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Abstract

While there is broad consent that excessive credit expansion is a key determinant of fi-

nancial crisis, there is considerable less consent regarding the forces that drive credit booms.

We focus on five explanations that are frequently discussed in the literature (economic

growth, ultra-loose monetary policy, financial market deregulation, asset price booms, and

income inequality) and examine whether these variables help to explain financial fragility

proxied by two different credit-to-income ratios. We perform Granger causality tests both

in a time series and in a panel context to trade off a sufficient number of observations against

a necessary degree of cross-country heterogeneity. We find mixed evidence. While house

price booms and (to a lesser extent) rising top income shares help to explain credit booms,

we did not detect any influence from expansionary monetary policy.
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1 Introduction

It is beyond question that the global financial crisis of 2007/2008 had various causes. Against

this background the present paper re-examines the role of five explanations frequently discussed

in the literature: economic growth, loose monetary policy, financial liberalization, asset price

booms and income inequality. One of the first tasks with an empirical study about causes of

the crises is how to measure the likelihood of a crisis. In other words, one has to determine

which observable quantities indicate financial fragility. Nowadays, most economist agree that

both excessive household (private sector) leverage as well as large and persistent current account

imbalances, implying higher private sector net borrowing either domestically or abroad, point

towards financial fragility (Atkinson and Morelli, 2011; van Treeck and Sturn, 2012).

Household leverage has been put in perspective since the global financial crisis, as a bunch

of adverse macroeconomic implications inferred from increased household indebtedness (IMF,

2012; Sutherland and Hoeller, 2012). In the presence of high debt-to-income ratios, balance

sheet vulnerabilities make households more exposed to shocks to the economy. Those shocks

include declining asset prices, income losses via unemployment and interest rate changes es-

pecially if loans are based on a variable rate (Debelle, 2004). Even if monetary policy tries to

react with lower interest rates, the real debt burden and the need to deleverage often hamper the

recovery for highly indebted households. Empirical evidence also shows that excessive private

debt levels, particularly for households, amplify economic contractions and lead to a long-time

stagnation instead of a substantial rebound in economic activity (IMF, 2012; Sutherland et al.,

2012). While the pattern for investment falling stronger when corporate debt-to-equity ratios are

high (Davis and Stone, 2004), has been widely acknowledged, phenomena like housing equity

withdrawals have been underestimated for a long time. Mian et al. (2013) estimate relatively

large elasticities of consumption with respect to housing net worth for the US which can explain

why household deleveraging and the drop in consumption started so soon after the collapse in

asset prices.

Studying financial crises as a recurrent phenomenon and developing policy actions that mit-

igate the consequences for the real economy is one of the key areas in modern macroeconomic

research. Explanations for financial crises range from factors inherent to the economic system,

such as Ponzi financing (Minsky, 1992), to the emphasis on failures of individual policy makers,

such as an incomplete central bank policy because of neglecting asset price evolution (Borio and

White, 2004). However, recent papers, Bordo and Meissner (2012); Elekdag and Wu (2011);

Mendoza and Terrones (2012); Schularick and Taylor (2012) among others, have established
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a causal link between excessive private debt, including household debt, and the occurrence of

financial crisis. Following this literature, the present paper takes private sector credit-to-income

ratios as proxy variables for financial fragility and deals with its determinants. Determinants typ-

ically considered in the empirical analyses of private leverage are economic growth and interest

rates (Bordo and Meissner, 2012), but also financial liberalization (Perugini et al., 2015).

The notion that rising income inequality has been a major driver of household leverage be-

fore the crisis in 2007 is based on a comprehensive credit demand argument: Low and middle

income consumers in several countries, most prominently the US, have reduced their savings

and increased their debt in order to counterbalance permanent income losses. As a consequence,

growth driven by consumption and residential investment was not backed by the corresponding

evolution of income for many households and could not be sustainable (Cynamon and Fazzari,

2008; Fitoussi and Stiglitz, 2009; van Treeck, 2014). This process was also facilitated by finan-

cial market liberalization, expansionary monetary policy and the extra credit supply provided by

rich households (Rajan, 2010; Kumhof and Rancière, 2010).

Studies testing income inequality as a determinant of private sector leverage differ substan-

tially in their conclusion. While Atkinson and Morelli (2011) and Bordo and Meissner (2012)

do not reach a firm conclusion that rising inequality leads to financial fragility, recent studies

by Malinen (2014) and Perugini et al. (2015) find a positive link between income concentra-

tion and private sector indebtedness. The question why the obtained results are so different is

closely linked to the methodology and the data chosen. The descriptive approach by Atkinson

and Morelli (2011) counts the cases, in which periods of rising inequality were followed by a

crisis. Pre-crisis dynamics in the US, fulfilling the authors’ criteria, make clear that there might

be a bias with assuming the cases to be equally important. Against the background of avoiding a

spurious regression mistake, one tends to prioritize the paper by Malinen (2014), as his result is

based on a co-integration approach. In this respect, there is also no problem with the first differ-

ences used in the regression by Bordo and Meissner (2012). But we argue that the transmission

mechanism of how income inequality may influence leverage is closely related to households

credit demand. That is why we prefer household leverage instead of total private sector leverage

for evaluating the role of income inequality. For comparison, we also show results for the private

sector leverage.

Given potential structural brakes and limited data availability, especially with inequality

measures being only available on a yearly basis since the middle of the 1970s, we decide in

favour of a bivariate Granger causality analysis instead of including more variables at the cost of

a lower degree of freedom. Granger test equations include only lags of the dependent variable
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and of one assumed exogenous variable to reduce the problem of endogeneity. Additionally,

we conduct unit root tests in order to decide whether to include levels or first difference. Even

if loosing some information in case of first differences, we argue that the remaining causalities

we find are robust to a potential misspecification bias arising if only regressing levels on levels.

Our econometric analysis differs in another aspect from the above-mentioned studies. While

still highlighting panel results, unit root and Granger causality tests are applied by means of

both panel and time series econometrics in order to trade off a sufficient number of observations

against a necessary degree of cross-country heterogeneity.

Overall results can be summarized as follows: i) House price evolution has the strongest

influence on household and total private sector leverage. Panel econometric findings fit the cor-

responding time series results indicating that the causality from house prices to credit has played

a role particularly for those countries with house price bubbles. ii) We find mixed evidence for

the role of top income shares and the financial sector value added as a proxy of financial liber-

alization. While panel econometrics reports the second largest influence for top income shares

after house prices, time series results for countries experiencing strong increases in top income

shares do not fit perfectly. Conversely, panel econometric findings do not hint at a significant

role of the financial sector value added, while time series results for some countries with sub-

stantial deregulatory policies in pre-crisis time are conclusive. iv) Both panel and time series

econometric results are inconclusive with respect to the deviations from a standard Taylor rule

driving household or private sector leverage.

The remainder of the paper is organized as follows. Section 2 reviews the related literature.

Section 3 discusses important stylized facts about the evolution of household debt, monetary

policy, financial deregulation and inequality in the US and a couple of European countries.

Section 4 briefly discusses the methodology. Section 5 presents the empirical results. Section 6

concludes.

2 Related literature

The recent global financial crisis renewed the interest of economists in the causes of financial

instability, leading to a substantial amount of empirical research on this topic. This literature

provides evidence that there is a strong positive relationship between excessive credit expan-

sion and financial crises (Mendoza and Terrones, 2008; Schularick and Taylor, 2012; Bordo and

Meissner, 2012; Perugini et al., 2015). However, economic researchers still disagree regard-

ing the key determinants of credit booms. In the following we focus on five explanations that
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are frequently discussed in the literature: economic growth, loose monetary policy, financial

liberalization, asset price booms and income inequality.1

A traditional strand of literature stresses the role of the business cycle for credit expan-

sion. A reduction in interest rates stimulates economic growth which in turn activates the credit

cycle which again fuels economic expansion. The upswing of a credit boom is typically associ-

ated with economic expansion, rising equity and housing prices, real currency appreciation, and

widening external deficits. Thus, macroeconomic factors such as economic or income growth

(Kaminsky and Reinhart, 1999; Mendoza and Terrones, 2012; Bordo and Meissner, 2012) as

well as an accommodative monetary policy (Borio and White, 2004; Bordo and Meissner, 2012)

are considered as the main drivers of credit growth. Credit cycles can turn into boom-bust cy-

cles when credit growth is massively fuelled in an economic upswing, e.g. due to ultra-loose

monetary policy (Taylor, 2010; Claeys and Darvas, 2015) that keeps interest rates and thus the

costs of borrowing artificially low or due to financial liberalization or deregulation resulting

in an improved access to loans for economic agents previously without access or in financial

innovations that enlarge the scope for banks to increase lending. For instance, securitization

in pre-crisis time mostly represented off-balance sheet transactions allowing for additional on-

balance lending without violating regulatory requirements. Furthermore, loose monetary policy

and financial deregulation facilitate the emergence of asset price booms which in turn could lead

to credit expansion, e.g. by stimulating bank lending based on higher collateral values (Kiy-

otaki and Moore, 1997; Iacoviello, 2005) or by an increase in credit demand due to expectations

regarding profits from future share or house sales. Recently, Rajan (2010) and Kumhof and

Rancière (2010) brought an entirely new argument into play, claiming that the drastic increase

in income inequality in the US in past decades was at the root of the credit boom that finally led

to the US banking crisis.

Against the background of the US banking crisis that turned into the global financial crisis,

Rajan (2010) attracted a lot of attention with his narrative. He argued that growing income

inequality in the US in the past thirty years led to political pressure to reverse income inequality.

The government, however, did not respond with an increase in distributive tax policy, but instead

promoted policies to improve access to mortgage loans, in particular for low income households.

Thus, low and middle income households were enabled to maintain their level of consumption at

times when real earnings were stagnating. The resulting lending boom led to a sharp increase in

household leverage and fuelled a rise in housing prices. When housing prices dropped in 2007,

1IMF (2011, p. 47–50) emphasize the role of capital inflows as a driver of credit booms. However, this factor is
not yet considered in our analysis.
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household leverage proved unsustainable and a surge of defaults caused the subprime mortgage

crisis.

Kumhof and Rancière (2010) analyse the link between income concentration and financial

instability using a DSGE framework in which a crisis driven by income inequality can arise

endogenously. The model has two groups of households: Investors, who account for the top

5% of the population, are capital owners who save, consume and invest, whereas workers, who

account for the bottom 95% of the population, earn wages which they spend completely on

consumption. In their model, the crisis is the result of a shock to the relative bargaining powers

of the two types of households leading to an increase in investors’ income and a decline in the

income of workers. Investors use part of their increased income to purchase additional financial

assets, which are then channelled by the financial sector to workers in form of loans, allowing

them to maintain their level of consumption. As a result, debt-to-income ratios of workers

increase substantially which generates higher financial instability leading to a financial crisis.

There is growing literature examining the relationship between inequality and crises empir-

ically. These studies differ with regard to the underlying hypothesis: Is it growing inequality

or the high level of inequality that contributes to the fragility of the financial or economic sys-

tem? The major part of this literature deals with the ”growth” hypothesis and this is also the

focus of our analysis. Atkinson and Morelli (2011) examine changes in five different inequal-

ity measures and three different types of economic crises (systemic banking crises, GDP and

consumption collapses) to detect patterns of change in inequality in pre-crisis and post-crisis

periods. The authors use a large data set covering the past hundred years from 1911–2010 and

25 countries. They find little empirical evidence in favour of the ”growth” hypothesis.

In a recent paper Atkinson and Morelli (2015) reassess the empirical evidence of the ”growth”

hypothesis and initially address the ”level” hypothesis. To explore the ”level” hypothesis they

define a benchmark to which the inequality indicator can be compared. The authors compare

different inequality measures in the run-up of a banking crisis to a country’s own historical per-

spective and to the average experience of other countries to account for both the time dimension

and the cross-country dimension. However, the results do not provide any conclusive statistical

support to either of the hypotheses.

Bellettini and Delbono (2013) investigate the ”level” hypothesis checking whether the level

of inequality in a country that experienced a banking crisis, was above or below the relevant

OECD average inequality level, which is used as a benchmark. Their analysis is based on a data

set that covers the last three decades and 14 and 18 countries, respectively. Contrary to Atkinson

and Morelli (2015) they find that ”a large majority of classifiable banking crises in the last thirty
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years has taken place in countries whose income inequality before the crisis was persistently

higher than the OECD relevant average” (p.12).

Atkinson and Morelli (2015) and Bellettini and Delbono (2013) do not examine the deter-

mining factors of credit booms, but focus directly on the relationship between income inequality

and financial crises. They study how certain inequality indicators perform in the run-up of a

crisis providing empirical evidence whether there is a link from inequality to crisis but no causal

analysis.

Other authors focus on the key determinants of credit booms using panel econometric ap-

proaches to exploit information contained in the time series as well as in the cross-country di-

mension of the data. Bordo and Meissner (2012) examine the ”growth” hypothesis in a single

equation OLS regression framework using a panel of 14 advanced economies from 1920 to

2008. They investigate the determinants of real credit growth (changes in the log of real bank

loans) including a measure for inequality (share of pre-tax income accruing to the top 1%) as

well as macroeconomic indicators that account for the business cycle and monetary policy. They

find ”strong evidence linking credit booms to banking crises, but no evidence that rising income

concentration was a significant determinant of credit booms” (p.20). Instead, credit booms are

largely driven by economic expansion and low interest rates.

Malinen (2014) and Perugini et al. (2015) also assess the ”growth” hypothesis, but find a

positive link between income concentration and private sector indebtedness. Malinen (2014)

investigates in a panel cointegration framework whether there is a long-run steady-state relation-

ship between income inequality (top 1% income share) and bank loans (domestic bank credit

to households and non-financial corporations in percent of GDP). The author also controls for

several macroeconomic indicators such as real GDP per capita, short-term interest rates or broad

money (M2) as a share of GDP. Based on a sample of eight developed economies covering

the years 1959–2008 he finds a cointegration relationship between income inequality and bank

loans. This approach contrasts strongly with the approaches adopted in other studies in two

respects. Firstly, it deals explicitly with the time series properties of the variables. Secondly,

it investigates whether there is a long-run trending relationship between the inequality variable

and the credit variable in levels.

Perugini et al. (2015) use a panel of 18 OECD countries over the period 1970–2007 to

examine the link between income concentration (top 1% income share) and private sector in-

debtedness (credit of domestic deposit banks and other financial institutions to the non-financial

private sector in percent of GDP). Perugini et al. (2015) use panel data estimation techniques

(IV and GMM) to address the problem of endogeneity that may occur due to potential reverse
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causality. However, they remain silent about whether or how they account for the time series

properties of the variables under consideration. They find that income concentration contributes

significantly to the explanation of private sector indebtedness once other credit drivers such as

economic activity, the monetary environment and credit market deregulation are controlled for.

This short and cursory overview sketch out how widely the studies differ with regard to the

underlying hypothesis, the estimation approach, the variables as well as their transformations,

the set of countries and the sample period. In a comprehensive literature survey Bazillier and

Hericourt (2014) focus on the complex and intertwined relationship between inequality, leverage

and financial crisis concluding that empirical evidence regarding the link between inequality and

leverage is still scarce and conclusions are still diverse.

3 Stylized facts

This section documents a number of stylized facts. Firstly, we re-examine the link between

household credit expansion and episodes of financial instability using auxiliary regressions.

Based on the competing explanations of possible drivers of credit expansion discussed in the

literature review, we then present preliminary descriptive evidence regarding the role of mone-

tary policy, asset prices, financial deregulation and income distribution. However, we want to

point out that the descriptive analysis can at best be considered as a good starting point to iden-

tify similar patterns and common trends of the series at a country-specific level. Yet, it cannot

replace a rigorous econometric analysis.

