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Abstract

This paper examines the impact of borrower-based macroprudential policy tightening on mort-
gage lending in Slovakia, focusing in particular on the role of financial advisors in shaping loan
characteristics. Using a comprehensive loan-level dataset from Slovak banks, we analyze the ef-
fects of key regulatory tools — Loan-to-Value (LTV), Debt-to-Income (DTI), and Debt Service-
to-Income (DSTI) limits — on mortgage risk profiles. Our contributions include: (1) showing
that restrictive borrower-based measures (BBMs) reduce the riskiest loans but push lower-risk
segments toward regulatory thresholds, thus increasing portfolio risk; (2) demonstrating that
advisor-mediated loans tend to have higher amounts, LTVs, DTIs, and longer maturities, raising
their riskiness; and (3) finding that strict enough DSTI limits not only reduce DSTI but may
also indirectly effect other loan characteristics, such as DTI, LTV ratios, and loan volumes,
suggesting broader policy impacts. Additionally, we identify significant front-loading behav-
ior following policy tightening announcements, particularly for advisor-mediated loans. These
findings highlight the importance of detailed micro-level data in capturing policy effects and
informing more effective macroprudential regulation.

JEL code: G21, D18, D12.
Keywords: debt behavior, financial advice, macroprudential policy, policy evaluation, hetero-
geneous effects, register microdata.
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Non-Technical Summary

This paper investigates the impact of macroprudential policies on mortgage lending, with a focus on

borrower-based measures (BBMs) such as Loan-to-Value (LTV), Debt-to-Income (DTI), and Debt

Service-to-Income (DSTI) limits. Leveraging detailed data from Slovakia — a context character-

ized by unique market conditions and recent policy interventions — we analyze how these policies

influence mortgage loans, including those mediated by financial advisors.

Mortgage loans represent a significant financial commitment for households and play a crucial

role in the broader economy. Consequently, policymakers frequently implement regulatory measures

to mitigate systemic risks in housing and mortgage markets. However, the effectiveness of these

policies varies significantly depending on their design and the prevailing market conditions. This

study contributes to this discussion by comparing advised loans, facilitated by financial advisors,

with non-advised loans obtained directly from banks.

Our findings indicate that mortgages mediated by financial advisors typically feature higher loan

amounts and elevated risk characteristics, such as increased LTV and DTI ratios. Financial advisors

often extend loan maturities to maintain manageable monthly repayments; however, this practice

also raises overall loan risk. The study underscores that the effects of regulatory tightening are

strongly influenced by the specific measures implemented and their degree of restrictiveness.

For example, the less restrictive measures introduced in 2017 had a limited market impact, allow-

ing riskier loan characteristics to persist. In contrast, the more stringent DSTI limits implemented

in 2020 had a pronounced effect, significantly reducing DSTI and indirectly influencing DTI, LTV

ratios, and loan sizes. These findings highlight the critical role of policy restrictiveness in shaping

market behavior.

The study also reveals that policy announcements can prompt “front-loading” behavior, with

borrowers rushing to secure loans before tighter limits take effect. This behavior was particularly

pronounced for advisor-facilitated loans, underscoring the importance of market-specific character-

istics in policy transmission. Once the policies were fully implemented, advisor-mediated loans —

typically characterized by higher initial risk levels — experienced more adverse effects compared to
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direct loans.

Our research demonstrates that average effects of policy interventions can be misleading, as they

often mask substantial variations across different segments of the loan distribution. For instance,

while these policies effectively curtailed the riskiest loans, they also induced shifts in loan character-

istics just below the imposed thresholds, subtly elevating risk in the broader loan portfolio. These

findings underscore the necessity of detailed, micro-level data to craft regulations that minimize

unintended consequences.

This study advances the understanding of how macroprudential policies influence market behav-

ior, particularly in mortgage lending environments shaped by financial advisors. By highlighting

the differential impacts of these regulations, our findings offer valuable insights for policymakers

seeking to enhance financial stability while accounting for the complexities of mortgage markets.

3



1 Introduction

Financing a home through a mortgage is one of the most significant financial commitments an in-

dividual can undertake, with profound implications for personal finances and the broader economy.

Housing, as a key sector of the real economy, constitutes a major component of household wealth

and bank assets (ESRB, 2022). However, housing markets are highly volatile and capable of trigger-

ing widespread economic disruptions. Consequently, the development of real estate and mortgage

markets is a central focus for macroprudential policymakers worldwide. To mitigate systemic risks

and rising household indebtedness, several macroprudential policy tools are employed, including

borrower-based measures (BBMs) such as Loan-to-Value (LTV), Debt-to-Income (DTI), and Debt

Service-to-Income (DSTI) limits. The activation and enforcement of these regulatory measures

have become increasingly widespread. Nevertheless, comprehensive evidence analyzing their impact

across the full spectrum of loans and critical risk measures at the loan level remains limited. This

study seeks to address this important gap.

This paper examines the differential impacts of BBMs on mortgage loans, leveraging a unique

and comprehensive dataset from Slovakia — a country characterized by recent, targeted policy

interventions and a distinctive market structure. The role of financial advisors is a central focus, as

advisors significantly influence loan contract terms, particularly in markets where consumers lack

financial sophistication. Advisor-mediated loans often involve larger amounts with higher LTV and

DTI ratios, potentially amplifying risks despite regulatory caps. Analyzing the role of advisors

provides critical insights into how macroprudential policies affect risk profiles differently. This

understanding is essential for determining whether advisors’ influence undermines or complements

macroprudential policy objectives, enabling more effective systemic risk mitigation. Ignoring the

advisor dimension would risk overlooking these heterogeneous effects and could misguide policy

design intended to promote financial stability.

Our study is related to several strands of literature. First, it builds on the household and

personal finance literature, which is well-developed, particularly regarding the asset side of household

portfolios (see Gomes et al., 2021, for a literature survey). Since the global financial crisis, research

has increasingly focused on understanding the drivers of household (over-)indebtedness and the
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consequences of risky debt behavior. The literature identifies various factors influencing the demand

for mortgage and non-mortgage debt, including individual income, peer income (e.g., Georgarakos

et al., 2014), age, risk appetite, education, and financial or debt literacy (e.g., Lusardi and Tufano,

2015; Guiso et al., 2022).

Our study is also closely aligned with the second strand of literature, which examines the role

of financial advisors and intermediaries in individual economic and financial decisions. In the ab-

sence of financial sophistication, consumers often rely on information from various sources, including

friends, relatives, and professional advisors, to make better financial decisions. Households, in par-

ticular, depend heavily on advice from financial intermediaries: 80% of households in Germany,

91% in the UK, and 73% in the US seek such guidance (Guiso et al., 2022). A growing body of

research highlights both the positive and negative impacts of advisors on clients’ financial decisions.

For instance, Lin et al. (2017) demonstrate a positive effect of financial advisors on life insurance

demand. Similarly, Foerster et al. (2018) report increased stock market participation among clients

with financial advisors, noting that a longer advisor-client relationship (indicative of trust) enhances

clients’ willingness to take financial risks. Liu et al. (2019) estimate a positive influence of profes-

sional financial advice on savings behavior, with the effect being more pronounced among individuals

with lower self-control.

On the other hand, financial advisors are rewarded based on the size of the assets they advise

on, whether it is insurance, portfolio size, or loan amount. This creates a potential conflict of

interest between the client and the advisor, subjecting financial advisors to the classic principal-

agent problem (see LaCour-Little, 2009). Furthermore, Choi (2022) highlights that popular financial

advice1 might diverge from benchmark academic advice. For example, while popular financial advice

typically recommends fixed-rate mortgages, academic consensus suggests adjustable-rate mortgages

are preferable unless interest rates are low (see Choi, 2022, Table 1). Another issue with such

advice is its one-size-fits-all nature, as demonstrated by Foerster et al. (2017). They show that

financial advisors exert substantial influence over their clients’ asset allocation but provide limited

customization. Calcagno and Monticone (2015) adds to this critique, showing that advisors are less
1In this context, popular financial advice refers to popular financial books that ordinary consumers use to make

financial decisions. While we see some similarities between popular financial advice and financial advisors, we recognize
that the two are not necessarily the same.
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informative to investors with lower financial literacy and offer valuable information primarily to

more financially informed clients.

Previous studies have highlighted varied outcomes associated with mortgage loans obtained

through advisors. For instance, LaCour-Little and Chun (1999) and Alexander et al. (2002) demon-

strate that advisor-mediated mortgages can exhibit riskier characteristics, such as higher default

probabilities, but may also show higher repayment probabilities. Consequently, steering and biased

advice in the mortgage market can result in welfare losses for unsophisticated borrowers (Guiso

et al., 2022).

Finally, our research aligns with the third strand of literature, which focuses on the empirical

assessment of macroprudential policy efficiency as a financial stability tool (Akinci and Olmstead-

Rumsey, 2018). Much of the existing literature relies on aggregate data to assess the impact of

borrower-based measures on bank loan provision. An overview of these studies, along with evidence

of significant heterogeneity in empirical results, is provided by Malovaná et al. (2024).

Several notable country case studies rely on individual survey or loan-level register data. For

instance, Hodula et al. (2023a) employs loan-level regulatory survey microdata from Czechia and

finds that tightening borrower-based measures, such as DTI and DSTI, helped reducing the average

loan size and prompted more risk-sensitive pricing, thereby increasing the average lending rate.

Kinghan et al. (2022) analyze the introduction of macroprudential limits on LTV ratios and their

effect on the borrowing behavior of first-time homebuyers in Ireland using a quasi-experimental

setting. Similarly, Acharya et al. (2020) combine loan-level data on residential mortgages, county-

level house prices, and detailed data on banks’ other assets to examine the introduction of LTV and

LTI limits in Ireland. They document a reallocation of mortgage credit from low- to high-income

households and from hot, mostly urban housing markets to cooler ones. Using administrative

household-level data for Dutch households, van Bekkum et al. (2024) demonstrate that the LTV

limit reduced mortgage leverage among first-time homeowners, with a notable bunching effect at

the LTV limit.

An ex-ante evaluation of borrower-based measures across seven European countries, using survey

wealth microdata, is provided by Gross and Población (2017). Their findings demonstrate that
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LTV and DSTI caps effectively reduce both the probability of default and the loss given default

of mortgages. Applying an adjusted model to Slovakia, Jurca et al. (2020) show that LTV limits

primarily reduce loss given default, while DSTI limits lower the probability of default. This aligns

with the general observation that stricter LTV ratios primarily affect the volume of mortgages

granted and indirectly influence housing prices, whereas probabilities of default are driven largely

by other loan characteristics. A cross-country analysis for 19 European countries is presented in

Giannoulakis et al. (2023). Additionally, using survey microdata for Luxembourg, Giordana and

Ziegelmeyer (2024) demonstrate that combining several LTV ratios can more effectively target

households that are at risk of becoming vulnerable after an income shock.

Interestingly, research on the impacts of macroprudential policies, particularly in Ireland and

Sweden, has shown that the introduction of LTV limits results in bunching at these thresholds

and compression at the upper end of the distribution (Keenan et al., 2016; Kinghan et al., 2017;

Bäckman et al., 2024). Evidence of similar distributional shifts toward implemented LTV limits has

been documented in Slovakia by Cesnak et al. (2021) and in the Netherlands by van Bekkum et al.

(2024). These findings highlight the importance of fine-tuning LTV limits to mitigate unintended

consequences, as emphasized by Montalvo and Raya (2018) and Gatt (2024), who caution that such

regulatory measures may produce complex effects beyond their intended scope.

Our research contributes to a small but significant body of studies (e.g., Acharya et al., 2020;

Hodula et al., 2023a; van Bekkum et al., 2024) that utilize unique administrative microdata to

analyze the consequences of tighter borrower-based measures. However, our study goes further by

examining how macroprudential policy changes in the mortgage market are differentially transmitted

to individual mortgage behavior through financial advisors. While several notable studies have

explored the role of financial advisors (e.g., Foà et al., 2019; Guiso et al., 2022) in the mortgage

market, we are not aware of any that address this complex interplay comprehensively.

Our study offers a comprehensive evaluation of the effects of financial advice on mortgage out-

comes, clearly distinguishing between advised and direct loan procurements. It advances the under-

standing of policy impacts across the full spectrum of loan distributions, specifically investigating

effects both above and below the policy-imposed thresholds. One of our key findings is the phe-
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nomenon of “bunching from below,” where less risky loans shift toward the regulatory caps, thereby

increasing the overall risk profile of the loan portfolio. This initially counterintuitive effect suggests

that tighter macroprudential policies, while effective in limiting the riskiest loans, may inadvertently

compress the distribution toward riskier terms just below the imposed limits. Such effects are likely

more pronounced in the early stages of policy implementation, as the distribution of contractual

parameters tends to be wider before policies have been in place for a longer period. We hypothesize

that as policies mature and markets adapt, this bunching effect may stabilize, reducing the tendency

for loans to converge at the regulatory thresholds.

We employ a broad set of control variables and machine learning techniques to mitigate selection

bias. Additionally, by analyzing the joint distributions of risk measures — such as LTV and DSTI

ratios — our approach accounts for potential misinterpretations that may result from oversimplified

linear assumptions.

