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Abstract

We study how mortgage borrowers adjust their mortgage terms and household balance sheets in

response to a loan-to-value (LTV) limit. Focusing on the 2020 Belgian LTV policy, we use granular

loan- and account-level data from the country’s largest bank. A substantial share of borrowers

reduced their LTV ratios, with adjustment patterns varying by income, liquid wealth, and household

type. Borrowers mainly responded by increasing downpayments and reducing loan amounts, though

these responses were weaker among lower-income households. While the adjustments led to safer

mortgages, they were also associated with declines in liquid wealth and consumption in the year

following purchase.
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1 Introduction

Over recent decades, boom-bust cycles in mortgage credit have caused especially large and protracted

recessions. An important driver behind these cycles is excessive household borrowing during the boom

phase. When hit by an adverse shock, highly leveraged households are more likely to default on their

debt and to sharply reduce their consumption, amplifying the downturn (Jordà et al., 2016; Mian et al.,

2013; Mian and Sufi, 2009; Mian et al., 2017). Recognizing the systemic risks posed by such dynamics,

policymakers have increasingly turned to macroprudential regulations designed to promote financial

stability by regulating both lenders and borrowers. One of the most widely adopted borrower-based

macroprudential tools in advanced economies is the loan-to-value (LTV) limit, which limits the amount

that households can borrow relative to the value of the mortgaged property (Alam et al., 2019; Morgan

et al., 2019). These limits on household leverage aim to increase the resilience of borrowers and lenders

by reducing both the probability of default and the loss given default.

Research indicates that LTV limits succeed in limiting aggregate household credit growth. To gain a

better understanding of how this is achieved, a substantial body of studies employ micro-data to examine

the outcomes of borrowers adjusting to an LTV limit (i.e., the intensive margin effect). While these studies

have consistently shown that LTV limits reduce household leverage, their impact on other mortgage

characteristics and household balance sheet outcomes remain subject to debate.

This study offers a first comprehensive analysis of how households adjust to an LTV limit by combining

three key dimensions: (i) estimating the share of borrowers that adjust their LTV downward due to

the LTV regulation, (ii) identifying how this adjustment impacts both mortgage terms and household

balance sheets, and (iii) assessing heterogeneity in these effects across borrowers’ financial position and

demographic characteristics. Our case study is the 2020 implementation of an LTV limit by the National

Bank of Belgium (NBB) that applies to all residential mortgages and is complemented by tolerance

margins that vary by borrower type. We examine the effects of this ‘soft’ limit using a unique dataset

linking anonymized client-, loan-, and account-level information from BNP Paribas Fortis (BNPPF), the

country’s largest mortgage lender and retail bank. This integrated approach enables us to document the

extent of borrower adjustment and its distribution across household types, offering micro-level evidence

that complements and extends the existing literature on LTV limits.

We first quantify the share of borrowers adjusting to the limit by employing a non-parametric bunching

analysis in which we compare the actual LTV distribution in two post-limit years, 2020 and 2021, to

a counterfactual distribution. Next, we analyze how this adjustment affected borrower outcomes by

applying a matching and difference-in-differences (DiD) strategy to effectively compare treated and control

households while accounting for time-specific effects. The existing literature on soft LTV limits (see

section 2) typically populates the treatment group with both borrowers who adjust to the limit and
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borrowers still borrowing above the limit, leading the estimated treatment effects to be a combination of

the effects on these two types of borrowers. In contrast, our identification strategy allows us to pinpoint

the borrowers adjusting to the LTV limit, resulting in more readily interpretable treatment effects.

In addition to our baseline results, we investigate heterogeneity in responses to the LTV limit across

households’ financial position (income and liquid wealth) and demographic attributes (age and household

composition). First, we apply the bunching design to various subsamples to examine how intensive margin

responses differ across groups, accounting for variation in the prevalence of high-LTV borrowing in the

total population. We then use the matching DiD framework to assess whether and how this adjustment

affects mortgage contract terms, household liquidity, and consumption across the same dimensions. This

heterogeneity analysis is a key contribution of our paper. While prior studies examine heterogeneity along

selected dimensions—most commonly income—there has been no joint analysis of the effects of an LTV

limit on mortgage terms and household balance sheet outcomes along multiple household characteristics.

In both post-limit years, we observe significant intensive margin responses to the LTV regulation. In

2020 and 2021, slightly above one-third and one-half of observed borrowers in the higher-LTV segment

adjusted their LTV ratio to fall below the limit. These adjustments correspond to approximately 15%

and 20% of the total borrower population in each year, respectively. We further find that, following the

introduction of the LTV limit, treated households raised their downpayment and reduced the amount

borrowed. These changes were associated with a shift towards mortgages with shorter maturities, lower

interest rates, and reduced repayment burdens. At the same time, treated households showed signs of

stronger reductions in liquid wealth and consumption compared to the control households in the first

year after mortgage origination.

Our analysis reveals that low-income borrowers adjusted to the LTV limit in distinct ways. Although

they were more likely to lower their LTV ratios, they did so with smaller increases in downpayments

relative to higher-income groups. This led to more limited interest rate discounts and smaller reductions

in maturity while repayment burdens remained similar across the income distribution.

The paper proceeds as follows. Section 2 provides an overview of the existing literature while section

3 outlines the context of the implementation of the LTV limit in Belgium. We describe our data and

methodologies in sections 4 and 5 respectively. Our results, including multiple robustness checks, are

presented in section 6 and we conclude in section 7.
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2 Literature review

In tandem with the increasing use of LTV limits in advanced economies, academic interest in their effects

has grown.1 Initially, research on the effects of LTV limits used cross-country panel data to examine

the impact of these limits on aggregate variables. These papers have shown that LTV limits succeed in

slowing down aggregate credit growth (Alam et al., 2019; Cerutti et al., 2017; Coulier and De Schryder,

2024; Lim et al., 2011) with more mixed effects on house price growth (Kuttner and Shim, 2016; Mokas

and Giuliodori, 2023; Richter et al., 2019).

The main drawback of looking at aggregate variables is that the implementation of macroprudential policy

is likely endogenous to evolutions in these variables. To overcome this issue, there has been an increasing

application of micro-level data to investigate the effects of the implementation, tightening, or easing of

LTV limits in specific countries. These more granular datasets allow for a clean identification strategy but

also offer a broader array of control variables and a better control for unobserved heterogeneity compared

to aggregate datasets. Researchers have employed micro-data to investigate the impact of LTV limits on

(i) house prices (Armstrong et al., 2019; Laufer and Tzur-Ilan, 2021), (ii) bank lending (Acharya et al.,

2022; Morgan et al., 2019), and (iii) household borrowing behaviour. This paper contributes to the latter

strand in the literature.

Initial studies on the implications of LTV limits for household borrowing focused primarily on their

effects on mortgage characteristics, consistently finding that such limits significantly reduce leverage

among new borrowers. For example, Tzur-Ilan (2023) and Abreu et al. (2024) show that in Israel and

Portugal, respectively, borrowers responded to tighter LTV limits by both reducing their loan amounts

and purchasing less expensive properties. In contrast, evidence from Ireland (Kinghan et al., 2022),

Finland (Eerola et al., 2022), and the Czech Republic (Hodula et al., 2023) suggests that borrowers

mainly adjust by reducing their loan amounts, with little or no effect on the value of the properties they

purchase. Armstrong et al. (2019) offer a possible explanation for the variation in the estimated effect of

LTV limits on house values, finding that the impact on house price growth is smaller when LTV limits

are introduced during periods of rapid house price appreciation. This indicates that the effect on house

prices may be state-dependent.

Next to house values, there is also disagreement regarding the impact of LTV limits on mortgage interest

rates. While Eerola et al. (2022) finds that borrowers affected by an LTV limit obtain lower interest rates,

Hodula et al. (2023), Tzur-Ilan (2023), and Abreu et al. (2024) document higher borrowing costs. This

may seem counterintuitive, as lower leverage typically implies lower credit risk. In the case of Hodula

et al. (2023) and Abreu et al. (2024), the increase reflects the definition of the treatment groups under

1For an overview of the effects of a spectrum of macroprudential policies, we refer to Galati and Moessner (2018) and
Araujo et al. (2024). Gatt (2024), by contrast, specifically reviews the literature on the effects of LTV limits.
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soft limits, which includes borrowers who exceed the LTV limit and are charged interest rate premia.

By contracts Tzur-Ilan (2023), studying a hard LTV limit, attributes higher interest rates to borrowers

shifting towards unregulated forms of credit, resulting in longer maturities and higher total borrowing

costs. Note that in the Belgian setting, the LTV ratio is calculated based on all forms of credit used to

finance the purchased property, preventing circumvention of the LTV limit by shifting to non-mortgage

debt. Beyond pricing effects, De Araujo et al. (2020) find that Brazil’s LTV limit reduced mortgage

arrears, pointing to improved repayment behavior under tighter credit standards.

Using administrative tax data, Van Bekkum et al. (2024) and Aastveit et al. (2024) have extended the

focus beyond mortgage contract terms and study the household balance sheet responses to LTV limits

in the Netherlands and Norway, respectively. Both papers find that, in addition to reducing household

leverage, the limits lead affected buyers to draw more heavily on their liquid assets to satisfy tighter

downpayment requirements. However, their conclusions diverge with respect to the implications for

consumption and financial resilience: Aastveit et al. (2024) shows that the resulting reduction in liquidity

can weaken affected households’ ability to smooth consumption following an income shock, whereas

Van Bekkum et al. (2024) reports that lower leverage is associated with greater liquidity buffers and

improved consumption smoothing following a negative income shock.

The use of micro-data further allows researchers to examine heterogeneity in borrower responses to

LTV limits, shedding light on underlying adjustment channels and potential unintended consequences.

Research on heterogeneous effects of LTV limits has, however, been scarce. Abreu et al. (2024) and

Kinghan et al. (2022) split their samples by income quartile to assess the heterogeneous impact of an

LTV limit in Portugal and Ireland, respectively. While the former finds no significant differences between

income groups, the latter reports that higher-income borrowers had a stronger increase in downpayments.

Using sample splits has, however, the downside that it is difficult to pinpoint the contribution of a specific

household characteristic, since subgroup differences may reflect multiple correlated factors. Hodula et al.

(2023) jointly considers loan and household characteristics (mainly age, income, and household size) when

assessing heterogeneity in the response to a Czech LTV limit, but finds no significant differences along

these dimensions. The lack of a heterogeneous response in Hodula et al. (2023) could be driven by the fact

that they estimate average effects over all borrowers (ATE), rather than effects for the group affected by

the LTV limit (ATT), which could mask heterogeneity in responses among those most directly impacted.

Overall, differences in findings across studies often reflect variation in policy design, sample focus, and

empirical strategy, highlighting the importance of complementary evidence from different contexts and

datasets. Some studies focus exclusively on first-time buyers (Eerola et al. (2022), Kinghan et al. (2022),

Van Bekkum et al. (2024)), whereas others consider the full borrower population (De Araujo et al. (2020),

Tzur-Ilan (2023), Aastveit et al. (2024)). The type of data used also matters: studies based on credit
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registry data (De Araujo et al. (2020), Kinghan et al. (2022), Tzur-Ilan (2023), Abreu et al. (2024))

observe loan characteristics directly but typically lack detailed household balance sheet information,

whereas research using administrative tax data (Eerola et al. (2022), Aastveit et al. (2024), Van Bekkum

et al. (2024)) provides richer balance sheet measures but must impute key mortgage variables such as

LTV ratio’s and interest rates. Definitions of the treatment group also differ: analyses of hard LTV limits

(e.g., De Araujo et al. (2020), Tzur-Ilan (2023)) restrict treatment to those who adjust to the limit, while

studies of soft limits (e.g., Kinghan et al. (2022), Eerola et al. (2022), Aastveit et al. (2024)) define the

treatment group as all borrowers who, absent the limit, would have borrowed above it, thereby combining

those who adjusted with those who continued borrowing above the threshold.2

To fully assess the impact of an LTV limit, it is important to not only understand how borrowers adjust,

but also how many borrowers make these adjustments. However, prior research has primarily focused on

analyzing the former with only Eerola et al. (2022) quantifying the share of first-time apartment buyers

affected by an LTV limit in Finland.

In this paper, we contribute to the literature by both quantifying the share of high-LTV borrowers

who adjust under a soft LTV limit and assessing how this adjustment affects both mortgage terms and

household balance sheets using detailed borrower-level data from Belgium. We identify these effects

specifically for adjusters, excluding borrowers who continue to borrow above the limit. By jointly analyzing

responses across income, liquid wealth, age, and household type, we add to the international evidence base

with insights on how borrower-based macroprudential tools shape both mortgage and financial outcomes

across diverse household profiles.

Finally, our paper adds to the literature investigating the impact of homeownership on household

consumption. Best and Kleven (2018), Benmelech et al. (2023), and Sodini et al. (2023) show that a

house purchase is followed by a significant increase in consumption. By investigating how the reduction

in LTV ratios impacts household consumption in the year after mortgage origination, we provide novel

evidence on how household leverage impacts household consumption following a house purchase.

3 The Belgian experience

The mortgage market holds significant importance in Belgium due to its societal impact, economic

relevance, and role in maintaining financial stability. As of 2021, 71.3% of Belgian households owned their

homes, with 43.9% doing so through a mortgage loan, which is above the euro area average (EU-SILC,

2024). Complementing the high rate of homeownership, the Belgian mortgage market features structural

characteristics that contribute to its resilience, including a predominance of fixed-rate mortgages and low

2The only exception is Van Bekkum et al. (2024) who define the treated group as borrowers just below the LTV limit,
thereby pooling households who actively adjusted their LTV ratio with those that would have borrowed at similar LTV
ratios even in absence of the limit.
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default rates. In 2024, 73% of outstanding Belgian mortgages had an initial fixed interest rate for more

than ten years, often covering the full loan maturity, while an additional 10% had initial fixation periods

between five and ten years. Over the past decade, the average mortgage default rate remained low, at

approximately 0.9% (National Bank of Belgium, 2024b).

