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Abstract

We provide a comprehensive analysis of the transmission of macropru-
dential policies aimed at limiting bank risk-taking in residential real
estate. Combining supervisory loan- and security-level data, we exam-
ine the effect of loan-to-income and loan-to-value limits on residential
mortgages issued by Irish banks after February 2015 on household ac-
cess to credit and bank risk-taking. We find that, in response to the
macroprudential policy, banks increase their risk-taking in both corpo-
rate credit and holdings of securities and reduce the rate charged to
high income households who lever up buying expensive properties.
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1 Introduction

Following the recent financial crises, policy-makers throughout the world have been propos-
ing, designing, and implementing several types of macroprudential policies aimed at making
the financial sector less vulnerable to crises (Claessens (2015)). The goal of these rules is
usually to counter an excessive build-up of risk on banks’ balance sheet to maintain financial
stability. However, the literature on the transmission of macroprudential regulation is very
limited. Our goal is to fill this gap.

In this paper, we analyze the transmission of borrower-based macroprudential regulations
that impose restrictions on bank credit supply. The goals of these policies is typically to
limit overly rapid private credit growth and possibly counter ongoing credit fueled asset price
appreciations. In particular, we study the introduction of loan-to-value (LTV) and loan-to-
income (LTT) limits for residential mortgages issued by Irish banks starting in February 2015.
We find that, in response to the introduction of the lending limits, banks (i) reallocated their
mortgage portfolio reducing the rate charged to high income households who lever up buying
expensive properties, (ii) increased their credit supply to risky firms, and (iii) increased their
holdings of risky securities.

The LTT and LTV limits introduced by the Central Bank of Ireland are quantitatively
important as they affect approximately half of the typical mortgage issuance of banks subject
to the regulation. However, the evolution of both issuance volume and LTV and LTT of newly
issued mortgages seemed unaffected by the policy, pointing at a likely reallocation of credit.
Following the implementation of the lending limits, banks in fact increase their issuance
of conforming (i.e., within the lending limits) mortgages to compensate for the fall of non-
conforming (i.e., exceeding the limits) mortgages.

Two transmission channels can explain the increased issuance of non-conforming mort-
gages. The first one is the “borrower adapting” channel. As a result of the policy intro-

duction, a large fraction of households could not obtain the mortgage they wanted anymore.



According to this channel, these borrowers could have fine tuned their mortgage application
to lower their LTV and/or lower their LTI and to qualify under the new rules and effectively
“become conforming” by buying a cheaper house and/or increasing their downpayment. The
second one is the “bank credit reallocation” channel. The introduction of the lending limits
affected approximately half of the typical residential mortgage issuance, mainly driven by the
LTV limits. According to this channel, banks could have changed their residential mortgage
issuance to achieve the same risk exposure under the new constraints.

The two channels have different implications for the time-series evolution of LTV and
LTT for high income households. According to the borrower adapting channel, borrower LTV
and LTT should decrease after the policy introduction as households looking to obtain a non-
conforming mortgage actively lower these ratios to qualify under the new rules. According to
the bank credit reallocation channel, borrower LTV and LTT should increase, especially for
high income household that are far away from the lending limits, as banks try to make-up for
the lost risk exposure. The aggregate evidence supports the credit reallocation channel as
high income borrowers (i) have much lower LTT/LTV compared with low income borrowers
before the policy implementation and therefore have more room to increase these ratios and
(ii) high income borrowers increase their LTI/LTV compared with low income borrowers
after the policy, narrowing the gap between the two groups.

We find that the policy had an heterogeneous effect across income buckets. Low-income
and high-income households after the regulation reduced and increased their LTV on newly
issued mortgages, respectively. In particular, the LTV of the top quintile of the income
distribution increased by 4.4 points and the LTV of the bottom quintile decreased by 4.3
units compared with other quintiles, relative to the pre-policy period. We find similar but
weaker effects for the LTI, consistent with the LTV limit being quantitatively more important
compared to the LTV limit for banks.

Having shown that high income households increase their LTV and LTI after the imple-

mentation date borrowing especially from exposed banks, we show that banks induced high



income households to borrow more lowering their mortgage rates. We find that high income
households were charged 12.5 basis points less than other households after the policy imple-
mentation. This finding is driven by exposed banks, consistent with these banks inducing
high income borrowers to obtain larger loans and buy more expensive properties levering up
to take advantage of the attractive mortgage rates.

We then turn to analyze whether more affected banks change their portfolio choice in the
other two largest asset classes: lending to firms and holdings of securities. Since banks lost
part of their risky mortgage business, it is entirely possible that they might take on more
risk in corporate lending that is not targeted by the regulation. Indeed, we document, that
more affected banks increase their corporate lending more strongly than less affected banks.
This increase is mostly targeted towards riskier borrowers and occurs both in the quantity
(higher loan volumes) and price (lower spreads) dimension.

Banks increase their risk taking also in their holdings of securities. We find that banks
more exposed to the macroprudential intervention increase their holdings of risky (based on
yield) securities compared with less affected banks, after the policy implementation. More
precisely, more affected banks both buy more and sell less securities with higher yields.
Thanks to our security-level data set, in our most conservative estimation we control for
security time varying characteristics (e.g., amount outstanding) and bank time-varying char-
acteristics (e.g., leverage) using security-time and bank-time fixed effects.

Our paper adds to the literature on the impact of macroprudential regulation on bank
lending behavior and financial stability. First, we contribute to the literature on capital
regulation. In the theoretical literature, Begenau (2016) develops a quantitative dynamic
general equilibrium model to analyze the effect of capital requirements on bank lending,
Kashyap et al. (2014) present a full general equilibrium analysis and show the effects of capital
regulation on risk taking, and Elenev et al. (2017) provide a calibrated macro-economic model
to evaluate macro-prudential policy imposing restrictions on firm and bank leverage. In the

empirical literature, Jimenez et al. (forthcoming) investigate the impact of pro-cyclical bank
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capital regulation on loan supply to firms, Aiyar et al. (2014) show that in response to tighter
capital requirements, regulated banks reduce lending, while unregulated banks might even
increase it, Gropp et al. (2016) study the transmission of higher capital requirements to the
real economy and find that banks decrease credit supply instead of raising more equity to
meet the new targets, and Auer and Ongena (2016) find that extra capital requirement on
residential mortgages led to higher growth in commercial lending.

Our paper also contributes to the broader literature on macruprudential tools available
to regulators. Cerutti et al. (2015) study macroprudential measures in 119 countries and
show that LTV and LTT limits are effective. Kinghan et al. (2017) analyze the effect of
the lending limits imposed by the Central Bank of Ireland and find that LTVs fell for both
first time homebuyers and second and subsequent homebuyers. Compared with this paper,
our empirical strategy relies on aggregating the data set at the county-time-income-bank
level and our focus is on financial stability and bank credit reallocation. I[gan and Kang
(2011) find that the introduction of loan-to-value and debt-to-income ratios in Korea led to
a decline in house price appreciation and transaction activity. A second group of papers uses
cross-country evidence to analyze the impact of macroprudential policies on bank activity.
Claessens et al. (2013) analyze the effect macroprudential policies on credit growth and
foreign currency lending limits and Ayyagari et al. (2017) find evidence that macroprudential
policies are associated with lower credit growth, especially for small firms with limited non-
bank financing.

