All scatter plots are shown in Appendix-2 in Figures 2 to 9. In the case of absolute government expenditures 

(left panels of the figures), all plots show positive stochastic trends in almost all countries. The estimated 

FE lines are also positively sloped, indicating support for Wagner's law. On the other hand, when the GDP 

shares of government expenditures are used (right panels of the figures), the scatter plots reveal diverse 

stochastic trends for different categories of TGGE. The plot of TGGE/GDP-GDP/capita (right panel of 

Figure 2) shows, for example, a negatively sloped trend for a majority of countries. This indicates that the 

Wagner's law may not hold in relative terms. This result also shows that the annual average growth rate of 

0.27% for government expenditures relative to GDP is not a robust measure. As far as the different modes 

of government expenditures are concerned, only the share of transfers in GDP is positively sloped (right 

panel of Figure 3). The slope is flat for the share of community consumption (CC) and negative for the 

share of investment and payments (IP). Transfers thus appear to be the essential positive contributor to 

TGGE growth. 

The plots of types of government expenditures (right panels of Figure 5) do not show stark differences in 

trends. The country specific scatter plots and the estimated FE lines show negative trends for both CURE 

and CAPE's share in GDP. Nonetheless, the functional categories of government expenditures (Figures 6 

to 9) have increasing country specific trends for shares of health, education, environmental protection (EP), 

and LORCR in GDP, whereas negative trends can be observed for social protection (SP), economic affairs 

(EA), and housing & community amenities. The estimated FE lines also support these findings, except for 

LORCR (for which the FE line is quite flat). 

The scatter plots provide a clue for the long-term stochastic association of TGGE and its categories with 

GDP/capita. Besides, the long-term relationship differs across categories of TGGE. Especially when 
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analyzing the GDP shares of different categories, the potential drivers of the growth of total general 

government expenditures can be identified. However, since the variables appear to be non-stationary, it is 

important to first test their order of integration and to inspect the cointegration relationship. The FE-

regression line plots, even though they are consistent with non-stationary variables (Kao 1999), do not 

conclusively indicate whether the structural relationship is stationarity or not. To address this problem, we 

use an error-correction model (ECM) that accounts for the degree of model stationarity, i.e. the mean 

reversion behavior of variables. In addition, ECM estimates are more efficient (lower standard errors) and 

the autoregressive distributed lag structure overcomes the problem of simultaneity biasedness (Pesaran, 

Shin, and Smith 1999). 

1.5 Methodology 

1.5.1 Panel Cointegration 

The literature on panel data econometrics highlights the importance of panel cointegration techniques. 

These techniques capture heterogeneity across two dimensions and overcome some problems associated 

with limited data availability (Baltagi 2013). Limited data availability we encounter, of course, also in this 

study: our data set comprises N=19 cross-sections with a maximum of T=22 time-series observations. We 

apply panel cointegration techniques to test the cointegration relationship and to estimate the long-term 

income (GDP) per capita elasticity of demand for government expenditures (absolute and as a share of 

GDP) and its all categories. As compared to previous studies, we use the same model structure for both 

examining cointegration and for estimation. This approach allows us to control for cross-sectional 

dependence (a major problem in panel data) and to obtain unbiased results. 

In a first step, we investigate our variables for non-stationarity, which is a prerequisite for cointegration 

analysis. As mentioned above, when two or more variables are non-stationary (having a unit root) they are 

called integrated series with order greater than zero, for exapmle I(1). If the linear structural combination 

of two or more non-stationary series has zero order of integration (I(0)), the series are said to be cointegrated 

in the long run. To test each individual series for a common panel root, we apply a test by Levin, Lin and 

Chu (2002), the so-called LLC test. It is a useful test when a common stochastic trend in the panel of both 

government expenditures and GDP/capita is present. This test also provides an indication for a 

homogeneous stochastic trend in a structural relationship, which we examine in the pooled mean group 

estimation. As for identifying country (cross-section) specific unit roots in individual series, we use the 

Pesaran and Shin (2003) test (IPS test). This test is more efficient in unbalanced panels. We use this test to 

examine country-specific stochastic trend properties in government expenditures and GDP/capita. This 

indicates heterogeneous stochastic trends in structural relationships. We also examine heterogeneous 
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stochastic trends in our mean group estimations. To identify cross-sectional dependence in data series, we 

use the more recent Pesaran (2007) panel unit root tests. Tables 3 and 4 in Appendix-1 report stationarity 

properties for all variables. 

For our data, the test-statistics of the LLC and IPS tests accept the null hypothesis of a common panel and 

a country-specific unit root present in all variables at levels, while they reject for all variables the null 

hypothesis of a common and a country-specific non-stationarity for first differences. The significance level 

of these tests is at the 1% level. In case of cross-sectional dependence, the test-statistics of the Pesaran 

(2007) panel unit root test also show that all variables are non-stationary at the 1% level of significance. 

We thus conclude that GDP/capita, TGGE, TGGE/GDP, and all categories of government expenditures are 

non-stationary and therefore statistically suitable for cointegration analysis. 

To examine the cointegration relationship, we use the second-generation test by Westerlund (2007), an 

error-correction test that is based on the long run equilibrium theorem5. Its model structure derives from the 

augmented autoregressive distributed lag (ARDL) model with error-correction, which it is also known as 

the one step error-correction model (ECM)6. The critical advantage of the Westerlund test is that it avoids 

the common factor restriction problem, which reduces the power of stationarity for residual based 

cointegration tests7. To solve for endogeneity of regressors, it provides an option of taking leads and lags 

of dynamic regressors. However, to maintain a uniform model specification in our estimations, we only 

make use of autoregressive-distributed lags of dynamic regressors for our cointegration analysis. 

The dynamic form of Westerlund's ECM model is applied to both equation-1 and equation-2. For simplicity, 

we only show the ECM model for equation-28. 

∆ (
𝑔

𝑔𝑑𝑝⁄ )
𝑖,𝑡

= 𝑐𝑖𝑑𝑡 + 𝛾2𝑖 (
𝑔

𝑔𝑑𝑝⁄ )
𝑖,𝑡−1

+ 𝛽2𝑖𝑦𝑖,𝑡−1 + ∑ 𝛿1𝑖,𝑗
𝐾1𝑖
𝑗=1 ∆ (

𝑔
𝑔𝑑𝑝⁄ )

𝑖,𝑡−𝑗
+ ∑ 𝛿2𝑖,𝑗

𝐾2𝑖
𝑗=0 ∆𝑦𝑖,𝑡−𝑗 + 휀𝑖𝑡         (3) 

where, 𝛾2𝑖 is an error-correction rate, i.e. a coefficient for adjustment of short-term deviation in (𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡 

towards equilibrium. Two test-statistics indicate cointegration in groups (cross-sections: Ga, Gt) with 

individual error-correction 𝛾2𝑖, and two test-statistics indicate cointegration in panels (pooled panel: Pa, Pt) 

with a common error-correction 𝛾2. For all test-statistics, if  𝛾
2𝑖

= 𝛾2 = 0, we reject cointegration, and if 𝛾2𝑖= 

𝛾2 < 0, we accept cointegration. (𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡 and 𝑦𝑖,𝑡 are dynamic lagged terms that allows regressors to be 

                                                           
5 The structure and phenomenon of cointegration is incomplete without error correction and vice versa, Engle and 

Granger (1987). 
6 First introduced by Banerjee et al. (1998). 
7 Assuming both the long-run parameters in their levels and short-run parameters in their differences to be equal. 
8 It is almost same for equation-1 with the exception of endogenous variable absolute government expenditures 𝑔𝑖,𝑡 

instead of (𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡.   
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weakly exogenous based on the Akaike information Criteria (AIC)9. The coefficients 𝛿1𝑖,𝑗 and 𝛿2𝑖,𝑗 control 

for short-term heterogeneity across cross-sections. 𝛽2𝑖 controls for long-term heterogeneous panel effects 

of 𝑦𝑖 from the previous time-period t-1 that may be due to short-term changes in (𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡. 𝑑𝑡 ∈ {0,1}  

indicates deterministic terms. 𝑑𝑡 = 0 indicates no deterministic terms, while 𝑑𝑡 = 1 indicates that there is 

only a cross-section specific fixed effect 𝑐𝑖, and in the third case 𝑑𝑡 = (1, 𝑡)′  there is a cross-section specific 

fixed effect 𝑐𝑖 plus trend in the data-generating process. As far as the cross-sectional dependence is 

concerned, the test allows bootstrapping to obtain robust critical values for the test-statistics. This is a 

critical feature of the Westerlund test, which allows us to implement cointegration without demeaning the 

data10. Thus, the error terms 휀𝑖𝑡 are assumed to be independent across time and cross-sections. Lastly, all 

test-statistics are normally distributed and valid when time series are larger than the number of cross-

sections, as is the case in our sample. 

The Westerlund cointegration tests for equation-3 are reported in Table 5 of Appendix-111. The group 

statistics for TGGE in absolute terms and as a share of GDP are high. The null hypothesis of no-

cointegration in countries can be rejected at the 1% level of significance. The group statistics are also highly 

significant at the 1% level for the main categories of GGE, its types and functional categories, except 

general public services (absolute and shares of GDP). 

The null hypothesis of no cointegration in a panel is also rejected at the 1-5% level of significance by the 

panel statistics for all GGE categories in absolute and relative terms. However, the panel statistics for 

general public services are low and we accept no cointegration at the 5% level of significance in absolute 

and relative terms. Overall, the results show that we can estimate ECM for all categories of GGE with 

respect to GDP/capita with the exception of general public services. 

1.5.2 Panel Estimation 

1.5.2.1 Pooled Mean Group (PMG) and Mean Group (MG) Estimations 

We now inspect the validity of Wagner's law by estimating long-run elasticities of demand for all categories 

of GGE (absolute and as a share of GDP) with respect to GDP per capita. Once the Westerlund (2007) test 

indicates a cointegration relationship, an estimated long-run elasticity can be regarded to represent an 

equilibrium estimate that captures the mean multiplier effect of GDP/capita on government expenditures 

over the entire time horizon. To estimate this effect, we apply two popular dynamic heterogeneous panel 

                                                           
9 The residuals 휀𝑖𝑡 are distributed independently of the regressors and across t. 
10 Lamartina et al. (2010) also demean the data to check for unbiasedness.  
11 For simplicity reasons only one of the group and panel statistics that are most relevant for conclusive 

cointegration results are shown. Robust p-values are produced from bootstrapped critical values to obtain cross-

sectional dependence adjusted results. 
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data econometric techniques: the Mean Group (MG) estimator developed by Pesaran and Smith (1995) and 

the Pooled Mean Group (PMG) estimator by Pesaran et al. (1999). The PMG estimator pools all countries 

and allows us to estimate a homogeneous long-run elasticity, while the MG estimator estimates an average 

of heterogeneous long-run elasticities for each country. Both of these estimators are based on error-

correction mechanisms and are suitable for large T and N. Their estimates are robust with respect to the 

power of stationarity and cointegration even in a sample in which the time series are not that long, i.e. fewer 

than 50 observations across time (Eberhardt, 2011). On the other hand, as explained by Lamartina et al. 

(2010), using both estimators simultaneously compliments each other by indicating the degree of 

heterogeneity (homogeneity) present in our dynamic sample. 

The model structure of the MG estimator is similar to equation-3, which describes the Westerlund (2007) 

cointegration test model. Equation-3 is run for each country with the assumption that long-run the 

coefficient 𝛽2𝑖 and the error-correction term 𝛾2𝑖 differ across countries due to a heterogeneous stochastic 

trend. Country specific heterogeneity is captured in fixed effects as 𝑐𝑖 without trends. In addition, an error 

correction term 𝛾2𝑖 estimates how quickly government expenditures adjust after a divergence from the long 

run equilibrium relationship in the previous period. Similarly, the coefficients 𝛿1𝑖,𝑗 and 𝛿2𝑖,𝑗 represent short-

run autoregressive effects of government expenditures and GDP/capita. The time lags for ∆(𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡 and 

∆𝑦𝑖 are chosen according to the Akaike or Bayes Information Criteria in such a way that the error terms 휀𝑖𝑡 

are independent across time and the regressors are at least weakly exogenous. Arithmetic averages are taken 

to estimate the coefficients including the long-run elasticity, i.e. 𝜃2 = 1 19⁄ ∑ −(𝛽2𝑖 𝛾2𝑖⁄ )19
𝑡=1 . In the case 

of PMG, the long-run elasticity is assumed to be homogeneous for all countries. In other words, PMG 

estimates a long-run relationship that is homogenous across countries. The model specification for PMG is: 

∆ (
𝑔

𝑔𝑑𝑝⁄ )
𝑖,𝑡

= 𝑐𝑖𝑑𝑡 + 𝛾2𝑖 [(
𝑔

𝑔𝑑𝑝⁄ )
𝑖
− 𝜃2𝑦𝑖]

𝑡−1

+ ∑ 𝛿1𝑖,𝑗
𝐾1𝑖
𝑗=1 ∆ (

𝑔
𝑔𝑑𝑝⁄ )

𝑖,𝑡−𝑗
+ ∑ 𝛿2𝑖,𝑗

𝐾2𝑖
𝑗=0 ∆𝑦𝑖,𝑡−𝑗 + 휀𝑖𝑡        (4) 

where, 𝜃2 = 𝛽2(1 19)⁄ ∑ (−𝛾2𝑖)
19
𝑡=1 . Since the parameters 𝛾2𝑖, 𝛿1𝑖,𝑗 and 𝛿2𝑖,𝑗 in equation-4 are nonlinear, 

Pesaran et al. (1999) use the method of maximum likelihood estimation (MLE) to estimate the 

homogeneous long run elasticity 𝜃2
12, allowing country-specific dynamic adjustment of lagged terms 

∆(𝑔 𝑔𝑑𝑝⁄ )𝑖,𝑡 and 𝑦𝑖 with fixed effects 𝑐𝑖 in the short-run13. 

  

                                                           
12 𝜃1 measures elasticity demand for absolute government expenditures, and 𝜃2 for government expenditures as 

a share of GDP. 
13 𝑑𝑡 ∈ {0,1} is a dummy for constant only. 
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1.5.2.2 Common-Correlated Effect Mean Group (CCEMG) and Pooled Mean Group 

(CCEPMG) Estimation 

The PMG and MG estimation methods are based on an assumption that the variables across countries are 

independent. However, recent studies by Pesaran (2004) and Beltagi (2005) show that panel data are highly 

prone to cross-sectional dependence driven by common factors. One of the major reasons for this 

dependence is the growing economic and financial integration of countries. The influence of these cross-

sectional correlations on the estimation results becomes more severe when these factors are unobserved in 

the residuals and correlated with the regressors of a model. In such cases, the estimates of PMG and MG 

become inconsistent and biased. To solve this problem, Pesaran (2006) has proposed to estimate these 

factors as common-correlated effects (CCE) by adding cross-sectional averages of the dependent and 

independent variables. The CCE estimates are consistent under quite general assumptions i.e. CCEs due to 

in infinite number of weak factors or large shocks in the residuals. When testing our variables for cross-

sectional dependence by applying Pesaran's (2004) test (see Table 6 in Appendix-1), we find strong 

evidence of cross-correlations. 

We therefore make use of the common-correlated effect strategy of the PMG and MG estimation methods 

previously used by Chudik and Pesaran (2013) and Cavalcanti et al. (2014). Equations-2 and 3 are thus 

modified by adding cross-sectional averages of 𝑦𝑖 and 𝑔𝑖 as well as of dynamic lagged terms ∆𝑦𝑖 and ∆𝑔
𝑖
. 

∆ (
𝑔

𝑔𝑑𝑝⁄ )
𝑖,𝑡

= 𝑐𝑖𝑑𝑡 + 𝛾2𝑖 [(
𝑔

𝑔𝑑𝑝⁄ )
𝑖
− 𝜃2𝑖𝑦𝑖]

𝑡−1

+ ∑ 𝛿1𝑖,𝑗
𝐾1𝑖
𝑗=1 ∆ (

𝑔
𝑔𝑑𝑝⁄ )

𝑖,𝑡−𝑗
+ ∑ 𝛿2𝑖,𝑗

𝐾2𝑖
𝑗=0 ∆𝑦𝑖,𝑡−𝑗 +

                             𝜔𝑖 𝑓𝑡   + 휀𝑖𝑡                                               (5) 

𝑓𝑡 = 𝜗𝑖�̅�𝑡 + 𝜑𝑖 (
𝑔

𝑔𝑑𝑝⁄
̅̅ ̅̅ ̅̅ ̅̅ ̅

)
𝑡
+ ∑𝛿3𝑖,𝑗

𝐾3𝑖

𝑗=1

∆ (
𝑔

𝑔𝑑𝑝⁄
̅̅ ̅̅ ̅̅ ̅̅ ̅

)
𝑡−𝑗

+ ∑𝛿4𝑖,𝑗

𝐾4𝑖

𝑗=0

∆�̅�𝑡−𝑗 

where, 𝜗𝑖 captures average common-correlated effects across countries which are due to unobserved 

common factors over time 𝑓𝑡. 𝜃2𝑖 is a CCEMG estimator and 𝜃2 is a CCEPMG estimator; both are consistent 

and unbiased. 

Large differences between CCEPMG and CCEMG estimates would tell us which of the heterogeneous 

(homogeneous) assumptions are appropriate and which method yields more consistent and efficient 

estimates. To identify such differences we employ the well-known Hausman test. In addition, we test the 

residuals for unobserved cross-correlations with the help of the Pesaran (2004) cross-sectional dependence 

test. 

𝜃2 
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1.5.3 Estimation Strategy  

To begin with, we use the pooled mean group (PMG) and mean group (MG) estimator technique. The 

autoregressive distributed lag (ARDL) structure is selected according to the Akaike Information Criteria 

(AIC) for a maximum of up to 4 lags. Since the objective is to conduct structural analysis while fitting an 

appropriate model to the data, we first allow free lags via AIC based lag selection to obtain as much 

information from the regressors as possible14. In a second step, we drop insignificant estimates of lagged 

variables by applying t-tests and commutative F-test for every regression (Hendry and Krolzig 2001). In a 

third step, residuals of the best fitted model are tested for cross-sectional dependence with the help of the 

Pesaran (2004) CD-test. If the residuals are found to be cross-correlated, cross-sectional averages are added 

to the model (as shown in equation-4) with sufficiently many lags until the residuals are cross-sectionally 

independent. In a fourth and last step, we estimate the long-run elasticities with their relevant adjustment 

coefficients and the contemporaneous elasticities. Based on Hausman-specification tests, either the 

consistent PMG estimator or the MG estimator is selected. 

1.6 Estimation Results 

The long-run elasticities for all categories of government expenditure (GGE) estimated by (CCE)PMG and 

(CCE)MG with respect to GDP/capita are shown in Table 7 of Appendix-115. The Hausman test-statistics 

for model selection are also reported. 

For the strict version of the Wagner's law, PMG estimates a negative long-run elasticity of 𝜃2= 0.18 for 

total general government expenditures as a share of GDP (TGGE/GDP) with a standard error of 0.05. The 

MG estimate of this elasticity is, however, 0.36; this estimate is statistically insignificant because the 

standard error amounts to 0.38. In the last column, we report the chi-square based Hausman test-statistic 

that compares the consistency and efficiency of the two estimators. Under the null hypothesis, both PMG 

and MG are consistent estimates, but PMG is an efficient estimator against an alternative hypothesis: only 

MG is a consistent estimator16. The Hausman test-statistic of 1.51 is low and does not reject the null 

hypothesis of PMG being consistent and efficient at the 5% significance level. This indicates a 

homogeneous but decreasing long-run income per capita elasticity of demand for TGGE/GDP, and thus 

                                                           
14 AIC penalizes less models for free parameters, it selects models that are approximation to the best fit model.  
15 CCE is kept in braces to show that there are some estimators which are not necessarily required to be estimated 

with common-correlated effects, as there is no unobserved cross-sectional dependence in the model. 
16 Hausman test investigates whether 𝜎2(𝑀𝐺) − 𝜎2(𝑃𝑀𝐺) is a consistent estimator of 𝜎2(𝑀𝐺 − 𝑃𝑀𝐺). In other 

words, if the PMG estimate value falls within two standard errors of MG estimate then PMG is a consistent, as well 

as, an efficient estimator or otherwise MG is consistent.  
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supports our initial impression of the relationship between TGGE/GDP and GDP/capita (see the scatter 

plots in Figure 2, Appendix-2). In short: Wagner's law does not hold in relative terms. 

To explore which components are shaping the growth in TGGE/GDP, we now consider the long-run 

elasticity estimates for the various categories of TGGE. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 above (see Table 7 in Appendix-1 for details) reveals that the consistent estimates of the long-run 

elasticities vary across modes, i.e. community consumption (CC)/GDP, investment and payments 

(IP)/GDP, and transfers/GDP. The long-run CC/GDP and IP/GDP elasticities w.r.t. GDP/capita are 

negative. But the share of transfers varied positively with GDP/capita which is compatible with the strict 

version of Wagner's law. The long-run elasticities across types of TGGE (current and capital expenditures 

as shares of GDP) are negative. As shown in Table 7, The PMG estimate 𝜃2 for CURE/GDP is -0.23, which 

is significantly less than zero with a standard error 0.02. In the case of CAPE/GDP-GDP/capita relationship, 

the consistent PMG estimate of 𝜃2 is significantly less than zero with a negative value of -0.30. Both 

categories do not show evidence of strict Wagner's law. For functional categories as a share of GDP, the 

Figure 1: Main Estimation Results – Strict Wagner’s Law 
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overview of consistent PMG estimates in Figure 1 portray unique and significant long-run elasticities. As 

shown in the last segment of Table 7, the consistent PMG estimates of 𝜃2 are significantly negative at 5% 

level for social protection (SP)/GDP i.e. -0.28, for economic affairs (EA)/GDP 𝜃2= -0.41, and for housing 

and community amenities (HCA)/GDP 𝜃2 = -0.38. Nevertheless, health expenditures relative to GDP are 

significantly growing at 𝜃2 = 0.35, followed by EP 𝜃2 = 0.20, education/GDP 𝜃2= 0.15, and LORCR 𝜃2 = 

0.07. Thus, strict Wagner's law holds for health, EP, education and LORCR that positively contribute to 

TGGE's share in GDP. 

