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Abstract

The 2007-2008 financial crisis yielded a significant number of delinquent mortgage
loans, which ordinarily would have faced foreclosure and repossession. However, given the
negative externalities of repossession, policy response has shifted towards forbearance and
mortgage modification, which has led to longer spells in default for delinquent mortgage
holders. It is therefore imperative to move beyond binary models of default towards an
understanding of the factors that drive the depth of default spells. Exploiting a highly
detailed dataset on financially distressed households in Ireland in 2012 and 2013, we are
able to identify the impact of a range of current household-level information, generally
not available in loan-level studies of mortgage default, on the probability of entering early
and deep states of mortgage default. Our results suggest that consumer credit growth,
large mortgage repayments and shocks to employment and incomes should trigger serious
concerns among policy makers regarding subsequent stability in the mortgage market,
with these affordability measures all shown to have differentially large impacts on entry
to deep, relative to early-stage arrears.
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1 Introduction

The importance of the mortgage market to the banking system! and the economy at large cannot be
understated given the central role played by misguided mortgage lending in precipitating the 2007-2008
financial crisis. The fallout from this crisis was a tranche of borrowers with unaffordable loans. Glob-
ally, governments have responded through intervention, for example the Home Affordable Modification
Program (HAMP) introduced in the US, which aimed to minimise the negative externalities associated
with foreclosure (Campbell et al. (2011) , Guiso et al. (2013) and Mian et al. (2011)), and the Central
Bank of Ireland’s MART program.? Remarkably, while there is a large stock of literature investigating
the causes of default, there is scant empirical evidence on the extent to which the group of defaulted
borrowers are heterogeneous in their responses to equity and affordability shocks. An understanding
of these differences is of vital importance in evaluating the likely effectiveness of modification policies
such as HAMP and MART, and in identifying patterns that should trigger concerns for potential
repayment difficulties in the mortgage market.

In this paper we move beyond the typical binary treatment of mortgage default to consider deeper
levels of mortgage default as distinct states.® Specifically, in our baseline model we take a sample
of roughly twenty thousand financially distressed households in Ireland, and model the probability of
default (greater than three missed payments, or ninety days past due) and deep default (greater than
twelve missed payments, or three hundred and sixty days past due) relative to the probability of being
in the early stages of mortgage arrears. We show that our results are not simply explained by the
duration since the onset of a negative economic shock, but that our explanatory factors capture the
ability and willingness of households to repay their mortgage.

The results of our baseline model suggest that households experiencing an unemployment shock
or a divorce have a two percentage point higher probability of deep default.* A ten per cent increase
in the current monthly debt service ratio (DSR) leads to an increase in the probability of deep default
of 0.35 to 0.5 percentage points, suggesting an important role for mortgage affordability. Borrowers’
non-mortgage leverage is also shown to play an extremely important role in driving long-term mortgage
distress, with an one-standard-deviation increase in non-mortgage debts (either measured as a ratio
relative to total debts or relative to income) leading to an increase of between 1 and 3 percentage

points in the probability of deep default. Lower household incomes are also shown to have explanatory

!Jorda et al. (2014) have shown that the relative importance of mortgage lending in the activity of retail
banks has increased unrelentingly since the 1950s, to the point where mortgages represent the majority of bank
lending in most developed economies.

2Mortgage Arrears Resolution Targets.

3See Table A.1 for a classification of the ways in which default is defined in the economics literature.

4The baseline probabilities of default and deep default in the estimation sample are 18 per cent and 16 per
cent, respectively.
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power in the deep default equation. Further, longer mortgage terms and higher mortgage interest
rates are also shown to be associated with higher probabilities of both default and deep default. For
each explanatory variable, the impact on early-stage default is always smaller than the impact on deep
default, and in many cases is not statistically significantly different from zero. These findings provide a
crucial insight for policy-makers designing responses to a mortgage arrears crisis: shocks to borrowers’
ability to repay are crucial drivers of mortgage arrears, and are more likely to lead borrowers to deeper
states of default, where any recovery to full repayments is extremely unlikely.’

In our baseline model, we find no impact of housing equity on the depth of mortgage default.
Recent studies from Gerardi et al. (2013), Guiso et al. (2013) and Bhutta et al. (2010) suggest that
affordability shocks such as unemployment and income shocks are the economically more important
factor in explaining mortgage default, with extremely large falls in housing equity required before
“strategic default” becomes likely.® In a model extension, we estimate the effect of a limited set of
covariates on the depth of default, where the reference category is the full population of truly performing
loans (whereas in our baseline model we focus on loans in arrears due to data availability). This model
estimates that, in order for housing equity to have the same impact on 0-90, 90-360 and 360+ arrears
as a one-standard deviation change in interest rates, our adjusted measure of the household’s Loan to
Value (LTV) position would have to be between 4 and 6 standard deviations higher. The analogous
findings for the impact of self-employed versus salaried borrowers (where the former act as a proxy for
higher income uncertainty and precarity) also suggest affordability is unquestionably more important
in driving deeper mortgage arrears than the housing equity position. Such findings are consistent with
the aforementioned strand of the literature.

The post-2008 economic and policy climate in Ireland provides an ideal environment for a study
that differentiates mortgage defaults according to their depth of arrears. Firstly, the sheer scale of the
mortgage arrears crisis has few historical precedents, with the number of accounts in arrears rising
from roughly 50,000 to 150,000 between 2009 and 2013, with the peak level representing 18 per cent of
all primary residential mortgages (Figure 1a). Further, and more importantly from the point of view
of this study, the composition of households in mortgage arrears has shifted through the crisis, with
half of all accounts in arrears being in arrears of greater than one year (deep default) by end-2013
(Figure 1Db).

This build-up in the number of mortgages in deep default has been caused in part by the significant

"Kelly and McCann (2015b) show that when borrowers have entered into arrears of greater than one year,
the probability of any repayment is below 20 per cent, and falls even lower once borrowers enter arrears of
more than two years.

SStrategic default is generally considered to be a default that is explained by a loan amount that is larger
than the market value of the property (referred to as negative equity, where the loan to value ratio rises above
100 per cent).