Finally, we also complement the large literature on bank lending and the composition of
credit. Residential mortgage credit is analyzed in Michelangeli and Sette (2016) that show
that weakly capitalized banks offer the lowest interest rate to relatively safer borrowers once
they made an offer. By combining loan and security level registers, our paper relates to
the literature that combines mortgage credit, corporate credit, and holdings of securities

(Carpinelli and Crosignani (2017), Peydro et al. (2017), Chakraborty et al. (2016)).



2 Setting and Data

In this section, we provide some background on the residential mortgage market in Ireland
and its link to financial stability, describe our data set and the lending limits introduced in

February 2015, and provide summary statistics.

2.1 Residential Mortgage Lending in Ireland

In the years leading up to 2000, Ireland experienced a steady economic growth often inter-
preted as a healthy convergence of the “Celtic Tiger” with the rest of the European Union.
However, the surge in output from 2003 to 2007 was of a different type, fueled by a construc-
tion boom financed through excessive bank credit extended to home owners and property
developers Honohan (2010). In the left panel of Figure 1, we show the issuance of residential
mortgages from January 2000 to June 2016 and we observe a stark increase in new mortgages
in the run-up to the financial and sovereign debt crisis. After mortgage issuance collapsed
during the crisis, another stark increase in new issuances began in 2013. In the right panel,
we show that house prices followed a remarkably similar pattern.

At the bust of 2007-08, prices declined sharply and construction activities collapsed. Peak-
to-trough fall in quarterly Gross National Product (GNP) is estimated to be about 17%.! In
addition to the sharp decrease of real estate prices, an increase of unemployment from 4.6%
in 2007 to 13.3% in 2010 left many households unable to service their debt burden Honohan
(2010). This led to losses for banks which consequently experienced severe funding dry-ups.

In September 2008, public funds had to be used in order to recapitalize almost all significant

"rish economic performance is usually measured in relation to GNP rather than GDP as the latter is
artificially higher due to profits of international companies which are transferred to Ireland because of low
corporation tax Honohan and Walsh (2002)).
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Figure 1: Ireland Real Estate Boom-Bust Cycle. The left panel shows the time-series evolution of
aggregate residential mortgage issuance (million euro) from January 2000 to June 2016. The right panel
shows the time-series evolution of the national real estate price index starting in the base year 2005 until
June 2016. In both panels the vertical dashed line indicates the lending limit regulation announcement date.
Sources: Central Bank of Ireland and Central Statistics Office.

credit taking institutions in Ireland (Lane (2011), Acharya et al. (2014)). More specifically,

the gross amount of liabilities guaranteed reached €365 billion, almost 2.5 times GNP.

February 2015 Lending Limits In order to avoid a recurrence of this boom-bust cycle
in the property market, the Central Bank of Ireland introduced new macroprudential rules
aimed at increasing the resilience of banks and households to financial shocks and dampening
the pro-cyclical dynamics between property lending and house prices. In the words of Patrick
Honahan in January 2015, at that time Governor of the Central Bank of Ireland, “What we
are trying to prevent is another psychological loop between credit and prices and credit. If
we avoid that, we can keep banks safe, we can keep borrowers safe.”

The lending limits were announced on February 9, 2015 and became effective immedi-

ately.” In Table 1, we provide an overview of the limitations on loan-to-value (LTV) and

2The lending limits were first proposed in a paper (Consultation Paper 87) published to stimulate dis-
cussion by the central bank on October 7, 2014 and available on the Central Bank of Ireland website (link).
Mortgages issued after February 9, 2015 could exceed the lending limits if approved before February 9, 2015.


https://www.centralbank.ie/docs/default-source/financial-system/loan-to-value-and-loan-to-income-restrictions/gns-2-1-1-1macro-prudential-mortgage-lending.pdf?sfvrsn=6

Regulation

Target Group

| Limits

Allowances for each bank

LTV limits

For primary dwelling
homes:

FTBs: Sliding LTV
limits from 90%*
SSBs: 80%

15% of all new lending
limits

For BTL:

70% LTV limit

10% of new lending above
the BTL limit is allowed

LTI limits

For primary dwelling
homes:

3.5 times income

20% of new lending above
the limit is allowed

Exemptions

From LTV limit
Borrowers in negative
equity

From LTI limit
Borrowers for
investment

From both limits
* Switcher mortgages
* Restructuring of mortgages

in arrears

properties

*A limit of 90% LTV applies on the first €220.000 of the value of a residential property and a limit
of 80 % LTV applies on any value of the property thereafter.

Table 1: Lending Limits. This table provides a summary of the lending limits introduced in February
2015. Source: Central Bank of Ireland.

loan-to-income (LTI) ratios on new originations of residential mortgages. The regulation
takes into account that not all borrower groups are equally risky so that different limits are
imposed. Lending for primary dwelling housing (PDH) is limited to 80% LTV and to an
LTT of 3.5. For First-Time-Buyers (FTB), a more generous LTV limit of 90% is imposed
for houses up to €220,000. For any amount exceeding €220,000, the excess amount over
€220,000 faces an LTV limit of 80%. The measures impose a lower threshold for buy-to-let

(BTL) properties, requiring banks to apply an LTV limit of 70% for this type of loans.?

3In addition to loans that are generally exempted from the rule (last line of Table 1), banks are granted
allowances for each group of borrowers so that they can issue loans exceeding those limits to a small number
of borrowers (column 4 in Table 1). In Figure B.1 in the Appendix, we show the distribution of the lending
limits across the distributions of LTVs and LTIs.



2.2 Data and Summary Statistics

In this section, we describe the data set construction and the empirical framework. The
core of our final data set is the result of combining loan-level information on residential
mortgages and credit to firms, and bank security-level holdings. The loan-level data and
security register are proprietary data sets obtained from the Central Bank of Ireland. In
our final data set, the unit of observation is at the (b, h, f, s,t) level, where b € B is a bank,
h € H is a household, f € F is a firm, s € S is a security, and ¢t € T is a period.

First, we observe loan-level data on the issuance of new residential mortgages to house-
holds at a daily frequency for our period of interest, Jan 2013 to June 2016.* We aggregate
this to (b, h,t) bank-household-month level to observe all outstanding residential mortgages
by the most significant institutions that have to submit loan-level data to the Central Bank
of Ireland.® This covers more than 90% of the domestic mortgage market. The dataset also
contains (h,t) household-month demographic (age, marital status), income, and residential
mortgage credit (first-time or subsequent time buyer, buy-to-let) characteristics.

Second, we observe loan-level data on bank credit to firms at a semi-annual frequency
from June 2013 to June 2016. At the (b, f,t) bank-firm-period level, we observe credit
granted and drawn and the rate charged by bank b to firm f at time ¢. We match this
information with firm characteristics such as county of incorporation, industry, and size. We
observe the borrower rating assigned to each loan from internal rating models of each lender.

Central Bank of Ireland internal mapping scales are used to classify each internal rating into

4This data is a combination of two sources: until 2015, we use the loan-level data whereas the Monitoring
Template Data is used thereafter. The latter has to be submitted to the Central bank of Ireland for regulatory
purposes as prescribed by the macroprudential Regulations introduced by the Central Bank of Ireland on
the 9th February 2015. More information can be found in the appendix.

5Trish banks which received a public bailout are required to report loan-level data. The rest of the
significant mortgage issuers in Ireland submit loan-level data following the encouragement from regulators
and in accordance with data submissions required by the ECB-SSM Comprehensive Assessment in 2013.