We work with an unbalanced panel dataset which consists of 13 EU countries and the

United States. More specifically, the following countries are included in the sample: Den-

mark (1981–2010), Finland (1975–2009), France (1977–2009), Germany (1980–2010), Ire-

land (1975–2009), Italy (1980–2009), Netherlands (1975–2012), Norway (1980-2011), Portu-

gal (1988–2005), Spain (1981–2012), Sweden (1982–2012), Switzerland (1990–2010), United

Kingdom (1975–2011), United States (1975–2013). The country-specific observation periods

are selected in a way that ensures a maximum overlap of the variables. Appendix A provides a

detailed description of the variable definitions and data sources. It also reports summary statis-

tics of the data.
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3.1 Household debt and financial crises

The empirical literature on the link between excessive credit expansion and instability of the

financial sector has mostly resorted to bank credit, which is rather a suboptimal measure since

it fails to include credit from non-banks or foreign lenders. We therefore rely on a recently

generated database by the Bank for International Settlements (BIS). This database provides more

detailed information on several characteristics of the credit series (i.e. the borrower, the lender

and the financial instruments). In addition, the BIS series are mainly based on financial accounts

which guarantee a fairly high degree of comparability and consistency across countries and over

time in particular for the most recent decades. Our preferred measure of credit, which is total

credit to the household sector, differs in several key aspects from Bordo and Meissner (2012) that

follow Schularick and Taylor (2012) in using domestic bank loans to the non-financial private

sector.

Most importantly, our series account for credit from all sources which considerably exceed

the provision of credit by domestic depository banks, such as commercial banks, savings banks

or credit unions. In fact, in several countries domestic banks have become a significantly more

important source of credit over time. However, the share of bank credit in total credit varies

considerably across countries and over time depending to a large extent on whether the financial

system is market-based such as in the United States or heavily bank-based as in Germany.

In terms of borrowers, the database contains credit to the non-financial private sector but also

separate series for the subcomponents which is an important advantage since it allows analyzing

borrowing of the household sector. Sectoral breakdowns suggest a gradual shift towards more

household borrowing over the last decades including countries where the level of household

credit even exceeds corporate sector borrowing. In addition, household and corporate credit

growth can diverge substantially. Against this background, the use of bank credit provided to

the non-financial private sector might be highly misleading.

Our credit variable is then constructed as the ratio of total credit to the household sector

divided by household disposable income. In our view, this measure is more appropriate since

increasing levels of credit alone do not necessarily translate into higher instability of the financial

sector. Whether this is the case depends crucially on the evolution of disposable income: A

change in credit which is accompanied by a similar change in disposable income should not

alter macroeconomic risk, ceteris paribus. Similarly, a drop in household disposable income as

a result of increased unemployment during a severe recession is expected to amplify financial
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instability even at unchanged debt levels.2

Figure 1 shows the evolution of household credit in percent of disposable income for selected

countries over the period 1980–2013. In most countries, credit to the household sector has

increased substantially over the past three decades. However, the timing and the extent of the

credit expansion varied considerably across countries. As shown in figure 1, in the United States

and the United Kingdom household credit has grown steadily since the 1980s while in Italy,

Ireland, Spain and Sweden, household borrowing started to increase sharply in the late 1990s.

Germany and France experienced only a moderate increase in household indebtedness.

The extent of the increase in household borrowing has raised concern about possible neg-

ative effects on the financial system and the macroeconomy. Recent empirical literature has

broadly confirmed that excessive credit expansion is likely to be associated with episodes of fi-

nancial instability (see amongst others, Borio and White (2004); Mendoza and Terrones (2012);

Elekdag and Wu (2011); Schularick and Taylor (2012). As is apparent from figure 1, banking

crises tend to be preceded by large build-ups of household credit, which is especially obvious

for the United Kingdom and the United States. In order to consider the link between credit ex-

pansion and financial instability more thoroughly, we use a simple regression framework which

allows analyzing whether a country’s recent evolution of household credit helps to fit a financial

crisis. Similar to Schularick and Taylor (2012) and Bordo and Meissner (2012), we estimate the

probability of a banking crisis as a function of the level of credit using the following estimation

equation

Pr(Banking Crisisit) =

3∑
p=1

βpCrediti,t−p + µi + δt + εit (1)

where i = 1, . . . ,N and t = 1, . . . ,T denote the cross-sectional and time series dimensions,

respectively. The dependent variable is coded as a binary indicator variable equal to one when

a banking crisis occurred and zero otherwise. Data are taken from the updated banking crises

database compiled by Valencia and Laeven (2012). According to Valencia and Laeven (2012), a

systemic banking crisis is defined as an episode when significant signs of financial distress in the

banking system (indicated by significant bank runs, losses in the banking system, and/or bank

liquidations) emerge and significant policy intervention measures have been used in response to

significant losses in the banking system. CREDITit is defined as household credit in percent of

2A similar argument has been made by Perugini et al. (2015)
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disposable income. µi is an unobserved country-specific effect, δt is a time-specific effect and

εit is an idiosyncratic error term. The model is estimated with a linear probability model and

alternatively with a logit model. The number of lags P is set to 3 as the time series dimension

of our dataset is smaller compared to the analysis by Schularick and Taylor (2012) or Bordo and

Meissner (2012).

Estimation results for the different specifications are shown in table 1. Column 1 presents

results of an OLS linear probability model with pooled data. In column 2, country fixed effects

are added to the OLS model, which are highly statistically significant. In column 3, time fixed

effects are introduced to account for common global factors, which are also highly statistically

significant. The results of the OLS estimations suggest a strong positive link between house-

hold credit and the probability of a banking crisis. The diagnostic tests reveal that the three

coefficients on the lags of credit are jointly statistically significant at the 1 percent level for all

specifications. The estimation results in column 3 suggest that the sum of these coefficients on

the lags is 0.0035. In the linear probability model, the sum of coefficients implies that a 3-year

period increase of 10 percentage points in household borrowing would be associated with an

increase in the probability of a banking crisis by about 0.035.

The linear probability model is simple to estimate but at the cost of several drawbacks such

as the fact that the fitted probabilities can be less than zero or greater than one. To overcome

these limitations, column 4 reports results of a pooled logit model while in column 5 country

fixed effects are added which again are statistically significant. The diagnostic tests also show

that the three coefficients on the lags of credit are jointly statistically significant at the 1 percent

level. The sum of the coefficients on the lags is 0.0234 (0.1625) in column 4 (column 5) and

statistically significant. Since the magnitudes of the coefficient estimates of the logit model and

the linear probability model are not directly comparable, we calculate average marginal effects.

The sum of the average marginal effects over all lags is 0.0021 (0.0074) for the specification

reported in column 4 (column 5) which is similar compared to estimates of the OLS linear

probability model in column 1 (column 2).

3.2 Monetary policy and household debt

In order to examine how the monetary policy stance affects household borrowing, we consider

the standard Taylor rule which links the level of the policy rate to deviations of inflation from its

target level and of output from its potential as suggested by Taylor (1993). We calculate Taylor

rule benchmarks using data from the AMECO database of the European Commission. For a
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detailed description of the methodology see Appendix A. Figure 2 plots household credit in

percent of disposable income and the deviation from the Taylor rule. Positive (negative) values

indicate that the policy rate is below (above) the level implied by the Taylor rule and hence the

monetary policy stance is considered to be rather loose (tight).

In the early 1980s, policy rates have been below the levels indicated by the Taylor rule in

a number of countries followed by a period with policy rates being almost always higher than

the Taylor rule benchmarks. Since the early 1990s, the deviations have started to narrow in all

countries. Thus, between the early 1980s and the outbreak of the global financial crisis, the

deviations seem to have followed a u-shaped pattern in countries such as France, Italy, Ireland,

Spain and the United Kingdom whereas in Germany and Sweden the divergence between the

policy rate and the Taylor-rule implied rate has been relatively weak. In Germany, the policy

rate has been slightly too low compared to the Taylor rule benchmark between the early 1980s

and the early 2000s which could be interpreted as a sign of a minor but persistently restrictive

monetary policy. Since the early 2000s, the policy rate has been almost consistent with the level

implied by the Taylor rule. In Sweden, the policy rate fluctuates around the Taylor rule rate

between the early 1980s and the mid-2000s.

Since the late 1990s, policy rates have been systematically below the levels implied by the

Taylor rule in Ireland and Spain until the global financial crisis. Since the early 2000s, this is

also the case in France, Italy, the United States and to a lesser extent in Sweden and the United

Kingdom. As is apparent from the figure, this period of prolonged monetary accommodation

coincides with the build-up of household debt prior to the global financial crisis.

3.3 Asset prices and household debt

Changes in asset prices might affect consumption decisions of households through its impact

on the amount of financial wealth. Theoretically, the effect is ambiguous as changes in asset

prices have both a wealth effect and a relative price effect. In the standard life-cycle model

of Modigliani (1986), however, a rise in the price of fixed assets (notably housing) or financial

assets (notably shares) boosts the nominal value of household assets which in turn translates into

an increase in consumption spending.3

In most countries, the value of the housing stock accounts for the bulk of household assets.

A closer look at the balance sheet accounts of the household sector also reveals that the growth in

3Note that asset price booms leaving household debt relative to assets broadly stable mask the growing exposure
of the household sector to sharp falls in asset prices. When assets prices decline the value of household assets
deteriorates whereas the associated debt remains unchanged.
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household debt in the run-up to the global financial crisis can be largely attributed to borrowing

for the purchase of housing.4 In the presence of liquidity constraints, rising house prices may

increase household borrowing through a financial accelerator mechanism. When house prices

rise, households are able to extract equity form the increased value of the housing stock to

finance consumption or the purchase of other assets. As noted by Debelle (2004), however, this

effect is difficult to distinguish from reverse causality.

Figure 3 plots the evolution of household credit in percent of disposable income and asset

prices for selected countries over the period 1980-2013. Data on share price indices are taken

from the Monthly Monetary and Financial Statistics (MEI) database by the OECD. For house

price indices we employ data from the International House Price database provided by the Fed-

eral Reserve Bank of Dallas.

In most countries, house prices have increased sharply until the global financial crisis. In

France, Spain, Sweden, the United Kingdom and the United States and to a lesser extent in Italy,

house prices and debt to income ratios of the household sector exhibit a similar pattern until the

late 1990s. During the 2000s, the surge in house prices has been even more pronounced than

the rise in household borrowing in some countries. In Ireland, household borrowing and house

prices have grown broadly at the same rate until the global financial crisis. The figure shows that

the large build-up of household debt accumulation prior to the global financial crisis is closely

linked to the house price boom. A notable exception is Germany which has experienced only a

moderate increase in the house price over the last three decades.

As is apparent from the figure, share prices exhibit a clear upward trend and the dynamics

are similar across countries. Until the mid-1990s, share prices have slightly increased in all

countries. During the dot-com boom of the late 1990s, share prices have grown at a significantly

higher rate. After a steep drop starting in 2000, share prices have continued to rise until the global

financial crisis. In France, Ireland, Spain and the United States, share prices and household

borrowing show a similar pattern, although the boom-bust cycles in share prices during the

2000s are not completely reflected in fluctuations of debt to income ratios. Since 2007/08, Italy,

Ireland and Spain have recorded the most pronounced declines in asset prices.

4In some mainly Anglo Saxon countries, there has also been a marked increase in household borrowing for other
purposes, particularly in the form of credit card debt. Yet, credit card debt comprises a notably smaller share of total
household borrowing (Debelle, 2004).
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3.4 Financial deregulation and household debt

In order to assess the role of financial deregulation policies for credit expansion and financial

instability, we use the financial reforms index provided by Abiad et al. (2008). Figure 4 shows

household credit in percent of disposable income and the financial reform index. Higher values

of the reform index indicate a higher degree of financial liberalization. Obviously, it might be

problematic to merge specific financial market reforms to a single aggregate index. Due to data

availability, however, the financial reforms index seems to be the most suitable proxy to capture

financial liberalization or deregulation.5

As is apparent from the figure, there has been a trend towards less regulated financial sec-

tors, even though heterogeneity across countries is considerable. Countries such as Germany, the

United Kingdom and the United States have traditionally been characterized by highly dereg-

ulated financial markets. France, Italy, Ireland, Spain and Sweden have experienced a steady

process towards higher levels of financial deregulation since the early 1980s.

Obviously, policies implemented to liberalize the financial sector are expected to enhance

access to credit markets, especially for low and middle income households, which in turn should

be reflected in higher household borrowing. Some countries with highly liberalized financial

sectors such as the United Kingdom and the United States show a substantial credit expansion

until the outbreak of the global financial crisis. Higher leverage of the household sector has also

been observed in countries that experienced a steady progress towards less regulated financial

markets over the last decades. However, there are also countries where financial reforms towards

more liberalized financial sectors have been implemented such as France and Italy, showing

only a moderate increase in household borrowing and Germany, where household debt has been

relatively stable despite a high level of financial deregulation.

3.5 Income inequality and household debt

There is growing literature analyzing the macroeconomic implications of income distribution, in

particular whether rising income inequality is a potentially important determinant of excessive

debt accumulation of the household sector. As proxy for income concentration and income

inequality we use different top income shares taken from the World Top Incomes Database

(WTID). These data have been collected from personal income tax returns on the national level

5As an alternative proxy variable, we use the GDP share of the financial sector in the Granger causality analysis
(Philippon, 2009). We also tested the securitization index by Sa et al. (2011) as well as the financial indicator for
policy action on housing regulation by Shim et al. (2013).
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following the methodology outlined in Piketty and Saez (2003); Piketty (2003). Income re-

ported is typically gross total income and includes labor, business and capital income (and in

a few cases also realized capital gains) before taxes and transfers. Top income shares are then

constructed as the ratio of top incomes divided by the total amount of national income.

Since the 1980s, there has been a strong increase in overall income inequality as measured by

the Gini coefficient of household income in most industrialized countries (OECD, 2008, 2011).

However, the patterns of top income shares vary considerably across countries. This discrepancy

might be explained by the fact that the Gini coefficient attributes only a small weight to top

incomes due to its mathematical construction. Moreover, Gini coefficients are usually based on

income information from voluntary household surveys in which top incomes are underestimated

(Behringer et al., 2014). Figure 5 plots the share of total pre-tax household income accruing

to the top 1%, 5% and 10% of tax units for selected countries over the period 1980-2013. Top

income shares have increased substantially in the United Kingdom and the United States since

the early 1980s. Germany, Italy, Ireland and Sweden reveal moderate or late increases in top

income shares. In France and Spain, on the contrary, the concentration of income at the top of

the distribution has remained relatively constant. As is apparent from the figure, top income

shares and household credit exhibit a similar pattern in many countries. In Ireland, Spain or

Sweden, however, the increase in household borrowing has accelerated since the late 1990s until

the global financial crisis.

4 Empirical methodology

In this section, we discuss the empirical strategy. Firstly, we consider various univariate unit root

tests. Secondly, we extend our analysis to panel unit root tests. The primary reason behind the

application of panel unit root tests compared to univariate test procedures is to gain statistical

power by increasing the number of observations. Unit root tests are known to have limited power

against alternative hypotheses with highly persistent deviations from equilibrium. Levin et al.

(2002) argue that this problem is particularly severe in small samples and therefore most relevant

for the univariate unit root tests. Conversely, panel unit root tests may not be able to account

for all individual specific heterogeneity. Since the observations of each cross-sectional unit are

considered to be equally important, we have to bear in mind that the major role of the US in

contributing to global financial instability is not necessarily sufficiently reflected.

In the following, we distinguish first generation panel unit root tests that are based on the

cross-sectional independence assumption and second generation test procedures that allow for
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different forms of cross-sectional dependence.6 Subsequently, we describe an automatized ap-

proach to perform time series Granger causality tests. This procedure is based on the results of

the univariate unit root tests. Finally, we discuss different panel Granger causality tests that are

also employed to examine the ability of predicting future values of household credit using the

different proxy variables.