Kelly & McCann, Depth of default

policy uncertainty that existed in Ireland between 2009 and 2013. A legal judgment passed in 2009
rendered the repossession of homes in default impossible. Further, due to the scale of the crisis in
Irish banks and public finances, and the state’s role in recapitalizing the country’s main mortgage
lenders, the period was characterised by a high degree of uncertainty around the likely debt write-
downs that might be received by distressed mortgage borrowers. These policy and political factors
led to a situation where properties entered deeper states of mortgage arrears, with no move toward
repossession on the part of lenders. It is highly likely that in jurisdictions with more clarity around

the foreclosure process, a large number of these properties would have been repossessed, thus exiting

the system and placing downward pressure on the aggregate number of accounts in arrears.”
Figure 1: The evolution of Irish mortgage arrears, 2009-2014
(a) Number of mortgages, 2009-2014 (b) Arrears by DPD Category, 2012-2014
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Market size: 760k primary residence mortgages. Source: Central Bank of Ireland; Residential Mortgage Arrears
and Repossessions Statistics

The distinction between deep and early mortgage default has a number of crucial policy dimensions.
Kelly and O’Malley (2014) and McCann (2014) have shown that the depth of mortgage arrears has an
extremely strong negative association with the probability of loan cure (a return to full repayment).
In the case of Ireland, Kelly and O’Malley (2014) show that the probability of loan cure for loans
in default of three months is more than four times larger than the probability for loans in default of
twelve months. These diminished cure probabilities have a number of important implications. From a
prudential perspective, lower cure probabilities, especially if coupled with house price falls must be met
with higher estimates of Loss Given Default (LGD), and subsequently higher loan provisions (Qi and

Xiaolong (2009)). Lower cure probabilities also have social implications through their analogue, which

“In 2014, a large amount of the legal uncertainty around home repossessions was removed, leading to a
heightened threat of repossession facing those in long-term mortgage arrears.



Kelly & McCann, Depth of default

is a higher probability of entry to foreclosure for loans that are not successfully modified. Heightened
foreclosures exert significant distress on the homeowners in question, have negative implications for
house prices in the locality (Gerardi et al., 2012), affecting performance of other local area modifications
(Been et al. (2013)) and place pressure on the public finances through the provision of social housing
for those experiencing foreclosure.

Our paper builds on recent work that has exploited data on current, rather than at-origination
measures of affordability such as household unemployment and income (McCarthy, 2014; Gerardi et
al., 2013). Our study distinguishes itself from this previous work both in the focus on the depth of
mortgage arrears, and in the nature of the dataset under study: both studies mentioned use survey
data of between one and two thousand households, while our data set, on the other hand, contains
information on twenty thousand households, with this information verified and audited by lenders
before being used to assess the obligor’s suitability for a modified mortgage.

The paper proceeds as follows: Section 2 explains our data sources; Section 3 describes our empirical
approach and regression results; Section 5 outlines extensions to the baseline model, while Section 6

concludes.

2 Data

Two data sources are used to construct the file used in our baseline estimation. The first is the
Central Bank of Ireland’s Loan Level Data (LLD). These files contain information on all loans issued
by Irish banks participating in the 2011 Financial Measures Programme (FMP). In the case of the
Irish residential mortgage market, these lenders account for roughly two thirds of the total market,
making this a particularly rich source of data. The data have been explained in detail by Kennedy and
McIndoe-Calder (2012) and used subsequently in a number of mortgage default analyses (Kelly, 2011;
Lydon and McCarthy, 2013; McCarthy, 2014; Kelly et al., 2014). The data are concerned mainly
with the terms of the mortgages, with reliable information on inter alia current mortgage balance,
bank, current interest rate, interest rate type, origination and maturity dates, current loan to value
ratio (LTV), First Time Buyer status (FTB), and property values at origination and at December
2013. Certain characteristics of the borrower are also reported in the data, such as marital status,
geographic location, employment group, income and joint versus single assessment. These variables
are all collected at the mortgage origination date.

As is the case in the majority of studies on mortgage default, the LLD suffers from an important
omitted variable problem, given that current borrower characteristics are relatively scarce in the data.
This problem arises from the fact that, in managing their mortgage portfolios, lenders generally collect

a large amount of information on borrowers at origination in order to inform the credit allocation
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decision, but do not follow up in detail on the borrowers’ circumstances throughout the lifetime of
the loan. This leads to an information gap, whereby most studies of mortgage default do not contain
current information on factors as fundamental to the default decision as current employment status,
income, indebtedness/leverage, household composition or marital status. Many studies of mortgage
default proxy the “labour market” or “affordability” side of the mortgage default decision using regional
economic conditions. Such an approach has been shown by Gyourko and Tracy (2014) to lead to
a significant downward bias in the estimate of the effect of individual labour market outcomes on
mortgage default.

In order to circumvent the information problems associated with the usage of data that focus mainly
on loan and originating borrower characteristics, we exploit the Standard Financial Statement (SFS),
a highly detailed data source on distressed borrowers. The completion of an SFS has been mandatory
for any borrower engaging with their lender with a view to securing an alteration to their mortgage
terms since 2012. In order to form the basis of an assessment of the borrower’s debt sustainability,
the SF'S captures information on inter alia non-mortgage debt exposures, employment status, income,
expenditure patterns, household composition and marital status. Using a unique loan identifier, SF'S
files can be linked to the associated mortgages in the LLD, meaning that an extremely rich data set
on current loan and borrower information can be constructed for 20,645 mortgages.

The way in which the SFS data are collected presents two sources of bias. Firstly, given that by
definition a borrower must be experiencing mortgage repayment difficulty before filling out an SFS
with a bank, performing loans are hugely under-sampled in the SFS data. As a result, this dataset is
not suited to the estimation of a standard default model where loans greater than 90 days past due
are compared to those with no or early-stage arrears. However, where the purpose of the model is to
understand the uniformity of default borrowers and hence predict borrowers’ entry into deeper states
of mortgage default, the SFS provides a wealth of important household balance sheet information,
unavailable at such a scale to any previous study of which we are aware.

The second source of bias in the SFS data relates to the fact that, in order for SF'S information to
be available, the borrower must by definition have engaged with their lender after having experienced
a negative shock. Given the policy context during our sample period discussed in Section 1, it is
entirely plausible that non-engaging borrowers are a non-random sample of the population. Borrowers
who suffered the worst shocks, or who experienced the biggest deterioration in their housing equity
position, may be those that are least likely to engage with their bank.

Table A.2 provides some evidence on the extent of the bias. We compare loans with and without
an SFS for loans in our three in-arrears categories, as well as across all loans in arrears. In making
these comparisons, we are restricted to variables that are available for all loans in the LLD dataset.

When observing the Current Loan to Value Ratio, there appears to be close to no difference between

(@31
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borrowers who have engaged by filling in an SFS and those who have not. The average CLTV among
non-engaged borrowers is 95 across all loans in arrears, while the average for those with an SFS is
97. Borrowers who have filled out an SFS appear to have larger loans at December 2013, with this
difference holding across all arrears buckets. Interest rates are lower among loans with an SFS, with
this difference being driven by a higher share of tracker mortgages among those with an SFS (49 versus
34 per cent). Loans with an SFS appear to be slightly more likely to come from outside Dublin (25
versus 20 per cent). Finally, borrowers’ age appears to have no influence on borrower engagement,
with the average age among SFS and non-SF'S loans being 45.9 and 46.6 years, respectively.

