
Unconventional Monetary Policy and Household Credit Inequality

Ying Xu∗

October 20, 2021

The latest version: here

Abstract

Does unconventional monetary policy have a distributional effect on household credit? To answer this

question, I use granular data from the European Central Bank’s Household Finance and Consumption

Survey covering 17 countries in the euro area and compare household credit in the pre–Asset Purchase

Programme period with household credit in the post period. Analyses of credit changes among wealth

quintiles show that the credit gap between the top and bottom of the distribution widens, and the largest

increase in credit is among middle-wealth households after the policy implementation. The recentered

influence function regression and decomposition results suggest two potential policy transmission channels

for household credit inequality: (1) the credit bias channel, which is expected to increase inequality through

the assets valuation effect, and (2) the credit constraint channel, which is expected to reduce inequality by

facilitating access to credit for low- and middle-wealth households. Finally, an investigation of household

asset portfolios finds that property ownership and rising housing prices were the key drivers of household

financing decisions after the Asset Purchase Programme went into effect.

Keywords: unconventional monetary policy, household credit, distributional effect, Asset Purchase Pro-

grammes, inequality

JEL-Classification: E5, D63, D14

1 Introduction

In the aftermath of the global financial crisis, most central banks in advanced economies started experimenting

with different types of unconventional monetary policies, and the COVID-19 crisis is likely to extend the

use of these policies. In this paper, I focus on the experience of the European Central Bank (ECB) and
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specifically how the ECB’s net purchases of securities under the Asset Purchase Programme (APP) affected

the distribution of household credit. Although there is evidence that household credit increased markedly

after the ECB started implementing the APP (Figure 1), less is known about the distributional consequences

of this policy. Specifically, while there is research on the distributional effects of unconventional monetary

policy on income and wealth inequality (Colciago et al., 2019), to the best of my knowledge, there is no

evidence on how it affects inequality in access to credit. This is an important question because in the euro

area the distribution of household credit is more unequal than the distribution of household income (Denk

and Cazenave-Lacroutz, 2015; Zabai, 2017). In addition, the distribution of household credit matters because

an uneven credit expansion, especially one that is concentrated in the bottom of the distribution, can trigger

financial instability, as happened before the outbreak of the global financial crisis (Moore and Palumbo, 2010;

Philippon, 2015). With the lesson learned from the global financial crisis and the joint implementation of

macro-prudential policies, how has the credit distribution changed in this round of credit expansion? This

paper fills this gap and contributes to the literature on the distributional effects of unconventional monetary

policy, with a specific focus on household credit.

Figure 1: Annual Household Credit Growth Rates and APP Cumulative Net Purchases, Euro Area

Notes: This figure presents the growth rates of total lending to households, lending for consumption, and lending for

house purchase in the euro area(left axis). The black line is total loan to household, the blue line is lending for house

purchase, and the red line is lending for consumption. The yellow bar (right axis) is the cumulative net purchases

from the ECB Asset Purchase Programmes. The figure shows that right after the implementation of APP, all types

of household credit growth rates become positive.

The ECB reacted to the global financial crisis by injecting liquidity into the banking system to facilitate

policy transmission and stabilize markets in the euro area. The Securities Market Programme, which was

effective between 2010 and 2012, allowed the ECB to purchase bonds issued by Greece, Portugal, Ireland,

Spain, and Italy. In 2009 and 2011, the ECB initiated the first and second covered bond purchase programs.
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After the termination of these programs, at the end of 2014, the ECB initiated the expanded APP, which is

the focus of this paper. The (expanded) APP consists of the corporate sector purchase program, the public

sector purchase program, the asset-backed securities purchase program, and the third covered bond purchase

program. Compared with previous rounds of quantitative easing, the expanded APP conducts purchases of

several types of assets, and the amount of assets purchased is on a much larger scale. Moreover, the program

includes bonds issued by all euro area countries.

To measure the effect of the APP, I use data from the second and third waves of the ECB Household Finance

and Consumption Survey (HFCS). These two waves include data for 2014, right before or at the beginning

of the APP policy (“pre-APP” period), and 2017, during the period of policy implementation (“post-APP”

period). With a sample of more than 138,000 observations from 17 countries in the euro area, I use this

household-level granular data set to answer three critical questions on household credit inequality. First, does

the APP policy increase credit inequality, or does it grant poorer households more access to credit? Second,

how to explain the mixed effects of the policy on the distribution of credit, and what are the policy transmission

channels? Third, what is the role of household asset portfolios in credit expansion and credit distribution?

To answer the first question on how APP affects credit inequality, I divide the households into wealth

quintiles. By interacting the quintile dummies with the policy dummies (pre-APP and post-APP dummies)

and using the top quintile as the base, I analyze how different wealth quintiles, relative to the top quintile,

adjust their financing behaviors after the APP compared with the pre-APP period. To control for other

unconventional monetary policies, such as negative interest rates implemented by the ECB and macroprudential

policies implemented by national central banks during the sample period, I add country-year fixed effects to

exclude all time- and country-varying macroeconomic factors. I also control for household characteristics,

such as the household reference person’s education, employment, household type, income, homeownership,

and access to credit. The main findings are that the bottom wealth quintile has the smallest increase in credit,

and the middle wealth quintile has the largest increase in credit compared with the top wealth quintile after

the APP implementation. Based on these results, I propose that there is a credit bias channel, which takes

root in traditional bank lending behavior and is amplified due to the increases in asset prices and market

liquidity following the APP. The credit bias channel can further increase credit inequality, especially between

households in the bottom and top quintiles, as the bottom usually has no assets while the top has plenty of

assets. However, the credit bias channel can also boost credit for households in the middle wealth quintiles,

which typically have some assets that appreciate after the policy and thus banks are more likely to extend

credit to those households.

The second channel is the credit constraint channel. Bernanke (2015) and Montecino et al. (2015) emphasize

the mortgage refinancing channel of quantitative easing for reducing inequality. They argue that homeowners

with mortgages can benefit from easing policy by refinancing at a lower interest rate. In Europe, the conditions

for refinancing are more demanding than those in the United States, but my paper provides supporting evidence
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for this channel in Europe. I find that households in the middle wealth quintiles, especially those with higher

education, are the most likely to refinance after the APP. Moreover, on average, 60% of residence purchases

contribute to new housing mortgages. After the APP, an additional 7.4% of household residence purchases led

to new household mortgages. These are the households at the margin that were credit constrained before the

APP, and now they can purchase houses with extended access to credit. Although the residence purchases are

mainly from the higher wealth quintiles, compared with the existing owners, the new homeowners are mostly in

the second wealth quintile (the bottom 20%-40% wealth group) in the post-APP period. This finding implies

the existence of a credit constraint channel; that is, previously credit-constrained households now have access

to credit due to the easing of credit conditions. The credit constraint channel can partially compensate for

the existing credit inequality.

To quantify how much each channel contributes to the equalizing or dis-equalizing effect of household

credit after the APP, I apply a recentered influence function (RIF) regression jointly with the Oaxaca-Blinder

decomposition method proposed by Firpo et al. (2018). I use household access to credit to represent the

credit constraint channel and household income and wealth to represent the credit bias channel. I estimate

their contributions to the inequality of household debt in the pre-APP and post-APP periods, as well as their

contributions to the change in credit inequality between the two periods. Overall, there is a minor increase in

household credit inequality after the APP, measured by statistics such as the share of liability held by the top

indebted households and Gini-type coefficients. But looking at the decomposition results of each component,

it shows that the credit constraint channel in total contributes to a decrease in credit inequality. In contrast,

the credit bias channel in total contributes to an increase in credit inequality.

Finally, an investigation of household portfolios suggests that household investment in property and rising

property prices are the main drivers of the credit expansion after the APP policy. The APP raises asset prices,

especially housing prices in Europe, which leads to the most benefits for the households that own the most

property. Therefore, the greatest increase in mortgages is among households in the third and fourth wealth

quintiles, with property as the primary component of their total portfolio. Meanwhile, the gap between the

top quintile, which has the highest average property ownership rate, and the bottom, which has the lowest

average property ownership rate, widens after the APP.

This paper contributes to three strands of literature. The first is the empirical research on the distributional

effects of central bank policies. A survey by Colciago et al. (2019) summarizes the burgeoning literature on the

relationship between central bank policies and inequality: the findings on the impact of conventional monetary

policy, in general, conclude that higher inflation increases inequality, while the findings on the impact of uncon-

ventional monetary policy are mixed. Studies show that unconventional monetary policy stimulates economic

activity, improves employment, and thus increases household income, which reduces inequality (Bivens, 2015;

Hohberger et al., 2020; Guerello, 2018). However, unconventional monetary policy also favors richer people by

boosting asset prices, which increases inequality (Montecino et al., 2015; Domanski et al., 2016; Saiki and Frost,
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2014). Others insist that monetary policy is ”neutral,” without a long-term effect on inequality (Bernanke,

2015).

Household credit, or household debt, is another topic that has been widely discussed over the past decade.

Some researchers find that household credit has been an early and powerful predictor of the recessions in the

past (Mian et al., 2011). As many studies show, excessive leverage contributes to weakness in consumption

during recessions (Mian et al., 2013; Mian and Sufi, 2018; Dynan et al., 2012; Bunn and Rostom, 2014).

And this effect is more likely to be amplified if the debt is concentrated among households that are credit

constrained and less likely to self-insure (Zabai, 2017), which are usually those in the bottom quintiles of the

income and wealth distributions. Therefore, both the aggregate increase in household debt and its distribution

among different household groups are important concerns of central banks. This paper focuses on household

credit distribution following an unconventional central bank monetary policy.