Junl4 Decl4 Junl5 Decl5 Junl6
Mortgage-Level Characteristics (credit to households)

LTI 2.53 2.78 2.65 2.56 2.65

LTV 73.22 75.55 76.28 73.06 73.45
Loan Size 179.51 188.97 181.50 183.73 196.37
Collateral Value 266.85 273.91 269.61 287.64 298.02
Maturity 323.13  323.07 329.77 313.98 317.88
Interest Rate 4.35 4.07 3.82 3.68 3.59

Household-Level Characteristics

Income 76.33 81.07 80.46 92.49 85.65
Age 36.38 36.08 35.97 36.83 37.39
Married 47.75 48.03 49.32 56.85 53.31
Employed 87.93 88.13 88.33 88.91 88.98
First Time Buyers  59.56 58.22 60.51 54.01 54.34
Buy-to-Let 2.82 5.90 5.54 7.27 5.42

Loan-Level Characteristics (credit to firms)

Rating 3.34 3.27 3.17 3.07 3.06

Loan Amount 65,639 67,647 65,146 64,027 62,015
Interest Rate 6.70 6.66 6.65 6.66 6.64

Secured 30.49 29.88 29.32 29.03 28.69

Table 2: Summary Statistics. This table shows summary statistics (cross-sectional means) on mortgages
issued at each date. Panel A shows mortgage-level characteristics. Panel B shows characteristics of house-
holds receiving a mortgage. Panel C shows loan-level characteristics of loans issued to firms. All variables
are cross-sectional means. Source: Central Bank of Ireland.

a consistent categorization between 1 and 6. It ranges from 1 (highest quality borrower) to
6 (riskiest borrower). There is one main limitation to the data. In contrast to most credit
registries, we our borrower identifier is consistent within a bank through time, but not across
banks.

Third, we observe bank security-level holdings at a quarterly frequency from January 2011
to June 2016. At the (s, b, t) security-bank-quarter level, we observe each security s identified
by an International Securities Identification Number (ISIN) held by bank b at time ¢t. We
match this information with security characteristics (rating and yield) from Datastream.

Finally, at the (b,t) bank-period level, we observe monthly balance sheet items from the
ECBs Individual Balance Sheet Statistics (IBSI), such as total assets, equity capital ratio.

In Table 2, we present summary statistics. Panel A shows information on mortgages
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granted by our sample banks. Both the average loan size and average value of the property
bought by households increased over time. Interestingly, we do not observe a clear decrease
in either the average LTV or the average LTI, which are both bound by the regulation. Panel
B presents summary statistics about the borrowing households. On average, the income of
households that received a mortgage increased significantly over time. Moreover, the fraction
of first time buyers decreased sharply starting in mid-2015. Panel C shows information on the
corporate loans granted by our sample banks. The numbers show that the average quality
of corporate borrowers improved slightly over time. Moreover, the average loan amount
decreased slightly throughout our sample period. Conversely, we do not see changes in the

average interest rate charged or the fraction of secured loans.

3 Effect on Residential Mortgage Credit

In this section, we illustrate the effects of the mortgage lending limits on the residential
mortgage market. In Section 3.1, we present aggregate evidence on the evolution of mortgage
credit. In Section 3.2, we discuss the transmission channel and the evolution of issuance
across the household income distribution. In Section 3.3, we show that banks reallocated
their mortgage portfolio increasing their exposure to high income households in response to
the policy. In Section 3.4, we show that banks lowered the mortgage rates charged to high

income households to induce them to borrow more and lever up.

3.1 Aggregate Evidence

The lending limits implemented in February 2015 prevented banks from originating high-LTV
and high-LTT residential mortgages. These rules affected a large fraction of the mortgage
market as 49% of residential mortgages issued from January 2014 to January 2015 would

have been affected if the policy was in place during that period. Out of the total €1.9 billion
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mortgages issued by our sample banks in the year before the policy implementation, non-
conforming (i.e., not complying with the new rules) mortgages accounted for €0.93 billion.
The LTV limits affected the largest fraction of the market. LTV-non-conforming mortgages
accounted for €0.75 billion and LTI-non-conforming mortgages accounted for €0.38 billion.
Moreover, 52% of LTI-non-conforming mortgages were also LT'V-non-conforming.

Somewhat surprisingly, while the lending limits affected almost half of the typical resi-
dential mortgage issuance, the pace of originations and the build-up of mortgage credit risk
exposure seem unaffected by the policy. In Panel A of Figure 2, we show the evolution of
mortgage issuance from December 2012 to June 2016. We find that mortgage credit growth
— high since the beginning of 2014 — did not collapse after the implementation of the lend-
ing limits, delimited by the vertical dashed line. This aggregate evidence suggests that an
increase in the issuance of conforming mortgages might have compensated the mechanical
reduction of the issuance of non-conforming mortgages, as banks followed the new rules. In
Panel B, we show the evolution of originations of conforming and non-conforming mortgages
and confirm that the two time-series diverge starting in February 2015.” Panel C and Panel
D show LTV- and LTI-weighted originations of residential mortgages. Again, we observe
that the risk exposure of our sample banks seems unaffected by the lending limits.

We now ask which borrowers were ex ante more exposed to the lending limits. In Table 3,
we divide households that obtain a mortgage in the year prior to the policy in five quintiles
based on their income. The income distribution is negatively skewed as the average income

of the top quintile (€169,098) is almost double the average income of the fourth income

6There were 3,678 LTV non-conforming mortgages and 1,684 LTI non-conforming mortgages issued from
January 2014 to January 2015. The LTT limits alone affected only 882 mortgages worth €184 million during
the same period. In Figure B.2 in the Appendix, we summarize the relative importance of the two limits.

“Note that the issuance of non-conforming mortgages is still strictly positive after the policy implementa-
tion as the new rules allow banks to exceed the limits for a limited fraction of their total monthly issuance.
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PANEL A: Total Mortgage Issuance PANEL B: Conforming/Non-Conforming Issuance

i
2. |
I\ i o
I Q7
= |
o & ' g 3
5 (O
33 | =
S” . 28
= = | IS
E ~— i : o
| o
o i
o | >
: o L T T T L
o | i Dec12 Dec13 Dec14 Dec15
L
Dec12 Dec13 Dec14 Dec15 s Conforming == == Non-Conforming
PANEL C: LTV-Weighted Issuance PANEL D: LTI-Weighted Issuance
o ' Te] '
< 7 | — i
| |
| |
| |
| |
o | | |
(ep] | I
o | 8 |
[0} 1 [0} 1
2 : 2 !
<g - < |
s S
o i 0 | .
o | |
= | |
| |
| |
| |
| |
| |
o l T T T : T o l T T T : T
Dec12 Dec13 Dec14 Dec15 Dec12 Dec13 Dec14 Dec15

Figure 2: Aggregate Residential Mortgage Issuance. This figure shows the evolution of aggregate
residential mortgage issuance of our sample banks from January 2013 to June 2016. Panel A shows total
mortgage issuance (million euro). Panel B shows issuance of conforming (solid line) and non-conforming
(dashed line) mortgages. Panel C and Panel D show LTV-weighted (measured in percentage) and LTI-
weighted (measured in units) monthly mortgage issuance divided by total assets, respectively. In all panels,
thick lines are seasonally adjusted and thin lines are not seasonally adjusted. The vertical dashed lines
indicate the implementation of the lending limits. Source: Central Bank of Ireland.
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Bottom Top