Whereas the LLD is a cross section of the full mortgage book of the four participating banks at
December 2013, entries to the SFS data set vary in their timing. The SFS is filled out at the point of
engagement between borrower and lender, with Table 1 reporting the distribution of SF'S submission

dates. 70 per cent of our observed SFS entries are in the calendar year 2012.

Table 1: Date of application, SF'S data set

Date Count  Share
Q1 2012 2,824 13.7
Q22012 3527 171
Q32012 5,108 24.8
Q4 2012 2,870 13.9
Q12013 2,353 114
Q22013 1,882 9.1
Q32013 1,579 7.6
Q4 2013 502 2.4
Total 20,645

2.1 Dependent Variable

The distribution of the depth of mortgage arrears among the 20,645 mortgages available in the SFS
and LLD data is reported in Table 2. As one would expect given the nature of the SFS data-gathering
process, loans without any arrears are severely under-represented in the SFS data set (84 versus 48
per cent). Given that the SFS data relates solely to mortgages in repayment difficulty, it is instructive
to observe the share in each category among those in arrears across each data set. The columns
Sharea, give the percentage of the non-zero DPD samples in each of our three arrears categories.
Using this measurement, the SFS data appear to match much more closely the patterns observed in
the LLD population data. The under-representation of deep default mortgages in the SFS sample
(31.6 as opposed to 41.5 per cent) suggests that those who engage with their lender by filling out an
SES are less likely to be in deep default.

In our baseline empirical model, we amalgamate all those mortgages with zero to ninety days past

due into an “early distress” category. The intuition for this grouping is that any borrowers filling out

6
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Table 2: Dependent variable, LLD and SFS data sets

LLD SFS
Category DPD Count Share Shareys,, Count Share Sharea,,
Performing 0 224,500 83.71 9,902 47.96
Early Arrears  1-90 12,797  4.77 29.3 3,472  16.82 32.32
Default 91-360 12,751  4.75 29.2 3,874 18.76 36.06
Deep Default  >360 18,141 6.76 41.5 3,397  16.45 31.62
Total 268,189 20,645

the SFS with zero DPD are not “performing” in a similar way to the majority of zero-DPD borrowers
in the full LLD population. Rather, these are borrowers who have engaged with their lender due
to payment difficulty. A three-category multinomial logit model is specified where the probability of

being in default and deep default is modelled relative to the reference category “early distress”.

3 Empirical framework

At the core of our framework is a latent variable Y*, which is decreasing in the likelihood that a
household will repay its monthly mortgage payment M;. All households begin their life as mortgage
holders with a Y that is consistent with a full monthly mortgage repayment. This condition is
guaranteed to hold if we assume that banks’ loan underwriting policies are such that all customers
are given a mortgage that is consistent with repayment at origination, My. The empirically-observed
dependent variable in our baseline model is the depth of arrears, DPD at the point of SFS engagement,
Tsrs, which can take on three values (early distress, default and deep default). DPD rises by one
month when a monthly repayment M; is missed. However, DPD may also rise by some fraction F' of
one month when a household makes a partial payment (1 — F)* M.

Between loan origination and Tsrg, a series of economic shocks will affect all households to varying

degrees. Our dependent variable DPD is the realisation of Y*, where Y* can be influenced by:
1. The propensity of a household to be subject to a negative shock.
2. The nature of the shock.
3. The ability of the household to continue repayments, conditional on suffering a given shock.
4. The willingness of the household to continue with repayments.

5. The speed of engagement with the lender, once the household realises that its debts are unaf-

fordable.

6. The time elapsed between the onset of the negative shock and December 2013.

-J
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We contend that the depth of arrears at Tspg will be influenced by explanatory factors that are
related to some or all of the above factors. In our baseline model, where a wide range of current
household information is available to us, it is easy to imagine that household net income, unemploy-
ment status, the size of non-mortgage debts, the monthly debt service ratio (DSR), and household
composition are all proxies for factors (1), (2) and (3) above. These variables, along with a measure of
the household’s equity position, may also influence factors (4) and (5), which relate to the willingness
to repay, and the speed of engagement with the lender.

Factor (5), the speed with which a borrower engages with her lender, may also potentially drive
differences between otherwise identical borrowers. Consider two households that suffer an identical
shock, at an identical time, with an identical ability to pay. Household 1 engages with their bank after
having missed twelve repayments, and fills out an SFS with a DPD = 360. Household 2, on the other
hand, decides to approach his lender after having missed six repayments, and therefore is recorded in

our SFS model as having a DPD = 180.

Figure 2: Schematic of DPD accumulation process for example households

‘ Time ‘

Dec 2011 Jun 2012 Dec 2012 Jun 2013 Dec 2013 ‘ DPD in
MODEL

‘ HOUSEHOLD 1 SUFFERS SHOCK IN EARLY 2013, ENGAGES IN DECEMBER 2013
lz| Ll00%$|Z|>100%$|Z}>0%*> O%l

‘ HOUSEHOLD 2 SUFFERS SHOCK IN EARLY 2013, ENGAGES IN JUNE 2013 ‘

lz‘ L100%+|Z|7100%4>|II>0%*>. 10

‘ HOUSEHOLD 3 SUFFERS SHOCK IN EARLY 2012, PARTIALLY PAYS, ENGAGES IN DECEMBER 2013 ‘

‘ HOUSEHOLD 4 SUFFERS SHOCK IN JUNE 2013, ENGAGES IMMEDIATELY ‘

lz| L1000/04>|Z|7100%">|Z|>1OOGA’4>. lz|

Figure 2 provides a visual representation of how households may end up with differing DPD values

in our estimations. Household types 1 and 2 represent those discussed in the previous paragraph, where
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households differ only in the speed with which they decide to approach their bank. Household 3 has
suffered a shock in early 2012, but has managed to pay half of the monthly repayment due in every
month from then until Tspg. This pattern suggests that this type of household varies crucially from
households 1 and 2 in its ability to withstand the negative shock. The final type of household described
in the schematic is one that, upon experiencing a shock, immediately approaches the lender to fill out
an SFS. As shown in Table 2, this type of household accounts for two-fifths of all households filling
out an SFS.

The final factor (6) underlying Y™ is the duration since the negative shock. It is important
to acknowledge that the nature of our dependent variable is such that two households who have
experienced an identical shock, and have an identical ability and willingness to repay, will have different
DPD counts at Tsgg, depending on when the negative shock first affected the household. If the earlier
onset of a shock is correlated with our household-level variables, for example because households in
certain geographical areas or working in certain industrial sectors are more prone to negative shocks
that hit specific sectors of the Irish economy at an earlier date, then the estimation of our multinomial
model may be subject to omitted variable bias. For this reason, we include the time, in calendar
months, since a household first entered arrears as a control variable in our baseline models. If Time
in Arrears, TinA, is controlled for, we contend that the remaining effect of the explanatory variables
on PD and PDD can be solely attributed to factors (1) to (4) above, given that TinA captures both
the time since initial shock (6), as well as acting as proxy for the willingness to engage (5). It should
be noted that this estimation strategy is more onerous on the data than that typically employed in a
binary default model, given that Tin A, through its positive correlation with arrears balances, should

be expected to reduce the explanatory power of the remaining specified variables.