Our analysis reveals significant disparities between advised and non-advised mortgage loans. In

general, mediated loans are granted with higher amounts, LTV, and DTI ratios. Longer maturities

allow advisors to maintain monthly instalments of mediated loans at levels comparable to those (of

loans) granted directly by banks.

We examine the impact of several macroprudential policy tightenings implemented gradually

since 2017 by the National Bank of Slovakia. Our findings reveal diverse effects of these policies,

largely depending on their restrictiveness, stage of implementation, and transmission channel (me-

diated vs. non-mediated loans). The less restrictive DSTI tightening and maturity cap introduced

in 2017 facilitated a shift in mortgage market preferences toward riskier loans in terms of repayment

burden. In contrast, the more restrictive DSTI tightening in 2020 led to a significant decrease in

DSTI, which also indirectly influenced other risk measures and loan volumes. We also find evidence

of front-loading during the announcement period of LTV and DTI tightening in 2018, an effect

amplified by advisors. However, advisor-mediated loans were more affected after the full implemen-

tation of the policies, as the restrictions were more binding given the pre-policy loan distribution of

mediated loans.

Furthermore, we argue that the impact of the policy extends beyond simple averages, demon-
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strating significantly different effects across various quantiles of the distribution of selected loan

outcomes. Specifically, during the tightening of LTV and DTI in 2018, we observe a positive impact

of the policy in the lower quantiles of the distributions for LTV, DTI, and granted amounts, but

a weaker or negative impact in the upper quantiles. This indicates that, while the policy success-

fully restricted the riskiest loans above the threshold as intended, it also increased risk below the

threshold by shifting the lower part of the distribution closer to the limit.

The research highlights the complexity of market reactions to macroprudential policy decisions,

which are further exacerbated by the role of financial advisors. Our findings suggest that financial

advisors can contribute to both unintended risks and strategic compliance behaviors, underscor-

ing the importance of incorporating the advisor–non-advisor distinction in regulatory design. We

emphasize the critical need for detailed microdata to tailor policies that effectively address these

diverse behaviors and caution against relying on simplistic models based solely on aggregated data.

The remainder of the paper is organized as follows. Section 2 presents the institutional back-

ground and policy details. Section 3 introduces the data and provides descriptive statistics. Section

4 outlines our empirical strategy, followed by the main results in Section 5. We complement the

main findings with robustness checks and additional analyses. Finally, Section 6 concludes the paper

and discusses policy implications.

2 Institutional background

We describe the specific role of financial advisors in the Slovakian mortgage market in subsection

2.1, along with the implementation of macroprudential regulation and other relevant legislative

changes in subsection 2.2. The interplay of these factors enhances our understanding of the complex

mechanisms through which macroprudential policy influences mortgage markets.

2.1 Financial advisors in Slovakia

Financial advisors have been active in Slovakia since the dissolution of Czechoslovakia in 1993.

Their services have evolved alongside the development of financial products available in the market.

Initially focused on building savings, their activities gradually expanded to include insurance, col-
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lective investments, pension savings, and loans. Currently, more than 400 companies operate in the

field of financial advice and intermediation. However, the market is relatively concentrated, with

69% of all financial agents employed by the 10 companies holding the largest market share.

Financial advisors have focused on the mortgage market since its inception in 2003–2004. The

share of housing loans granted through financial advisors has steadily increased over time. While

approximately 50% of mortgages were brokered in 2015, this share rose to 65% by 2022. The activity

of financial advisors may have been boosted by a legislative change in March 2016, which capped

the fee for early mortgage repayment at 1% of the outstanding notional amount. This reform led

to a rapid increase in loan refinancing, as it became highly affordable for clients in an environment

of declining interest rates (NBS, 2016).

Although the activity of financial advisors can be beneficial for clients, several risks have been

highlighted by the Národná banka Slovenska (NBS). Increased refinancing activities in Slovakia have

often been associated with higher notional amounts of new loans, leading to greater household in-

debtedness. Additionally, growing brokerage activity may exert pressure on banks’ credit standards.

Finally, the activity of brokers can intensify competition between banks, yielding both positive and

negative effects. While increased competition can improve terms for consumers, it may also weaken

banks’ credit standards, potentially elevating systemic risk within the financial system (NBS, 2019).

2.2 Legislative changes and macroprudential policy implementation

A significant legislative change came into force on 1 January 2018, concerning the covered bond

issuance framework. Until the end of 2017, only banks with a mortgage license were authorized to

provide mortgage loans. Additionally, these banks were required to finance at least 90% of their

mortgage loans with mortgage bonds. This framework, introduced in 1996, became particularly

prominent following the restructuring of the banking sector in the early 2000s. By 2017, however,

most banks were issuing other types of housing loans, and mortgage loans were primarily used due

to the state subsidy for young households.2

2Young debtors aged up to 35 years with earnings below 1.3 times the average wage in the economy could apply
for a state subsidy. Under this program, the interest rate on the mortgage was reduced by 3 percentage points: 2
percentage points subsidized by the state and 1 percentage point by the granting bank. This subsidy applied to
mortgages with a nominal value up to 50,000 EUR and an LTV ratio of up to 70%.
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By 2018, the previous system had become largely outdated. The introduced legislative changes

unified mortgage loans and other housing loans, eliminating the requirement for banks to hold

a mortgage license. Following this change, banks were no longer obligated to finance mortgages

with mortgage bonds. Instead, they were permitted to issue covered bonds, primarily secured by

mortgages with an LTV of up to 70%. This reform enabled banks to access the international covered

bond market and secure cheaper funding. It also created a housing loan market more comparable

to those in other euro area countries (NBS, 2017).

These legislative changes are directly relevant to our borrower-based policy analysis, as they

significantly altered the structure and dynamics of mortgage financing in Slovakia. By removing

the mortgage license requirement and enabling access to international covered bond markets, banks

gained greater flexibility and access to cheaper funding sources. For example, the increased com-

petitiveness in the mortgage market resulting from these changes may have encouraged banks to

maximize lending near the new regulatory thresholds, necessitating more stringent macroprudential

measures to mitigate systemic risks. Additionally, the cancellation of subsidies for young borrowers

likely influenced borrower behavior, potentially shifting the distribution of LTV ratios as households

adapted to the new regulatory and financial environment.

The NBS was granted a mandate to address systemic risks in 2014. Until 2016, it implemented

borrower-based measures primarily as recommendations. Since 2017, supported by a legal mandate

for such measures, these limits have become legally binding. In response to excessive credit growth,

rising real estate prices, and mounting household indebtedness, the NBS introduced a comprehensive

set of limits, including LTV, DSTI, DTI, and maturity restrictions. The maturity limit of 30 years

for mortgage loans and 8 years for consumer loans was effectively applied from 2014 and became

legally binding in the first quarter of 2017. An overview and timeline of the implementation of LTV,

DTI, and DSTI limits are provided in Table 2.

In 2018, the NBS implemented one of its most comprehensive packages of borrower-based mea-

sures. An LTV cap of 90% was introduced, with only 20% of new mortgages per quarter permitted

to exceed an 80% LTV. This limit was phased in gradually, starting in July 2018 and concluding in

July 2019. A DSTI cap of 80% was also implemented, with a gradual phase-in ending in July 2018.
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While this cap is relatively high compared to limits in other countries, its definition differs. In most

cases, the debt service is divided by net or gross income; in Slovakia, however, net income is reduced

by the minimum subsistence amount (including the minimum subsistence amount for children and

a spouse, if applicable).3 Additionally, a DTI cap of 8 was introduced in July 2018, with a phase-in

period extending to July 2019. This means that a borrower’s total debt cannot exceed eight times

their annual net income.4

A comprehensive set of measures was implemented because they complement rather than sub-

stitute one another. LTV limits primarily aim to reduce the potential losses banks may incur in

the event of borrower default. DSTI and DTI limits, on the other hand, influence the likelihood of

borrower default. By design, the DSTI limit in Slovakia is more binding for lower-income borrowers,

as their income is closer to the subsistence minimum. In contrast, the DTI limit focuses more on

higher-income borrowers and was introduced to constrain the overall growth of household indebt-

edness. Together, these measures are intended to address the perceived accumulation of systemic

risks in Slovakia.5

3An overview of measures implemented by different EU countries is available on the European Systemic Risk
Board website: https://www.esrb.europa.eu/national_policy/other/html/index.en.html.

4An overview of the current measures and their definitions is available on the NBS website: https://nbs.sk/
en/financial-stability/fs-instruments/.

5This is supported by empirical evidence; see, e.g., (Harrison et al., 2018).
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Table 1: Dates of policy change announcements and implementations

Document Announcement Implementation Full implementation

Decree 1 16–09–22 17–01–01 17–07–01 for LTV
18–07–01 for DSTI

Decree 2 18–03–06 18–07–01 19–07–01
Decree 3 19–11–20 20–01–01 20–07–01

Table 2: An overview and timeline of the implementation of BBM limits

Date LTV DSTI DTI
Maximum Restriction Maximum Exception Maximum Exception

Recommendation

14–11 100% 25% between 90%–100% 100%
15–07 20% between 90%–100%
16–04 15% between 90%–100%
17–01 10% between 90%–100%

Decree 1

17–01 100% 10% between 90%–100%
50% between 80%–100% Specification of the definition of DSTI

17–03 95%

17–07 10% between 90%–100%
40% between 80%–100% 90%

18–01 85%
18–07 80%

Decree 2

18–07 90% 35% between 80%–90% 8 years 20% above
18–10 30% between 80%–90% 15% above
19–01 25% between 80%–90% 10% above
19–07 20% between 80%–90% 5% + 5% (younger borrowers) above

Decree 3
20–01 60% 15% between 60%–80%
20–04 5% between 60%–80%
20–07 5% between 60%–70%

Notes: Specification of the definition of DSTI includes borrowers’ subsistence minimum and 2 p.p. interest rate shock into the calculation of the DSTI. 30
years limit (with 10% above exception) on housing loans maturity was part of the recommendation and has been fully implemented within the Decree 1. 8
years limit on consumer loans maturity as well as the consideration of consumer loan instalments in DSTI calculation (and volumes in DTI calculation later
on) has been implemented since the start of 2018.

13



3 Data, variables, and estimation sample

In our study, we leverage a comprehensive dataset comprising the universe of mortgage loans in

Slovakia (loan tapes), including both loans granted directly (non-mediated) and those facilitated

by advisors (mediated). The loan register data span quarterly reports from 2018Q2 onwards, en-

compassing all active loans at the time of each report. However, loans granted before 2018Q2 are

included only if they remained active as of that quarter. Our focus is on newly granted mortgage

loans6 between 2013Q1 and 2022Q4, enabling us to explore differences between loans mediated by

financial advisors and those that are not.7 While the dataset includes a time dimension, each loan

appears only once in our sample at the time of granting, resulting in repeated cross-sectional data.

In selecting variables for our analysis, we adopt a rigorous approach to incorporate relevant

information while mitigating potential biases. This involves constructing new variables, such as

indicators for additional housing or consumer loans, to capture key aspects of borrower behavior

and financial status. Additionally, we implement meticulous data cleaning procedures, including

the recovery of missing information8 and the removal of observations with missing or unreasonable

values. To enhance data quality, we trim extreme values from continuous variables.9 Despite these

efforts, substantial sample size reductions occur, primarily due to missing or unreasonable values in

critical variables such as income or collateral value. Through these rigorous procedures, we arrive at

a cleaned dataset that serves as the foundation for our empirical analysis. We are confident in the

representativeness of our data, as the initial dataset comprises virtually the entire universe of retail

loans granted by Slovak banks. We find no evidence to suggest that our data cleaning procedures

introduce significant selection bias. For definitions of variables used in our empirical analysis, see

Appendix A.

Table 3 presents key characteristics of these loans, shedding light on significant differences be-

tween the two groups. Non-mediated loans, totaling 145,710, exhibit a mean granted amount of
6We focus exclusively on pure new loans collateralized by real estate. Refinancing loans or renegotiated loans are

excluded from our sample.
7It is important to note that as we examine earlier periods, the number of loans diminishes due to repayments or

refinancing.
8We leverage quarterly reports of all active loans and apply a “forward-looking approach” (examining newer

reports) to recover missing information for certain covariates. Furthermore, some missing values are calculated based
on other related variables (e.g., DTI derived from income and total borrower debt).

9We trim 0.1% of values from both ends of the distribution for all continuous variables.
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63.1 thsd. EUR with a standard deviation of 52.9 thsd. EUR, while mediated loans, totaling

211,374, have a higher mean granted amount of 79.9 thsd. EUR and a similar standard deviation

of 52.5 thsd. EUR. Additionally, mediated loans have a longer mean granted maturity (26.8 years

compared to 22.6 years for non-mediated loans) and higher mean LTV ratios (71% compared to

65%). These differences in loan characteristics provide valuable insights into the heterogeneous na-

ture of mortgage lending practices in Slovakia and serve as a foundation for our subsequent analyses

exploring the differential impacts of macroprudential policies on these loans.