Income Quintiles Unit Q1 Q2 Q3 Q4 Q5
Borrower Characteristics

Income € 32,172 47582 64,559 91,599 169,098
Single % 81.0 61.0 48.2 29.8 24.7
Age Years 34.3 35.1 36.1 37.5 39.8
First-Time Buyer % 82.1 78.6 64.6 41.1 23.6
Buy-to-Let % 1.9 2.3 3.2 4.1 8.8
Non-Conforming % 52.20 44.50 49.98 52.26 46.10
Non-Conforming LTV % 28.83 23.58 39.01 44.77 44.04
Non-Conforming LTI % 38.79 31.51 29.02 2 0.64 4.53
Loan Characteristics

Size € 95,243 126,355 165,847 211,109 260,774
LTV % T4.72%  T479%  T4.8T% 73.82%  70.47%
LTI Ratio 2.85 2.69 2.61 2.39 1.96
House Value € 141,473 179,069 235,442 312,460 444,861
Term Months 326 330 327 317 292
Rate % 4.13% 4.25%  4.22%  4.20% < 4.11%
Distance From Lending Limits (Slack)

LTV Slack % 6.66 5.46 3.50 3.63 5.38
LTT Slack Ratio 0.53 0.73 0.72 0.97 1.26
Normalized LTI & LTV Slack 0.76 0.87 0.89 0.92 1.01

Table 3: Summary Statistics by Household Income. This table shows borrower and loan character-
istics by income quintile during the 12-month period before the policy implementation from February 2014
to February 2015. LTV (LTI) slack is defined as the median distance (in pp) of households in an income
bucket from the applicable LTV (LTI) threshold in the regulation. The combined measure normalizes both
the LTV and LTI slack to have a standard normal distribution and then considers the limit (LTV or LTT)
with less slack as the more binding one. Source: Central Bank of Ireland.

quintile (€92,599). High income households have also lower LTV and lower LTI and tend
to be older and less likely to be single or first-time-buyers compared with lower income
households. Moreover, while approximately half of the households in each income buckets
are non-conforming, high-income borrowers are also more distant from lending limits (have

more “slack”) compared with low income households.®

8Even if they have lower LTV /LTI, high income households are subject to stricter limits because they
are often non-first time buyers. LTV /LTI limits affect more high and low income households, respectively.
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3.2 Transmission Channel

We have shown that, in aggregate, the increased issuance of conforming mortgages compen-
sated for the collapse of non-conforming mortgages after the policy implementation. With
this evidence in mind, we now discuss how the lending limits might have affected the mort-
gage market. Two non-mutually exclusive channels might be at work.

The first one is the “borrower adapting” channel. As a result of the policy, a large
fraction of households could not obtain the (high LTV /LTI) mortgage they wanted anymore.
According to this channel, these borrowers could have fine tuned their mortgage application
to lower their LTV and/or lower their LTI to qualify under the new rules.’

The second one is the “bank credit reallocation” channel. As discussed above, banks
were hit by the regulation as the lending limits prevented them from originating almost half
of their typical mortgages issuance, mainly driven by the LTV limits. According to this
channel, banks could have changed their issuance to make up for the lost high-LTV and
high-L'TT business by actively trying to originate more of these types of mortgages within
the lending limits.

On the one hand, both channels are consistent with the increased issuance of non-
conforming mortgages. Households fine-tuning their loan request could have “switched” from
a non-conforming to a conforming mortgage (borrower adapting channel) and banks could
have actively increased their issuance of conforming mortgages to make-up for the lost non-

conforming mortgage business (bank credit reallocation channel). On the other hand, the

9Given that income cannot be easily manipulated and does not change in the short-term, we can show
that the house value and the downpayment drive LTI and LTV by writing these ratios as:

DownPayment House — DownPayment

LTV =1-— and LTI =

House Income

15



two channels have different implications for the evolution of LTV and LTI. According to
the borrower adapting channel, borrower LTV and LTI should decrease after the policy as
households looking to obtain a non-conforming mortgage actively lower their LTV and LTI
to qualify under the new rules. According to the bank credit reallocation channel, borrower
LTV and LTT should increase after the policy for those households that are more distant
from the lending limits as banks try to make-up for their lost risk exposure.

We now present two figures that provide aggregate evidence of the credit reallocation
channel being at work. In Figure 3, we show the distribution of mortgage issuance in De-
cember 2014 (left) and December 2015 (right) across LTV ratios.! We group mortgages
issued in December based on their distance to the LTV limit. The blue bars indicate con-
forming mortgages (positive distance) and the gray bars indicate non-conforming mortgages
(negative distance). The first three rows correspond to the first three income quintiles and
the last row corresponds to the two bottom income quintiles. We observe that high income
households (top row) are very distant from the lending limits in December 2014 and move
very close to the limits in December 2015. While borrowers in other income quintiles also
obtain mortgages that are just on the right of the lending limits in December 2015, the shape
of their distribution does not change as much.

In Figure 4, we show the time series evolution of LTI and LTV by high income (top
quintile of the income distribution) and low income households (bottom quintile of the income
distribution) from October 2013 to June 2016. We observe that high income borrowers (i)
have lower LTT/LTV compared with low income borrowers before the policy implementation

(consistent with them having more slack to increase these ratios) and (ii) increase their

10We choose to compare December 2014 to December 2015 to account for the seasonality in mortgage
issuance (December is the most active month in the mortgage market). In Figure B.3 in the Appendix, we
show the distribution of LTV and LTT in December 2014 and December 2015.
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Figure 3: Distribution of Distance to LTV Lending Limits, by Borrower Income. This figure
shows the distribution of the distance to the LTV lending limits. Each panel correspond to an income quintile.
Income quintiles are adjusted every month for wage inflation. The bottom panel shows the distribution of
the distance to the LTV limit. The left figures are the share of total mortgage issuance volume. The right

panels are the share of total number of mortgages issued. Grey bars indicate non-conforming mortgages.
Blue bars indicate conforming mortgages. Source: Central Bank of Ireland.
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Figure 4: LTV and LTI, High and Low Income Households. This figure shows the time-series
evolution of value weighted LTV (left) and LTT (right) of mortgages issued to low income (bottom income
quintile, blue line) and high income (top income quintile, red line) households from October 2013 to June
2016. Income quintiles are adjusted every month for wage inflation. Source: Central Bank of Ireland.

LTI/LTV compared with low income borrowers after the policy implementation, narrowing
the gap between the two groups.
We complement the non-parametric evidence above by estimating the following standard

difference-in-differences specification:
MortgageRatiop, = o + BPost; x Q"™ 4 iy, + Ny + €ner (1)

where we aggregate our loan-level data set in income buckets based on twenty percentiles

! Hence, our unit of observation is

obtained from the January 2014 income distribution.!
household income bucket h, county ¢, and month ¢. The sample period includes 24 months
and runs from February 2014 to January 2016. The dependent variables are value weighted

LTV and LTI. The independent variables are a vector of dummy variables ) equal to 1 for

1We adjust our buckets at a monthly frequency for Irish wage inflation using data from the Organiza-
tion for Economic Co-operation and Development (OECD). In Figure B.4, we show the evolution of the
distribution of borrowers’ income during our sample period.
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a specific income quintile (Q1 for the first quintile, Q2 for the second quintile, etc.) and a
Post time dummy equal to one during the 12-month period after the policy implementation,
from February 2015 to January 2016.!* Finally, we saturate the specification with county-
time fixed effects to capture time-varying heterogeneity across counties (e.g., county-specific
mortgage demand) and income bucket fixed effects to capture time-invariant heterogeneity
across borrower income groups (e.g., income group-specific borrowing habit).