Figure 3: Time in Arrears (months)

© Early Distress
90-360 DPD
360+ DPD

T T T
0 20 40 60 80 100
Time in Arrears
kernel = epanechnikov, bandwidth = 1.5919
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Figure 3 provides Kernel density plots of Tin A for each of the three groups comprising our depen-
dent variable. As would be expected, T'inA is distributed further to the right for loans in deeper states
of arrears. However, there is significant overlap in the Tin A distributions across the three groups. This
overlap suggests that there are many households who, by virtue of duration alone, should have entered
the deep default state, but have either partially paid, or only missed payments sporadically since the
onset of the shock. Our estimation strategy rigorously isolates the impact of the explanatory variables
on the (in)ability of the household to resist the movement into deeper arrears once the negative shock
has been experienced.

The net result of the staggered engagement with the SF'S process is a dataset which takes the form
of a pooled cross section, with D P D, being the realisation of the underlying propensity for delinquency

level DPD}, for loan i, which takes the values:

1 0< DPD} < 90;
DPD; =< 2 90< DPD} < 360;
3 DPD; > 360

In our baseline specification, the probability of the realised DPD indicator taking the value of 1
or 2 modeled as a function of the time in arrears and the underlying characteristics of the borrower,

loan terms and dwelling controls:

Pr(DPD; = 2|DPD; = 3) = F (TinA;, X, Z;) (1)

where Xj is a vector of borrower-specific controls, Z; a vector controls for loan characteristics. Z;
includes the loan vintage as a polynomial (months since the loan was originated), the term length, and
the type and level of interest rate (binary indicators for standard variable rate, tracker, fixed-rate).
Table 3 reports the mean and standard deviation for TinA;, X; and Z; for our baseline model sample,
while Table 7 acts as a reference point by reporting summary statistics among the entire population
of LLD loans.

Previous studies have taken as standard the inclusion of the Current Loan to Value Ratio (CLTV)
as a measure of housing equity. However, as elaborated on in Kelly and McCann (2015a), there is a
mechanical reverse causality in the DPD-C LTV relationship that is ignored by most researchers in
this area. Due to this bias, we propose an alternate measure of housing equity which we term Adjusted

Equity which we calculate as:

“HPy (2)

Where %}%13 is the ratio of house prices in December 2013 to house prices at loan origination, and

10
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Table 3: Summary statistics, SF'S sample

Variable Obs Mean Std. Dev.
FTB 20645 0.26 0.44
Term (Months) 20645 315.81 84.19
Adjusted Equity 20645  99.51 46.23
CLTV 20639  92.74 45.06
Loan Age 20645  92.31 30.59
Current Interest Rate 20645 2.94 1.55
Borrower Age 20645  38.31 8.71
Fixed Rate 20645 0.05 0.21
SVR 20645 0.45 0.50
Tracker 20645 0.50 0.50
Net Monthly Income (€000) 20645 2.88 1.56
Unemployment Shock 20645 0.30 0.46
Divorced Since Origination 20645 0.07 0.26
Monthly repayment income (DSR) 20645 0.33 0.28
Other Debt to Income 20645 2.60 6.42
Other Debt to Total Debt 20645 0.20 0.24
Single, No Children 20645 0.17 0.37
Single, 1/2 Children 20645 0.10 0.30
Single, 3+ Children 20645 0.02 0.15
Couple, No Children 20645 0.18 0.38
Couple, 1/2 Children 20645 0.34 0.47
Couple, 3+ Children 20645 0.20 0.40

OLTYV is the originating loan to value ratio on the loan. This measure will not be biased by missed
payments or the capitalisation of arrears, as would be the case with a traditionally-used CLTV.
Rather, it simply measures the opening equity position, adjusted for any impact that house price
movements have had on that position. In order for this Adjusted Equity measure to be interpreted
meaningfully, we also control for loan age, loan term (both in months) and the interest rate on the
loan, to fully capture the components of the amortization schedule which could lead to borrowers with
an identical estimate of Adjusted Equity in fact differing in their equity position. Figure 4 gives more
detail on house price changes in our dataset, with panel (a) showing that the majority of properties
have experienced a house price fall since origination to December 2013. Panel (b) shows that the
largest falls are for properties with mortgages originating in 2007, while loans originating in 1997 are
associated with 60 per cent house price increases since origination.

The borrower-specific controls, Xj, include borrower age modeled as a quadratic term and indi-
cators for change in martial status, family composition and the current employment status of the
borrower.® In the model sample, 7 per cent of households have experienced a divorce since origination,

while 30 per cent of households are experiencing unemployment at the point of engagement Tspg. In

8Unemployment shocks are measured as occurring where at least one individual in the household is not
working. In cases where adults are not working but not unemployed in the statistical sense (e.g. they may be
students, retired or ill), they are coded as being unemployed to reduce the number of categories in the data,
while retaining the economic information as to whether or not income is being earned in the household.
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Figure 4: The fall in house values since origination

(a) Histogram, December 2013 (b) Average fall by year of origination
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addition, current income is captured in the SFS data by observing all sources of household income,
whether from salaries, self-employed income or welfare payments. The average after-tax monthly
household income in our sample is €2,872. Figure 5a shows that there are important differences in
income across the three arrears groups comprising our dependent variable: the income distribution for
households in Deep Default is shifted clearly to the left of that for the two lower-arrears groups.

Mortgage payment burdens are captured using the ratio of mortgage repayments to income (DSR).
This field, which uses the monthly repayment rather than a ratio of outstanding values to incomes,
captures the recurring affordability of the mortgage and explicitly accounts for differing term structures
and interest rates. Figure 5b shows that the mean value of 32 per cent masks a long right tail, with
extremely unaffordable mortgages with DSRs of greater than 100 per cent being rare, but values up
to 150 per cent existing in the data.