Examining the long-run elasticities 𝜃1 for absolute growth of GGE, we can see significant positive estimates 

of greater than unity for some categories in Table 7. For TGGE, the PMG estimator predicts long-run 

elasticity 𝜃1= 1.12, which is significantly greater than unity with a standard error of 0.05. Amongst modes, 

the PMG estimate for community consumption's 𝜃1 is 1.10, and for transfers 1.49, which are significantly 

greater than unity at 5% level. However, the predicted PMG estimator of 𝜃1 for IP is lower than unity with 

a value of 0.86 and it does not follow weak Wagner's law. Looking at the types of TGGE, for current 

expenditures (CURE), 𝜃1 is 1.27 with a standard error of 0.03 predicted by the consistent PMG estimator. 

It significantly increases with an elasticity greater than unity at 5% level. In comparison, the PMG estimate 

of 𝜃1 for capital expenditures (CAPE) and GDP/capita relationship is significantly less than one with a 

value of 0.89 and standard error 0.002. Hence, only CURE sustains weak Wagner's law. Under functional 

categories scheme of TGGE, the PMG estimate of 𝜃1 for social protection (SP) is 1.50, for health it is 1.58, 

for education 𝜃1= 1.19, for economic affairs 𝜃1=1.07, for LORCR 𝜃1= 1.11, for environmental protection 

(EP) 𝜃1= 1.06 and for housing and community amenities (HCA) 𝜃1 = 0.81. These PMG estimates are all 

significantly greater than unity except for economic affairs and HCA. Thus, similar to the conclusion in a 

strict version, weak Wagner's law also holds for health, EP, education and LORCR that play positive roles 

in driving absolute growth of TGGE. 

In Table 8, Appendix-1, the estimated equilibrium error-correction rates due to short-term devia-tions for 

selected (consistent) model estimators from Table 7 are reported17. In the case of TGGE/GDP is -0.31, and 

for TGGE it is -0.47. Both are as expected negative and statistically different from zero due to low standard 

errors. Thus, indicating any deviation of TGGE from the long-run equilibrium relationship with respect to 

GDP/capita brings about 47% adjustment (approximately 2 years) back to the equilibrium path. For 

TGGE/GDP, this adjustment is slow at 31% or in approximately 3 years. Looking at the equilibrium error-

correction rates for all other categories, we see all of them are negative and statistically significant at 5% 

level, suggesting mean reversion behavior with average time-period for converging back to equilibrium 

                                                           
17 Selected PMG or MG model estimators based on Hausman test. 
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around 1-5 years. The error-correction necessitates a stable cointegration (long-run) relationship between 

GDP/capita and all government expenditure categories. 

To check the unbiasedness of our model estimates due to common correlated effects (CCE), we inspect the 

residuals for cross-sectional dependence (CD) tests. The third column of Table 8 (Appendix-1) provides 

information on whether selected models possess common-correlated effects or not. In addition, the 

autoregressive distributed lag (ARDL) order of dynamic regressors is also reported. As can be seen, some 

estimators are with common-correlated effects (CCE). This indicates that the residuals of standard PMG or 

MG estimator models failed cross-sectional dependence (CD) tests and estimates were unbiased18. 

However, after controlling for CCEs, the CD test-statistics on residuals are low and insignificant at 5% 

level, which are reported, in the last column of Table 8. Hence, the residuals show no sign of significant 

biasness in our selected model estimates. 

Lastly, we run panel causality tests introduced by Dumitrescu and Hurlin (2012) between GDP/capita and 

all category schemes of GGE. This test checks whether there is any reverse causality in the relationships, 

or otherwise GDP/capita is at least weakly exogenous to government expenditures in the relationship. It is 

a Granger non-causality test for heterogeneous panel data that takes into account fixed effects, 

heterogeneous causality across countries and cross-sectional dependence. We test the causality on a 

maximum of 2 lags. As reported in Table 9 and Table 10 of Appendix-1, the Wald type test-statistics for a 

panel causality are only significant on regressions running from GDP/capita towards government 

expenditures and its categories at 1-5% level. Whereas, the relationships are insignificant in the opposite 

direction at 5% level. Thus, there is evidence of GDP/capita being at least a weakly exogenous variable and 

a long-run forcing variable on government expenditures in a cointegration relationship. 

1.7 Discussion 

The estimation results reported in the previous section provide evidence for increasing demand of some 

government expenditure categories as a share of GDP when GDP/capita increases. The estimated values of 

the long-run equilibrium elasticities are in accordance with the development of the eight-years moving 

averages (8YMA) across time depicted in the scatter plots in (Appendix-2). Despite the positive absolute 

growth of TGGE, the long-run income-per-capita elasticities of demand relative to GDP has been 

significantly negative. This is mainly due to declining demand for community consumption, and investment 

and payments. These modes of expenditures have dominated the rise in transfers. In terms of expenditure 

                                                           
18 For the sake of brevity, results of all CD-test on residuals are not reported. They are available on request. 
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functions, it is health, environmental protection, education, and LORCR that have rising income-per-capita 

elasticities of demand. 

We thus arrive at the conclusion that Wagner's law holds only in its weak version for TGGE in our sample 

of 19 OECD countries. This result differs from Bayrak and Esen’s (2014) PMG and MG estimates that 

indicate that Wagner’s law holds in its strict version for their sample of 27 OECD countries in the 1995-

2012 period. The study by Bayrak and Esen (2014) does not entirely rely on OECD library data but also on 

World Development Indicators and Global Development Finance data. In a recent study, Magazzino et al. 

(2015) also claim that Wagner's law holds in its strict version for the European Union countries from 1980 

to 2013. Their country-specific long-run elasticity estimates are however based on the dynamic ordinary 

least square (DOLS) method and their data source is not the OECD library19. Whatever the pros and cons 

of these data sources may be, neither of these studies control for cross-correlation effects as we do. Our 

claim is that including cross-correlation effects is important for consistency and unbiasedness when 

estimating long-run elasticities. Furthermore, our long-run elasticity estimates are backed by distinct long-

run elasticity estimates for various categories of TGGE. 

Our results highlight that Wagner's law strictly holds for only for the mode of transfers and the functions 

health, environmental protection, education, and LORCR. This result supports the idea behind Wagner's 

hypothesis that presumes a joint development of economic growth and government spending in different 

periods. Lamartina and Zaghini (2010) also acknowledge this joint development in their PMG and MG 

long-run elasticity estimates of TGGE over the longer time period 1970-2006 for 23 OECD countries20. 

During the 1970s and 1980s most OECD countries experienced rapid economic growth that induced a larger 

role of government activities in the economies. However, after 1990s the relative speed of economic growth 

declined which lead to the gradual structural adjustment in government expenditures. Considering our long-

run elasticity estimation results, it is therefore plausible that after the 1990s the demand for some 

expenditure categories, such as transfers, became more relevant, while for some, such as community 

consumption and investment & payments, demand declined. 

Long-run elasticities measure the growth in demand for publicly provided goods and services in relation to 

growth in per capita GDP. From this perspective, long-run elasticities of absolute demand and demand as 

a share of GDP indicate a process of permanent structural change in TGGE with respect to GDP/capita 

from 1991 to 2012. The absolute and relative growth of transfers was larger than the growth of GDP 

(positive trend in Figure 4), and CC and IP declined as a share of GDP (negative trend). This development 

                                                           
19 AMECO and TED databases. 
20 Their source of data is OECD Outlook (library). 
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shows a permanent structural transformation in the composition of TGGE, away from CC and IP and 

towards transfers. This transformation also shows in the functional composition of government 

expenditures as indicated by the different respective long-run elasticity estimates (in absolute and relative 

terms to GDP). In other words, there is also a permanent structural transformation from economic affairs, 

housing and community amenities, and social protection towards health, education, LORCR, and 

environmental protection. 

From the demand as well as the supply side perspective, transfers are the central medium of welfare policies 

in the OECD countries. With an ageing population, demand for the public provision of goods and services, 

e.g. subsidized public health insurance and pension schemes, has increased. Family support programs to 

counter low fertility rates and high childbearing costs and the ever-rising cost of health services have also 

been a major driver of the growth in transfers21. The 2008-09 economic crisis has further fostered the role 

of transfers in the guise of social insurance programs; these programs were not only designed to improve 

social welfare but also to increase employment. Education subsidies and other support programs to improve 

the performance of the labor market and better match the demand of an evolving economy for skilled labor 

force are also an important factor for the rising trend in collective and individual social transfers. In the last 

decade, concerns over environmental issues across the globe have, moreover, called on the policy makers 

in the OECD to spend more resources on environmental protection. On the supply side, advanced methods 

for tax collection have increased government's ability to generate revenue for financing all these additional 

expenditures on transfers. 

1.8 Robustness Analysis 

In this section, we report robustness checks of our results. In the first part, we inspect the consistency of the 

long-run elasticity estimates by regressing selected PMG models on a sub-sample from 1991 to 2007. This 

enables us to identify a potential structural break in the relationships induced by the economic crises in 

2008-09. As a second check, we run regressions on each relationship without outliers identified by 

inspecting the scatter plots (figures in Appendix-2). The results of these robustness checks are reported in 

Table 11 of Appendix-1. 

The results show that there is an upward trend in the long-run elasticity estimates. For some government 

expenditures, this increase is significant. In particular, estimates for TGGE and transfers have significantly 

                                                           
21 Low Fertility Rates in OECD countries, Facts and Policy Responses (2003), OECD, [http://www.oecd.org/ 

els/emp/16587241.pdf]. Fiscal Sustainability of Health Systems (2015), OECD [http://www.oecd.org/health/fiscal-
sustainability-of-health-systems-9789264233386-en.htm]. 

 

http://www.oecd.org/els/emp/16587241.pdf
http://www.oecd.org/els/emp/16587241.pdf
http://www.oecd.org/health/fiscal-sustainability-of-health-systems-9789264233386-en.htm
http://www.oecd.org/health/fiscal-sustainability-of-health-systems-9789264233386-en.htm
http://www.oecd.org/health/fiscal-sustainability-of-health-systems-9789264233386-en.htm
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increased after the crises. From 1991 to 2007, the 𝜃1 long-run elasticity estimate for TGGE is 1.01 and not 

significantly different from unity (not valid for weak Wagner's law), as compared to full-sample estimate 

of 1.12 > 1. Similarly, the long-run elasticity estimate 𝜃2 for transfers is -0.12 from 1991 to 2007 and not 

indicative of the strict version of Wagner's law. The economic crises undoubtedly played an important role 

in increasing the share of transfers in TGGE. This result is also in line with Pisu (2015) who finds a positive 

impact of transfers on income inequality in the OECD. 

As for the functions of TGGE, the sub-sample estimate for the LORCR-GDP/capita relationship is not 

robust. The estimate of 𝜃1 is 0.99, which is not significantly different from unity and lower than the full 

sample estimate of 1.11. The 𝜃2 estimate is also significantly negative (-0.07) in a sub-sample as compared 

to a significant full sample positive value of 0.07 at 5% level. 

In the third column of Table 11, the long-run elasticity estimates without probable outliers are reported. 

The scatter plots illustrate South Korea as the most common outlier in all category relationships. In the 

spirit of Wagner's law, the South Korean emerging market economy seems to have experienced a substantial 

absolute and relative to GDP growth in all forms of government expenditures. Nevertheless, as it turns out, 

our overall long-run elasticity estimates do not show any significant changes even after excluding outliers. 

Our results are thus approximately robust. 

1.9 Conclusion  

This paper examines the driving components of government expenditure growth in OECD countries from 

1991-2012. As compared to recent panel data studies on Wagner's law, our study contributes by extensively 

decomposing government expenditures into different categories. 

In a first step, we consider general government expenditure in total (TGGE). In the second step, TGGE are 

dissected into modes: community consumption (CC), investment and payments (IP), and transfers. In the 

third step, we consider types of government expenditures, i.e. current and capital expenditures. Lastly, in 

the fourth step, TGGE are decomposed into functions (excluding defence): social protection, health, 

education, economic affairs, law and order, recreation, culture and religion (LORCR), environmental 

protection, housing and community amenities, and general public services. 

Visual inspection of eight year moving average scatter plots for each government expenditure category and 

income per capita provide evidence supportive of a common stochastic trend across all countries. We 

therefore focus on non-stationarity properties of the variables and examine a panel cointegration model 

based on the ECM methodology developed by Westerlund (2007). Afterwards, we estimate the long-run 

elasticity parameters for each government expenditure category with respect to income per capita. This is 
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done by using pooled mean group (PMG) (Pesaran, Shin, and Smith 1999) and mean group (Pesaran and 

Smith 1995) techniques. In addition, we also control for common cross-correlated effects proposed by 

Pesaran (2006) to account for cross-sectional dependence in the relationship. 

The estimation results show that, a 1% increase in GDP/capita caused a 0.18% (homogeneous) decline in 

total general government expenditures relative to GDP. To back up this estimate, we focus of the different 

modes of expenditures and find a negative long-run income per capita elasticity for community 

consumption, and investment and payments and a positive long-run income per capita elasticity for 

transfers. Focusing on types of expenditures, we find that both current and capital expenditures have a 

homogeneous negative long-run elasticity (relative to GDP) with respect to GDP/capita. Focusing on 

functional differences we find that an increase in GDP/capita causes health expenditures as a share of GDP 

to increase significantly. Similarly, education, environmental protection, and LORCR also have a positive 

long-run income per capita elasticity of demand. On the other hand, significantly negative long-run 

elasticities are y estimated for economic affairs, housing and community amenities, and social protection. 

Our robustness checks show that after the 2008-09 economic crises, the long-run elasticities have 

significantly increased for TGGE and transfers. All the estimates are robust when excluding relevant 

outliers. 

Our study shows that in a recent time period (1991-2012), the strict version of Wagner's law is only correct 

for some components of government expenditures. The possible explanation for this phenomenon is the 

relatively low income per capita growth in the OECD countries after the 1990s. As a result of this low 

growth, the long-run demand for overall government expenditures relative to the GDP has declined which, 

in turn, led to a process of structural transformation. The demand for some expenditures, such as transfers 

and health, has significantly increased, while for other expenditures, such as community consumption and 

investment & payments, demand has decreased. 

The structural growth patterns of these kinds of expenditures provide policy makers with important 

information, in particular for efficient resource allocation, budgeting, and social policy choices. Hence, it 

would be imperative to test the usefulness of those government expenditures that are driving the long-term 

growth of the government sector. What is, for example, the impact of transfers on economic growth and 

income distribution in the OECD countries? Secondly, one would need to investigate which social policy 

measures are sustainable. We leave these questions for future research. 
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Chapter 1 Appendices 

Appendix-1 

Table 1: OECD Countries  

Belgium Portugal Denmark Ireland Germany 

Austria Luxembourg Czech Republic Finland France 

United Kingdom Hungary Norway Netherlands Slovakia 

Spain Sweden United States of America South Korea  
Source: OECD Library and Eurostat. 

Table 2: Classification – General Government Expenditures 

Scheme-1: Total General Government Expenditures (TGGE) 

Scheme-2: Modes of Total General Government Expenditures (TGGE) 

I. Community Consumption (CC)*  II. Investment and Payments (IP) III. Transfers 

 intermediate consumption   interest and rent payments    social benefits 

 compensation of employees   gross capital formation   social transfers in kind 

   other transfers 

  (i). subsidies 

  (ii). capital transfers 

  

(iii). other current 

transfers 

Scheme-3: Types of Total General Government Expenditures (TGGE) 

I. Current Expenditures (CURE)  II. Capital Expenditures (CAPE)  
 social benefits  capital transfers  
 social transfers in kind    gross capital formation  
 intermediate consumption   

 compensation of employees   

 subsidies   

 interest and rent payments   

 other current transfers   

Scheme-4: Functions of Total General Government Expenditures (TGGE) 

I. social protection  VI. environmental protection (EP)  
II. health  VII. General Public Services (GPS)  

III. education  

VIII. housing and community         

amenities (HCA)  

IV. economic affairs  defence 

IX. defence 

 
V. LORCR = (a) + (b)   

(a) public order and safety   

(b) recreation, culture and religion   

Source: According to the definitions of European System of Accounts (ESA), 2010 and OECD Library. 

* Also defined as collective consumption expenditure in ESA, 2010. 
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Table 3: Stationarity Properties of GDP per Capita, TGGE, Modes of TGGE, and Types of TGGE 

(absolute and relative to GDP) 

 Im, Pesaran and Shin Levin, Lin and Chu Pesaran 

Variables (H0: individual root) (H0: common root) (H0: panel root) 

 Test-statistic Test-statistic Test-statistic 

ln(GDP/capita) -1.24 9.19 6.11 

D[ln(GDP/capita)] -5.97*** -8.69*** -4.09*** 

ln(TGGE) 3.64 13.13 -1.29 

D[ln(TGGE)] -11.92*** -10.89*** -10.47*** 

ln(TGGE/GDP) -0.3 -1.4 -0.4 

D[ln(TGGE/GDP)] -10.04*** -16.80*** -11.64*** 

Modes of TGGE    

ln(CC) 0.58 11.67 4.83 

D[ln(CC)] -7.95*** -7.96*** -3.06*** 

ln(CC/GDP) -0.34 -1.1 3.78 

D[ln(CC/GDP)] -10.17*** -15.44*** -3.08*** 

ln(transfers) 3.65 11.57 -0.89 

D[ln(transfers)] -12.61*** -8.71*** -12.18*** 

ln(transfers/GDP) -1.44 5.02 -1.24 

D[ln(transfers/GDP)] -12.57*** -15.55*** -12.55*** 

D[ln(IP)] -11.84*** -15.87*** -11.78*** 

ln(IP/GDP) -1.1 4.37 -1.35 

D[ln(IP/GDP)] -10.49*** -15.80*** -12.06*** 

Types of TGGE    

ln(CURE) 3.61 14.48 2.61 

D[ln(CURE)] -8.19*** -8.46*** -5.68*** 

ln(CURE/GDP) -0.63 -1.18 3.4 

D[ln(CURE/GDP)] -9.50*** -14.30*** -6.99*** 

ln(CAPE) -0.35 4.61 0.28 

D[ln(CAPE)] -17.50*** -20.97*** -4.25*** 

ln(CAPE/GDP) 0.14 -0.92 0.53 

D[ln(CAPE/GDP)] -12.16*** -21.41*** -4.85*** 

Note: D[.] represents 1st difference, *** is significance at 1% level. TGGE=total general government expenditures, 

CC= community consumption, IP=investment and payments. 

 

 

 

  



34 

 

Table 4: Stationarity Properties of Functions' Categories (absolute and relative to GDP) 

 Im, Pesaran and Shin Levin, Lin and Chu Pesaran 

Variables (H0: individual root) (H0: common root) (H0: panel root) 

 Test-statistic Test-statistic Test-statistic 

Functions of TGGE    

ln(social protection) 4.18 14.93 2.53 

D[ln(social protection)] -11.19*** -9.14*** -6.47*** 

ln(social protection/GDP) -0.41 -1.09 2.41 

D[ln(social protection/GDP)] -9.60*** -12.05*** -6.88*** 

ln(health) 2.62 13.5 -0.67 

D[ln(health)] -10.65*** -8.11*** -8.21*** 

ln(health/GDP) 1.4 -0.44 1.48 

D[ln(health/GDP)] -11.94*** -13.90*** -8.18*** 

ln(education) 0.6 9.12 3.24 

D[ln(education)] -7.65*** -8.60*** -8.21*** 

ln(education/GDP) -1.84âˆ—âˆ— -1.34 2.23 

D[ln(education/GDP)] -10.62*** -8.39*** -7.32*** 

ln(economic affairs) -1.39 4.03 0.39 

D[ln(economic affairs)] -15.94*** -21.19*** -4.84*** 

ln(economic affairs/GDP) -3.88*** 1.14 0.73 

D[ln(economic affairs/GDP)] -13.06*** -20.53*** -11.25*** 

ln(LORCR) 0.96 7.77 0.36 

D[ln(LORCR)] -11.09*** -10.21*** -8.11*** 

ln(LORCR/GDP) 0.48 -1.5 1.06 

D[ln(LORCR/GDP)] -10.26*** -13.10*** -7.91*** 

ln(EP) -1.22 5.38 1.21 

D[ln(EP)] -15.25*** -16.45*** -5.00*** 

ln(EP/GDP) 1.15 -1.04 0.64 

D[ln(EP/GDP)] -14.48*** -22.72*** -10.96*** 

ln(GPS) -0.48 3.36 0.28 

D[ln(GPS)] -12.23*** -14.33*** -3.41*** 

ln(GPS/GDP) -1.43 3.43 -0.12 

D[ln(GPS/GDP)] -10.48*** -12.50*** -9.98*** 

ln(HCA) -0.56 1.25 0.74 

D[ln(HCA)] -13.59*** -20.74*** -10.73*** 

ln(HCA/GDP) 0.72 1.14 -0.1 

D[ln(HCA/GDP)] -14.59*** -20.62*** -10.65*** 

Note: D[.] represents 1st difference, *** is significance at 1% level. LORCR= law and order, recreation, culture & 

religion, EP=environmental protection, GPS=general public services, HCA=housing and community amenities. 
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Table 5: Westerlund Error-Correction Test Results between GDP/Capita and TGGE, Categories 

under Modes, Types and Functions of TGGE 

   Test-statistic 

(H0: no cointegration)  Dependent variables Deterministic terms 

  
 Panel Group 

 ln(TGGE) none -4.75 [0.00] -2.25 [0.00] 

 ln(TGGE/GDP) none -7.25 [0.01] -2.22 [0.00] 

 ln(CC) constant -10.18 [0.00] -9.41 [0.00] 

 ln(CC/GDP) constant -7.65 [0.01] -2.8 [0.01] 

Modes  ln(transfers) none -3.77 [0.02] -5.3 [0.00] 

of TGGE ln(transfers/GDP) none -6.74 [0.05] -1.68 [0.02] 

 ln(IP) constant -10.81 [0.00] -2.48 [0.00] 

 ln(IP/GDP) constant -11.56 [0.00] -2.76 [0.00] 

 ln(CURE) constant -8.61 [0.00] -2.73 [0.00] 