This paper is also based on the broad literature on the impact of unconventional monetary policy and

household credit as a transmission channel of unconventional monetary policy. Studies show that unconven-

tional monetary policy contributes to declines in long-, medium-, and short-term interest rates (d’Amico et al.,

2012; Glick et al., 2013; Joyce et al., 2011; Eser and Schwaab, 2016; Andrade et al., 2016), and has an up-

ward effect on real gross domestic product and inflation (Gambetti and Musso, 2017), lowers volatilities and

default-risk premiums (Gilchrist and Zakraǰsek, 2013; Eser and Schwaab, 2016), eases funding conditions and

market liquidity (Szczerbowicz, 2018; Chakraborty et al., 2020), increases bank credit supply (Garcia-Posada

and Marchetti, 2016; Carpinelli and Crosignani, 2017; Chakraborty et al., 2020), leads to depreciation of the

currency, and increases international capital flows (Georgiadis and Gräb, 2016). There are several channels for

the transmission of unconventional monetary policy, including the signaling channel, the portfolio rebalancing

channel, the exchange rate channel, the inflation channel, the duration and the credit channel (Gambetti and

Musso, 2017; Sahuc, 2016; Altavilla et al., 2015). Studies on the credit channel mostly focus on increased credit

to firms, and not so much on the household sector. The studies by Di Maggio et al. (2020) and Di Maggio et al.

(2017) are closest to this paper. They investigate the effects of policy on household credit and consumption.

They find that quantitative easing in the United States has led to mortgage rate reductions, increased origi-

nations of new mortgages by banks, increased refinancing activities, reduced interest payments for refinancing

households, and a positive consumption response.

The rest of the paper proceeds as follows. Section 2 presents the data I use for the analyses. Section 3 focuses

on cross-quintile analyses of changes in household credit after the APP. Section 4 measures the transmission

channels of the APP. Section 5 examines the role of household asset portfolios in APP transmission. Sections

6 and 7 document several extensions and robustness tests, respectively. The last section concludes.

5



2 Data

My main data source is the ECB HFCS, a granular household-level data set. Countries that participated in

the second wave of the HFCS survey mainly collected data in 2013 and 2014. This was the period right before

or at the beginning of the implementation of the APP policy, so I call it the “pre-APP” period (APP = 0).The

countries that participated in the third wave of the HFCS survey mainly conducted their fieldwork in 2016,

2017, and 2018. This is the period during the APP implementation, and I call it the “post-APP” period

(APP = 1). To make the data comparable between the pre-APP and post-APP periods, I selected countries

that participated in both the second and third waves of the survey. In total, there are 17 euro area countries in

the sample. These countries do not always have panel data available for the analyses: only 10 countries have

a panel component in their surveys. Even for the countries with a panel component, some of the households

that do not have data for both periods. The other seven countries have entirely different households surveyed

in each round. To have the maximum available observations in the sample, I pool all the countries from the

two rounds and use these pooled data for the regression analyses. Table A.1 summarizes the reference years

and number of observations for each country in the sample. The number of observations for each country is

comparable between the two rounds but not comparable across different countries. Countries such as France

and Finland have a much bigger sample than other countries relative to their population size. As discussed in

section 3, I use weights to solve the unbalanced sample problem.

Table 1 lists the dependent and independent variables used in the analyses and the definitions of the

variables. To simplify the economic interpretation of the regression results, most of the dependent variables

are dummy variables. There are two groups of dependent variables. The first group is credit-related variables,

which I employ to examine the distributional effect of the APP. This group includes variables on whether

households have applied for the credit, have household main residence mortgages, have consumer credit,

have refinanced, have purchased their main residence, have new mortgages for residence purchases, and the

outstanding balance of household debt. Specifically, I use the outstanding balance of household liabilities as

the dependent variable for the RIF regressions and decomposition analysis. The second group of dependent

variables is households’ ability to repay debt, including the debt-to-income (DTI) and loan-to-value (LTV)

ratios, which are analyzed in the section on extensions.

For the explanatory variables, I mainly use household-level variables. Studies find that education, wealth,

income (Andersen et al., 2015), household head’s employment status (Zhu and Meeks, 1994), and homeown-

ership (Parker et al., 2013) are the determinants of households’ credit behavior. Hence, in my analyses, the

household-level variables include the household reference person’s education level, employment status, home-

ownership, total household gross income, household wealth, access to a credit card, access to overdraft facilities,

rent payment, and household debt other than the household’s main residence mortgages. On household wealth,

I further decompose household portfolios. I calculate the share of each asset category among household total

assets, including shares of property, non-publicly traded business, deposits, risky financial assets, stocks, and
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Table 1: Definitions of Variables

Variable Definitions
Dependent variables
CreditApplication = 1 if household has applied for credit in past 3 years; = 0 otherwise.

NewMortgage

For wave2, if Y earMortgage = 2013/2014, NewMortgage = 1; = 0 otherwise;
For wave3, if Y earMortgage > 2014, NewMortgage = 1; = 0 otherwise,
where Y earMortgage is the year when the last loan taken/refinanced using
household main residence (HMR) as collateral.

BalanceMortgage Outstanding balance of HMR mortgages. (Unit: Euro)
BalanceConsumption Outstanding balance of consumer credit. (Unit: Euro)
ConsumerCredit = 1 if BalanceConsumption > 0; = 0 otherwise.

Purchase
For wave2, if Y earAcq = 2013/2014, Purchase = 1; = 0 otherwise;
For wave3, if Y earAcq > 2014, Purchase = 1; = 0 otherwise,
where Y earAcq is the year of HMR acquisition.

Refinance = 1 if the HMR mortgage is a refinancing mortgage; = 0 otherwise.

MortgagePurchase
= 1 if NewMortgage× Purchase = 1,
i.e., household has new mortgages for new residence purchases; = 0 otherwise.

DTI Debt-to-income ratio.
LTV Loan-to-value ratio of the main residence.
BalanceLiability Outstanding balance of household total liabilities. (Unit: Euro)
Independent variables
APP = 1 if survey conducted after 2014 (wave3); = 0 otherwise.

OthMortgage
= 1 if household has other property debt other than HMR mortgages;
= 0 otherwise.

BalanceOthMortgage Outstanding balance of mortgages on other properties. (Unit: Euro)
Ownership = 1 if household has the ownership of the main residence; = 0 otherwise.

Owned
For wave2, if Y earAcq < 2013, Owned = 1; = 0 otherwise;
For wave3, if Y earAcq < 2015, Owned = 1; = 0 otherwise.

Age Age of the household reference person.

Edu
Education level of the household reference person, the higher value the
more advanced education level.

Employ = 1 if the household reference person is employed; = 0 otherwise.
Income Total household gross income. (Unit: hundred thousands Euro)
q.Income Quintile of gross income, per country, weighted, q ∈ [1, 5].
Wealth Household gross wealth. (Unit: million Euro)
q.Wealth Quintile of gross wealth, per country, weighted, q ∈ [1, 5].
CreditCard = 1 if household has credit card; = 0 otherwise.
Overdraft = 1 if household has credit line or overdraft facility; = 0 otherwise.
Rent Monthly amount paid as rent. (Unit: Euro)

HouseholdType
Dummies, 10 types based on characteristics of household composition.
Details in Appendix B.

SshareProperty market value of properties household owns divided by household total assets, %

ShareBusiness
market value of household investments in not publicly traded business
divided by household total assets, %

ShareRiskyAsset
market value of household investments in risky assets divided by
household total assets, %; risky assets include shares, bonds,
mutual funds, managed accounts, or other financial assets.

ShareDeposits
value of household sight accounts and saving accounts divided by
household total assets, %

ShareBonds market value of household investments in bonds divided by household total assets, %
SharStocks market value of household investments in stocks divided by household total assets, %
DepositsReturn annualized interest rates on deposits with a maturity of up to one year, %
StocksReturn annual return on national stock market index, %

BondsReturn
annualized secondary market yields of government bonds with maturities of
close to ten years, %

PropertyReturn annual growth rates of housing price index, %
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bonds. Among all the explanatory variables, if there is direct corresponding data available from the HFCS

survey, I apply the definitions from the survey. If the definitions are not directly available, I construct them

based on the available data. For example, I define the variable BalanceConsumption as the total outstand-

ing balance of private loans (for purposes 4 and 81 ), non-collateral loans (for purposes 4 and 8), and credit

card debt. I construct variables such as NewMortgage and Purchase using the directly available variables

Y earMortgage and Y earAcq. I also include the household type (HouseholdType) as the control variable,

following the classification proposed by the HFCS survey. Table B.1 shows the definitions and distributions of

10 household types. The sample has good and complete coverage of all types of households.

Table 2: Summary Statistics

Variable Obs Mean Std. Dev. Min Max Country no data
CreditApplication 138,775 0.219 0.414 0 1
NewMortgage 117,571 0.0390 0.194 0 1 FI
BalanceMortgage 138,811 27,158 77,837.36 0 5,500,000
BalanceConsumption 138,811 1,703.382 12,431.7 0 2,600,000
ConsumerCredit 138,811 0.192 0.394 0 1
Purchase 117,571 0.0260 0.159 0 1 FI
Refinance 117,571 0.0462 0.210 0 1 FI
MortgagePurchase 117,571 0.0149 0.121 0 1 FI
DTI 138,811 70.952 4,004.911 0 812,035
LTV 34,261 0.492 0.508 0 25.133
BalanceLiability 138,811 43,419.61 163,452.2 0 3.05E+07
APP 138,811 0.504 0.500 0 1
OthMortgage 138,749 0.0645 0.246 0 1
BalanceOthMortgage 138,811 9,884.762 125881.3 0 3.05E+07
Ownership 138,811 0.722 0.448 0 1
Owned 138,811 0.572 0.495 0 1
Age 126,592 55.254 16.0379 16 85 IE, MT
Edu 138,452 3.267 1.407 1 5
Employ 138,811 0.583 0.493 0 1
Income 138,810 0.527 0.808 -1.620 55.195
Wealth 138,729 0.436 2.0848 -0.000592 369.452
CreditCard 138,811 0.318 0.466 0 1
Overdraft 138,811 0.282 0.450 0 1
Rent 138,811 116.680 275.899 0 7,770
ShareProperty 138,811 0.594 0.394 0 1
ShareBusiness 137,334 0.0301 0.118 -1.197 1
ShareRiskasset 137,334 0.0239 0.0867 0 1
ShareDeposits 137,334 0.162 0.260 -0.984 1
ShareBonds 137,334 0.00404 0.0345 0 0.994
ShareStocks 137,334 .00916 0.0502 0 1
DepositsReturn 133,392 0.856 0.577 0.03 2.63
StocksReturn 138,811 -19.180 271.108 -2,815 35.755
BondsReturn 138,811 1.738 1.724 0.3 8.42
PropertyReturn 138,811 2.321 4.625 -8.0292 15.561

Because of the HFCS questionnaire’s initial setup, there are limitations in the data and variables I can use.