Since 2013, the NBB has introduced several capital-based macroprudential instruments aimed at strength-

ening the resilience of financial institutions, including an add-on to risk weights under internal ratings-based

models (implemented in 2013, reinforced in 2018) and, since May 2022, a sectoral systemic-risk buffer. In

response to concerns about rising house-price growth, increasing household indebtedness, and a growing

share of high-LTV mortgages (with the latter rising from about 35% to 45% between 2016 and 2018, see

figure 1), the European Systemic Risk Board (ESRB)—responsible for coordinating macroprudential

policy across the European Union—recommended the implementation of borrower-based macroprudential

measures to curb these adverse trends. This culminated in the introduction of borrower-based tools by

the NBB in 2020.

To operationalize this recommendation, the NBB announced in October 2019 that its prudential expecta-

tions for banks and insurance companies would take effect on January 1st 2020. These expectations require

new mortgages to comply with caps on LTV ratios and combinations of LTV, debt-to-income (DTI), and

DSTI ratios (National Bank of Belgium, 2022b). The LTV thresholds are set at 90% for owner-occupied

housing and 80% for buy-to-let properties. It is important to note that the NBB defines the LTV ratio to

include all loans at the borrower-level, including consumer loans, linked to the purchase or renovation of

the underlying collateral. The NBB also provided tolerance margins, i.e., shares of annual loan production

that are allowed to exceed these thresholds. These margins are more generous for owner-occupied than

for buy-to-let mortgage loans and distinguish between first-time and non-first-time buyers within the

owner-occupied segment.3 In addition, the prudential expectations define limits on combined indicators

of borrower risk. Specifically, at most 5% of loan production in a given year can have an LTV ratio above

90% in combination with either a DSTI ratio above 50% or a DTI ratio above 9. To ensure compliance

with these expectations, the NBB monitors the operations of financial institutions under a ‘comply or

explain’ framework, which requires lenders to justify any deviations from the established thresholds.

Given the central role of the LTV limit in the NBB’s prudential expectations and our interest in the

borrowing behavior of owner-occupiers, our analysis focuses on the 90% LTV cap. As shown in Figure 1c,

the introduction of the policy in 2020 coincided with a notable decline in the share of new mortgages in

Belgium with LTV ratios above 90%. This policy-induced shift in borrowing behavior forms the basis for

the empirical identification strategies we outline in section 5.

3More specifically, for first-time buyers, up to 35% of new lending can have an LTV ratio above 90%, with a maximum
of 5% exceeding 100%. For other owner-occupied loans, the tolerance margin is set at 20% with no loans permitted to
exceed an LTV of 100%. In the buy-to-let segment, up to 10% of new lending may exceed the 80% threshold, with a 0%
allowance for LTV ratios above 90%.
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Figure 1: Evolution of the Belgian mortgage market
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4 Data

4.1 The dataset

To investigate the effects of the Belgian LTV limit, we use a unique anonymized dataset provided by BNP

Paribas Fortis (BNPPF) covering the period from January 2012 to December 2022. During this period,

BNPPF was both the largest retail bank in Belgium and the largest mortgage servicer, responsible for 20%

to 25% of the Belgian residential mortgage market (BNPPF, 2024). Importantly, since the bank operates

across all three Belgian regions (Flanders, Wallonia, and Brussels Capital Region), the dataset offers a

representative sample of the national mortgage market (see infra, section 4.2). While it is theoretically

possible that borrowers who could no longer obtain a mortgage from BNPPF after the introduction of the
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LTV limit sought financing from other lenders, all banks in Belgium were subject to the same regulatory

framework. If significant substitution toward other banks had occurred, we would expect to see notable

shifts in relative mortgage market shares. However, BNPPF’s market share has exhibited only a minor

decrease since 2020, suggesting that compensating effects outside our sample were likely limited.

The dataset combines anonymized client-, mortgage-, and account-level data which we aggregate at a

monthly frequency. As the decision to purchase a dwelling is typically made at the household level, we

structure our analysis accordingly. We define a household as a group of individuals residing at the same

address who are either linked by a family relationship or share any type of account at BNPPF (e.g.,

checking, savings, or investment accounts). These individuals are assigned the same unique household

identifier.

The mortgage data includes information on both the loan (e.g., LTV ratio, house value, interest rate, and

maturity) and the household (e.g., income, age, postal code, number of dependents, and civil status) at the

time of mortgage origination. Our analysis focuses on mortgage loans to retail clients and excludes loans

issued solely for refinancing or renovation purposes.4 We further restrict the sample to owner-occupied

residential mortgages, removing buy-to-let loans and mortgage loans granted for professional purposes.5

To reduce the influence of outliers, we drop observations in the bottom and top 1% of the LTV distribution

over the full sample period, retaining loans with LTV ratios between 14% and 107%.6 Appendix A

provides further details on the data cleaning. The final sample represents 76.9% of the total volume of

new mortgage originations at BNPPF to retail clients for non-refinance and non-renovation loans between

2012 and 2022.

The account-level data includes monthly snapshots of balances on BNPPF checking, savings, and term

accounts held by the households. These balances are aggregated to the household level to construct

a measure of liquid wealth. Importantly, we do not observe any stock market investments made by

these households. Our measure thus acts as a proxy for actual liquid wealth but reflects a conservative

estimate of the household’s financial position. In sections 5 and 6, we explain how we account for these

limitations and how it affects our results. Nevertheless, data from the National Bank of Belgium show

that checking, savings, and term accounts account for 75% of liquid wealth of Belgian households between

2018 and 2021.7

Our dataset also includes monthly totals of incoming and outgoing transactions made through BNPPF

checking accounts, including salary payments, cash withdrawals, deposits, debit card purchases, end-of-

month credit card payments, and transfers. We isolate and aggregate those transactions through debit

or credit card payments, cash withdrawals, and transfers which are labeled as consumption, following

4Mortgages intended for both purchase and renovation are included in the sample.
5We also exclude observations with missing information for key variables, including property value, household identifier,

postal code, and birth date.
6Not applying any trimming does not significantly alter our baseline results.
7Financial assets and liabilities of individuals: https://stat.nbb.be/Index.aspx?DataSetCode=FAHHNFC&lang=en#. We

consider currency and deposits, debt securities, and listed shares as liquid wealth.
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the approach of Boudt et al. (2023). More specifically, consumption transactions are identified based on

the transaction metadata, which includes information on the counterpart (e.g., commercial counterpart

for card transactions and transfers), the technical nature of the transaction (e.g., cash withdrawal from

an ATM), and contextual information on the purpose of the transaction (e.g., keywords or self-reported

classifications). This information allows us to broadly capture actual consumption of households at

BNPPF, as opposed to often-used narrow proxies in the literature such as car purchases. In section

5.2.2, we explain how we ensure that the consumption we observe closely reflects households’ main

consumption behavior.

Importantly, in section C in the appendix, we verify the representativeness of our data in capturing the

full population of mortgagors at/around the time of mortgage origination. We do this by comparing

household characteristics, income, expenses; and mortgage characteristics reported in our dataset to those

reported in the Household, Finance, and Consumption Surveys (HFCS) and EU Statistics on Income and

Living Conditions (EU-SILC) datasets and find that there is no substantial bias present in our dataset.

Finally, table B.1 in the appendix provides an overview of all variables used in this paper.

4.2 Descriptives

Our final cleaned sample includes, on average, 1,545 new mortgage originations per month, corresponding

to a monthly volume of €322 million. This represents approximately 14.3% of the total national volume

of non-refinance and non-rebuild loans between 2012 and 2022, based on the NBB’s Survey on the Goal

of Mortgage Credit (SGMC) (National Bank of Belgium, 2024a).8

Figure 2 illustrates the year-by-year evolution of the distribution of borrowers across one-percentage-point

loan-to-value (LTV) bins at the time of mortgage origination. In the years preceding the implementation

of the LTV limit, the data show a pronounced concentration of borrowers at the 100% LTV threshold,

suggesting that households tended to maximize available leverage. Following the introduction of the limit,

this pattern shifts markedly: the share of borrowers with 100% LTV loans declines sharply, while a new

concentration emerges around the 90% threshold. The timing and abruptness of this transition—closely

aligned with the policy’s implementation—suggest a direct behavioral response by both lenders and

borrowers, consistent with the specific design and scope of the LTV regulation. The figure also suggests

a gradual adjustment in lending behavior, as the shift toward bunching at 90% becomes even more

pronounced from 2021 onwards, indicating that full alignment with the new limit may have taken time.

8Note that the SGMC includes credit to buy-to-let borrowers, loans with a professional purpose, and loans to private
banking clients, which we filter out. As a result, the calculated share of our sample relative to the non-refinance and
non-rebuild originations reported in the SGMC is somewhat lower compared to BNPPF’s mortgage market share of 20% to
25% during the sample period (BNPPF, 2024).
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Figure 2: LTV distributions 2012-2022

To contextualize our sample’s alignment with national market dynamics, we compare the cleaned BNPPF

dataset to aggregate Belgian mortgage data obtained from the National Bank of Belgium (NBB). Figure

3 plots the normalized monthly volume of new mortgage originations in our dataset alongside national

data on non-refinance and non-rebuild loans. The close tracking between both series underscores the

representativeness of our data in capturing national trends in origination volumes. Notably, the figure

reveals two pronounced spikes in origination volumes—at the end of 2014 and 2019—each followed by a

sharp decline. As figure 4 shows, these fluctuations are primarily driven by developments in Flanders

and correspond to reforms in this region’s Mortgage Interest Deduction (MID) scheme (‘woonbonus’ ).

The first spike reflects the 2015 devolution of the MID scheme from the federal to the regional level,

during which Flanders implemented deeper cuts than Wallonia or the Brussels Capital Region (Damen

and Goeyvaerts, 2023). The second spike marks the anticipation of the MID scheme’s repeal in Flanders

as of January 2020. Although our analysis does not encompass the entire Belgian mortgage market, the

size and market share of BNPPF, combined with the close alignment of observed trends, provide a strong

basis for deriving informative estimates of how a substantial segment of borrowers adjusted their leverage

in response to the policy.
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Figure 3: Evolution of the volume of mortgage originations

Figure 4: Regional evolution of the volume of mortgage originations

While the full sample spans 2012 to 2022, our baseline analysis focuses on the years surrounding the

implementation of the LTV limit. Table 1 presents descriptive statistics on mortgage and household

characteristics for the two years before and after the policy’s introduction. We observe a decline in

the median LTV ratio in the post-limit period relative to the pre-limit years. Meanwhile, the amount

borrowed and the maturity increased between 2018 and 2019 before stabilizing thereafter. Borrowers

also bought more expensive houses while seeing their interest rates decline between 2018 and 2021. The

median reported income remained relatively stable over the period, though the median liquid wealth

position (for the subsample containing liquid wealth information) increased following the policy. Table

B.2 in the appendix displays the correlation between those characteristics in our dataset, which align

with standard intuition.
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Table 1: Summary statistics

2018 2019 2020 2021

LTV (in %) 88 88 85 80
(23.23) (22.73) (21.00) (20.33)

Real mortgage amount 176,712 189,600 185,082 188,659
(106,068) (103,313) (108,481) (116,004)

Real house value 230,390 244,339 245,813 263,333
(133,669) (132,271) (142,213) (155,578)

Interest rate (in %) 1.82 1.60 1.45 1.27
(0.42) (0.35) (0.32) (0.29)

Maturity (in years) 19 24 24 23
(5.40) (5.12) (5.28) (5.16)

Age 34 33 34 34
(10.67) (10.32) (10.43) (10.30)

Real monthly income 3,252.81 3,323.75 3,296.06 3,274.54
(1,870.44) (1,650.69) (2,115.41) (3,323.571)

N 19,934 26,931 17,179 20,016

Real liquid wealth 19,990 21,537 24,636 27,921
(74,376) (100,410) (84,057) (82,541)

N 15,063 19,063 12,550 14,523

Note: For each variable, the table reports the median and the standard deviation (between brackets). The mortgage amount,
value of the property, income and liquid wealth are expressed in 2017 euros. Real liquid wealth is only reported for the
subsample with positive liquid wealth balances in the sixth month before mortgage origination, hence a different reported
sample size (N).

5 Empirical Strategy

We assess the effects of the 90% LTV limit in Belgium using two complementary empirical strategies: a

bunching analysis and a matching difference-in-differences approach. The bunching analysis quantifies

the intensive margin response (i.e., the share of borrowers at BNPPF who adjusted their LTV ratios

because of the limit) and examines heterogeneity across financial and demographic dimensions. The DiD

matching approach complements this analysis by investigating how borrowers adjusted their mortgage

terms and how the LTV limit affected their liquid wealth position and consumption behavior.