Types ln(CURE/GDP) none -8.37 [0.01] -2.72 [0.00] 

of TGGE ln(CAPE) none -9.45 [0.04] -5.95 [0.00] 

 ln(CAPE/GDP) none -10.15 [0.05] -2.17 [0.00] 

 ln(social protection) none -2.76 [0.04] -2.09 [0.00] 

 ln(social protection/GDP) none -6 [0.04] -2.24 [0.00] 

 ln(health) constant -10.1 [0.00] -8.05 [0.03] 

 ln(health/GDP) none -4.33 [0.06] -1.43 [0.02] 

 ln(education) constant -12.26 [0.00] -11.98 [0.00] 

 ln(education/GDP) constant -9.68 [0.03] -2.63 [0.01] 

Functions ln(economic affairs) none -7.78 [0.00] -1.95 [0.00] 

of TGGE ln(economic affairs/GDP) none -8.09 [0.01] -1.99 [0.00] 

 ln(LORCR) constant 10 [0.00] -11.7 [0.00] 

 ln(LORCR/GDP) constant -9.86 [0.04] -2.66 [0.05] 

 ln(EP) constant -25.42 [0.00] -11.65 [0.00] 

 ln(EP/GDP) constant -26.94 [0.00] -9.81 [0.01] 

 ln(GPS) constant -3.94 [0.82] -1.75 [0.70] 

 ln(GPS/GDP) constant -4.05 [0.14] -1.22 [0.11] 

 ln(HCA) none -8.44 [0.00] -2.7 [0.00] 

 ln(HCA/GDP) none -8.3 [0.00] -2.06 [0.01] 

Note: One (out of two) of the significant test-statistics each for panel and group are reported. Robust p-values are 

given in [ ] generated via bootstrapping. 
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Table 6: Cross-sectional Dependence Tests 

 Variables Correlation CD-test statistic 

  

H0: cross-sectional 

independence 
 

 ln(GDP/capita) 0.95 56.03*** 

 ln(TGGE) 0.90 53.22*** 

 ln(TGGE/GDP) 0.32 18.96*** 

 ln(CC) 0.84 49.49*** 

 ln(CC/GDP) 0.16 9.58*** 

Modes ln(IP) 0.03 2.13** 

of TGGE ln(IP/GDP) 0.39 22.93*** 

 ln(transfers) 0.87 51.02*** 

 ln(transfers/GDP) 0.25 14.94*** 

 ln(CURE) 0.93 55.03*** 

Types ln(CURE/GDP) 0.34 17.76*** 

of TGGE ln(CAPE) 0.27 16.33*** 

 ln(CAPE/GDP) 0.08 5.26*** 

 ln(social protection) 0.92 52.88*** 

 ln(social protection/GDP) 0.31 18.04*** 

 ln(health) 0.91 52.58*** 

 ln(health/GDP) 0.49 28.46*** 

 ln(education) 0.89 51.06*** 

 ln(education/GDP) 0.25 14.25*** 

Functions ln(economic affairs) 0.22 12.71*** 

of TGGE ln(economic affairs/GDP) 0.12 7.21*** 

 ln(LORCR) 0.81 47.12*** 

 ln(LORCR/GDP) 0.13 7.51*** 

 ln(EP) 0.26 14.87*** 

 ln(EP/GDP) -0.03 -2.04** 

 ln(GPS) 0.17 10.09*** 

 ln(GPS/GDP) 0.34 19.64*** 

 ln(HCA) 0.03 1.92 

 ln(HCA/GDP) 0.07 4.41*** 

Note: D[.] represents 1st difference, *** is significance at 1% level. TGGE=total general government expenditures, 

CC=community consumption, IP= investment and payments, CURE=current expenditures, CAPE=capital 

expenditures, LORCR=public order & safety, recreation, culture & religion, EP=environmental protection, 

HCA=housing and community amenities. 
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Table 7: Estimation Results – Long-run Elasticity 

 Dependent variables (CCE)PMG (CCE)MG Hausman test 

  θ{1,2} θ{1,2} H0: PMG u MG 

 ln(TGGE) 1.12 (0.05)** 1.05 (0.28) 0.04 [0.83] 

 ln(TGGE/GDP) -0.18 (0.05)*** 0.36 (0.38) 1.51 [0.21] 

 ln(CC) 1.10 (0.03)*** 1.08 (0.11) 0.02 [0.89] 

 ln(CC/GDP) -0.08 (0.03)** -0.14 (0.10) 0.30 [0.58] 

Modes ln(IP) 0.86 (0.10) 0.75 (0.54) 0.04 [0.84] 

of TGGE ln(IP/GDP) -0.46 (0.16)** -0.48 (0.42) 0.00 [0.95] 

 ln(transfers) 1.49 (0.07)*** 1.13 (0.21) 1.91 [0.16] 

 ln(transfers/GDP) 0.16 (0.05)*** 0.21 (0.34) 0.02 [0.89] 

 ln(CURE) 1.27 (0.03)*** 1.24 (0.38) 0.00 [0.94] 

Types ln(CURE/GDP) -0.23 (0.02)*** -0.19 (0.10) 0.08 [0.78] 

of TGGE ln(CAPE) 0.89 (0.002) 0.95 (0.03) 1.44 [0.22] 

 ln(CAPE/GDP) -0.30 (0.001)*** -0.30 (0.006)*** 0.39 [0.53] 

 ln(social protection) 1.50 (0.05)*** 1.40 (1.06) 0.00 [0.95] 

 ln(social protection/GDP) -0.28 (0.05)*** -0.24 (0.33) 0.03 [0.86] 

 ln(health) 1.58 (0.23)** 0.66 (0.67) 1.42 [0.23] 

 ln(health/GDP) 0.35 (0.02)*** 0.39 (0.24) 0.02 [0.88] 

 ln(education) 1.19 (0.07)** 1.36 (0.39) 0.04 [0.83] 

 ln(education/GDP) 0.15 (0.04)*** 0.61 (0.58) 0.48 [0.48] 

Functions ln(economic affairs) 1.07 (0.09) 0.58 (0.34) 1.88 [0.17] 

of TGGE ln(economic affairs/GDP) -0.41 (0.17)** -0.73 (0.52) 0.41 [0.51] 

 ln(LORCR) 1.11 (0.03)*** 1.41 (0.22) 0.94 [0.33] 

 ln(LORCR/GDP) 0.07 (0.03)** 0.13 (0.13) 0.26 [0.61] 

 ln(EP) 1.06 (0.02)** 1.21 (0.33) 0.16 [0.68] 

 ln(EP/GDP) 0.20 (0.07)** 0.03 (0.42) 0.17 [0.68] 

 ln(HCA) 0.81 (0.10) 0.88 (0.29) 0.04 [0.84] 

 ln(HCA/GDP) -0.38 (0.05)*** -0.93 (0.65) 0.49 [0.48] 

Standard errors are given in parenthesis. *** and ** are Wald tests significance at 1% and 5% levels for  θ1 > 1 and  

θ2 > 0. Bold estimates are favoured by Hausmann tests with p-values given in [ ]. 
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Table 8: Equilibrium Error-Correction and Cross-sectional Dependence from (CCE) PMG 

Estimation 

 Dependent variables 

Error-Correction 

coefficient 
Estimator CD-test 

  γ {ARDL order} H0 : εi ≠ εj 

 ln(TGGE) -0.47 (0.08)*** CCEPMG {2,2} -1.54 [0.12] 

 ln(TGGE/GDP) -0.31 (0.06)*** CCEPMG {1,1} -1.22 [0.22] 

 ln(CC) -0.24 (0.05)*** PMG {3,3} 0.89 [0.37] 

 ln(CC/GDP) -0.23 (0.05)*** PMG {3,3} 1.37 [0.16] 

Modes ln(IP) -0.76 (0.11)*** CCEPMG {2,2} -0.06 [0.94] 

of TGGE ln(IP/GDP) -0.69 (0.07)*** CCEPMG {1,2} -0.53 [0.59] 

 ln(transfers) -0.17 (0.05)*** PMG {3,2} 1.00 [0.31] 

 ln(transfers/GDP) -0.23 (0.08)** PMG {3,2} 0.83 [0.40] 

 ln(CURE) -0.33 (0.06)*** CCEPMG {2,1} -1.24 [0.21] 

Types ln(CURE/GDP) -0.19 (0.03)*** PMG {2,2} 0.2 [0.83] 

of TGGE ln(CAPE) -0.23 (0.07)*** PMG {1,2} 0.17 [0.85] 

 ln(CAPE/GDP) -0.33 (0.06)*** PMG {3,1} 0.34 [0.72] 

 ln(social protection) -0.35 (0.10)*** CCEPMG {3,3} -0.35 [0.72] 

 ln(social protection/GDP) -0.66 (0.11)*** CCEPMG {2,4} 0.24 [0.80] 

 ln(health) -0.40 (0.04)*** CCEPMG {1,1} -0.96 [0.33] 

 ln(health/GDP) -0.61 (0.11)*** CCEPMG {2,5} -0.84 [0.39] 

 ln(education) -0.61 (0.10)*** CCEPMG {2,1} -0.68 [0.49] 

 ln(education/GDP) -0.78 (0.13)*** CCEPMG {2,3} -0.72 [0.46] 

Functions ln(economic affairs) -0.51 (0.11)*** PMG {2,3} -0.02 [0.97] 

of TGGE ln(economic affairs/GDP) -0.73 (0.11)*** CCEPMG {1,2} -1.33 [0.18] 

 ln(LORCR) -0.41 (0.15)** PMG {1,3} -0.24 [0.80] 

 ln(LORCR/GDP) -0.49 (0.16)*** PMG {2,3} 0.19 [0.84] 

 ln(EP) -0.54 (0.13)*** PMG {3,2} -0.07 [0.93] 

 ln(EP/GDP) -0.91 (0.19)*** CCEPMG {3,1} -0.00 [0.99] 

 ln(HCA) -0.49 (0.07)*** PMG {3,2} 0.86 [0.38] 

 ln(HCA/GDP) -0.77 (0.14)*** PMG {3,4} -0.09 [0.92] 

Standard errors are given in parenthesis. *** and ** are t-tests significance at 1% and 5% levels for γ < 0. P-values 

for CD-test are given in []. 
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Table 9: Panel Causality: GDP/Capita, TGGE, Modes of TGGE and Types of TGGE   

 Direction of Causation Panel P-value 

  {W-statistic}  

 ln(TGGE) ↛ ln(GDP/Capita) 2.77 0.32 

 ln(GDP/Capita) ↛ ln(TGGE) 7.63 0.00 

 ln(TGGE/GDP) ↛ ln(GDP/Capita) 3.09 0.51 

 ln(GDP/Capita) ↛ ln(TGGE/GDP) 5.77 0.02 

 ln(CC) ↛ ln(GDP/Capita) 2.99 0.31 

 ln(GDP/Capita) ↛ ln(CC) 10.26 0.00 

 ln(CC/GDP) ↛ ln(GDP/Capita) 3.37 0.10 

 ln(GDP/Capita) ↛ ln(CC/GDP) 6.21 0.00 

 ln(transfers) ↛ ln(GDP/Capita) 3.24 0.62 

Modes ln(GDP/Capita) ↛ ln(transfers) 7.92 0.00 

of TGGE ln(transfers/GDP) ↛ ln(GDP/Capita) 2.58 0.70 

 ln(GDP/Capita) ↛ ln(transfers/GDP) 6.58 0.00 

 ln(IP) ↛ ln(GDP/Capita) 1.18 0.30 

 ln(GDP/Capita) ↛ ln(IP) 6.60 0.01 

 ln(IP/GDP) ↛ ln(GDP/Capita) 1.90 0.15 

 ln(GDP/Capita) ↛ ln(IP/GDP) 3.66 0.02 

 ln(CURE) ↛ ln(GDP/Capita) 2.82 0.34 

 ln(GDP/Capita) ↛ ln(CURE) 9.23 0.00 

 ln(CURE/GDP) ↛ ln(GDP/Capita) 2.77 0.50 

Types ln(GDP/Capita) ↛ ln(CURE/GDP) 4.99 0.00 

of TGGE ln(CAPE) ↛ ln(GDP/Capita) 3.68 0.98 

 ln(GDP/Capita) ↛ ln(CAPE) 7.85 0.00 

 ln(CAPE/GDP) ↛ ln(GDP/Capita) 2.04 0.63 

 ln(GDP/Capita) ↛ ln(CAPE/GDP) 4.93 0.00 

Dumitrescu Hurlin panel causality tests are applied up to 2 lags. 
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Table 10: Panel Causality: GDP/Capita and Functions of TGGE 

 Direction of Causation Panel P-value 

  {W-statistic}  

 ln(social protection) ↛ ln(GDP/Capita) 2.75 0.30 

 ln(GDP/Capita) ↛ ln(social protection) 8.62 0.00 

 ln(social protection/GDP) ↛ ln(GDP/Capita) 2.52 0.80 

 ln(GDP/Capita) ↛ ln(social protection/GDP) 7.03 0.00 

 ln(health) ↛ ln(GDP/Capita) 3.98 0.82 

 ln(GDP/Capita) ↛ ln(health) 7.53 0.00 

 ln(health/GDP) ↛ ln(GDP/Capita) 2.78 0.52 

 ln(GDP/Capita) ↛ ln(health/GDP) 6.65 0.00 

 ln(education) ↛ ln(GDP/Capita) 4.26 0.61 

 ln(GDP/Capita) ↛ ln(education) 7.69 0.00 

 ln(education/GDP) ↛ ln(GDP/Capita) 3.49 0.08 

Functions ln(GDP/Capita) ↛ ln(education/GDP) 5.76 0.00 

of TGGE ln(economic affairs) ↛ ln(GDP/Capita) 4.02 0.79 

 ln(GDP/Capita) ↛ ln(economic affairs) 7.03 0.00 

 ln(economic affairs/GDP) ↛ ln(GDP/Capita) 2.13 0.72 

 ln(GDP/Capita) ↛ ln(economic affairs/GDP) 3.51 0.07 

 ln(LORCR) ↛ ln(GDP/Capita) 2.79 0.32 

 ln(GDP/Capita) ↛ ln(LORCR) 9.33 0.00 

 ln(LORCR/GDP) ↛ ln(GDP/Capita) 2.03 0.61 

 ln(GDP/Capita) ↛ ln(LORCR/GDP) 6.04 0.00 

 ln(EP) ↛ ln(GDP/Capita) 4.00 0.81 

 ln(GDP/Capita) ↛ ln(EP) 12.21 0.00 

 ln(EP/GDP) ↛ ln(GDP/Capita) 2.66 0.65 

 ln(GDP/Capita) ↛ ln(EP/GDP) 5.79 0.00 

 ln(HCA) ↛ ln(GDP/Capita) 3.21 0.57 

 ln(GDP/Capita) ↛ ln(HCA) 8.73 0.00 

 ln(HCA/GDP) ↛ ln(GDP/Capita) 3.16 0.53 

 ln(GDP/Capita) ↛ ln(HCA/GDP) 7.38 0.00 

Dumitrescu Hurlin panel causality tests are applied up to 2 lags. 
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Table 11: Robustness Analysis - (CCE) PMG/MG Long-run Elasticity from 1991 to 2007; and 

Without Outliers 

 Dependent variables (1991-2012) (1991-2007) (1991-2012) 

  θ{1,2} θ{1,2} No Outliers - θ{1,2} 

 ln(TGGE) 1.12 (0.05) 1.01 (0.05) - 

 ln(TGGE/GDP) -0.18 (0.05) -0.22 (0.06) -0.20 (0.05) 

 ln(CC) 1.10 (0.03) 1.14 (0.02) - 

 ln(CC/GDP) -0.08 (0.03) -0.12 (0.02) -0.08 (0.03) 

Modes ln(IP) 0.86 (0.10) 0.76 (0.14) - 

of TGGE ln(IP/GDP) -0.46 (0.16) -0.45 (0.12) -0.52 (0.18) 

 ln(transfers) 1.49 (0.07) 1.35 (0.05) - 

 ln(transfers/GDP) 0.16 (0.05) -0.12 (0.04) 0.13 (0.02) 

 ln(CURE) 1.27 (0.03) 1.13 (0.05) - 

Types ln(CURE/GDP) -0.23 (0.02) -0.29 (0.02) -0.23 (0.02) 

of TGGE ln(CAPE) 0.89 (0.002) 0.84 (0.10) 0.89 (0.002) 

 ln(CAPE/GDP) -0.30 (0.001) -0.31 (0.002) -0.30 (0.001) 

 ln(social protection) 1.50 (0.05) 1.22 (0.03) - 

 ln(social protection/GDP) -0.28 (0.05) -0.36 (0.02) -0.29 (0.05) 

 ln(health) 1.58 (0.23) 1.38 (0.04) - 

 ln(health/GDP) 0.35 (0.02) 0.24 (0.04) 0.36 (0.02) 

 ln(education) 1.19 (0.07) 1.02 (0.05) - 

 ln(education/GDP) 0.15 (0.04) 0.17 (0.05) 0.22 (0.03) 

Functions ln(economic affairs) 1.07 (0.09) 0.94 (0.04) 1.11 (0.09) 

of TGGE ln(economic affairs/GDP) -0.41 (0.17) -0.40 (0.10) -0.48 (0.17) 

 ln(LORCR) 1.11 (0.03) 0.99 (0.06) - 

 ln(LORCR/GDP) 0.07 (0.03) -0.07 (0.03) 0.36 (0.04) 

 ln(EP) 1.06 (0.02) 0.66 (0.06) 1.06 (0.02) 

 ln(EP/GDP) 0.20 (0.07) 0.27 (0.08) 0.19 (0.07) 

 ln(HCA) 0.81 (0.10) 0.71 (0.07) 0.82 (0.10) 

 ln(HCA/GDP) -0.38 (0.05) -0.45 (0.08) -0.39 (0.05) 

Standard errors are given in parenthesis. 
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Appendix-2 

  

Figure 2: 8 Years Moving Average of: log(Total General Government Expenditures, absolute and 

as a share of GDP) with log(GDP/capita) 

Figure 3: 8 Years Moving Average of: log(Community Consumption (CC), absolute and as a 

share of GDP) with log(GDP/capita) vs. log(Investment and Payments (IP), absolute and as a 

share of GDP) with log(GDP/capita) 
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Figure 4: 8 Years Moving Average of: log(Transfers, absolute and as a share of GDP) with 

log(GDP/capita) 

Figure 5: 8 Years Moving Average of Types - log(Current Expenditures (CURE), absolute and as 

a share of GDP) with log(GDP/capita) vs. log(Capital Expenditures (CAPE), absolute and as a 

share of GDP) with ln(GDP/capita) 
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Figure 6: 8 Years Moving Average of Functions - log(Social Protection, absolute and as a share of 

GDP) with log(GDP/capita) vs. log(Health, absolute and as a share of GDP) with log(GDP/capita) 

Figure 7: 8 Years Moving Average of Functions - log(Education, absolute and as a share of GDP) 

with log(GDP/capita) vs. log(Economic Affairs, absolute and as a share of GDP) with 

log(GDP/capita) 
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Figure 8: 8 Years Moving Average of Functions - log(LORCR, absolute and as a share of GDP) 

with log(GDP/capita) vs. log(Environmental Protection, absolute and as a share of GDP) with 

log(GDP/capita) 

Figure 9: 8 Years Moving Average of Functions - log(General Public Services, absolute and as a 

share of GDP) with log(GDP/capita) vs. log(Housing and Community Amenities, absolute and as 

a share of GDP) with log(GDP/capita) 
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Chapter 2 

Financial Constraints and Dynamic Employment Adjustment: 

Evidence from Firm-level Data 
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2.1 Introduction and Literature Review  

Employment adjustments have been the subject of empirical and theoretical investigations in the literature, 

in particular, the causes of fluctuating employment rates22. Hijzen et al. (2013) and Blanchard et al. (2013) 

estimated that institutional factors and structural differences of labour markets across countries play a 

critical role in employment adjustments. Davis et al. (2012) showed that employment adjustment is a firm-

level phenomenon as firms in the same sector grow and shrink simultaneously. In dissecting this issue, 

Carlsson et al. (2014) analyzed data from Swedish manufacturing firms and concluded that shocks in firm’s 

fundamental factors, namely output demand and idiosyncratic (firm-specific) production, are the key 

structural determinants of employment adjustments. 

In this study, we investigate the causes of employment adjustment in the presence of firm-level financial 

constraints. We adopt an approach that directly describes financial constraints of firms based on their 

creditworthiness. We analyze Belgian firm-level panel data of firms in the manufacturing and non-

manufacturing sectors for the period 2005 – 201523. To evaluate the creditworthiness of firms, we use a 

financial distress index based on the Altman Z-score plus model (2012) by taking into account revenue, 

liquidity, debt, equity, and cash flow. This allows classifying firms as distressed, grey, and safe, depending 

upon their median degree of financial distress. To quantify the effect of fundamental and financial factors, 

we define key metrics using profit and loss, and cash flow statements to compute fundamental employee 

productivity (revenue/employee) and employee cost factors (cost/employment). Financial factors include 

cash flow per employee as a proxy for internal funds and interest expenses per employee as a proxy for 

external funds24. For employment adjustment, we proxied employment rate as our main target variable. 

Descriptive analysis of financial factors for all clusters of manufacturing and non-manufacturing firms 

reveal that distressed firms had limited internal funds in comparison to grey and safe firms. 75% of 

distressed firms were highly leveraged with debt/equity ratios of 2-3, and interest expenses of 40% – 70% 

of cash flows. Panel correlations and volatility measures show strong associations between interest 

expenses and employment rates and a higher volatility in distressed firms as compared to grey and safe 

firms. Strong correlations between fundamental and financial ratios within clusters can be observed which 

                                                           
22 Figure 1 in Appendix-A on the percentage change in employment for OECD and European countries. 
23 See Figure 1 in Appendix-Aon fluctuating average annual employment rate in Belgian firms from our sample 

data.  
24 Cash flow after paying expenditures and debt, and retained for further business expansion, investment or 

operating expenses purposes. The interest expenses are computed as interest rate times outstanding amount of debt. 
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indicates the endogenous nature of the relationship. A major problem highlighted in the literature concerns 

the identification of the actual effect of financial factors on the employment rate25.  