The survey defines the variable CreditApplication as whether households had applied for credit in the past

1In the survey, households provided their purposes for each type of the credit. Purpose 4 is “buy a vehicle or other means of
transport,” and purpose 8 is “cover living expenses or other purchases.”
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three years. Three years is a relatively long period for the policy event I study in this paper. Luckily, most

countries have third-wave surveys that were conducted in 2017, so the past three years (2015-2017) would still

be within the post-APP period. For the second wave, the past three years are mostly 2012-2014, which is

during the pre-APP period. Therefore, this variable is valid for my analyses. Data on net income are not

available, so I replace it with household gross income for my analyses. Lastly, for some variables, data are not

available for some countries. In each regression, I make use of as many observations as possible. For Finland,

data are not available for the variables NewMortgage, Refinance, Purchase and MortgagePurchase. So

for the regressions on mortgages, refinancing, and residence purchases, I cannot include Finland. For Ireland

and Malta, the data for Age is not available. Therefore, in the baseline regressions, I do not include Age. But

in the robustness tests, I add Age to the baseline, and results are consistent.

In addition, I have national-level data on asset returns as explanatory variables for the analyses on the

asset valuation effects of the APP. I use growth rates of the national housing price index as returns on property

and secondary market yields of government bonds with maturities of close to 10 years as returns on bonds.

And I use bank interest rates on deposits with a maturity of up to one year as returns on deposits. The data

source for the property price index, bond yields, and deposit interest rates is the ECB database. Additionally,

I use returns from the national stock market index for stocks, and the data source is Datastream. Table 2

presents the summary statistics and the availability of the data for each variable.

3 Distributional Effects among the Quintiles

3.1 Empirical Strategy for Cross-Quintile Analyses

I start my empirical analyses by comparing changes in household credit among the wealth quintiles after the

implementation of the APP. I use weighted least squares regressions to correct unbalanced sample sizes in

different countries. Countries such as France and Finland have relatively more observations in the sample

than other countries, considering each country’s population size. Adding weights in the regression can correct

this sample selection bias. The weights are directly available from the HFCS data set and are the inverse of

the probability that a household is in the sample. The sum of the weights over all households in the sample is

an estimation of the total number of households in the population of each respective country2. When creating

the quintile dummy variables, I also consider the weights. After adjusting by weights, the sample matches the

actual population size in each country.

By interacting the policy variable with different wealth or income quintiles in the regressions, I can examine

the distributional effect of the APP policy, that is, the impact of the policy on each quintile. Model (1) measures

2accroding to the HFCS user guide
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the changes in credit among different quintiles after the APP compared with the pre-APP period.

creditijt =

4∑
q=1

β1,qAPPt × q.Quintileijt +

4∑
q=1

β2,qq.Quintileijt + β3HCijt + γjt + εijt, (1)

In the model, creditijt is a set of credit-related dependent variables for household i in country j in year t, includ-

ing CreditApplicationijt, NewMortgageijt, ConsumerCreditijt, BalanceMortgageijt, BalanceConsumptionijt,

Purchaseijt, and Refinanceijt. APPt is the pre-APP and post-APP policy dummy. q.Quintileijt are dummy

variables that identify which quintile q household i belongs to. In the baseline model, I present regression results

using different wealth quintiles. Therefore, q.Wealthijt will replace q.Quintileijt in Model (1). q.Wealthijt

are dummy variables that define which wealth quintile q household i belongs to. For example, 1.Wealthijt = 1

means the household’s wealth is in the bottom 20%. In addition, I test the results based on different income

quintiles, q.Incomeijt. Since there are five groups of households, I use the top quintile as the base for the

regressions to present the inequalities between the top quintile and other quintiles. β1,q are thus the key

coefficients for my analyses, representing the relative change in credit in each quintile q after the APP policy,

compared with the top quintile. HCijt contains variables describing different household characteristics, such

as the reference person’s education level, age, employed or not, gross income, wealth, access to a credit card,

access to overdraft facilities, house ownership, and household type. When I compare policy effects across

the wealth quintiles, I drop wealth from HCijt. Similarly, when I compare policy effects across the income

quintiles, I drop income from HCijt.

A potential concern with this strategy is that the effects I estimate could result from several ECB policies

in the same period. On the one hand, there were other unconventional monetary policies, such as negative

interest rates, and the targeted longer-term refinancing operations (TLTROs), implemented by the ECB at

the same time, which also injected liquidity into financial institutions and encouraged them to provide credit

to the private sector. The first and second series of TLTROs initiated in 2014 and 2016, overlapping the APP

implementation period. The TLTROs targeted banks’ lending to nonfinancial corporations and households,

but they excluded loans to households for house purchases. In the euro area, household credit for house

purchases accounts for 76% of total household credit (based on ECB data, December 2019). Figure 1 reassures

that the total household credit growth rate closely follows the credit growth rate for house purchases. In this

paper, because I only focus on the household sector and mainly mortgages, so the results should be mostly

driven by the APP policy rather than the TLTROs.

On the other hand, during the post-crisis period, there were macroprudential policies that may have nega-

tively affected household credit expansion. Based on the macroprudential policy database collected by Budnik

and Kleibl (2018), six countries among the 16 countries in my sample3 have a history of using macroprudential

3The six countries are Cyprus, Greece, Latvia, the Netherlands, Slovenia, and Slovakia, excluding Finland, for which household-
level mortgage data were not available. Finland implemented a loosening policy in 2014 and then a tightening policy in 2016 on
LTV limits.
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policies on banking lending standards restrictions, such as LTV limits and/or debt service-to-income (DSTI)

limits. After the global financial crisis, only four countries introduced new, related tools or revised the level

of existing tools4. Cyprus had both loosening and tightening policies from 2007 to 2013. The total effect was

ambiguous as the direction of the policy changed frequently. Latvia tightened from 2007 to 2009 but loosened

in 2014. Slovakia and the Netherlands are the only two countries that gradually tightened their LTV and

DSTI limits from 2013 to 2018, which could conflict with the APP policy I discuss in this paper. However,

the change was not large. Taking the Netherlands as an example, the LTV limits decreased by 1% every year,

from 106% in 2013 to 100% in 2018. Therefore, for the pre-APP and post-APP periods, most of the countries

should face the same policy on LTV and DSTI limits, or they did not have a related macroprudential policy

on household credit.

To control for, or at least partially mitigate, the enhancing or offsetting effects of these unconventional

and macroprudential policies, I add year-country fixed effects, γjt, to the baseline model. The year-country

fixed effects control for all euro area–level time- and country-varying factors, such as the ECB interest rates,

national homeownership rate, national housing market, average household LTV and DSTI ratios, level of

financial market development, and household consumption preference. But as a cost, the variable APPt itself

is dropped from the model due to collinearity. Thus, I cannot directly estimate the effects of the APP on each

quintile, but I can present the relative policy effects between the top and other quintiles of the distribution.

3.2 Cross-Quintile Analysis Results

Following the strategy discussed, I find that the increase in household sector credit after the APP is unequal

among the different wealth quintiles. First, compared with the top quintile, the bottom wealth quintile

increased its credit the least, while the middle wealth quintile increased its credit the most after the APP.

Second, households in the middle wealth quintile, especially those with higher education, increased refinancing

the most after the APP. Third, on average, 60% of residence purchases lead to new mortgages. However, the

ratio is 7.4% higher in the post-APP period than in the pre-APP period. Meanwhile, households in the second

quintile contributed the most to residence purchases among all homeowners after the APP.

I first show the distributional effect of the APP policy at the extensive margin, which is the relative

increase in household participation in the credit market. Figure 2 analyzes three credit-related dependent

variables: CreditApplication, NewMortgage, and ConsumerCredit. All three variables are dummy variables,

representing whether households applied for credit or not, have new household main residence mortgages or

not, and have consumer credit or not, respectively. Figure 2 plots the estimated key coefficients β1,q for each

quintile q in Model (1) and the 95% confidence intervals for these chosen dependent variables. The y-axis

shows the household wealth quintiles. The bottom quintile is 0-20%, that is, q = 1. A negative value of β

for a quintile, such as -0.05, indicates that households in that quintile are 5% less likely to have that specific

4Greece has not had a new LTV or DSTI policy after 2005. Slovenia has not had a new LTV policy after the first introduction
of the tool in 1991.
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type of credit than the top quintile after the APP. A positive value of β, such as 0.02, by contrast, indicates

that households in that quintile are 2% more likely to have that specific type of credit than the top quintile

after the APP. The trends are similar for all three credit variables. The estimated coefficients for the bottom

quintile are all negative, while the estimated coefficients for the middle quintile are all positive. Especially for

household new mortgage holdings and credit applications, the inequality is large between the top and bottom

of the distribution because the blue and red dots for the bottom quintile are far to the left of the zero vertical

line. The middle quintile has the largest increases in both holdings of new mortgages and consumer credit,

compared with other households, after the APP, as the green and red dots for this quintile are to the right of

the zero vertical line.

Figure 2: Household Credit among Different Quintiles at the Extensive Margin

Notes: This figure presents APP effects on household credit changes at the extensive margin for each wealth quintile.
On the x-axis, it is the value of estimated coefficients β1,q of interaction terms and the 95% confidence intervals from
regressions. On the y-axis, 0-20% represents the bottom 20% of the wealth distribution. I examine three dependent
household credit variables (dummies): credit application, holding new household main residence mortgages, and
holding consumer credit.

Figure 3 looks at the policy’s distributional effects at the intensive margin, which is how much each

household increases its borrowing. I analyze the relative increases in the outstanding balances of household

main residence mortgages and consumer credit among the wealth quintiles. Again, I plot the estimated

coefficients β1,q for each quintile q in Model (1) and the 95% confidence intervals for these two dependent

variables. The y-axis shows the household wealth quintiles. A negative value of β for a quintile, such as -5000,

indicates that households in that quintile are likely to have 5,000 euros less in outstanding household main

residence mortgages (or consumer credit) compared with the top quintile after the APP. A positive value of

β, such as 500, by contrast, indicates that households in that quintile are likely to have 500 euros more in

outstanding consumer credit (or household main residence mortgages) compared with the top quintile after the

APP. On the left-hand side of Figure 3, the dots for the bottom two quintiles are to the left of the zero vertical
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line, which implies that for households in the bottom 40% wealth group, their outstanding mortgage balances

increased by much less than those of the top quintile after the APP. So the bottom two wealth quintiles

increased the least not only in their chance of holding a mortgage, but also in the outstanding amount of their

mortgages. The right-hand side of Figure 3 implies that the middle wealth groups (20%-60%), their consumer

credit balance increased much more than that of the top quintile after the APP. So the middle wealth quintile

had the greatest increase not only in their chance of holding consumer credit, but also the amount they borrow

for consumption.