4.1 Time series unit root tests

The Augmented Dickey-Fuller (ADF) test
The Augmented Dickey-Fuller (ADF) test allows to consider higher order autocorrelation by

including lagged differences. With ρ as the coefficient of the first lag of yt and µ as its mean,

one first defines m := (1 − ρ) µ and φ := (ρ − 1). If also including a deterministic trend, then the

basic test equations will be

∆yt = δt + m + φyt−1 +

M∑
j=1

α j∆yt− j + εt (2)

for t = M + 1,M + 2, . . . ,T . The null is that yt has an unit root, formally

H0 : φ = 0. (3)

Under the null, the test statistic for tφ = φ̂/σ̂φ converges to the so-called Dickey-Fuller distribu-

tion. Its simulated values tend to be higher than those of a normal distribution.

The Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test
Including a deterministic trend, the test by Kwiatkowski et al. (1992), hereafter referred to KPSS,

states the hypotheses as follows

H0 : yt = δ0 + δt + εt ∼ I (0) (4)

H1 : yt ∼ I (1) . (5)

6For a detailed review of different panel unit root tests see Breitung and Pesaran (2008); Hurlin and Mignon
(2007); Baltagi (2013)
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The sum of partial residual sums,

S t =

t∑
i=1

ε̂i, (6)

can be compared with asymptotic results presented in Kwiatkowski et al. (1992), i.e. formally

T−2
T∑

t=1

S 2
t → ω2

εKPS S c (1) . (7)

This requires to estimate

ω̂2
ε = σ̂2

ε + 2
B∑

h=1

wh ˆcov (ε̂t, ε̂t+h) (8)

with an appropriate specification of the bandwidth B and the kernel wh.

The Dickey-Fuller GLS (DFGLS) test
For cases, in which a linear time trend and/or a constant should be included, Elliott et al. (1996)

propose a modification of the ADF test. For simplicity reason, the presented equation refer only

to a trend inclusion. The authors define quasi-differences depending on a function of the sample

size, f (T ), by

d (yt| f ) :=

 yt : t = 1

yt − f ∗ yt−1 : t > 0
, d (t| f ) :=

 t : t = 1

t − f ∗ (t − 1) : t > 0
(9)

and regress those quasi-differenced data on the quasi-differenced trend:

d (y| f ) = δd (t| f ) + νt. (10)

After obtaining the estimator for δ ( f ), the data can be ’GLS detrended’ by

yd
t := yt − δ̂t (11)

and the standard ADF test equation translates into

∆yd
t = φyd

t−1 +

M∑
j=1

α j∆yd
t− j + εt. (12)
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If a trend is included, critical values needed will also change relative to the standard ADF.

The Phillips-Perron (PP) test
Instead of augmenting the standard Dickey-Fuller test equation by additional lags, Phillips and

Perron (1988) propose to adjust the test statistic tφ in order to capture higher order autocorrela-

tion. More precisely, they use the long-run variance of εt, like in the KPSS test, and show

Z
(
tφ, σ̂2

ε , ω̂
2
ε

)
→ DFc (1) . (13)

4.2 Panel unit root tests assuming cross-sectional independence

The various panel unit root test procedures that belong to the first generation differ in several key

aspects. First, the unit root tests proposed by Levin et al. (2002), Harris and Tzavalis (1999) and

Breitung (2000) assume that all cross-sectional units share a common autoregressive parameter

while the tests developed by Im et al. (2003), Maddala and Wu (1999) and Choi (2001) allow the

autoregressive parameter to be individual specific. Second, the tests make differing assumptions

about the way in which the number of cross-sectional units N and the number of time periods T

tend to infinity, which is crucial for determining the asymptotic properties of estimators and test

statistics (Phillips and Moon, 1999).

The Levin, Lin and Chu test
Levin et al. (2002), hereafter referred to as LLC, proposed a panel unit root test assuming that the

autoregressive parameter is identical for all cross-sectional units whereas the other parameters

are allowed to vary across the panel units. A general form of the model can be written as

∆yit = αi + βit + ρyi,t−1 +

pi∑
j=1

δi j∆yi,t− j + εit (14)

where i = 1, . . . ,N and t = 1, . . . ,T denote the cross-sectional and time series dimensions,

respectively. αi represents a vector of coefficients of panel-specific means (fixed-effects) and

βi represents a vector of coefficients of linear time trends. Short-run dynamics of the errors

are accounted for by including lagged differences of the dependent variable. The errors εit are

independently distributed across i and t with zero means and finite (possibly) heterogeneous

variances, σ2
i .

The null hypothesis is that each individual time series contains a unit root, i.e. H0 : ρ = 0,
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against the alternative that each time series is stationary, i.e. H1 : ρ = ρi < 0 for all i = 1, . . . ,N.

Since the lag order pi is unknown, LLC suggest a three-step procedure. First, the test performs

individual-specific augmented Dickey-Fuller (ADF) regressions and generates orthogonalized

residuals. Subsequently, the test procedure requires estimating the ratio of long-run to short-run

standard deviations for each individual. The null hypothesis of a unit root can then be tested

using the standard t-statistic

tρ =
ρ̂

σ̂ρ̂
(15)

where

σ̂ρ̂ = σ̂ε̃[
N∑

i=1

Ti∑
t=2+pi

υ̃2
i,t−1]−1/2 (16)

σ̂ε̃2 =
1

NT̃

N∑
i=1

T∑
t=2+pi

(ẽit − ρ̂υ̃i,t−1)2 (17)

and ρ̂ is the OLS coefficient from a pooled regression of the orthogonalized residuals ẽit on υ̃i,t−1

based on NT̃ observations with T̃ = T − p̄ − 1 (see Baltagi (2013)). T̃ is the average number of

observations per cross-sectional unit and p̄ = 1
N

N∑
i=1

pi is the average lag order of individual ADF

regressions.

The asymptotic results by LLC show, that under the null hypothesis of a unit root, the re-

gression t-statistic diverges to negative infinity if individual-specific means and time trends are

included. Therefore, LLC propose a bias-adjusted test statistic which is given by

t∗ρ =
tρ − NT̃ Ŝ Nσ̂

−2
ε̃ σρ̂µT̃ ∗

σT̃ ∗
(18)

where the mean adjustment µT̃ ∗ and the standard deviation adjustment σT̃ ∗ are simulated by

LLC. Equation 18 shows that the average standard deviation ratio Ŝ N = 1
N

N∑
i=1

ŝi is used to adjust

the t-statistic. The ratio of long-run to short-run standard deviations is estimated by ŝi =
σ̂yi
σ̂εi

where σ̂yi denotes a kernel estimator of the long-run variance. LLC show that t∗ρ is asymptoti-

cally distributed N(0, 1) as N/T → 0.
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The Im, Pesaran and Shin test
Im et al. (2003), hereafter referred to as IPS, developed a test that allows for heterogeneity in the

autoregressive parameter. The model with panel-specific means and a linear time trend can be

written as

∆yit = αi + βit + ρiyi,t−1 +

pi∑
j=1

δi j∆yi,t− j + εit (19)

where i = 1, . . . ,N and t = 1, . . . ,T denote the cross-sectional and time series dimensions,

respectively. The errors εit are independently distributed across i and t with zero means and

finite (possibly) heterogeneous variances, σ2
i .

The null hypothesis is that all panels contain a unit root, i.e. H0 : ρi = 0 for all i = 1, . . . ,N.

The alternative hypothesis is that N0 of the N (0 < N0 ≤ N) panel units are stationary with

individual specific autoregressive parameters, i.e. H1 : ρi < 0 for i = 1, . . . ,N0 with 0 < N0 ≤ N.

Thus, instead of pooling the data, the IPS test performs separate unit root tests for each cross-

sectional unit. The test statistic is then defined as the average of the individual t-statistics

t − barNT =
1
N

N∑
i=1

tiT (pi, δi) (20)

where tiT (pi, δi) is the ADF statistic of cross-sectional unit i. When T is fixed, the individual

ADF statistics depend on the nuisance parameter δi even under the null hypothesis ρi = 0.

In this case, the standardization using the mean and the variance of tiT (pi, δi) is not practical.

IPS therefore propose a standardization of the t-bar statistic using the means and variances of

tiT (pi, 0) evaluated under the null hypothesis ρi = 0. The standardized t-bar statistic is then

given by

Wt−bar(p) =

√
N[t − barNT −

1
N

N∑
i=1

E[tiT (pi)|ρi = 0]]√
1
N

N∑
i=1

Var[tiT (pi)|ρi = 0]

(21)

where Wt−bar(p) has a standard normal limiting distribution as T → ∞ followed by N → ∞.

Breitung (2000) shows that the LLC and the IPS test suffer from a dramatic loss of power if

individual specific trends are included. Instead of computing orthogonalized residuals, Breitung

(2000) proposes to construct standardized proxies by removing only the autoregressive compo-
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nent. Hadri (2000) suggests a test that computes individual specific KPSS statistics which are

averaged across the panel units under the assumption of cross-sectional independence. Under

certain conditions, the normalized result converges to a standard normal distributed random vari-

able.

Fisher-type tests
Maddala and Wu (1999) and Choi (2001) proposed a test against the alternative that at least

one panel is stationary which is originally suggested by Fisher (1932). This test procedure is

based on combining the p-values of the individual test statistics. Let πi denote the p-value of the

individual unit root test applied to each cross-sectional unit. If these test statistics are continuous,

the corresponding p-values are independently uniformly distributed random variables in the unit

interval [0, 1]. The P test statistic proposed by Maddala and Wu (1999) is then defined as

P = −2
N∑

i=1

ln(πi) and P∼χ2(2N) (22)

and has a chi-square distribution with 2N degrees of freedom when T → ∞ and N is fixed.

Under the null hypothesis, as T → ∞ followed by N → ∞, P tends to infinity implying that P

has a degenerate limiting distribution. Choi (2001) therefore suggested using the inverse normal

test statistic Z which is given by

Z =
1
√

N

N∑
i=1

Φ−1(πi) and Z∼N(0, 1) (23)

where Φi is the inverse of the standard normal cumulative distribution function.

4.3 Panel unit root tests allowing for cross-sectional dependence

The previously discussed panel unit root tests are all based on the assumption of independent

cross-sectional units. However, in many macroeconomic applications, it might be inappropriate

to assume that the individual time series in the panel are independently distributed. Pesaran

et al. (1995) suggested subtracting cross-sectional means from the series as an early attempt to

mitigate the impact of cross-sectional dependence. However, this approach relies on the assump-

tion that cross-sectional correlation is caused by a single aggregate effect which is common to

all individuals and is not useful in cases where the pair-wise cross-sectional covariances of the

error terms differ across the panel units. To overcome this deficiency, various tests, so-called
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second generation panel unit root tests, have been proposed which allow for different forms of

cross-sectional dependence.

In our analysis, we use the cross-sectionally augmented Dickey Fuller (CADF) test as pro-

posed by Pesaran (2007). This approach is based on augmenting the standard ADF regressions

with the cross-sectional average of lagged levels and first-differences of the individual series

to account for cross-sectional dependence through a single factor structure. If there is serial

correlation in the error term or the factor, the CADF regression can be written as

∆yit = αi + βit + ρiyi,t−1 + θȳi,t−1 +

p∑
j=0

ϑi j∆ȳi,t− j +

p∑
j=1

δi j∆yi,t− j + εit (24)

where ȳt−1 = 1
N

N∑
i=1

yi,t−1 and ∆ȳt = 1
N

N∑
i=1

∆yit. The order of augmentation is estimated using the

AIC information criterion. Pesaran (2007) showed that the distribution of the individual CADF

t-statistics are asymptotically independent of the nuisance parameter. The null hypothesis of a

unit root can then be tested using a cross-sectionally augmented version of the IPS test

CIPS (N,T ) =
1
N

N∑
i=1

ti(N,T ) (25)

where ti(N,T ) denotes the individual CADF statistic given by the t-ratio of the coefficient of

yi,t−1 in the CADF regression. Pesaran (2007) also considers a truncated version of the CADF

statistics which allows to avoid undue influences of extreme outcomes that could arise when T

is small.

4.4 Time series Granger causality tests

Granger causality does not indicate causality in the sense of cause and effect. It rather deals with

the question whether information contained in variable x helps predicting another variable y. Y

is said to be Granger caused by x if lagged values of x improve an autoregressive estimation of y,

implying that the coefficients of the lagged x’s are statistically significant. Since macroeconomic

variables are highly interrelated, we have to run the Granger causality test in both directions.

This means, that we have to test whether x Granger causes y (Equation 26) and vice versa

(Equation 27). It is often the case that two-way causation is detected meaning that a feedback

relationship between x and y exists.

For a pairwise comparison of the credit variable (y) and one of the possible expanatory
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factors (x) we use bivariate regressions of the following type

yt = δ0 +

M∑
l=1

αlyt−l +

M∑
l=1

βlxt−l + εt (26)

xt = δ0 +

M∑
l=1

αlxt−l +

M∑
l=1

βlyt−l + εt. (27)

The number of lags is selected according to the AIC information criterion and the maximum

number of lags is restricted to five. The test for Granger causality is a simple F-test on joint

significance, i.e.

H0 : β1 = β2 = . . . = βl = 0. (28)

Rejecting the null hypothesis of no Granger causality indicates that a certain proxy (x) drives

the credit variable (y), Equation (26), or that this proxy (x) is driven by the credit variable (y),

Equation (27).

The Granger causality test requires that the variables are stationary. Thus, we have to test

for each time series whether it contains a unit root. Since we have a large sample with many

countries and many variables, we need an automatized procedure. In the previous section we

discussed various unit root tests. It is obvious that different tests may give different test results.

However, it turned out that the ADF test results coincide with the majority of the results given

by alternative unit root tests. Thus, the automatized procedure relies on the ADF test results.

The variables are either I(1) or trend stationary (see Appendix, Tables 22-29). Depending on the

time series properties of the variables we distinguish four different specifications for the Granger

causality test, i.e. for Equation (26)

∆Creditt = δ0 +

M∑
l=1

αl∆Creditt−l +

M∑
l=1

βl∆xt−l + εt (29)

∆Creditt = δ0 + δt +

M∑
l=1

αl∆Creditt−l +

M∑
l=1

βlxt−l + εt (30)

Creditt = δ0 + δt +

M∑
l=1

αl Creditt−l +

M∑
l=1

βl∆xt−l + εt (31)

Creditt = δ0 + δt +

M∑
l=1

αl Creditt−l +

M∑
l=1

βlxt−l + εt, (32)
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with Creditt denoting the credit variable (total credit to household sector in percent of household

disposable income, bank credit to private sector in percent of private sector disposable income)

and xt indicating one of the possible explanatory factors (economic expansion, monetary policy,

asset prices, financial liberalization, income inequality). Equations (29) – (32) require the vari-

ables to have the following time series properties: Eq. (29): both Credit and x are I(1), Eq. (30):

Credit is I(1) and x is trend stationary, Eq. (31): Credit is trend stationary and x is I(1), and Eq.

(31): both Credit and x are trend stationary.

Note that such an approach might be subject to an omitted variable bias since important

explanatory variables are not considered. Furthermore, it also cannot capture a potential co-

integration relation. However, we argue that it fits the usual understanding of Granger causality

for first insights, which can then be supplemented with a more sophisticated analysis.

4.5 Panel Granger causality tests

The panel Granger causality test also requires that unit roots are removed from the series. There-

fore, we performed a number of different panel unit root tests first. It turned out that the variables

are either I(1) or trend stationary (see Appendix, Tables 6-21). Since it is currently not possible

in Eviews to specify the Hurlin test (see below) including a linear trend, we had to transforme

all variables taking first differences. Whereas this is the appropriate transformation for series

containing a unit root, it implies that trend stationary series are over-differenced.