We overcame this endogeneity problem by applying a recursive structural panel vector autoregressive 

(PVAR) model in a generalized method of moment (GMM) framework (Love & Zicchino, 2006). This 

allowed us to isolate and estimate the individual responses of employment adjustment to the fundamental 

and financial factors. The results show that the availability of internal funds (cash flow) is important in 

explaining employment adjustments in manufacturing firms that are highly distressed as compared to grey 

and safe firms that are relatively less constrained with respect to internal funds. The availability of external 

funds is important in explaining employment adjustments in non-manufacturing distressed firms as 

compared to grey and safe firms. While, the marginal productivity of employment has a stronger impact on 

employment adjustments in distress firms, and cost per employee has a stronger impact on employment 

adjustments in safe firms. This suggests that the degree of financial distress within firms also affect the 

impact of fundamental factors on employment adjustments.  

Our study is related to two strands of literature: (i) the literature on financial market imperfections and firm-

level investment behavior, and (ii) the literature on financial constraints and employment adjustment. The 

pioneering theoretical studies by Townsend (1979) and Bernanke & Gertler (1989) show that imperfections 

in the financial market lead to asymmetric information and moral hazard problems between lenders (banks) 

and borrowers (firms). Thus, the availability of internal funds (wealth) affect the firms’ ability to borrow 

(external funds) for investment in physical and human capital. This is not portrayed in the neoclassical 

theory of investment in which the firm makes investment decisions entirely based on the marginal 

profitability of investment, independent of the source of financing and financial market imperfections. 

In a seminal paper, Kiyotaki and Moore (1997) extend the finding of Bernanke and Gertler (1989) by 

explaining that one of the reasons for severe recessions is the negative effect on the firm’s collateral, i. e. 

wealth or cash flow, during economic downturns. This, in turn, affects the firm’s access to external funds 

and output expansions. In parallel to this finding, Sharpe (1994) conducted a business cycle analysis and 

found that employment volatility varies with output demand for highly leveraged (indebted) firms. 

In more recent studies, Love & Zicchino (2006) showed how financial constraints faced by firms are more 

prevalent in developing countries in which financial markets are not well-developed and firms rely more 

on internal funds (cash flow) to finance their investments in physical capital. The most critical point raised 

by Love & Zicchino (2006) is that financial factors directly affect investment even if firms have a high 

                                                           
25 See Gilchrist & Himmelberg (1995) on capital marker imperfections and investment behavior, and Benmelech, 

Bergman, & Seru (2011) on financial constraints and employment. 
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marginal productivity of capital. On the other hand, Schäfer & Steiner (2014) use an incomplete contract 

model to explore the relationship between financial development and employment growth in Eastern 

European and Central Asian transition countries. The authors show that firms with high managerial capital 

experience positive employment growth when moving to a developed financial system. To connect the 

financial constraints subject to both aspects of investment and employment, Benmelech et al, (2011) 

showed that employment decisions of firms are quantitatively similar to the sensitivity of investment 

decisions to cash flow. The authors employed quasi-experiments using US manufacturing and non-financial 

firms’ data and predicted that financial constraints to external funds affect employment, while the level of 

debt within manufacturing firms also has a significant effect on employment.  

Our study results complement the earlier findings of Benmelech et al. (2011). We investigate this 

relationship from a creditworthiness (net worth) perspective and show that not only cash flow but also 

interest expenses independently affect the firms’ employment adjustments. Second, we show that this 

responsiveness of employment adjustments to cash flow in distressed firms is due to low-net-worth i.e. 

constraints to internal funds. We also show that the effects of financial factors on employment adjustments 

are different for non-manufacturing firms. We believe that our results are useful from a labour market policy 

perspective. They help formulating policy instruments at the firm-level, like flexible job contracts, short-

time work compensation, etc. Such instruments may dampen the financial factors effect on employment 

adjustments for firms that are at different levels of financial distress. 

The rest of the paper is organized as follows. Chapter 2 presents the data, describes the clustering of firms 

based on the Altman Z-Score and presents the stylized facts. Chapter 3 shows the panel correlations and 

volatility of the main variables. Chapter 4 describes the empirical methodology. Chapter 5 presents the 

estimation results; and Chapter 6 concludes. 

2.2 Data, Altman Z-Score for Financial Clustering, and Stylized Facts 

2.2.1 Firm-Level Data 

The panel data of Belgian firms used in this study was taken from ORBIS Amadeus database compiled by 

the Bureau Van Dijk Electronic Publishing (BvD). This database contains all types of financial data for 

both small and large-scale firms as well as for public and private firms. The data derives directly from 

business registers of firms collected by the local chambers of commerce according to administrative and 

legal requirements. The key advantage of the ORBIS Amadeus database is that apart from providing 

financial information, it also records the annual number of employees. Moreover, it provides sector 

information based on the standardized industry codes from Eurostat Nace Rev.2 catalogs.  
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As reported in Tables 1 and 2 on Appendix-A, yearly data of 61,908 firms were collected from 1991 to 

2015 on 19 variables (see Tables 3 and 4 in Appendix-A for a complete list). However, several discrepancies 

were noted in the data. For instance, 60% to 70% of observations on gross profit and operating profit per 

employee were missing before the year 2005 and only five to ten firms exhibited a complete record of 

variables. Therefore, the data were filtered based on the maximum number of observations available on a 

timeline of 2005 – 2015 for as many firms as possible. The filtered data set was contains N=3,336 firms for 

the T=11 years (N×T=36, 696observations). To balance the dataset, a bag imputation (bootstrapping) 

algorithm was applied to fill the missing observations for each variable with their median (across years) 

values26. 

Using information from the firm sector codes, (NACE Rev.2, 2008), the major sectors were identified and 

the firms were assigned to machinery-oriented manufacturing sector and the non-manufacturing sector (See 

Table 5 of Appendix-A). Key metrics and ratios relating to the firms were computed from the list of 17 

variables and recorded in Table 6. The firm’s fundamental ratios include revenue per employee (RPE) and 

cost per employee (CPE). Financial ratios included cash flow per employee (CFE) and interest expenses 

per employee (IEE). We divided raw variables by the number of employees since employment varies across 

firms (shown in the section 2.3)27.  The target variable “employment adjustment” is proxied with the 

employment rate (ER). Other standard ratios such as the interest coverage ratio (ICR), the debt to equity 

(DE), working capital per employee (WKE), and the working capital ratio (WKR) were used to determine 

the overall financial health of the firms. These ratios were also used to classify the firms into financial 

clusters based on their financial distress index calculated in the next section. 

The fundamental ratios are needed to measure the effect of productivity and wages on employment 

adjustment: revenue per employee (RPE) is our proxy for marginal productivity of the employee, and cost 

per employee (CPE) is a proxy for gross wage per employee. In the case of financial ratios, we take (levered 

or free) cash flow per employee (CFE) as our proxy for internal funds (see Benmelech, et al. (2011) and 

Love & Zicchino (2006), and to proxy external funds, we take interest expenses per employee (IEE)28. 

                                                           
26 See Stekhoven & Bühlmann (2011) for non-parametric missing observations imputation in mixed-type data. 
27 This method of measurement is critical in modeling and estimating the actual effect of productivity and financial 

ratios on the employment adjustment over-time. A similar approach has also been applied by (Gilchrist & 

Himmelberg, 1995) and (Love & Zicchino, 2006) in an investment framework.      
28 Interest expenses come from the income statement of the firms, and it accounts interest costs incurred by the firm 

on its outstanding debt i.e. interest expenses = interest cost × outstanding debt. Moreover, it includes both short-term 

and long-term financial liabilities.   
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2.2.2 Financial Clustering via Altman Z-Score 

In 1968, Edward Altman introduced a financial scoring model the so-called z-score model, which sought 

to estimate the financial health of public manufacturing firms and their likelihood of insolvency or 

bankruptcy (Altman, 1968). Financial institutions commonly apply the model to measure the probability of 

default of firms. It considers firm’s annual cash flow, working capital, market or book value of assets, and 

sales figures. In 2012, Altman upgraded the model, which now allows computing z-score measurement for 

non-manufacturing firms and private firms29. We use this new upgraded model to evaluate the Belgian 

firm’s financial health and to classify them into clusters based on the financial distress index. The z-score 

thresholds give rise to the following clusters: 

A. Distress (low z-score, highly constrained) 

B. Grey (mid z-score, moderately constrained) 

C. Safe (high z-score, unconstrained) 

We assume that the firms which have a high likelihood of debt default (low z-score) are distressed w.r.t. 

internal funds (cash flow) and therefore have a low creditworthiness. These firms are exposed to moral 

hazard problems and have high information costs to obtain external funds from lenders (banks)30. External 

funding is more costly for such firms as compared to grey and safe firms that possess a lower default 

probability and higher z-scores. Hence, ceteris paribus, an increase in the cash flow (net worth) of distressed 

firms is likely to have a stronger effect on employment adjustment as compared to grey and safe firms. 

It is worth noticing that, we calculated z-scores separately for manufacturing and non-manufacturing firms 

based on the Altman z-score plus models (see the model (4) and model (5) in Appendix-B). Ultimately, as 

illustrated in Tables 7 and 8, both manufacturing and non-manufacturing firms were classified into financial 

clusters based on their median z-score across 2005 – 2015. For instance, distressed manufacturing firms 

have a z-score below 1.23 for at least 50% of the time, while grey manufacturing firms have a median z-

score between 1.23 and 2.9, and safe manufacturing firms have a median z-score lies above 2.9. A similar 

classification scheme is applied for non-manufacturing firms, based on a different scale of z-score 

thresholds. Distressed non-manufacturing firms have a median z-score below 1.1, grey non-manufacturing 

between 1.1 and 2.6 and safe non-manufacturing firms has a median z-score threshold above 2.6.     

                                                           
29 Explanation of the Altman z-score plus models freely available on www.altmanzscoreplus.com/faq.  
30 See Bernanke & Gertler (1989) who explain how firms with lower net worth is associated with the asymmetric 

information between lenders (banks) and borrowers (firms). 

http://www.altmanzscoreplus.com/faq
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2.2.3 Stylized Facts 

In this section, we document the distributional properties of the fundamental variables, the financial 

variables, and of employment adjustment.  Figure 3 in Appendix-C shows, how distressed, grey, and safe 

manufacturing and non-manufacturing firms are dispersed. The majority of the firms (64%) in our sample 

come from the non-manufacturing sector and 36% are manufacturing firms. There are only 133 

manufacturing firms in the distress cluster, while 367 non-manufacturing firms are distressed. Interestingly, 

a large number of manufacturing firms (843) fall in the grey cluster, while the bulk of non-manufacturing 

firms (1,151) is in the safe cluster. The circular graphs indicate how the size of clusters vary in terms of 

average employment across manufacturing and non-manufacturing sectors. For both sectors, but especially 

in the manufacturing sector, the average employment is relatively large in the distressed cluster. On the 

other hand, the safe clusters are the smallest with respect to the average employment. 

More informative are the bar graphs in Figure to 7 in Appendix-C. Looking at the financial factors first, we 

can easily pinpoint heterogeneity in the financial ratios across both manufacturing and non-manufacturing 

clusters. Distressed firms, even though they are large in terms of total assets (TA), are also highly leveraged 

with debt than the respective ratios for the grey and safe clusters31. A mirror image of this leveraged 

financial situation for distressed firms are the very low interest coverage (ICR) and working capital ratios 

(WKR). The interest expenses and the cash flow of distressed firms also reveal similar signs of financial 

distress (low net worth) when they are scaled to employment size. The cash flow per employee (CFE) of 

distressed firms is 4-5 times higher than the CFE of grey and safe firms, but the interest expenses per 

employee (IEE) are 6-10 times higher. Interest expenses are 40% to 70% of the cash flow of distressed 

firms, while in safe firms interest expenses are only up to 27% of the cash flow. This heterogeneity in 

financial ratios across clusters clearly suggests that distressed firms rely more on external funds and are 

cash flow constrained. By way of contrast, safe firms depend less on external funds and are less cash flow 

constrained. Interestingly, we do not observe such a stark difference in fundamental ratios. For example, 

the maximum difference in revenue per employee (RPE) is recorded or the 3rd quartile of non-

manufacturing firms where the RPE of distressed firms is only 1.49 times smaller than the safe firms’ RPE. 

The same pattern is observed for the cost per employee (CPE) quartiles across clusters. 

The quartile means of our target variable, employment rate (ER), show significant differences across 

clusters. Overall, the employment rate (ER) quartile means shrink as we move from distressed towards safe 

firms. For example, the 3rd quartile employment rate (ER) for non-manufacturing distressed firms is 9.3% 

                                                           
31 On 3rd quartile €171 million total assets (TA) relative to only €24 million in grey manufacturing firms’ cluster, 

and their debt to equity (DE) ratios are 2 – 3 times higher. 
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and the 1st quartile ER is -4.35%, whereas for non-manufacturing safe firms the respective quartile 

employment rates are 8.70% and -2.89%.   

2.3 Panel (Within-Firm) Correlations and Volatility 

In the proceeding section, we showed that panel quartile means reveal an interesting pattern of association 

between financial ratios and employment rates across clusters. In particular, we found higher interest 

expenses per employee (IEE), cash flow per employee (CFE), and employment rate (ER) of distressed firms 

then for grey and safe firms. In this section, we examine associations between all variables by computing 

median (within-firm) panel correlations across firms32. For assessing the degree of volatility over-time, we 

calculate the spread (standard deviations) of variables over time and then calculate the median across 

manufacturing and non-manufacturing firms within each cluster. In order to maintain consistency in 

calculations, we first normalize the data by “scaling” all the observations between zero and one33.  

The median panel correlation statistics and the volatility bar graphs for manufacturing and non-

manufacturing firms are reported in Figures 8 to 11 in Appendix C. As expected, strong correlations are 

observed between the fundamental ratios and the employment rates (ER). The cost per employee (CPE) has 

the highest correlation with ER of around 0.90, across all clusters followed by revenue per employee (RPE) 

(0.56 – 0.80). The RPE–ER correlation is relatively low for grey and safe firms in comparison to distressed 

firms. 

Of prime interest for our study are the correlations of the financial ratios. In particular, the correlations of 

interest expenses per employee (IEE) with the employment rate (ER) compared to the correlations with the 

fundamental ratios, these correlations are lower but we observe a high correlation of IEE with the ER for 

distressed firms as compared to the respective correlation for grey and safe firms. In the case of 

manufacturing firms, for example the IEE-ER correlation for distressed firms is 0.42, for grey firms it is 

0.22 and for safe firms 0.19. The cash flow per employee correlations with the ER, however, remain in a 

range of 0.29 – 0.34 across clusters. 

The volatility bars indicate that the employment rate (ER) is more volatile in the distressed clusters of both 

manufacturing and non-manufacturing firms. A similar pattern can be seen in distressed firms’ interest 

expenses per employee (IEE). In addition, the cash flow per employee (CFE) among manufacturing firms 

                                                           
32We calculate Pearson correlations over-time for each firm in the cluster and then compute the median value across 

firms. 
33𝑥′ =

𝑥−min (𝑥)

max(𝑥)−min (𝑥)
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is higher for distressed firms. Similarly, persistent pattern cannot be seen in the revenue per employee (RPE) 

nor in working capital per employee (WKE). 

The high volatility of IEE and ER combined with their strong panel correlations for distressed firms 

indicates that financial factors affect employment adjustment more in distressed firms. It is, however, 

important to note from the panel correlations (Figure 8 and Figure 10 in Appendix C) that the fundamental 

ratios (RPE and CPE) also highly correlate with the financial ratios (CFE and IEE), particularly amongst 

manufacturing firms (0.20 – 0.52). This suggests that the financial constraints are likely to be endogenously 

correlated with marginal labor productivity i.e. RPE and CPE correlate over-time, which would, in turn, 

affect the ER. It is, therefore, essential to isolate these effects (correlations) of ER on the fundamental ratios 

(RPE and CPE) from the effects via financial ratios (CFE and IEE).    

2.4 Methodology 

The panel correlations presented in section 3, indicate that there is noteworthy endogeneity problem when 

one attempts to isolate effects of fundamental ratios and financial ratios on employment adjustment. For 

instance, RPE is strongly correlated with CFE and ER, suggesting that higher productivity of employees 

will lead to a higher cash flow per employee and to higher employment adjustment. However, to identify 

the effect of financial constraints on employment adjustment, one needs to orthogonalize the different 

effects. To account for this dynamic endogeneity, we employ a panel vector-autoregressive (PVAR) model 

in a generalized method of moments (GMM) framework. 

The main advantage of the PVAR technique is that it has the features of the traditional VAR model and 

considers all variables as endogenous in the panel-data estimation approach34. This implies that each cross-

sectional dimension has fixed effects that allow controlling for individual firm-level heterogeneity. The 

residuals in the equations are disturbances that are uncorrelated over-time. These disturbances are then 

exploited through (i) identification of a recursive structure (in a matrix) and (ii) estimating the response of 

the variables to structural shocks (impulses). The reduced form of a first-order PVAR model can be 

expressed as: 

𝑌𝑖𝑡 = 𝛽0 + 𝛽1𝑌𝑖𝑡−1 + 𝑓𝑖 + 𝐷𝑡 + 𝑒𝑡    (1) 

where 𝑌𝑖𝑡 is a variable vector, 𝑓𝑖 denotes firm-specific fixed effects, 𝐷𝑡 captures time dummies that affect 

all firms homogenously, and 𝑒𝑡 is a serially uncorrelated error terms with zero mean, also known as 

structural shocks. 

                                                           
34Estimating the dynamic relationship between the variables via a reduced form approach that includes a sufficient 

number of lags for each of the variables in each equation. 
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To estimate the reduced form model, we form a four variable vector model: [RPE, CFE, IEE, CPE, ER]. 

To setup a recursive structure, we assume that in a first step firms evaluate the employee productivity (RPE) 

based on the revenue generated (exogenous output demand). Second, the cash flows per employee (CFE) 

is realized based on which firm’s internal savings or levered cash flow (net worth) is measured. Third, 

considering their net worth, firms decide on borrowing (reducing) external funds (interest expenses or 

IEE)35. Fourth, gross wage per employee is determined (CPE). Finally, employment adjustment at the firm-

level takes place (ER). To analyze the effects of fundamental and financial factors on ER, we make use of 

orthogonal impulse response shocks. In this context, we partially follow the Love and Zicchino (2006) 

approach; i.e. we assume after keeping the structural shock effects of fundamental variables: RPE and CPE 

constant on ER, a contemporaneous response of ER to financial variables CFE and IEE represent the direct 

effect of financial constraints. 

To implement the recursive structure (for orthogonalization of impulse responses), we need to identify 

short-run model restrictions. This is done by a conventional Choleski decomposition technique in VAR 

models (Lütkepohl, 2005). Another representation of the model (1) is:  

𝛽(𝐿)𝑌𝑖𝑡 = 휀𝑖𝑡                                                                      (2) 

where 𝛽(𝐿) = 𝐼 − 𝛽1𝐿 is a 1st order lag polynomial, and 휀𝑖𝑡 = 𝛽0
−1𝑒𝑖𝑡 is the weighted average of the 

structural shocks. The matrix representation of the Choleski decomposition is then: 

(
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                                                    (3) 

Hence, the error terms or structural shocks are isolated each variable in the system (recursive structure) 

such that they become orthogonal, explained by the alphabetically ordered weights attached to the structural 

shocks of model (3). The impulse response functions would then explain the response of one variable to the 

innovations in another variable, while keeping all other responses equal to zero. The underlying assumption 

in this concept is that the variables at the front of the ordering pattern affect the others contemporaneously 

and with a lag (exogenous), while the ones coming later affect the front variables only with a lag 

(endogenous).  

                                                           
35 See Bernanke & Gertler (1989)and Love & Zicchino (2006)on the explanation of cash flow as a major indicator 

for net worth. 
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The above specification of model (3) assumes that the instantaneous shocks in RPE (marginal productivity 

of employee) and CPE (cost per employee) have a contemporaneous effect on ER (employment 

adjustment), while ER has an effect on the RPE and CPE only with a lag. Similarly, instantaneous shocks 

in RPE will also have a contemporary effect on financial ratios, i.e. CFE and IEE, and the feedback effect 

of CFE and IEE on RPE (if any) will be in the next period. We argue that CFE, the main proxy for a firm’s 

internal funds, play a crucial role in whether or not to acquire external funds (IEE), and thus has an 

immediate effect on IEE. On the other hand, IEE has a lagged effect on CFE in the form of interest or debt 

payments paid from the cash flow36. Finally, we assume that employment adjustment (ER) responds to the 

financial factors contemporaneously, while ER responds to them with a lag. 

We control for each firm-level heterogeneity by introducing fixed effects 𝑓𝑖. Since, 𝑓𝑖 are correlated with 

the regressors due to lags of the dependent variable, our PVAR coefficients will be biased. This problem is 

solved by using forward mean differencing or a Helmert transformation (Arellano & Bover, 1995). Instead 

of using standard differencing from past observations, we subtract the mean of all available future 

observations in each firm-year. This procedure preserves the orthogonality between transformed variables 

and lagged regressors. It thus allows us to identify the model in which lagged regressors are used as 

instruments and coefficients of the PVAR are estimated by system GMM37. To control for discrete 

exogenous effects over time (for example due to the financial crises of 2008-09 and the Eurozone debt 

crises 2011), we include time dummies 𝐷𝑡.  

To appraise the statistical significance of the impulse response functions, standard errors of the estimated 

PVAR coefficients are taken with their variance-covariance matrix, which is then used to generate 

confidence intervals by 1000 monte-carlo simulations. We also report the forecast error variance 

decompositions that estimates the percentage variation in each variable caused by the shock to another 

variable, (accumulated over time). We report these decompositions for a time window of 5 periods (years). 