Figure 3: Household Credit among Different Quintiles at the Intensive Margin

Notes: This figure presents APP effects on household credit changes at the intensive margin for each wealth quintile.
On the x-axis, it is the value of estimated coefficients β1,q of interaction terms and the 95% confidence intervals from
regressions. On the y-axis, 0-20% represents the bottom 20% of the wealth distribution. I examine two dependent
household credit variables: outstanding balance of household main residence mortgages, and outstanding balance of
consumer credit (unit: Euro).

Next, I study what drives the change in household mortgages. Several authors have emphasized the

central role of mortgages as the transmission channel for consumption, primarily through refinancing existing

mortgages or origination of new mortgages (Beraja et al., 2019; Eichenbaum et al., 2018; Cloyne et al., 2020;

Hedlund et al., 2017; Agarwal et al., 2015). Mortgages that were carried out after the APP were mainly for

refinancing and new residence purchases. Refinancing mortgages replace old mortgages, usually with better

terms. Mortgages for new residence purchases are instead defined as mortgages contracted in the same year

as residence purchases. I estimate that refinancing accounts for 15.8% of new mortgages before the APP and

44.4 % of new mortgages after the APP. Mortgages for new residence purchases increased from 38.2% of new

mortgages before the APP to 40.1% of new mortgages after the APP.

Figure 4 illustrates the relative increase in refinancing decisions after the APP among different household

groups. Specifically, I differentiate households by their reference person’s education level. I group households

whose reference person’s education level is below upper secondary in “low edu” and for those with higher
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Figure 4: Household Credit among Different Quintiles: Refinancing

Notes: This figure presents how APP affects the probability of mortgage refinancing across wealth quintiles and
education groups. On the x-axis, it is the value of estimated coefficients β1,q of interaction terms and the 95%
confidence intervals from regressions. On the y-axis, 0-20% represents the bottom 20% of the income or wealth
distribution. I further differentiate high-education (in red) and low-education (in blue) households from the total
sample (in green).

education levels in “high edu.” The results in Figure 4 show that for the low edu group, there is no difference in

refinancing among the different wealth quintiles. But for the high edu group, the middle wealth quintile had the

greatest increase in refinancing after the APP. The high education households drive the increase in refinancing

among the wealth quintiles. This is not surprising because the refinancing decision involves calculations of the

relative loss in paying the penalty and benefit from the better loan terms. These calculations require a certain

degree of financial literacy, which can be explained by the reference person’s education level.

Next, I present the effect of the APP on residence purchases and the related effect on mortgages following

new residence purchases. Fuster and Zafar (2015) suggest that monetary policies can affect the housing market

by the sensitivity of housing demand to mortgage rates and available leverage. A relaxation of down payment

constraints has a large effect on households’ willingness to pay, especially for relatively poorer and more credit-

constrained borrowers. Table 3 shows the regression results on the relationship between residence purchases

and new household main residence mortgages. The dependent variable is new household main residence

mortgages. The first column in Table 3 considers all samples in both periods. On average, controlling for all

other household characteristics, together with the year-country fixed effects, approximately 60% of residence

purchases contribute to new mortgages. Column 2 in Table 3 distinguishes the contributions of residence

purchases to mortgages before and after the APP. The coefficient of the interaction term (Purchase×APP )

is 0.074, which means that after the APP, an additional 7.4% of the residence purchases contribute to new

mortgages. This 7.4% is precisely from households at the margin who wanted to buy new houses but were

previously credit-constrained. Therefore, more households buy new houses with available mortgages after the
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APP.

Table 3: Residence Purchases and New Household Main Residence Mortgages

Dependent Variable: New Mortgages
(1) (2)

Purchase 0.601*** 0.551***
(0.0187) (0.0310)

Purchase×APP 0.0740*
(0.0376)

Owned 0.0498*** 0.0498***
(0.00257) (0.00256)

Household characteristics Y Y
Household types FE Y Y
Year×Country FE Y Y
N 117149 117149

Notes: Standard errors in parentheses, * p < 0.1, ** p < 0.05, ***
p < 0.01. This table presents the relationship between residence
purchases and new household main residence mortgages, and the
APP effects on this relationship.

As there is a rising chance of carrying new mortgages following residence purchases after the APP, it is

worth analyzing the change in residence purchases across the household wealth distribution. Figure 5 provides

details on who is buying new residences. I run the same regressions as Model (1) and plot the coefficients of the

interaction terms for each quintile in Figure 5. The dependent variable is purchase, and I exploit three groups

of observations to run the same regression: the full sample, the subsample of households that are homeowners,

and the subsample of households that previously were renters. For all households and previous renters, the

lower the quintile of households is, the less likely it is that they make new purchases of the main residence after

the APP. But the regression results for the owners’ group are different. The red dot for the bottom 20%-40%

quintile is to the right, rather than to the left, of the zero vertical line. Therefore, the lower wealth quintiles

are generally less likely to buy new residences, but compared with existing homeowners, the new homeowners

are mostly from the bottom 20%-40% wealth quintile after the APP.

In addition to the analyses across wealth quintiles, I also examine the changes in credit after the APP

policy across income quintiles. Similar to the results for wealth quintiles, the credit gap between the top and

bottom of the income distribution increases after the policy implementation. But different from the results on

the wealth distribution, the middle-income households do not increase their credit the most after the policy.

Instead, on average, the lower their income quintile is, the less likely the households were to increase their

credit. This conclusion holds both at the extensive and intensive margins. For household refinancing and

residence purchases, no matter the education level or previous home ownership status, the lower their income

quintile is, the less likely the households were to increase refinancing and residence purchases. These results

from the income quintiles suggest a potential key role of household wealth in APP transmission, which I will

discuss further in the following sections.

The empirical findings I have discussed so far signal two main conclusions. First, the APP policy widens
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Figure 5: Household Credit among Different Quintiles: Residence Purchases

Notes: This figure presents residence purchases after the APP across wealth quintiles. On the x-axis, it is the value
of estimated coefficients β1,q of interaction terms and the 95% confidence intervals from regressions. On the y-axis,
0-20% represents the bottom 20% of the wealth distribution. I further differentiate households with different home
ownership, i.e., previous renters (in green), and owners (in red) from the total sample (in blue).

the credit gap between households in the top and bottom quintiles of the income and wealth distributions.

Second, households in the second and middle wealth quintiles are the most active participants in this round

of credit expansion following the policy implementation. They have relatively greater increases in refinancing,

residence purchases with new mortgages, and consumer credit compared with the other groups.

How to explain these distributional effects, and what is the policy transmission mechanism? I propose two

potential channels that can rationalize the above results. The first channel is the credit bias channel. Banks

naturally prefer to have richer clients, who are usually less risky and have proper collateral for credit, holding

other factors the same. The APP policy boosts asset prices, which makes the rich richer. As a result of this

wealth effect, banks lend relatively more to the richer and relatively less to the poorer. This preference can

also explain why the middle wealth quintile has the greatest increase in credit after the policy implementation.

From the supply side, some assets of the middle-wealth households appreciated after the policy, such as

properties, which make banks more willing to lend. And from the demand side, the middle-wealth households

need credit more compared with the higher end of the wealth distribution. The second channel is the credit

constraint channel. With the liquidity injection and credit condition loosening thanks to the APP policy,

banks can lend to previously credit-constrained households. Households in the lower and middle quintiles of

the wealth distribution now have access to credit, especially new mortgages. On the one hand, the greater

increase in refinancing by the middle wealth quintile signals that now they have access to cheaper credit or

a larger amount of credit by refinancing their previous more expensive or limited-amount mortgages. On the

other hand, compared with the pre-APP period, there is an additional 7.4% of residence purchases associated
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with new mortgages, while previously only 55% of households carried out a mortgage following the residence

purchase. This 7.4% of households is exactly those who were at the margin, that is, those who wanted to buy

new residences but were credit constrained. The loosening of credit constraints contributes to the relatively

higher increase in homeownership for the bottom 20%-40% wealth quintile.

4 Credit Bias and Credit Constraint Channels

The empirical evidence presented in section 3 indicates that the APP policy raised the existing credit gap

between the top and bottom of the wealth distribution, but the middle-wealth households increased their credit

the most after the policy was implemented. To explain these distributional effects of the policy, I propose two

potential channels of policy transmission, the credit bias channel and the credit constraint channel, which have

divergent outcomes on the household credit distribution. In this section, I estimate the contribution of each

channel using RIF regression and decomposition.

4.1 RIF Regression and Decomposition

I run the RIF regression jointly with the Oaxaca-Blinder decomposition method to analyze the policy trans-

mission channels and their contributions to changes in credit inequality. Firpo et al. (2009) propose the RIF

regression to compensate for the limitation of the widely used quantile regression method in the empirical

literature. The conventional quantile regressions are actually conditional quantile regressions, so the impact

of a covariate it measures is conditional on the specific values of other covariates. Results from conventional

quantile regressions cannot be generalized to the unconditional population counterparts. Thus, we cannot use

them to measure the more general policy or economic impact of a change in X on on certain distributional

statistics of the overall distribution of Y . To understand and interpret a policy effect, such as how the APP

policy affects household credit inequality, I need to use the (unconditional) RIF regression method. The coef-

ficients estimated from the RIF regression can be interpreted as the usual ordinary least squares coefficients.

In addition, the RIF method is not limited to quantiles but applies to many other distributional statistics.

Furthermore, the RIF decomposition method proposed by Firpo et al. (2018) extends the traditional Oaxaca-

Blinder decomposition method, which allows estimating the effects of covariates on inequality measures, such

as the Gini coefficient, variance, quantiles, ratios, and other distributional statistics. The Oaxaca-Blinder

decomposition method, however, is limited to the mean.