In Table 4, we show the estimation results. The dependent variables are LTV and LTI in
the top and bottom panel, respectively. In columns (1)-(5), we include only one interaction
term, therefore comparing one specific income quintile with the rest of the income distribu-
tion. In column (6), we include all interaction terms (omitting Q1 as our base category)
to compare the last four quintiles with a common quintile. We find that the policy had an
heterogeneous effect across the income distribution. Low-income (high-income) households
reduced (increased) their LTV on newly issued mortgages after the regulation. In particu-
lar, the LTV of the top quintile of the income distribution increased by 4.4 points and the
LTV of the bottom quintile decreased by 4.3 units compared with other quintiles, relative
to the pre-period, respectively. Estimates in column (6) confirm the heterogeneous — and
monotonic — effect of the policy. The effect on LTI is asymmetric as only borrowers in the
top income quintile increase their LTT (by 19.1%) compared with other quintiles, relative to
the pre-period. In sum, these results support the bank credit reallocation channel as high
income households increase their LTV and LTI after the policy implementation. Moreover,
the stronger results for the LTV are consistent with the LTV limit being more important for

banks in terms of the volume of credit, compared to the LTT limit.

12During the post period, banks could have issued mortgages exceeding the lending limits if these mortgages
were approved before February 9, 2015. The incidence of these mortgages goes progressively down during
the post period.
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PANEL A LTV
Post x Q1 -4.340%**
(0.935)
Post x Q2 -2.703*** 1.344
(0.888) (1.174)
Post x Q3 0.739 4.035%**
(0.757) (0.883)
Post x Q4 3.101%*** 5.967*F**
(0.730) (0.839)
Post x Q5 4.372%HF 7 189%F*
(1.339) (1.751)
County-Time FE v v v v v v
Bucket FE v v v v v v
Observations 7,289 7,289 7,289 7,289 7,289 7,289
R-squared 0.156 0.155 0.154 0.155 0.156 0.159
PaNEL B LTI
Post x Q1 -0.084
(0.053)
Post x Q2 -0.008 0.061
(0.042) (0.065)
Post x Q3 -0.058 0.022
(0.041) (0.055)
Post x Q4 0.003 0.070
(0.041) (0.061)
Post x Qb5 0.191***  (0.229%**
(0.051) (0.067)
County-Time FE v v v v v v
Bucket FE v v v v v v
Observations 7,289 7,289 7,289 7,289 7,289 7,289
R-squared 0.472 0.472 0.472 0.472 0.473 0.473

Table 4: Bank Credit Reallocation, Residential Mortgages. This table presents the results from
specification (1). The sample period includes 24 months and runs monthly from February 2014 to January
2016. The unit of observation is county-month-income bucket. Income buckets are based on twenty per-
centiles obtained from the January 2014 income distribution and adjusted monthly for wage inflation using
OECD data. The dependent variable is value weighted LTV in Panel A and value weighted LTI in Panel B.
The variables Q1 to Q5 are dummy variables equal to one based on household income quintiles. All columns
include county-time fixed effects and income bucket fixed effects. Post is a dummy equal to one from Febru-
ary 2015 to January 2016 (12-month period). Standard errors double clustered at the bucket-county and

month level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Source: Central Bank of Ireland.



3.3 Bank Credit Reallocation

The bank credit reallocation channel is based on the idea that banks react to the policy real-
locating their portfolio to maintain their risk exposure unchanged. This transmission mech-
anism has a clear cross-sectional implication: banks with a larger fraction of non-conforming
issuance in the pre-regulation period should reallocate their mortgage credit more aggres-
sively compared with banks with less non-conforming issuance.

Following this intuition, we measure bank differential exposure to the policy based on
the relative importance of non-conforming issuance during the year before the policy imple-

mentation. In particular, for each bank b, we define the following variable:

Janlb .
i pep1a Non-Conforming Mortgage Issuancey,

Janlb
i rep14 Lotal Mortgage Issuancey,

(2)

Exposure, =

where the numerator is the sum of total non-conforming mortgages issued between February
2014 and January 2015 by bank b and the denominator is the sum, over the same period, of
the entire mortgage issuance by bank b.

In Figure 5, we show the evolution of conforming mortgages issued by high exposure
banks (exposure above median, blue line) and low exposure banks (exposure below the
median, red line). The thin dashed lines show non-conforming mortgages, collapsing for
both groups of banks after the policy implementation. During the year before February
2015, non-conforming mortgages represented 52.5% and 40.1% of total mortgage issuance
for high exposure and low exposure banks, respectively.!® This figure documents that high

exposure banks experience a greater drop in non-conforming mortgage issuance and a greater

IBLTV-non-conforming mortgage issuance represented 43.5% and 28.6% of total issuance for high exposure
and low exposure banks, respectively. LTI-non-conforming mortgage issuance represented 21.4% and 17.8%
of total issuance for high exposure and low exposure banks, respectively.
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Figure 5: Residential Mortgage Credit Issuance, High- Vs. Low-Exposure Banks. The figure
shows the issuance of conforming (solid thick lines) and non-conforming (dashed thin lines) mortgages for
high-exposure (above median exposure) and low-exposure (below median exposure) banks from January 2013
to June 2016. The vertical line indicates the introduction of the lending limits. All time series are seasonally
adjusted. The table on the right shows the average (value weighted) LTV and LTT of high- and low-exposure
banks in the 12-month period before and after the introduction of the lending limits. Source: Central Bank
of Ireland.

increase in conforming mortgage issuance compared with low exposure banks, relative to the
pre-intervention period. The table on the right shows that both groups of banks were able
to avoid reducing their LTT and LTV risk exposure after the introduction of the lending
limits. In sum, the evidence suggests that more exposed banks increased their issuance of
conforming mortgages to compensate their drop in non-conforming mortgages in February
2015.

Having shown non-parametric evidence of cross-sectional variation in bank credit reallo-

cation, we now estimate the following difference-in-differences specification:

Yioent = a+ SPosty X Exposure, + ¥ Xpi—1 + Vp + Nt + €vent (3)

where our unit of observation is bank b, county ¢, household income bucket h, and month ¢.
The sample period includes again 24 months and runs from February 2014 to January 2016.
The key independent variable is the interaction term between a Post dummy equal to one

from February 2015 to January 2016 and the bank-level Exposure variable defined in (2). We
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saturate the specification with county-time fixed effects to capture time-varying geographical
heterogeneity (e.g., county-specific demand for credit), bank fixed effects to capture bank
time-invariant heterogeneity (e.g., specialization in mortgage issuance), and lagged bank
time-varying controls (logarithm of total assets, equity capital ratio, and loans/total assets).

Consistent with the previous subsection, we run our specification in subsamples based
on borrower income quintiles. We show estimation results in Table 5 where each column
corresponds to an income quintile. In Panel A and Panel B, the independent variables are
LTV and LTI, respectively. We find that banks more exposed to the policy reduced their
LTV and LTI compared with less exposed banks in income quintiles Q1 to Q4, consistent
with the lending limits affecting exposed banks more. However, in the top income quintile
(column (5)), more affected banks increased both their LTV and LTI compared with less
exposed banks.!