5.1 Bunching methodology

To estimate the share of borrowers who adjust their LTV ratio in response to the LTV limit, we adopt a

bunching design. Bunching methods are widely used to quantify behavioral responses in settings where

discontinuities in incentives lead economic agents to ‘bunch’ near a certain threshold (see Kleven (2016)

for an overview). In our case, the LTV limit leads to a clear bunching of borrowers at the 90% threshold,

as shown in figure 2. Central to bunching analyses is the estimation of a counterfactual distribution

around the discontinuity of interest. The standard approach, as developed by Saez (2010), Chetty et al.
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(2011), and Kleven and Waseem (2013), parametrically estimates this counterfactual distribution under

the assumption that it is smooth. This assumption is, however, unlikely to hold in our setting as the

LTV distribution consistently displays pronounced spikes at ‘round’ percentages, such as at 80% and

100%.9 To address this limitation, we adopt a non-parametric bunching approach proposed by DeFusco

et al. (2020) and Bäckman et al. (2025). This method constructs the counterfactual LTV distribution

for the post-limit period based on the observed distribution in pre-limit years.10 Comparing the actual

post-limit distributions to these counterfactuals allows us to estimate the share of borrowers who adjusted

their LTV ratio downward in response to the policy. We implement this approach for both 2020, the

year of the LTV limit’s introduction, and 2021, thereby capturing immediate as well as lagged behavioral

responses to the regulation.

5.1.1 Construction of counterfactual

The construction of the counterfactual consists of several steps. First, we determine the bunching interval,

i.e., the range of LTV ratios where we expect to observe the borrowers who adjusted their LTV ratio

downward in response to the 90% limit. Through visual inspection, we determine this to be the [85,90]

interval, as it captures the clustering of borrowers just below the threshold while maintaining a focused

range around the policy cut-off. However, our results remain robust to using alternative ranges (as shown

in section 6.3.1). Second, we take the LTV distribution of the most recent 12-month period that does not

exhibit any anticipation effects as the reference distribution. To determine this reference period, we plot

the evolution in the number of borrowers in the bunching interval over time in figure D.1 in the appendix.

Under the assumption of no anticipation, we expect the share of borrowers in the [85,90] range to remain

stable prior to January 2020. However, we observe a gradual increase beginning in July 2019, indicating

a departure from the pre-policy pattern. To avoid contamination from potential anticipation effects, we

exclude the months from July to December 2019 from the reference period. Consequently, our reference

distribution is the LTV distribution from July 2018 to June 2019.

With the bunching interval and reference distribution established, we next make assumptions about

how the bunching interval evolves from the reference period to the (post-policy) period of interest. A

first approach is the so-called ‘difference-in-bunching’ approach, which takes the change in an unaffected

control interval as a proxy for the counterfactual change in the bunching interval. We take the [79, 84]

interval to be the control interval as this group represents a conservative subset of borrowers sufficiently

below the limit to be plausibly unaffected, while remaining close enough to the bunching window to

provide a relevant comparison group. As shown in figure D.2 in the appendix, the evolution of this

9The standard bunching approach can be adjusted to account for round-number bunching by including a round-number
fixed effect in the estimation. However, this assumes that the extent of the bunching at each round number is similar. This
is clearly not the case in the LTV distribution.

10Note that, unless stated otherwise, the LTV distributions in our analysis are based on one-percentage-point bins, which
represent the finest level of granularity available in our dataset.
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control interval closely tracks that of the bunching interval during the pre-limit period, supporting its

use as a proxy. Equation (1) formally represents the difference-in-bunching approach, with nb,t and n̂b,t

respectively representing the actual and counterfactual number of borrowers in bin b at time t. The

number of borrowers in the control interval is captured by Ct. Time periods t∗ and t∗ + 1 respectively

refer to 2020 (k = 0) and 2021 (k = 1), i.e., the year of implementation of the limit and the subsequent

year, while t∗ − 1 is the reference period.

n̂b,t∗+k =

(
nb,t∗−1

Ct∗−1

)
· Ct∗+k, with k = 0, 1 (1)

A limitation of this approach is that it imposes a uniform change in the number of borrowers in each bin b

between the reference period (July 2018–June 2019) and 2020 or 2021 that equals the change observed in

the control interval. That is,
n̂b,t∗+k

nb,t∗−1
= Ct+k

Ct∗−1
. As a complementary specification, we use bin-specific linear

trends in the normalized number of borrowers, following Eerola et al. (2022), which allows to extrapolate

pre-policy dynamics separately for each bin. To isolate changes driven by the policy from broader trends

in mortgage activity, we again normalize the number of borrowers in each LTV bin by the number of

borrowers in the control interval. This adjustment accounts for fluctuations in overall loan volumes over

time, allowing us to focus on relative shifts in the LTV distribution around the threshold. Formally:

n̂b,t∗+k

Ct∗+k
=

nb,t∗−1

Ct∗−1
+ (k + 1) ∗

(
nb,t∗−1

Ct∗−1
− nb,t∗−2

Ct∗−2

)
= π̂b,t∗+k, with k = 0, 1 (2)

This specification allows each bin’s normalized number of borrowers to follow its own linear trend,

capturing heterogeneous dynamics across the LTV distribution. Trends are calculated as the change in the

normalized number of borrowers between periods t∗ − 2 (July 2017 until June 2018) and t∗ − 1 (July 2018

until June 2019), and extrapolated to generate forecasts for 2020 (k = 0) and 2021 (k = 1). To maintain

credibility of this linear trend assumption, we limit the extrapolation to these two post-policy years.

The final counterfactual number of borrowers in each bin under this approach is then obtained by:

n̂b,t∗+k = π̂b,t∗+k ∗ Ct∗+k, with k = 0, 1 (3)

Although our analysis spans a period affected by both the COVID-19 pandemic and the repeal of the

MID scheme in Flanders, we take several steps to mitigate potential confounding influences. First, the

normalization by a control interval accounts for general shifts in loan origination across time. Given
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the strong comovement between the bunching interval and the control interval over the full pre-limit

period, there is not a clear reason why, in absence of the limit, there would be a divergence between these

two intervals in 2020 and 2021. Second, the two counterfactual approaches each address changes in the

LTV distribution using distinct identification strategies: the difference-in-bunching approach leverages

proportional scaling relative to a stable control group while the bin-specific trend model accommodates

heterogeneous dynamics. Third, by excluding the second half of 2019 from the sample, we remove the

surge in originations linked to the MID repeal. In section 6.3.1, we further demonstrate that our results

are robust to alternative counterfactual constructions.

5.1.2 Estimating the effects

We quantify the extent to which households adjusted to the LTV limit by comparing the actual bunching

intervals in 2020 and 2021 to their corresponding counterfactuals. To estimate the intensive margin effect,

we define a key term: the excess mass. The excess mass represents the number of borrowers who have

an LTV ratio in the bunching interval ([85, 90]) in the actual but not in the counterfactual distribution.

This captures the number of borrowers who adjusted their LTV ratios downward to just below the 90%

threshold in response to the policy constraint. The excess mass is calculated as:

Excess =

90∑
b=85

(nb,t∗+k − n̂b,t∗+k) (4)

Figure D.3 in the appendix illustrates the actual and counterfactual LTV distributions for 2020 and

2021, with the green shaded area representing the excess mass. In both years, we observe that both

counterfactuals closely track the actual distribution below the bunching interval. Within the bunching

interval, the two methods yield very similar counterfactuals leading to a clear excess mass. While the

counterfactuals deviate for the LTV ratio’s above the limit, we do not use this part of the distribution for

our analysis.

The observed bunching represented by the excess mass is used to quantify the intensive margin response,

defined as a share of the “high-LTV” borrowers (NH). This group includes borrowers who, in 2020 or

2021, either adjusted their LTV ratio to fall within the bunching interval or continued to borrow above

the 90% threshold due to the policy’s tolerance margins. It does not capture those who may have been

deterred entirely from borrowing in those years due to the regulation. The number of borrowers in this

group is calculated as the sum of the excess mass (i.e., those who shifted from above to below 90%) and
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the number of borrowers actually borrowing above 90% in 2020 and 2021. Formally:

Intensive Margin =
Excess

Excess+NLTV >90
=

Excess

NH
(5)

To also express this adjustment relative to the overall actual borrower population, we report the share of

total borrowers at BNPPF who adjusted their LTV ratio due to the limit, computed as Excess
N in each

year of interest. Standard errors are estimated using a bootstrap procedure.11

5.2 Matching and difference-in-differences methodology

While the bunching analysis provides estimates of the share of borrowers that adjusted their LTV ratio in

response to the policy, it does not reveal how these adjustments were made. In this section, we describe

the methodology used to study the effects of the LTV limit on the mortgage contract terms, household

balance sheet characteristics, and consumption behavior among borrowers who complied with the policy

by reducing their LTV ratio.

A common approach in loan-level analyses is to use a difference-in-differences (DiD) framework, comparing

changes in borrower characteristics between ‘treated’ and ‘control’ households before and after a policy

intervention to estimate the average treatment effect on the treated (ATT). However, in our setting,

treatment status is not directly observable in the post-policy period, as we only observe the realized LTV

without knowing the borrower’s counterfactual LTV in the absence of the policy. Furthermore, the data

are structured as repeated cross-sections, since housing transactions typically involve different households

and properties over time, making conventional DiD methods inapplicable.

To address this, we build on the approach of Van Bekkum et al. (2024), who apply a matching design with

repeated cross-sectional data. In their setting, each post-policy borrower just below the LTV threshold is

matched to the most similar pre-policy borrower, based on age and income. The authors identify the ATTs

by comparing mortgage characteristics between the matched households. However, because the matched

households are drawn from different time periods, this methodology does not control for time-specific

factors that may influence borrower outcomes independently of the LTV policy. We therefore adopt a

combined matching and DiD strategy (DiD matching) as in Tzur-Ilan (2023). This methodology allows us

to construct treatment and control groups observed in both the pre- and post-policy periods, enabling us

to difference out time-specific confounders while preserving the comparability achieved through matching.

In a first step, we identify potentially affected households in the post-policy period as those borrowing

with LTV ratios in the [85,90] range during 2020, and match them with similar households that borrow

before the policy implementation. As outlined in section 5.1, the pre-policy period consists of households

11We draw 1,000 random samples of borrowers from the pre-policy years (t∗ − 2, t∗ − 1) and the policy years (2020 or
2021), and calculate the intensive margin in each replicate. The resulting distribution of 1,000 estimates is used to derive
standard errors for the relevant point estimates.
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borrowing between July 2017 and June 2019. Following Tzur-Ilan (2023), we focus on those households

borrowing before the limit with an LTV ratio close to the cut-off, i.e., between 85% and 100%. This

reflects the observed pattern that, after the policy’s introduction, a large share of borrowers switched

from an LTV of 100% to just below the regulatory limit.

We match on characteristics that are theoretically relevant and empirically predictive for a household’s

LTV ratio. Existing studies typically rely on income and/or age as core matching variables (Aastveit et al.,

2024; De Araujo et al., 2020; Tzur-Ilan, 2023; Van Bekkum et al., 2024). Accordingly, we use real income

and age to match each affected household with its nearest-neighbor counterpart.12 Given the richness of

our dataset, we further refine the matches by imposing additional criteria aimed at improving match

quality. Specifically, matched households are required to borrow under the same interest rate type, within

the same quarter of the year, and buy a home located in the same two-digit postal code—controlling for

loan characteristics, seasonality, and regional effects, respectively. To account for differences in housing

types, we further restrict matches to households purchasing in the same price segment, defined as either

above or below the median transaction price in a given arrondissement and quarter. In terms of household

characteristics, we also match on the presence of children.13 To improve matching precision, we discard

household pairs with a normalized matching distance above the 95th percentile, as well as those in

two-digit postal code areas where fewer than five matches could be obtained.14

We use this set of matched households in a second step to construct the control and treatment groups

for the DiD analysis. Specifically, for each potentially affected household in the post-policy period, we

examine whether the LTV ratio of its matched pre-policy counterpart falls within the [85,90] or [91,100]

range. If the matched households’ LTV is in the [85,90] range, we infer that the borrower would have

remained below the policy threshold even in the absence of the LTV limit, and thus assign the pair to

the control group. If the matched households’ LTV falls in the [91,100] range, we infer that the borrower

would have exceeded the threshold absent the policy, and therefore assign the pair to the treatment group.

This classification yields groups of control and treatment households observed both before and after the

policy implementation.

While the bunching analysis only requires controlling for general time trends, the matching approach

additionally depends on identifying a comparable pre-limit counterpart for each post-limit borrower to

determine treatment status. As a result, it is more sensitive to broader shifts in the economic environment

because it relies on the assumption that the policy is the only systematic difference between the periods.

This assumption becomes harder to justify in the presence of major shocks. To preserve the credibility of

12Matching is performed 1:1 with replacement using the normalized Euclidean distance. We discuss the rationale for this
approach in section 6.3.2 and test robustness to alternative specifications. Standard errors are bootstrapped to account for
matching with replacement.

13We extend and limit our matching criteria in robustness section 6.3.2.
14Our results are robust to alternative distance thresholds.
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this assumption, we restrict the post-policy period in the DiD matching analysis to 2020, before the full

onset of pandemic-related disruptions in housing and credit markets. This results in a sample of 3,675

matched household pairs, or 7,350 observations in total. Appendix E assesses the quality of the matches

and supports the strength of the matching approach. In section 6.3.2, we further address potential

COVID-related distortions by restricting the analysis to the first half of 2020 (2020H1).

5.2.1 Mortgage characteristics at origination

To estimate the effect of the LTV limit on mortgage characteristics at origination, we estimate the

following DiD specification at a monthly frequency:

Yi,t = α+ θt + δTreatedi + β(Treatedi × Postt) + ϵi,t (6)

Here, Yi,t denotes a vector of mortgage contract terms at the month of origination t for household i.