Table 3: Descriptives of main variables

Variables
Non-mediated loans Mediated loans

(N = 145,710) (N = 211,374)
Mean SD Mean SD

Granted amount (thsd.) 63.1 52.9 79.9 52.5
Granted maturity 22.6 7.8 26.8 5.7
LTV 0.65 0.22 0.71 0.19
DTI 4.23 2.26 5.19 2.17
DSTI 0.45 0.20 0.47 0.18
Interest rate 1.80 1.00 1.80 0.96
Collateral (thsd.) 120.0 90.4 123.1 81.0
Income (thsd.) 1.9 1.9 1.7 1.6
Financial assets (thsd.) 12.9 25.5 9.8 22.2
Another HL 0.31 0.22
Another CL 0.17 0.16
No child 0.47 0.56
1 child 0.25 0.23
2 children 0.21 0.16
3 children 0.05 0.04
4 and more children 0.02 0.02
Co-borrower 0.58 0.49
Employed 0.85 0.86
Self-employed 0.12 0.12
University 0.51 0.47
Age 37.7 8.8 34.2 7.7
Female 0.31 0.32

Figure 1 presents the full distributions of selected key variables for non-mediated and mediated

loans. It illustrates that the amounts granted are generally larger for loans mediated through

financial advisors, though the overall distributions are largely similar.
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Figure 1: Distributions of selected variables

Notes: Due to the high skewness of this variable, the right tail of the income distribution was truncated at 10,000.

Figure 2 illustrates the propensity score derived from a generalized boosted models, predicting

whether a loan is mediated through an advisor, alongside standardized mean differences across

the predictor variables. While some variation is evident, the propensity score distribution shows

substantial overlap, indicating considerable similarity in borrower characteristics between mediated

and non-mediated loans. Nevertheless, to address any remaining covariate differences, we employ

re-weighting methods as an additional control for potential selection bias in Section 4.

In selecting the estimation sample for the policy effect evaluation, we account for the fact that

the macroprudential policy changes were implemented relatively close to each other (see Table 1).

Selecting a sample with a wider time window around these policies could lead to potentially biased

estimates due to the interference of different policies. For our main analysis, we select the samples

starting two quarters before the announcement and ending two quarters after the full implementation
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of the respective policies (+/− 2Q samples). Figure 3 illustrates the overlaps of these samples. With

the exception of the overlap between DSTI tightening of Decree 1 and Decree 2, there is almost

no interference between the samples (only approximately 1 month overlap between Decree 2 and

Decree 3). Additionally, we run our estimates using also a one year window samples (+/− 1Y), while

carefully considering the potential policy interference.

Figure 2: Common support of mediated and non-mediated loans

Notes: The propensity score is estimated with a generalized boosted models – see Section 4.3 for more details.
In case of multinomial variables we plot a generalized form of the standardized mean difference metric proposed by
Yang and Dalton (2012).

Figure 3: Overlap of policies: +/− 2Q samples

Notes: +/− 2Q indicates subsamples of loans granted from 2 quarters before the announcement to 2 quarters after
the full implementation of the respective policy.
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4 Econometric specifications

We analyze the differential impacts of BBMs on mortgage loans, with a particular focus on how

these effects differ between mediated and non-mediated loans facilitated by financial advisors. In

the absence of random assignment in our data, or even a quasi-experimental setting (e.g., Kinghan

et al., 2022; Hodula et al., 2023b), our econometric strategy relies on controlling for a wide array

of covariates to robustly identify potential policy effects. Specifically, we compare mortgage loans

granted before and after the policy announcement or across different stages of the policy rollout,

aiming to balance covariate characteristics to address potential selection bias. Similarly, we balance

covariate characteristics between mediated and non-mediated loans (see Section 4.3 for details).

Our approach is strengthened by a sufficiently large sample size, enabling us to maintain statistical

power and precision.

4.1 Regression Analysis

First, we run the following standard regression to estimate the effect of advisors, the policy and

their interaction (to cover different policy effects on risk measures for mediated loans):

Yi,t = α + βAdvisori,t + γBBMt + δ (Advisori,t ×BBMt) + ζXi,t + ηZi,t + λ + εi,t, (1)

where Yi,t captures respective parameters of the i-th individual loan (granted amount, maturity,

LTV, DTI, DSTI) granted at time t, Advisori,t indicates whether the i-th individual loan was me-

diated through financial advisor in time t. We work with two versions of BBMt variable. The first

version is a dummy variable indicating whether the loan was granted after the policy announce-

ment and thus captures the total effect of the policy, starting immediately after the announcement.

The second version is a multinomial variable determining different periods related to the policy

implementation: period before the announcement, period between the announcement and imple-

mentation, phase-in period and period after the full implementation. This version allows us to

explore the different effects of the policy at different stages of the implementation. Besides these

covariates of interest, we also include a set of loan parameters (Xi,t), borrower characteristics (Zi,t)

as well as bank, region, quarter and month of year fixed effects (λ) to control for borrower pref-
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erences and mortgage market characteristics.10 Standard errors are clustered at the bank level to

account for intra-group correlation, enhancing the robustness of our inference.

Our estimation approach is based on the assumption that the loans granted after the policy

announcement would have been - without the announcement and/or policy taking place - distributed

equally as loans granted in the period before the announcement. In other words, we use the pre-

announcement loan distribution as the counterfactual distribution for estimating policy effects in

post-announcement periods (similar assumption can be found in, e.g., Bäckman et al., 2024).

4.2 RIF Unconditional Quantile Regressions

Next, we examine the effects of policy and financial advice (as well as their interactions) on different

parts of the distribution of the respective outcome variables. To do so, we use unconditional quantile

regressions (UQR) developed by Firpo et al. (2009), which are based on the concept of recentered

influence functions (RIF) – a widely used tool in robust estimation.11 This method has several

advantages over standard conditional quantile regressions, making it an attractive tool for studying

distributional effects.

Once the RIF of the unconditional quantile (τ) of the outcome variable is obtained, the UQR

can generally be estimated within a simple OLS framework as follows:

RIF (Y,Qτ(.), FY ) = β0(τ) + βX(τ)X + ε, (2)

with τ taking quantile values from a range of 0.05 − 0.95.

The UQR thus marginalizes the effect of the variables of interest (mediated vs non-mediated loans

and the policy change) over all other control variables included in the model. In terms of inference,

bootstrap standard errors are estimated by drawing 1,000 random samples with replacement from

the original sample.
10We include income and collateral value in logs, financial assets ihs transformed and squared term of age variable

into the model.
11For more details on the empirical application of this method, we refer the interested reader to, e.g., Maclean

et al. (2014) or Cupak et al. (2022).
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4.3 Inverse probability of treatment weighting (IPTW)

We acknowledge that any causal claims are contingent upon the assumption that selection bias can

be adequately addressed through observable variables. We have implemented a comprehensive strat-

egy that integrates both, flexible parametric and non-parametric functional forms, to minimize the

emergence of such bias where possible. We carry out the two-stage regression procedure, also known

as “doubly robust approach”. In the first stage, the covariates are balanced between mediated and

non-mediated loans and similarly between loans granted before and after the policy announcement

or among different stages of the policy implementation using the inverse probability of treatment

weighting (IPTW) technique.12 In the second stage, the OLS regression (1) is estimated using the

weighted sample obtained in the first stage.

The intuition behind balancing the populations is to make them as similar as possible in terms of

the available covariates. The aim is to reduce the bias arising from possible non-random assignment

of observations to treatment or structural differences between observations in the pre- and post-

intervention periods. In general, the aim is to design a quasi-experimental framework with the

observational data. We measure the similarities among observations using propensity scores13, i.e.

the conditional probabilities of being assigned into the treatment d14.

The literature on the subject is not entirely consistent as to which variables should be part of the

balancing process. However, there are theoretical arguments in favor of using only pre-treatment

variables that simultaneously influence the participation decision and the outcome variable (Caliendo

and Kopeinig, 2008; Austin, 2011). Therefore, we exclude interest rate and bank fixed effects from

the balancing process, as they are measured at the “post-treatment” and only influence the outcome

variables.

In addition, there are a few other adjustments that need to be made to successfully balance loans

before and after the policy announcement, or among different stages of policy implementation. First,
12See, e.g., Austin and Stuart (2015) for practical guidance in application of IPTW.
13First introduced in Rosenbaum and Rubin (1983).
14In our case the treatment d refers to the possible state of the loan – mediated/non-mediated, if the treatment

variable is Advisor; granted pre-/post-policy announcement, if the treatment variable is BBM (binomial) or granted
during specific stage of the policy implementation (pre-announcement period, announcement period, phase-in period,
post-full implementation period) if the treatment variable is BBM (multinomial).
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we exclude quarter fixed effects as they would fully or almost fully explain our treatment variable.15

Second, we add the advisor dummy variable to the list of explanatory variables to account for the

potentially different structure of loans granted at different stages of the policy implementation.

Finally, we normalize variables that show increasing trends over time (income, collateral value and

financial assets) by dividing each value by the mean value of a given quarter.

More formally, propensity scores are estimated using generalized boosted models (GBM):

pd(Xi) = Pr(Di[d] = 1∣Xi), (3)

where Di represents our treatment variable of interest (Advisor or BBM) and Xi contains all the

selected covariates that we aim to balance our sample across.16

In particular, GBM is a machine learning method used for predicting values of a dependent

variable based on the values of independent variables. It is based on sequential fitting of decision

trees, where each new tree is fitted to the residuals of the previous one, gradually correcting the

predictions and minimizing the residual error17. The strong advantage of GBM is that it doesn’t

require any assumptions about the underlying form of the model. The algorithm automatically

conducts selection of variables among covariates as well as captures higher order relationships among

them. For details about the tuning of model’s parameters see Appendix B.

Finally, we calculate the weight of each observation as an inverse of the probability of the

treatment received18, obtained from equation (3):

wi =
1

pd(Xi)
. (4)

15For the same reason we do not include month of year fixed effects. However, we do not include this variable in
balancing between mediated and non-mediated loans either, as the time-related variable is already included in the
form of quarter fixed effects.

16See McCaffrey et al. (2004) for more details on the empirical application of generalized boosted models in
propensity score estimation, and McCaffrey et al. (2013) for their application in a multiple treatment setup.

17The residual error in this case is the gradient of the loss function, which is based on the underlying distribution
of the dependent variable.

18That is, for the i-th individual loan we use the propensity score pd(Xi), where d refers to the original state
of the loan (mediated/non-mediated; granted pre-/post-announcement; granted in a specific stage of the policy
implementation).
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This procedure is designed in a way that attributes more weight to observations that are less likely

to be assigned into the treatment that they were actually assigned. These subjects are more rare

and more informative as they give us a picture of how treatment would influence the non-treated

subjects. IPTW creates a pseudo-sample, in which the treatment is independent of the measured

covariates.19

5 Estimation results

5.1 Baseline results

Figure 4 presents the trend of granted loan amounts over time. A notable surge in amounts is evident

for both mediated and non-mediated loans, with a slightly more pronounced increase observed for

mediated loans shortly after the announcement of Decree 2 policy. Both average and median loan

amounts appear to stabilize during the phase-in period after the policy implementation. While one

might initially attribute the increase in the granted amount to borrowers seeking larger volumes

before the policy takes effect, a deeper analysis reveals more intricate shifts in the distributions,

indicating changes beyond mere mean values. The trends of other loan outcomes are shown in

Appendix C.

Figure 4: Average and median granted amount over time

Notes: The policy shown in the figure represents the announcement, implementation and phase-in of Decree 2.

19A detailed diagnosis of the balance can be found in Appendix B.
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Figure 5 displays the LTV distributions of mediated (left panel) and non-mediated (right panel)

loans, comparing loans granted before and after the announcement of Decree 2. The distinctive

bunching effect around the policy thresholds (80% and 90% LTV) is evident, indicating a clear

impact of the policy. Notably, the policy not only results in new loans falling below the introduced

limits but also induces a shift in weight from below towards these newly established thresholds.

This shift suggests that loan levels previously considered unnecessary or perceived as too risky

by borrowers are now moving closer to the regulatory caps, possibly because these thresholds are

perceived as “safe” benchmarks set by the policy. This perception may also be reinforced by financial

advisors, who can leverage these policy-imposed caps to convince borrowers that loans close to the

thresholds are inherently safe. As a result, while the policy successfully restricts the most excessive

risk-taking, it simultaneously encourages clustering near the caps, which could increase the overall

risk of the portfolio in the short term. The remaining share of loans granted after the announcement

with LTV above the upper limit of 90% indicates possible front-loading before the policy takes effect.

We observe similar bunching patterns and weight shifts in other risk measures and for other policies

(DTI and DSTI, see Appendix D).

Figure 5: LTV distributions before vs. after the policy announcement (+/− 2Q sample)

(a) Mediated loans (b) Non-mediated loans

Notes: Policy announcement refers to the announcement of Decree 2. +/− 2Q indicates subsamples of loans granted
from 2 quarters before the announcement to 2 quarters after the full implementation of the policy. Vertical lines
mark the policy thresholds.