In Panel C and Panel D, the independent variables are mortgage size and house value
respectively. We find that the top income quintile buys more expensive properties and obtain
larger loans compared with other quintiles after the policy. In Panel E, the independent
variables is total mortgage issuance. We find a reduction in the bottom income quintile by
more exposed banks compared with less exposed banks. Taken together, these results suggest
that banks actively change the composition of their credit in response to the missing business
caused by the regulation.'® Our results suggest that high income households borrow more
aggressively and purchase more expensive properties to increase their LTT and LTT after the

policy introduction.

14Tn Figure B.5 in the Appendix, we show non-parametric evidence consistent with exposed banks driving
high income households LTV and LTI increase in the post-regulation period.
15Tn Table C.2 in the Appendix we show estimates from the triple interaction specification.
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Panel A: LTV

Post X Exposure -83.379%FF  _37.498FF*  _34.329FF*  _25.315%F  31.582FF
(10.964) (9.474) (11.267) (10.207)  (12.659)
Observations 2,359 2,765 2,941 2,612 1,957
R-squared 0.349 0.241 0.266 0.238 0.318
Panel B: LTI
Post X Exposure -1767FF -0.789%FF  _1.596FFF 2. 372%FFF 2 T36%FF
(0.821) (0.232) (0.406) (0.373) (0.709)
Observations 2,359 2,765 2,941 2,612 1,957
R-squared 0.357 0.364 0.431 0.449 0.577
Panel C: Loan Size
Post X Exposure -0.511% -0.392FFF  _0.637FF  -1.245%FF  1.437FF
(0.291) (0.135) (0.276) (0.277) (0.565)
Observations 2,359 2,765 2,941 2,612 1,957
R-squared 0.428 0.348 0.364 0.357 0.412
Panel D: House Value
Post X Exposure 0.379 -0.224 -0.534FFF 1 .540%FF  1.892%%*
(0.294) (0.139) (0.181) (0.226) (0.575)
Observations 2,313 2,729 2,886 2,563 1,891
R-squared 0.439 0.416 0.434 0.437 0.491
Panel E: Issuance
Post X Exposure -0.77TFF -0.373 -0.425 -0.605 0.567
(0.382) (0.228) (0.425) (0.454) (0.532)
Observations 2,359 2,765 2,941 2,612 1,957
R-squared 0.490 0.497 0.583 0.589 0.652
Time-Varying Bank Controls v v v v v
Bank FE v v v v v
County-Time FE v v v v v
Income Sample Q1 Q2 Q3 Q4 Q5

Table 5: Bank Credit Reallocation, Residential Mortgages, Heterogeneity Across Households.
This table shows regressions at the bank-county-income bucket level separately for each quintile of the income
distribution. The dependent variables are the value-weighted LTV (Panel A), and the value-weighted LTI
(Panel B), the logarithm of the average loan size to an income bucket (Panel C), the average house value
(Panel D), and the logarithm of total mortgage volume (Panel E). Exposure is defined in (2), Post is a
dummy equal to one from February 2015 to February 2016. Time-varying bank level controls include the
logarithm of total assets, equity capital ratio, and the ratio of loans to total assets. All control variables
are lagged by one period. Standard errors are double clustered at the bank-county and month level in
parentheses. *** p<0.01, ** p<0.05, * p<0.1. Source: Central Bank of Ireland.
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3.4 Effect on Mortgage Rates

In the last two sections we have shown (i) that high income households increase their LTV
and LTT compared with low income households after the implementation of the lending limits
and (ii) that this borrowing is mainly driven by banks more exposed to the regulation. In
this section, we analyze mortgage rates and show that banks adjusted their pricing to induce
high income borrowers to lever up.

Given that their LTV and LTI increase after the policy implementation, high income
borrowers should, holding everything else equal, pay higher rates in the post-period. To
control for this differential evolution of LTV and LTI across households, we define a dummy
variable High LTV /LTI equal to one if a mortgage is above median in the LTV distribution
and above the median in the LTT distribution, or non-conforming. We then estimate the

following specification in each borrower income quintile:

Yyt = a + BPost; x HighLTV/LTT, + e + fir + €ret (4)

where the unit of observation is county ¢, month ¢, and LTV /LTI bucket r (two buckets, high
and low LTV /LTI) and the dependent variable is the mortgage rate. Again, the period runs
from February 2014 to January 2016 with 12-month pre- and post-periods. We saturate the
specification with county-time and LTV /LTI bucket fixed effects, therefore absorbing the
uninteracted terms. We show estimation results in the top panel of Table 6 where every
column corresponds to an income quintile. We find that (i) households in the top quintile
of the income distribution were charged 12.5 basis points less and (ii) households in the first

three quintile were charged between 11.5 and 14.8 basis points more than other households,
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PANEL A Rate Rate Rate Rate Rate

Post x High LTV/LTI 0.148%** (0.115** 0.131***  0.010 -0.125*
(0.045)  (0.046)  (0.035)  (0.058)  (0.064)
LTV/LTT Bucket FE v v v v v
County-Time FE v v v v v
Observations 1,545 1,810 1,785 1,456 1,349
R-squared 0.458 0.548 0.561 0.483 0.460
Sample Q1 Q2 Q3 Q4 Q5
PANEL B Rate Rate Rate Rate Rate

Exposure x Post x High LIV/LTI  0.051  0.235  0.153 _ 0.709 -0.990%%*
(0.332)  (0.290) (0.241) (0.479)  (0.313)

Bank-Time FE v v v v v
County-Time FE v v v v v
LTV/LTI Bucket-Time FE v v v v v
Observations 2561 3453 4,003 3,133 3,826
R-squared 0.534 0.515 0.494 0.430 0.382
Sample Q1 Q2 Q3 Q4 Q5
Table 6: Bank Credit Reallocation, Residential Mortgage Rates. This table shows estimation

results from specifications (4) and (5) separately for each income quintile. Each column refers to an income
quintile. The unit of observation is month-LTV /LTI bucket-county in Panel A and month-LTV /LTI bucket-
county-bank in Panel B. The dependent variable is the mortgage rate. The dummy variable High LTV /LTI
is equal to one if a mortgage is above median in the LTV/LTI. Exposure is defined in (2), Post is a dummy
equal to one from February 2015 to February 2016. Standard errors double clustered at the county-LTV /LTI
bucket and month (Panel A) and bank-county-LTI/LTI bucket and month (Panel B) level in parentheses.
¥k 5<0.01, ** p<0.05, * p<0.1. Source: Central Bank of Ireland.

respectively.'6
We then ask whether these findings are driven by banks ex-ante more exposed to the
lending limits. To this end, we augment the specification above to exploit bank differen-

tial exposure to the regulation, mirroring specification (3). In particular, we estimate the

16Banks have several ways to influence the rates charged to clients, including offering more fixed or non-

fixed rate mortgages.
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following specification:

Yoot = a+ BExposure, x Posty X HighLTV /LTI, + N + por + &b + Tt + €rver - (D)

where the unit of observation is county ¢, month ¢, LTV /LTI bucket r, and bank b and the
sample period is unchanged. We saturate the specification with stringent fixed effects that
capture all uninteracted terms including bank-time fixed effects, county-time fixed effects,
and LTV /LTI bucket-time fixed effects. In the bottom panel of Table 6, we show estimation
results. We find that the lower rates charged to high income borrowers have been driven by
exposed banks, consistent with these banks inducing high income borrowers to obtain larger
loans and buy more expensive properties levering up to take advantage of the attractive

mortgage rates.'’