The bivariate panel Granger causality test reads as follows

∆Creditit = αi +

5∑
p=1

βip∆Crediti,t−p +

5∑
q=1

δiq∆xi,t−q + εit (33)

∆xit = αi +

5∑
p=1

βip∆xi,t−p +

5∑
q=1

δiq∆Crediti,t−q + εit, (34)

where i = 1, . . . ,N and t = 1, . . . ,T denote the cross-sectional and time series dimensions, re-

spectively. Creditit is the credit variable (total credit to household sector in percent of household

disposable income, bank credit to private sector in percent of private sector disposable income)

and xit denotes one of the possible explanatory factors (economic activity, monetary policy, asset

prices, financial deregulation and income inequality). The number of lags is chosen using the

AIC information criterion and the maximum number of lags is restricted to five.
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There are two approaches commonly used to obtain the parameter estimates. First, the ob-

servations of all panel units (= countries) may be pooled in a large data set, hereafter referred to

as stacked test. This approach relies on the assumption that the parameters are identical across

the different panel units, i.e. βi = β and δi = δ for i = 1, . . . ,N. Second, Granger causality

tests are calculated for each country seperately and the corresponding test statistics are averaged

across groups, hereafter referred to as Hurlin test (Dumitrescu and Hurlin, 2012). For the Hurlin

test, the number of lags is restricted to three.

5 Empirical results

5.1 Panel test results

Table 6 – 21 present panel Granger causality test results. Each table contains the pairwise com-

parison between credit in % of the borrowers’ disposable income and a proxy variable standing

for one of the above-mentioned explanatory approaches. In detail, Column 1 lists the lags of the

variables included in the Granger test equation. Column 2 shows p-values which, if smaller than

0.10, signal that the proxy variable Granger causes total credit to the household sector in % of

household disposable income. In addition, p-values in Column 3, if smaller than 0.10, signal that

the proxy variable Granger causes bank credit to private sector in % of private sector disposable

income. Column 4 and 5 refer to the corresponding results on testing reverse Granger causality.

If p-values either in Column 2 and 4 or in Column 3 and 5 show significance into both directions,

we will interpret that in favor of a strong relation between the variables. First of all, it simply

means that a certain proxy does not only drive the credit variable, but is also influenced by it.

Certainly, cointegration can be an issue. However, within our analytical framework, we decide in

such cases not to reject a causal role of the explanatory variable. Alternatively, one could argue

that this constellation points to endogeneity so that biased statistical inference makes any at-

tempt of interpretation dispensable. Table 6 – 21 present results for both types of panel Granger

causality tests. The Stacked test assumes common coefficients, while the Hurlin test allows for

individual coefficients across cross-sections. Stacked test results are listed for completeness, but

for evaluation we focus on the Hurlin test results, as those are also based on a relatively large

number of observations, while considering at least some of the heterogeneity we see in the data

(Section 3).
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Economic activity
Economic activity, measured by GDP growth as a result of the unit root tests, drives credit-to-

income ratios, while we also obtain significant results in favour of reverse causality (Table 7).

This is exactly what one would expect for the complex and regime-dependent link between eco-

nomic activity and credit. On the one hand, credit easing may stimulate investment and hence

GDP. On the other hand, a decline in income will automatically lead to higher credit-to-income

ratios. Overall, the result may serve as a robustification of our analytical approach.

Monetary policy
Only if including three lags of the deviation from the standard Taylor rule into the equation

with the household sector credit-to-income ratio, we obtain a significant test result signaling

both Granger causality and reverse Granger causality (Table 9). There is no significant result in

the equation with bank credit to the private sector. As far as we know, there is also no widely

acknowledged argument in the literature, why a too expansionary monetary policy should ex-

clusively lead to excessive household leverage, while this effect attenuates when considering

an aggregated leverage consisting of both corporate and household debt. Under these circum-

stances, it is interesting to study the time series results with the question in mind: Is the panel

result driven by those countries, in particular the US, we might expect to be relevant from the

descriptive analysis in Section 3? As one can see in Table 23, this is not the case, which leaves

hardly explanatory power for the theory that too-expansionary monetary policy, measured by the

deviation from the standard Taylor rule, was an essential driver of excessive credit.

House prices
House prices are significant across all lags and with respect to both credit-to-income ratios. But

house prices do not only Granger cause excessive credit (Table 11); they are also driven by

excessive credit (reverse Granger causality). The latter is likely, as mortgage credit usually rep-

resents the largest part of household credit. The former is compatible with a collateral argument.

If house prices increase, collateral values will also increase so that even with a constant amount

of uncollateralized credit, the total amount of credit lend by banks tends to increase. Section 3

already pointed out that house price dynamics vary a lot across countries. Hence, it is interesting

to see, if the corresponding time series results indicate a strong relation between house prices

and excessive credit for those countries that had a house price bubble in pre-crisis time. As

shown in Table 24, this is true for Denmark, Ireland, Spain and the United States.
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Share prices
With respect to stock prices as explanatory variable, the difference between the results for the

household credit and the private credit-to-income ratio is striking (Table 13). In the former case

test results are only in favor of reverse Granger causality. In the latter case, Hurlin test results

also report that stock prices Granger cause excessive credit. Most likely, this difference between

the results can be attributed to the corporate sector. Rising share prices may affect the credit-

worthiness of companies, which in turn can stimulate corporate borrowing. However, as we find

strong reverse Granger causality and as the household credit-to-income ratio is at the heart of our

analysis, we conclude that stock prices relative to house prices are less important in the process

of generating excessive household debt.

Financial reform index
With respect to the IMF financial reform index (Abiad et al., 2008), we find no Granger causality

for both credit-to-income ratios considered. Furthermore, there is no significant result in favor

of reverse Granger causality (Table 15). Although we will find some significant results by means

of the time series analysis, in particular in case of household credit in Spain and in the US, for

which one can expect a strong influence of financial deregulation in pre-crisis time, the overall

impression remains vague. The reason for this result may not be the fact that financial liberaliza-

tion has really played no role in causing the crisis. Rather, it might be the lack of completeness

for a single indicator trying to catch all important aspects of financialization. In summary, given

the Granger causality results, there is not much evidence that financial deregulation, as measured

by the IMF financial reform index, is an essential driver of excessive credit.

Financial sector value added
The last statement may be revised, if one takes a different proxy for financial liberalization,

namely the financial sector value added (Philippon, 2009). But as shown in Table 17, only with

two lags included into the test equation for bank credit to the total private sector, we obtain a p-

value signalling Granger causality. Indeed, there are more significant results in favour of reverse

Granger causality. Following those results, excessive (household or private) credit increases the

share of income generated by the financial sector. Again so far, the constellation is comparable

to the monetary policy variable under consideration. Although time series results reported in Ta-

ble 27 seem to be more conclusive than those in Table 23, in particular in case of private credit in

the UK and the US, it is overall hardly possible to conclude that financial deregulation measured

by the financial sector’s value added is a major driver for our analysis of excessive credit.
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Top income shares
Top income shares are significant across all lags with respect to the household credit-to-income

ratio (Table 19). The same applies to the private credit-to-income ratio with the exemption of

including three lags of top income shares. There are also significant results in favor of reverse

Granger causality. This result supports the hypothesis that the loss of income for all households

apart from those at the top leads to higher household debt, as debt is used to counterbalance the

income effect with respect to consumption and residential investment. Conversely, higher house-

hold debt will result in higher income inequality, when the capital income component, including

interest payments on the debt, becomes the driving force. Both lines of argument are compatible

with our results. Nevertheless, it is worth mentioning that the panel results, confirming a strong

relation between income inequality and excessive household debt, become less clear when look-

ing at the corresponding time series results (Table 28) or when using Gini coefficients instead of

top income shares.

Gini coefficients
With respect to Gini coefficients, we obtain only significant results in favor of reverse Granger

causality (Table 21). If including either one or three lags, the evolution of household credit

Granger causes changes of the Gini coefficient. On the one hand, this result may contradict our

conclusion drawn from the Granger causality test with top income shares. On the other hand,

Gini coefficients may be less useful for analysing macro-effects. They stem from voluntary

households surveys, in which rich households tend to be underestimated. In contrast, top income

shares are based on official tax data. Moreover, the narrative of income inequality as a cause of

the crisis is usually based on the fact that all households apart from those at the top suffered

from relative income losses. This does not necessarily imply huge changes with respect to the

middle income class, while the middle income class as a whole is losing compared to the top

income class. Partly, this can also explain different results as the Gini coefficient is less sensitive

to changes in the tail of income distribution just by its mathematical construction.

5.2 Time series test results

Table 22 – 29 present time series Granger causality test results. Each table contains the pair-

wise comparison between credit in % of the borrowers’ disposable income and a proxy variable

standing for one of the above-mentioned explanatory approaches. In detail, Column 1 lists the

28



countries analysed. Column 2 shows p-values which, if smaller than 0.10, signal that the proxy

variable Granger causes total credit to the household sector in % of household disposable in-

come. In addition, p-values in Column 3, if smaller than 0.10, signal that the proxy variable

Granger causes bank credit to private sector in % of private sector disposable income. Column

4 and 5 refer to the corresponding results on testing reverse Granger causality. Column 6 and

7 report the number of lags selected by AIC for each of the test equations under considera-

tion. Again, if the test results report both Granger causality and reverse Granger causality, we

emphasize that a causal role of the certain explanatory approach should not be rejected.

Section 3 made the cross-country heterogeneity clear with respect to both the explanatory ap-

proaches as well as the evolution of household leverage. For instance, in our analytical frame-

work, Germany looks like a ’healthy’ country in terms of financial fragility. This changes, if

one considers Germany’s contribution to global financial fragility via its large and persistent

current account imbalances (Behringer and van Treeck, 2013; Belabed et al., 2013; Gruening

et al., 2015). However, for evaluation of the time series Granger causality results, we focus on

those countries in our sample that showed a relatively high household leverage just before the

outbreak of the crisis. This refers to Denmark, Ireland, the Netherlands, Spain, Portugal, United

Kingdom and the United States.

Economic activity
As already mentioned in the section about the panel causality results, in general one expects

credit to grow with economic activity. But, there is no clear pattern whether economic activity

leads the analysed credit-to-income ratios or vice versa (Table 22). For instance, p-values for

Ireland and the Netherlands show causality into both directions and for both household and the

private credit-to-income ratio. In total, we find a little more significant results in favour of ex-

cessive credit leading economic growth.

Monetary policy
Overall, there is little evidence that the deviation from the standard rule Taylor leads the credit-

to-income ratios (Table 23). Among the countries of interest, we find only for Denmark and the

Netherlands significant values. Taylor (2010) himself emphasizes the role of monetary policy in

the US. But in our analysis and in accordance to Joebges et al. (2015) the corresponding p-value

does not report significance and, hence, our econometric results do not confirm his conclusions.
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House prices
House prices turn out to be significant for most countries of interest (Denmark, Ireland, Spain

and the United States) with the United Kingdom as the most important exception (Table 24).

The fact that British house prices are not significant is puzzling. There are significant results for

both directions, house prices leading credit as well as credit leading house prices, but p-values

in favor of the latter tend to be higher, which makes reverse causality less likely. Altogether, the

time series analysis backs the panel results that house price evolution was the most important

driver for household leverage - not only for the US, but also for a group of European countries,

for which one could suspect the origination of house price bubbles as a strong influence factor.

Share prices
There are p-values less than 0.10 only for Denmark and Spain signalling that share prices

Granger cause the household and the private sectors’ credit-to-income ratio (Table 25). Ad-

ditionally, the p-value for US share prices influencing household leverage is close to report

significance. In contrast, p-values for Irish share prices point at reverse causality. Overall and in

accordance to the panel results, share prices have some explanatory power for financial fragility,

but far less than house prices.

Financial reform index
In the specification with the household credit-to-income ratio, there are significant results for

Spain and the US signalling that the IMF financial reform index Granger causes household lever-

age, while the significant result for the UK is in favour of reverse Granger causality (Table 26).

Certainly, financial liberalization took place in those countries since the 1980s (Renaud, 1997)

which makes a causal role of financial deregulation for the crisis highly plausible. However, just

by means of the test, the total number of significant results supporting Granger causality is too

low for a conclusive statement. This might be due to the construction of the index, as already

mentioned when discussing the panel Granger causality results.

Financial sector value added
Among the countries of interest, only the US p-value from the specification with the house-

hold credit-to-income ratio is signalling that the financial sector value added Granger causes

household leverage (Table 27). With respect to bank credit to the private sector in % of private

sector disposable income, the Danish and the British value show such Granger causality, while

additionally p-values for Ireland, Spain and the US are close to show a statistically significant

30



result. For all those countries, p-values in favour of the financial sector value added as a causal

influence are far lower than those for reverse Granger causality. The difference in the results

depending on the credit term used as a dependent variable may reflect the fact that recording

financial liberalization policies in the banking sector is easier than for shadow banks. In par-

ticular, the definition of other financial intermediaries relative to non-financial companies is not

indisputable and comparable across all countries. Hence, identifying a causal role of financial

liberalization for a credit term including only banks as the lender tends to deliver stronger results.

But overall, just by means of the test results, the total number of p-values supporting Granger

causality is too low for a conclusive statement.

Top income shares
With respect to the household credit-to-income ratio as the relevant variable, Danish, Dutch and

Spanish p-values in favour of a causal role of top income shares are smaller than 0.10, while

the British p-value is close to report a statistically significant result (Table 28). However, the

British p-value for reverse causality shows a statistically significant result. The same applies to

Ireland and the Netherlands, while US values do not support any of the causality hypotheses.

With respect to the private credit-to-income ratio, Danish, Dutch and British p-values in favour

of a causal role of top income shares are smaller than 0.10, while the US value is close to report

a statistically significant result. In case of reverse causality, only the Irish p-value is less than

0.10. In summary, there is some evidence to suggest that rising income inequality measured by

the top income shares played a causal role for household leverage in pre-crisis time. However,

time series results are less conclusive than panel results. On the one hand, time series analysis

may be biased because of the low number of observations. On the other hand, if the hypothesis

of inequality causing the crisis, is true, it is puzzling not to find stronger results for the UK and

the US, as the increase in top income shares has been particularly strong there.

Gini coefficients
Among the countries of interests, only Portuguese and Spanish p-values show a significant re-

sult in favour of Gini coefficients Granger causing the household credit-to-income ratio (Table

29). Additionally, p-values for Denmark and Ireland are close to report a significant result, while

those for the Netherlands, the UK and the US do not show any significance. This changes for the

British case when considering the private sector credit-to-income ratio instead. Comparable to

the analysis of top income shares, Irish p-values report a statistically significant result in favour

of reverse Granger causality. Also the British p-value from the specification with the household
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credit-to-income ratio is close to report significance. Following this rationale, Gini coefficients

would be driven by changes in the household leverage. In summary, time series Granger causal-

ity results for inequality measured by Gini coefficients are less conclusive than those for top

income shares. As argued in the corresponding section about panel Granger causality results,

this may reflect the fact that Gini coefficients are only partially useful for studying macro-effects

triggered by changes in income distribution.

6 Policy implications

Since the financial crisis, several measures have been undertaken to regulate the banking sec-

tor. These include higher capital requirements by the Basel III regulatory framework (Basel

Committee on Banking Supervision, 2010) and the creation of an institutionalized process for

bank resolution by the European authorities (The Council of the European Union, 2013). Asset

price monitoring found its way into major publications (IMF, 2014, Box 1.1) and the awareness

of systemic risks in the financial sector and the harmful consequences of asset price bubbles

for the real economy has been increasing. As a consequence, macro-prudential control as an

additional task of central banks beside traditional monetary policy aims at providing a remedy

(ESCB, 2014). Although it can be doubted whether policy actions in respect of financial market

regulation, asset prices and central bank policies are sufficient, changes in those areas took place

in order to reduce global financial fragility.