Table 4 provides the estimated coefficients of the regression model examining the impact of the
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financial advisors (mediated vs. non-mediated loans dummy) on granted amounts, LTV, DTI and

DSTI ratios, and loan maturity. These effects are estimated for the full sample (2013Q1 – 2022Q4),

controlling for a large number of borrower- and mortgage market-based covariates. Results confirm

that the volume of loans granted via financial advisors are significantly different in nominal terms

as well as relative to income or collateral. Mediated loans are in general larger by approximately

16 % of volume, 4 p.p. of LTV and almost 40% of the borrowers’ annual net income. Interestingly,

mediated loans differ only slightly from non-mediated loans in terms of debt service burden. This

is because mediated loans are on average granted with a longer maturity of around 1.8 years, which

allows borrowers to take on more debt for the same amount of monthly repayments.

Table 4: Effect of financial advisors on selected loan outcomes

Log of
granted
amount

LTV DTI DSTI Loan
maturity

(1) (2) (3) (4) (5)
Advisor 0.157∗∗∗ 0.040∗∗∗ 0.386∗∗∗ 0.004∗ 1.774∗∗∗

(0.018) (0.004) (0.029) (0.002) (0.125)
Loan parameters Yes Yes Yes Yes Yes
Borrower characteristics Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes
Region FE Yes Yes Yes Yes Yes
Quarter FE Yes Yes Yes Yes Yes
Month of year FE No No No No No
Sub-sample full full full full full
Observations 356,823 356,706 342,659 356,452 347,551
Adjusted R2 0.614 0.257 0.521 0.410 0.557

Notes: Full estimation sample period is 2013Q1-2022Q4. Clustered standard errors at the bank level are reported
in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table 5 extends the results above by including the impact of the policy (before announcement

vs. after announcement dummy) and its interaction effect with advisors in the regression model

specification. In this case the samples are restricted to shorter periods, starting 2 quarters before

the announcement and ending 2 quarters after the full implementation of the policy. We exclude

quarter fixed effect from the specification due to the strong collinearity with policy variable and

replace it with month of year fixed effect to control for time varying characteristics of the mortgage

market. We focus only on the loan outcomes that the policy was directly aimed at. However,

we provide additional regression results for each loan outcome and each decree in Appendix E to
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explore possible indirect effects of the policies.

The impact of advisors on all considered loan outcomes is consistent with the overall effect of

advisors estimated for the full sample. However, the impact of the policy is not so straightforward.

We observe a strong positive effect of the Decree 1 policy on DSTI and loan maturity, shifting

these parameters by almost 11 p.p. and 1 year respectively20. The significant lengthening of

loan maturities after underscores the adaptive strategies employed by both borrowers and financial

advisors in response to new regulatory constraints. This lengthening likely represents an effort to

maintain manageable monthly repayments despite the tightening limits on DSTI and LTV. While

the extension of maturities can be an effective tool for reducing short-term repayment burdens,

it also carries the potential for increased long-term risk, as borrowers remain indebted for longer

periods. The evidence of these effects during both the phase-in period and full implementation, as

shown in Table 6, highlights a consistent trend of adapting loan terms to align with policy shifts,

which may have implications for long-term financial stability. Greater emphasis on loan duration

effects is crucial for understanding the full spectrum of borrower-based policy impacts, not just on

immediate risk metrics like DSTI, but also on the sustained financial commitments of borrowers.

There is no significant effect of the Decree 2 policy on loan amounts, LTV and DTI. Finally,

the effect of Decree 3 policy is significantly negative, decreasing the average DSTI by around 4 p.p.

Moreover, we do not find any significant effect of the advisor-policy interaction term, suggesting

that advisors do not behave differently when macroprudential policy changes.
20One potential explanation is the strong increase of DSTI and loan maturities in general during the implementation

of Decree 1 that was not restrictive enough to stop such increase. However, the development of the average DSTI
could have been affected also by the fact that the definition of this ratio was not unified until the legal implementation
of the decree and therefore there can be reporting issues on the banks’ side in case of loans granted before Decree 1.
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Table 5: Effect of advisors and policy on selected loan outcomes

DSTI
(Decree 1)

Loan
maturity
(Decree 1)

Log of
granted
amount

(Decree 2)

LTV
(Decree 2)

DTI
(Decree 2)

DSTI
(Decree 3)

(1) (2) (3) (4) (5) (6)
Advisor −0.007 2.128∗∗∗ 0.143∗∗∗ 0.046∗∗∗ 0.535∗∗∗ 0.002

(0.013) (0.275) (0.021) (0.005) (0.103) (0.005)
Policy (total) 0.107∗∗ 0.976∗∗ 0.011 0.015 0.242∗ −0.043∗∗∗

(0.045) (0.397) (0.044) (0.013) (0.137) (0.006)
Advisor × Policy (total) 0.012 −0.021 0.027 −0.007 −0.161 0.004

(0.015) (0.168) (0.018) (0.006) (0.104) (0.007)
Loan parameters Yes Yes Yes Yes Yes Yes
Borrower characteristics Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
Region FE Yes Yes Yes Yes Yes Yes
Quarter FE No No No No No No
Month of year FE Yes Yes Yes Yes Yes Yes
Sub-sample +/− 2Q +/− 2Q +/− 2Q +/− 2Q +/− 2Q +/− 2Q
Observations 96,256 93,243 101,697 101,621 96,099 72,894
Adjusted R2 0.407 0.552 0.594 0.239 0.530 0.431

Notes: +/− 2Q indicates subsamples of loans granted from 2 quarters before the announcement of the policy to
2 quarters after the full implementation of the policy. Pre-announcement period is the reference category for the
policy-related variables. Clustered standard errors at the bank level are reported in parentheses. * p < 0.1, **
p < 0.05, *** p < 0.01.

As outlined at the beginning of this section, the effect of the policy might vary across different

stages of the policy implementation, e.g., possible front-loading behavior before the policy fully

hits. While not differentiating between stages of implementation may give us an overall picture

of the policy impact on loan production, it may mask some important distinctive behavior of the

mortgage market with the policy being gradually implemented. This could also explain the overall

weak impact of the policy, especially for Decree 2 and for advisor-channeled policy effects.

We further extend our regression models and break the policy variable into the separate effects

of the policy during different stages of the implementation: the announcement period, the phase-in

period, and the period after full implementation. These effects are estimated with relation to the

pre-announcement period and thus can not be interpreted as additive. Similarly, we explore the

distinctive behavior of advisors during different stages of the policy implementation by adding the

interactions of these stages with the advisor dummy variable. We evaluate these effects in Table 6.

The impact of advisors on all considered loan outcomes remains consistent with the previous
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regression specifications. However, by splitting the policy variable, we discover some very interesting

patterns. DSTI and loan maturities increased significantly after the implementation of the Decree

1 policy by almost 12 p.p. and by more than 1 year respectively, and remained elevated even after

the policy was fully implemented. This suggests that, prior to the policy, certain lending levels were

either unnecessary due to borrower preferences or perceived as too risky. However, the establishment

of clear thresholds may have induced a perception that anything up to the regulatory limit is

inherently safe. This perception, in turn, could lead to increased risk-taking as both borrowers and

lenders - particularly those mediated through advisors-might view everything below the regulatory

threshold as a guaranteed safe zone. Financial advisors, leveraging this perception, might have

found it easier to convince borrowers to take on larger loans, thus pushing lending levels closer to

the regulatory limits and potentially elevating the overall risk profile of the portfolio. Except of

the increase in loan maturity by almost half a year during the announcement period, there is no

significantly different effect of the policy channeled through advisors.

We observe a significant impact of the Decree 2 policy on loan amounts, LTV and DTI even before

the policy was implemented. LTV increased by almost 3 p.p., DTI by more than a third of borrowers’

annual net income and loan amounts increased by more than 5% during the announcement period.

Interestingly, the amounts increased by an additional 3.5% if mediated by advisors. These results

could be explained by agents (borrowers, banks, advisors), realizing the restrictiveness of the policy,

taking the advantage of the last possible moments of relaxed conditions before the policy becomes

binding. Surprisingly, after the policy was implemented the values of loan outcomes returned to

their original levels, represented by insignificant coefficients for phase-in and full implementation.

However, this does not mean that the implementation of the policy has no impact on considered loan

outcomes. The overall weak impact of the policy can reflect the negative impact on the distribution

above the BBM limits and the potentially positive impact on the distribution below the BBM limit.

We investigate this potential heterogeneity of effects across the distribution in Section 5.2. As

expected, mediated loans were more restricted, in terms of LTV (by almost −2 p.p.) and DTI (by

almost −0.25), compared to non-mediated loans, after the policy was fully implemented, as these

loans had higher values of LTV and DTI already before the policy.

Decree 3 seems to be the most restrictive out of the three policy packages. We observe a
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significant decrease of DSTI after the implementation, by almost 7 p.p. during phase-in stage and

by 4 p.p. after the full implementation. Mediated loans decreased by additional 1 p.p. even during

the announcement period, indicating possible risk perception of banks. Moreover, by tightening

the DSTI indicator, Decree 3 indirectly decreased DTI and partially also LTV (see Appendix E),

confirming the strong restrictiveness of this policy.

Table 6: Impact of advisors and policy implementation on selected loan outcomes

DSTI
(Decree 1)

Loan
maturity
(Decree 1)

Log of
granted
amount

(Decree 2)

LTV
(Decree 2)

DTI
(Decree 2)

DSTI
(Decree 3)

(1) (2) (3) (4) (5) (6)
Advisor −0.008 2.101∗∗∗ 0.143∗∗∗ 0.046∗∗∗ 0.539∗∗∗ 0.002

(0.012) (0.264) (0.021) (0.005) (0.104) (0.005)
Announcement 0.013 −0.235 0.053∗∗∗ 0.029∗∗∗ 0.358∗∗ 0.005∗

(0.011) (0.145) (0.015) (0.005) (0.173) (0.003)
Phase-in 0.118∗∗ 1.026∗∗∗ 0.002 0.012 0.234∗ −0.068∗∗∗

(0.051) (0.381) (0.039) (0.012) (0.141) (0.018)
Full implementation 0.100∗∗ 1.494∗∗ 0.022 0.022 0.247∗ −0.040∗∗∗

(0.048) (0.688) (0.062) (0.020) (0.126) (0.004)
Advisor × Announcement 0.008 0.420∗∗∗ 0.035∗∗ 0.006 −0.063 −0.008∗∗∗

(0.007) (0.108) (0.014) (0.004) (0.108) (0.003)
Advisor × Phase-in 0.013 −0.030 0.034∗ −0.006 −0.147 0.004

(0.016) (0.207) (0.018) (0.007) (0.109) (0.006)
Advisor × Full implementation 0.010 −0.173 0.009 −0.017∗∗ −0.245∗∗ 0.006

(0.019) (0.184) (0.026) (0.008) (0.099) (0.010)
Loan parameters Yes Yes Yes Yes Yes Yes
Borrower characteristics Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
Region FE Yes Yes Yes Yes Yes Yes
Quarter FE No No No No No No
Month of year FE Yes Yes Yes Yes Yes Yes
Subs-sample +/− 2Q +/− 2Q +/− 2Q +/− 2Q +/− 2Q +/− 2Q
Observations 96,256 93,243 101,697 101,621 96,099 72,894
Adjusted R2 0.419 0.554 0.595 0.240 0.530 0.435

Notes: +/− 2Q indicates subsamples of loans granted from 2 quarters before the announcement of the policy to 2
quarters after the full implementation of the policy. The pre-announcement period is the reference category for
the policy related variables. Clustered standard errors at the bank level are reported in parentheses. * p < 0.1,
** p < 0.05, *** p < 0.01.

The results presented above differ in some cases from results obtained with wider samples (see

Appendix E). These differences occur specifically for policy-related effects, reflecting the distortion

caused by the interference of different policies when using wider samples.

The regression results provide clear and robust evidence of financial advisors mediating loans

with higher amounts, both in absolute terms and relative to the value of collateral or the income
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of borrowers. While maturities are also higher in case of mediated loans, there is no significant

difference in the debt service burden. These results suggest that prolonging the maturity of mort-

gage loans enabled the advisors to mediate larger loans to their customers, while keeping monthly

payments comparable to clients having a mortgage without an advisor.

Further, the results show that the effect of the policy differs across the stages of implementation.

This segmentation reveals interesting responses of the mortgage market to policy change, such as

front-loading following the announcement of Decree 2, or the shift towards the more risky values

of BBMs that are still considered safe, but have been used less before the Decree 1 policy. The

latter also relates to another observation. The effect of the policy also depends on how restrictive

it is. The less restrictive limits imposed by Decree 1 enabled a further shift of average DSTI and

maturity towards riskier levels. On the contrary, the more restrictive policy (Decree 3) not only has

a strong negative impact on DSTI, but even spreads the negative impact to other BBMs.

Moreover, in most cases, the impact of the policy on the mediated loans is not significantly

different from that on non-mediated loans. However, these average effects may be disrupted by the

divergent effects on distribution above and below the imposed limits. In the next subsection we

take a closer look at the impact of advisors and macroprudential policy on different parts of the

loan distribution.