2.5 Results  

The coefficients of the reduced form PVAR model (1) are estimated by system GMM (Arellano & Bover, 

1995).In Table 7 of Appendix-A, the results for the manufacturing firms are reported, and in Table 8, the 

results for the non-manufacturing firms. The lag structure of the models is based on the stability criteria via 

                                                           
36 Our results are quite robust even if the order of cash flow/employee (CFE) and interest expenses/employee (IEE) 

are changed.  
37 Our PVAR model is just identified with instruments equal to the number of regressors. 
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eigenvalue modulus of the PVAR model that lie inside the unit circle for 1st lags only (depicted in Figure 

11 and Figure 12 in Appendix-C)38.  

To capture the orthogonal effects, we report the impulse response functions with their 90% confidence 

intervals for manufacturing firms in Figures 13, 14 and 15 (in Appendix-C), and for non-manufacturing 

firms in Figures 16, 17 and 18. 

We first discuss the general results that are quite similar across manufacturing and non-manufacturing 

firms. Starting from the ER response to one standard-deviation transitory shocks, we analyze first responses 

to fundamental shocks (RPE and CPE), followed by responses to financial shocks (CFE and IEE).  

We observe a stronger impulse response on the employment rate (ER) of safe manufacturing firms than on 

grey and distressed firms. This shock effect on ER is persistent for grey and safe manufacturing and non-

manufacturing firms for distressed firms; for distressed firms the effect gradually decays in the next periods. 

ER also shows a positive and significant impulse response to a shock in RPE. This response is stronger for 

distressed firms than for grey and safe firms. The lagged response of RPE to ER is negative because RPE 

is a proxy for marginal productivity of the employee. A positive shock to ER increases employment and 

firms shift to a higher production level, which puts a downward pressure on marginal productivity in the 

next period due to diminishing returns to employment.  

Similarly, a shock in RPE has a positive impact on CFE (higher revenue implies more cash). A positive 

shock in CFE leads, in turn, to a positive impulse response in IEE, i.e. high net worth enables firms to 

borrow external funds. On the other hand, a positive shock in ER gives rise to a negative lagged response 

of CFE, i.e. more employees with the same cash flow lead to a lower CFE in the next period. 

The effect of CPE shocks on ER are not much different from the impulse responses of RPE shocks on ER. 

This is true for all manufacturing and non-manufacturing firms. The effect is however stronger for grey and 

safe firms as compared to distressed firms. 

Our key findings concern the financial factors’ orthogonal impact on ER. Among manufacturing firms, we 

observe significant contemporaneous impulse responses of ER to a positive shock in CFE and IEE, i.e. we 

find strong evidence that financial constraints matter. For all manufacturing firms the positive effect of IEE 

shocks on ER is stronger than the positive effect of CFE shocks on ER. This means that overall ER in 

                                                           
38 The PVAR model (1) is stable, if all eigenvalues of 𝛽1 have modulus less than one (Lütkepohl, 2005). In our case, 

this is only true for models, which have lagged regressors of order 1. The stability condition implies that the PVAR 

model is also invertible and has an infinite-order vector moving-average representation. This validates unbiasedness 

of coefficients and interpretation for impulse-response functions estimations as well as forecast-error variance 

decompositions.  
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manufacturing firms is more sensitive to shocks in IEE than CFE. However, for distressed manufacturing 

firms, the lagged effect of CFE shocks is economically significant, while there is no significant lagged 

effect of IEE shocks. For grey manufacturing firms, the lagged effect of IEE positive shocks has a persistent 

effect on ER, which is stronger than the persistent lagged effect of positive CFE shocks on ER. The 

difference amounts to almost 1-2 basis points. This persistent effect of IEE shocks on ER can also be 

observed for safe manufacturing firms, whereas no persistent effect of CFE shocks is observed for safe 

firms (see Figure 15 in Appendix-C). The stronger lagged effects of CFE on ER in distress firms and the 

stronger lagged effects of IEE on ER in grey and safe firms suggest that financial factors have a rather 

heterogeneous effect on employment adjustment. Distressed manufacturing firms being highly leveraged 

with debt and constrained to internal funds (CFE), persistently adjust employment in response to shocks in 

their CFE. Safe firms, being less leveraged with debt, possess better net worth and are not financially 

constrained to internal funds, and therefore persistently adjust employment in response to shocks in their 

IEE. 

For non-manufacturing firms, the dynamic effect of positive shocks in financial factors is quite different 

than for manufacturing firms. An impulse response of ER resulting from a one standard deviation shock in 

IEE is significantly stronger for distressed firms than for grey and safe firms, i.e. 4 basis points for distressed 

firms and 1.5 basis point for safe firms. The response of ER to a positive CFE shock is however significantly 

weaker for distressed firms (2 basis points) than the response of 3 basis points for grey firms and 4 basis 

points for safe firms. These results suggest that for distress (highly leveraged) firms, that are constrained to 

internal funds (cash flow), the employment adjustment is more sensitive to shocks in IEE. While, for safe 

firms (less leveraged and large net worth), the employment adjustment is more sensitive to shocks in CFE. 

The absence of lagged effect of financial factors shocks on employment adjustment can be explained by 

the fact that the non-manufacturing sector is relatively less capital intensive, and employment adjustment 

seems to require less financing needs as compared to manufacturing firms. 

The key findings of how financial factors (CFE and IEE) impact on employment adjustment (ER) are also 

in-line with the 5 period ahead variance decompositions reported in Tables 9 and 10 in Appendix-A. In 

distressed (highly leveraged) manufacturing and non-manufacturing firms, IEE explains more of the 

variation in ER as compared to CFE, whereas, CFE explains more of the variation in the safe firms than in 

distressed and grey (manufacturing and non-manufacturing) firms. However, the magnitude of these effects 

is rather small as compared to effect resulting from fundamental factors. IEE explains around 2.4% – 3.4% 

of the variation in ER of distressed and grey manufacturing firms, while CFE explains at most 1.0% of the 

variation in ER of safe manufacturing firms. Likewise, 2.8% of the variation in ER is explained by IEE for 

distressed non-manufacturing firms, and 2.4% – 2.5% is explained by CFE for grey and safe non-
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manufacturing firms. This indicates that CFE mainly explains variation in ER in the non-manufacturing 

safe firms (and not so much in manufacturing safe firms). Besides, the variance explained by CFE in ER 

for distressed firms is lower as compared to the variance explained by CFE in ER for safe firms. 

The degree to which firms are financially distressed also seems to have an effect on the dynamics of 

fundamental factors (RPE and CPE). The variance decomposition of RPE and CPE differs across firms’ 

clusters. For example, both in manufacturing and non-manufacturing clusters, RPE explains a higher 

variation (30.6% – 43.5%) in ER for distress than for safe firms (16.8% – 24.4%). CPE, however, explains 

higher variation in ER for safe firms (34.1% – 50.8%) than for distressed firms (33.6% – 36.9%).                

The orthogonalization in the PVAR results allowed us to isolate the effects of financial factors on 

employment adjustment from fundamental factors. The results clearly confirm that financial factors (cash 

flow and interest expenses), independently affect employment adjustment in firms. This supports our 

hypothesis that financial constraints affect employment adjustment. Moreover, the impulse response 

functions and the variance decomposition results of our PVAR model show that the shocks in cash flow 

and interest expenses have a heterogeneous effect on employment adjustment dynamics in firms, depending 

upon their degree of financial distress or constraints39. These financing constraints are not only apparent in 

the heterogeneous response of employment adjustment to financial factors but also in the response of 

employment adjustment to fundamental factors. 

2.6 Conclusion  

This study uses Belgian manufacturing and non-manufacturing firm-level data to investigate the 

relationship between financial constraints and the firm’s employment adjustments. To define financial 

constraints, we clustered firms into three groups (distressed, grey and safe firms), according to their 

financial distress index calculated with the help of Altman z-score plus models. Distressed firms are highly 

leveraged with debt and more constrained to internal funds (cash flow) than other firms. We then applied a 

recursive modeling technique in a structural PVAR model to estimate and isolate the effects of financial 

factors, mainly cash flow and interest expenses, on employment adjustment from fundamental factors 

(employee productivity and cost). The results showed that the availability of internal funds (cash flow) is 

important in explaining employment adjustment in distressed manufacturing firms as compared to grey and 

safe firms that are relatively less constrained w.r.t. internal funds. The availability of external funds is 

important in explaining employment adjustment in distressed non-manufacturing firms, and not so much in 

grey and safe firms. Moreover, the marginal productivity of employment has a strong impact on 

                                                           
39Based on financial distress index as defined via Altman Z-score. 
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employment adjustment in distressed firms, and cost per employee has a strong impact on employment 

adjustment in safe firms. This suggests that the degree of financial distress also affects how fundamental 

factors impact on employment adjustment. 

Our results contribute to the empirical literature in many ways. First, by showing that employment 

adjustment is not just affected by the productivity or output demand shocks but also by financial constraints. 

Second, these financial constraints concern not only external funds (debt/interest expenses) but also internal 

funds (cash flow). These two types of constraints independently affect employment adjustment. Third, these 

effects are contingent on the creditworthiness of the firms and are heterogeneous across manufacturing and 

non-manufacturing firms. The results of our study are useful from a labour market policy perspective, in 

particular for formulating policy instruments at the firm-level like flexible job contracts, short-time work 

compensation, etc. All of these measures would reverse or at least dampen the effect of financial factors on 

employment adjustment for firms with different levels of creditworthiness. 

The paper also contributes to the existing literature on employment adjustment and the relationship of 

financial constraints on employment adjustment and physical capital investment. In particular, our paper 

extends earlier work by Love & Zicchino (2006) on financial constraints and investment behavior of firms 

in developing and developed countries, and by Schäfer & Steiner (2014) and Pagano & Pica (2012) on 

financial development and employment growth. Our results complement the earlier work by Benmelech et 

al. (2011) on the sensitivity of employment to cash flow for indebted US manufacturing firms.  

Our analysis could be further expanded in two directions. In our dataset, we witnessed high negative 

employment rates for some firms. It would be useful to differentiate between firms that have witnessed 

negative employment adjustments and firms with a positive employment adjustment record. We also 

focused our analysis on the extensive margin of employment adjustment (mainly due to limited data 

availability). It would certainly be valuable to also explore the intensive margin of employment adjustment 

for firms under different financial distress situations.   
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Chapter 2 Appendices 

Appendix-A 

Table 1: Raw Data 

Number of Firms (N)          61,908  

Time-line (T) 1991-2015 

Total Observations (N×T)      1,547,700 

Duplicate Observations Removed             7,163  

Total Missing Values     2,195,918  

Number of Variables  19 

Number of Sub-Sectors  19 

Table 2: Filtered Data on Maximum Observations Time-Line (2005-2015) 

Number of Firms (N)            3,336  

Time-line (T) 2005-2015 

Total Observations (N×T)          36,696 

Total Missing Values Imputed 63,834 

Number of Variables  17 

Number of Sub-Sectors  19 

(Source: ORBIS - Amadeus)   
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Table 3: Raw Data Variables List (Source: ORBIS – Amadeus) 

Names Abbrevations in Amadeus Database  

ORBIS Unique Firm-ID  idnr 

Annual Year closdate_year 

Fixed Assets  fias 

Current Assets cuas 

Total Assets toas 

Shareholder's Funds shfd 

Shareholder's Funds: Capital capi 

Long-term debt ltdb 

Working Capital  wkca 

Number of Employees empl 

Revenue  turn 

Gross Profit  gros 

Operating Profit oppl 

Interest Expenses inte 

Cash Flow cf 

Profit per Employee ppe 

Operating Revenue/Employee tpe 

Average Cost per Employee ace 

Nace Prime Code for Industry Sector nace_prim_code 

Table 4: Variables of Filtered Data on Maximum Observations Time-Line (2005-2015) 

Names Abbrevations in Database  

ORBIS Unique Firm-ID  idnr 

Annual Year closdate_year 

Fixed Assets  fias 

Current Assets cuas 

Total Assets toas 

Shareholder's Funds shfd 

Shareholder's Funds: Capital capi 

Long-term debt ltdb 

Working Capital  wkca 

Number of Employees empl 

Revenue  turn 

Operating Profit oppl 

Interest Expenses inte 

Cash Flow cf 

Operating Revenue/Employee tpe 

Average Cost per Employee ace 

Nace Prime Code for Industry Sector  nace_prim_code 
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Table 5: Sector Overview 

Sector Sub-Sector Names  

Manufacturing 

Construction 

Manufacturing 

Electricity, Gas, Steam and AC Supply 

Non-Manufacturing 

Accommodation and Food Service 

Administrative and Support Service 

Agriculture 

Arts, Entertainment and Recreation 

Education 

Financial and Insurance Activities 

Human Health and Social Work Activities 

Information and Communication 

Mining and Quarrying 

Other Service Activities 

Professional, Scientific and Technical Activities 

Public Admin, Defence, Comp. Social Sector Services 

Real Estate 

Transportation and Storage 

Water Supply, Sewerage and Waste 

Whole Sale, Retail Trade, Repair of Motor Vehicles 

(Source: NACE Rev.2, EuroStat Methodologies and Working Papers)  

Table 6: Definition of Key Metrics/Ratios 

Ratios Calculation  

𝑅𝑃𝐸𝑖𝑡  (𝑅𝑒𝑣𝑒𝑛𝑢𝑒/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑖𝑡 [𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 − ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)]⁄  

𝐷𝐸𝑖𝑡(𝐷𝑒𝑏𝑡/𝐸𝑞𝑢𝑖𝑡𝑦 ) 𝐿𝑜𝑛𝑔 − 𝑡𝑒𝑟𝑚 𝐷𝑒𝑏𝑡𝑖𝑡/𝑆ℎ𝑎𝑟𝑒 𝐻𝑜𝑙𝑑𝑒𝑟′𝑠 𝐹𝑢𝑛𝑑𝑠𝑖𝑡   

𝐶𝐹𝐸𝑖𝑡(𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤𝑖𝑡/[𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 − ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)] 

𝐼𝐶𝑅𝑖𝑡  (𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑎𝑡𝑖𝑜) 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑃𝑟𝑜𝑓𝑖𝑡𝑖𝑡/𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠𝑖𝑡   

𝐶𝑃𝐸𝑖𝑡(𝐶𝑜𝑠𝑡/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 𝐶𝑜𝑠𝑡𝑖𝑡/[𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 − ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)] 

𝐼𝐸𝐸𝑖𝑡  (𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑖𝑡/[𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 − ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)] 

𝑊𝐾𝑅𝑖𝑡  (𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 𝑅𝑎𝑡𝑖𝑜)  𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡/𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠𝑖𝑡  

𝑊𝐾𝑖𝑡(𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙) 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 − 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠𝑖𝑡  

𝑊𝐾𝐸𝑖𝑡  (𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝑊𝐾𝑖𝑡/[𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 − ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)] 

𝐸𝑅𝑖𝑡(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒) ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)/𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑡−1 

Note: ‘𝑡’ is time series for each firm ‘𝑖’.  

Manufacturing  
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Table 7: PVAR Results for Manufacturing Firms Clusters 

Response of Response to            

  RPE(t-1) CFE(t-1) IEE(t-1) CPE(t-1) ER(t-1) D2008 D2009 D2011 

Distress Firms         

RPE(t) 
0.509 
(0.07)*** 

0.039 
(0.04) 

-0.055 
(0.05) 

-0.007 
(0.09) 

-0.627 
(0.08)*** 

-0.035 
(0.02) 

-0.029 
(0.01) 

-0.045 
(0.01)** 

         

CFE(t) 
-0.126 
(0.06)* 

0.216 
(0.04)*** 

0.077 
(0.05) 

0.076 
(0.09) 

-0.230 
(0.08)*** 

-0.021 
(0.02) 

-0.063 
(0.02)*** 

0.000 
(0.02) 

         

IEE(t) 
0.131 
(0.08) 

0.007 
(0.04) 

0.577 
(0.05)*** 

-0.441 
(0.11)*** 

-0.154 
(0.09) 

0.093 
(0.02)*** 

-0.009 
(0.02) 

0.029 
(0.01)* 

         

CPE(t) 
0.215 
(0.08)** 

0.094 
(0.04)* 

-0.079 
(0.06) 

0.304 
(0.10)*** 

-0.665 
(0.10)*** 

-0.044 
(0.01)** 

-0.016 
(0.01) 

-0.032 
(0.01)* 

         

ER(t) 
0.280 
(0.09)*** 

0.117 
(0.05)** 

-0.009 
(0.06) 

-0.386 
(0.13)*** 

-0.085 
(0.13) 

-0.031 
(0.02) 

-0.027 
(0.02) 

-0.045 
(0.01)** 

         

N obs 1197        

N firms 133           

Grey Firms         

RPE(t) 
0.469 
(0.02)*** 

0.010 
(0.02) 

-0.067 
(0.01)*** 

-0.116 
(0.03)*** 

-0.357 
(0.02)*** 

0.010 
(0.00)*** 

-0.078 
(0.00)*** 

-0.002 
(0.00) 

         

CFE(t) 
0.081 
(0.02)*** 

0.221 
(0.02)*** 

-0.074 
(0.01)*** 

-0.146 
(0.02)*** 

-0.067 
(0.02)*** 

-0.000 
(0.00) 

-0.300 
(0.00)*** 

-0.009 
(0.00) 

         

IEE(t) 
0.072 
(0.01)*** 

-0.114 
(0.01)*** 

0.221 
(0.01)*** 

-0.255 
(0.02)*** 

0.062 
(0.01)*** 

0.037 
(0.00)*** 

-0.008 
(0.00) 

-0.008 
(0.00) 

         

CPE(t) 
0.042 
(0.03) 

-0.006 
(0.02) 

-0.013 
(0.02) 

0.343 
(0.03)*** 

-0.407 
(0.03)*** 

-0.008 
(0.00) 

-0.058 
(0.00)*** 

0.014 
(0.00) 

     
    

ER(t) 
0.039 
(0.03) 

0.027 
(0.02) 

0.157 
(0.02)*** 

-0.416 
(0.04)*** 

0.397 
(0.03)*** 

-0.001 
(0.01) 

-0.055 
(0.00)*** 

0.012 
(0.00) 

         

N obs 7587        

N firms 843           

Safe Firms         

RPE(t) 
0.553 
(0.04)*** 

-0.033 
(0.04) 

-0.023 
(0.03) 

-0.355 
(0.06)*** 

-0.214 
(0.05)*** 

-0.009 
(0.01) 

-0.115 
(0.01)*** 

0.049 
(0.01)*** 

         

CFE(t) 
0.034 
(0.03) 

0.319 
(0.03)*** 

-0.093 
(0.03)*** 

-0.232 
(0.05)*** 

-0.003 
(0.04) 

-0.013 
(0.01) 

-0.028 
(0.01)* 

-0.006 
(0.01) 

         

IEE(t) 
0.064 
(0.02)** 

-0.133 
(0.02)*** 

0.190 
(0.02)*** 

-0.195 
(0.03)*** 

0.055 
(0.02)** 

0.031 
(0.01)** 

-0.011 
(0.00) 

-0.009 
(0.00) 

         

CPE(t) 
0.063 
(0.04) 

-0.046 
(0.04) 

-0.057 
(0.03) 

0.474 
(0.05)*** 

-0.558 
(0.05)*** 

-0.019 
(0.01) 

-0.036 
(0.01)** 

0.047 
(0.01)*** 

         

ER(t) 
-0.001 
(0.05) 

0.049 
(0.04) 

-0.093 
(0.04)** 

-0.261 
(0.06)*** 

-0.247 
(0.06)*** 

-0.015 
(0.01) 

-0.024 
(0.01) 

0.025 
(0.01) 

         

N obs 1998        

N firms 222           

Note: ( ) contain standard errors. ***, **, * represent significance level at 1%, 5% and 10% respectively. 

D_2008, D_2009 are dummy variables for financial crises 2008-09. D_2011 is a dummy variable for Eurozone debt crises. 
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Table 8: PVAR Results for Non-Manufacturing Firms Clusters 

Response of Response to            

  RPE(t-1) CFE(t-1) IEE(t-1) CPE(t-1) ER(t-1) D2008 D2009 D2011 

Distress Firms         

RPE(t) 
0.559 
(0.04)*** 

-0.086 
(0.03)*** 

-0.091 
(0.03)*** 

-0.158 
(0.06)*** 

-0.333 
(0.05)*** 

-0.015 
(0.01) 

-0.031 
(0.01)** 

-0.034 
(0.01)*** 

         

CFE(t) 
0.073 
(0.03)** 

0.167 
(0.02)*** 

-0.069 
(0.02)*** 

-0.098 
(0.04)** 

-0.092 
(0.04)** 

-0.030 
(0.01)** 

-0.049 
(0.01)*** 

-0.022 
(0.01)* 

         

IEE(t) 
-0.006 
(0.04) 

-0.046 
(0.03) 

0.560 
(0.03)*** 

-0.578 
(0.06)*** 

0.123 
(0.06)** 

0.065 
(0.01)*** 

-0.010 
(0.01) 

0.021 
(0.01)* 

         

CPE(t) 
0.025 
(0.04) 

-0.082 
(0.02)*** 

-0.105 
(0.03)*** 

0.531 
(0.05)*** 

-0.548 
(0.05)*** 

-0.009 
(0.01) 

-0.014 
(0.01) 

-0.043 
(0.01)*** 

         

ER(t) 
0.044 
(0.05) 

0.002 
(0.03) 

-0.052 
(0.03) 

-0.183 
(0.07)*** 

0.166 
(0.07)** 

-0.009 
(0.01) 

-0.023 
(0.01) 

-0.056 
(0.01)*** 

 
N obs 

 
3303 

       

N firms 367           

Grey Firms         

RPE(t) 
0.484 
(0.02)*** 

-0.028 
(0.02) 

-0.080 
(0.02)*** 

-0.122 
(0.03)*** 

-0.368 
(0.03)*** 

0.009 
(0.00) 

-0.046 
(0.00)*** 

-0.017 
(0.00)** 

         

CFE(t) 
-0.046 
(0.02)* 

0.270 
(0.02)*** 

-0.119 
(0.02)*** 

-0.018 
(0.03) 

-0.144 
(0.03)*** 

-0.028 
(0.01)*** 

-0.024 
(0.00)*** 

-0.031 
(0.01)*** 

         

IEE(t) 
-0.071 
(0.02)*** 

-0.134 
(0.02)*** 

0.435 
(0.02)*** 

-0.351 
(0.03)*** 

0.043 
(0.03) 

0.072 
(0.01)*** 

-0.005 
(0.00) 

0.021 
(0.00)*** 

         

CPE(t) 
-0.044 
(0.03) 

0.003 
(0.02) 

-0.108 
(0.02)*** 

0.494 
(0.03)*** 

-0.502 
(0.03)*** 

-0.025 
(0.00)*** 

-0.014 
(0.00) 

-0.022 
(0.00)*** 

         

ER(t) 
-0.043 
(0.03) 

0.050 
(0.02)** 

-0.023 
(0.02) 

-0.205 
(0.04)*** 

0.200 
(0.04)*** 

-0.017 
(0.01)* 

-0.014 
(0.01) 

-0.024 
(0.00)*** 

 
N obs 

 
5958 

       

N firms 662           

Safe Firms         

RPE(t) 
0.548 
(0.02)*** 

-0.000 
(0.01) 

-0.063 
(0.01)*** 

-0.310 
(0.03)*** 

-0.233 
(0.02)*** 

-0.004 
(0.00) 

0.088 
(0.00)*** 

0.030 
(0.00)*** 

         

CFE(t) 
0.020 
(0.01) 

0.259 
(0.01)*** 

-0.131 
(0.01)*** 

-0.200 
(0.02)*** 

-0.025 
(0.02) 

-0.009 
(0.00) 

-0.042 
(0.00)*** 

-0.004 
(0.00) 

         

IEE(t) 
0.081 
(0.01)*** 

-0.156 
(0.01)*** 

0.328 
(0.01)*** 

-0.362 
(0.02)*** 

0.029 
(0.02) 

0.051 
(0.00)*** 

-0.027 
(0.00)*** 

0.003 
(0.00) 

         

CPE(t) 
-0.006 
(0.02) 

-0.088 
(0.01)*** 

-0.193 
(0.01)*** 

0.591 
(0.02)*** 

-0.441 
(0.03)*** 

-0.025 
(0.00)*** 

-0.042 
(0.00)*** 

-0.026 
(0.00)*** 

         

ER(t) 
-0.039 
(0.02) 

-0.032 
(0.01)* 

-0.094 
(0.01)*** 

-0.160 
(0.03)*** 

0.258 
(0.03)*** 

-0.032 
(0.00)*** 

-0.056 
(0.00)*** 

-0.039 
(0.00)*** 

 
N obs 

 
10359 

       

N firms 1151           

Note: ( ) contain standard errors. ***, **, * represent significance level at 1%, 5% and 10% respectively. 