The indicator Treatedi identifies households inferred to be affected by the LTV limit, and Postt equals

one for originations in the post-policy period. The coefficient δ captures pre-policy differences in the

mortgage characteristic at origination between treated and control households. The coefficient of interest,

β, captures the ATT, measuring the change in this difference between treated and control households’

mortgage characteristic from the pre- to post-policy period. Time fixed effects θt absorb month-specific

shocks common to all households. We do not include household fixed effects given that we do not observe

the same household in both the pre- and post-limit period. To account for sampling uncertainty from the

first-stage matching procedure, we compute p-values based on the mean and standard deviation of 1,000

pair-bootstrap replications, assuming asymptotic normality of the estimator.

5.2.2 Dynamic effects on household balance sheets and consumption

We extend the methodology described above to a local projections DiD (LP-DiD) framework to study the

evolution of household balance sheet outcomes and consumption following the LTV limit. Specifically, we

estimate the following equation, following the approach proposed by Dube et al. (2025):

∆Yi,t+h = θht + δhTreatedi + βh(Treatedi × Postt) + ϵhi,t (7)

where ∆Yi,t+h = Yi,t+h −Yt−1 denotes the change in the outcome variable h months after mortgage

origination, with h ranging from 0 to 12. The vector Y includes liquid wealth and, separately, consumption.

For each dependent variable, we restrict the sample to active clients. For liquid wealth, this includes

households with observed account balances in the month prior to origination, the month of origination, and

all 12 months thereafter. By doing this, we ensuring a continuous observation window for liquid wealth.
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For consumption analyses, following De Schryder et al. (2025) and Boudt et al. (2023), we include only

those households whose reported monthly non-durable consumption exceeds the basic needs threshold for

a single-person household in Belgium (Storms and Van den Bosch, 2009) in the month prior to origination,

the month of origination, and for each of the 12 months following mortgage origination. This ensures

that we focus on those households that predominantly use their BNPPF accounts for consumption, so

that the observed consumption closely reflects their main consumption behavior. These restrictions yield

slightly smaller samples than in section 5.2.1, with 6,025 observations for the liquid wealth analysis and

3,320 observations for the consumption analysis.

In this specification, the coefficient on Treatedi, δ
h, captures differences in changes in the outcome variable

between treated and control households in the pre-policy period at each horizon h, while coefficient βh

measures the differential treatment effect at each horizon h in the post-policy period. Confidence intervals

are computed using the same bootstrap procedure described above.15

The validity of the DiD methodology rests on three key assumptions. First, treatment assignment must

be exogenous—that is, unrelated to potential outcomes. In our case, the Belgian LTV limit applied to all

borrowers after 2020, regardless of their mortgage or household balance sheet characteristics. Moreover,

we define treatment status based on the LTV ratio of a closely matched household from the pre-policy

period who was not subject to the limit. Second, the parallel trend assumption requires that, in the

absence of treatment, the difference in outcomes between the treatment and control groups would have

remained constant over time. In Appendix F.1, we examine this assumption and show that, in the

pre-policy period, there are no significant differences in trends between the two groups. Third, and

particularly relevant in a repeated cross-section, the composition of the treatment and control group

must remain stable over time, both in observable and unobservable characteristics. In Appendix F.2, we

demonstrate the compositional balance in observables and explain the steps we take to mitigate concerns

about time-varying unobservables.

6 Results

6.1 Baseline results

6.1.1 Bunching

The results of the bunching analysis are presented in Table 2. The columns labeled (1) report estimates

based on the difference-in-bunching approach, while those labeled (2) present results using bin-specific

trends. Relative to the counterfactual derived from the two specifications described in section 5.1, we

15Pair-bootstrapping will account for any serial correlation in the residuals of the LP regressions given that it keeps the
time structure between the bootstrapped data for each individual (Cameron et al., 2008; Cameron and Miller, 2015; Jordà,
2023).
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estimate that in 2020, depending on the specification, approximately 34% or 36% of high-LTV borrowers

at BNPPF adjusted their LTV ratio into the bunching interval. In 2021, the corresponding figures are 52%

and 57%. When expressed as a share of all new mortgage originations, this corresponds to roughly 14%

or 16% in 2020, and 18% or 21% in 2021. Both specifications clearly indicate that the LTV limit caused

a sizeable share of borrowers to reduce their LTV ratio. The increase in intensive margin effects over

time is consistent with a gradual adjustment process in borrower and lending behavior to the LTV limit.

Notably, we observe these significant shifts despite the fact that the NBB allowed for tolerance margins. In

the year of implementation, BNPPF made almost full use of the margins with 35.8% of first-time buyers

and 17.7% of other borrowers obtaining a loan with an LTV above the 90% limit. By 2021, however,

the use of these tolerance margins had declined considerably, with only 19.4% of first-time buyers and

12.1% of other borrowers exceeding the LTV threshold. This decline is reflected in the stronger estimated

intensive margin effects for that year. This pattern suggests that, over time, either BNPPF applied the

LTV limit more strictly, borrowers began to self-regulate by applying for loans with lower LTV ratios or

postponing their purchase, or both.

Table 2: Baseline results

2020 2021
(1) (2) (1) (2)

Intensive Margin 0.338*** 0.362*** 0.523*** 0.573***
(0.009) (0.014) (0.010) (0.020)

Share total 0.141*** 0.157*** 0.176*** 0.214***
(0.005) (0.009) (0.006) (0.017)

Window [85,90] [85,90] [85,90] [85,90]
Binwidth 1 1 1 1

NH 7,152 7,429 6,720 7,493
N 17,179 17,179 20,016 20,016

Note: The table reports the intensive margin estimates for two specifica-
tions: (1) Applying a difference-in-bunching design with the LTV distri-
bution of the last pre-limit year as reference and (2) Using a bin-specific
constant time trend. NH denotes the number of high-LTV borrowers
while N denotes the total sample size. Standard errors are obtained by
bootstrapping (stratified by year, 1,000 draws). Significance is denoted by
asterisks: *p<0.1, **p<0.05, ***p<0.01.

The significant intensive margin effects naturally prompt a set of follow-up questions. How did households

adjust, and what were the consequences for their mortgage terms and household balance sheets? Which

households were best able to adjust to the LTV limit? We address these questions in sections 6.1.2 and

6.2, respectively.
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6.1.2 Matching

The results of our DiD matching exercise (equation (6) are presented in table 3. The estimates suggest

that treated households adjusted to the LTV limit primarily by reducing their loan size and increasing

their own financial contribution, as reflected in the statistically significant coefficients in columns (2) and

(4). On average, the (inflation-adjusted) loan amount was €13,080 lower for treated households after the

policy, while the real downpayment increased by €24,630. The stronger increase in the downpayment

relative to the decrease in the loan amount can be partly attributed to an increase in the real house

value of approximately €11,030 (column (1)), although that estimate is only marginally significant

(p=0.09). Column (3) shows that the effect on the loan-to-income (LTI) ratio mirrors the change in loan

amount, though with weaker statistical significance. Taken together, we conclude that treated households

continued to purchase houses of similar or moderately higher value after the LTV limit was implemented,

and financed them with an increased own contribution.

The literature review showed disagreement regarding the impact of an LTV limit on the value of the

purchased property. Consistent with Kinghan et al. (2022), Eerola et al. (2022), and Hodula et al. (2023),

we do not find that affected borrowers purchased cheaper homes. Since the LTV limit was introduced

in a period of steadily rising house prices, our results are also in line with Armstrong et al. (2019) who

shows that the effect of LTV limits on house price growth tends to be weaker when they are implemented

amid high house price inflation.

When examining specific mortgage characteristics, we find a we find a marked and statistically significant

reduction in repayment burden for treated households. On average, monthly repayments decrease by €149

(column (5)). Expressed as the loan-service-to-income (LSTI) ratio, the impact amounts to a decrease

of 4.63 p.p. (column (6)). This effect is consistent with a combination of lower borrowing amounts

(column (2)) and significantly reduced interest rates. More specifically, treated households experienced,

on average, a 0.12 p.p. lower interest rate after the LTV limit (column (8)). The reduced rates may stem

from the improved credit risk profile associated with lower LTV ratios and shorter maturities (column

(7)). It is also possible that the lender offered more favorable rates to encourage compliance with the

LTV regulation. Note that all comparisons are made within the same rate class because our matching

criteria include the interest-rate type, ensuring that rate-type composition does not confound the results.

The estimated interest rate reduction aligns with expectations, given the decrease in borrower leverage.

However, as discussed in section 2, Hodula et al. (2023), Abreu et al. (2024) and Tzur-Ilan (2023) actually

report an increase in interest rates following the implementation of an LTV limit. Our setting differs from

these studies in two key ways: we exclude borrowers who continued to borrow above the limit—unlike

Hodula et al. (2023) and Abreu et al. (2024)—and, unlike Tzur-Ilan (2023), our institutional context did

not permit a shift to unregulated credit channels.
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Overall, we find that those households that adjusted their LTV ratio to the limit ended up with less

risky mortgages and lower repayment burdens. These outcomes are closely aligned with the NBB’s

policy objective of reducing high-risk borrowing. Importantly, our results show that borrowers complied

primarily by increasing their own financial contribution, rather than opting for more affordable housing.

Table 3: Results for the β coefficient of equation (6)

(1) (2) (3) (4) (5) (6) (7) (8)
House value Loan amount LTI Downpayment Repayment LSTI Maturity Interest rate

(euro) (euro) (p.p.) (euro) (euro) (p.p.) (years) (p.p.)

11,030* -13,080*** -23.98* 24,630*** -149*** -4.63*** -1.17*** -0.12***
(6,644) (5,876) (13.28) (966) (30) (0.92) (0.32) (0.03)

Note: The description of the variables can be found in table B.1. Standard errors are reported between brackets. Significance
is denoted by asterisks: *p<0.1, **p<0.05, ***p<0.01

Thus far, we have focused on mortgage contract terms at origination. To examine the impact of the LTV

limit on household balance sheet outcomes, we now turn to the results from equation (7). Figure 5a

shows a negative effect on liquid wealth that persists through the first year after origination, amounting

to roughly -€3,000 or approximately 12% of the average liquid wealth position of the households in our

sample observed one month prior to origination. While the effect is statistically significant only at certain

horizons, the estimates consistently point to lower real liquid wealth among treated households, which is

plausibly explained by a greater reliance on liquid assets to fund higher downpayments.

We then decompose our liquid-wealth measure and estimate effects on its subcomponents. In line with

broader patterns in Belgium, the majority of liquid wealth in our sample is held in savings accounts (82%

on average), while checking account balances account for 17.5%. The remaining component consists of

term account balances, which we do not consider separately due to their limited size. We find that the

overall downward effect on liquid wealth is mostly driven by a reduction in savings account balances (figure

5b), which shows significant coefficient at various horizons, rather than changes in current account balances

(figure 5c). Our findings resonate with previous research by Aastveit et al. (2024) and Van Bekkum et al.

(2024), which also documents a reduction in aggregate liquid assets following an LTV regulation. What is

new in our study is the ability to decompose liquid wealth into subcomponents, which shows that the

decline is driven primarily by savings-account balances, while current account balances remain largely

unaffected. Importantly, the larger reduction in savings buffers among treated households could weaken

their capacity to absorb unexpected income shocks over the lifetime of the mortgage, posing a potential

concern for financial resilience and stability.
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Figure 5: Results for the βh coefficients of equation (7). Note: The solid blue dots and lines show the
coefficients while the shaded areas reflect the 90% and 95% error bands.

(a) Liquid wealth (b) Savings account balance (c) Current account balance

Although the estimated coefficients exhibit some volatility, Figure 6 indicates a negative effect on total

consumption in the 12 months following mortgage origination, with statistically significant impacts at

several horizons. On average, treated households reduce their monthly consumption by approximately

€290, equivalent to 12% of average consumption in the month before origination. These results suggest

that the increased downpayment requirement had a stronger effect on household consumption than the

relief from a reduced repayment burden.

While Best and Kleven (2018), Benmelech et al. (2023), and Sodini et al. (2023) show that consumption

typically increases following a house purchase, our results indicate that this response is conditional on

the leverage position: households with lower leverage after adjusting to the LTV limit exhibit a more

subdued consumption trajectory in the year after purchase.

Figure 6: Results for the βh coefficients of equation (7). Note: The solid blue dots and lines show the
coefficients while the shaded areas reflect the 90% and 95% error bands.

6.2 Heterogeneous effects

In this section, we explore the heterogeneity in the estimated effects. We first apply our baseline bunching

method to different subsamples based on borrowers’ income, liquid wealth, age, and household type. We

employ two-percentage-point bins rather than the one-percentage-point bins used in the main analysis to

ensure sufficient observations per bin for constructing the counterfactual.
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Next, we use the matching and (LP-)DiD methods to examine heterogeneous effects across household

characteristics. Specifically, we extend equations (6) and (7) by adding triple interaction terms between

the Treatedi and Postt indicators and dummy variables for selected financial constraints and household

type.16 Unlike the bunching-based subsample analyses, this approach enables a joint examination of

multiple dimensions of heterogeneity within a unified framework.

Tables 4 and 5 present the results of the bunching analysis by subsamples based on households’ positions

in the income and liquid wealth distributions. Households are assigned to the first (fourth) quartile of the

income distribution if their reported income falls below the 25th (above the 75th) percentile of the sample’s

income distribution in the year of mortgage origination.17 For liquid wealth, we use balances measured

six months prior to origination to reduce endogeneity concerns, as values closer to the mortgage date

may reflect pre-purchase spending, such as downpayments or transaction costs, rather than a household’s

underlying financial position. Moreover, to ensure that households in our sample actively use their BNPPF

accounts to hold liquid wealth, we retain only those with a positive liquid wealth balance.18 Given this

smaller sample, we do not split liquid wealth into quartiles. Instead, Table 5 compares households with

liquid wealth below versus above the median of the corresponding annual distribution.19

A comparison between the first and fourth income quartiles reveals that a substantially larger share of

both high-LTV and total borrowers in the first income quartile reduced their LTV ratio compared to

borrowers in the fourth quartile. Between 44% and 69% of high-LTV low-income borrowers reduced

their LTV ratio in 2020 and 2021 compared to approximately 27% to 41% among high-income borrowers.