5.2 Quantile effects

Figure 6 shows the mean and median Loan-to-Value (LTV) ratios of mediated and non-mediated

loans over time. While the means of both mediated and non-mediated loans may have been influ-

enced by larger LTVs between the time of announcement and implementation of Decree 2 policy,

during which LTVs above the threshold were still permitted, it is evident that the increase in the

median LTV since the policy announcement remains stable, particularly for mediated loans, around

the lower policy limit of 80%.

Figure 7 shows a large increase in the lower part of the LTV distribution (20th percentile) for

mediated loans at the time of policy announcement, which remains at a much higher level than before

the policy (at about 60% versus 50% before). For the non-mediated loans this effect is somewhat
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Figure 6: LTV mean and median over time

Notes: Policy shown in the figure represents the announcement, implementation and phase-in of Decree 2.

smaller but also persistent. In the upper part of the distribution (80th percentile), mediated loans

are practically all the time at the regulatory limit of 90% and 80%, respectively. Non-mediated

loans reacted strongly after the policy announcement and the LTV increased rapidly. After the

policy implementation, the LTV of both mediated and non-mediated loans stays at the regulatory

limit. Overall, these figures clearly demonstrate the positive effect of the policy in the lower and

the negative effect in the upper part of the distributions on the LTV of the granted loans.

To analyze these distributional effects in more detail we run RIF regressions as introduced by

Firpo et al. (2009), which are also referred to as unconditional quantile regressions as they allow

to evaluate distributional effects beyond the mean in a regression framework. Figures 8, 9 and 10

show the impact of the advisors, the impact of the policy (broken down to different stages of imple-

mentation) and their combined impact on the different quantiles of the distributions of the selected

loan outcomes. We show estimates for the samples starting 2 quarters before the announcement and

ending 2 quarters after the full implementation of the respective policies. We provide additional

results for wider samples, all considered loan outcomes and each decree in Appendix G.

We observe a strong positive effect of advisors on the lower half of the loan maturity distribution

around the time of the Decree 1 policy implementation (Figure 8, panel a). The effect is quite
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Figure 7: Development of the 20th and the 80th percentile of the LTV distribution

Notes: Policy shown in the figure represents the announcement, implementation and phase-in of Decree 2.

volatile as loans tend to be granted with a few preferred maturities, such as 15, 20, 25 or 30 years.

In contrast, we observe only a small effect in quantiles above 50th percentile, as more than half of the

loans are granted at or close to the upper limit of 30 years. In line with the results in the previous

section, mediated loans are similar to non-mediated loans in terms of the DSTI, only slightly more

concentrated around the mean value. The effect of the Decree 1 policy on the DSTI during the

phase-in and after full implementation is strongly positive across the whole distribution of DSTI,

including the highest quantiles (Figure 8, panel b). This again confirms that there was a significant

increase in the DSTI until mid-2017 for both mediated and non-mediated loans. We observe similar

positive effect of the policy on loan maturity as well. The advisor-policy effect during the phase-in

period and after full implementation of the policy offsets the overall effect of advisors, suggesting

that advisors have more or less adjusted the DSTI of loans to market standards (Figure 8, panel c).

There is only a small additional negative impact of the policy on the maturity of mediated loans,

and only at the lower end of the distribution. This potentially reflects the fact that advisors were

continually mediating loans with the largest possible maturities throughout the whole sample.
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Figure 8: Quantile effects of Decree 1 policy on selected loan outcomes (+/− 2Q sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 2Q sample refers to the estimation period including all loans granted from 2 quarters before the announcement
of Decree 1 to 2 quarters after the full implementation of DSTI tightening of Decree 1. The pre-announcement period
is the reference category for the policy related variables. 95 % confidence bands estimated from 1000 bootstrap
replications are represented by the light-colored areas. The red line indicates the zero effect threshold.

During the time of Decree 2 policy implementation, the effect of advisors was significantly positive

especially in the lower quantiles of LTV, DTI and granted amounts, demonstrating that advisors are

generally targeting larger loans (Figure 9, panel a). As a result of bunching, we observe increased

volatility of the effects in the LTV quantiles referring to the regulatory limits. The significant

positive effect of the Decree 2 policy during the announcement period, and especially the positive

effect at the upper end of the distributions confirm the presence of front-loading behavior (Figure 9,

panel b). The impact of the policy implementation (phase-in and full implementation) is in general

positive and stronger in case of the lower quantiles, gradually turning weaker and below the average

impact when reaching higher quantiles. This means that the higher increase in the volume of loans,

LTV and DTI after the policy implementation happened in the part of the distribution below the

implemented limits, pushing this part of the distribution to the right, closer to the regulatory burden.

Naturally, the part of the distribution being closer to the limits or above was affected less strongly or

even negatively. We observe different impact of the policy implementation on mediated loans mostly

at the highest quantiles, indicating that the policy was even more restrictive for advisor-mediated
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loans (Figure 9, panel c).

Figure 9: Quantile effects of Decree 2 policy on selected loan outcomes (+/− 2Q sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 2Q sample refers to the estimation period including all loans granted from 2 quarters before the announcement
of Decree 2 to 2 quarters after the full implementation of Decree 2. The pre-announcement period is the reference
category for the policy related variables. 95 % confidence bands estimated from 1000 bootstrap replications are
represented by the light-colored areas. The red line indicates the zero effect threshold.

Regarding Decree 3, we see almost no significant effect of advisors, either before or after the policy

announcement. The policy had an equally negative impact on all loans after the implementation,

shifting practically the whole distribution of DSTI to the left, below the introduced limit of 60%.

Not surprisingly, we observe the strongest effects in the highest quantiles. Additional results from

Appendix G show that the policy had an indirect negative impact not only on LTV and DTI, but

also on the amount of larger loans (approximately above 40th percentile).
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Figure 10: Quantile effects of Decree 3 policy on selected loan outcomes (+/− 2Q sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of DSTI. The +/− 2Q sample
refers to the estimation period including all loans granted from 2 quarters before the announcement of Decree 3 to
2 quarters after the full implementation of Decree 3. The pre-announcement period is the reference category for the
policy related variables. 95 % confidence bands estimated from 1000 bootstrap replications are represented by the
light-colored areas. The red line indicates the zero effect threshold.

The results of the quantile regressions extend the findings of the OLS regressions and explain

more complex effect of advisors as well as different effects of policy changes on the distribution of

loans, including the bunching at the regulatory thresholds.

Moreover, these results revealed an interesting additional information about the effect of the

Decree 2 policy. The LTV and DTI limits were designed to cut off the riskiest loans and thus

mitigate the fast growth of loans through the upward pressure on loan volumes. However, it seems

that the market compensated this missing mass by producing more loans still below, but closer to

the limits. Moreover, the window between the announcement and implementation of the policy was

used to front-load with loans exceeding these limits.

5.3 The impact of policy announcement on the joint distribution of the main

risk parameters

The two most widely acknowledged parameters affecting the riskiness of the mortgage loans are

LTV and DSTI, LTV having more an impact on loss given default and DSTI on the probability

of default. Naturally, loans with high DSTI combined with high LTV are deemed most risky from

a financial stability perspective. Therefore, in Table 7 we show the joint distribution of these two

ratios at the loan level before and after the policy announcement. It is evident that a significant

proportion of loans have LTVs ranging between 70% and 90%, distributed across various DSTI

levels.
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Table 7: Joint distribution (in %) of DSTI and LTV before and after the policy announcement

LTV
≤ 40% (40%,50%] (50%,60%] (60%,70%] (70%,80%] (80%,90%] > 90% Sum

DSTI

≤ 30% Before 3.01 1.26 1.24 1.75 4.31 2.11 0.40 14.07
After 3.12 1.50 1.51 2.12 7.07 2.11 0.09 17.52

(30%,40%] Before 1.80 1.31 1.14 1.41 3.88 2.69 0.80 13.04
After 1.71 0.99 1.12 1.78 6.00 2.92 0.19 14.71

(40%,50%] Before 1.88 1.27 1.26 1.74 4.19 3.65 1.10 15.09
After 1.59 1.04 1.24 1.95 6.98 4.04 0.31 17.14

(50%,60%] Before 1.70 1.06 1.29 1.58 4.54 4.23 1.52 15.91
After 1.43 0.97 1.37 2.08 7.11 4.61 0.39 17.95

(60%,70%] Before 1.29 0.96 1.12 1.57 3.97 4.49 1.62 15.03
After 1.13 0.85 1.08 1.71 5.36 3.82 0.44 14.39

(70%,80%] Before 1.38 0.96 0.92 1.31 3.76 4.42 0.87 13.63
After 1.29 0.94 1.20 1.74 4.83 3.50 0.34 13.83

> 80% Before 1.84 1.04 1.38 1.74 4.54 2.39 0.29 13.23
After 0.76 0.37 0.44 0.55 1.76 0.51 0.07 4.46

Sum Before 12.91 7.87 8.34 11.11 29.19 23.98 6.61
After 11.04 6.65 7.95 11.91 39.11 21.51 1.83

Notes: The table shows the joint distribution of loans granted before the announcement of the policy in contrast
with the joint distribution of loans granted after the announcement of the policy. The sample includes all loans
granted from 2 quarters before the announcement to 2 quarters after the full implementation of the policy. The
policy refers to the Decree 2.

Figure 11 presents a heatmap illustrating the changes in the joint distribution, comparing the

distributions before and after the policy announcement. There was a noticeable shift of the dis-

tribution closer to the LTV limit of 80% across a wider range of DSTI brackets. The largest drop

was in the share of loans with DSTI above 80% due to the ongoing DSTI tightening of Decree 1.

Naturally, notable drop occurs also in the share of loans exceeding the imposed LTV limit of 90%.

In general, the policy has led to the sizeable mass of loans being collected from both ends of the

LTV distribution and concentrated around the new 80% threshold. Importantly, this rearrangement

is relatively uniform across the whole DSTI distribution (below the 80% threshold).
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Figure 11: Changes in the joint distribution of DSTI and LTV in percentage points after the policy
announcement

Notes: The figure shows the p.p. changes in joint distribution of loans granted after the announcement of the policy
in contrast with the joint distribution of loans granted before the announcement of the policy. The sample includes
all loans granted from 2 quarters before the announcement to 2 quarters after the full implementation of the policy.
The policy refers to the Decree 2.

5.4 Heterogeneity across borrower characteristics

We conduct subsample estimations to understand how financial advisors and policies affect different

borrower groups. Therefore we divide the sample by characteristics such as income, age, education,

income source, and gender. Figure 12 reveals that financial advisors positively influence LTV,

DTI, granted amounts, and loan maturities across all borrower subsamples. The effect is especially

pronounced for older borrowers, indicating higher susceptibility to advisor influence, whereas it is less

significant for self-employed borrowers and borrowers with income from other sources. Advisors also

notably increase DSTI ratios for higher-income and more-educated borrowers, suggesting targeted

negotiation of larger loans for creditworthy clients.

36



Figure 12: Effect of financial advisors on different borrower groups

Notes: The figure shows the average effect (with 95% confidence interval) of advisors on selected loan outcomes using
different subsamples of borrowers based on their characteristics. The effects are estimated using equation (1) with
the model specification described in Table 4. The red line indicates the zero effect threshold. The black solid line
with gray area represents the average effect with 95 % confidence intervals obtained from the baseline estimates. The
results are obtained using the full estimation sample period 2013Q1-2022Q4.

Regarding policy impacts, Figure 13 shows that the DSTI tightening under Decree 3 dispropor-

tionately affected lower-income, less-educated, self-employed borrowers and borrowers with other

source of income, reflecting a regressive policy impact. Additionally, significant frontloading was

observed before Decree 2 implementation, particularly among younger, less-educated, and lower-

income borrowers, suggesting they might have tried to secure loans before stricter regulations took

effect. Advisors amplified this behavior, mainly among higher-income, more-educated and self-

employed borrowers. Furthermore, advisors were also linked to extending loan maturities post-

Decree 1, particularly for older borrowers, as a response to regulatory constraints. We provide

extended results for all estimated effects in Appendix F.
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Figure 13: Selected effects of policy on different borrower groups

Notes: The figure shows the average effect (with 95% confidence interval) of policies on selected loan outcomes using
different subsamples of borrowers based on their characteristics. The effects are estimated using equation (1) with
the model specifications described in Table 5 and Table 6. The red line indicates the zero effect threshold. The
black solid line with gray area represents the average effect with 95 % confidence intervals obtained from the baseline
estimates. In the case of Decree 1, we consider the full implementation of the DSTI tightening. The results are
obtained using the sample of loans granted from 2 quarters before the announcement to loans granted 2 quarters
after the full implementation of the respective policy.