Non-mortgage debts constitute all reported Buy-to-Let mortgage, credit card, credit union, con-
sumer loan and business debt. We measure these “other debts” in two ways in our regression models:
firstly as a share of total debt (with a mean value of 19 per cent), and secondly as a ratio to annual
household net income (with a mean value of 2.6 times). We calculcate both these measures using the
total outstanding value of other debts, rather than a monthly repayment, given that many forms of
consumer debt do not have a term structure or an associated monthly repayment. The distribution of
other debts as a share of total debts is plotted in Figure 5¢, with the plot showing that large shares of
non-mortgage debt are relatively rare in the data set - most households’ mortgages account for between
80 and 90 per cent of their total debt burden. However, for households in Deep Default, there is a

significantly larger share with non-mortgage debts accounting for 30-40 per cent of their outstanding
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(a) Net monthly income, SFS sample. (b) DSR distribution, SFS sample.
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debts. Similarly, in Figure 5d it is shown that most households have a non-mortgage debt value that
is lower than one times their annual net income. Again, households in Deep Default are much more
likely to have higher debt to income ratios, with ratios larger than two being relatively prevalent.
Table 4 reports tabulations and means for explanatory variables within each category of our de-
pendent variable. Some important differences are clear in the raw data, with deeper-arrears mortgages
being more prevalent among variable (SVR) and tracker mortgages than fixed-rate loans, among fam-
ilies experiencing a divorce since origination, and families with all or one adult not working. In terms
of family structure, couples with one or two children have the lowest rates of deep default at 15.68 per
cent, with the highest rates among single people with three or more children, at 25.5 per cent.
Analysis of the continuous explanatory variables reveals that monthly net income is shown to be
over €500 lower among deep-default households than those in early distress. The mortgage repayment
to income ratio is 40.5 per cent among deep-default mortgages, which differs importantly from early

distress and early default mortgages (29.7 and 33.5 per cent, respectively). Households in deeper states
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Table 4: Breakdown of key variables by arrears states, SFS sample

Early Distress 90-360 360+

Total 64.8 18.8 16.5
Non-FTB 64.7 18.6 16.7
FTB 65 19.2 15.8
Fixed 79.9 12.1 8.1
SVR 62.9 19.2 17.9
Tracker 65 19 16
No Divorce 65.6 18.6 15.9
Divorce Since Origination 54.6 21.3 24.1
No Unemployment 68.6 18.1 13.3
Unemployment Shock 56 20.2 23.8
Couple, no children 61.1 20.4 18.5
Couple 1/2 68.2 17.9 13.9
Couple 3+ 64.7 19.7 15.6
Single, no children 65.6 17.3 17.1
Single 1/2 61.1 19 19.8
Single 3+ 53.3 21.1 25.6
Mean values for continuous variables

Borrower Age 384 37.9 38.3
Vintage (Months) 89.9 93.9 100.1
Opening Term (Months) 313.4 3254 3145
Net Monthly Income 3,006 2,811 2,470
Equity Adjusted 98.1 104  100.1
CLTV 89.0 97.6 101.8
DSR 0.304 0.347 0.42
Interest Rate 2.9 2.99 3.06
Other Debts to Income 2.26 2.53 3.98
Other Debts to Total Debt 0.18 0.2 0.27

of mortgage arrears also appear to have accumulated higher non-mortgage debts: the ratio of non-
mortgage debt to income is 3.62 among those in deep default, and below 2.5 for the other two groups,
while the share of non-mortgage debts in total debts is 26.8 per cent for those in deep default, and below
20 per cent for the lower-arrears groups. Comparing our measure of Adjusted Equity with CLTV | it is
clear that the relationship between the depth of default and housing equity is much less apparent when
adjusting for the mechanical bias in the construction of CLTV. In order to fully ascertain whether
this improved measure of equity has explanatory power, we must reserve judgement until mortgage

term, vintage and interest rate have been controlled for in a formal regression specification.

4 Empirical results

In this section, we present results from a three-category multinomial model using the SFS data. From
Section 3, we define a reference category, “early distress”, which encompasses all households filling out
an SFS with either zero or between 1 and 90 DPD. The probability of a loan being in default and

deep default relative to being in early distress is estimated. The coefficients, presented in Table 5,
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cannot be directly compared to those of binary default models common to the literature, given that
truly performing loans are not available in our data sample. Rather, we must interpret the results of
the model of Table 5 as representing the effect of the TinA;, X; and Z; on PD and PDD), conditional
on having experienced some mortgage repayment difficulty. In the estimation sample, the PD is 18.76
per cent, with PDD being 16.45 per cent. All marginal effect estimates must be interpreted with these
baseline probabilities in mind. The results of four models are presented in Table 5. The difference
between the specifications is (i) in whether our Adjusted Equity measure is included, or whether CLTV
is included to increase comparability to previous literature (ii) in the way in which non-mortgage debts
are captured in the data.

The first striking pattern in the model’s results is that most of the variables included in the model
do not explain entry into early-stage default. The vast majority of the statistically significant impacts
observed in the model are found in the deep default equations. We have initial evidence from these
patterns that where household affordability shocks and other factors drive borrowers into default, they
have severe impacts that lead to the continued accumulation of large quantities of arrears.

Looking to the coefficients on Tin A, one month in arrears is associated with a 0.3 percentage point
increase in PD, and a 1.6 percentage point increase in PDD. These results intuitively suggest that our
innovation in controlling explicitly for the duration since the onset of a negative shock has important
explanatory power in all models. FTB mortgages are shown to be less likely to enter deep default,
with the differential being between 1 and 2 percentage points in most models. Mortgages originated
with a longer term are shown to be higher-risk in general, although the coefficient in the deep default
equation does turn negative and statistically significant in model 3, where CLTV is included as our
measure of housing equity.

Standard Variable Rate and tracker mortgages are shown to have significantly higher probabilities
of deeper states of arrears than fixed rate loans. The coefficients suggest that the impact of a tracker
mortgage on PDD is to increase the probability by 14 percentage points relative to fixed rate loans,
while the analogous effect of SVRs is smaller at 5 per cent. Beyond the impact of rate types, which
may capture some underlying borrower heterogeneity in risk preferences, the interest rate on the loan
has a positive association with credit risk, with a 100 bps rate increase associated with 1.9 percentage
point increase in PD and a 3.5-3.9 percentage point increase in PDD.

Our use of an alternative measure of housing equity suggests that there is no relationship between
equity and the depth of mortgage default. In both the PD and PDD equations, the coefficient on
Adjusted Equity is positive, but always statistically insignificant across columns (1) to (4). By contrast,
if we use CLTV, which contains a mechanical bias as discussed earlier, we find that there is an increase
in PDD when CLTV is higher.

Mortgage affordability, as measured by the ratio of monthly repayment to monthly household
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income (Debt Service Ratio, DSR), is an important driver of both PD and PDD. A ten per cent
increase in the DSR is associated with an increase of 0.25-0.3 and 0.4-0.6 percentage points, respectively.
In addition, unemployment is shown to have an important effect on PDD. Across all models, a robust
effect of close to 3 percentage points is found. Non-mortgage debts are associated with deeper states
of arrears: a ten per cent increase in the ratio of non-mortgage debt to total debts leads to a 1.1 per
cent increase in PDD. An increase of one in the ratio of non-mortgage debt to annual income leads
to a .2 per cent increase in PDD.