Likewise, between 17% and 24% of total low-income borrowers adjusted their LTV in 2020 and 2021,

compared with 9% to 11% among high-income borrowers. These findings show that a substantial share

of lower-income borrowers was able to adjust their LTV ratio downward. On the other hand, they also

reveal that a greater share of the high-LTV high-income borrowers was still able to borrow above the limit

compared to the high-LTV low-income borrowers. This contrasts with Eerola et al. (2022), who do not

find a statistically significant difference in intensive margin responses between below- and above-median

income first-time apartment buyers in Finland.

Examining the heterogeneity based on liquid wealth, we observe a stronger intensive margin effect for

those with above median liquid wealth (36% to 57%) compared to those with below median liquid wealth

(30% to 51%), though the significance of this difference depends on the counterfactual specification. This

stronger impact is not surprising as those with more liquid wealth may be better able to reduce their

LTV ratio. However, as high-LTV mortgages are more common among lower-wealth households—with

the high-LTV borrowers (NH) representing around 45–50% of the total (N) in the low-wealth group

16All relevant double interaction terms are included as well.
17In 2020 (2021), the 25th percentile was €2,343 (€2,364) and the 75th percentile was €4,365 (€4,465).
18This also means that these households were already clients at BNPPF six months prior to mortgage origination.
19The median amount of liquid wealth was €24,636 in 2020 and €27,922 in 2021.
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compared to 23–28% in the high-wealth group—we do observe that a larger share of the total low-wealth

borrowers reduced their LTV ratio compared to the high-wealth borrowers.

Tables 4 and 5 show distinct patterns for income and liquid wealth heterogeneity. While previous studies

mainly focused on income heterogeneity, our results indicate that it is important to capture both income

and liquid wealth when examining the impact of LTV limits. Lower-income households do not appear

to be systematically liquidity-constrained, as a large share of high-LTV borrowers in this group adjust

their LTV ratios to the bunching interval. In contrast, households with lower liquid wealth seem more

restricted in their ability to reduce leverage.

Table 4: Income Heterogeneity

2020 2021
(1) (2) (1) (2)

Q1 Q4 Q1 Q4 Q1 Q4 Q1 Q4

Intensive Margin 0.440*** 0.269*** 0.454*** 0.282*** 0.667*** 0.374*** 0.690*** 0.408***
(0.018) (0.024) (0.024) (0.039) (0.015) (0.030) (0.030) (0.078)

pdiff < 0.01 pdiff < 0.01 pdiff < 0.01 pdiff < 0.01

Share Total 0.172*** 0.092*** 0.182*** 0.099*** 0.212*** 0.096*** 0.235*** 0.110***
(0.011) (0.011) (0.016) (0.018) (0.011) (0.012) (0.029) (0.033)

pdiff < 0.01 pdiff < 0.01 pdiff < 0.01 pdiff < 0.01

Window [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90]
Binwidth 2 2 2 2 2 2 2 2

NH 1,679 1,478 1,722 1,505 1,590 1,281 1,704 1,354
N 4,296 4,298 4,296 4,298 5,005 5,004 5,005 5,004

Note: The table reports the intensive margin estimates for two specifications: (1) Applying a difference-in-bunching design
with the LTV distribution of the last pre-limit year as reference and (2) Using a bin-specific constant time trend. NH denotes
the number of high-LTV borrowers while N denotes the total sample size. Standard errors are obtained by bootstrapping
(stratified by year, 1,000 draws). Significance is denoted by asterisks: *p<0.1, **p<0.05, ***p<0.01.

Table 5: Liquid Wealth Heterogeneity

2020 2021
(1) (2) (1) (2)

≤ Median > Median ≤ Median > Median ≤ Median > Median ≤ Median > Median

Intensive Margin 0.297*** 0.364*** 0.320*** 0.380*** 0.467*** 0.533*** 0.511*** 0.565***
(0.014) (0.022) (0.020) (0.034) (0.014) (0.024) (0.030) (0.050)

pdiff < 0.01 pdiff = 0.130 pdiff = 0.017 pdiff = 0.349

Share Total 0.143*** 0.100*** 0.159*** 0.107*** 0.191*** 0.114*** 0.228*** 0.130***
(0.009) (0.009) (0.014) (0.015) (0.009) (0.010) (0.026) (0.024)

pdiff < 0.01 pdiff = 0.011 pdiff < 0.01 pdiff < 0.01

Window [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90]
Binwidth 2 2 2 2 2 2 2 2

NH 3,023 1,721 3,123 1,766 2,974 1,549 3,238 1,665
N 6,275 6,275 6,275 6,275 7,262 7,261 7,262 7,261

Note: The table reports the intensive margin estimates for two specifications: (1) Applying a difference-in-bunching design
with the LTV distribution of the last pre-limit year as reference and (2) Using a bin-specific constant time trend. NH denotes
the number of targeted borrowers while N denotes the total sample size. Standard errors are obtained by bootstrapping
(stratified by year, 1,000 draws). Significance is denoted by asterisks: *p<0.1, **p<0.05, ***p<0.01.

Table 6 shows the effects according to age group. This focus on age reflects concerns that younger

borrowers—often first-time buyers (FTBs)—may be particularly affected by LTV regulations. In light of
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these concerns, the Belgian LTV limit includes more generous tolerance margins for FTBs. Since our

data do not allow to directly identify FTBs before 202020, we split the sample according to age groups.

We adopt a 35-year cut-off, consistent with common practice and reflecting the empirical concentration of

FTBs in this age group. While not a perfect match, the overlap is strong: in our post-policy sample, 77%

of borrowers under age 35 are classified as FTBs, compared to 28% among those 35 and older. The age

groups in Table 6 thus offer a meaningful lens through which to examine behavioral differences between

initial and more experienced borrowers.

We observe that there are no significant age-related differences in the share of high-LTV borrowers who

reduced their LTV ratio in either 2020 or 2021. However, the share of high-LTV borrowers is notably

higher among the younger borrowers. On the one hand, this implies that a larger share of total young

borrowers adjusted their LTV ratio downward compared to the older borrowers. On the other hand, the

similar intensive margin effect also implies that a similar share of high-LTV borrowers still borrowed

above the limit. This, in turn, implies a larger share of total young borrowers being able to borrow

above the limit compared to the older borrowers, consistent with the tolerance margins being larger for

first-time buyers.

Table 6: Age Heterogeneity

2020 2021
(1) (2) (1) (2)

<35 ≥ 35 <35 ≥ 35 <35 ≥ 35 <35 ≥ 35

Intensive Margin 0.347*** 0.315*** 0.368*** 0.350*** 0.532*** 0.507*** 0.573*** 0.576***
(0.011) (0.016) (0.017) (0.023) (0.012) (0.016) (0.024) (0.032)

pdiff = 0.104 pdiff = 0.529 pdiff = 0.218 pdiff = 0.948

Share Total 0.183*** 0.092*** 0.200*** 0.108*** 0.229*** 0.118*** 0.271*** 0.156***
(0.009) (0.006) (0.014) (0.010) (0.009) (0.007) (0.025) (0.020)

pdiff < 0.01 pdiff < 0.01 pdiff < 0.01 pdiff < 0.01

Window [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90]
Binwidth 2 2 2 2 2 2 2 2

NH 4,755 2,386 4,915 2,514 4,459 2,258 4,893 2,626
N 9,038 8,141 9,038 8,141 10,348 9,668 10,348 9,668

Note: The table reports the intensive margin estimates for two specifications: (1) Applying a difference-in-bunching design
with the LTV distribution of the last pre-limit year as reference and (2) Using a bin-specific constant time trend. NH denotes
the number of high-LTV borrowers while N denotes the total sample size. Standard errors are obtained by bootstrapping
(stratified by year, 1,000 draws). Significance is denoted by asterisks: *p<0.1, **p<0.05, ***p<0.01.

Table 7 presents the estimates by household type, showing a larger intensive margin effect for singles

compared to couples. The fact that a substantial share of high-LTV singles manages to reduce their LTV

ratio may seem surprising, but likely reflects sample selection; since we only focus on successful mortgage

applicants, the singles in our data may be less financially constrained than the broader population of single

individuals. Supporting this interpretation, we find that singles consistently hold higher average liquid

wealth than couples prior to mortgage origination—suggesting they already needed stronger financial

20The NBB formally defined FTB status with the introduction of the LTV limit in 2020, at which point banks in Belgium
were required to start reporting this information.
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buffers to qualify for a loan. This also explains why the high-LTV population makes up a smaller share

of the total population among singles versus couples, with shares of 37%-38% and 29%-32% of the total

single population being classified as having a high LTV in 2020 and 2021, relative to 45%-47% and

37%-41% of the total couple population. While the intensive margin effect is stronger among singles, the

smaller proportion of the high-LTV group results in a similar share of the total samples of singles and

couples adjusting their LTV ratio in response to the limit.

Table 7: Heterogeneity for singles vs. couples

2020 2021
(1) (2) (1) (2)

Singles Couples Singles Couples Singles Couples Singles Couples

Intensive Margin 0.405*** 0.300*** 0.426*** 0.327*** 0.598*** 0.483*** 0.637*** 0.537***
(0.015) (0.011) (0.022) (0.017) (0.014) (0.012) (0.028) (0.026)

pdiff < 0.01 pdiff < 0.01 pdiff < 0.01 pdiff < 0.01

Share Total 0.150*** 0.134*** 0.163*** 0.152*** 0.173*** 0.178*** 0.204*** 0.221***
(0.008) (0.007) (0.013) (0.012) (0.008) (0.007) (0.023) (0.022)

pdiff = 0.161 pdiff = 0.541 pdiff = 0.641 pdiff = 0.594

Window [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90] [85,90]
Binwidth 2 2 2 2 2 2 2 2

NH 2,534 4,618 2,626 4,801 2,351 4,369 2,606 4,881
N 6,862 10,317 6,862 10,317 8,146 11,870 8,146 11,870

Note: The table reports the intensive margin estimates for two specifications: (1) Applying a difference-in-bunching design
with the LTV distribution of the last pre-limit year as reference and (2) Using a bin-specific constant time trend. NH denotes
the number of high-LTV borrowers while N denotes the total sample size. Standard errors are obtained by bootstrapping
(stratified by year, 1,000 draws). Significance is denoted by asterisks: *p<0.1, **p<0.05, ***p<0.01.

Based on the bunching results, we conclude that a larger share of high-LTV borrowers with low income or

single household status adjusted to the limit by lowering their LTV ratio. To assess how this adjustment

affected mortgage and household balance sheet characteristics across income, liquid wealth, age, and

household type, we apply the matching and (LP-)DiD methodology. Given the smaller sample size

compared to the bunching analysis, we now also define income groups using median splits rather than

quartiles (with median monthly income at €3,463). In contrast to the bunching approach, which relies

on sample splits, the matching framework allows us to include all heterogeneity indicators simultaneously.

The base category consists of households that are couples, with above-median income and wealth and

aged over 35. This setup allows us to estimate the differential effect of each constraint indicator relative

to the base group, while controlling for the others.

Our first key finding is that, with respect to mortgage characteristics, we mainly observe differential

effects for low-income borrowers.21 While borrowers across income, liquid wealth, age and household type

increased their downpayment, there is a significantly smaller increase among the lower-income borrowers

—approximately €9,727 less than the base group (significant at the 1%-level). These borrowers also

21For the sake of brevity and given the insignificance of the majority of the interaction terms, we do not include the
table in the text. The full table showing the heterogeneity analysis on mortgage characteristics, including the results across
income, wealth, age groups, and household type is available upon request.
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receive a more limited discount on their interest rate and have a smaller reduction in their maturity,

although the latter effect is only marginally significant (at the 10%-level). The smaller decrease in

maturity appears to offset the smaller interest rate discount, as there are no significant differences in the

reduction in repayments and the LSTI-ratio across the income distribution. While the bunching analysis

indicated that a greater share of low-income borrowers lowered their LTV ratio compared to high-income

borrowers, the matching analysis shows that this adjustment was accomplished by a smaller increase in

the downpayment.

Second, figures 7a and 7b indicate that there are no heterogeneous effects of the LTV limit on liquid

wealth or consumption in the 12 months after the house purchase. While the point estimates show a

reduction in liquid wealth and consumption for each subgroup, the results are not significantly different

from zero nor from each other.

Taken together, these findings suggest that while lower-income borrowers adjust mortgage terms differently

in response to the LTV limit, the short-term effects on liquidity and consumption are broadly similar

across household groups.

Figure 7: Heterogeneous results for liquid wealth and consumption. Note: The solid dots and lines show
the coefficients while the shaded areas reflect the 95% error bands.

(a) Liquid wealth (b) Total consumption

6.3 Robustness checks

We assess the robustness of our baseline bunching results by (i) using different bunching intervals, (ii)

conducting placebo tests, (iii) using an alternative reference distribution and (iv) assuming alternative

counterfactual evolutions. For the (LP-)DiD-matching analysis, we test robustness by (i) applying

alternative matching criteria, (ii) using different matching methods, and (iii) restricting the post-limit

period to the first half of 2020. The tables and figures accompanying these robustness checks are provided

in Appendix G.
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6.3.1 Bunching

Alternative bunching intervals To alleviate the concern that some borrowers may have adjusted

their LTV ratios to levels outside the baseline [85,90] interval, we expand the bunching window down to a

threshold of 80%. Following the same logic as in the baseline, we define equally sized control intervals just

below each alternative bunching window. For instance, when using the [80,90] interval, the corresponding

control interval is set to [69,79]. If the baseline bunching interval indeed captures the full behavioral

response to the 90% limit, then widening the interval should not materially increase the estimated effects.