5.5 Heterogeneity analysis and robustness checks

As a crucial robustness check, we balance the covariates of mediated and non-mediated loans, those

before and after the policy announcement, as well as those granted during four different stages of

policy implementation separately. Figure 14 demonstrates the effectiveness of our preferred method,

the inverse probability of treatment weighting based on propensity scores estimated by a machine

learning generalized boosted models approach, in achieving covariate balance between mediated and

non-mediated loans for the full estimation sample (2013Q1-2022Q4). A similarly successful balance

has been achieved between loans granted before and after the announcement of the respective policies

as well as among different stages of the implementation of these policies (see Appendix B for detailed

balance assessment). Following the data balancing procedures, we adopt a doubly robust approach

by retaining the same regression models, inclusive of all controls as detailed in subsection 4.3.
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Figure 14: Effectiveness in achieving covariate balance between mediated and non-mediated loans

Notes: Weights are obtained by inverse probability of treatment weighting using the propensity score estimated with
the generalized boosted models. In case of multinomial variables we plot a generalized form of the standardized mean
difference metric proposed by Yang and Dalton (2012).

Figure 15 shows the estimated coefficients from section 5.1 side by side with coefficients estimated

using doubly robust approaches. Each of the six subfigures includes three specifications of regression

model (1), separated by black solid line. The upper specification presents the coefficients of a loan

being mediated through a financial advisor, without considering the effect of the policy-relevant

variables. In this scenario, the weights are based on balancing covariates between mediated and

non-mediated loans. The middle specification includes the overall effect of policy (i.e., the total effect

of the policy starting with the announcement) as well as the interaction between financial advisors

and the policy. The weights are based on balancing the covariates of borrowers before and after the

announcement of respective policies. The bottom specification splits the overall effect of policy into

separate effects of the policy during different stages of the implementation (announcement period,

phase-in period, full implementation period). In this last specification, the weights are based on

balancing the covariates of borrowers among all stages of implementation of respective policies.

The consistency of the estimated coefficients largely confirms our main findings. The effect of

advisors exhibit high levels of significance and robustness across nearly all outcomes and specifi-

cations. We can thus interpret this consistent evidence, indicating that loans mediated through

financial advisors are associated with higher granted amounts, longer maturities, and elevated risk
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measures (mainly LTV and DTI), as highly robust. This analysis also confirms that the DSTI is

comparable between mediated and non-mediated loans.

On average, DSTI and loan maturity continued in mild increase even after the implementation

of Decree 1. A significant impact of the Decree 2 policy is observed immediately after the announce-

ment, explained by the front-loading of loans with larger volumes and risk measures (LTV and, to a

lesser extent, DTI). The front-loading is even more pronounced in the case of mediated loans, but at

the same time, these loans received a stronger negative hit after the policy was fully implemented.

Finally, the implementation of the Decree 3 policy had a significant negative impact on the average

DSTI of loans, and indirectly on average DTI and LTV as well (see Appendix E), with no significant

difference between mediated and non mediated loans. However, it should be emphasized that the

quantile regressions reveal diverse distributional effects that are hidden behind these simple average

effects.

Appendix E provides doubly robust estimates for wider samples (+/− 1Y), including additional

results for all loan outcomes and policies considered. Estimates using wider samples are robust to

selection bias as well. In several cases, however, the policy-related coefficients are notably differ-

ent from the baseline results. Nonetheless, these differences are to a large extent driven by the

interference of different policies when using wider samples.
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Figure 15: Effects of financial advisors vis-a-vis policy announcement on loan outcomes with doubly
robust approach

Notes: The figure shows the average effect (with 95% confidence interval) of advisors and policies on selected loan
outcomes using different samples and specifications of equation (1). The specifications are separated by a horizontal
black solid line. The top, middle and bottom specifications refer to specifications described in Tables 4, 5 and 6
respectively. Weighted samples are obtained by inverse probability of treatment weighting using the propensity score
estimated with the generalized boosted models. In the top specification, the sample is balanced between mediated
and non-mediated loans. In the middle specification, the sample is balanced between loans granted before and after
the policy announcement. In the bottom specification, the sample is balanced among stages of policy implementation
(pre-announcement period, announcement period, phase-in period, full implementation period). In the case of Decree
1, we consider the full implementation of the DSTI tightening for DSTI and loan maturity. The full estimation sample
period is 2013Q1-2022Q4. +/− 2Q denotes subsamples of loans granted from 2 quarters before the announcement to
2 quarters after the full implementation of the policy. The pre-announcement period is the reference category for the
policy-related variables. The red line indicates the zero effect threshold.
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6 Conclusions

Our study offers valuable insights into the complex dynamics of mortgage lending and the effective-

ness of macroprudential policies, focusing on a market characterized by active implementation of

borrower-based measures and a significant presence of financial advisors.

We find robust evidence that mortgages mediated through financial advisors are granted with

higher amounts and elevated risk parameters, such as LTV and DTI. Extending the maturity of

these loans enables advisors to facilitate loans with monthly installments comparable to those of non-

mediated loans. The impact of borrower-based measure tightening is ambiguous, largely depending

on the design, restrictiveness, and structure of the mortgage market.

The tightening of the DSTI, combined with the maturity cap introduced in 2017, occurred during

a period of increasing loan maturities and rising riskiness, particularly in terms of higher debt service.

The relatively low restrictiveness of the limits (as only a very small proportion of loans had been

granted above these thresholds prior to the policy) allowed these parameters to increase further.

One possible explanation is that, once informed of the “safe space” defined by the regulator, agents

in the mortgage market (borrowers, advisors, and banks) adjusted their preferences towards higher

values, which had been less utilized before the policy. In contrast, the more restrictive tightening

of the DSTI in 2020, from 80% to 60%, had a strong negative impact not only on DSTI but also

indirectly on DTI, and to some extent on LTV and loan amounts granted.

The announcement of LTV and DTI tightening in 2018 led to an immediate increase in the

granted amount, LTV, and DTI on average. More interestingly, the significant positive effect per-

sists even at the highest quantiles of the distributions of the considered loan outcomes. This can

be explained by the phenomenon of front-loading, i.e., increased demand for loans potentially sur-

passing the limits once they become binding. Front-loading behavior is even more pronounced for

mediated loans, emphasizing the importance of mortgage market specifics in macroprudential pol-

icy transmission. At the same time, mediated loans were more negatively affected after the policy

was implemented, as they already had higher values of LTV, DTI, and loan volumes prior to the

tightening.
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Average effects often mask significantly different reactions across various parts of the loan dis-

tribution. We document a positive impact of the LTV and DTI tightening implemented in 2018

in the lower quantiles of the distributions for LTV, DTI, and granted amounts, and, in contrast, a

negative impact in the upper quantiles. This suggests that while the policy successfully dampened

the production of the riskiest loans, as intended, it indirectly led to the production of loans with

parameters still below but closer to the established limits.

Effective policy design requires a granular analysis of country-specific loan distributions and

processes. Our study emphasizes the importance of leveraging detailed microdata to tailor policies

accurately and avoid unintended consequences. Future research may focus on longitudinal studies

to explore post-granting dynamics and the longer-term impacts of macroprudential interventions on

mortgage markets.

In summary, our findings enhance the understanding of the interplay between policy interven-

tions, borrower behavior, and market dynamics in the mortgage lending sector. By highlighting

these complexities, our research provides valuable insights for policymakers and stakeholders in

their efforts to promote financial stability and sustainable lending practices.
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Appendix

A Description of variables

Table A.1: Description of variables used in empirical analysis

Outcome
variables

Granted amount The granted amount of the loan (in Eur)
Maturity Maturity of the loan (in years)
LTV Loan-to-value ratio
DTI Debt-to-income ratio
DSTI Debt service-to-income ratio

Treatment
variables

Advisor =1 if loan was mediated via advisor
BBM The stage of the policy implementation (period before

announcement, period between announcement and implementation,
phase-in period, period after full implementation)

Loan
parameters

Interest rate Loan interest rate (in % p.a.)
Collateral Collateral value (in Eur)

Borrowers’
socio-economic
characteristics

Income Total income of all borrowers (in Eur)
Financial assets Sum of borrowers’ deposits at the granting bank (in Eur)
Another HL =1 if at least one of the borrowers has another

housing loan
Another CL =1 if at least one of the borrowers has another

consumer loan
Children Number of borrowers’ children (0,1,2,3,4 and more)
Co-borrower =1 if there is a co-borrower in the loan-contract
Income source Income source of the highest earning borrower

(employed, self-employed, other)
Education Highest achieved education among borrowers

(university education, at most secondary education)
Age Average age of borrowers (in years)
Gender Gender of the highest earning borrower

Market
characteristics

Bank The origin of the loan contract (12 banks)
Region Region of the collateral (8 regions)
Quarter 2013Q1–2022Q4 (40 quarters)
Month of year January–December (12 months)

Notes: All values are measured at the time the loan is granted.
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B GBM tuning and balance assessment

GBM tuning

The model has several parameters (called hyperparameters), that determine the performance of

the model. In order to select the best model we perform grid search across the model’s main

hyperparameters21. Empirical papers indicate, that using balance metrics for model evaluation

rather than using fit accuracy yields better results of covariate balance (see, e.g., Griffin et al.,

2017). Therefore, we pick the model with the lowest maximum of absolute standardized mean

differences across all covariates (and, in case of multiple treatment setup, also across all pairwise

group comparisons) achieved in subsequently weighted sample.

Balance assessment

To assess whether the populations are sufficiently balanced without major changes in the sample

properties, we use a combination of the distribution overlap plots, various balance metrics and the

effective sample size measure.

It is difficult to visually assess the overlap of a joint distribution of covariates in high dimen-

sions. Therefore, we follow the common practice and compare the empirical distributions of our

target populations in terms of estimated propensity scores to assess the similarity between these

populations before weighting.

The balance achieved after weighting is assessed using various balance metrics. As a baseline,

we use the most common metric – (absolute) standardized mean difference (SMD) – which assesses

the balance of each covariate in terms of their means.22 In addition to computing SMDs only on the

covariates themselves, we also compute them on their squares (in case of continuous variables) and

pairwise interactions to introduce a multivariate dimension into the assessment. As a supplement

to SMD we use another commonly used metric – the Kolmogorov-Smirnov statistic (KS) – which

represents the maximum difference of covariates’ empirical cumulative distribution functions be-
21Number of trees, depth of trees, minimum number of observations in each node, learning rate, the fraction of

the data used in growing the trees in subsequent iterations.
22In case of categorical variable the balance in each level.
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tween treatment groups23 To not to miss any potentially important information about the resutling

balance, we compute both mean and maximum SMD and KS across all covariates.24 The most

commonly used thresholds in the literature are 0.1 for SMD and 0.05 for KS. However, these limits

are considered as a rule of thumb rather than being supported by any theory. In general, the closer

to the zero, the better.

Unfortunately, a balance achieved with IPTW comes at a cost of increased sampling variance.

We measure this “cost of balance” using effective sample size (ESS):

ESSd =
(∑N

i=1Di[d]wi)
2

∑N
i=1Di[d]w2

i

, (5)

for treatment d, where weights wi are obtained from equation (4). ESS in relation to number of

observations (N) gives an information about the disparity of estimated weights in the treatment

group, leading to potential loss in precision and statistical power. Low ESS relative to N indicates

that small number of observations received very large weights.

Figure B.1 compares propensity score distributions of mediated and non-mediated loans, Figures

B.2 and B.3 compares propensity score distribution of loans granted before and after the policy

announcement and Figures B.4 and B.5 compares propensity score distributions of loans granted

in different stages of the policy implementation (for each stage separately). All distributions seem

to overlap sufficiently, only one case could be the subject of concern – loans granted during the

announcement period of the Decree 2 (+/− 2Q sample). It seems that these loans are substantially

different from loans granted in other stages of policy implementation (see B.4, panel c).

Tables B.1 and B.2 summarize the balance and the cost of balance achieved with IPTW in each

combination of sample and treatment variable considered in our empirical analysis. The balance

of the covariates between treatment groups improved singnificantly after weighting, both in terms

of their mean differences and the distribution distances. The values of all balance metrics fell

well below the acceptable thresholds. Generally, GBM captures also higher order relationships

among variables, resulting in a very small SMD across squares and interactions as well as very low
23For categorical variables, the KS statistic is reported as the difference in proportions for each level of the variable.
24We use R software package cobalt (Greifer, 2024).
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distributional differences of covariates.

As expected from the distribution plots, the fact that loans granted during the announcement

period of the Decree 2 (+/− 2Q sample) are very different from loans granted at other stages of the

policy implementation (in terms of pre-treatment covariates) led to the ESS being almost halved

compared to N (originally N = 14,774, while ESS = 9,715.62). We observe a similar hit to the ESS

for loans granted before the announcement of the DSTI tightening of Decree 1 (for both single and

multiple treatment setup and for both +/− 2Q and +/− 1Y samples). Apart from this, we do not

observe any notable differences between N and ESS that could indicate the possible presence of

extreme weights.
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Figure B.1: Empirical propensity score distributions (mediated vs. non-mediated loans)

Notes: The figure shows the distribution of the probability of a loan being mediated. The orange color is assigned
to mediated loans, the blue color is assigned to non-mediated loans. The propensity score is estimated using a
generalized boosted models.