D_2008, D_2009 are dummy variables for financial crises 2008-09. D_2011 is a dummy variable for Eurozone debt crises. 
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Table 9: Percentage Forecast Error Variance Decompositions: Manufacturing Firms’ Clusters 

  RPE CFE IEE CPE ER 

Distress Firms      

RPE 79.43 0.18 2.45 9.41 8.53 

CFE 18.49 79.42 0.51 0.68 0.90 

IEE 16.61 0.25 70.83 11.02 1.29 

CPE 48.24 0.75 3.49 36.89 10.63 

ER 43.50 0.93 2.41 33.64 19.52 

Grey Firms      

RPE 80.44 0.04 2.20 9.70 7.62 

CFE 19.52 76.83 0.69 2.78 0.18 

IEE 18.26 1.85 72.67 4.74 2.48 

CPE 35.56 0.17 1.78 51.34 11.16 

ER 27.16 0.43 3.44 33.14 35.83 

Safe Firms      

RPE 77.61 0.43 0.46 19.20 2.31 

CFE 22.09 71.43 0.59 4.29 1.60 

IEE 12.27 3.43 76.99 3.96 3.34 

CPE 23.01 1.27 1.68 52.96 21.07 

ER 24.43 1.02 1.80 34.96 37.80 

5 period ahead percent of variation explained by variables in the column. 
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Table 10: Percentage Forecast Error Variance Decompositions: Non-Manufacturing Firms’ 

Clusters 

  RPE CFE IEE CPE ER 

Distress Firms      

RPE 80.66 1.45 2.81 11.28 3.79 

CFE 14.73 82.06 1.00 1.92 0.28 

IEE 4.81 0.46 69.58 14.54 10.61 

CPE 26.38 1.33 4.29 52.30 15.70 

ER 30.58 0.45 2.76 36.93 29.29 

Grey Firms      

RPE 78.26 1.61 2.03 12.93 5.17 

CFE 14.87 80.91 1.92 1.43 0.86 

IEE 12.04 3.10 71.99 7.73 5.15 

CPE 22.41 2.52 2.95 59.50 12.62 

ER 23.35 2.47 1.97 42.17 30.04 

Safe Firms      

RPE 72.53 0.52 0.48 25.07 1.40 

CFE 14.13 79.84 1.17 4.47 0.39 

IEE 12.07 4.16 64.54 16.30 2.92 

CPE 12.08 2.14 3.14 70.37 12.26 

ER 16.78 2.38 0.68 50.80 29.36 

5 period ahead percent of variation explained by variables in the column. 
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Appendix-B 

Altman Z-Score Formula for “Manufacturing Firms (M)” 

𝐙 − 𝐒𝐜𝐨𝐫𝐞 (𝐌) = 0.717A1 + 0.847A2 + 3.107A3 + 0.420A4 + 0.998A5                 (1) 

𝐴1 =
𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

𝐴2 =
𝑅𝑒𝑡𝑎𝑖𝑛𝑒𝑑 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

𝐴3 =
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑃𝑟𝑜𝑓𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

𝐴4 =
𝐵𝑜𝑜𝑘 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦

𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
⁄  

𝐴5 =
𝑆𝑎𝑙𝑒𝑠 (𝑅𝑒𝑣𝑒𝑛𝑢𝑒)

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

 

Table 11: Classification for Manufacturing Firms 

 

 

Altman Z-Score Formula for “Non-Manufacturing Firms (NM)” 

𝐙 − 𝐒𝐜𝐨𝐫𝐞 (𝐍𝐌) = 6.56B1 + 3.267B2 + 6.72B3 + 1.05B4                                     (2) 

𝐵1 =
𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

𝐵2 =
𝑅𝑒𝑡𝑎𝑖𝑛𝑒𝑑 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

𝐵3 =
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑃𝑟𝑜𝑓𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄  

𝐵4 =
𝐵𝑜𝑜𝑘 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦

𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
⁄  

 

 

Table 12: Classification for Non-Manufacturing Firms 

 

Thresholds Clusters 

𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛 (𝒁 − 𝑺𝒄𝒐𝒓𝒆 (𝑴)) ≤ 1.23 𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠 

1.23 < 𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛(𝒁 − 𝑺𝒄𝒐𝒓𝒆 (𝑴)) ≤ 2.9 𝐺𝑟𝑒𝑦 

𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛(𝒁 − 𝑺𝒄𝒐𝒓𝒆 (𝑴)) > 2.9 𝑆𝑎𝑓𝑒 

Thresholds Clusters 

𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛 (𝒁 − 𝑺𝒄𝒐𝒓𝒆 (𝑴)) ≤ 1.1 𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠 

1.1 < 𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛(𝒁 − 𝑺𝒄𝒐𝒓𝒆 (𝑴)) ≤ 2.6 𝐺𝑟𝑒𝑦 

𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛(𝒁 − 𝑺𝒄𝒐𝒓𝒆 (𝑴)) > 2.9 𝑆𝑎𝑓𝑒 
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Appendix C 

 

Figure 1: Percentage Change in Employment – Europe, OECD, Belgium (Overall and Firm-Level Sample) 

(Data Source: EuroStat, OECD and Amadeus) 
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Figure 2: Structure of Manufacturing and Non-Manufacturing Firms’ Clusters 
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Figure 3: Panel Quartiles of Total Assets, Debt/Equity, Interest Coverage and Working Capital Ratio, Cash 

Flow/Employee and Interest Expenses/Employee for Manufacturing Firms’ Clusters 
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Figure 4: Panel Quartiles of Interest Expenses/Cash Flow, Employment Rate, Revenue/Employee, Cost/Employee 

and Working Capital/Employee for Manufacturing Firms’ Clusters 
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Figure 5: Panel Quartiles of Total Assets, Debt/Equity, Interest Coverage and Working Capital Ratio, Cash 

Flow/Employee and Interest Expenses/Employee for Non-Manufacturing Firms’ Clusters 
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Figure 6: Panel Quartiles of Interest Expenses/Cash Flow, Employment Rate, Revenue/Employee, Cost/Employee 

and Working Capital/Employee for Non-Manufacturing Firms’ Clusters 
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Figure 7: Median (Within-Firm) Panel Correlations for Manufacturing Firms’ Clusters 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Median (Within-Firm) Volatility in Manufacturing Firms' Clusters (2005 - 2015) 
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Figure 9: Median (Within-Firm) Panel Correlations for Non-Manufacturing Firms’ Clusters 

 

 

 

 

 

 

 

 

 

 

 

Figure 10: Median (Within-Firm) Volatility in Non-Manufacturing Firms’ Clusters (2005 - 2015) 
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Figure 11: Stability of Panel VAR with Eigenvalues Moduli: Manufacturing Distress, Grey and Safe Firms 

Figure 12: Stability of Panel VAR with Eigenvalues Moduli: Non-Manufacturing Distress, Grey and Safe Firms 
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Figure 13: Impulse-Responses for 1 lag VAR of RPE, CFE, IEE, CPE, ER – Distress Manufacturing Firms 

 

Figure 14: Impulse-Responses for 1 lag VAR of RPE, CFE, IEE, CPE, ER – Grey Manufacturing Firms 
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Figure 15: Impulse-Responses for 1 lag VAR of RPE, CFE, IEE, CPE, ER – Safe Manufacturing 

Firms 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16: Impulse-Responses for 1 lag VAR of RPE, CFE, IEE, CPE, ER – Distress Non-

Manufacturing Firms 
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Figure 18: Impulse-Responses for 1 lag VAR of RPE, CFE, IEE, CPE, ER – Safe Non-

Manufacturing Firms 

Figure 17: Impulse-Responses for 1 lag VAR of RPE, CFE, IEE, CPE, ER – Grey Non-Manufacturing Firms 
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Chapter 3 

Identifying Firm-Specific Determinants of Downsizing Employment 

with a Randomized Decision Forest Model 
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3.1 Introduction  

The determinants of employment adjustment and turnover of the workforce at the firm level have been 

explored in a number of studies40. This literature focuses on estimating causal effects of changes in 

fundamental factors (i.e. productivity), financial factors (i.e. cash flows), and institutional factors on 

changes in the workforce. None of these studies focuses on falling employment rates, i.e. downsizing, from 

a firm level perspective. We contribute to the literature by closing this gap. 

Following Minhas and Würsten (2017), we adopt a structural approach to identify the causal effect of 

fundamental and financial factors on falling employment rates. In particular, we employ the machine 

learning classification technique of random forest models, as described in Breiman (2001). We demonstrate 

that in our context random forest models provide unbiased and more accurate estimates than standard 

decision tree classification models. Our methodology corrects for incidental endogeneity by bootstrap 

resampling with a replacement approach. This method randomly selects the subsets of variables for 

partitioning (as compared to recursive partitioning in standard classification trees), which significantly 

reduces correlation amongst regressors. Moreover, to isolate the effect of the independent variables on the 

target variable, the random forest model provides partial dependence plots for each independent variable. 

We use the partial dependence plots to identify treatment groups and use the "Two Trees" algorithm of 

Athey and Imbens (2015) to quantify the impact of fundamental and financial factors on the employment 

downsizing rate.          

To assess the influence of fundamental and financial factors on falling employment, we employ the Belgian 

firm-level panel of 1198 manufacturing firms for the period 2005-2015. The dataset provides information 

on firm fundamentals and financial variables, including the number of employees. We compute 

employment growth rates and generate a binary variable, where "1" indicates a dropping/falling 

employment rate and "0" otherwise. We control for firm-specific fundamentals using employee productivity 

(revenue per employee) and employee cost (cost per employee). We also control for financial factors using 

cash flows per employee, interest expenses per employee, and creditworthiness. Creditworthiness is proxied 

by a financial distress index based on a z-score plus model, taking into account revenue, liquidity, debt, 

equity, and cash flow (Altman, 2012). We define three clusters of creditworthiness: distressed, grey, and 

safe firms. Firms are clustered according to the time series median of the financial distress index over 2005-

2015. We capture the effect of the financial crises in 2008-09 by dividing the sample into three periods: 

pre-crisis (2005-2007), during crisis (2008-2009), and post crisis (2010-2015). To apply a classification 

                                                           
40 See Hijzen et al. (2013) and Blanchard et al. (2013), Carlsson et al. (2014), Schäfer & Steiner (2014), Davis et al. 

(2012), Sharpe (1994), Benmelech, Bergman, & Seru (2011), Minhas (2017).  
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modeling technique, we need to transform the multidimensional data set to a one-dimensional one. This is 

done by taking the median of the variables across time such that we end up with the same number of firms 

within each creditworthiness cluster for each period. 

The optimum random forest models fitted to each period (pre-crises, during-crises, and post-crises) yielded 

an out-of-sample area under the curve (AUC) that was 10-15% higher than a simple decision tree model 

AUC. The Gini impurity measures showed that cost per employee and cash flow per employee were two 

most important factors that explained variation in our binary employment rate variable.  

From the partial dependence plots, we were able to identify the exact range of fundamental and financial 

factors for which the marginal effects on downsizing employment were at a maximum. The partial 

dependence plots of the creditworthiness clusters indicated a larger marginal downsizing effect of distressed 

firms than of grey and safe firms. The effect was stronger during the 2008-09 financial crisis and the post 

financial crises periods. In addition, the marginal effects of cost per employee and cash flow per employee 

on downsizing employment were higher during the financial crises period as compared to other periods. 

Thus, firms that were financially distressed during the financial crises were not able to sustain high 

employment cost and were forced to reduce employment significantly. 

The average treatment effects indicate that the likelihood of downsizing employment was 16.6% higher for 

distressed firms in the treatment group than for grey and safe firms. This likelihood further increased to 

18.12% during the financial crises period. The average treatment effect of being classified above 523,454-

Euro cash flow per employee translates into a 16.4% higher likelihood of downsizing employment in the 

pre-crises period, and an 18.9% higher likelihood in the during-crises period. The average treatment effects 

of interest expenses per employee classified at different levels have different casual effects on falling 

employment. In all periods, the treatment effects were consistently around 19% – 24%. Among the 

fundamental factors, the cost per employee has the strongest effect in the treatment group (classified above 

57,501 Euros) of approximately 23.7% on the likelihood of downsizing. Our results show that financial 

factors play an important role in determining downsizing. Moreover, the financial crises of 2008-09 

amplified this negative effect on employment through the creditworthiness, cash flow, and employment 

cost channels.                 

The remainder of the study is organized as follows. Chapter 2 describes the dataset and the stylized facts. 

In Chapter 3, we discuss the methodology and estimation strategy. We discuss the results in Chapter 4 and 

conclude in Chapter 5.     
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3.2 Data Aggregation and Descriptive Analysis 

3.2.1 Firm-Level Data  

The panel data of Belgian firms used in this study was obtained from the ORBIS Amadeus database 

compiled by the Bureau Van Dijk Electronic Publishing (BvD). The database was selected because it 

contains all types of financial data for both small and large-scale firms, as well as public and private firms. 

The data directly is based on the firms’ business registers that are collected by the local chambers of 

commerce according to administrative and legal requirements. The key advantage of the ORBIS Amadeus 

database is that apart from providing financial information, it reports the annual number of employees. 

Additionally, it reports sector information such as manufacturing, retail, etc., based on the standardized 

industry codes from Eurostat Nace Rev.2 catalogs.  

Annual data of 1,198 manufacturing firms from Belgium were collected from 2005 – 2015 on current assets, 

current liabilities, retained earnings, revenue (sales), operating profits, shareholder’s funds (book value of 

equity), total assets, total liabilities, net cash flow, number of employees (employment), total employment 

cost, interest expenses, and total long-term debt. To balance the dataset, a bag imputation (bootstrapping) 

41 algorithm was applied to fill the missing observations with median (across years) values. 

The key metrics and ratios are listed in Table 1. The firm’s fundamental factors include revenue/employee 

(RPE) and cost/employee (CPE). We divided by employment to remove the employment size effect that 

varies across firms. The employment rate (ER) is defined as the relative change in employment w.r.t. 

previous time-period. Financial factors included cash flow/employee (CFE), interest expenses/employee 

(IEE), and creditworthiness.        

Table 1: Definition of Key Metrics/Ratios 

Ratios Calculation  

𝑅𝑃𝐸𝑖𝑡  (𝑅𝑒𝑣𝑒𝑛𝑢𝑒/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑖𝑡 𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡⁄  

𝐶𝐹𝐸𝑖𝑡(𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤𝑖𝑡/𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡  

𝐶𝑃𝐸𝑖𝑡(𝐶𝑜𝑠𝑡/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝑇𝑜𝑡𝑎𝑙 𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 𝐶𝑜𝑠𝑡𝑖𝑡/𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 

𝐼𝐸𝐸𝑖𝑡  (𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠/𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒) 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑖𝑡/𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡 

𝑊𝐾𝑖𝑡(𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙) 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 − 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠𝑖𝑡  

𝐸𝑅𝑖𝑡(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒) ∆(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖𝑡)/𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑡−1 

Note: ‘𝑡’ is time; ‘𝑖’ refers to firm i.  

                                                           
41 See (Stekhoven & Bühlmann, 2011) for non-parametric missing observations imputation in mixed-type data. 
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The creditworthiness of firms is measured by using the Altman z-score plus model (1) introduced in Altman 

(2012)42.  

               𝑍 − 𝑠𝑐𝑜𝑟𝑒 (𝑀) = 0.717𝐴1 + 0.847𝐴2 + 3.107𝐴3 + 0.420𝐴4 + 0.998𝐴5                       (3) 

Where,   

𝐴1 =
𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄ ,  

𝐴2 =
𝑅𝑒𝑡𝑎𝑖𝑛𝑒𝑑 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄ ,  

𝐴3 =
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑃𝑟𝑜𝑓𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄ ,  

𝐴4 =
𝐵𝑜𝑜𝑘 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦

𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
⁄   

𝐴5 =
𝑆𝑎𝑙𝑒𝑠 (𝑅𝑒𝑣𝑒𝑛𝑢𝑒)

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
⁄ . 

The Altman z-score measures the likelihood of insolvency or bankruptcy by taking into account the firm’s 

debt liabilities, annual cash flow, working capital, total assets, book value of equities, and sales. As shown 

in Table 2, we classified the firms into three clusters based on whether their median z-score over time (2005 

– 2015) falls above or below the indicated z-score index thresholds. Distressed manufacturing firms have, 

for example, a z-score ≤ 1.23 in at least 50% of the years. The distribution of the firms across the three 

clusters is given in Figure 1. There were 133 distressed firms, 843 grey firms, and 222 in safe firms. 

Table 2: Classification for Manufacturing Firms 

        

3.2.2 Data Aggregation and Descriptive Analysis  

First, we dissected the time-series into three parts: pre-crises (from 2005 to 2007), during-crises (from 2008 

to 2009), and post-crises (from 2010 to 2015). This was done to compare the effect of fundamental and 

financial variables on falling employment rates across theses three periods, in particular to account for the 

effect of the 2008-09 financial crises. Second, to determine the effect of fundamental and financial variables 

                                                           
42 Explanation of the Altman z-score plus models freely accessible on www.altmanzscoreplus.com/faq. 

Thresholds Clusters 

𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛 (𝑍 − 𝑆𝑐𝑜𝑟𝑒 (𝑀)) ≤ 1.23 𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑 

1.23 < 𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛 (𝑍 − 𝑆𝑐𝑜𝑟𝑒 (𝑀)) ≤ 2.9 𝐺𝑟𝑒𝑦 

𝑇𝑖𝑚𝑒 𝑆𝑒𝑟𝑖𝑒𝑠 𝑀𝑒𝑑𝑖𝑎𝑛 (𝑍 − 𝑆𝑐𝑜𝑟𝑒 (𝑀)) > 2.9 𝑆𝑎𝑓𝑒 

http://www.altmanzscoreplus.com/faq
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on downsizing, we took the median of the variables across time for each time-period and each 

creditworthiness cluster. For each time-period we ended up with 1,198 manufacturing firms broken down 

into three creditworthiness clusters with the distribution shown in Figure 1. 

In the next step, we transformed the employment rate (ER) into a categorical variable in which the binary 

value of “1” is assigned to observations ER < 0 and “0” to ER ≥ 0. We call this categorical variable “negative 

employment rate” (NER). 

 

 

 

 

 

 

 

 

 

In Figure 2, the number of firms with positive and negative employment rates (NER) is visualized for the 

three time-periods. In pre-crises period, there were only 129 out of 1,198 firms which had a negative 

employment rate (NER=1). In the crises period, the number of firms with NER=1 significantly increased 

to 536, while in the post-crises period almost the same number of firms (551) had NER=1. Figure 7 in 

Appendix shows the percentage distribution of these 1,198 firms with positive and negative employment 

rates for the three clusters (distressed, grey, and safe) and the three periods. In the pre-crises period all firm 

groups (distressed, grey, and safe) had a three times lower negative employment rate than during and after 

the crises. Interestingly, among distressed firms the negative employment rate was before the crises 4% – 

5% higher than that of grey firms, but in the crises period this difference disappeared and even reversed 

afterwards. Moreover, both during the crises and afterwards, safe firms had much lower negative 

employment rates than grey firms; before the crises this difference was rather small. 

We also analyzed the histogram distribution plots of revenue/employee (RPE), cost/employee (CPE), cash 

flow/employee (CFE), and interest expenses/employee (IEE) for firms which had negative employment 

rates. Figures 8, 9, 10 and 11 in the Appendix show these distributions. Both fundamental factors, i.e. RPE 

Figure 1: Distribution of Firms across 

Clusters (Distressed, Grey and Safe) 
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and CPE, had right skewed distributions with very low numbers of firms in the pre-crises period. This 

suggests that firms suffering negative employment rates had lower levels of RPE and CPE.  