The results in the previous section, however, also raise the question, what policy actions have

been taken to reduce income inequality which has been rising in many developed economies in

recent decades (Section 3). This concerns in addition to income inequality also wealth inequality,

as there is a direct feedback effect via the capital income component (Piketty and Saez, 2006). If

one looks for policy actions to reduce inequality, the overall assessment will be disappointing: So

far, almost nothing has be done to directly address inequality as a cause of financial fragility and

economic instability. Neither income or wealth taxation has been designed more progressively

nor the increasing importance of capital income at the expense of less unequally distributed

labour income has been reversed in many advanced economies.
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7 Conclusion

Supplementing other explanatory approaches for financial fragility, income inequality delivers

a comprehensive credit demand argument. That is why the presented empirical study proposes

not only to consider total private leverage as a proxy for financial fragility but also household

credit in percent of household disposable income.

In a nutshell, we find most evidence for the influence of asset prices on household leverage

and consequently the total private sector leverage. For that matter, house prices play a signif-

icantly stronger role than share prices. The second largest influence comes along with rising

inequality measured by top income shares, while we do not find any evidence for a causal role

of rising inequality measured by Gini coefficients. With respect to financial liberalization and

monetary policy at least as measured by the selected proxy variables, we do not obtain con-

clusive panel econometric results. However, there is a difference between the role of financial

liberalization and monetary policy when looking at the time series results for selected countries,

especially the US and the UK. In this regard and in contrast to the deviation from a standard Tay-

lor rule, the financial sector value added seems the most promising candidate to be considered

for explaining financial fragility in addition to asset prices and top income shares.

Our results indicate a helpful role of redistributive policies in advanced economies for avoid-

ing future financial crises. In particular, this concerns more progressive income and wealth taxes.

The presented methodological analysis can be elaborated in two ways. First, applying more so-

phisticated estimation methods is conceivable. For instance, results obtained by Malinen (2014)

via a co-integration approach can be complemented by a time series perspective, so that it be-

comes clear which countries drive the panel results. Second, given strong results for asset prices,

interaction between the variables may play a role. In this regard, conducting also Granger causal-

ity tests for a pairwise comparison of house prices and inequality measures or house prices and

measures of financial deregulation might be useful.
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Figure 2: Monetary policy and household credit, 1980-2013
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Figure 3: Asset prices and household credit, 1980-2013
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Figure 4: Financial deregulation and household credit, 1980-2013
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Figure 5: Income inequality and household credit, 1980-2013

44



Table 1: Household credit and financial crisis - OLS and Logit estimates, 1970-2013

Estimation method OLS Logit

Regressor (1) (2) (3) (4) (5)

L.(Household credit/disposable income) -0.0196*** -0.0171*** -0.0065* -0.1649*** -0.2381**
(0.0051) (0.0039) (0.0035) (0.0448) (0.1017)

L2.(Household credit/disposable income) 0.0276*** 0.0148** -0.0021 0.2263*** 0.1183
(0.0100) (0.0072) (0.0073) (0.0788) (0.1805)

L3.(Household credit/disposable income) -0.0051 0.0096** 0.0121** -0.0381 0.2823**
(0.0060) (0.0045) (0.0050) (0.0435) (0.1254)

Sum of lag coefficients 0.0029*** 0.0073*** 0.0035*** 0.0234*** 0.1625***
(0.0004) (0.0006) (0.0008) (0.0034) (0.0316)

Joint significance test: Household credit 17.52 49.81 7.51 61.38 32.75
p-value 0.0000 0.0000 0.0001 0.0000 0.0000

Joint significance test: Country fixed effects - 7.62 2.09 - 34.50
p-value 0.0000 0.0142 0.0006

Joint significance test: Time fixed effects - - 8.77 - -
p-value 0.0000

Country fixed effects No Yes Yes No Yes
Time fixed effects No No Yes No No
Observations 395 395 395 395 380
Number of countries 14 14 14 14 14
Adjusted R2/Pseudo R2 0.175 0.353 0.606 0.211 0.603
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Table 2: Economic activity, monetary policy and household credit - Pairwise correlations

Economic activity Deviation from Taylor rule

Country t t-1 t-2 t-3 t t-1 t-2 t-3

DNK 0.9298* 0.9510* 0.9638* 0.9606* 0.6331* 0.6225* 0.7182* 0.7108*
FIN 0.8291* 0.8491* 0.8536* 0.8536* -0.1105 -0.0942 -0.1470 -0.1902
FRA 0.9444* 0.9489* 0.9477* 0.9436* -0.1987 -0.1761 -0.1717 -0.1915
DEU 0.6776* 0.6453* 0.6104* 0.6028* 0.1993 0.1497 0.0871 0.0255
IRL 0.9298* 0.9532* 0.9655* 0.9718* -0.0459 0.1054 0.2701 0.2919
ITA 0.8599* 0.8948* 0.9018* 0.8977* 0.3335 0.3124 0.3161 0.3154
NLD 0.9698* 0.9761* 0.9809* 0.9846* 0.3947 0.3796 0.3872 0.3947
NOR 0.7776* 0.7829* 0.7860* 0.7835* 0.2910 0.3043 0.2912 0.4498
PRT 0.9614* 0.9722* 0.9779* 0.9780* 0.5679 0.5276 0.4667 0.3716
ESP 0.9491* 0.9634* 0.9705* 0.9711* 0.5553* 0.6291* 0.7046* 0.7651*
SWE 0.8181* 0.8269* 0.8302* 0.8293* 0.5944* 0.5847* 0.5576* 0.5290*
CHE 0.3958 0.5421 0.6853* 0.7970* 0.2716 0.3977 0.6353* 0.8155*
GBR 0.9422* 0.9438* 0.9401* 0.9328* -0.2166 -0.2842 -0.3692 -0.4196
USA 0.9575* 0.9606* 0.9588* 0.9510* 0.3424 0.3135 0.2779 0.2160

Table 3: Asset prices and household credit - Pairwise correlations

House price index Share price index

Country t t-1 t-2 t-3 t t-1 t-2 t-3

DNK 0.9661* 0.9835* 0.9854* 0.9682* 0.9317* 0.9444* 0.9568* 0.9272*
FIN 0.9176* 0.9302* 0.9276* 0.9090* 0.5529* 0.5949* 0.5992* 0.5849*
FRA 0.9336* 0.9475* 0.9596* 0.9690* 0.8337* 0.8580* 0.8581* 0.8314*
DEU 0.6584* 0.6982* 0.7477* 0.7938* 0.7704* 0.7353* 0.6768* 0.6077*
IRL 0.9725* 0.9933* 0.9939* 0.9913* 0.7988* 0.9006* 0.9383* 0.9267*
ITA 0.9520* 0.9504* 0.9349* 0.9100* 0.7582* 0.8496* 0.8852* 0.8625*
NLD 0.9738* 0.9833* 0.9860* 0.9833* 0.7681* 0.7937* 0.8216* 0.8491*
NOR 0.9147* 0.9204* 0.9136* 0.8919* 0.8662* 0.8611* 0.8319* 0.8015*
PRT 0.9313* 0.9404* 0.9490* 0.9508* 0.8264* 0.8247* 0.8219* 0.8463*
ESP 0.9743* 0.9879* 0.9834* 0.9631* 0.8839* 0.9210* 0.9241* 0.9150*
SWE 0.8881* 0.8721* 0.8485* 0.8226* 0.6832* 0.6808* 0.6770* 0.6891*
CHE 0.4350 0.5820* 0.6821* 0.7451* -0.0886 0.0543 0.3161 0.5831
GBR 0.9549* 0.9542* 0.9451* 0.9265* 0.8356* 0.8331* 0.8323* 0.8400*
USA 0.9885* 0.9869* 0.9697* 0.9393* 0.9239* 0.9332* 0.9316* 0.9218*

* stands for p-values smaller than 0.01 from a standard χ2 test for statistical independence.
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Table 4: Financial deregulation and household credit - Pairwise correlations

Financial reform index Financial sector value added

Country t t-1 t-2 t-3 t t-1 t-2 t-3

DNK 0.8048* 0.7783* 0.7449* 0.7179* 0.7911* 0.7697* 0.7702* 0.7249*
FIN 0.8181* 0.7777* 0.7313* 0.6865* 0.3455 0.2640 0.2044 0.1197
FRA 0.9620* 0.9393* 0.9095* 0.8787* 0.1297 0.1260 0.1968 0.2429
DEU 0.7409* 0.7389* 0.7270* 0.7151* 0.0416 0.1422 0.1895 0.2697
IRL 0.6390* 0.6303* 0.6362* 0.6524* 0.9068* 0.9258* 0.9213* 0.9013*
ITA 0.8007* 0.7957* 0.7968* 0.8098* 0.1264 -0.0395 -0.1948 -0.3791
NLD 0.7943* 0.7835* 0.7785* 0.7791* 0.7537* 0.7636* 0.7631* 0.7668*
NOR 0.7507* 0.6657* 0.5719* 0.4815 0.1011 0.0153 -0.0897 -0.2453
PRT 0.7001* 0.7420* 0.7737* 0.8034* -0.4984 -0.5867 -0.6587* -0.7250*
ESP 0.7353* 0.7240* 0.7175* 0.7288* 0.3664 0.3322 0.2825 0.2532
SWE 0.2111 0.2009 0.1640 0.1015 -0.2129 -0.3186 -0.4513 -0.5809*
CHE -0.2774 0.0365 0.3889 0.6311* -0.1422 0.0733 0.3144 0.5728
GBR 0.8678* 0.8677* 0.8597* 0.8436* 0.6447* 0.6220* 0.5289* 0.3684
USA 0.8306* 0.8178* 0.8229* 0.8442* 0.9218* 0.9378* 0.9523* 0.9611*

Table 5: Inequality and household credit - Pairwise correlations

Top 1% income share Gini coefficient

Country t t-1 t-2 t-3 t t-1 t-2 t-3

DNK 0.8094* 0.8066* 0.8482* 0.8140* 0.2037 0.1058 -0.0209 -0.1569
FIN 0.3561 0.4065 0.4216 0.4451 0.4580* 0.4574* 0.4595* 0.4584*
FRA 0.7266* 0.7895* 0.7929* 0.7627* -0.6738* -0.7092* -0.7236* -0.7267*
DEU 0.3812 0.2828 0.1491 0.0321 0.3920 0.3212 0.2692 0.2640
IRL 0.8641* 0.9033* 0.9328* 0.9336* -0.9353* -0.9201* -0.9046* -0.8987*
ITA 0.8757* 0.9012* 0.9068* 0.8987* 0.3868 0.4287 0.4745 0.5181*
NLD 0.6364* 0.6366* 0.6341* 0.6102* 0.5882* 0.6048* 0.6243* 0.6357*
NOR 0.3259 0.4329 0.5141* 0.6013* 0.6649* 0.6976* 0.7185* 0.6931*
PRT 0.9070* 0.9189* 0.9341* 0.9569* 0.8311* 0.8743* 0.9050* 0.9341*
ESP 0.6577* 0.7439* 0.7671* 0.8147* 0.1729 0.1167 0.0878 0.0889
SWE 0.6767* 0.6533* 0.6336* 0.6227* 0.4739* 0.5239* 0.5604* 0.5915*
CHE 0.1973 0.3108 0.5101 0.7192* 0.5854* 0.4267 0.2963 0.1878
GBR 0.9271* 0.9181* 0.9064* 0.8893* 0.9079* 0.8931* 0.8708* 0.8457*
USA 0.9329* 0.9293* 0.9279* 0.9152* 0.8971* 0.9061* 0.9118* 0.9147*

* stands for p-values smaller than 0.01 from a standard χ2 test for statistical independence.
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Table 6: Stacked test: Credit and economic activity

Y: Credit, X: Real GDP Y: Real GDP, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.0094 0.0000 0.3979 0.0071
2 0.0002 0.0000 0.0000 0.0051
3 0.0011 0.0000 0.0000 0.0000
4 0.0005 0.0000 0.0000 0.0000
5 0.0003 0.0000 0.0000 0.0000

Table 7: Hurlin test: Credit and economic activity

Y: Credit, X: Real GDP Y: Real GDP, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.0030 0.0000 0.5936 0.0007
2 0.0001 0.0000 0.0000 0.0000
3 0.1152 0.0000 0.0000 0.0000

Table 8: Stacked test: Credit and monetary policy

Y: Credit, X: Taylor rule Y: Taylor rule, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.5618 0.0031 0.7892 0.1951
2 0.7755 0.0019 0.7759 0.0173
3 0.7035 0.0045 0.0013 0.0105
4 0.6665 0.0067 0.0015 0.0074
5 0.7252 0.0108 0.0020 0.0125

Table 9: Hurlin test: Credit and monetary policy

Y: Credit, X: Taylor rule Y: Taylor rule, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.8829 0.2957 0.7270 0.4920
2 0.2498 0.3928 0.1284 0.5289
3 0.0374 0.2880 0.0376 0.6415
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Table 10: Stacked test: Credit and house price index

Y: Credit, X: House prices Y: House prices, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.0000 0.0000 0.6414 0.0094
2 0.0000 0.0000 0.0000 0.0015
3 0.0000 0.0000 0.0000 0.0009
4 0.0004 0.0000 0.0000 0.0103
5 0.0006 0.0000 0.0001 0.0122

Table 11: Hurlin test: Credit and house price index

Y: Credit, X: House prices Y: House prices, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.0000 0.0000 0.0000 0.0000
2 0.0000 0.0000 0.0000 0.0035
3 0.0000 0.0000 0.0000 0.0000

Table 12: Stacked test: Credit and stock price index

Y: Credit, X: Stock prices Y: Stock prices, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.1443 0.0000 0.6125 0.0191
2 0.3375 0.0000 0.0000 0.0013
3 0.2389 0.0000 0.0000 0.0000
4 0.1921 0.0004 0.0000 0.0003
5 0.1216 0.0006 0.0000 0.0012

Table 13: Hurlin test: Credit and stock price index

Y: Credit, X: Stock prices Y: Stock prices, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.1484 0.0000 0.3373 0.4272
2 0.1634 0.0000 0.0179 0.6595
3 0.2237 0.0085 0.0056 0.0133

49



Table 14: Stacked test: Credit and financial reform index

Y: Credit, X: Financial reform Y: Financial reform, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.5231 0.6147 0.4951 0.7141
2 0.9288 0.8258 0.5741 0.7605
3 0.8076 0.8206 0.6743 0.5266
4 0.4248 0.7047 0.5918 0.5543
5 0.2606 0.5915 0.5092 0.6406

Table 15: Hurlin test: Credit and financial reform index

Y: Credit, X: Financial reform Y: Financial reform, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.4353 0.8109 0.6368 0.4511
2 0.9545 0.7240 0.3504 0.5685
3 0.4067 0.6968 0.9225 0.5035

Table 16: Stacked test: Credit and financial sector value added

Y: Credit, X: Financial sector VA Y: Financial sector VA, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.9540 0.3527 0.0248 0.0740
2 0.7896 0.1614 0.0354 0.1077
3 0.2383 0.0777 0.0301 0.1087
4 0.1615 0.1523 0.0048 0.0041
5 0.2111 0.1324 0.0041 0.0018

Table 17: Hurlin test: Credit and financial sector value added

Y: Credit, X: Financial sector VA Y: Financial sector VA, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.3818 0.7741 0.7136 0.5757
2 0.4722 0.0009 0.0000 0.0027
3 0.3548 0.1319 0.0000 0.0259
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Table 18: Stacked test: Credit and top 1% income share