The influence function (IF) is a tool to quantify the effect of a perturbation on some given distribution,

and it can check the robustness of distributional statistics (Cowell and Flachaire, 2015). Firpo et al. (2009)

propose using an IF, especially an RIF, to analyze the impact of changes in the distribution of the explanatory

variables on the unconditional distribution of an outcome variable. Given distribution FY , the influence
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function of statistic ν is defined as

IF (yc; ν(FY )) = lim
ε→0

ν((1− ε)FY + εHyc)− ν(FY )

ε
(2)

where Hyc is a probability distribution with all its mass at point yc. The IF quantifies how statistics ν changes

if distribution FY is contaminated by a small amount of data mass at point yc. That is, the IF quantifies the

influence of data point yc on ν. The recentered version of the IF, that is, the RIF, proposed by Firpo et al.

(2009), has the same properties as the IF, but it is crucial for implementing RIF decomposition. The RIF is

equivalent to the first two terms of the Mises (1947) linear approximation of the corresponding distributional

statistic ν:

RIF (yi; ν(FY )) = ν(FY ) + IF (yi; ν(FY )) (3)

I adopt the following three steps. The first step of the procedure is to estimate the RIF statistics

(RIF (Y ; ν)) of dependent variable Y for each observation for a chosen distributional statistic ν. In the

second step, I estimate a set of regressions in which the dependent variable Y is the estimated RIF statis-

tics, RIF (Y ; ν), computed in the first step. The coefficients of these regressions show how changes in each

explanatory variable X contribute to credit inequality, measured by the above-mentioned distributional statis-

tics ν. In the last step, I apply the RIF decomposition by extending the classic Oaxaca-Blinder decomposition

method to decompose the chosen distributional statistics ν. From this step, I analyze the differences between

the pre-APP and post-APP periods for the distributional statistics of my interests, that is, ∆νpost−pre, and

measure the contribution of each explanatory variable to the effect of the APP on the evolution of household

credit inequality. Here, the dependent variable Y is the outstanding balance of the household’s liability. The

distributional statistics ν(s) are the shares of liabilities held by the top 30%, 20%, 10%, 5%, and 1% of indebted

households and the Gini-type coefficient. I do not work with quantiles, interquartile ranges, or top-bottom ra-

tios because household debt is highly unevenly distributed. In my sample, the bottom 50% of the distribution

is all zeros, so more than 50% of the households do not have any liability. There is not enough variation for

RIF statistics created based on these distributional statistics.

I consider three main groups of explanatory variables X. The first group focuses on household character-

istics, such as education level and employment status. The second group focuses on access to credit, aiming

to measure the credit constraint channel. The last group focuses on household income and wealth, aiming to

measure the credit bias channel. For each group, I examine whether the explanatory variables contribute to

the equalizing or dis-equalizing effect of the APP policy on household credit.

4.2 RIF Regression and Decomposition Results

As expected, the recentered influence regression and decomposition results suggest that the credit bias channel

contributes to the dis-equalizing effect, while the credit constraint channel contributes to the equalizing effect.
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The countervailing effects of the APP through different channels overall lead to no significant increase in

household credit inequality (measured by Gini-type coefficients and liability shares of the top percentiles of

the distribution) after the policy implementation.

Figure 6 presents the estimated RIF coefficients for six components that contribute to uneven credit distri-

bution in the pre-APP and post-APP periods. The dependent variable is the outstanding balance of household

liability. And I analyze five distributional statistics based on the dependent variable, that is, the shares of

liabilities held by the top 30%, 20%, 10%, 5%, and 1% of indebted households. The higher these statistics

are, the more unequal the household debt distribution is. Meanwhile, I group six explanatory variables into

three categories. The top panel in Figure 6 focuses on household characteristics, including employment status

and education level. The middle panel focuses on household access to credit, including access to a credit

card and overdraft facilities. I use access to credit as a proxy for measuring the degree of credit constraint

the household faces. If households have access to these two types of credit, they are less credit-constrained.

Therefore, it represents the credit constraint channel. And the bottom panel presents household income and

wealth, which represent the credit bias channel. The higher the household’s income and wealth are, the more

banks are biased toward the household. I run regressions for each of the distributional statistics with all six

components and plot the estimated coefficients of each component from the five regressions in Figure 6. For

all the RIF regressions, I add household type, year-country fixed effects, and the weight of each observation.

The dotted blue lines are the estimations for the pre-APP period, and the solid red lines are the estimations

for the post-APP period.

There are two main results from Figure 6. First, for both periods, the coefficients for the components in

the top two panels are all mainly negative. This implies that, in both periods, being employed and having a

higher education level have an equalizing effect on household debt because they lower the debt shares of the

top percentiles. Similarly, in both periods, having access to a credit card and overdraft facilities also lowers the

debt shares of the top percentiles, which has an equalizing effect on household debt. The contributions of these

four components are approximately U-shaped. This U shape means that these variables have a relatively small

equalizing effect on the concentration of credit in the top 1% of indebted households. Especially for access to

overdraft facilities, it does not affect or even increases the debt share held by the top 1%. By contrast, the

coefficients of the components in the bottom panel are mostly positive. These imply that household income and

wealth contribute to a dis-equalizing effect on household debt in both periods because they lead to increases

in the credit share of the top percentiles. The positive slopes of wealth and income in the figure imply that the

credit bias channel contributes to a further concentration of credit among the top credit holders. The increase

in wealth and income can lead to a greater increase in credit among the top 1% of indebted households than

the top 10% of indebted households. Second, for all the components, the red lines are flatter than the blue

lines. Therefore, for each component, its effect on household debt inequality, either enhancing or decreasing

inequality, is milder after the APP policy.
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Figure 6: RIF Regression Coefficients: Pre- and Post-APP

Notes: This figure plots the estimated RIF regression coefficients for six components that contribute to uneven credit
distribution in both ”pre-APP” (blue) and ”post-APP” (red) periods. On the y-axis, it is the value of the estimated
coefficients of each components from regressions. On the x-axis, it is the five distributional statistics I examined for
each regression, i.e., the shares of liabilities held by the top 30%, 20%, 10%, 5%, and 1% of indebted households.
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Next, I study the overall change in household credit inequality after the APP policy and how each com-

ponent contributes to this change. From the RIF regression results discussed above, I can only measure the

contribution of each variable period by period. To examine the contributions to the changes between the

two periods, I apply the RIF decomposition method. Table 4 reports the RIF decomposition results for the

change in credit inequality between the pre-APP and post-APP periods. I use three distributional statistics

to measure inequality: column (1) is the Gini-typed coefficient, column (2) is the liability share of the top

10% of indebted households, and column (3) is the liability share of the top 5% of indebted households. The

dependent variable is the same as in the RIF regressions, that is, the outstanding balance of household liability.

For the decomposition regressions, I add control variables such as household homeownership, household type,

and country fixed effects. I also take weights into consideration. Panel (a) indicates that there is a minor

increase in household credit inequality after the APP; however, it is not statistically significant. The overall

composition and structural effects are not statistically significant.

Panel (b) in Table 4 shows the composition effects and, central to this study, the “policy effect” mentioned

in Firpo et al. (2009). In their paper, In their paper, the policy consists of changing the distribution of X

from its value at T = 0 to T = 1, and the effect is how this change in the distribution affects statistic ν. For

my study, I analyze how the APP policy changes the distributions of households’ access to credit, wealth, and

income from the pre-APP period to the post-APP period, which in the end contributes to the change in credit

inequality statistics. Thus, the composition effects estimated here exactly measure how much the credit bias

and credit constraint channels transmit the policy shock to credit inequality.

Panel (b) in Table 4 decomposes the effect into six components and measures the actual quantitative

contribution of each component to the change in credit inequality. The same as for the RIF regressions, I

again divide the explanatory variables into three groups. The contrary effects of the different groups on credit

inequality offset each other and lead to minor overall composition effects. First, for both components of the

household characteristics, the coefficients are significantly less than zero. These imply that when the APP

policy increases employment rates, and the panel components of the sample contribute to higher education

levels in the post-APP period, both changes have a negative effect on credit concentration. Therefore, the

composition effects of education and employment both decrease credit inequality after the APP. Similarly, the

sum of the coefficients of the two components of the credit constraint channel is also negative. This implies that

when the APP policy loosens the credit constraints, credit inequality would also decrease due to this change. A

potential explanation for the positive coefficient of the overdraft facility is that here I only measure the policy

effect at the extensive margin, not the intensive margin. It could be that banks loosen the credit constraints

by raising the overdraft limits for existing clients after the policy. This policy response can lead to further

credit concentration among previously indebted households. By contrast, the coefficients of the components of

the credit bias channel are positive. The changes in the household wealth and income distributions triggered

by the APP policy, mainly the increases in wealth and income, contribute to credit inequality. For all the
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Table 4: Decomposition Results: Inequality Measures on Outstanding Balance of Household Liability

Gini Share by Top 10% Share by Top 5%
(1) (2) (3)

a. Overall
Difference (post− pre) 0.174 0.715 0.219

(0.281) (0.718) (0.869)
Composition Effects 0.104 0.188 0.444

(0.121) (0.317) (0.320)
Structure Effects 0.0696 0.527 -0.224

(0.257) (0.653) (0.819)
b. Composition Effects
Household characteristics
Edu -0.0315** -0.0852*** -0.0959**

(0.0123) (0.0329) (0.0378)
Employ -0.112*** -0.287*** -0.267***

(0.0384) (0.0986) (0.0927)
Credit constraint channel
Credit Card -0.0580*** -0.130*** -0.111**

(0.0186) (0.0470) (0.0514)
Overdraft 0.0282** 0.0551* 0.0356

(0.0130) (0.0310) (0.0321)
Credit bias channel
Wealth 0.0579* 0.125* 0.211*

(0.0307) (0.0639) (0.112)
Income 0.0304 0.0325 0.199

(0.0383) (0.0840) (0.144)
c. Structure Effects
Household characteristics
Edu 1.14 1.97 4.43

(0.987) (2.24) (3.37)
Employ 0.130 0.599 0.570

(0.413) (1.01) (1.35)
Credit constraint channel
Credit Card 1.09*** 2.46*** 3.51***

(0.303) (0.719) (0.993)
Overdraft 0.284 0.731 0.239

(0.399) (0.989) (1.29)
Credit bias channel
Wealth -0.562 -0.935 -1.75

(0.764) (1.53) (2.74)
Income -2.79* -6.20* -9.89*

(1.57) (3.19) (5.69)
cons 0.193 0.779 0.171

(0.946) (2.27) (3.13)
Notes: Standard errors in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01. Coefficients are normalized to solve the
problem of the base level choice associated with categorical variables, such as countries and household types.
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effects of the distributional measures on credit inequality, the absolute values of the estimations are different,

but the signs are the same for the coefficients of the same component, so the conclusion is robust.