 

Figure 2: Number of Firms with Negative Employment Rate (NER=1) and Positive Employment 

Rate (NER=0) 

The CFE histogram plots in Figure 10 are rather flat. In the pre-crises period, not many firms had negative 

employment rates, and the majority of the firms that did experience negative employment rates had positive 

(at least 30,000 Euros) cash flows per employee. During the crises and afterwards, the number of firms with 

negative employment rates significantly increased. In particular, we observe a long left tail in the 

distribution for the crises period, indicating that many firms had negative cash flows when they experienced 

negative employment rates.  

In the Figure 11 of IEE (interest expenses per employee) histograms, one can clearly observe that in the 

pre-crises period very few firms suffered negative employment rates. During and after the crises, many 

more firms had negative employment rates when their IEE was between 100 and 2300 Euros.     

3.3 Methodology and Estimation Strategy 

3.3.1 Classification, Regression Trees, and Random Forest Models  

To estimate the qualitative response of the (negative) employment rate to changes in creditworthiness and 

fundamental and financial factors, we employ the classification technique of random forests (also known 

as decision forests). Random forest models were formally introduced by Leo Breiman in 2001. They derive 

from the classification and regression tree (CART)family of models (Breiman et al. 1984). CARTs utilize 

a tree structure to model the relationships among the independent variables (predictors) and the potential 
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response (target) variable. The partitioning or splits of the tree are determined by the observations of the 

predictors that explain maximum variation in the response variable, also known as the “Gini impurity” 

measure. Hence, the predictors are broken down into separate classes (Siroky, 2009). The partitioning 

process continues to identify the best splits until the minimum number of observations threshold i.e. 'node-

size' is reached within each partition. The node-size is also selected to minimize the overall classification 

error of the model. The final output of the standard CART model provides a summary of different logical 

conditions on predictors (see Figure 3 and equation 2) that estimate the response of a target variable (Hastie 

et al. 2009).  

 

 

Figure 3: Classification and Regression Tree (CART) Partitioning (Hastie et al. 2009) 

 

𝑓(𝑥) = ∑ 𝑐𝑚𝐼(𝑥 ∈𝑀
𝑚=1  𝑅𝑚)                                                                (4) 

The model response is a constant 𝑐𝑚 in each region 𝑅𝑚. With two predictors, a model can capture the 

nonlinear relations by partitioning observations as, for example, in R1, ..., R5 in Figure 3. This allows a 

clear classification of important variables and their observations in view of explaining the response variable.  

As in linear regression models, CARTs also have some major shortcomings. Selecting the size of the tree 

is critical for generalizing the results and achieving accurate out of sample predictions. In CARTs, big trees 

tend to over-fit the model (high bias), while small trees under-fit the model (high variance) and produce 

insignificant out of sample estimations. Moreover, fitting a particular structure of tree to a complete sample 

of data may not produce the same results as when fitting the model to a particular subsample.  
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To overcome the first problem of over (under)fitting, a cross-validation method is applied in CARTs by 

fitting the largest possible tree structure and then pruning it to an optimum size. The pruning process finds 

the weakest nodes (splits) in a tree that do not provide much information (variation). This process is also 

known as the process of information gain (Siroky, 2009 and Hastie et al., 2009). For example, in “N-fold 

cross-validations”, the data sample is partitioned into N maximum partitions of equal size. Subsequently, 

the model is fitted N times on N-1 partitions, and the classification error rate is calculated for each partition. 

The node-size that minimizes the error rate is then selected for an optimal tree structure. However, as noted 

by Siroky (2009), even cross-validated CART models are susceptible to instability when applied to small 

samples; large samples are therefore an indispensable requirement.     

Random forests models, on the other hand, effectively overcome these obstacles, by fitting a combination 

of trees on unique data subsamples through bootstrap resampling with a replacement method known as 

bagging (Stephenson et al., 2010). As shown in Figure 4, bagged predictions based on different subsamples 

of data are then voted upon (counted) to obtain consistent classification results that are not likely to be 

highly biased (Siroky, 2009). Unlike many statistical models including CART, random forests show stable 

results across all (low or high) dimensions of data and do not require excessive parameter tuning (Caruana 

and Niculescu-Mizil, 2006). At each node of the tree, this method randomly selects the subsets of variables 

for partitioning (as compared to recursive partitioning in CARTs). This feature significantly reduces the 

correlation between individual trees and improves the generalization of results. This feature also renders 

the results resistant to heteroscedasticity and outliers (Breiman, 2001). 

 

Figure 4: Mechanism of Random Forest Model (Nguyen et al. 2013)  
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For parameter tuning, the number of variables (mtry) to be split on each node are selected. The standard 

value of mtry is based on the ratio of the number of predictors divided by 3 for classification models. The 

“node-size” is also selected to minimize the classification bias. The number of trees (ntree) are chosen such 

that over-fitting is avoided. Sufficiently large trees provide unbiased estimates.   

To estimate the relationship between the predictors and the response variable, random forests provide three 

valuable features. First, the Gini impurity measures the importance of a variable in predicting the response, 

i.e. it measures that the likelihood of a randomly drawn response outcome would be incorrectly classified 

if it was categorized according to the distribution of classes in the subset of the data. In other words, the 

Gini measure explains how much each predictor contributes to the homogeneity of the nodes in the trees. 

At each node, when the predictors are split, the Gini measure for the sub node is calculated and compared 

with the Gini measure of the main node. In the end, the Gini measures of all variables are summed and 

normalized. Predictors that result in nodes with high purity have a large decrease in Gini impurity and thus 

high importance. Suppose, there are J classes i.e. 𝑖 ∈ {1,2,3,…… , 𝐽}, and 𝑃𝑖 denotes the probability of items 

assigned to class i. Then the overall Gini impurity measure is defined as follows: 

𝐺𝑖𝑛𝑖 =  ∑ 𝑃𝑖(1 − 𝑃𝑖) = ∑ (𝑃𝑖 − 𝑃𝑖
2) = ∑ 𝑃𝑖 −𝐽

𝑖=1
𝐽
𝑖=1

𝐽
𝑖=1  ∑ 𝑃𝑖

2𝐽
𝑖=1 = 1 − ∑ 𝑃𝑖

2𝐽
𝑖=1                  (5) 

Second, the accuracy measure for each predictor quantifies the loss (gain) in the accuracy of the model if 

the predictor is included or excluded from the model. In addition, random forests provide partial 

dependence plots that describe the bivariate relationship between the predictors and the response variable 

(in our case the negative employment rate). The plots report the marginal effects of individual variables on 

the response variable, while keeping all other predictors constant. We not only use these partial dependence 

plots in interpreting the relationship in question but also select appropriate thresholds of the independent 

variables for estimating treatment effects. Mathematically, Hastie et al. (2009) defined partial dependence 

plots as follows: 

𝑓𝑧(𝑌𝑧) =
1

𝑁
∑ 𝑓(𝑌𝑧,

𝑁
𝑖=1 𝑌𝑖𝐶),                                                                      (6) 

where, 𝑌𝑧 is the class of response variables for which partial dependence is estimated. The plot then shows 

the effect of 𝑌𝑧 on 𝑓𝑧 after adjusting for the effect of other predictors (𝑌𝐶). 

To evaluate the performance of binary regression and classification models, the classification error is 

calculated, i.e. the total number of correct predictions of outcomes divided by the total number of actual 

outcomes. However, the classification error does not take into account how well the model distinguishes 

between the two classes of the response variables.  
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In our case study, the negative employment rate represents one class of the response variable. Its share 

amounts to around 10% in the pre-crises period and around 47-48% in during-crises period and in the post-

financial crises period. Hence, it is essential to choose a measure that minimizes not only the overall 

prediction error but also the false predictions of both classes (negative and positive employment rates). 

We therefore employ the widely accepted AUC statistic proposed by Bradley (1997) that measures the area 

under the so-called receiver operating characteristic curve. The AUC estimates the model’s predicting 

power with respect to class distinction. AUC is scaled between 0.5 (lowest) and 1 (perfect). It reports the 

probability that a true negative of the response variable receives a higher score than a true positive. Thus, a 

high AUC value indicates a good prediction performance of the model in terms of both classes. AUC of 

over 0.6 indicates a ‘fair’ model, 0.7 and above an ‘acceptable’ model, 0.8 and above a ‘good’ model, and 

0.9 and above an ‘excellent’ model. Figure 5 (which is grafted from Bradley, 1997) depicts a receiver 

operating characteristic curve (ROC) drawn in the plane of false positive and true positive predictions. The 

curve nearest to the top left corner has the highest AUC and model performance. In our random forest 

models, we optimize the model parameters mtry and node-size to provide us the highest AUC.     

 

Figure 5: The Receiver Operating Characteristic Curve (ROC)  
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3.3.2 Treatment Effects with the Two Trees Algorithm 

Partial dependence plots of random forest models provide important information about the association of 

predictors and the concerned response variables, i.e. in our case the negative employment rate in the form 

of marginal effects. Nevertheless, the plots quantify neither the magnitude of the impact on the response 

variables nor the strength of the impact of the various predictors that drive downsizing. We uncover this 

information with the help of the treatment effect estimation approach introduced in the decision tree 

literature by Athey and Imbens (2015).  

The authors propose the so-called “Two Trees” estimation approach. First, an optimal (high performance) 

random forest model is fitted to the dataset to obtain the partial dependence plots. In the next step, the 

threshold value for each predictor is identified from the respective partial dependence plot; above or below 

the threshold the highest point (peak) in the partial dependence plot (i.e. highest marginal effect) is to be 

found. Accordingly, a sample range beyond the peak (threshold) is assigned to the treatment group, the rest 

of the range to the control group. Then an optimal random forest model is run on both the treatment and 

control groups to predict the outcomes of response variables. The predictions from the control group model 

are subtracted from the treatment group’s predictions. The differences are then averaged to obtain the 

conditional average treatment effect (CATE). The mathematical representation of the two trees approach is 

summarized in equations (5)-(7): 

𝑌𝑖 = 𝑌(𝑇𝑖) = {
𝑌𝑖(1)
𝑌𝑖(0)

𝑖𝑓 𝑇𝑖=1,
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                                       (7) 

𝜇(𝑡, 𝑥) = 𝐸[𝑌𝑖 𝑇𝑖 = 𝑡, 𝑋𝑖 = 𝑥]⁄                                                               (8) 

𝜏(𝑥) = 𝜇(1, 𝑥) − 𝜇(0, 𝑥)                                                                   (9) 

where equation (5) shows the treatment and control group models separately. The treatment model 𝜇(1, 𝑥) 

is fitted on the subsample of data for which we select the threshold from partial dependence plots, i.e. 𝑇𝑖 =

1. Similarly, the control model 𝜇(0, 𝑥) is fitted on 𝑇𝑖 = 0. The treatment effect for each firm is then  

estimated by 𝜇(1, 𝑥) − 𝜇(0, 𝑥) and the average is taken. Equation (7) thus shows the conditional average 

treatment effect τ(x).    

The major advantage of using the two trees approach in combination with the random forest model for our 

study is that the treatment effects vary with the covariates. For example, when estimating the treatment 

effect of low cash flow per employee on downsizing, the magnitude of the effect will certainly be different 

for (distressed) firms, which have low creditworthiness as compared to (safe) firms that possess high 

creditworthiness. 
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3.3.3 Estimation Strategy 

We adopted a five-step estimation strategy for each period (pre-crises, during-crises, and post-crises) to 

specify the best performing random forest models and to estimate the marginal and treatments effects43. 

The five steps are the following: 

1. The dataset for each period was split in three subsets. The first subset was used for parameter tuning; 

the second one for model training, and the last one for validation, i.e. for evaluating the out-of-sample 

performance in terms of area under the curve (AUC).    

2. For parameter tuning, a search function was used to find the values of mtry and node-size that 

maximize the AUC. In this process, a five-fold cross-validation process was applied to overcome the 

problem of under (over) fitting of the model. To assess its performance, we applied the optimized 

model on the validation dataset to make predictions. 

3. To compare the performance of the random forest models with the performance of the standard 

classification models, a decision tree classification model was also fitted to the training dataset and 

then used to predict responses on validation dataset.  

4. The optimized model was then fitted to the complete dataset to derive a measure of the importance of 

the variables. Afterwards, partial dependence plots were used to analyze the interaction of independent 

fundamental and financial variables with the response variable (i.e. the negative employment rate). 

5. From the partial dependence plots, average treatment effects were estimated. Treatment and control 

groups were determined from the dataset of each independent variable based on the thresholds above 

(below) which the marginal effect was at a maximum. In the case of creditworthiness, the average 

treatment effect was estimated for all clusters (distressed, grey and safe) of firms.         

3.4 Modeling and Average Treatment Effects Results 

3.4.1 The Random Forest Model   

We split the data such that we arrived at a maximum of observations for training the model. The training 

subset included 60% of the observations in the entire dataset (1,198). The tuning and the validation subsets 

each contained 20% of the observations. Figures 12, 13 and 14 of the Appendix show the results of a search 

function process after fitting random forest models on different parameter values in the tuning subset.  

                                                           
43 We computed all the modeling and estimation procedures in R statistical software. Help was taken from open source 

codes provided by Kuhn and Johnson (2014) in his R train repository, and randomForest algorithm approach applied 

by Ikonen (2016) from Breiman (2001). Both algorithms produced more or less same results; however, for ease of 

understanding, we used Ikonen’s approach.   
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The optimal values of mtry and node-size that maximized the cross-validated area under the curve (AUC) 

is reported in Table 3. For comparison reasons, the maximum number of trees (ntree) was fixed at 50 for 

all time-period random forest models. 

Table 3: Optimal Tuning Parameters – mtry and node-size for Random Forest Models   

Time-Period  mtry  node-size ntree 

Pre-Crises  2 3 50 

During-Crises  1 1 50 

Post-Crises  2 2 50 

After identifying the optimal model parameters from the tuning subset, we built a random forest model on 

the training subset. To test the model’s performance, we made predictions by using the validation set. The 

model accuracy results measured by the area under the curves (AUC) looked quite promising when 

compared to the simple decision tree model AUC. As reported in Table 4, in the pre-crises period the out-

of-sample AUC of the random forest model is 14.1% higher than in the decision tree model. In the crises 

period, the AUC is about 8% higher, and in post-crises period almost 17% higher than the AUC of the 

standard decision tree model.    

 Table 4: Out-Of-Sample Area Under the Curve (AUC)  

Time-Period  Standard Decision Tree Decision Forests (Random Forests) 

Pre-Crises 0.586 0.669 

During-Crises  0.686 0.747 

Post-Crises  0.617 0.722 

Note: AUC is maximum at 1 and minimum at 0.5. 

3.4.2 Importance of Variables and Partial Dependence Plots  

To estimate the contribution of independent variables in predicting the negative employment rate, we 

plotted two measures of variable importance: Gini impurity and average accuracy gain. The plots for all 

periods are depicted in Figures 15, 16 and 17 of the Appendix. In the pre-crises and the during-crises periods 

the fundamental variable cost per employee (CPE) has the highest Gini measure in predicting the negative 

employment rate outcome. In the post-crises period, it is the cash flow per employee (CFE) that contributes 

most in terms of the Gini measure to the prediction of the negative employment rate. CFE is also the second 

most important contributor in the pre-crises and the during-crises periods. The interest expenses per 

employee (IEE) variable ranks third both in terms of accuracy gain and Gini measure. The creditworthiness 

cluster, on the other hand, contributes least in terms of both measures.  
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These results clearly suggest that gross wages (payroll costs) and the net cash of firms play an important 

role in determining downsizing. It would, however, be hasty to draw conclusions without knowing the 

predicting power of the whole range of determinants. Moreover, it is essential to estimate the magnitude of 

the predictors impact on the negative employment rate. The underlying structure of the model could be 

quite complex and inter-correlated due to the continuous and categorical nature of our predictors and 

response variable. To better understand these dynamic effects, we estimated for all time-periods the 

marginal effects by plotting partial dependence plots in Figures 18, 19 and 20 of the Appendix. As explained 

in chapter 3, partial dependence plots allow us to hold the effects of all other predictors constant while 

extracting only the effects of a particular predictor in its entire range of observations.  

The partial dependence plots of revenue per employee (RPE) indicate that in the pre-crises period the 

marginal effect on the negative employment rate was maximized below a RPE of 1,192,152 Euros. During 

the crises it is maximized below 753,897 Euros, and after the crises between 10,386.58 and 2,278,815.57 

Euros. The partial dependence plots of cost per employee (CPE) show that the marginal effect is at a 

maximum below 45,843.52 Euros CPE in the pre-crises period, while afterwards this threshold range 

increases to CPE < 57,500.89 Euros (during-crises) and CPE < 74,312 Euros (post-crises). The plots also 

show that during and after the financial crises, the CPE had a stronger effect on negative employment rate 

even at higher levels. While, RPE has a stronger impact on the negative employment in the post-crises 

period at a higher range. 

Similarly, the partial dependence plots on cash flow/employee (CFE) show interesting results. In pre-crises 

the marginal effect on the negative employment rate was although higher at CFE < 0 but the effect becomes 

maximum above i.e. CFE > 523,454.12 Euros threshold. This suggests that in pre-crises firms with even 

higher CFE had a stronger impact on negative employment rate. Nevertheless, in during-crises period CFE 

< 165, 678.2 Euros, and in post-crises CFE < 113,515.9 Euros range had maximum effects on the negative 

employment rate. The partial dependence plots on interest expenses/employee (IEE) were fairly simple and 

expected. The higher the IEE, the more likelihood of a negative employment rate across all periods except 

during-crises period. In pre-crises marginal effect was maximized at IEE > 150,000 Euros. In the during-

crises period IEE between 100 and 12,219,010 Euros had a maximum impact on negative employment. 

This suggests that during financial crises, firms which had IEE ≥ 12,219,010 Euros did not have as strong 

impact on the negative employment rate as the firms which had IEE < 12,219,010 Euros. In the post-crises 

period the IEE > 100 Euros threshold had a maximum impact on the negative employment rate. 

The partial dependence plots on the creditworthiness show a maximum impact for distressed firms. This 

effect is stronger during and after the financial crises. The higher impact of distressed firms on the negative 

employment rate was expected. Besides, it is in line with the marginal effects of CPE and CFE on the 
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negative employment rate during the financial crises. The firms, which were financially distressed during 

the crises were not able to sustain high employment costs and were financially constrained to internal funds, 

i.e. cash flow. This, in turn, had a negative impact on the employment rate. This finding suggests that the 

financial crises did have a significant impact on the negative employment rate through cash flow, 

creditworthiness, and employment cost.                           

3.4.3 Two Trees Average Treatment Effects  

In this section, we rank the fundamental and financial predictors in terms of average treatment effects on 

the negative employment rate and test their level of statistical significance. Using the partial dependence 

plots, we were able to identify the exact thresholds below (above) which the marginal effects were at a 

maximum. We used these thresholds to delineate treatment and control groups. The range of the treatment 

and control groups is reported in Table 5. For the creditworthiness clusters, we calculated the treatment 

effect for each category separately and tested their significance. Thus, the number of firms in the treatment 

and control groups of distressed, grey, and safe firms remain the same across time-periods. This also 

allowed us to compare the difference in average treatment effects across time-periods.      

Table 5: Range of Treatment and Control Groups 

Treatment Groups Control Groups 

Pre-Crises 

0 < CPE < 45,843.52 

 
 

CPE ≥ 45,843.52 

0 < RPE < 1,192,152 RPE ≥ 1,192,152 

CFE > 523,454.12 CFE ≤ 523,454.12 

IEE > 150,000 0 < IEE ≤ 150,000 

During- Crises 

0 < CPE < 57,500.89 CPE ≥ 57,500.89 

0 < RPE < 753,897.012 RPE ≥ 753,897.012 

CFE < 165,678.2 CFE ≥ 165,678.2 

100 < IEE < 12,219,010 IEE ≥ 12,219,010 

Post-Crises 

0 < CPE < 74,312.49 CPE ≥ 74,312.49 

10,386.58 < RPE < 2,278,815.57  RPE ≥ 2,278,815.57 

CFE < 113,515.9 CFE ≥ 113,515.9 

IEE > 100 IEE ≤ 100 

 

In Table 6, we also report the number of firms in our treatment and control groups based on the thresholds 

reported in Table 5. In the pre-crises period, the number of firms, which experienced the negative 

employment rates in the treatment group for CPE, CFE and IEE were relatively less as compared to the 
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number of firms in control group. Whereas, during the crises and afterwards, there were large number of 

firms in the treatment group as compared to the ones in the control group. This pattern confirms our finding 

from the partial dependence plots that the financial crises amplified the effect of CPE, CFE and IEE on the 

negative employment rate. 

Table 6: Number of Firms in Treatment and Control Groups 

Predictors  Treatment Control 

Pre-Crises 

RPE 1123 75 

CPE 377 821 

CFE 10 1188 

IEE 12 1186 

Distressed  133 1065 

Grey  843 355 

Safe 222 976 

During-Crises 

RPE 1050 148 

CPE 889 309 

CFE 1162 36 

IEE 1191 7 

Distressed  133 1065 

Grey  843 355 

Safe 222 976 

Post-Crises 

RPE 1157 41 

CPE 1072 126 

CFE 1131 67 

IEE 1189 9 

Distressed  133 1065 

Grey  843 355 

Safe 222 976 

As discussed in chapter 3, we follow the “Two Trees” algorithm approach to estimate the conditional 

average treatment effects. The optimal random forest model was fitted for each period and predictor once 

to the treatment group denoted as RF_(treatment) and once to the control group denoted as RF_(control). 

The propensity scores, i.e. the likelihood of a negative employment rate, was then estimated for the 

RF_(treatment) and the RF_(control) group. The treatment effects were calculated by subtracting the 

RF_(control) propensity scores from the RF_(treatment) propensity scores. Subsequently, the mean of the 
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individual treatment effects was taken to obtain the conditional average treatment effects. To test the 

statistical significance of the effects, a two tailed t-test was calculated. The resulting conditional average 

treatment effects for all time-periods are shown in Figure 6.         

 

Figure 6: Conditional Average Treatment Effects (Likelihood of Downsizing) with Two Trees 

Algorithm Approach (error bars represent 95% confidence interval)  

Analyzing the conditional average treatment effects of the variables in the creditworthiness cluster, we 

observe that distressed firms had a statistically significant and much larger treatment effect as compared to 

variables belonging to other clusters. In the pre-crises period, the likelihood of a negative employment rate 

was 16.60% higher for distressed firms in the treatment group and it increased to 18.12% during the crises. 