Y: Credit, X: Top 1% income share Y: Top 1% income share, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.0000 0.0012 0.9105 0.1828
2 0.0000 0.0002 0.0253 0.0406
3 0.0000 0.0026 0.0363 0.0573
4 0.0000 0.0075 0.1168 0.1109
5 0.0001 0.0007 0.1099 0.0452

Table 19: Hurlin test: Credit and top 1% income share

Y: Credit, X: Top 1% income share Y: Top 1% income share, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.0000 0.0001 0.2754 0.2674
2 0.0000 0.0386 0.0000 0.0619
3 0.0800 0.6863 0.0002 0.0508

Table 20: Stacked test: Credit and Gini coefficient

Y: Credit, X: Gini coefficient Y: Gini coefficient, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.9559 0.6560 0.9251 0.7320
2 0.9303 0.4510 0.2745 0.9062
3 0.6055 0.6074 0.5420 0.8896
4 0.6786 0.4293 0.2810 0.6631
5 0.6248 0.5799 0.0340 0.1656

Table 21: Hurlin test: Credit and Gini coefficient

Y: Credit, X: Gini coefficient Y: Gini coefficient, X: Credit

Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector

Lag p-value p-value p-value p-value

1 0.5023 0.2337 0.0843 0.9270
2 0.8897 0.7064 0.6164 0.4240
3 0.5113 0.9024 0.0334 0.5906
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Table 22: Univariate tests: Credit and economic activity

Y: Credit, X: Real GDP Y: Real GDP, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.0012 0.1044 0.2421 0.1055 1 5
FIN 0.4467 0.0004 0.0065 0.1088 2 1
FRA 0.6532 0.0155 0.1018 0.1349 5 1
DEU 0.4451 0.1321 0.6555 0.7605 5 4
IRL 0.0012 0.0133 0.0310 0.0000 5 4
ITA 0.5193 0.1085 0.4832 0.0783 1 1
NLD 0.0271 0.0729 0.0001 0.0383 5 1
NOR 0.5288 0.6305 0.1956 0.0009 1 2
PRT 0.2173 0.1615 0.1099 0.1232 4 4
ESP 0.8156 0.7872 0.5832 0.0004 1 2
SWE 0.3124 0.0016 0.0807 0.7751 1 1
CHE 0.3670 0.1238 0.4704 0.4819 5 5
GBR 0.0477 0.3127 0.3986 0.1414 5 1
USA 0.2194 0.1024 0.0033 0.0103 2 2

Table 23: Univariate tests: Credit and monetary policy

Y: Credit, X: Taylor rule Y: Taylor rule, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.0718 0.2800 0.6675 0.3106 2 5
FIN 0.2039 0.0168 0.1622 0.6891 5 2
FRA 0.1085 0.1251 0.0727 0.2273 5 5
DEU 0.6636 0.7292 0.1816 0.4671 2 3
IRL 0.6683 0.8520 0.1558 0.9630 5 1
ITA 0.8074 0.2097 0.7286 0.8260 1 2
NLD 0.0002 0.1055 0.3120 0.7999 5 5
NOR 0.1592 0.1055 0.9128 0.3864 1 2
PRT 0.2419 0.4995 0.2360 0.4216 4 5
ESP 0.4256 0.9113 0.6148 0.0964 1 2
SWE 0.2857 0.1561 0.0002 0.0056 5 1
CHE 0.3975 0.0201 0.6099 0.8318 5 4
GBR 0.5052 0.3704 0.9891 0.9935 5 3
USA 0.3952 0.9298 0.4744 0.6007 2 2

52



Table 24: Univariate tests: Credit and house price index

Y: Credit, X: House prices Y: House prices, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.0001 0.0166 0.4095 0.1211 1 5
FIN 0.1999 0.0495 0.0002 0.0707 2 2
FRA 0.5005 0.2304 0.9119 0.6028 5 1
DEU 0.4944 0.0722 0.6980 0.7306 4 4
IRL 0.0004 0.0001 0.0552 0.0074 4 5
ITA 0.3542 0.1130 0.2502 0.8250 2 5
NLD 0.1653 0.0350 0.0014 0.0925 4 4
NOR 0.1691 0.1609 0.6342 0.2241 1 2
PRT 0.5847 0.1146 0.2897 0.6007 5 4
ESP 0.0001 0.0012 0.0908 0.0072 3 4
SWE 0.1523 0.0260 0.0003 0.0427 1 1
CHE 0.7851 0.5094 0.1956 0.6261 5 5
GBR 0.2245 0.2426 0.2000 0.8674 5 3
USA 0.0362 0.0902 0.0444 0.0780 2 5

Table 25: Univariate tests: Credit and stock price index

Y: Credit, X: Stock prices Y: Stock prices, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.0254 0.0644 0.7992 0.5477 1 1
FIN 0.7459 0.1597 0.0184 0.0573 5 5
FRA 0.5513 0.0172 0.0703 0.1398 5 1
DEU 0.0015 0.7984 0.0011 0.0011 3 4
IRL 0.1501 0.0133 0.0019 0.0017 5 5
ITA 0.5078 0.5234 0.2518 0.0355 4 5
NLD 0.2829 0.0051 0.0588 0.3257 4 1
NOR 0.4745 0.0274 0.6708 0.4763 1 2
PRT 0.2101 NA 0.3636 NA 5 NA
ESP 0.0430 0.0651 0.5537 0.3267 3 5
SWE 0.6933 0.5606 0.5574 0.3599 5 4
CHE 0.0285 0.9114 0.2416 0.7565 5 5
GBR 0.9387 0.3949 0.0377 0.5141 5 1
USA 0.1050 0.2558 0.4341 0.0811 5 4
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Table 26: Univariate tests: Credit and financial reform index

Y: Credit, X: Financial reform Y: Financial reform, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.5414 0.6708 0.2080 0.1289 1 5
FIN 0.2764 0.8299 0.5762 0.5868 5 1
FRA 0.1573 0.1260 0.4384 0.8536 5 1
DEU 0.5351 0.2580 0.7752 0.9735 4 4
IRL 0.1121 0.7962 0.3649 0.2338 5 5
ITA 0.0614 0.0239 0.7369 0.7147 5 5
NLD 0.5031 0.3796 0.0022 0.0823 5 1
NOR 0.0567 0.0789 0.6728 0.4387 5 5
PRT 0.5354 0.1050 0.1865 0.2827 4 4
ESP 0.0315 0.6134 0.3108 0.3662 3 5
SWE 0.0068 0.0049 0.0052 0.0381 5 5
CHE NA NA NA NA NA NA
GBR 0.7979 0.1689 0.0190 0.8294 5 1
USA 0.0227 0.2086 0.9638 0.6468 4 5

Table 27: Univariate tests: Credit and financial sector value added

Y: Credit, X: Financial sector VA Y: Financial sector VA, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.3426 0.0535 0.3582 0.4060 1 1
FIN 0.8154 0.0068 0.0127 0.0614 5 4
FRA 0.7247 0.5970 0.0629 0.8076 4 1
DEU 0.1472 0.2735 0.5738 0.8575 5 5
IRL 0.6769 0.1116 0.1236 0.4912 5 1
ITA 0.6243 0.1742 0.1285 0.0005 1 2
NLD 0.4672 0.7167 0.2387 0.0856 5 4
NOR 0.0265 0.0983 0.0552 0.1085 4 5
PRT 0.3233 NA 0.7443 NA 5 NA
ESP 0.2912 0.1356 0.0214 0.1784 2 4
SWE 0.0002 0.1132 0.3495 0.0611 5 5
CHE 0.0839 0.2922 0.1842 0.7696 5 1
GBR 0.3602 0.0159 0.4243 0.9989 5 2
USA 0.0171 0.1262 0.0782 0.7707 4 2
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Table 28: Univariate tests: Credit and top 1% income share

Y: Credit, X: Top 1% income share Y: Top 1% income share, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.0358 0.0250 0.4298 0.3586 1 1
FIN 0.3383 0.0145 0.3431 0.6575 5 1
FRA 0.3513 0.4669 0.2362 0.9532 5 1
DEU 0.4262 0.7237 0.8939 0.4410 4 4
IRL 0.9720 0.2853 0.0696 0.0995 5 5
ITA 0.7190 0.3841 0.4500 0.0245 1 1
NLD 0.0633 0.0120 0.0485 0.4674 5 5
NOR 0.0000 0.0213 0.3440 0.1273 2 2
PRT NA 0.8506 NA 0.2106 5 1
ESP 0.0213 0.4316 0.3882 0.3948 1 2
SWE 0.6568 0.2920 0.8757 0.3243 1 1
CHE 0.0032 0.9878 0.6808 0.5708 5 5
GBR 0.1270 0.0207 0.0844 0.2170 5 2
USA 0.3315 0.1461 0.3784 0.7196 4 4

Table 29: Univariate tests: Credit and Gini coefficient

Y: Credit, X: Gini coefficient Y: Gini coefficient, X: Credit

Total credit Bank credit Total credit Bank credit Total credit Bank credit
to household sector to private sector to household sector to private sector to household sector to private sector

Country p-value p-value p-value p-value Lag Lag

DNK 0.1259 0.1165 0.9420 0.5692 5 5
FIN 0.9654 0.6324 0.1832 0.9274 5 1
FRA 0.1676 0.0967 0.3854 0.6313 4 3
DEU 0.8413 0.5351 0.6400 0.7633 4 3
IRL 0.1338 0.1295 0.0305 0.0911 5 5
ITA 0.0339 0.3900 0.4342 0.7955 2 1
NLD 0.2203 0.3396 0.7229 0.7720 4 4
NOR 0.0299 0.2156 0.9344 0.8895 5 2
PRT 0.0562 0.1195 0.3531 0.4937 3 5
ESP 0.1001 0.4847 0.3366 0.6927 1 2
SWE 0.2362 0.6613 0.2523 0.3263 5 4
CHE 0.0957 0.1543 0.3424 0.2574 5 3
GBR 0.8753 0.0779 0.1037 0.8673 5 5
USA 0.2372 0.4744 0.5106 0.2464 3 2
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A Appendix: Data
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B Appendix: Unit root test results
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Figure 6: Panel unit root tests for total credit to the household sector and bank credit to the
private sector both in % of the corresponding disposable income: The majority of panel unit
root tests points at using first differences of the credit-to-income ratios in the Granger causality
tests. Only Breitung and Hadri tests indicate I (2)-ness.
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Figure 7: Panel unit root tests for economic activity and monetary policy: The majority of panel
unit root tests points at using first differences of real GDP and the deviation from the standard
Taylor rule in the Granger causality tests. Only the Breitung test in case of economic activity
and the Hadri test in case of monetary policy indicate I (2)-ness.
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Figure 8: Panel unit root tests for house and share prices: The majority of panel unit root tests
points at using first differences of asset prices in the Granger causality tests. Only the Breitung
test in case of house prices indicates I (2)-ness.
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Figure 9: Panel unit root tests for the financial reform index and the financial sector value added.
The majority of panel unit root tests points at using first differences of proxy variables for finan-
cial liberalization in the Granger causality tests. Only the Hadri tests indicates I (2)-ness.
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Figure 10: Panel unit root tests for top 1% income share and Gini coefficient: The majority of
panel unit root tests points at using first differences of the inequality measures in the Granger
causality tests. Only the Breitung test in case of Gini coefficients indicate I (2)-ness.
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Table 30: CADF test

Variables in levels

Variable Z-tbar p-value Lag Result

Total credit to household sector, in % of disposable income 2.567 0.995 3 I(1)
Bank credit to private sector, in % of disposable income 0.975 0.835 2 I(1)
Real GDP -0.153 0.439 3 I(1)
Deviation from standard Taylor rule 0.150 0.560 3 I(1)
House price index 1.147 0.874 3 I(1)
Share price index 4.918 1.000 3 I(1)
Financial reform index -0.443 0.329 3 I(1)
Financial sector value added -0.220 0.413 1 I(1)
Top 1% income share 1.643 0.950 3 I(1)
Top 10% income share 0.436 0.669 3 I(1)
Gini coefficient (Market income) 1.826 0.966 3 I(1)
Gini coefficient (Net income) -0.847 0.199 1 I(1)

Table 31: CADF test

Variables in first differences

Variable Z-tbar p-value Lag Result

Total credit to household sector, in % of disposable income -1.605 0.054 3 I(0)
Bank credit to private sector, in % of disposable income -1.250 0.106 2 I(1)
Real GDP -0.686 0.246 2 I(1)
Deviation from standard Taylor rule -9.768 0.000 1 I(0)
House price index -0.068 0.473 2 I(1)
Share price index 0.356 0.639 3 I(1)
Financial reform index -2.357 0.009 3 I(0)
Financial sector value added -6.970 0.000 1 I(0)
Top 1% income share 0.390 0.652 3 I(1)
Top 10% income share 0.848 0.802 3 I(1)
Gini coefficient (Market income) -4.200 0.000 1 I(0)
Gini coefficient (Net income) -2.038 0.021 3 I(0)

Table 32: CADF test

Variables in second differences

Variable Z-tbar p-value Lag Result

Total credit to household sector, in % of disposable income -1.902 0.029 3 I(0)
Bank credit to private sector, in % of disposable income -3.095 0.001 3 I(0)
Real GDP -3.468 0.000 3 I(0)
Deviation from standard Taylor rule 11.123 0.000 2 I(0)
House price index -0.877 0.190 3 I(1)
Share price index -4.939 0.000 3 I(0)
Financial reform index -3.052 0.001 3 I(0)
Financial sector value added -5.290 0.000 3 I(0)
Top 1% income share -8.319 0.000 2 I(0)
Top 10% income share -5.863 0.000 2 I(0)
Gini coefficient (Market income) -7.252 0.000 2 I(0)
Gini coefficient (Net income) -5.877 0.000 3 I(0)

CADF test results indicate I (2)-ness in six cases. Anyhow, first differences are used.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series 

p-value result p-value result p-value result p-value
DK  0.3269 unit root <0.05 unit root >0.10 unit root  0.8373
FI  0.0680 trend-stationary >0.10 trend-stationary <0.10 trend-stationary  0.8196
FR  0.0048 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.8857
DE  0.0905 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.7735
IE  0.8934 unit root <0.05 unit root <0.01 trend-stationary  0.9998
IT  0.9995 unit root <0.05 unit root >0.10 unit root  0.9969
NL  0.0629 trend-stationary <0.05 unit root >0.10 unit root  0.9183
NO  0.3769 unit root >0.10 trend-stationary >0.10 unit root  0.8446
PT  0.0710 trend-stationary <0.05 unit root <0.10 trend-stationary  0.0736
ES  0.3075 unit root <0.05 unit root >0.10 unit root  0.7011
SE  0.4919 unit root <0.05 unit root >0.10 unit root  0.9141
CH  0.4921 unit root <0.10 unit root >0.10 unit root  0.4921
GB  0.0038 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.5485
US  0.0093 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.6903

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series 

p-value result p-value result p-value result p-value
DK  0.0950 stationary >0.10 stationary <0.05 stationary  0.0720
FI  0.2370 unit root >0.10 stationary <0.05 stationary  0.1781
FR  0.0550 stationary >0.10 stationary <0.05 stationary  0.0319
DE  0.4058 unit root >0.10 stationary <0.10 stationary  0.4058
IE  0.9998 unit root <0.05 unit root >0.10 unit root  0.4140
IT  0.4026 unit root <0.05 unit root >0.10 unit root  0.4034
NL  0.5806 unit root <0.10 unit root >0.10 unit root  0.0211
NO  0.0562 stationary >0.10 stationary <0.01 stationary  0.0639
PT  0.3365 unit root <0.10 unit root <0.10 stationary  0.3742
ES  0.2463 unit root >0.10 stationary <0.05 stationary  0.2157
SE  0.0788 stationary >0.10 stationary <0.01 stationary  0.2353
CH  0.0382 stationary <0.10 unit root <0.01 stationary  0.0382
GB  0.0047 stationary >0.10 stationary <0.01 stationary  0.2434
US  0.0057 stationary >0.10 stationary <0.01 stationary  0.2697