Figure B.2: Empirical propensity score distributions in single treatment setup (+/− 2Q)

(a) Decree 1 – LTV tight. (b) Decree 1 – DSTI tight. (c) Decree 2 (d) Decree 3

Notes: The figure shows the distribution of the probability of a loan being granted after the policy announcement.
The green color is assigned to loans granted after the policy announcemnt, the maroon color is assigned to loans
granted before the policy announcement. The propensity score is estimated using a generalized boosted models.
+/− 2Q denotes subsample of loans granted from 2 quarters before the announcement to 2 quarters after the full
implementation of the policy. Tight. = tightening.

Figure B.3: Empirical propensity score distributions in single treatment setup (+/− 1Y)

(a) Decree 1 – LTV tight. (b) Decree 1 – DSTI tight. (c) Decree 2 (d) Decree 3

Notes: The figure shows the distribution of the probability of a loan being granted after the policy announcement.
The green color is assigned to loans granted after the policy announcemnt, the maroon color is assigned to loans
granted before the policy announcement. The propensity score is estimated using a generalized boosted models. +/−
1Y denotes subsample of loans granted from 1 year before the announcement to 1 year after the full implementation
of the policy. Tight. = tightening.
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Figure B.4: Empirical propensity score distributions in multiple treatment setup (+/− 2Q)

(a) Decree 1 – LTV tightening

(b) Decree 1 – DSTI tightening

(c) Decree 2

(d) Decree 3

Notes: The figure shows the distribution of the probability of a loan being granted at different stages of policy
implementation (panels from left to right refer to the probability of a loan being granted before the policy announce-
ment, between the announcement and implementation of the policy, during the phase-in of the policy and after the
full implementation of the policy respectively). The maroon color is assigned to loans granted before the policy
announcement, the blue color is assigned to loans granted after the announcement and before the implementation of
the policy, the orange color is assigned to loans granted during the phase-in period of the policy and the green color
is assigned to loans granted after the full implementation of the policy. The multiple treatment propensity scores are
estimated using a generalized boosted models. +/− 2Q denotes subsample of loans granted from 2 quarters before
the announcement to 2 quarters after the full implementation of the policy. Tight. = tightening.
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Figure B.5: Empirical propensity score distributions in multiple treatment setup (+/− 1Y)

(a) Decree 1 – LTV tightening

(b) Decree 1 – DSTI tightening

(c) Decree 2

(d) Decree 3

Notes: The figure shows the distribution of the probability of a loan being granted at different stages of policy
implementation (panels from left to right refer to the probability of a loan being granted before the policy announce-
ment, between the announcement and implementation of the policy, during the phase-in of the policy and after the
full implementation of the policy respectively). The maroon color is assigned to loans granted before the policy
announcement, the blue color is assigned to loans granted after the announcement and before the implementation of
the policy, the orange color is assigned to loans granted during the phase-in period of the policy and the green color
is assigned to loans granted after the full implementation of the policy. The multiple treatment propensity scores are
estimated using a generalized boosted models. +/− 1Y denotes subsample of loans granted from 1 year before the
announcement to 1 year after the full implementation of the policy. Tight. = tightening.
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Table B.1: Balance across all covariates and cost of balance in single treatment setup

Sample Adjustment mean
SMD

max
SMD

max
SMD
(.2, ×)

mean
KS

max
KS

N or ESS
(Non-mediated)

N or ESS
(Mediated)

Full sample Observed 0.0538 0.4221 0.4221 0.0185 0.1820 145,710 211,374
Weighted 0.0010 0.0061 0.0292 0.0003 0.0026 123,238.00 192,981.90

N | ESS
(Before ann.)

N | ESS
(After ann.)

Decree 1 – LTV tightening (+/− 2Q) Observed 0.0480 0.2350 0.2650 0.0212 0.0912 13,786 40,210
Weighted 0.0041 0.0361 0.0616 0.0017 0.0082 11,853.88 39,508.89

Decree 1 – LTV tightening (+/− 1Y) Observed 0.0521 0.3091 0.3600 0.0230 0.1203 24,280 60,577
Weighted 0.0040 0.0246 0.0554 0.0018 0.0066 20,244.94 59,034.25

Decree 1 – DSTI tightening (+/− 2Q) Observed 0.0586 0.2960 0.3663 0.0270 0.1178 13,786 82,721
Weighted 0.0054 0.0313 0.0630 0.0023 0.0111 9,984.33 81,969.83

Decree 1 – DSTI tightening (+/− 1Y) Observed 0.0554 0.3466 0.4295 0.0259 0.1367 24,280 105,851
Weighted 0.0057 0.0317 0.0652 0.0024 0.0101 17,169.91 104,080.80

Decree 2 (+/− 2Q) Observed 0.0393 0.1156 0.1267 0.0209 0.0897 17,807 83,946
Weighted 0.0051 0.0166 0.0465 0.0024 0.0110 14,827.75 83,339.38

Decree 2 (+/− 1Y) Observed 0.0372 0.1664 0.2032 0.0202 0.0892 34,075 105,556
Weighted 0.0048 0.0150 0.0369 0.0020 0.0054 28,041.40 103,642.10

Decree 3 (+/− 2Q) Observed 0.0180 0.0849 0.1043 0.0090 0.0410 24,399 48,731
Weighted 0.0013 0.0045 0.0197 0.0008 0.0042 23,748.57 48,416.35

Decree 3 (+/− 1Y) Observed 0.0231 0.0989 0.1245 0.0117 0.0494 46,692 72,117
Weighted 0.0010 0.0056 0.0140 0.0006 0.0031 45,541.79 71,373.77

Notes: SMD = (absolute) standardized mean difference; KS = Kolmogorov-Smirnov statistic; .2,× = squares and
interactions. Pooled standard deviation is used as a denominator in SMD calculation. Weighted samples are
obtained by inverse probability of treatment weighting using the propensity score estimated with the generalized
boosted models. N = number of observations in the treatment group; ESS = effective sample size of the weighted
treatment group. Ann. = announcement of the policy. The full estimation sample period is 2013Q1-2022Q4.
+/− 2Q and +/− 1Y denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the
announcement to 2 quarters and 1 year (respectively) after the full implementation of the policy.

Table B.2: Balance across all covariates and all pairwise group comparisons and cost of balance in
multiple treatment setup

Sample Adjustment mean
SMD

max
SMD

max
SMD
(.2, ×)

mean
KS

max
KS

N or ESS
(Pre-ann.)

N or ESS
(Ann.)

N or ESS
(Phase-in)

N or ESS
(Full impl.)

Decree 1 – LTV tightening (+/− 2Q) Observed 0.0776 0.2504 0.3174 0.0333 0.1053 13,786 6,767 15,953 17,490
Weighted 0.0106 0.0201 0.0461 0.0052 0.0158 12,326.89 6,166.34 15,379.51 16,349.38

Decree 1 – LTV tightening (+/− 1Y) Observed 0.0836 0.3342 0.4363 0.0359 0.1350 24,280 6,767 15,953 37,857
Weighted 0.0125 0.0276 0.0558 0.0057 0.0144 20,266.63 5,957.53 14,788.04 35,353.10

Decree 1 – DSTI tightening (+/− 2Q) Observed 0.0862 0.3690 0.4641 0.0412 0.1444 13,786 6,767 53,810 22,144
Weighted 0.0143 0.0372 0.0725 0.0069 0.0189 8,559.78 5,381.52 52,696.67 18,911.48

Decree 1 – DSTI tightening (+/− 1Y) Observed 0.0794 0.3866 0.5013 0.0375 0.1585 24,280 6,767 53,810 45,274
Weighted 0.0108 0.0340 0.0697 0.0057 0.0193 16,983.06 4,993.77 52,607.95 40,126.35

Decree 2 (+/− 2Q) Observed 0.0621 0.1535 0.1902 0.0294 0.0994 17,807 14,774 45,274 23,898
Weighted 0.0106 0.0195 0.0549 0.0056 0.0168 14,642.45 9,715.62 44,403.20 22,894.65

Decree 2 (+/− 1Y) Observed 0.0632 0.2051 0.2220 0.0291 0.0985 34,075 14,774 45,274 45,508
Weighted 0.0089 0.0206 0.0466 0.0046 0.0118 28,658.16 13,600.98 44,091.89 43,652.05

Decree 3 (+/− 2Q) Observed 0.0426 0.1470 0.1521 0.0210 0.0832 24,399 5,331 21,610 21,790
Weighted 0.0080 0.0181 0.0415 0.0044 0.0175 23,316.12 4,682.63 20,942.31 19,533.58

Decree 3 (+/− 1Y) Observed 0.0461 0.1639 0.1685 0.0225 0.0857 46,692 5,331 21,610 45,176
Weighted 0.0106 0.0167 0.0428 0.0052 0.0142 45,344.76 4,350.83 20,723.16 43,771.96

Notes: SMD = (absolute) standardized mean difference; KS = Kolmogorov-Smirnov statistic; .2,× = squares and
interactions. Pooled standard deviation is used as a denominator in SMD calculation. Weighted samples are
obtained by inverse probability of treatment weighting using the propensity score estimated with the generalized
boosted models. N = number of observations in the treatment group; ESS = effective sample size of the weighted
treatment group. Pre-ann. = period before announcement of the policy; Ann. = period between announcement
and implementation of the policy; Phase-in = policy phase-in period; Full impl. = period after full implementation
of the policy. +/− 2Q and +/− 1Y denote subsamples of loans granted from 2 quarters and 1 year (respectively)
before the announcement to 2 quarters and 1 year (respectively) after the full implementation of the policy.
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C Averages and medians over time

Figure C.1: Average and median DSTI over time

Notes: Policies shown in the figure represents the announcement, implementation and phase-in of DSTI tightening
of Decree 1 and Decree 3 respectively.

Figure C.2: Average and median loan maturity over time

Notes: Policies shown in the figure represents the announcement, implementation and phase-in of DSTI tightening
of Decree 1 and Decree 3 respectively.
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Figure C.3: Average and median LTV over time

Notes: Policies shown in the figure represents the announcement, implementation and phase-in of Decree 1 (LTV
tightening), Decree 2 and Decree 3 respectively.

Figure C.4: Average and median DTI over time

Notes: Policies shown in the figure represents the announcement, implementation and phase-in of Decree 1 (LTV
tightening), Decree 2 and Decree 3 respectively.
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D Distributions before and after policy announcement

Figure D.1: Distribution of DSTI before vs. after the announcement of Decree 1 policy

(a) +/− 2Q (b) +/− 1Y

Notes: Red lines represent the distributions of advisor-mediated loans. Blue lines represent the distribution of non-mediated loans. +/− 2Q and +/− 1Y
denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the announcement to 2 quarters and 1 year (respectively) after the full
implementation of the DSTI tightening. Vertical dashed line marks the policy threshold.

Figure D.2: Distribution of loan maturity before vs. after the announcement of Decree 1 policy

(a) +/− 2Q (b) +/− 1Y

Notes: Red lines represent the distributions of advisor-mediated loans. Blue lines represent the distribution of non-mediated loans. +/− 2Q and +/− 1Y
denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the announcement to 2 quarters and 1 year (respectively) after the full
implementation of the DSTI tightening. Vertical dashed line marks the policy threshold. Vertical dashed line marks the policy threshold.
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Figure D.3: Distribution of LTV before vs. after the announcement of Decree 1 policy

(a) +/− 2Q (b) +/− 1Y

Notes: Red lines represent the distributions of advisor-mediated loans. Blue lines represent the distribution of non-mediated loans. +/− 2Q and +/− 1Y
denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the announcement to 2 quarters and 1 year (respectively) after the full
implementation of the LTV tightening. Vertical lines mark the policy thresholds.

Figure D.4: Distribution of LTV before vs. after the announcement of Decree 2 policy

(a) +/− 2Q (b) +/− 1Y

Notes: Red lines represent the distributions of advisor-mediated loans. Blue lines represent the distribution of non-mediated loans. +/− 2Q and +/− 1Y
denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the announcement to 2 quarters and 1 year (respectively) after the full
implementation of the policy. Vertical lines mark the policy thresholds.
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Figure D.5: Distribution of DTI before vs. after the announcement of Decree 2 policy

(a) +/− 2Q (b) +/− 1Y

Notes: Red lines represent the distributions of advisor-mediated loans. Blue lines represent the distribution of non-mediated loans. +/− 2Q and +/− 1Y
denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the announcement to 2 quarters and 1 year (respectively) after the full
implementation of the policy. Vertical dashed line marks the policy threshold.

Figure D.6: Distribution of DSTI before vs. after the announcement of Decree 3 policy

(a) +/− 2Q (b) +/− 1Y

Notes: Red lines represent the distributions of advisor-mediated loans. Blue lines represent the distribution of non-mediated loans. +/− 2Q and +/− 1Y
denote subsamples of loans granted from 2 quarters and 1 year (respectively) before the announcement to 2 quarters and 1 year (respectively) after the full
implementation of the policy. Vertical lines mark the policy thresholds.
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E Additional results of OLS estimates

In this appendix we extend the results from section 5.1 by running regression model using all three

specifications, each considered loan outcome and policy. The results are summarized in Figure E.1.

Each subfigure include three specifications of regression model (1), separated by black solid line.