4 Effect on Other Asset Classes

Having documented that banks reallocate their residential mortgage portfolio in response
to the macroprudential regulation, we now ask whether the new rules induced them to also
adjust their risk taking in other asset classes not affected by the lending limits. In this
section, we focus on the two other largest asset classes held by banks: corporate loans and

security holdings.

4.1 Credit to Firms

We start by investigating whether banks change their credit supply to firms following the

implementation of the mortgage lending limits. Given that the macroprudential regulation

"In Figure B.6 in the Appendix, we present non-parametric evidence consistent with these estimates.
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is aimed at limiting risk taking in the real estate market, banks might take more risk in other
types of private credit that are not targeted by the regulatory intervention.
To this end, we exploit the corporate loan-level data set collected by the Central Bank

of Ireland. We adapt specification (3) and estimate the following specification:

Yiaclqt =a+ BPOStt X Exposureb + ’Vth—l + 5bc + Nelqt + €belqt (6)

We measure the credit provided by bank b to firms in county ¢, industry [, of quality ¢
in period t, i.e., we group firms into clusters based on their county, industry, and quality
at time t and investigate the lending behavior of banks to a cluster of firms (see Acharya
et al. (2016)). Forming clusters based on county and industry is motivated by the fact that
firms in a particular industry in a particular county share many characteristics and are thus
likely affected in a similar way by macroeconomic developments that might influence credit
demand. Forming clusters based on ratings follows the theoretical literature that shows that
credit quality is an important driver for a firm’s loan demand (e.g., Diamond (1991)).

Note that since we do not have a unique firm identifier across loans, we are unable to
analyze credit extended to the same firm by different banks (Khwaja and Mian (2008)). To
determine the quality of a firm that receives a loan, we use the ratings obtained by the
Central Bank of Ireland.'® This ensures that the rating categories are homogeneous across
banks and our results are not driven by different probabilities of default. More precisely, the
Central Bank of Ireland employs a rating scale from 1 (best) to 6 (worst). We use these
rating categories to divide firms into three quality buckets: high quality (rating 1-2), medium
quality (rating 3-4), and low quality/high risk (rating 5-6).

18These ratings come from the banks’ internal models but are homogenized by the Central Bank of Ireland
by ensuring that the rating classes correspond to similar probabilities of default.
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The dependent variable is either the change in volume of credit (AVOLUME) or the
change in the interest rate charged (ARATFE). Similar to the previous section, we are
interested in the coefficient on the interaction term between the Post dummy and the bank
exposure to the intervention. We include industry-county-quality-time fixed effects to control
for credit demand of firms and other macroeconomic effects that are shared by firms of
similar quality operating in the same county and industry. Moreover, we also include bank-
county fixed effects to capture time-invariant bank-county heterogeneity (e.g., time-constant
heterogeneity in the geographical preference of banks).

We show estimation results in Table 7. In Panel A and B the dependent variable is
change in total volume of credit and change in interest rate charged, respectively. Column
(1) considers the full sample of firms. The estimates document that banks more affected by
the regulation increase their lending volume to corporate clients and decrease the price of
corporate loans. This is consistent with a credit expansion in the corporate loan market in
response to the new lending restrictions in the mortgage market.

In a next step we split our sample firms into risky (rating 5 or 6) and non-risky (rating
1-4) firms and rerun our specification (6) separately for risky and non-risky borrowers. The
estimation results in Columns (2) and (3) show that, while a credit expansion in the cor-
porate sector occurs for both risky, and non-risky borrowers, the effect is economically and
statistically more pronounced towards risky borrowers.

This is confirmed in Column (4) of Panel A, where we employ a triple interaction of our
bank exposure variable with a Post dummy and a dummy for whether the borrowing firms
are risky. The coefficient shows that the increase in loan volume is mostly driven by an
increase towards risky borrowers. Similarly, we find that the decrease in the cost of bank

loans is mostly benefiting risky borrowers (see Panel B of Table 7).
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Panel A: AVOLUME

Total Risky NonRisky Total
Exposure*Post 0.847%*% 2 027H%* 0.299°* 0.258
(0.19) (0.50) (0.17) (0.18)

Exposure*Post*Risky 1.993%**
(0.42)
Exposure*Risky -0.065
(0.23)
Observations 10113 3157 6955 10113
R-squared 0.487 0.480 0.504 0.490

Panel B: ARATFE

Total Risky NonRisky Total
Exposure*Post -0.660%*F*  _1.625%**  _0.191 -0.150
(0.17) (0.42) (0.22) (0.21)
Exposure*Post*Risky -1.722%%*
(0.48)
Exposure*Risky 0.122
(0.30)
Observations 10113 3157 6955 10113
R-squared 0.474 0.510 0.458 0.475
Time-Varying Bank Controls v v v v
Industry-County-Quality-Time FE v v v v
Bank-County FE v v v v

Table 7: Bank Portfolio Reallocation, Credit to Firms. This table shows the estimation results
of specification (6). The unit of observation is bank-industry-county-quality-time. The sample runs at a
semi-annual frequency from 2013H1 to 2016H1. Ezposure is defined in (2) and Post is a dummy equal to
one from 2015H1 to 2016H1. A loan is classified as risky if the rating given by the Central Bank is either
a 5 or worse. Standard errors clustered at the bank-county level in parentheses. *** p<0.01, ** p<0.05, *
p<0.1. Source: Central Bank of Ireland.

4.2 Security Holdings

Having shown that banks more exposed to the mortgage lending limits increase their sup-
ply of conforming mortgages and loans to risky firms compared with less affected banks,
we now turn to analyze how banks adjust their holdings of securities in response to the

macroprudential policy.
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In particular, we take advantage of security-level holdings data'” and examine whether
banks changed their risk exposure in the security portfolio around the introduction of the
mortgage lending limits. We measure the risk of securities using their yield. Following Davis
and Haltiwanger (1992), we define the “net buys” of security s by bank ¢ from time ¢t — 1 to

time ¢ as follows:

Holdingssp — Holdingssp—1
0.5(Holdingssp + Holdingsspi—1)

NetBuyssp = € [-2,2] (7)

where Holdings is the euro value of holdings of security s by bank b at time ¢. Compared to
simple percentage changes, this measure allows us to capture final sales and initial purchases.
The value of NetBuys is always between -2, corresponding to final sales, and 2, corresponding
to initial purchases.

Similar to the analysis of credit reallocation to households and firms, we exploit the cross-
sectional heterogeneity in bank exposure to the lending limits. In particular, we estimate

the following specification:

NetBuysg: = o+ BExposure, x Posty X Yields + Yo + Nt + €spr (8)

where the unit of observation is security-bank-quarter (s,b,t). Our dependent variable is
defined in (7), and our independent variable of interest is a triple interaction term between
bank exposure to the macroprudential policy as defined in (2), a Post dummy equal to one

in the post period, and a measure of the risk of the security.?’

19We obtain data on all security holdings that have an International Securities Identification Number
(ISIN). The sum of these holdings is mostly within 10% of the values in the banks’ balance sheets which is
reassuring regarding the coverage of the data.