The effect of an increase in monthly net household income of €1,000 is statistically insignificant in
most models, which is perhaps unsurprising given that income is captured as the denominator in our
measure of non-mortgage debts in Columus (1), (2), (5) and (6), and our Debt Service Ratio measure,
as well as indirectly through our measure of unemployment. In models (3) and (4), where CLTV
is used as the measure of housing equity, there is evidence that, controlling for the above factors, a
decrease in income of €1,000 per month is associated with a half a percentage point increase in PDD.

The bottom panel of Table 5 reports results for household composition. Relative to single borrowers
without children, single people with three or more children, who represent just two per cent of the
sample, have 2 percentage points higher PDD. In the majority of cases, family composition does not
impact the depth of default. However, households experiencing a divorce since mortgage origination
are significantly higher risk, with such a shock associated with PDD increases of 2 percentage points.

We can think about the relative economic magnitudes of our estimated effects by observing the
impact of a one-standard-deviation increase in our continuous variables on PDD. The impact for the
ratio of non-mortgage debts to income is 1.4 per cent, while for the ratio non-mortgage debts to total
debt the impact is 2.8 per cent. The equivalent effect for the DSR is 1.3 to 1.5 per cent.

When combined with the impact of a switch in the dummy variables for divorce and unemployment,
these findings suggest that affordability shocks, measured along a series of different measures, as well
as non-mortgage indebtedness levels, all play a statistically as well as economically important role in
predicting which households will enter deeper states of mortgage arrears. Crucially in the context of the
debate around the “double trigger” effect of housing equity and affordability, our measure of housing
equity appears to have no statistical effect on PDD in these models.” These findings can provide an
important insight to policy-makers attempting to understand the process behind the accumulation of
mortgage arrears in a financially distressed section of the population.

Table 6 reports whether or not the estimated coefficients of the models of Table 5 are statistically

different across the PD and PDD equations. The table reports that our key household-level financial

9Given the recourse inherent in the Irish credit and bankruptcy system, it is perhaps unsurprising that
housing equity is found not to have an effect on the depth of arrears, particularly in a model such as ours
where a rich set of explanatory controls for affordability are available.
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distress measures (unemployment, non-mortgage debts, divorce, DSR) all have significantly different
effects on deep versus early default. Other variables with such a differential are TinA, the current
interest rate, and interest rate type dummy variables. These findings provide strong evidence that
where repayment shocks have occurred, they are more likely to lead borrowers towards deep levels
of arrears, rather than to a state where arrears are accumulated at a slower pace due to partial or

sporadic payments being made.

Table 6: Deep Default VS Default: Are coefficients significantly different?

Model 1 Model 2 Model 3 Model 4

Time in Arrears ok ok otk ook
FTB Kok *k Kok ok
Term * kkk *
SVR ok ok Kook ok
Tracker Kok *kok Kokok Kok
Curr Int Rate *okk ok Kook Hokk
Equity Adjusted n/a n/a
CLTV n/a n/a ook ook
Other Debt to Income ook n/a ook n/a
Other Debt Share n/a ook n/a ok
Monthly Net Income ook
Divorced ok ook * *ok
Unemployment Shock ok ok ok ok
MRTI ok ok Kook Hokk
Single, 1/2

Single, 3+

Couple, Zero

Couple, 1/2

Couple, 3+

*p <., p<.05 " p<.01

Given that the inclusion of an explicit measure of the duration since the onset of a shock is not
common in the literature on mortgage defaults, we re-run all the specifications of Table 5 without our
TinA measure. The results of these specifications, reported in Table A.3 should therefore be more
comparable to the extant cross-sectional default literature.

The results of Table A.3 suggest that there is important correlation between Tin A and our main ex-
planatory variables, suggesting that a model that omits TinA is likely to overestimate the importance
of X; and Zj. Average marginal effect estimates on income, non-mortgage debts, divorce, unem-
ployment, DSR are all larger, sometimes by orders of magnitude, in this specification. Many effects,
particularly in the PD equation, become statistically significant once TinA is omitted. Particularly
interesting is the fact that our measure of Adjusted Equity appears to be positively associated with
deep default when TinA is omitted. Further, many of the dummy variables for household composition
appear to impact default in these models, suggesting that early onset of shocks was more prevalent in

Ireland for more vulnerable family types.



Kelly & McCann, Depth of default

5 Extension: A model for all loans

The baseline model of Section 4 contains a wealth of household-level explanatory factors that are
often missing in studies of mortgage default that use loan-level data. The coefficient estimates on
the depth of mortgage defaults from the model cannot be compared to those from the literature on
binary mortgage default models because the SF'S data set is only collected for households experiencing
repayment difficulty.

As an extension to our analysis, we run a model utilising the population of owner-occupied mort-
gages at the subject banks. The model differs from the baseline model of Section 4 in a number of
important ways. Firstly, the model described in equation 1 is extended to a four-category model,
where all performing loans are considered the reference category, with the probabilities of early ar-
rears (PEA), default (PD) and deep default (PDD) being estimated. The coefficients are no longer
interpreted as the probability of entering deeper states of default conditional on experiencing some
repayment difficulty, but rather are interpreted relative to loans making full repayments. Secondly,
the set of explanatory factors available to us in running this model extension is restricted relative to the
baseline model using the SF'S-LLD data due to the fact that the majority of current household-level
explanatory factors are not available in the LLD. Thirdly, the model discussed in this section is run
for a cross-section of loans at December 2013, rather than the pooled approach that was required in

the baseline model of Section 4.10

5.1 Expanded data set

The LLD data are limited in the range of X; available, but provide a view of the population of
mortgages at four large mortgage lenders, covering 70 per cent of the market at December 2013. Table
7 reports summary statistics for the X; for the 259,643 mortgages that are included in the LLD models.

The share of First Time Buyers (FTB) in the data set is 42 per cent. The average loan age is
88 months, indicating that the average loan was originated in 2007, which corresponds with the peak
of the pre-crisis Irish property and credit cycles. The average interest rate, which is a proxy for loan
affordability, is 329 basis points, while the average borrower is 36 years of age. The split across interest
rate types reveals that Standard Variable Rate (SVR) mortgages account for 52 per cent of the sample,
with tracker mortgages accounting for a further 38 per cent. The share of the market held by fixed

rate mortgage holders is small at 9.4 per cent.