Conversely, narrowing the interval may yield lower estimates if the reduced window fails to capture the

complete bunching response. Figures G.1 and G.2 show the results according to different alternative

starting values for the bunching interval, with estimates in red (green) indicating that the results are

(not) significantly different from the baseline estimates. For 2020, the results for the alternative bunching

intervals show the expected pattern. The same holds for the 2021 estimates when using bin-specific

trends. However, the difference-in-bunching approach yields a significantly stronger—though economically

similar—bunching response for 2021 when the [80,90] interval is used. The discrepancy between the two

approaches arises from a continued increase in round-number bunching at the 80% LTV ratio starting in

2018. This increase is picked up when using bin-specific trends but is underestimated in the difference-in-

bunching approach. This underestimation becomes stronger over time, leading to a significant difference

in 2021. Overall, these robustness checks indicate that the [85,90] interval is the most suitable interval as

wider intervals do not lead to different estimates and smaller intervals miss part of the bunching response.

Placebo testing To assess whether our baseline bunching approach picks up genuine policy-induced

changes in the LTV distribution, we conduct two placebo tests. The first test applies our approach

to years in which no policy change occurred. This helps verify that our results are not merely driven

by typical fluctuations in bunching behavior around the 90% threshold. We conduct this placebo test

mimicking the construction of the counterfactuals for 2020 and 2021, i.e., we respectively leave out 6

and 18 months between the placebo reference period and the placebo period for which we estimate the

effects. Figures G.3 to G.6 show the results with each date on the x-axis indicating the last month of the

12-month period used to estimate the placebo effect. For example, the estimate at 06/2015 shows the

placebo estimate for the LTV distribution between 07/2014 and 06/2015.22 Significant estimates are again

shown in red. Overall, we find that in the pre-policy years, the placebo tests yield either insignificant

results or statistically significant effects of negligible magnitude. By contrast, the actual policy periods

display highly significant and economically meaningful effects, both in terms of the intensive margin and

the share of total borrowers who adjusted their LTV ratio.

22When mimicking the construction of the 2020 (2021) counterfactual, the earliest counterfactual we can construct covers
the [07/14 - 06/15] ([07/15 - 06/16]) period as we need to calculate the bin-specific trends using the LTV distributions from
2012 and 2013 and leave 6 (18) months between the reference year, 2013, and the year of interest.
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In the second placebo test, we apply the baseline approach to non-policy round-number LTV thresholds

in 2020 and 2021. This tests whether our baseline results are more than a reflection of general changes

in round-number bunching in the years of interest. Figures G.7 and G.8 show the estimates for several

thresholds where we can expect round number bunching. The results are reassuring as, for the most

part, we do not estimate significant bunching at these other thresholds. Only for the 80% threshold

in 2021 the difference-in-bunching approach yields significant estimates. This is again the result of the

difference-in-bunching approach underestimating the increase in round number bunching at the 80% ratio

in this year. The estimated effect is, however, very small compared to our estimates for the 90% threshold.

Overall, we can be confident that our baseline results are not just a reflection of typical year-to-year

changes in bunching behavior or general shifts in round-number bunching but do, in fact, capture the

effects of the LTV limit.

Alternative reference period Our baseline approach relies on using the LTV distribution of the

period [07/2018 - 06/2019] to construct the counterfactuals. While we are convinced that this is a good

reference distribution as it is the distribution closest to our period of interest without being affected

by the LTV limit, we do consider an alternative to examine how strongly our results depend on the

choice of the reference period. This alternative consists of using the average pre-limit LTV distribution

as the reference distribution and re-scaling it by the number of borrowers in the [79, 84] interval, i.e., a

difference-in-bunching approach using the pre-limit average as the reference distribution.23 The results

are shown in table G.1 and are quantitatively very similar to our baseline results.

Alternative counterfactual evolutions in bunching interval In the two baseline approaches, we

normalize the number of borrowers in each bin by the number of borrowers in the [79, 84] interval. This

allows us to use the evolution in this interval over time as a proxy for the counterfactual evolution in the

[85, 90] interval. To pick up the evolution of a broader range of LTV bins while still remaining relatively

close to the bunching interval, we extend the control interval to the [70, 84] interval. Our results remain

the same using this alternative normalization, as shown by table G.2.

As a last robustness check, we examine whether the counterfactual evolutions in the bunching interval

used in our baseline represent outliers compared to past evolutions in the bunching interval. To this

end, we use past changes in the [85,90] bins to estimate the intensive margin and the share of total

borrowers adjusting their LTV ratio. We start by calculating the change between [01/2012 - 12/2012]

and [07/2013 - 06/2014] ([07/2014 - 06/2015]) for each bin in the [85, 90] interval, where we mimic

the construction of the counterfactual for 2020 (2021) by leaving out 6 (18) months between the first

and the second period. We then apply this change on the reference distribution of [07/18 - 06/19] to

obtain a first counterfactual. Based on this counterfactual, we can calculate the intensive margin effects

23We take the average of the LTV distributions of each 12 month period between July 2012 and June 2019.
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and the share of total borrowers that adjusted to the limit. Next, we move up a month and use the

change between [02/2012 - 01/2013] and [08/2013 - 06/2014] ([08/2014 - 07/2015]) to construct a second

counterfactual and estimate a second set of effects. We repeat this process until we arrive at the change

between [01/2017 - 12/2017] ([01/2016 - 12/2016]) and [07/2018 - 06/2019]. This yields a spectrum of

estimates which are represented in the boxplots plotted in figure G.9 together with our baseline estimates

and their 95% confidence bounds. The figure presents several interesting findings. First, the results based

on all historically determined counterfactuals are significantly different from zero, confirming that the

observed bunching in 2020 and 2021 was historically large. Second, the estimates are in a close range

from each other, indicating that in the past, there were limited fluctuations in the number of borrowers

in the bunching interval. Third, our baseline estimates do not present outliers compared to the estimates

based on historical changes. The difference-in-bunching results are close to the medians of these estimates

while the results obtained using the bin-specific trends are somewhat higher but not significantly different

from the third and fourth quartiles.

6.3.2 Matching

Alternative matching criteria The matching criteria in our baseline matching strategy are selected

based on their central role in determining a households’ LTV ratio. In this robustness check, we expand

the matching criteria to include additional determinants available in our data. Importantly, adding

more exact matching conditions involves a trade-off: while it improves the alignment between matched

households on specific characteristics, it may reduce the pool of potential nearest neighbors for continuous

matching criteria (i.e., income and age). The results are presented in Table G.3 and Figures G.10 to G.12.

As a first extension, we add a dummy variable for income stability based on the profession, since banks

typically consider the stability of income flows when setting mortgage terms. This dummy equals ‘1’

if the borrower reports to belong to a group with unstable income or employment (e.g., unemployed,

student, or self-employed), and ‘0’ otherwise. The results are shown to be very similar to the baseline

results, although we now find a more pronounced effect on liquid wealth (significant at the 10%-level

across all horizons).

As a second alternative, we extend the matching criteria to include real liquid wealth (measured six months

before mortgage origination) in addition to real income and age. While this enhances the comparability

of matched households, it reduces the sample size due to missing liquid wealth data prior to mortgage

origination at BNPPF for some borrowers. Again, the effects on multiple mortgage characteristics

are confirmed.

Finally, we consider an alternative specification in which the exact matching requirement on the house

price segment is removed. While the results for most mortgage characteristics are similar to the baseline,
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the results deviate for the house value and loan amount. More specifically, treated households are observed

to purchase more expensive houses after the introduction of the LTV limit, while the loan amount remains

unchanged—implying a larger increase in the downpayment. Interestingly, not matching on the house

price segment leads to a more pronounced impact on liquid wealth which is significant in the first 8 months

after mortgage origination. The results on consumption, however, are less pronounced and insignificant.

Alternative matching methods Our baseline matching method consists of 1:1 nearest neighbor

matching with replacement based on the normalized Euclidean distance. As shown by Stuart (2010),

matching on distance is especially suitable in settings with few covariates (<8) and when covariates are

normally distributed. Moreover, exact matching is preferable when sufficient data are available to ensure

an adequate number of matched pairs. These conditions are satisfied in our analysis. An alternative

distance measure is the Mahalanobis distance which accounts for the correlation between variables, in our

case real income and age, by including the covariance matrix in its computation. The first row of table

G.4 and figure G.13 show the results when using the Mahalanobis distance for matching which indicate

that the estimates are very close to those obtained in the baseline, with a more pronounced significant

impact on liquid wealth.

Next, we evaluate the robustness of our baseline 1:1 matching, which is generally considered the most

unbiased as it only uses the closest match. However, this approach may reduce statistical power by

lowering the number of observations through the exclusion of unmatched households. To address this, we

implement two alternative n:1 matching methods: one with a fixed number of matches (being the five

nearest neighbors) and another applying a caliper restriction to the maximum matching distance (equal to

0.2 × the standard deviation of the distance metric (Rosenbaum and Rubin, 1985)). The corresponding

results are shown in the second and third rows of table G.4 and in figures G.14 and G.15. In both cases,

the findings are qualitatively similar to the baseline. We do observe, however, a somewhat stronger

response in the house value and liquid wealth, and a less pronounced effect on consumption. Given that

1:1 matching minimizes bias, we place greater weight on the baseline results.

Finally, it is worth noting that an alternative to nearest neighbor matching would be to use propensity

score methods. However, such approaches require a predefined treatment and control group, as they

estimate the probability of treatment based on observed covariates. Since our matching procedure is

designed precisely to identify treatment and control units, propensity score matching is not applicable in

this context.

Results for 2020H1 While the bank’s adjustment to the LTV regulation appears to have been gradual

(see section 4.2), we restrict the DiD-matching analysis to borrowers who originated their mortgage in

2020, as discussed in section 5.2. Including 2021 may confound the results due to broader COVID-related
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changes in borrower behavior and market dynamics. Although the Belgian residential real estate market

remained resilient during the pandemic—with a rapid recovery in housing sales, no correction in house

prices, and a continued decline in default rates (National Bank of Belgium, 2022a)—there is a possibility

that the pandemic began to influence borrower composition and preferences in the second half of 2020.24

Our main analysis addresses this concern by using a DiD design that controls for time effects, meaning

that both the post-policy control and treatment groups were exposed to the same pandemic context in

2020. As such, general COVID-related shocks are differenced out. The only remaining concern would be

if the pandemic had a differential effect on treatment versus control households. We find no evidence

suggesting this is the case—–particularly given that treatment assignment is based on pre-policy borrower

characteristics, not on observed behavior during the pandemic.

To further guard against potential bias, we conduct a robustness check that restricts the post-policy

period to the first half of 2020 (2020H1), where pandemic-related distortions are expected to be minimal.

First, significant market disruptions occurred mainly toward the end of March. Second, there is typically

a delay of several months between the decision to purchase a home and the actual housing transaction,

implying that many of the mortgages originated in 2020H1 reflect decisions made before the onset of the

pandemic. Third, Reusens et al. (2023) find that shifts in housing preferences and relocation patterns

only became apparent later in the year. While limiting the post-period to 2020H1 reduces the number of

observations, this restriction further reinforces the internal validity of our DiD estimates.

The results shown in Table G.5 are close to our baseline results, with evidence for an increase in the

downpayment and a decrease in riskiness and the repayment burden for treated households. The results

for liquid wealth are larger in magnitude compared to the baseline but are now insignificant across all

horizons (Figure G.16a). For consumption, we note that the results are mostly significant in the second

half of the year following mortgage origination, whereas in the baseline results, the significance was

concentrated in the first half (Figure G.16b).

7 Conclusion

This study contributes to a deeper understanding of how borrower-based macroprudential regulation

affects households in the short run, highlighting the trade-offs between reducing credit risk and preserving

borrower liquidity and consumption. We investigate how mortgage borrowers respond to a general soft LTV

limit, using detailed anonymized client-, loan-, and account-level data from Belgium’s largest mortgage

provider. Methodologically, we combine a non-parametric bunching design with an (LP-)DiD matching

framework to separately identify intensive margin adjustments—specifically, reductions in LTV ratios just

24In Belgium, the first lockdown began in mid-March 2020, with significant public health and mobility restrictions
implemented from late March onward.
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below the regulatory threshold—and their causal effects on mortgage terms and household balance sheets.

Crucially, we examine how these effects differ across a broad set of borrower characteristics—–including

income, liquid wealth, age, and household composition.

We find that the Belgian LTV limit introduced in 2020 led to substantial intensive margin adjustments.

In 2020 and 2021, approximately 15% and 20% of all borrowers reduced their LTV ratio below the 90%

threshold in response to the regulation. Among those wanting to borrow above the limit, 35% and

55% adjusted into the bunching interval in 2020 and 2021, respectively. These households responded

by increasing their downpayment and reducing loan amounts, resulting in safer mortgages with lower

repayment burdens. However, this adjustment came at a cost: we observe a decline in liquid wealth and

consumption during several months of the first year after mortgage origination, potentially increasing

borrowers’ vulnerability to adverse income shocks over time.

The effects of the LTV limit varied across borrower profiles. A larger share of lower-income borrowers

reduced their LTV ratios, while those with less liquid wealth appeared more constrained in doing so.