5 Property as the Key Driver

So far, I have based all my analyses on household total assets. Further investigation of household asset

portfolios provides a better understanding of how the APP policy transmits to household credit. I find that

property ownership is the key driver of expanded credit market participation by households. In particular,

higher property prices following the APP lead to more new mortgages by households with a higher share of

property in their portfolios.

5.1 Household Portfolio Composition

I start with a summary of household portfolio composition in my sample, as presented in Table 5. I calculate

the share of each asset category in each household’s total portfolio by taking the market value of each asset

category divided by the household’s total assets. The data I present are the simple averages of the shares for

all the households in the sample. The information in Table 5 yields several messages. First, properties account

for most of the total household assets, especially for the fourth and third quintiles, but not the bottom quintile.

Second, among households in the bottom quintile, deposits are the largest component of their portfolios. And

the share of deposits among the total portfolio decreases as the quintile increases. Third, both risky financial

assets and private business make up a minor portion of the households’ portfolios. The top quintile has the

highest shares for both assets, which lowers the portion of properties in their portfolio. Last, the second

quintile has a higher share of risky assets (such as bonds, mutual funds, and stocks) in their portfolios than

the third and fourth quintiles.

Table 5: Market Value of Asset Category Divided by the Household’s Total Assets, Sample Average, %

Wealth
quintile

Asset types Risky asset

Property Risky
Assets

Deposits Business Bonds Mutual
Funds

Managed
Accounts

Stocks Other
Financial Assets

1 6.38 0.93 45.03 0.89 0.11 0.35 0.0030 0.26 0.20
2 49.74 2.26 24.14 1.98 0.43 0.87 0.030 0.65 0.28
3 76.14 1.46 10.11 1.40 0.32 0.53 0.027 0.38 0.20
4 79.92 1.79 7.97 1.76 0.39 0.62 0.042 0.55 0.20
5 73.38 4.14 7.47 6.47 0.59 1.15 0.11 1.96 0.32

Notes: This table presents shares of different asset categories within the household’s total portfolio across wealth
quintiles. The share of each asset type is the market value of each asset category divided by the household’s total
assets. Risky assets include bonds, stocks, mutual funds, managed accounts, and other financial assets. Shares do
not add up to 100% for each quintile because other assets such as vehicles, other valuables, pensions, life insurance,
and money lent to others are not considered part of the household portfolio but are included in the total assets.

Does household portfolio composition matter for APP policy transmission and lead to household-level
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heterogeneous credit responses? To answer this question, I regress household credit on the share of each asset

type within the portfolio and the interaction of the policy dummy with the share of each asset type.

creditijt = β1assetijt + β2assetijt ×APPt + β3HCijt + γjt + εijt, (4)

In model (4), creditijt contains four credit-related variables for household i, in country j, in year t: new house-

hold main residence mortgages, mortgage refinancing, mortgages for new residence purchases, and consumer

credit. These are all dummy variables. assetijt are shares of different asset categories within the household’s

total portfolio, including the share of properties, deposits, risky financial assets, and privately owned business.

I control for household characteristics and country-year fixed effects in the model. Table 6 shows the estimated

coefficients for each asset type and the interactions. The estimated coefficients for share of deposits× APP

are always negative (column (2)). The greater is the share of deposits in the total household portfolio, the

less likely it is that the households increase their credit after the APP policy. For new mortgages, no matter

whether refinancing or mortgages for new residence purchases, the coefficients of share of property×APP are

positive (column (1)), so households with a higher share of property within their portfolio will be more likely

to have new mortgages and refinance after the APP policy. The coefficients of share of risky assets× APP

are negative (column (3)). This implies that households with lower shares of risky financial assets within their

portfolio will more likely increase their mortgages and refinancing.

These results are consistent with my previous findings from the cross-quintile comparisons. As shown in

Table 5, the lower end of the distribution has higher shares of deposits within their portfolios, while the higher

end of the distribution has lower shares of deposits within their portfolios. A negative relationship between

deposit shares and household credit after the APP is consistent with the increasing gap between the top and

the bottom of the distribution. Additionally, the middle and fourth quintiles have relatively higher shares

of property and relatively lower shares of risky financial assets in their portfolio composition. A positive

relationship between the share of property and mortgages and a negative relationship between the share of

risky financial assets and mortgages both recall my previous findings that the greatest increase in mortgages

after the APP occurs in the middle wealth quintile.

5.2 Divergent Valuation Effects

There are contrasting APP effects on household credit for different portfolio compositions. A potential ex-

planation is the divergent valuation effects on different asset categories from the APP. Among all the asset

categories, the APP policy boosts the wealth of households with properties the most. Figure 7 presents an-

nualized returns for different asset categories in the pre-APP and post-APP periods. Returns on deposits and

government bonds decrease to almost zero after the APP. The price of stocks is more volatile compared with

other assets, but on average, the return is close to zero and slightly negative during the APP period. Housing

24



Table 6: Household Portfolio and APP Effects on Household Credit

Asset type Property Deposits Risky Assets Business
(1) (2) (3) (4)

Dependent variable a. New Mortgages
share of asset type 0.0778*** -0.0385*** -0.0557*** -0.0359***

(0.00406) (0.00402) (0.00844) (0.00931)
share of asset type × APP 0.0365*** -0.0597*** -0.0361*** 0.0164

(0.00510) (0.00652) (0.0124) (0.0154)
Dependent variable b. Refinance
share of asset type 0.0743*** -0.0415*** -0.0381*** -0.0350***

(0.00357) (0.00391) (0.0110) (0.00926)
share of asset type × APP 0.0145*** -0.0297*** -0.0353** 0.00483

(0.00373) (0.00516) (0.0141) (0.0128)
Dependent variable c. Mortgages for New Residence Purchases
share of asset type 0.0353*** -0.0151*** -0.0183*** -0.0225***

(0.00257) (0.00204) (0.00428) (0.00438)
share of asset type × APP 0.0180*** -0.0313*** -0.0247*** -0.000476

(0.00328) (0.00426) (0.00738) (0.00788)
N 115819 115819 115819 115819
Dependent variable d. Consumer Credit
share of asset type -0.0347*** -0.0504*** -0.129*** -0.0785***

(0.00723) (0.0138) (0.0335) (0.0301)
share of asset type × APP 0.00740 -0.0403** -0.0276 0.0209

(0.00759) (0.0162) (0.0403) (0.0382)
N 136973 136973 136973 136973
Year × Country fixed effects Y Y Y Y
Household characteristics Y Y Y Y
Household type fixed effects Y Y Y Y

Notes: Standard errors in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.
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property is the only type of asset that has an increased price and both large and increasing returns, with a

5% annual return at the end of the APP.

Figure 7: Asset Returns, Euro Area

Notes: This figure presents quarterly data on the annual return of different household assets within the Euro area.
For deposits with agreed maturity and overnight deposits, it is the annual interest rates. For properties, it is the
return on the housing price index in the Euro area. On stocks, it is the return from the Euro STOXX 50 index. And
on bonds, it is the yield of European triple-A government bonds, with a 10-year maturity. Source: ECB and OECD.

To examine the role of divergent valuation effects on household credit responses and taking into account

country heterogeneity in asset markets, I add country-level asset returns to my analyses.

creditijt = β1assetijt + β2assetijt ×APPt + β3assetijt × returnjt + β4HCijt + γjt + εijt, (5)

returnjt is the asset return for each asset category in country j in year t, and I interact it with the share of

that specific asset category within the household portfolio. Due to data availability, I examine asset returns

for four groups of assets: deposits, stocks, bonds, and housing. If the estimated coefficient β2 becomes not

statistically significant, while the estimated coefficient β3 is statistically significant, , then the APP effects

are transmitted through appreciation or depreciation of that specific asset within the household portfolio to

influence household financing decisions.

Table 7 presents the results of Model (5) for all four groups of assets. Panel (a) focuses on new mortgages,

and column (1) shows that the APP effect is mainly through the price of housing, which encourages households

to get new mortgages. Column (3) shows that the decrease in the returns on government bonds due to the

APP lowers the chance of new mortgages by households with high investments in bonds within their portfolios.

Although the estimated coefficients for bonds are larger compared with the estimated coefficients for property,

on average, bonds account for less than 1% of household total assets, while property accounts for most of the

household assets (except for the bottom quintile). Thus, appreciation of the value of property is the main

driver of the increase in mortgages after the APP. Changes in the returns on stocks and deposit interest rates
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Table 7: Household Portfolio and Asset Returns on Household Credit

Asset type Property Deposits Bonds Stocks
(1) (2) (3) (4)

Dependent variable a. New Mortgages
share of asset type 0.0768*** -0.0408*** -0.165*** -0.0829***

(0.00375) (0.00759) (0.0242) (0.0183)
share of asset type × APP 0.00596 -0.0586*** -0.0223 -0.0374

(0.00476) (0.00670) (0.0151) (0.0276)
share of asset type × asset return 0.00973*** 0.00247 0.0788*** 0.000803*

(0.000774) (0.00556) (0.0129) (0.000452)
N 115819 110476 115819 115819
Dependent variable b. Consumer Credit
share of asset type -0.0335*** -0.0316 -0.347*** -0.313***

(0.00718) (0.0240) (0.116) (0.0474)
share of asset type × APP 0.0321*** -0.0477*** -0.0101 0.0470

(0.00930) (0.0176) (0.0584) (0.0612)
share of asset type × asset return -0.00821*** -0.0207 0.121** -0.000819

(0.00147) (0.0153) (0.0603) (0.00154)
N 136973 131630 136973 136973
Year × Country fixed effects Y Y Y Y
Household characteristics Y Y Y Y
Household type fixed effects Y Y Y Y

Notes: Standard errors in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.

do not have much power to explain changes in household mortgages. Panel (b) focuses on consumer credit.