20We measure the risk of the security using the yield of the respective securities. Information on yields
are obtained from Thomson Reuters Datastream.
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Net Buys Net Buys Net Buys Net Buys Buys Sells
ExposurexPostxYield 0.0162**  0.0128%  0.0436™** 0.0509*** 0.2251*** -0.1757**

(2.45) (1.74) (3.51) (3.00) (3.10) (-2.16)
Time FE v
Security FE v v
Bank-Time FE v v v v
Security-Time FE v v v v
Observations 8,034 8,034 8,034 8,034 8,034 8,034
R-squared 0.235 0.271 0.943 0.950 0.918 0.914

Table 8: Bank Portfolio Reallocation, Holdings of Securities. This table shows the estimation
results from specification (8). The unit of observation is security-bank-quarter. The sample runs at a
quarterly frequency from 2013Q1 to 2016Q2. The dependent variable is defined in (7). Exposure is defined
in (2) and Post is a dummy equal to one from 2015Q2 onwards. Standard errors clustered at the security-level
in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Source: Central Bank of Ireland.

We saturate our specification with several fixed effects. In our most conservative estima-
tion, we include bank-time fixed effects to capture any time-varying bank heterogeneity and,
security-time fixed effects to capture eventual changes in price and amounts outstanding of
specific securities.

We show estimation results in Table 8. We progressively saturate the regression with more
and more stringent fixed effects. Column (4) includes all the pairs of two-way fixed effects.
The coefficient of interest, stable across specifications, indicates more exposed banks increase
their holdings of risky securities compared to less exposed banks in the post regulation period.
Moreover, in Columns (5) and (6), we explicitly distinguish between the buying and selling
behavior of banks. Buys are defined as the logarithm of the amount of security s bought
by bank b at time ¢, and zero otherwise. Similarly, Sells are defined as the logarithm of the
amount of security s sold by bank b at time ¢, and zero otherwise (see Abbassi et al. (2016)).
We find that banks more exposed to the regulation both buy more and sell less high yield

securities, relative to banks less affected by the regulation.
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5 Conclusion

To be added...
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Appendix A Data Sources

e Data on Lending including loan and borrower characteristics

— Data on mortgages in Ireland and abroad:

% up to Jan 2015: Loan Level Data from the Central Bank of Ireland (Financial
Stability Division)

x Jan 2015 - June 2016: Monitoring Templates from the Central Bank of Ireland
(Financial Stability Division)

— Data on commercial lending in Ireland and abroad: Central Bank of Ireland
(Financial Stability Division)
e Quarterly Security Holdings: Central Bank of Ireland (Statistics Division)
e Monthly Balance Sheets: Individual Balance Sheet Items (IBSI) survey from the ECB

e County-level house prices from daft.ie (https://www.daft.ie/report).

e Regional house prices from Central Statistics Office (CSO) of Ireland

The loan specific characteristics include

e Date of loan origination
e Amount outstanding (current and at origination)
e Interest rate and interest type (current and at origination)

e Data on collateral (location, type, purpose, and value; all at origination)
The borrower specific characteristics (all measured at origination of the loan) include

e Type of Borrower (FTB, SSB, BTL)
e Age, marital status, occupation

e Total household income. For one of our banks, this is missing from 2010-2014 but is
available before and after this period. As we expect heterogeneity in the risk taking
of the different banks in our sample, we cannot just assume that income will be the
same for similar borrowers across banks. Therefore, we use the period where we do
obtain all the data to construct a scalar that measures how income of costumers of this
specific bank behaves differently from all other borrowers. For the period we do not
have income data for this specific bank, we then take the average income of a similar
borrower in terms of loan- and borrower characteristics and multiply it with the scalar.
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Appendix B Additional Figures
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Figure B.1: Distribution of Lending Limits. This figure shows the distribution of the lending limits

in December 2014. The top panel shows the distribution of LTV limits. The bottom panel shows the
distribution of LTT limits. The left figures are the share of total mortgage issuance volume. The right panels
are the share of total number of mortgages issued. In the bottom panel, the shares do not sum to one as
buy-to-let mortgages are exempt from the LTI limit. Source: Central Bank of Ireland.

37



LTV- and LTI-Only Non-Conforming

€196 million
N=802

LTI-Only Non-Conforming

€184 million
N=882

LTV-Only Non-Conforming

€550 million
N=2,876

Conforming
€983 million

N=6,128

Figure B.2: Lending Limits and Pre-Policy Mortgage Issuance. This scheme provides a stylized
view of how many residential mortgages are affected by the lending limits. Volumes (euro million) and
number of loans refer to the 12-month period before the policy implementation. Source: Central Bank of

Ireland.
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Figure B.3: Distribution of Distance to Lending Limits. This figure shows the distribution of the
distance to the lending limits. The top panel shows the distribution of the distance to the LTV limits. The
bottom panel shows the distribution of the distance to the LTI limit. The left figures are the share of total
mortgage issuance volume. The right panels are the share of total number of mortgages issued. Grey bars

indicate non-conforming mortgages. Blue bars indicate conforming mortgages. Source: Central Bank of
Ireland.
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Distribution of Borrowers Income
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Figure B.4: Evolution of Distribution of Borrowers’ Income. This map shows the evolution of the
distribution of borrowers’ income at a semi-annual frequency from December 2013 to June 2016. We group
households that receive a mortgage at time ¢ in buckets of €5,000 from €25,000 to €200,000 on the x-axis.
The y-axis shows the share of total issuance at time ¢ in each bucket. Source: Central Bank of Ireland.
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LTV and LTI, High and Low Exposure Banks, Bottom Income Quintile
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Figure B.5:
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LTV and LTI, High and Low Exposure Banks, Across the Income Distribution.

This figure shows the evolution of LTV (left) and LTT (right) of mortgage issuance by high-exposure (solid line)
and low-exposure (dashed line) banks from July 2013 to June 2016. Each row corresponds to a subsample
based on income quintiles, obtained from the January 2014 income distribution and adjusted monthly for
Irish wage inflation. Source: Central Bank of Ireland.
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Figure B.6: Mortgage Rates, Top Income Quintile Borrowers. This figure shows the evolution of
rates for the top income quintile of borrowers. The top panel shows the evolution of mortgage rates for High
LTV/LTT and Low LTV/LTI mortgages. The bottom panel shows the evolution of mortgage rates for High
LTV/LTI mortgages by high exposure and low exposure banks. A bank has a high exposure (low exposure)
if its exposure calculated using (2) is above (below) median. A mortgage is High LTV/LTI if its either
non-conforming, above median of the LTV distribution, or above median of the LTI distribution. Source:
Central Bank of Ireland.
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Appendix C Additional Tables

Statistics Unit Decl2 Decl3 Decld Declb
Exposed Banks

Total Assets million euro 138,376 126,798 116,752 109,122
Leverage Units 16.7 19.1 19.2 18.1
Domestic Govt Bonds % Assets 4.3 6.3 6.2 6.4
Liquid Assets % Assets 31.7 33.4 32.9 32.5
Loans % Assets 54.4 55.5 58.2 59.5
Non-Exposed Banks

Total Assets million euro 44,825 40,792 34,644 28,194
Leverage Units 374 26.6 29.6 30.0
Domestic Govt Bonds % Assets 0.7 3.2 3.5 4.3
Liquid Assets % Assets 27.7 36.4 44.1 48.0
Loans % Assets 62.9 47.2 46.2 48.5

Table C.1: Summary Statistics, Exposed and Non-Exposed Banks. This table shows summary
statistics (cross-sectional means) for the subsample of high exposure and low exposure banks. A bank has
high (low) exposure if its exposure calculated using (2) is above (below) median. Source: Central Bank of
Ireland.

on loan-to-value and loan-to-income ratios impact borrower leverage and house purchas-
ing decisions?
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