Among younger borrowers, higher adjustment rates largely reflect a greater prevalence of high-LTV

borrowing. For single borrowers, lower representation in the high-LTV segment offsets their stronger

adjustment within that group. These findings underscore the importance of borrower composition in

shaping responses to the policy.

Among the borrowers who adjusted their LTV ratios downward in response to the limit, we find

systematic differences by income group when jointly controlling for multiple household characteristics in

the DiD matching framework. Below median-income borrowers made significantly smaller increases in

downpayments and received smaller interest rate discounts. However, as these borrowers experienced

a more modest reduction in their mortgage maturity, they achieved reductions in monthly repayments

and LSTI ratios similar to their higher-income peers. We find no significant differences in liquid wealth

or consumption responses across income groups. This pattern suggests that, although lower-income

households adjust their downpayment by less, they ultimately experience similar short-run effects on

repayment burdens, liquidity, and consumption. This indicates that they are able to navigate the mortgage

constraint in broadly the same way, even if it implies a longer repayment horizon.

In addition, our results provide insights on specific policy design features of the LTV limit. More

specifically, we find suggestive evidence that features such as regulatory tolerance margins can help

mitigate unintended distributional consequences. In Belgium’s case, our results indicate similar intensive

margin adjustments among younger high-LTV borrowers which is consistent with the aim of the allowed

tolerance margins to preserve credit access for first-time buyers. This suggests that, when carefully

calibrated, such instruments can help balance the trade-off between financial stability and equitable access

to homeownership.
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Taken together, our findings offer important insights into how LTV limits shape both mortgage borrowing

and household balance sheet behavior. We show that such policies can effectively reduce household

leverage and curtail high-risk borrowing, thereby contributing to financial stability objectives. However,

these tools may also pose challenges for credit access and household resilience—particularly among

financially constrained borrowers. These heterogeneous responses highlight the need to account for

differences in households’ financial position and demographic composition when designing and evaluating

macroprudential limits, as adjustment costs and distributional effects vary systematically across groups.

A key direction for future research is to track affected borrowers over a longer time to evaluate whether

short-term costs are offset by further gains in longer-term financial resilience—such as lower default risk,

improved balance sheet health, or better consumption smoothing. Such analysis is essential to fully assess

the costs and benefits of these increasingly common policy instruments.
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A Data cleaning

This appendix describes the data cleaning process in more detail with table A.1 showing the number

of remaining observations after each cleaning step. The number of observations represents the number

of households obtaining a mortgage loan. Note that if a household obtains multiple loans in di�erent

months it is counted as a separate observation each time it gets a loan. A household obtaining multiple

loans in the same month (e.g., combining a standard mortgage with a mortgage mandate) is only counted

once in that month.

In the �rst step of the data cleaning, we retain all retail mortgage loans originated between January 2012

and December 2022 at BNPPF, excluding purely re�nance or rebuild loans. Next, we remove buy-to-let

loans as these are subject to an 80% LTV limit instead of the 90% limit that we investigate. As our

interest lies in examining the impact of the LTV limit on residential mortgage loans, we remove households

obtaining loans with a professional purpose.

We assume that if a household obtains multiple loans in the same month, these loans are all related to

the same underlying dwelling and remove those observations that have multiple loans in the same month

with a di�erent LTV ratio or property value. There are various reasons why these observations occur,

such as a re-uptake of a previous mortgage combined with a new mortgage, a divorce leading to a split

of the mortgage where each loan is registered as a new mortgage, or a mishandling of a mortgage loan

split up into a standard mortgage and a mandate. As there is no consistent procedure to handle these

observations and their occurrence is constant over time, we have decided to remove them from the sample.

Lastly, we remove households with a non-Belgian postal code and outliers in the income distribution and

trim the sample to remove the observations in the bottom and top 1% of the LTV distribution. Note

that when looking at liquid wealth heterogeneity in our analysis, we only retain those households who

have a positive liquid wealth balance at BNPPF in the sixth month before mortgage origination.

Table A.1: Overview of data cleaning

Variable Cleaning N ° of observations
Mortgages to retail clients excluding re�nance or rebuild loans 286,403

Buy to let Excluding buy-to-let observations 259,037
Professional use Exclude mortgages with a professional use 258,838
LTV Exclude observations with multiple LTV values in the same

starting month
228,909

House value Exclude observations with missing/multiple house values in
the same starting month

226,351

Postal code Exclude observations with non-Belgian postal codes 224,917
Income Exclude outliers with a very high reported income

(> ¿ 1,000,000 monthly income)
224,915

LTV Exclude the bottom and top 1% of the LTV distribution 220,191
Liquid wealth Retain those with positive liquid wealth in the sixth month

before mortgage origination
153,935
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B Overview variables

Table B.1: De�nitions of variables and their sources

Variable De�nition Source

Mortgage characteristics:

LTV LTV ratio at origination BNPPF

Location Four-digit postal code of the client BNPPF

House value Real house value (euro) BNPPF and STATBEL (2024a)

House price segement Dummy variable that takes the value of `1' when the

house value is above the median house price of its

arrondissement in a given quarter and `0' otherwise

BNPPFF and STATBEL

(2024d)

PTI The ratio of the real house value to real annual income BNPPF and STATBEL (2024a)

Loan amount Real loan amount of all loans linked to the purchase

and/or renovation of a speci�c collateral (euro)

BNPPF and STATBEL (2024a)

LTI The ratio of the real loans amount to real annual income BNPPF and STATBEL (2024a)

Downpayment The di�erence between the house value and the loan

amount, adjusted for in
ation (euro)

BNPPF and STATBEL (2024a)

Repayment Monthly debt repayments, adjusted for in
ation (euro) BNPPF and STATBEL (2024a)

LSTI The ratio of real debt repayment and real monthly

income

BNPPF and STATBEL (2024a)

Maturity The length of the mortgage as agreed at origination

(years)

BNPPF

Interest rate The annual interest rate as agreed at origination (%) BNPPF

Interest rate type Type of interest rate: 
oating or �xed BNPPF

Household characteristics:

Income The reported income represents the monthly income

of all household members who are recipients of the

mortgage loan and takes into account all stable in-

come streams. For salaried workers, holiday pay is

taken into account and bonuses are included if they

are shown to be stable income streams. In general, the

reported income relates to the income in the month

preceding origination. For laborers, it relates to the av-

erage income in the three months preceding origination.

Adjusted for in
ation (euro).

BNPPF and STATBEL (2024a)

Age The age of the oldest borrower linked to the mortgage BNPPF

Professional stability Dummy variable that takes the value of `1' when

the borrower indicates to belong to an unstable in-

come/employment group (unemployed, student, long-

term sickness, disabled, or independent status) and `0'

otherwise.

BNPPF

Presence of children Dummy variable which takes the value of `1' when the

households reports the presence of dependents and `0'

otherwise.

BNPPF

Couple indicator Dummy variable which takes the value of `1' when

there are multiple borrowers linked to the mortgage or

the borrowers have their civil status as married and `0'

otherwise.

BNPFF

Continued on the next page
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Variable (label) De�nition Source(s)

Household balance sheet

characteristics:

Liquid wealth The sum of balances on the checking, savings, and

term accounts of the household members, adjusted for

in
ation (euro). Data winsorized at the 1% level, both

in levels and in di�erences.

BNPPF and STATBEL (2024a)

Total consumption The sum of all transactions related to consumption of

the household members, adjusted for in
ation (euro).

Data winsorized at the 1% level, both in levels and in

di�erences.

BNPPF and STATBEL (2024a)

Spatial characteristics

Degree of urbanization This represents the degree of urbanization classi�ca-

tion of the European Commission. To arrive at this

classi�cation, the country is divided into 1 km 2 grids.

Neighboring grids of at least 1,500 inhabitants per km 2

and collectively at least 50,000 inhabitants are labeled

as `urban centers'. Neighboring grids of at least 300

inhabitants and collectively at least 5,000 inhabitants

are labeled as `urban clusters'. The other grids are

identi�ed as 'rural'. Cities are municipalities where

at least 50% of the population lives in grids that are

part of urban centers. Towns are municipalities that

have less than 50% of their population living in urban

centers and no more than 50% living in rural grids.

Rural areas are municipalities where more than 50%

of the population lives in rural grid cells.

European Commission (2024)

Table B.2: Correlation matrix of household and mortgage characteristics

Real income Real liquid wealth Age Real house value Real mortgage amount Real total consumption Couple dummy Nr. dep.
Real income 1 0.084 0.136 0.319 0.302 0.178 0.309 0.139
Real liquid wealth 0.084 1 0.110 0.137 -0.043 0.170 -0.081 -0.028
Age 0.136 0.110 1 0.056 -0.178 0.086 -0.020 0.210
Real house value 0.319 0.137 0.056 1 0.766 0.106 0.263 0.131
Real mortgage amount 0.302 -0.043 -0.178 0.766 1 0.078 0.333 0.102
Real total consumption 0.178 0.170 0.086 0.106 0.078 1 0.067 0.100
Couple dummy 0.309 -0.081 -0.020 0.263 0.333 0.067 1 0.177
Nr. dep. 0.139 -0.028 0.210 0.131 0.102 0.100 0.177 1
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C Representativeness of the data

To verify the representativeness of our data, it is not straightforward to �nd relevant population statistics

given that our sample consist ofhouseholds with a mortgageat BNP Paribas Fortis (BNPPF), observed

in the month of mortgage origination and, for liquid wealth and consumption, throughout the �rst year

after mortgage origination. There are, however, two data sources that report household and mortgage

characteristics for Belgium and allow to make a distinction across tenure status. More speci�cally, these

are the data from the HFCS and the publicly available data from the Survey on EU Statistics on Income

and Living Conditions (EU-SILC). 25 The HFCS data reports the housing status (outright owner, owner

with mortgage, and tenant) of their respondents while the EU-SILC data reports their statistics for

owners and tenants separately.

A key strength of these surveys is that they are constructed such that they re
ect a representative sample

of the population. However, they are typically based on a smaller number of households (2,128 Belgian

households in the fourth HFCS wave (conducted in Belgium in 2020 and 202126) and around 6,000

households in the annual EU-SILC waves) compared to our dataset, which includes 12,500 to 19,000

households across the years 2018 to 2021. As with our dataset, these series thus do not provide a complete

overview of the population either. Moreover, when splitting across tenure status, the surveyed sample

sizes additionally decrease27 while representativeness within these subgroups cannot be guaranteed.

Table C.1 summarizes the characteristics of our data sample that could be compared to some of the

statistics reported in HFCS and EU-SILC for 2020. The de�nitions are reported for each variable. All

variables are expressed in median and euro, unless otherwise speci�ed. For variables expressed in euros,

values for both the HFCS and our dataset are expressed in real terms (2017 euros). Where available,

standard errors are reported between brackets.

Before comparing the numbers, some di�erences between the datasets should be highlighted:

ˆ Some variable de�nitions di�er between the datasets. For instance, the HFCS variables measuring

liquid wealth and income cover a broader range than the corresponding variables in our dataset.

Additionally, while EU-SILC reports equivalized income, our dataset does not.

ˆ Reported values in the HFCS data tend to be rounded, which is a common feature of survey data.

ˆ Survey respondents identi�ed as `mortgagors' in the HFCS could re
ect households that obtained

a mortgage at any point in time (and thus not necessarily at the time of mortgage origination),

25Access to HFCS data is restricted. The four waves of HFCS are conducted around 2010, 2014, 2017, and 2021 (see
infra). The used EU-SILC statistics can be found here: https://ec.europa.eu/eurostat/databrowser/view/ilc di09
custom 17579981/default/table .

26The fourth wave of the Belgian HFCS was conducted between July 2020 and June 2021. Variables such as liquid wealth,
consumption, and income thus re
ect values at the time of the survey interviews. As all reported mortgages originated
before 2021, 2020 is used as the reference year in the table.

27 In the fourth HFCS wave for Belgium, there were 586 owners with a mortgage.
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as long as their repayments are still ongoing. Information on multiple mortgage characteristics is

reported re
ecting the situation at origination, although the time of origination does not necessarily

correspond to 2020 (in fact, only 7% of reported mortgages were originated in 2020). As such, the

data reported in HFCS is more backward-looking.

When comparing mortgage characteristics, we �nd that the median property value of the main residence

at origination in our dataset (245,813) is higher compared to the median property value at origination

reported in HFCS (194,500). However, given the backward-looking nature of the HFCS data, we also check

the estimate of the property value at the time of the survey (320,000) and we show that this is indeed

more elevated.28 Similarly, di�erences can be spotted in the median loan amount. The loan-to-value

(LTV) ratio, interest rate, and maturity are very similar.

Looking at household characteristics, we �nd that the households in our dataset in 2020 have less liquid

wealth and a lower income compared to the sample of mortgagors surveyed in the HFCS. This could be

explained by the fact that these surveyed households are older (median of 47 years old) compared to the

households we observe in the BNPPF data at the time of mortgage origination (median of 34 years old)

and the di�erences in variable de�nitions. When comparing household income to the data reported in the

EU-SILC data (i.e., equivalized income for owners), we �nd that income in our data is actually higher. In

terms of monthly total consumption, we �nd values of similar magnitude, although it is slightly higher

in our dataset. This could be linked to the fact that in the year of mortgage origination (which is the

moment of observation in our dataset), elevated consumption is expected.

Based on this comparison across various mortgage and household characteristics, we argue that there is no

substantial bias present in our dataset compared to the full population of Belgian mortgagors at/around

the time of mortgage origination.