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series 

p-value result p-value result p-value result p-value
DK  0.0016 stationary >0.10 stationary <0.01 stationary  0.0016
FI  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001
FR  0.0000 stationary >0.10 stationary >0.10 unit root  0.0000
DE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000
IE  0.0000 stationary <0.05 unit root <0.01 stationary  0.0000
IT  0.0017 stationary <0.05 unit root <0.01 stationary  0.0063
NL  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000
NO  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000
PT  0.7313 unit root >0.10 stationary >0.10 unit root  0.0010
ES  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001
SE  0.0386 stationary <0.05 unit root <0.01 stationary  0.0000
CH  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000
GB  0.0002 stationary >0.10 stationary <0.01 stationary  0.0002
US  0.0395 stationary >0.10 stationary <0.01 stationary  0.0003

Figure 11: Country-specific unit root tests for total credit to household sector: ADF test results
are the basis for the automatized procedure deciding whether to include levels or first differences
in the Granger test equation. There are seven out of fourteen cases in which the ADF reports
trend-stationarity. For all countries, ADF results are confirmed at least by one of the other tests.
In three cases, ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.7507 unit root <0.10 unit root >0.10 unit root  0.8640 unit root
FI  0.1631 unit root >0.10 trend-stationary >0.10 unit root  0.8662 unit root
FR  0.5274 unit root >0.10 trend-stationary >0.10 unit root  0.8989 unit root
DE  0.0299 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.7907 unit root
IE  0.9999 unit root <0.05 unit root >0.10 unit root  1.0000 unit root
IT  0.4966 unit root <0.05 unit root >0.10 unit root  0.9328 unit root
NL  0.8223 unit root <0.05 unit root >0.10 unit root  0.7681 unit root
NO  0.0328 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.8847 unit root
PT  0.2618 unit root <0.05 unit root <0.10 trend-stationary  0.4553 unit root
ES  0.1367 trend-stationary <0.05 unit root >0.10 unit root  0.6953 unit root
SE  0.3653 unit root >0.10 trend-stationary >0.10 unit root  0.7669 unit root
CH  0.3343 unit root <0.05 unit root >0.10 unit root  0.5687 unit root
GB  0.4374 unit root >0.10 trend-stationary >0.10 unit root  0.6972 unit root
US  0.0255 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.4921 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0270 stationary >0.10 stationary <0.01 stationary  0.1377 stationary
FI  0.0823 stationary >0.10 stationary <0.01 stationary  0.1062 stationary
FR  0.1074 stationary >0.10 stationary <0.05 stationary  0.1076 stationary
DE  0.0563 stationary >0.10 stationary <0.01 stationary  0.0516 stationary
IE  0.3575 unit root <0.05 unit root <0.10 stationary  0.3534 unit root
IT  0.0513 stationary <0.10 unit root <0.05 stationary  0.2537 unit root
NL  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
NO  0.0040 stationary >0.10 stationary <0.01 stationary  0.1224 stationary
PT  0.2673 unit root >0.10 stationary <0.10 stationary  0.3511 unit root
ES  0.0956 stationary >0.10 stationary <0.01 stationary  0.3237 unit root
SE  0.1336 stationary >0.10 stationary <0.05 stationary  0.1228 stationary
CH  0.0366 stationary >0.10 stationary <0.01 stationary  0.0438 stationary
GB  0.1522 unit root >0.10 stationary <0.05 stationary  0.1374 stationary
US  0.0032 stationary >0.10 stationary <0.01 stationary  0.0600 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0998 stationary >0.10 stationary <0.01 stationary  0.0019 stationary
FI  0.0425 stationary >0.10 stationary <0.05 stationary  0.0000 stationary
FR  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
DE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IE  0.0036 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IT  0.0054 stationary >0.10 stationary <0.01 stationary  0.0083 stationary
NL  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
NO  0.0013 stationary >0.10 stationary <0.01 stationary  0.0003 stationary
PT  0.0888 stationary >0.10 stationary <0.01 stationary  0.0922 stationary
ES  0.0030 stationary >0.10 stationary <0.01 stationary  0.0109 stationary
SE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
CH  0.0643 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
GB  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
US  0.0025 stationary >0.10 stationary <0.01 stationary  0.0000 stationary

Figure 12: Country-specific unit root tests for bank credit to private sector: ADF test results are
the basis for the automatized procedure deciding whether to include levels or first differences
in the Granger test equation. There are four out of fourteen cases in which the ADF reports
trend-stationarity. For one country (Spain), ADF results are not confirmed by one of the other
tests. In three cases, ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.3513 unit root >0.10 trend-stationary >0.10 unit root  0.7869 unit root
FI  0.6185 unit root <0.10 unit root >0.10 unit root  0.7053 unit root
FR  0.1651 unit root <0.10 unit root <0.10 trend-stationary  0.5941 unit root
DE  0.7177 unit root >0.10 trend-stationary >0.10 unit root  0.6027 unit root
IE  0.0206 trend-stationary <0.05 unit root >0.10 unit root  0.7419 unit root
IT  0.9992 unit root <0.05 unit root >0.10 unit root  0.9976 unit root
NL  0.2836 unit root <0.05 unit root >0.10 unit root  0.6567 unit root
NO  0.3507 unit root >0.10 trend-stationary >0.10 unit root  0.7215 unit root
PT  0.0041 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.6668 unit root
ES  0.4370 unit root >0.10 trend-stationary >0.10 unit root  0.7330 unit root
SE  0.7152 unit root <0.10 unit root >0.10 unit root  0.7152 unit root
CH  0.4088 unit root <0.05 unit root >0.10 unit root  0.3496 unit root
GB  0.3214 unit root <0.05 unit root >0.10 unit root  0.5930 unit root
US  0.3182 unit root <0.10 unit root >0.10 unit root  0.6306 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0081 stationary >0.10 stationary <0.01 stationary  0.0111 stationary
FI  0.0374 stationary >0.10 stationary <0.01 stationary  0.5113 unit root
FR  0.4007 unit root >0.10 stationary <0.10 stationary  0.2739 unit root
DE  0.0039 stationary >0.10 stationary <0.01 stationary  0.0045 stationary
IE  0.1773 unit root >0.10 stationary <0.05 stationary  0.8189 unit root
IT  0.5459 unit root <0.10 unit root >0.10 unit root  0.7786 unit root
NL  0.4799 unit root >0.10 stationary >0.10 unit root  0.0143 stationary
NO  0.0573 stationary >0.10 stationary <0.01 stationary  0.0474 stationary
PT  0.0506 stationary >0.10 stationary <0.01 stationary  0.2459 unit root
ES  0.3253 unit root >0.10 stationary <0.10 stationary  0.3242 unit root
SE  0.0011 stationary >0.10 stationary <0.01 stationary  0.0013 stationary
CH  0.0260 stationary <0.10 unit root <0.01 stationary  0.0286 stationary
GB  0.0120 stationary >0.10 stationary <0.01 stationary  0.0137 stationary
US  0.0035 stationary >0.10 stationary <0.01 stationary  0.0038 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0055 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FI  0.0598 stationary >0.10 stationary <0.01 stationary  0.3851 unit root
FR  0.0010 stationary >0.10 stationary <0.01 stationary  0.0011 stationary
DE  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IE  0.8933 unit root <0.10 unit root >0.10 unit root  0.0032 stationary
IT  0.0374 stationary >0.10 stationary <0.01 stationary  0.0456 stationary
NL  0.0004 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
NO  0.0005 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
PT  0.0025 stationary >0.10 stationary <0.01 stationary  0.0030 stationary
ES  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
SE  0.0007 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
CH  0.0011 stationary <0.10 unit root <0.01 stationary  0.0001 stationary
GB  0.0000 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
US  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary

Figure 13: Country-specific unit root tests for economic activity: ADF test results are the ba-
sis for the automatized procedure deciding whether to include levels or first differences in the
Granger test equation. There are two out of fourteen cases in which the ADF reports trend-
stationarity. For one country (Ireland), ADF results are not confirmed by one of the other tests.
In four cases, ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.1597 unit root <0.10 unit root <0.10 trend-stationary  0.1698 unit root
FI  0.0942 trend-stationary <0.05 unit root <0.10 trend-stationary  0.2766 unit root
FR  0.7087 unit root <0.05 unit root >0.10 unit root  0.7758 unit root
DE  0.0010 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.0010 trend-stationary
IE  0.5662 unit root <0.10 unit root >0.10 unit root  0.5508 unit root
IT  0.5166 unit root <0.05 unit root >0.10 unit root  0.0129 trend-stationary
NL  0.3196 unit root <0.05 unit root >0.10 unit root  0.3411 unit root
NO  0.0023 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.0018 trend-stationary
PT  0.1973 unit root <0.10 unit root >0.10 unit root  0.1625 unit root
ES  0.3112 unit root >0.10 trend-stationary <0.05 trend-stationary  0.1478 trend-stationary
SE  0.0386 trend-stationary <0.05 unit root <0.01 trend-stationary  0.0434 trend-stationary
CH  0.0069 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.0099 trend-stationary
GB  0.0403 trend-stationary <0.05 unit root >0.10 unit root  0.0403 trend-stationary
US  0.5888 unit root <0.05 unit root >0.10 unit root  0.3949 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FI  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FR  0.1357 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
DE  0.0000 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
IE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IT  0.1661 unit root >0.10 stationary >0.10 unit root  0.0001 stationary
NL  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
NO  0.0084 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
PT  0.0086 stationary >0.10 stationary >0.10 unit root  0.0084 stationary
ES  0.0000 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
SE  0.0000 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
CH  0.0026 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
GB  0.0000 stationary <0.05 unit root >0.10 unit root  0.0000 stationary
US  0.0003 stationary >0.10 stationary <0.01 stationary  0.0003 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0000 stationary >0.10 stationary <0.10 stationary  0.0001 stationary
FI  0.0094 stationary <0.05 unit root <0.01 stationary  0.0001 stationary
FR  0.0000 stationary >0.10 stationary >0.10 unit root  0.0001 stationary
DE  0.0000 stationary <0.05 unit root >0.10 unit root  0.0001 stationary
IE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IT  0.0276 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
NL  0.0003 stationary >0.10 stationary >0.10 unit root  0.0001 stationary
NO  0.0022 stationary >0.10 stationary <0.05 stationary  0.0001 stationary
PT  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
ES  0.0002 stationary >0.10 stationary >0.10 unit root  0.0001 stationary
SE  0.0142 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
CH  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
GB  0.0021 stationary >0.10 stationary >0.10 unit root  0.0001 stationary
US  0.0000 stationary >0.10 stationary >0.10 unit root  0.0000 stationary

Figure 14: Country-specific unit root tests for monetary policy: ADF test results are the basis for
the automatized procedure deciding whether to include levels or first differences in the Granger
test equation. There are six out of fourteen cases in which the ADF reports trend-stationarity.
For one country (Spain), ADF results are not confirmed by one of the other tests. In one case,
ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.9948 unit root <0.05 unit root >0.10 unit root  0.6927 unit root
FI  0.0901 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.7786 unit root
FR  0.0243 trend-stationary <0.05 unit root >0.10 unit root  0.8757 unit root
DE  0.4781 unit root <0.10 unit root >0.10 unit root  0.8396 unit root
IE  0.0001 trend-stationary <0.05 unit root >0.10 unit root  0.8085 unit root
IT  0.0177 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.6592 unit root
NL  0.2384 unit root <0.05 unit root >0.10 unit root  0.8022 unit root
NO  0.9568 unit root <0.05 unit root >0.10 unit root  0.9965 unit root
PT  0.0783 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.5304 unit root
ES  0.0230 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.6144 unit root
SE  0.5842 unit root <0.05 unit root >0.10 unit root  0.8272 unit root
CH  0.1122 trend-stationary >0.10 trend-stationary >0.10 unit root  0.7511 unit root
GB  0.0313 trend-stationary <0.05 unit root <0.05 trend-stationary  0.7563 unit root
US  0.1695 unit root >0.10 trend-stationary >0.10 unit root  0.6402 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0019 stationary >0.10 stationary >0.10 unit root  0.1193 stationary
FI  0.0118 stationary >0.10 stationary <0.01 stationary  0.2122 unit root
FR  0.0333 stationary >0.10 stationary <0.01 stationary  0.3838 unit root
DE  0.0351 stationary >0.10 stationary <0.10 stationary  0.0291 stationary
IE  0.0028 stationary >0.10 stationary <0.01 stationary  0.9350 unit root
IT  0.0335 stationary >0.10 stationary <0.01 stationary  0.2924 unit root
NL  0.6138 unit root >0.10 stationary >0.10 unit root  0.5364 unit root
NO  0.0921 stationary <0.10 unit root <0.01 stationary  0.1003 stationary
PT  0.0085 stationary >0.10 stationary <0.01 stationary  0.2951 unit root
ES  0.0428 stationary >0.10 stationary <0.05 stationary  0.5723 unit root
SE  0.1175 stationary >0.10 stationary <0.05 stationary  0.0975 stationary
CH  0.0184 stationary >0.10 stationary <0.01 stationary  0.6025 unit root
GB  0.1898 unit root >0.10 stationary <0.10 stationary  0.0061 stationary
US  0.0006 stationary >0.10 stationary <0.01 stationary  0.1537 unit root

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0001 stationary <0.10 unit root >0.10 unit root  0.0226 stationary
FI  0.0010 stationary >0.10 stationary <0.01 stationary  0.0003 stationary
FR  0.9175 unit root >0.10 stationary >0.10 unit root  0.8567 unit root
DE  0.0063 stationary >0.10 stationary <0.01 stationary  0.0033 stationary
IE  0.9342 unit root <0.10 unit root >0.10 unit root  0.3741 unit root
IT  0.0752 stationary >0.10 stationary <0.05 stationary  0.0843 stationary
NL  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
NO  0.0002 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
PT  0.0359 stationary >0.10 stationary <0.01 stationary  0.0380 stationary
ES  0.0051 stationary >0.10 stationary <0.01 stationary  0.0048 stationary
SE  0.0003 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
CH  0.0165 stationary >0.10 stationary <0.01 stationary  0.1916 unit root
GB  0.0596 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
US  0.0017 stationary >0.10 stationary <0.01 stationary  0.2459 unit root