07 ,0ans that have received a modification before December 2013, and had their arrears capitalized, will
be reported as having zero DPD at December 2013. These loans would distort an empirical model which
treats zero-D PD loans as performing loans. For this reason, we omit the 22,000 loans that have been modified
and have a DPD count of zero from the LLD model. Given that our SFS data are collected at the point of
engagement between lender and borrower, before a modification has been offered, this problem does not arise
in the SFS-LLD models reported earlier in the paper.
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Information on the marital status of borrowers at the point of origination indicates that 49 per cent
of mortgages were taken out by married couples, with 45.6 per cent taken out by single borrowers, which
can include cohabiting couples. Individuals who were separated or divorced at origination account for
5 per cent of the sample.

Employment status at origination is also available in the LLD data set. Given the limited set of
borrower-level fields available in the LLD, this variable acts as our best household proxy for affordabil-
ity, given that self-employed borrowers have more uncertain income paths and were more likely to be
affected by the recession in Ireland from 2008 onwards. The vast majority (77 per cent) of mortgages
are originated to households where the primary borrower is in salaried employment, with 18 per cent

of mortgages going to self-employed individuals.

Table 7: Summary statistics, LLD

Variable Obs  Mean Std. Dev.
FTB 259643  0.422 0.494
Adjusted Equity 259643 47.753 25.340
CLTV 259643 79.601 44.591
Loan Age (Months) 259643 88.188 42.479
Current Interest Rate 259643  3.286 1.545
SVR 259643  0.523 0.499
Tracker 259643  0.382 0.486
Term 259643  314.8 84.9
Additional BTL 259643  0.047 0.211
Borrower Age 259643 36.094 8.378
Married 259643  0.493 0.500
Separated /Divorced 259643  0.051 0.221
Single 259643  0.456 0.498
Employed 259643  0.770 0.421
Other 259643  0.051 0.220
Self-Employed 259643  0.179 0.384

5.2 Empirical results

Our baseline results for the four-category multinomial model are reported in Table 8. Average marginal
effects, % are reported. The impact of each X variable reported here is a percentage point increase in
the probability, where the probability of early arrears (PEA) in the sample data is 4.7 per cent, the
probability of default (PD) is 4.75 per cent, and the probability of deep default (PDD) is 6.76 per
cent. Model (1) differs from Model (2) in the way in which housing equity is accounted for: the former
includes our measure of Adjusted Equity, while the latter includes the more commonly-used CLTV .
For a number of important explanatory factors, we find results that are consistent with the extant
literature on mortgage default. Kelly et al. (2014) have previously found that First Time Buyers are

less likely to default than borrowers purchasing their second or subsequent home. Our results confirm
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their finding across all states of default: for the probability of early arrears (PEA), probability of
default (PD) the estimates range between -0.1 and -0.3 per centage points, while for the probability
of deep default (PDD), FTBs have a probability of distress that is 1.9 or 3.3 lower than non-FTB
purchasers, depending on the model chosen.

Previous studies have consistently found an impact of housing equity on the probability of mortgage
default across multiple jurisdictions. As discussed earlier, we contend that the current loan to value
ratio (CLTV) is an inappropriate and endogenous explanatory variable in a cross-sectional study of
mortgage default. Using Adjusted Equity as an alternative proxy, we find that an equity position that
is ten per cent weaker is associated with .01 per cent increase in PD and a .02 per cent increase in
PDD. The impact of Adjusted Equity on early arrears is statistically insignificant. The coefficients on
the unbiased measure of housing equity in the PD and PDD equations are roughly one-fifteenth the
magnitude of the analogous coefficient on CLT'V in Columns (4), (5) and (6). Such a large magnitude
difference suggests that it is of crucial importance to consider the endogeneity caused by the mechanical
feedback between missed payments, arrears capitalizations and C LTV when modelling the depth of
default.

Affordability in our LLD model can be proxied by the current interest rate. A 100 basis-point
increase in the interest rate at December 2013 is associated with a 1 per cent increase in both PA
and PD, and a 2.5 per cent increase in PDD. Longer-term mortgages are also shown to be higher
risk, while having additional Buy-to-Let borrowings is not shown to lead to higher credit risk. The
type of interest rate product chosen by borrowers is also an important correlate of mortgage default.
We find that, relative to fixed rate mortgages, variable rate loans are higher risk across all categories.
The impact of SVRs and tracker mortgages on PDD is particularly pronounced, at 9.28 and 14.5
percentage points, respectively.

Relative to married people, borrowers who were divorced or separated at origination are between
0.3 and 2.3 per cent more likely to enter each state of arrears. Single borrowers have a lower credit risk
than married couples, with the differential ranging beween 0.5 and 1 per cent for PEA and PD. These
findings may mask the role of subsequent family size changes and post-origination divorces, both of
which are explicitly controlled for in the SFS-LLD model of Section 4.

The type of employment of a borrower is also shown to matter, with self-employed borrowers having
monotonically increasing probabilities of repayment difficulty, with PEA, PD and PDD premia of 1.1,
2.1 and 5.4 per cent relative to salaried employees. This pattern intuitively reflects the more uncertain
income paths and precarious job tenure of self-employed people.

Loan age and borrower age enter the model with both their level and squared term included.
For each probability, the predicted value peaks at around 90 to 95 months, which equates to a loan

originating in late 2006 or early 2007. In terms of levels, the predicted PEA and PD follow a similar

21



Kelly & McCann, Depth of default

path, while for values of loan age beyond four years, the PDD is higher by three to four percentage
points. These differentials begin to narrow once more for loans older than 15 years, which are relatively
rare in the data set.

Further evidence of the relative impact of housing equity and affordability can be disentangled from
this estimation. This exercise, despite a limited set of covariates, is extremely informative given that
the reference category contains truly performing loans, and the data sample comprises the relevant
population of mortgages. In order for our measure of Adjusted Equity to have the same impact on PD
and PDD as a one-standard deviation change in interest rates, the value would have to be 140 and 116
per cent higher, respectively (where the standard deviation of Adjusted Equity is 44 per cent). Along
the same lines, for housing equity to have the same impact as the differential between self-employed
and salaried borrowers, Adjusted Equity would need to be 285 and 254 per cent higher, respectively.
These magnitude estimates suggest that, relative to house price developments, this model’s (albeit
imperfect and incomplete) proxies for affordability are the economically more important driver of
mortgage default. This is in line with recent research from Gerardi et al. (2013). Given that the set
of proxies for affordability in this model is far less complete than that in the baseline SFS model, we
can safely conclude that the above estimates of the relative importance of affordability over equity are

if anything an under-estimate.
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6 Conclusion

The existing literature on mortgage defaults has identified a number of robust factors that explain
households’ missed mortgage payments. These studies have treated all defaulted mortgages as homo-
geneous by virtue of their use of binary models. The issue of homogeneity among defaulted borrowers
is of new importance given the response of many developed economies to avoid the repossession model
in favor of loan modification and restructuring. Using a unique dataset on Irish mortgage borrowers,
we extend the current literature by treating mortgages in deep states of arrears (greater than one
year past due) differentially to those in earlier stages of default. Such a distinction is crucial given
that previous work has shown that mortgages in deeper default are less likely to ever begin repayment
(“cure”). These lower cure probabilities lead to higher estimates of Loss Given Default and expected
losses for mortgage lenders.