In the post-crises period the effect declined to 6%, but it was still different from zero at the 5% level of 

significance and greater than the effects for grey and safe firms.   

Among the fundamental factors, the average treatment effect of the cost per employee (CPE) variable is 

noteworthy. First, all the CPE treatment effects were significant at the 5% level. During the crises the 

likelihood of a negative employment rate was 23.70% for firms in the CPE treatment group. This effect 

was higher than any other treatment effect of predictors. Moreover, it further increased to 32% in the post-

crises period.  

Another interesting average treatment effect concerns the cash flow per employee (CFE). As we observed 

in our partial dependence plots analysis in section 4.2, the CFE also had a significant treatment effect in the 

pre-crises period (16.40%) and during the crises (18.90%). The average treatment effects of interest 
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expenses per employee (IEE), however, had a different pattern. In all time-periods, the treatment effects 

were consistently around 19% – 24% at the 5% significance level. The effect was highest in the pre-crises 

period (24%), while during the crises it declined to 19%, and in the post-crises period it slightly increased 

to 20%. This finding is also compatible with the marginal treatment effects, i.e. higher interest expenses are 

unfavorable for employment.    

The average treatment effects constitute and statistically support the major results of our study. The major 

drivers of downsizing employment across all time-periods have been the distressed firms, cost per employee 

(CPE), cash flow per employee, and interest expenses per employee (IEE). Both financial factors play an 

important role in determining downsizing employment. Secondly, the financial crises of 2008-09 amplified 

the negative effect on employment in firms through the low creditworthiness, cash flow, and employment 

cost channels.  

3.5 Conclusion 

This study examines at the firm-level fundamental and. financial drivers of employment downsizing using 

a dataset on Belgian manufacturing firms for the period 2005-2015. Following Minhas (2017), we use 

employee productivity (revenue per employee) and labor cost (cost per employee) as proxies for firm-

specific fundamentals factors. We control for financial factors using cash flows per employee, interest 

expenses per employee, and creditworthiness. Creditworthiness is proxied by a financial distress index 

based on the Altman z-score plus model (Altman, 2012). We define three clusters of creditworthiness: 

distressed, grey and safe. To assess the causal effect of these factors on employment downsizing, we 

compute the employment growth rates, and generate a binary variable, where class "1" indicates downsizing 

and "0" no downsizing.   

We employ a machine learning classification technique (random forest modelling) and show that this 

technique provides unbiased and more accurate estimates than standard decision tree classification models. 

The methodology corrects for endogeneity problems by providing Gini impurity based measures of the 

importance of the independent variables. Moreover, to isolate the effect of the independent variables on the 

target variable, the random forest model provides partial dependence plots for each independent variable. 

Additionally, we use the modern causal “Two Trees” treatment effect approach by Athey and Imbens 

(2015). This technique allowed us to quantify the probability with which fundamental and financial factors 

affect downsizing. We also capture the effect of the financial crises in 2008-09 by dividing the sample into 

three periods: pre-crisis (2005-2007), during-crisis (2008-2009) and post-crisis (2010-2015).          

The optimal random forest models fitted to each period resulted in a 10-15% higher out-of-sample accuracy 

than a simple decision tree model. The Gini impurity measures showed that cost per employee and cash 
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flow per employee were the two most important factors explaining variation in our binary downsizing 

variable.  

The partial dependence plots of the creditworthiness variables revealed that their marginal effect on 

downsizing is much larger for distressed firms than for grey and safe firms. Moreover, our results indicate 

that the marginal effect of cost per employee and cash flow per employee were higher during the financial 

crises period than before or after the crises.  

The average treatment effects showed that the likelihood of downsizing was 16.6% higher for distressed 

firms than for grey and safe firms. This likelihood further increased to 18.12% during financial crises 

period. The cash flow per employee also had a significant treatment effect in the pre-crises period (a 16.4% 

higher likelihood) and during the crises (an 18.9% higher likelihood of downsizing). The average treatment 

effects of interest expenses per employee has a different causal effect on downsizing. In all time-periods, 

the treatment effects were consistently around 19% – 24%. Among the fundamental factors, the cost per 

employee has the strongest treatment effect of approximately 23.7%.  

Our results show that financial factors play an important role in downsizing employment. The firms that 

are financially distressed are not able to sustain high employment costs and are financially constrained to 

make use of their cash flows. As a result, the employment rates decline. Furthermore, the financial crises 

of 2008-09 amplified this negative effect on employment downsizing through the low creditworthiness, 

cash flow, and employment cost channels.       
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    Chapter 3 Appendices 

 

Figure 7: Percentage distribution of distressed, grey and safe firms with Negative Employment 

Rate (NER=1) and Positive Employment Rate (NER=0) across pre-crises, during-crises and post-

crises periods 

  

Figure 8: Histogram of Cost/Employee (CPE) for distressed, grey and safe firms 

with Negative Employment Rate (NER=1) in pre-crises, during-crises and post-

crises periods 
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Figure 9: Histogram of Revenue/Employee (RPE) for distressed, grey and 

safe firms across pre-crises, during-crises and post-crises periods 

Figure 10: Histogram of Cash Flow/Employee (CFE) for distressed, grey and safe firms across pre-

crises, during-crises and post-crises periods 

Figure 11: Histogram of Interest Expenses/Employee (IEE) for distressed, grey and safe firms 

across pre-crises, during-crises and post-crises periods 
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Figure 12: Optimal parameters search for Random Forest model (Pre-Crises) 

  

Figure 13: Optimal parameters search for Random Forest model (During-Crises) 
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Figure 14: Optimal parameters search for Random Forest model (Post-Crises) 

 

 

 

 

 

 

 

 

 

 

 

 

  Figure 15: Variable Importance Measures (Pre-Crises) 
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Figure 16: Variable Importance Measures (During-Crises) 

Figure 17: Variable Importance Measures (Post-Crises) 
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Figure 18: Partial Dependence Plots (Pre-Crises) 
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Figure 19: Partial Dependence Plots (During-Crises) 
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Figure 20: Partial Dependence Plots (Post-Crises) 
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Table 7: Marginal Effects of Continuous Predictors (Pre-Crises) 

CPE 
Marginal 
 Effects RPE 

Marginal  
Effects CFE 

Marginal  
Effects IEE 

Marginal  
Effects 

22200 -0.07380 8000 -0.81770 -627290 -1.43395 11 -1.7584 

24349 -0.07380 600076 -5.21948 -550574 -1.43395 240220 -0.9221 

26499 -0.07380 1192152 -5.65142 -473858 -1.43395 480429 -0.9221 

28648 -0.20057 1784228 -4.03642 -397142 -1.43395 720639 -0.9221 

30798 -0.21413 2376304 -1.95279 -320425 -1.43395 960848 -0.9221 

32947 -0.30333 2968380 -1.69872 -243709 -1.43395 1201057 -0.9221 

35096 -1.16480 3560456 -1.74000 -166993 -1.43395 1441266 -0.9221 

37246 -0.99089 4152532 -1.74000 -90276 -1.43395 1681476 -0.9221 

39395 -1.33399 4744608 -1.78504 -13560 -1.43395 1921685 -0.9221 

41545 -1.59441 5336684 -1.78504 63156 -4.16844 2161894 -0.9221 

43694 -2.28225 5928760 -1.78504 139873 -3.71020 2402104 -0.9221 

45844 -4.14182 6520836 -1.78504 216589 -3.72442 2642313 -0.9221 

47993 -2.93805 7112912 -1.78504 293305 -3.72463 2882522 -0.9221 

50142 -4.18149 7704988 -1.78504 370022 -3.72463 3122731 -0.9221 

52292 -4.17202 8297064 -1.78504 446738 -3.72463 3362941 -0.9221 

54441 -1.31248 8889140 -1.78504 523454 -3.68209 3603150 -0.9221 

56591 -0.91824 9481216 -1.78504 600170 -0.88397 3843359 -0.9221 

58740 -2.92737 10073292 -1.78504 676887 -0.69192 4083569 -0.9221 

60889 -2.92998 10665368 -1.78504 753603 -0.69192 4323778 -0.9221 

63039 -1.41295 11257444 -1.78504 830319 -0.69192 4563987 -0.9221 

65188 -5.59400 11849520 -1.78504 907036 -0.69192 4804196 -0.9221 

67338 -4.35695 12441596 -1.78504 983752 -0.69192 5044406 -0.9221 

69487 -4.37380 13033672 -1.78504 1060468 -0.69192 5284615 -0.9221 

71636 -4.46784 13625748 -1.78504 1137185 -0.69192 5524824 -0.9221 

73786 -4.19346 14217824 -1.78504 1213901 -0.69192 5765034 -0.9221 

75935 -4.04030 14809901 -1.78504 1290617 -0.69192 6005243 -0.9221 

78085 -3.24519 15401977 -1.78504 1367333 -0.69192 6245452 -0.9221 

80234 -3.21186 15994053 -1.78504 1444050 -0.69192 6485661 -0.9221 

82384 -1.62501 16586129 -1.78504 1520766 -0.69192 6725871 -0.9221 

84533 -1.25167 17178205 -1.78504 1597482 -0.69192 6966080 -0.9221 

86682 -2.03505 17770281 -1.78504 1674199 -0.69192 7206289 -0.9221 

88832 -2.03505 18362357 -1.78504 1750915 -0.69192 7446499 -0.9221 

90981 -3.03811 18954433 -1.78504 1827631 -0.69192 7686708 -0.9221 

93131 -3.26711 19546509 -1.78504 1904348 -0.69192 7926917 -0.9221 

95280 -3.26711 20138585 -1.78504 1981064 -0.69192 8167126 -0.9221 

97429 -3.26711 20730661 -1.78504 2057780 -0.69192 8407336 -0.9221 

99579 -3.26711 21322737 -1.78504 2134497 -0.69192 8647545 -0.9221 

101728 -3.26711 21914813 -1.78504 2211213 -0.69192 8887754 -0.9221 

103878 -3.26711 22506889 -1.78504 2287929 -0.69192 9127964 -0.9221 
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106027 -3.26711 23098965 -1.78504 2364645 -0.69192 9368173 -0.9221 

108176 -3.26711 23691041 -1.78504 2441362 -0.69192 9608382 -0.9221 

110326 -3.26711 24283117 -1.78504 2518078 -0.69192 9848591 -0.9221 

112475 -3.26711 24875193 -1.78504 2594794 -0.69192 10088800 -0.9221 

114625 -3.26711 25467269 -1.78504 2671511 -0.69192 10329010 -0.9221 

116774 -3.26711 26059345 -1.78504 2748227 -0.69192 10569220 -0.9221 

118924 -3.26711 26651421 -1.78504 2824943 -0.69192 10809430 -0.9221 

121073 -3.26711 27243497 -1.78504 2901660 -0.69192 11049640 -0.9221 

123222 -3.26711 27835573 -1.78504 2978376 -0.69192 11289850 -0.9221 

125372 -3.26711 28427649 -1.78504 3055092 -0.69192 11530060 -0.9221 

127521 -3.26711 29019725 -1.78504 3131809 -0.69192 11770270 -0.9221 

129671 -3.26711 29611801 -1.78504 3208525 -0.69192 12010480 -0.9221 

 

Table 8: Marginal Effects of Continuous Predictors (During-Crises) 

CPE 
Marginal  

Effects  RPE 
Marginal  

Effects  CFE 
Marginal  

Effects IEE 
Marginal  

Effects 

21813.61 0.60645 6516.667 -0.08777 -2.3E+07 0.19471 28.18344 -0.22469 

28951.06 0.60713 753897 -0.41980 -2.2E+07 0.19471 469988.8 -0.10291 

36088.52 0.49106 1501277 -0.39755 -2.2E+07 0.19471 939949.5 -0.10105 

43225.98 -0.26567 2248658 -0.37551 -2.1E+07 0.19471 1409910 -0.10105 

50363.43 -0.45279 2996038 -0.35624 -2.1E+07 0.19471 1879871 -0.10105 

57500.89 -0.72874 3743418 -0.34617 -2E+07 0.19471 2349831 -0.10105 

64638.35 -0.65479 4490799 -0.34776 -2E+07 0.19471 2819792 -0.10105 

71775.8 -0.60620 5238179 -0.34776 -1.9E+07 0.19471 3289753 -0.10105 

78913.26 -0.57567 5985559 -0.34738 -1.9E+07 0.19471 3759713 -0.10105 

86050.71 -0.65920 6732940 -0.34695 -1.8E+07 0.19471 4229674 -0.10105 

93188.17 -0.62738 7480320 -0.34695 -1.8E+07 0.19471 4699635 -0.10105 

100325.63 -0.68872 8227700 -0.34722 -1.7E+07 0.19471 5169595 -0.10105 

107463.08 -0.67956 8975081 -0.34448 -1.7E+07 0.19471 5639556 -0.10105 

114600.54 -0.69268 9722461 -0.34446 -1.6E+07 0.19471 6109517 -0.10105 

121738 -0.71842 10469842 -0.33284 -1.6E+07 0.19471 6579477 -0.10105 

128875.45 -0.72191 11217222 -0.33284 -1.5E+07 0.19471 7049438 -0.10105 

136012.91 -0.72234 11964602 -0.33520 -1.5E+07 0.19471 7519399 -0.10105 

143150.36 -0.72236 12711983 -0.33520 -1.4E+07 0.19471 7989359 -0.10105 

150287.82 -0.72208 13459363 -0.33520 -1.4E+07 0.19471 8459320 -0.10105 

157425.28 -0.72068 14206743 -0.33422 -1.4E+07 0.19471 8929281 -0.10105 

164562.73 -0.72042 14954124 -0.33422 -1.3E+07 0.19471 9399241 -0.10105 

171700.19 -0.72057 15701504 -0.33422 -1.3E+07 0.19754 9869202 -0.10105 

178837.65 -0.72075 16448884 -0.33422 -1.2E+07 0.19754 10339160 -0.10105 

185975.1 -0.72182 17196265 -0.33422 -1.2E+07 0.20262 10809120 -0.10105 

193112.56 -0.72189 17943645 -0.33422 -1.1E+07 0.20476 11279080 -0.10105 

200250.01 -0.72189 18691025 -0.33422 -1.1E+07 0.20476 11749040 -0.10105 
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207387.47 -0.72310 19438406 -0.33461 -1E+07 0.20476 12219010 -0.11192 

214524.93 -0.72316 20185786 -0.33724 -9602024 0.20476 12688970 -0.11192 

221662.38 -0.72341 20933166 -0.33957 -9113639 0.20476 13158930 -0.11192 

228799.84 -0.72570 21680547 -0.33957 -8625254 0.20476 13628890 -0.11192 

235937.29 -0.72597 22427927 -0.33957 -8136868 0.20476 14098850 -0.11192 

243074.75 -0.72613 23175307 -0.33957 -7648483 0.20476 14568810 -0.11192 

250212.21 -0.72613 23922688 -0.33957 -7160098 0.20476 15038770 -0.11192 

257349.66 -0.72648 24670068 -0.33957 -6671713 0.20476 15508730 -0.11192 

264487.12 -0.72648 25417448 -0.33957 -6183328 0.20476 15978690 -0.11192 

271624.58 -0.72648 26164829 -0.34459 -5694943 0.20476 16448650 -0.11192 

278762.03 -0.72648 26912209 -0.34459 -5206558 0.20476 16918610 -0.11192 

285899.49 -0.72648 27659589 -0.34459 -4718173 0.20476 17388570 -0.11192 

293036.94 -0.72648 28406970 -0.34459 -4229788 0.20476 17858530 -0.11192 

300174.4 -0.72648 29154350 -0.34459 -3741403 0.20476 18328490 -0.11192 

307311.86 -0.72648 29901730 -0.34459 -3253018 0.20476 18798450 -0.11192 

314449.31 -0.72648 30649111 -0.34459 -2764632 0.20476 19268420 -0.11192 

321586.77 -0.72648 31396491 -0.34459 -2276247 0.20476 19738380 -0.11192 

328724.23 -0.72648 32143872 -0.34459 -1787862 0.20476 20208340 -0.11192 

335861.68 -0.72648 32891252 -0.34459 -1299477 0.19421 20678300 -0.11192 

342999.14 -0.72648 33638632 -0.34459 -811092 0.19421 21148260 -0.11192 

350136.59 -0.72648 34386013 -0.34459 -322707 0.18652 21618220 -0.11192 

357274.05 -0.72648 35133393 -0.34459 165678.2 -0.36119 22088180 -0.11192 

364411.51 -0.72648 35880773 -0.34459 654063.3 -0.35453 22558140 -0.11192 

371548.96 -0.72648 36628154 -0.34459 1142448 -0.33723 23028100 -0.11192 

378686.42 -0.72648 37375534 -0.34459 1630834 -0.33761 23498060 -0.11192 

 

Table 9: Marginal Effects of Continuous Predictors (Post-Crises) 

CPE 
Marginal  

Effects RPE 
Marginal  

Effects CFE 
Marginal  

Effects IEE  
Marginal  

Effects 

17918.92 0.52166 10386.58 -0.31297 -248463 0.25089 21.64025 -0.09542 

22618.38 0.52166 766529.6 -0.08384 113515.9 -0.37199 260859.4 0.01958 

27317.85 0.50410 1522673 -0.10374 475495.1 -0.51505 521697.2 0.01876 

32017.31 0.52716 2278816 -0.14809 837474.4 -0.49328 782534.9 0.01876 

36716.78 0.32713 3034959 -0.11240 1199454 -0.49605 1043373 0.01876 

41416.24 0.25713 3791102 -0.10906 1561433 -0.49611 1304210 0.01876 

46115.71 -0.04945 4547245 -0.09324 1923412 -0.49611 1565048 0.01876 

50815.17 -0.17477 5303388 -0.12342 2285391 -0.49611 1825886 0.01876 

55514.64 -0.18792 6059531 -0.12343 2647371 -0.49611 2086724 0.01876 

60214.1 -0.25722 6815674 -0.12289 3009350 -0.49611 2347562 0.01876 

64913.56 -0.39930 7571817 -0.12262 3371329 -0.49611 2608399 0.01876 

69613.03 -0.37014 8327960 -0.12005 3733308 -0.49611 2869237 0.01876 

74312.49 -0.51434 9084103 -0.12005 4095287 -0.49611 3130075 0.01876 



 

116 

 

79011.96 -0.40637 9840246 -0.12133 4457267 -0.49611 3390913 0.01876 

83711.42 -0.43815 10596389 -0.12194 4819246 -0.49611 3651750 0.01876 

88410.89 -0.44034 11352532 -0.11775 5181225 -0.49611 3912588 0.01876 

93110.35 -0.42646 12108675 -0.12111 5543204 -0.49611 4173426 0.01876 

97809.82 -0.28213 12864818 -0.12111 5905183 -0.49611 4434264 0.01876 

102509.3 -0.25365 13620961 -0.12123 6267163 -0.49611 4695101 0.01876 

107208.8 -0.22024 14377104 -0.12123 6629142 -0.49611 4955939 0.01876 

111908.2 -0.17340 15133247 -0.12123 6991121 -0.49611 5216777 0.01876 

116607.7 -0.20320 15889390 -0.12123 7353100 -0.49611 5477615 0.01876 

121307.1 -0.23417 16645533 -0.12123 7715080 -0.49611 5738453 0.01876 

126006.6 -0.25266 17401676 -0.12123 8077059 -0.49611 5999290 0.01876 

130706.1 -0.26260 18157819 -0.12123 8439038 -0.49611 6260128 0.01876 

135405.5 -0.26123 18913962 -0.12123 8801017 -0.49611 6520966 0.01876 

140105 -0.26123 19670105 -0.12150 9162996 -0.49636 6781804 0.01771 

144804.5 -0.23844 20426248 -0.12191 9524976 -0.49636 7042641 0.01771 

149503.9 -0.23844 21182391 -0.12191 9886955 -0.49636 7303479 0.01771 

154203.4 -0.23844 21938534 -0.12191 10248934 -0.49636 7564317 0.01771 

158902.9 -0.23844 22694677 -0.12191 10610913 -0.49636 7825155 0.01771 

163602.3 -0.23844 23450820 -0.12191 10972893 -0.49636 8085992 0.01771 

168301.8 -0.23844 24206963 -0.12191 11334872 -0.49636 8346830 0.01771 

173001.3 -0.23844 24963106 -0.12191 11696851 -0.49636 8607668 0.01771 

177700.7 -0.23844 25719249 -0.12191 12058830 -0.49636 8868506 0.01771 

182400.2 -0.23844 26475392 -0.12191 12420809 -0.49636 9129343 0.01771 

187099.6 -0.23844 27231535 -0.12191 12782789 -0.49636 9390181 0.01771 

191799.1 -0.23844 27987678 -0.12191 13144768 -0.49636 9651019 0.01771 

196498.6 -0.23844 28743821 -0.12191 13506747 -0.49636 9911857 0.01771 

201198 -0.23844 29499964 -0.12191 13868726 -0.49636 10172690 0.01771 

205897.5 -0.23844 30256107 -0.12191 14230706 -0.49636 10433530 0.01771 

210597 -0.23844 31012250 -0.12191 14592685 -0.49636 10694370 0.01771 

215296.4 -0.23844 31768393 -0.12191 14954664 -0.49636 10955210 0.01771 

219995.9 -0.23844 32524536 -0.12191 15316643 -0.49636 11216050 0.01771 

224695.4 -0.23844 33280679 -0.12191 15678622 -0.49636 11476880 0.01771 

229394.8 -0.23844 34036822 -0.12191 16040602 -0.49636 11737720 0.01771 

234094.3 -0.23844 34792965 -0.12191 16402581 -0.49636 11998560 0.01771 

238793.8 -0.23844 35549108 -0.12191 16764560 -0.49636 12259400 0.01771 

243493.2 -0.23844 36305251 -0.12191 17126539 -0.49636 12520230 0.01771 

248192.7 -0.23844 37061394 -0.12191 17488519 -0.49636 12781070 0.01771 

252892.2 -0.23844 37817537 -0.12191 17850498 -0.49636 13041910 0.01771 
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