Similar to panel (a), lower returns from government bonds lower the chance of households holding consumer

credit, and lower deposit interest rates do not affect household consumer credit. However, different from the

results in panel (a), the positive coefficients of share of property × APP and the negative coefficients of

share of property × return on property suggest mixed effects. On the one hand, there is a general credit

easing after the APP for homeowners, therefore increasing homeowners’ consumer credit. On the one hand,

there is a general easing of credit after the APP for homeowners, therefore increasing homeowners’ consumer

credit. On the other hand, increased housing prices lead to a lower chance of consumer credit after the APP

among homeowners as households are now able to substitute expensive non-collateral debt (consumer credit)

for property-based debt (mortgages) (Brown et al., 2015).

6 Extensions

6.1 Country Heterogeneity

In addition to household-level heterogeneity, there is also country-level heterogeneity in APP transmission.

I investigate the divergent effects of the APP on the distribution of household credit in core and peripheral

countries within the euro area. In peripheral countries, households in the relatively lower ends of the income

and wealth distributions have a greater increase in credit. In comparison, in core countries, mainly the middle

and higher wealth quintiles have a greater increase in credit after the APP policy. Thus, the credit constraint
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channel seems to be stronger in peripheral countries than in core countries.

The macro-level data suggest that there are divergent responses in different euro area countries. Figure 8

depicts the average annual growth rate for each euro area country from October 2014 to December 2016. The

left panel shows consumer credit growth rates, and the right panel shows mortgage growth rates. Darker color

indicates a higher growth rate. On average, in the core countries there is mainly an increase in household

mortgages after the APP, while in the peripheral countries there is a significant increase in consumer credit

and less of an increase in mortgages. The reasons behind the regional differences may be the different financial

structures and banking regulations, economic situations before the policy implementation, housing markets,

and household preferences in different countries.

Figure 8: Country Heterogeneity: Household Credit Annual Growth Rates (%, 2014 Oct - 2016 Dec Average)

(a) (b)

Notes: Panel (a) is the average annual growth rate for consumer credit, and Panel (b) is for housing mortgages.

Darker color indicates a higher growth rate. Source: ECB, calculated by author.

Following the divergence at the macro level, I divide the micro-sample into two groups of countries, the core

and peripheral countries, and examine whether there are dissimilar APP effects on credit distribution between

these two groups. The peripheral countries are Ireland, Portugal, Italy, Greece, and Cyprus. The typical

peripheral country, Spain, is missing because no post-APP survey data are available. The core countries are

Austria, Belgium, Germany, France, Finland, Luxembourg, and the Netherlands. I run the same regressions

using the baseline model for each of the two groups. I report detailed results in Appendix E.To summarize, the

results for the core countries are mostly consistent with the baseline results. However, the effects of the APP

on the household credit distribution are very different in the peripheral countries. The estimated coefficients

are not always statistically significant, but the patterns are not identical to those of the core countries.

Figure 9 provides an example of divergent APP effects and shows the findings from household refinancing in

the core and peripheral countries across income and wealth quintiles. Panels (a) and (b) present the estimated

coefficients for the core countries, which suggest that the middle and fourth wealth quintiles increased their

refinancing more after the APP (statistically significant at the 10% level), but there is no difference across

income quintiles in the core countries. Panels (c) and (d) present the estimated coefficients for the peripheral
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Figure 9: Country Heterogeneity: Refinancing

(a) core countries, income quintile (b) core countries, wealth quintile

(c) peripheral countries, income quintile (d) peripheral countries, wealth quintile

Notes: This figure presents different APP effects on the probability of mortgage refinancing in core and peripheral
countries. It plots the estimated coefficients β1,q of interaction terms and the 95% confidence intervals from regres-
sions. Panel (b) is missing the bottom 20% because in core countries, for households with mortgages, nobody is in
the bottom wealth quintile.
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countries, suggesting that both the second income quintile and the second wealth quintile in the peripheral

countries have the greatest increase in the chance of refinancing after the APP compared with the other

quintiles. I draw similar conclusions from analyses on other credit-related dependent variables.

In conclusion, compared with the core countries, households in the relatively lower ends of the income

and wealth distributions increase their credit more after the APP in the peripheral countries. This difference

implies that the credit equalizing effect of the APP policy through the credit constraint channel is stronger in

the peripheral countries than in the core countries.

6.2 Debt Repayment Ability of Different Groups

The last question I explore in this paper is how different households’ ability to repay debt changes after the

APP policy. Kumhof et al. (2015) show that the Great Depression and the global financial crisis were preceded

by a sharp increase in income inequality and a similarly sharp increase in DTI ratios among low- and middle-

income households. The result marked by my analyses is that the DTI ratios had much greater increases in the

bottom income quintile than in the other income quintiles after the APP policy. The middle income quintile

had the greatest increases in LTV ratios compared with the other quintiles. The increase in DTI ratios in the

bottom income quintile is not a good signal for financial stability, especially if there is an unexpected negative

shock on income (such as the lockdown due to COVID-19) or housing prices.

Figure 10 depicts the changes in the LTV and DTI ratios across quintiles after the APP implementation.

I again run regressions of Model (1), but the dependent variables are the LTV and DTI ratios, and plot the

estimated coefficients β1,q for the interaction terms. Panel (a) of Figure 10 the distribution across the income

quintiles. For the LTV ratio, the middle quintile increases the most relative to the top quintile after the APP.

The large increase in LTV ratios in the middle income quintile may be the result of refinancing. For collateral

of the same value, now households can borrow a much higher amount of credit. For the DTI ratio, in the figure,

the dot for the bottom quintile is far to the right of the zero vertical line. Thus, the bottom quintile’s DTI

ratios increased the most relative to the top quintile after the APP. A potential explanation for the relative

increase in the DTI ratios in the bottom income quintile is that the bottom income households switched from

paying rent to paying mortgages. The amount of total expenditure may not change much or become even

lower, but households have higher debt after the APP. Thus, the DTI ratios surge. Panel (b) is the distribution

across the wealth quintiles. There is no difference in LTV ratios for households across the different quintiles,

but compared with the other quintiles, the DTI ratios increased the least in the bottom 20%-40% quintile.
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Figure 10: Household Credit among Different Quintiles: Debt Repayment Ability

(a) (b)

Notes: This figure shows the APP effects on the relative changes of households’ ability to repay debt, measured by

the LTV and DTI ratios, across income and wealth quintiles. On the x-axis, it is the value of estimated coefficients

β1,q of interaction terms and the 95% confidence intervals from regressions. On the y-axis, 0-20% represents the

bottom 20% of the income or wealth distribution. Panel (a) is the results for different income quintiles, and Panel

(b) is the results for different wealth quintiles.

My findings on the relative rise in LTV ratios for the middle income quintile and the relative surge in DTI

ratios for the bottom income quintile are alarming. The LTV and DTI ratios are indicators of systemic risks

in the financial sector. Households in the bottom quintile are vulnerable to unexpected shocks, such as the

decrease in income caused by the lockdown during the COVID-19 period, or an asset price drop, especially

a reduction in housing prices. These shocks can make already high LTV and DTI ratios even higher, and

households may finally default, with no other choice. Thus, the high LTV and DTI ratios for households in the

bottom quintile may be linked to macroeconomic fluctuations and systemic banking distress; thus, the ratios

are of interest to central banks.

7 Robustness

I consider several tests for robustness checks. While the quantitative values vary a bit across the tests, the

main conclusions are robust. The following discussion is intentionally brief, but more details are available in

Appendix F.

I start by adding more household characteristics as control variables in the regressions. Household charac-

teristics such as age (Andersen et al., 2015; Zhu and Meeks, 1994) are also determinants of household credit.

I do not include age in the baseline models because I want to have as many observations as possible. If Age

were included, observations from countries such as Ireland and Malta would be missing. The regression results

with additional household characteristics are consistent with the baseline estimations.

There is controversy on whether weights should be included in regressions. Using weights can compensate
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for the unequal probability of the household participating in the survey and reduce sample selection biases.

Therefore, I apply weights for both dividing the households into quintiles and performing regression analyses

in the baseline models. As a robustness check, I use the raw data without weighting and run the regressions

without weights. There are several differences in the results of the unweighted regressions compared with the

baseline results. First, households in the fourth wealth quintile increase participation in the credit market

the most and refinance their household main residence mortgages the most after the APP. In the baseline

model, the middle quintile (40%-60%) increases the most. Second, on the amount households borrowed for

consumption, there is no difference across the different wealth quintiles, while in the baseline results, the 20%-

60% groups increased consumer credit by a much larger amount than the top quintile did. Third, for the LTV

ratios in the unweighted regressions, in addition to the middle income quintile, the bottom income quintile

also has LTV ratios that are higher than those of the top quintile, but in the baseline model, the coefficient is

not statistically significant. As expected, the unweighted regression results are biased toward countries with

more observations, such as France. Due to country heterogeneity, in the core countries, households in the

middle and higher end of the distribution increased their credit the most, while in the peripheral countries,

households in the lower end of the distribution increased their credit the most. Without weighting and with

more observations from the core countries, the regression results are biased toward the higher end of the

distribution. Overall, however, the main conclusions still hold.

Next, I use the middle quintile as the base group for a robustness check. In the baseline models, I use

the top quintile as the base group, which facilitates the interpretation of changes in credit inequality. Using

another quintile as the base group does not change the conclusions drawn as I am looking at the relative

increase across different quintiles. As the figures in Appendix F show, most of the estimated coefficients

are negative, which implies that compared with the other quintiles, credit increases the most in the middle

quintile, which is now used as the base group. Specifically, for new house purchases across the different wealth

quintiles, the estimated coefficients are positive for the top two quintiles for the full sample and the subsample

of previous renters. For the subsample of owners, the coefficient is positive only for the bottom 20%-40%

quintile, although it is not statistically significant. These results again confirm the baseline results.