Figure 15: Country-specific unit root tests for house prices: ADF test results are the basis for
the automatized procedure deciding whether to include levels or first differences in the Granger
test equation. There are eight out of fourteen cases in which the ADF reports trend-stationarity.
For one country (France), ADF results are not confirmed by one of the other tests. In one case,
ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.9953 unit root <0.05 unit root >0.10 unit root  0.3789 unit root
FI  0.0963 trend-stationary <0.10 unit root <0.05 trend-stationary  0.3302 unit root
FR  0.1850 unit root >0.10 trend-stationary <0.01 trend-stationary  0.8323 unit root
DE  0.0446 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.3464 unit root
IE  0.4425 unit root <0.10 unit root >0.10 unit root  0.8280 unit root
IT  0.0761 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.8773 unit root
NL  0.1827 unit root >0.10 trend-stationary <0.10 trend-stationary  0.5294 unit root
NO  0.9965 unit root <0.05 unit root >0.10 unit root  0.7166 unit root
PT  0.1441 trend-stationary >0.10 trend-stationary <0.10 trend-stationary  0.5994 unit root
ES  0.3757 unit root >0.10 trend-stationary >0.10 unit root  0.8498 unit root
SE  0.0264 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.2804 unit root
CH  0.0971 trend-stationary <0.10 unit root <0.05 trend-stationary  0.7963 unit root
GB  0.0900 trend-stationary >0.10 trend-stationary >0.10 unit root  0.5209 unit root
US  0.5885 unit root <0.10 unit root >0.10 unit root  0.3452 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.9017 unit root >0.10 stationary >0.10 unit root  0.0001 stationary
FI  0.0002 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FR  0.2098 unit root >0.10 stationary >0.10 unit root  0.0503 stationary
DE  0.0056 stationary >0.10 stationary <0.01 stationary  0.0051 stationary
IE  0.4779 unit root >0.10 stationary >0.10 unit root  0.0819 stationary
IT  0.0069 stationary >0.10 stationary <0.01 stationary  0.0542 stationary
NL  0.0021 stationary >0.10 stationary <0.01 stationary  0.0097 stationary
NO  0.0065 stationary >0.10 stationary <0.01 stationary  0.0044 stationary
PT  0.0297 stationary >0.10 stationary <0.01 stationary  0.0299 stationary
ES  0.2449 unit root >0.10 stationary >0.10 unit root  0.0279 stationary
SE  0.0047 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
CH  0.0154 stationary >0.10 stationary <0.01 stationary  0.0946 stationary
GB  0.0677 stationary >0.10 stationary <0.05 stationary  0.0208 stationary
US  0.0000 stationary >0.10 stationary <0.01 stationary  0.0053 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0000 stationary <0.05 unit root >0.10 unit root  0.0000 stationary
FI  0.0005 stationary <0.10 unit root <0.01 stationary  0.0001 stationary
FR  0.0001 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
DE  0.0004 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IE  0.0000 stationary >0.10 stationary <0.05 stationary  0.0000 stationary
IT  0.0035 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
NL  0.0170 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
NO  0.0042 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
PT  0.0002 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
ES  0.3143 unit root >0.10 stationary <0.10 stationary  0.0000 stationary
SE  0.0003 stationary <0.05 unit root <0.10 stationary  0.0001 stationary
CH  0.0166 stationary >0.10 stationary <0.01 stationary  0.0088 stationary
GB  0.0000 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
US  0.0000 stationary >0.10 stationary >0.10 unit root  0.0000 stationary

Figure 16: Country-specific unit root tests for stock prices: ADF test results are the basis for the
automatized procedure deciding whether to include levels or first differences in the Granger test
equation. There are seven out of fourteen cases in which the ADF reports trend-stationarity. For
all countries, ADF results are confirmed at least by one of the other tests. In four cases, ADF
results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.9289 unit root <0.05 unit root >0.10 unit root  0.8431 unit root
FI  0.9862 unit root <0.05 unit root >0.10 unit root  0.9795 unit root
FR  0.9171 unit root <0.05 unit root >0.10 unit root  0.8784 unit root
DE  0.6416 unit root <0.05 unit root >0.10 unit root  0.6416 unit root
IE  0.9624 unit root <0.10 unit root >0.10 unit root  0.9461 unit root
IT  0.1878 unit root >0.10 trend-stationary >0.10 unit root  0.8013 unit root
NL  0.6460 unit root <0.05 unit root >0.10 unit root  0.8693 unit root
NO  0.1767 unit root <0.05 unit root >0.10 unit root  0.9035 unit root
PT  0.7090 unit root <0.10 unit root >0.10 unit root  0.7090 unit root
ES  0.9020 unit root <0.10 unit root >0.10 unit root  0.8050 unit root
SE  0.0007 trend-stationary <0.05 unit root >0.10 unit root  0.7403 unit root
CH  0.4774 unit root <0.05 unit root >0.10 unit root  0.4414 unit root
GB  0.3354 unit root <0.05 unit root >0.10 unit root  0.9519 unit root
US  0.0487 trend-stationary <0.10 unit root >0.10 unit root  0.6395 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0135 stationary <0.05 unit root <0.01 stationary  0.0159 stationary
FI  0.0696 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FR  0.0034 stationary >0.10 stationary <0.01 stationary  0.0040 stationary
DE  0.0004 stationary >0.10 stationary <0.01 stationary  0.0004 stationary
IE  0.0033 stationary >0.10 stationary <0.01 stationary  0.0069 stationary
IT  0.0023 stationary >0.10 stationary <0.01 stationary  0.0023 stationary
NL  0.4366 unit root >0.10 stationary <0.05 stationary  0.0002 stationary
NO  0.0076 stationary >0.10 stationary <0.01 stationary  0.0006 stationary
PT  0.0048 stationary >0.10 stationary <0.01 stationary  0.0048 stationary
ES  0.0126 stationary >0.10 stationary <0.01 stationary  0.0126 stationary
SE  0.0050 stationary <0.10 unit root <0.01 stationary  0.1193 stationary
CH  0.0085 stationary >0.10 stationary <0.01 stationary  0.0037 stationary
GB  0.1900 unit root <0.05 unit root <0.01 stationary  0.0063 stationary
US  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0005 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
FI  0.0006 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FR  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
DE  0.0003 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IE  0.0045 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
IT  0.0014 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
NL  0.0000 stationary <0.05 unit root >0.10 unit root  0.0000 stationary
NO  0.0000 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
PT  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
ES  0.0061 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
SE  0.0002 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
CH  0.0209 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
GB  0.0001 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
US  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary

Figure 17: Country-specific unit root tests for the financial reform index: ADF test results are
the basis for the automatized procedure deciding whether to include levels or first differences
in the Granger test equation. There are two out of fourteen cases in which the ADF reports
trend-stationarity. For those two countries (Sweden and the United States), ADF results are not
confirmed by one of the other tests. In two cases, ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.9869 unit root <0.10 unit root >0.10 unit root  0.9869 unit root
FI  0.9737 unit root <0.05 unit root >0.10 unit root  0.5781 unit root
FR  0.0101 trend-stationary <0.05 unit root >0.10 unit root  0.8137 unit root
DE  0.2232 unit root <0.10 unit root <0.10 trend-stationary  0.3589 unit root
IE  0.1601 unit root >0.10 trend-stationary <0.05 trend-stationary  0.3600 unit root
IT  0.2167 unit root <0.05 unit root >0.10 unit root  0.2317 unit root
NL  0.0076 trend-stationary <0.10 unit root <0.01 trend-stationary  0.3767 unit root
NO  0.1146 trend-stationary >0.10 trend-stationary >0.10 unit root  0.5319 unit root
PT  0.0010 trend-stationary <0.05 unit root >0.10 unit root  0.7150 unit root
ES  0.5419 unit root >0.10 trend-stationary >0.10 unit root  0.8771 unit root
SE  0.1378 trend-stationary >0.10 trend-stationary >0.10 unit root  0.1913 unit root
CH  0.5356 unit root <0.05 unit root >0.10 unit root  0.5989 unit root
GB  0.8003 unit root <0.10 unit root >0.10 unit root  0.7439 unit root
US  0.0222 trend-stationary >0.10 trend-stationary >0.10 unit root  0.2016 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0011 stationary >0.10 stationary <0.01 stationary  0.0011 stationary
FI  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FR  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
DE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IE  0.0010 stationary >0.10 stationary <0.01 stationary  0.0008 stationary
IT  0.0000 stationary <0.10 unit root >0.10 unit root  0.0000 stationary
NL  0.0002 stationary <0.05 unit root <0.01 stationary  0.9054 unit root
NO  0.0105 stationary >0.10 stationary <0.01 stationary  0.0068 stationary
PT  0.1631 unit root >0.10 stationary <0.01 stationary  0.0049 stationary
ES  0.1128 stationary >0.10 stationary <0.01 stationary  0.0013 stationary
SE  0.0003 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
CH  0.0045 stationary <0.05 unit root <0.01 stationary  0.0031 stationary
GB  0.0043 stationary >0.10 stationary >0.10 unit root  0.0039 stationary
US  0.0017 stationary <0.05 unit root <0.01 stationary  0.0000 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FI  0.0035 stationary <0.05 unit root <0.01 stationary  0.0001 stationary
FR  0.0001 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
DE  0.0276 stationary <0.10 unit root <0.01 stationary  0.0001 stationary
IE  0.0008 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
IT  0.0283 stationary >0.10 stationary >0.10 unit root  0.0001 stationary
NL  0.0047 stationary >0.10 stationary <0.01 stationary  0.0227 stationary
NO  0.0013 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
PT  0.0000 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
ES  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
SE  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
CH  0.0006 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
GB  0.0133 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
US  0.0160 stationary >0.10 stationary >0.10 unit root  0.0000 stationary

Figure 18: Country-specific unit root tests for the financial sector value added: ADF test results
are the basis for the automatized procedure deciding whether to include levels or first differences
in the Granger test equation. There are six out of fourteen cases in which the ADF reports trend-
stationarity. For two countries (France and Portugal), ADF results are not confirmed by one of
the other tests. ADF results indicate no I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.2340 unit root <0.05 unit root >0.10 unit root  0.3237 unit root
FI  0.3910 unit root <0.10 unit root >0.10 unit root  0.3843 unit root
FR  0.1292 trend-stationary >0.10 trend-stationary >0.10 unit root  0.6491 unit root
DE  0.9998 unit root <0.10 unit root >0.10 unit root  0.9719 unit root
IE  0.4380 unit root <0.05 unit root >0.10 unit root  0.4000 unit root
IT  0.3241 unit root >0.10 trend-stationary <0.10 trend-stationary  0.2599 unit root
NL  0.0244 trend-stationary <0.10 unit root <0.05 trend-stationary  0.6084 unit root
NO  0.1220 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.1017 trend-stationary
PT  0.2331 unit root <0.05 unit root >0.10 unit root  0.2583 unit root
ES  0.3088 unit root >0.10 trend-stationary >0.10 unit root  0.6836 unit root
SE  0.2609 unit root >0.10 trend-stationary >0.10 unit root  0.2609 unit root
CH  0.0463 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.2761 unit root
GB  0.0751 trend-stationary <0.05 unit root >0.10 unit root  0.4796 unit root
US  0.2785 unit root >0.10 trend-stationary >0.10 unit root  0.2654 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0000 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
FI  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
FR  0.1751 unit root >0.10 stationary <0.05 stationary  0.2260 unit root
DE  0.8502 unit root <0.10 unit root >0.10 unit root  0.1259 stationary
IE  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
IT  0.1000 stationary >0.10 stationary <0.05 stationary  0.0134 stationary
NL  0.0847 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
NO  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
PT  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
ES  0.0004 stationary >0.10 stationary <0.01 stationary  0.0004 stationary
SE  0.0013 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
CH  0.0167 stationary >0.10 stationary <0.01 stationary  0.0506 stationary
GB  0.0087 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
US  0.0004 stationary >0.10 stationary <0.01 stationary  0.0000 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0110 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
FI  0.0000 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
FR  0.0316 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
DE  0.0002 stationary >0.10 stationary <0.01 stationary  0.0003 stationary
IE  0.0058 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
IT  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
NL  0.1179 stationary >0.10 stationary <0.05 stationary  0.0001 stationary
NO  0.0069 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
PT  0.0149 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
ES  0.0000 stationary <0.05 unit root <0.10 stationary  0.0001 stationary
SE  0.0030 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
CH  0.0057 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
GB  0.0059 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
US  0.0870 stationary <0.10 unit root >0.10 unit root  0.0001 stationary

Figure 19: Country-specific unit root tests for top 1% income shares: ADF test results are the
basis for the automatized procedure deciding whether to include levels or first differences in the
Granger test equation. There are five out of fourteen cases in which the ADF reports trend-
stationarity. For one country (UK), the ADF result is not confirmed by one of the other tests. In
one case, ADF results indicate I (2)-ness.
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ADF Level KPSS Level DFGLS Level PP Level
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0198 trend-stationary >0.10 trend-stationary <0.01 trend-stationary  0.6870 unit root
FI  0.6126 unit root <0.05 unit root >0.10 unit root  0.6673 unit root
FR  0.0564 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.8623 unit root
DE  0.7830 unit root <0.10 unit root >0.10 unit root  0.0001 trend-stationary
IE  0.8622 unit root <0.05 unit root >0.10 unit root  0.8554 unit root
IT  0.2318 unit root >0.10 trend-stationary >0.10 unit root  0.2318 unit root
NL  0.0064 trend-stationary >0.10 trend-stationary <0.05 trend-stationary  0.2554 unit root
NO  0.1355 trend-stationary <0.10 unit root <0.10 trend-stationary  0.1751 unit root
PT  0.9595 unit root <0.05 unit root >0.10 unit root  0.9595 unit root
ES  0.2508 unit root >0.10 trend-stationary <0.05 trend-stationary  0.5976 unit root
SE  0.0251 trend-stationary <0.10 unit root <0.01 trend-stationary  0.3185 unit root
CH  0.6409 unit root <0.10 unit root >0.10 unit root  0.5819 unit root
GB  0.9141 unit root <0.05 unit root >0.10 unit root  0.9732 unit root
US  0.8806 unit root <0.05 unit root >0.10 unit root  0.8464 unit root

ADF DIFF KPSS DIFF DFGLS DIFF PP DIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0107 stationary >0.10 stationary <0.01 stationary  0.1045 stationary
FI  0.0002 stationary >0.10 stationary <0.01 stationary  0.0002 stationary
FR  0.0118 stationary >0.10 stationary <0.01 stationary  0.0035 stationary
DE  0.0001 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
IE  0.0001 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
IT  0.1104 stationary >0.10 stationary <0.05 stationary  0.0000 stationary
NL  0.0032 stationary >0.10 stationary <0.01 stationary  0.0021 stationary
NO  0.0017 stationary <0.05 unit root <0.01 stationary  0.0000 stationary
PT  0.0744 stationary <0.05 unit root <0.01 stationary  0.0686 stationary
ES  0.0863 stationary >0.10 stationary <0.01 stationary  0.1342 stationary
SE  0.0072 stationary <0.10 unit root <0.01 stationary  0.0000 stationary
CH  0.0009 stationary >0.10 stationary <0.01 stationary  0.0009 stationary
GB  0.0170 stationary >0.10 stationary <0.05 stationary  0.0135 stationary
US  0.0091 stationary >0.10 stationary <0.01 stationary  0.0100 stationary

ADF DIFFDIFF KPSS DIFFDIFF DFGLS DIFFDIFF PP DIFFDIFF
Null: Series has unit root Null: Stationary series Null: Series has unit root Null: Series has unit root

p-value result p-value result p-value result p-value result
DK  0.0029 stationary >0.10 stationary <0.01 stationary  0.0032 stationary
FI  0.0000 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
FR  0.0058 stationary <0.10 unit root >0.10 unit root  0.0000 stationary
DE  0.0001 stationary >0.10 stationary >0.10 unit root  0.0001 stationary
IE  0.0000 stationary <0.05 unit root <0.01 stationary  0.0001 stationary
IT  0.0005 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
NL  0.0004 stationary <0.10 unit root <0.01 stationary  0.0001 stationary
NO  0.0000 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
PT  0.0002 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
ES  0.0028 stationary >0.10 stationary <0.01 stationary  0.0001 stationary
SE  0.0006 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
CH  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary
GB  0.0001 stationary >0.10 stationary >0.10 unit root  0.0000 stationary
US  0.0000 stationary >0.10 stationary <0.01 stationary  0.0000 stationary

Figure 20: Country-specific unit root tests for Gini coefficients: ADF test results are the basis for
the automatized procedure deciding whether to include levels or first differences in the Granger
test equation. There are five out of fourteen cases in which the ADF reports trend-stationarity.
For all countries, ADF results are confirmed by one of the other tests. ADF results indicate no
I (2)-ness.
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