28 Moreover, when looking at the median property value of the main residence at origination in the subsample of mortgages
originated in 2020 (247,500), the value is very close to the median value in our dataset. However, given the limited number
of observations, this �gure should be interpreted with caution.
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Table C.1: Analysis of the representativeness of our data sample

BNPPF data (sam-

ple under analysis)

HFCS Wave 4 (homeowners with a mort-

gage)

Value of households'

main residence

Actual property value

linked to the mortgage

at origination

Property value at time

of acquisition

\What is the value of

this property, i.e., if

you could sell it now

how much do you think

would be the price of

it?"

245,813.07 194,500 320,000

(142,213.02) (145,279) (219,995)

Loan amount Loan amount of all

loans linked to the prop-

erty at the borrower-

level at origination

What was the total amount borrowed at the

time you took out the mortgage or most re-

cently re�nanced it? For all loans linked to the

household main residence

185,082.01 150,000

(108,480.58) (123,617)

LTV (%) Ratio of loan

amount/value of the

property at origination

Ratio of loan amount/value of the property at

origination

85 85

(21.00) (34.34)

Interest rate (%) Annual interest rate at

origination

What is the current (annual) rate of inter-

est charged on the loan after the most recent

change? (weighted average on all HMR loans)

1.45 1.44

(0.32) (1.57)

Maturity (years) Maturity of the loan at

origination

At the time the loan was taken out or most re-

cently re�nanced, how many years were agreed

for the length of the loan? (weighted average

on all HMR loans))

24 20

(5.28) (6.36)
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Age (years) Age of the household

members at mortgage

origination

Age of the primary respondent at the time of

the survey

34 47

(10.43) (10.88)

Liquid wealth (an-

nual)

Sight, savings, and

term accounts (mea-

sured 6 months prior to

mortgage origination)

Non-self employment private businesses, sight

accounts, saving accounts, mutual funds,

bonds, shares, managed accounts, `other' as-

sets, private lending, voluntary pension plans

or whole life insurance contracts

24,635.53 47,875

(84,057.16) (188,098)

Income (annual) Household net income

reported income at the

time of origination

Total household gross income (employee in-

come + self-employment income + rental in-

come + income from �nancial assets + pension

income + regular social transfers + regular pri-

vate transfers + other sources)

39,559.2 74,200

(25,384.92) (89,707)

Total consumption

(annual)

All transactions la-

belled as consumption

(sum of durable, semi-

durable, non-durable,

services, mixed, and

credit card consump-

tion) for the sample of

active clients

\So overall, about how much does your house-

hold spend on average by month on all con-

sumer goods and services? Consider all house-

hold expenses including food, utilities, etc. but

excluding consumer durables (e.g. cars, house-

hold appliances, etc.), rent, loan repayments,

insurance policies, renovation, etc."

1,694.68 1,600

(959.86) (937.82)

BNPPF data (sam-

ple under analysis)

EU-SILC (owners)

48



Income (monthly) Household net income

reported income at the

time of origination

The total disposable income of a household is

calculated by: adding together the personal

income received by all household members, in-

come received at household level and deducting

taxes paid and inter-household cash transfers

paid. Income is equivalized

3,296.06 2,344.58

(3,533.71)
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D Figures accompanying the construction of the counterfactual

Figure D.1: Examining anticipation e�ects

Figure D.2: Evolution of control and bunching interval
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Figure D.3: Actual and counterfactual LTV distributions for 2020 and 2021

Note: This �gure shows the actual (in black) and counterfactual distributions (in blue and orange) of the LTV ratio in 2020
and 2021. The green area represents the excess mass.
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E Matching quality

A standard test to evaluate the quality of a matching approach is to assess the covariate balance in the

matched sample, where balance is de�ned as the similarity of the empirical distributions of the full set

of covariates in the matched groups (Stuart, 2010). To do this, one typically looks at thestandardized

di�erence . According to Stuart (2010), equation (8) can be used to compare the balance for each covariate

before and after matching where an absolute value of less then 0.25 can be considered trustworthy.

Rosenbaum and Rubin (1985), on the other hand, suggest to apply equation (9) to the matched sample

where an absolute value of less than 0.10 con�rms balance. The results in table E.1 show that although

our sample was already balanced before matching, there is a clear improvement in the matched sample.

� �X T � �X C
�

� T
(8)

� �X T � �X C
�

q
1
2 (� 2

T + � 2
C )

(9)

Table E.1: Evaluating covariate balance (absolute values)

Equation (8) before matching Equation (8) after matching Equation (9) after matching
Income: 0.009 Income: 0.003 Income: 0.004
Age: 0.06 Age:0.03 Age: 0.04

A second criterium for quality of the matching relates to evaluating how good the matching is in predicting

treatment, which is important for the subsequent di�erence-in-di�erences analysis. To assess the prediction

strength, we make use of out-of-sample prediction tests. More speci�cally, we look at periods during

which there was no actual change in the LTV limit, which we divide into `fake' pre and post periods.

Since we observe the actual unrestricted LTV ratios during these periods, we can compute the share of

matched households that were correctly matched (i.e., those households for which their counterpart LTV

is in the same bucket of either [85,90] or [91,100]). We test 12 di�erent periods between 2014 and June

2019 and �nd that across the exercises around 76%-78% of the households are correctly matched, which

is higher compared to other papers that perform similar tests (Aastveit et al., 2024).

Finally, the above-mentioned results are not sensitive to alternative matching criteria. We test 3 di�erent

sets of criteria compared to the baseline: (1) including real liquid wealth as a covariate, (2) including

employment status as an exact criterium, and (3) not matching on house price segment.
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F Di�erence-in-di�erences assumptions

F.1 Parallel trend

Although the parallel trend in the post-policy period cannot be formally tested, one can investigate

whether there are signi�cant di�erences in the outcome variables in the pre-policy period. To do this, we

estimate equation (10) where the treatment indicator is interacted with a pre- and a post-policy period

dummy.

Y i ;t = � + � t + �T reated i + 
 (T reatedi � P ret ) + � (T reatedi � Postt ) + � i;t (10)

We exclude the last time period before treatment from the regression such that the remaining coe�cients

of the interaction terms (� and 
 ) capture the relative e�ect compared to that time period. To con�rm

the parallel trend assumption in the pre-policy period, 
 should be insigni�cant as this implies that

there was no systematic di�erence in trends between the treated and control groups before treatment

was introduced. The bootstrapped p-values of
 are shown in table F.1 and con�rm that there are

no signi�cant di�erences in our dependent variables between the control and treatment group in the

pre-policy period.

Table F.1: P-values of 
 in equation (10)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
House value PTI Loan amount LTI Downpayment Repayment LSTI Maturity Interest rate

0.272 0.966 0.255 0.963 0.495 0.687 0.704 0.727 0.191
Note: The description of the variables can be found in table B.1.

To check the parallel trend for liquid wealth and total consumption, we take a di�erent approach as

equation (10) would only tell us something about the dependent variables for one horizon at a time. We

therefore plot the evolution of the variables (as measured by the change relative to periodt � 1) during

the �rst year after mortgage origination in the pre-policy period, both for the control and treatment

group. More speci�cally, �gure F.1 shows us that the trend of liquid wealth and consumption between

the treatment and the control group is overall parallel before the limit was in place.
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Figure F.1: Parallel trend in the pre-limit period

(a) Liquid wealth (b) Total consumption

F.2 Sample composition

Given that our data is structured as a repeated cross-section and we observe di�erent households in the

pre- and post-policy period, we have to evaluate the composition of the control and treatment group over

time. To ensure that our main e�ects are not driven by any compositional changes, we check whether

there is a statistical di�erence in household characteristics between the pre- and post-policy period. The

results in tables F.2 and F.3 show that there are no statistical di�erences in various observed household

characteristics, although in the baseline analysis we do not match on liquid wealth prior to mortgage

origination, consumption patterns, or employment status. Note that we use exact matching on a number

of other characteristics such as the presence of children and location, meaning that these characteristics

are by de�nition exactly balanced over time.

Table F.2: Evaluating sample composition stability (treated)

Pre Post Statistical di�erence
Age 31.7 32 P-value: 0.137

(6.9) (7.4)
Income 3170.8 3172 P-value: 0.970

(1162.4) (1269.4)
Liquid wealth 24096.6 37865.3 P-value: 0.232

(33652.9) (49972.6)
Consumption 1980.7 1919.8 P-value: 0.542

(1138.5) (1178.3)
Professional stability 96.7 97.1 P-value: 0.195

(17.8) (19.3)
Note: This table shows the mean, standard deviation (between brackets), and
statistical di�erence for various household characteristics. Age is expressed in
years. Income captures real monthly income. Liquid wealth is measured 6 months
before mortgage origination and adjusted for in
ation, it only considers positive
liquid wealth values. Consumption is measured as the average in the year before
mortgage origination and adjusted for in
ation. We only consider consumption
of active clients. The reported p-values are those from a two-sample t-test.
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Table F.3: Evaluating sample composition stability (control)

Pre Post Statistical di�erence
Age 31.2 32.3 P-value: 0.722

(7.3) (7.9)
Income 3315.2 3344.6 P-value: 0.701

(1240) (1339.3)
Liquid wealth 42495.9 39385.1 P-value: 0.261

(53123) (49509.1)
Consumption 2096.2 1748 P-value: 0.143

(1393.9) (1081.5)
Professional stability 95.8 95.6 P-value: 0.884

(20.2) (20.6)
Note: This table shows the mean, standard deviation (between brackets), and
statistical di�erence for various household characteristics. Age is expressed in
years. Income captures real monthly income. Liquid wealth is measured 6 months
before mortgage origination and adjusted for in
ation, it only considers positive
liquid wealth values. Consumption is measured as the average in the year before
mortgage origination and adjusted for in
ation. We only consider consumption
of active clients. The reported p-values are those from a two-sample t-test.

These tables, however, do not rule out the possibility of di�erences inunobservablecharacteristics. More-

over, since treatment is predicted based on observables such as income, age, and household composition,

any shock to credit or housing market behavior that is correlated with these variables may bias the

estimated e�ect of the policy (Tzur-Ilan, 2023). To assess the plausibility of such bias, we consider the

broader macroeconomic and housing market context during our study period. On the one hand, the

Belgian housing market has proven to be stable with steadily increasing house prices (as shown in Figure

1a) during the past decade. Moreover, this period we consider was characterized by low and stable

monetary policy rates. On the other hand, the world was hit by the COVID-19 pandemic in 2020, which

also impacted the Belgian credit and housing market in 2020 and 2021. As stated by the NBB, the

Belgian residential real estate market remained resilient during the pandemic, with rapidly recovered

housing sales, no correction in house prices, and a continuing decline in default rates (National Bank

of Belgium, 2022a). We refer to section 6.3.2 for a further discussion of the COVID-19 pandemic on

our results. While we cannot fully rule out the e�ect of unobserved factors, the stability of the housing

market during the study period suggests that the risk of substantial bias in estimating the treatment

e�ect is limited.
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G Robustness checks

Figure G.1: Estimates for di�erent bunching windows in 2020

(a) Di�erence-in-bunching

(b) Bin-speci�c trends

Note: The �gure shows the point estimates and bootstrapped 95% con�dence interval obtained from carrying out the baseline
analysis using di�erent alternative bunching windows. The values on the x-axis show the lower value of the alternative
bunching window, with the upper value always being 90%. The baseline estimate is represented by the blue dotted lines.
The estimates indicated in green are not signi�cantly di�erent from the baseline estimates at the 5% signi�cance level based
on a two-sample t-test. The estimates indicated in red are signi�cantly di�erent.
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Figure G.2: Estimates for di�erent bunching windows in 2021

(a) Di�erence-in-bunching

(b) Bin-speci�c trends

Note: The �gure shows the point estimates and bootstrapped 95% con�dence interval obtained from carrying out the
baseline analysis for di�erent bunching threshold. The estimates indicated in green are not signi�cantly di�erent from the
baseline estimates at the 5% signi�cance level based on a two-sample t-test. The estimates indicated in red are signi�cantly
di�erent.
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Figure G.3: Placebo estimates: Di�erence-in-bunching (2020 method)

Note: The �gure shows the point estimates and bootstrapped 95% con�dence interval obtained from carrying out the
di�erence-in-bunching approach for alternative years. The x-axis indicates the last month of the 12 month period for which
we estimate the e�ects. We leave 6 months between the placebo reference period and the placebo period of interest. The
red dotted line indicates the last month of the pre-limit period for which we observe no anticipation e�ects (June 2019).
The estimates indicated in green are not statistically signi�cant at the 5% signi�cance level. The estimates indicated in red
are signi�cant.
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Figure G.4: Placebo estimates: Bin-speci�c trends (2020 method)

Note: The �gure shows the point estimates and bootstrapped 95% con�dence interval obtained from carrying out the
approach using bin-speci�c trends for alternative years. The x-axis indicates the last month of the 12 month period for
which we estimate the e�ects. We leave 6 months between the placebo reference period and the placebo period of interest.
The red dotted line indicates the last month of the pre-limit period for which we observe no anticipation e�ects (June 2019).
The estimates indicated in green are not statistically signi�cant at the 5% signi�cance level. The estimates indicated in red
are signi�cant.
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Figure G.5: Placebo estimates: Di�erence-in-bunching (2021 method)

Note: The �gure shows the point estimates and bootstrapped 95% con�dence interval obtained from carrying out the
di�erence-in-bunching approach for alternative years. The x-axis indicates the last month of the 12 month period for which
we estimate the e�ects. We leave 18 months between the placebo reference period and the placebo period of interest. The
red dotted line indicates the last month of the pre-limit period for which we observe no anticipation e�ects (June 2019).
The estimates indicated in green are not statistically signi�cant at the 5% signi�cance level. The estimates indicated in red
are signi�cant.
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