The upper specification estimates the effect of advisors without considering the effect of the policy-

relevant variables. The middle specification considers the overall effect of policy (i.e., the total

effect of the policy starting with the announcement). The bottom specification splits the overall

effect of policy into separate effects of different stages of the policy implementation (announcement

period, phase-in period, full implementation period). Moreover, the figure serves also as a proof of

robustness of our results, showing the estimates for weighted samples and also for wider samples

(+/− 1 year).
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Figure E.1: The effect of advisors and policy on selected loan outcomes – extended results

Notes: The figure shows the average effect (with 95% confidence interval) of advisors and policies on selected loan
outcomes using different samples and specifications of equation (1). The specifications are separated by a horizontal
black solid line. The top, middle and bottom specifications refer to specifications described in Tables 4, 5 and 6
respectively. Weighted samples are obtained by inverse probability of treatment weighting using the propensity score
estimated with the generalized boosted models. In the top specification, the sample is balanced between mediated
and non-mediated loans. In the middle specification, the sample is balanced between loans granted before and after
the policy announcement. In the bottom specification, the sample is balanced among stages of policy implementation
(pre-announcement period, announcement period, phase-in period, full implementation period). In the case of Decree
1, we consider the full implementation of the DSTI tightening for DSTI and loan maturity, while for LTV, granted
amount and DTI we consider the full implementation of the LTV tightening. The full estimation sample period is
2013Q1-2022Q4. +/− 2Q and +/− 1Y denote subsamples of loans granted from 2 quarters and 1 year (respectively)
before the announcement to 2 quarters and 1 year (respectively) after the full implementation of the policy. The
pre-announcement period is the reference category for the policy-related variables.
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F Extended results of heterogeneity across borrower characteristics

Figure F.1: Effect of financial advisors and policy on different borrower groups

Notes: The figure shows the average effect (with 95% confidence interval) of policies on selected loan outcomes using
different subsamples of borrowers based on their characteristics. The effects are estimated using equation (1) with
the model specification described in Table 5. The red line indicates the zero effect threshold. The black solid line
with gray area represents the average effect with 95 % confidence intervals obtained from the baseline estimates. In
the case of Decree 1, we consider the full implementation of the DSTI tightening. The results are obtained using
the sample of loans granted from 2 quarters before the announcement to loans granted 2 quarters after the full
implementation of the respective policy.
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Figure F.2: Effect of financial advisors and policy on different borrower groups

Notes: The figure shows the average effect (with 95% confidence interval) of policies on selected loan outcomes using
different subsamples of borrowers based on their characteristics. The effects are estimated using equation (1) with
the model specification described in Table 6. The red line indicates the zero effect threshold. The black solid line
with gray area represents the average effect with 95 % confidence intervals obtained from the baseline estimates. In
the case of Decree 1, we consider the full implementation of the DSTI tightening. The results are obtained using
the sample of loans granted from 2 quarters before the announcement to loans granted 2 quarters after the full
implementation of the respective policy.
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G Additional results from quantile regressions

Figure G.1: Quantile effects of Decree 1 policy on selected loan outcomes (+/− 2Q sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 2Q sample refers to the estimation period including all loans granted from 2 quarters before the announcement
of Decree 1 to 2 quarters after the full implementation of Decree 1 (for DSTI and loan maturity we consider the full
implementation of DSTI tightening, while for LTV, granted amount and DTI we consider the full implementation
of LTV tightening). The pre-announcement period is the reference category for the policy related variables. 95 %
confidence bands estimated from 1000 bootstrap replications are represented by the light-colored areas. The red line
indicates the zero effect threshold.
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Figure G.2: Quantile effects of Decree 1 policy on selected loan outcomes (+/− 1Y sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes.
The +/− 1Y sample refers to the estimation period including all loans granted from 1 year before the announcement
of Decree 1 to 1 year after the full implementation of Decree 1 (for DSTI and loan maturity we consider the full
implementation of DSTI tightening, while for LTV, granted amount and DTI we consider the full implementation
of LTV tightening). The pre-announcement period is the reference category for the policy related variables. 95 %
confidence bands estimated from 1000 bootstrap replications are represented by the light-colored areas. The red line
indicates the zero effect threshold.
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Figure G.3: Quantile effects of Decree 2 policy on selected loan outcomes (+/− 2Q sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 2Q sample refers to the estimation period including all loans granted from 2 quarters before the announcement
of Decree 2 to 2 quarters after the full implementation of Decree 2. The pre-announcement period is the reference
category for the policy related variables. 95 % confidence bands estimated from 1000 bootstrap replications are
represented by the light-colored areas. The red line indicates the zero effect threshold.
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Figure G.4: Quantile effects of Decree 2 policy on selected loan outcomes (+/− 1Y sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 1Y sample refers to the estimation period including all loans granted from 1 year before the announcement of
Decree 2 to 1 year after the full implementation of Decree 2. The pre-announcement period is the reference category
for the policy related variables. 95 % confidence bands estimated from 1000 bootstrap replications are represented
by the light-colored areas. The red line indicates the zero effect threshold.
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Figure G.5: Quantile effects of Decree 3 policy on selected loan outcomes (+/− 2Q sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 2Q sample refers to the estimation period including all loans granted from 2 quarters before the announcement
of Decree 3 to 2 quarters after the full implementation of Decree 3. The pre-announcement period is the reference
category for the policy related variables. 95 % confidence bands estimated from 1000 bootstrap replications are
represented by the light-colored areas. The red line indicates the zero effect threshold.
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Figure G.6: Quantile effects of Decree 3 policy on selected loan outcomes (+/− 1Y sample)

(a) Advisor (b) BBM (c) Advisor × BBM

Notes: The figure shows the effect of advisors vis-a-vis the policy on the distribution of selected loan outcomes. The
+/− 1Y sample refers to the estimation period including all loans granted from 1 year before the announcement of
Decree 3 to 1 year after the full implementation of Decree 3. The pre-announcement period is the reference category
for the policy related variables. 95 % confidence bands estimated from 1000 bootstrap replications are represented
by the light-colored areas. The red line indicates the zero effect threshold.

71



Index of Working Papers: 
 

January 13,  
2021 

Maximilian Böck,  
Martin Feldkircher, 
Burkhard Raunig 

233 A View from Outside: Sovereign CDS 
Volatility as an Indicator of Economic 
Uncertainty 
 

May 20,  
2021 

Burkhard Raunig 234 Economic Policy Uncertainty and Stock 
Market Volatility: A Causality Check 
 

July 8,  
2021 

Thomas Breuer, 
Martin Summer, 
Branko Uroševic 
 

235 Bank Solvency Stress Tests with Fire Sales 

December 14, 
2021 

Michael Sigmund, 
Kevin Zimmermann 

236 Determinants of Contingent Convertible 
Bond Coupon Rates of 
Banks: 
An Empirical Analysis 
 

February 14, 
2022 

Elisabeth Beckmann, 
Christa Hainz, 
Sarah Reiter 

237 Third-Party Loan Guarantees: 
Measuring Literacy and its Effect on 
Financial Decisions 
 

February 16, 
2022 

Markus Knell, 
Reinhard Koman 

238 Pension Entitlements and Net Wealth in 
Austria 
 

May 9,  
2022 

Nicolás Albacete, 
Pirmin Fessler,  
Peter Lindner 

239 The Wealth Distribution and Redistributive 
Preferences: Evidence from a Randomized 
Survey Experiment 
 

June 20,  
2022 

Erwan Gautier,  
Cristina Conflitti, 
Riemer P. Faber,  
Brian Fabo,  
Ludmila Fadejeva, 
Valentin Jouvanceau, 
Jan-Oliver Menz, 
Teresa Messner, 
Pavlos Petroulas,  
Pau Roldan-Blanco, 
Fabio Rumler,  
Sergio Santoro,  
Elisabeth Wieland, 
Hélène Zimmer 
 

240 New Facts on Consumer Price Rigidity 
in the Euro Area 

June 29, 
2022 

Svetlana Abramova, 
Rainer Böhme,  
Helmut Elsinger, 
Helmut Stix 
 

241 What can CBDC designers learn from 
asking potential users? Results from a 
survey of Austrian residents 
 



July 1, 
2022 

Marcel Barmeier 242 The new normal: bank lending and  
negative interest rates in Austria 
 

July 14, 
2022 

Pavel Ciaian,  
Andrej Cupak,  
Pirmin Fessler,  
d’Artis Kancs 
 

243 Environmental-Social-Governance 
Preferences and Investments in Crypto-
Assets 
 

October 18,  
2022 

Burkhard Raunig, 
Michael Sigmund 

244 The ECB Single Supervisory Mechanism: 
Effects on Bank Performance and Capital 
Requirements 
 

April 5,  
2023 

Norbert Ernst, 
Michael Sigmund 
 

245 Are zombie firms really contagious? 

May 8, 
2023 

Richard Sellner, 
Nico Pintar, 
Norbert Ernst 
 

246 Resource Misallocation and TFP Gap 
Development in Austria 
 

September 5, 
2023 

Katharina Allinger, 
Fabio Rumler 
 

247 Inflation Expectations in CESEE:  
The Role of Sentiment and Experiences 

October 16,  
2023 

Pietro Saggese,  
Esther Segalla,  
Michael Sigmund,  
Burkhard Raunig, 
Felix Zangerl,  
Bernhard Haslhofer 
 

248 Assessing the Solvency of Virtual Asset 
Service Providers: Are Current Standards 
Sufficient? 
 

October 20,  
2023 

Pirmin Fessler, 
Severin Rapp 

249 The subjective wealth distribution: How it 
arises and why it matters to inform policy? 
 

October 27,  
2023 

Burkhard Raunig, 
Michael Sigmund 

250 Watching over 21,000 Billion Euros: Does 
the ECB Single Supervisory Mechanism 
Affect Bank Competition in the Euro Area? 
 

December 5, 
2023 

Markus Knell 251 Housing and the secular decline in real 
interest rates 
 

December 14, 
2023 

Niko Hauzenberger, 
Florian Huber,  
Thomas O. Zörner 

252 Hawks vs. Doves: ECB’s Monetary Policy  
in Light of the Fed’s Policy Stance 
 
 

February 28, 
2024 

Lukas Olbrich, 
Elisabeth Beckmann, 
Joseph W. Sakshaug 
 

253 Multivariate assessment of interviewer-
related errors in a cross-national economic 
survey 



March 5, 2024 Nicolas Albacete, 
Pirmin Fessler,  
Atanas Pekanov 
 

254 The Role of MPC Heterogeneity for Fiscal 
and Monetary Policy in the Euro Area 
 

March 11, 2024 Martin Schneider 255 What contributes to consumer price 
inflation? A novel decomposition framework 
with an application to Austria 
 

April 9, 2024 Konstantin M. Wacker 256 Investment incomes vs. the trade balance:  
Is the current account still a meaningful 
concept? 
 

August 12, 2024 Michael Sigmund, 
Johannes Wächtler, 
Philip Schuster,  
Robert Ferstl,  
Maria Teresa 
Valderrama 
 

257 Take it and leave it: Banks’ balance sheet 
optimization and targeted longer-term 
refinancing operations 
 

August 20, 2024 Maximilian Boeck,  
Alina Steshkova, 
Thomas O. Zörner 
 

258 The Impact of Currency Carry Trade Activity 
on the Transmission of Monetary Policy 

October 3, 2024 Tabea Bucher-Koenen, 
Pirmin Fessler, 
Maria Silgoner 
 

259 Households’ risk perceptions, 
overplacement, and financial literacy 

December 4, 
2024 

Valentin Voith,  
Sandra Mauser 

260 Making Sense of Financial Vulnerability:  
Between Sensitivity, Resilience, and 
Exposure 
 

January 10, 
2025 

Alessandra Agati, 
Michael Sigmund 

261 Banking in the Negative: A Vector Error 
Correction Analysis of Bank-Specific 
Lending and Deposit Rates 
 

January 15, 
2025 

Christian Beer,  
Robert Ferstl,  
Bernhard Graf 

262 Improving disaggregated short-term food 
inflation forecasts with webscraped data 
 
 

January 17, 
2025 

Martin Cesnak,  
Andrej Cupak,  
Pirmin Fessler,  
Ján Klacso 

263 Heterogeneous Impacts of Macroprudential 
Policies: Financial Advisors, Regulatory 
Caps, and Mortgage Risk 
 
 

 


	Cesnak_et_al_2024_OeNB_WP_v2.pdf
	Introduction
	Institutional background
	Financial advisors in Slovakia
	Legislative changes and macroprudential policy implementation

	Data, variables, and estimation sample
	Econometric specifications
	Regression Analysis
	RIF Unconditional Quantile Regressions
	Inverse probability of treatment weighting (IPTW)

	Estimation results
	Baseline results
	Quantile effects
	The impact of policy announcement on the joint distribution of the main risk parameters
	Heterogeneity across borrower characteristics
	Heterogeneity analysis and robustness checks

	Conclusions
	Description of variables
	GBM tuning and balance assessment
	Averages and medians over time
	Distributions before and after policy announcement
	Additional results of OLS estimates
	Extended results of heterogeneity across borrower characteristics
	Additional results from quantile regressions