All the above analyses make use of quintiles per country. For my last robustness test, I work with quintiles

across all countries. Households are no longer divided into five groups within their home country but at the

overall euro area level. The regression results using quintiles at the cross-country level are basically the same

as the within-country-level grouping. Similar to the unweighted case, there are several differences compared

with the baseline results. Within the euro area, households in the top 60%-80% wealth quintile have the largest

increase in participation in the mortgage market and in refinancing after the APP. In the baseline, it is mainly

the middle quintile that has the largest increases. This result, again, may be due to country heterogeneity.

As shown previously, core countries have higher mortgage growth rates than peripheral countries. Meanwhile,

the average level of household wealth in core countries is higher than that in peripheral countries. Thus,
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households that are in the middle wealth group in their home country may be in a higher group within the

entire euro area. Furthermore, for the LTV ratios, there is no statistically significant difference across different

income quintiles, which is different from the baseline results.

8 Conclusions

Does unconventional monetary policy have a distributional effect on household credit? This paper used data

from the ECB HFCS, covering 17 euro area countries, to compare household credit in the pre-APP and post-

APP periods. The findings show that the APP policy enlarged the credit gap between the top and bottom of

the distribution, while credit increased the most among middle-wealth households.

I studied two potential policy transmission channels in the household credit distribution. The credit bias

channel has dis-equalizing effects on household credit. It increases credit inequality between the top and bottom

quintiles of the income and wealth distributions because the APP boosts the price of properties the most among

all types of assets. And this wealth effect increases the chance of obtaining credit for property owners. Since

the lower quintile households have a lower share of property investment in their household portfolios, in the

end, compared with the top, the bottom has the smallest increase in credit. By contrast, the credit constraint

channel contributes to the equalizing effects of the policy. It reduces credit inequality because previously

credit-constrained households have more access to credit due to credit loosening and property appreciation

after the APP. Empirical evidence from cross-quintile comparisons revealed that households in the second

and middle wealth quintiles had relatively greater increases in refinancing and new mortgages for residence

purchases after the APP. Moreover, household characteristics such as education and employment may also

have contributed to the credit equalization after the APP.

There is also country heterogeneity within the euro area on policy transmission. The same ECB policy has

different distributional effects in different countries. Compared with households in core countries, households

in the relatively lower ends of the income and wealth distributions in the peripheral countries have greater

increases in credit after the APP. Thus, the credit constraint channel is stronger in peripheral countries than

in core countries.

Another conclusion from my study is that the bottom income quintile’s DTI ratio increased the most, and

the middle income quintile’s LTV ratio increased the most after the APP. These uneven increases can add

risks to overall stability if the economy faces a sudden negative income or asset price shock.

One of the limitations of this study is the low frequency of the available data. For both the pre-APP and

post-APP periods, I only have one wave of survey data for each period. Survey data at a higher frequency

with more waves or other high-frequency data from credit institutions could better identify policy effects on

household credit inequality.
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APPENDIX

A Sample Summary

Table A.1: Reference Years and Numbers of Observations

Country
Wave 2 Wave 3

Reference year # obs Reference year # obs
Austria 2014 2997 2017 3072
Belgium 2014 2238 2017 2329
Cyprus 2014 1289 2017 1303
Germany 2014 4461 2017 4942
Estonia 2013 2220 2017 2679
Finland 2013 11030 2016 10210
France 2014 12035 2017 13685
Greece 2014 3003 2018 3007
Ireland 2013 5419 2018 4793
Italy 2014 8156 2016 7420
Luxembourg 2014 1601 2018 1616
Latvia 2014 1202 2017 1249
Malta 2013 999 2016 1004
Netherlands 2013 1284 2017 2556
Portugal 2013 6207 2017 5924
Slovenia 2014 2553 2017 2014
Slovakia 2014 2135 2017 2179
Total 68829 69982
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B Household types

Table B.1: Definitions and Distribution of Household Types

Type Definition Freq. Percent
6 2 adults, <65 21,448 15.45
7 2 adults, at least 1 >65 + 24,780 17.85
8 3 or 3 + adults 10,186 7.34
9 1 parent with children 6,049 4.36
10 2 adults with 1 child 12,620 9.09
11 2 adults with 2 children 15,069 10.86
12 2 adults with 3 or 3+ children 6,541 4.71
13 3 or 3+ adults with children 6,061 4.37
51 1 adult, <65 19,952 14.37
52 1 adult, >65 16,102 11.60
Total 138,808 100.00
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D Results across income quintiles

In this section, I examine the credit changes after the APP policy across different income quintiles. Similar

to the results from different wealth quintiles, the credit gap between the top and bottom income distribution

increases after the policy implementation. But different from the results on the wealth distribution, the middle

income households do not increase their credit the most after the policy. On the contrary, on average, the

lower income quintile households belonging to, the less likely they will increase their credit. The results from

income quintiles suggest the key role of household wealth in transmitting APP policy effects on household

credit.

Figure D.1: Household credit among different income quintiles at the extensive margin

Notes: This figure presents APP effects on household credit changes at the extensive margin for each income quintile.

On the x-axis, it is the value of estimated coefficients β1,q of interaction terms and the 95% confidence intervals

from regressions. On the y-axis, 0-20% represents the bottom 20% of the wealth distribution. I examine three

dependent household credit variables: credit application, holding new household main residence mortgages, and

holding consumer credit.
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Figure D.2: Household credit among different income quintiles at the intensive margin

Notes: This figure presents APP effects on household credit changes at the intensive margin for each income quintile.

On the x-axis, it is the value of estimated coefficients β1,q of interaction terms and the 95% confidence intervals from

regressions. On the y-axis, 0-20% represents the bottom 20% of the wealth distribution. I examine two dependent

household credit variables: outstanding balance of household main residence mortgages, and outstanding balance of

consumer credit. The unit is Euro.

Figure D.3: Household credit among different quintiles: refinancing

Notes: This figure presents how APP affects the probability of mortgage refinancing across income quintiles and

education groups. On the x-axis, it is the value of estimated coefficients β1,q of interaction terms and the 95%

confidence intervals from regressions. On the y-axis, 0-20% represents the bottom 20% of the income or wealth

distribution.
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Figure D.4: Household credit among different quintiles: residence purchases

Notes: This figure presents residence purchases after the APP across income quintiles. On the x-axis, it is the value

of estimated coefficients β1,q of interaction terms and the 95% confidence intervals from regressions. On the y-axis,

0-20% represents the bottom 20% of the wealth distribution. I further differentiate households with different home

ownership, i.e., previous renters (in green), and owners (in red) from the total sample (in blue).
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E Country Heterogeneity

E.1 Results for core countries

(a) (b)

Figure E.1: Household credit across different quintiles at the extensive margin

(a) (b)

Figure E.2: Household credit across different quintiles at the intensive margin
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(a) (b)

Figure E.3: Household credit among different quintiles: refinance
Notes: Panel (b) is missing the bottom 20%. It is because in core countries, for households with mortgages, nobody

is in the bottom wealth quintile.

(a) (b)

Figure E.4: Household credit among different quintiles: residence purchase
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E.2 Results for peripheral countries

(a) (b)

Figure E.5: Household credit among different quintiles at the extensive margin

(a) (b)

Figure E.6: Household credit among different quintiles at the intensive margin

(a) (b)

Figure E.7: Household credit among different quintiles: refinance
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(a) (b)

Figure E.8: Household credit among different quintiles: residence purchase
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F Robustness Results

F.1 Add additional household characteristics

(a) (b)

Figure F.1: Household credit among different quintiles at the extensive margin

(a) (b)

Figure F.2: Household credit among different quintiles at the intensive margin
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(a) (b)

Figure F.3: Household credit among different quintiles: refinance

(a) (b)

Figure F.4: Household credit among different quintiles: residence purchase

(a) (b)

Figure F.5: Household credit among different quintiles: Ability of debt repayment?
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F.2 No weights

(a) (b)

Figure F.6: Household credit among different quintiles at the extensive margin

(a) (b)

Figure F.7: Household credit among different quintiles at the intensive margin

(a) (b)

Figure F.8: Household credit among different quintiles: refinance
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(a) (b)

Figure F.9: Household credit among different quintiles: residence purchase

(a) (b)

Figure F.10: Household credit among different quintiles: Ability of debt repayment?

F.3 Quintiles among all countries

(a) (b)

Figure F.11: Household credit among different quintiles at the extensive margin
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(a) (b)

Figure F.12: Household credit among different quintiles at the intensive margin

(a) (b)

Figure F.13: Household credit among different quintiles: refinance

(a) (b)

Figure F.14: Household credit among different quintiles: residence purchase
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(a) (b)

Figure F.15: Household credit among different quintiles: Ability of debt repayment?

F.4 Middle quintile as the base

(a) (b)

Figure F.16: Household credit among different quintiles at the extensive margin

(a) (b)

Figure F.17: Household credit among different quintiles at the intensive margin
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(a) (b)

Figure F.18: Household credit among different quintiles: refinance

(a) (b)

Figure F.19: Household credit among different quintiles: residence purchase

(a) (b)

Figure F.20: Household credit among different quintiles: Ability of debt repayment?
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G Additional Results

Table G.1: Percentage of households with different asset ownership, sample average

Wealth
quintile

Asset types Risky asset

Property Deposit Business Risky
asset

Stocks Mutual
funds

Managed
accounts

Bonds Other
financial asset

1 4.21 80.91 1.93 2.98 0.98 1.49 0.22 0.31 0.67
2 47.77 91.60 6.53 11.94 4.63 6.76 0.87 1.72 2.25
3 86.15 93.45 8.76 16.60 6.61 9.09 1.40 2.69 3.74
4 94.89 96.01 14.26 26.29 12.47 14.77 1.99 4.37 5.51
5 96.37 98.06 31.56 47.59 31.60 28.44 6.38 8.04 11.31

Notes: Property includes all types of real estate.

Table G.1 shows the percentage of households with different asset ownership from each wealth quintile.

There is large heterogeneity among different assets and different wealth quintiles. Deposits, including sight

accounts and deposit accounts, have the highest coverage among households. Properties, or real estate, are

also common among middle and high wealth groups. Households have much lower rates of ownership in non-

publicly traded businesses and risky financial assets in the Euro area. Meanwhile, for all types of assets, the

ownership rate increases as the wealth quintile increases.
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