The dataset available allows us to estimate the effect of an extremely rich set of explanatory
factors including interest rates, housing equity, unemployment, income, non-mortgage debt volumes,
household composition and divorce. Our estimates suggest that these factors explain mortgage default
in a direction consistent with previous literature. In all cases, the impact on the probability of deep
default is found to be larger than that on entering earlier stages of default. These findings suggest that
affordability shocks are extremely important, and when they occur, they have severe impacts which
lead to rapid accumulation of large arrears balances. Further, we add to the recent literature that
suggests that mortgage affordability has an economically more meaningful effect on default than that
of housing equity, with estimates of the impact of the former orders of magnitude larger than those of
the latter. As well as identifying patterns that can help in the early identification of impending growth
in arrears, these findings are key to the design and efficiency of mortgage modification schemes which

can involve a large amount of public spending.



Kelly & McCann, Depth of default

References

Bajari, Patrick, Chenghuan Sean Chu, and Minjung Park, “An Empirical Model of Subprime
Mortgage Default From 2000 to 2007,” NBER Working Papers 14625, National Bureau of Economic
Research, Inc December 2008.

Been, Vicki, Mary Weselcouch, Ioan Voicu, and Scott Murff, “Determinants of the incidence
of U.S. Mortgage Loan Modifications,” Journal of Banking € Finance, 2013, 37.

Bhutta, Neil, Jane Dokko, and Hui Shan, “The Depth of Negative Equity and Mortgage Default
Decisions,” Finance and Economics Discussion Series, Board of Governors of the Federal Reserve
System (U.S.) 2010-35, Board of Governors of the Federal Reserve System (U.S.) May 2010.

Boheim, Rene and Mark P. Taylor, “My Home Was My Castle: Evictions and Repossessions in
Britain,” Journal of Housing Economics, Elsevier, December 2000, 9 (4), 287-319.

Campbell, John Y., Stefano Giglio, and Parag Pathak, “Forced Sales and House Prices,”
American Economic Review, August 2011, 101 (5), 2108-2131.

Elul, Ronel, Nicholas S. Souleles, Souphala Chomsisengphet, Dennis Glennon, and Robert
Hunt, “What “Triggers” Mortgage Default?,” American Economic Review, American Economic
Association, May 2010, 100 (2), 490-94.

Foote, Christopher L., Kristopher Gerardi, and Paul S. Willen, “Negative equity and fore-
closure: Theory and evidence,” Journal of Urban Economics, September 2008, 64 (2), 234-245.

Gerardi, Kristopher, Eric Rosenblatt, Paul S. Willen, and Vincent Yao, “Foreclosure exter-
nalities: Some new evidence,” NBER Working Papers 18353, National Bureau of Economic Research,
Inc September 2012.

—, Kyle F. Herkenhoff, Lee E. Ohanian, and Paul S. Willen, “Unemployment, Negative
Equity, and Strategic Default,” Working Paper, Federal Reserve Bank of Atlanta 2013-04, Federal
Reserve Bank of Atlanta August 2013.

Guiso, Luigi, Paola Sapienza, and Luigi Zingales, “The determinants of attitudes toward strate-
gic default on mortgages,” Journal of Finance, August 2013, 68 (4), 1473-1515.

Gyourko, Joseph and Joseph Tracy, “Reconciling theory and empirics on the role of unemploy-
ment in mortgage default,” Journal of Urban Economics, 2014, 80 (C), 87-96.

Jorda, Oscar, Moritz Schularick, and Alan Taylor, “The great mortgaging: housing finance,
crises and business cycles,” NBER Working Papers 20501, National Bureau of Economic Research,
Inc 2014.

Kau, James B., Donald C. Keenan, Constantine Lyubimov, and V. Carlos Slawson, “Sub-
prime mortgage default,” Journal of Urban Economics, September 2011, 70 (2-3), 75-87.

Kelly, Robert, “The Good, The Bad and The Impaired - A Credit Risk Model of the Irish Mortgage
Market,” Research Technical Papers 13/RT/11, Central Bank of Ireland November 2011.

_ and Fergal McCann, “Mortgage defaults and the loan to value ratio,” mimeo forthcoming,
Central Bank of Ireland 2015.

_ and _, “Under the hood: a flow analysis of Irish mortgage arrears,” Economic Letter 15/EL/XX,
Central Bank of Ireland 2015.

_ and Terence O’Malley, “A Transitions-Based Model of Default for Irish Mortgages,” Research
Technical Papers 17/RT/14, Central Bank of Ireland November 2014.

_, — , and Conor O’Toole, “Do first time buyers default less? Implications for macro-prudential
policy,” Economic Letters 14/EL/14, Central Bank of Ireland December 2014.

[\
(@3}



Kelly & McCann, Depth of default

Kennedy, Gerard and Tara McIndoe-Calder, “The Irish Mortgage Market: Stylised Facts, Neg-
ative Equity and Arrears,” Quarterly Bulletin Articles, February 2012, pp. 85-108.

Lydon, Reamonn and Yvonne McCarthy, “What Lies Beneath? Understanding Recent Trends
in Irish Mortgage Arrears,” The Economic and Social Review, Economic and Social Studies, 2013,
44 (1), 117-150.

Mayer, Christopher, Karen Pence, and Shane M. Sherlund, “The Rise in Mortgage Defaults,”
Journal of Economic Perspectives, 2009, 23 (1), 27-50.

McCann, Fergal, “Modelling default transitions in the UK mortgage market,” Research Technical
Papers 18/RT /14, Central Bank of Ireland November 2014.

McCarthy, Yvonne, “Dis-entangling the mortgage arrears crisis: The role of the labour market,
income volatility and housing equity,” Research Technical Papers 02/RT /14, Central Bank of Ireland
2014.

Mian, Atif, Amir Sufi, and Francesco Trebbi, “Foreclosures, House Prices, and the Real Econ-
omy,” IMES Discussion Paper Series 11-E-27, Institute for Monetary and Economic Studies, Bank
of Japan September 2011.

Qi, Min and Yang Xiaolong, “Loss Given Default of High Loan to Value Residential Mortgages,”
Journal of Banking € Finance, 2009, 33, 778-799.

26



Kelly & McCann, Depth of default

A Appendix

Table A.1: Definitions of default in micro-level studies of mortgage default

Study Country Dataset Definition
Gyourko and Tracy (2014) USA Lender Processing Services 90 DPD
Inc. Applied Analytics
McCarthy (2014) Ireland  Central Bank of Ireland Loan 90 DPD
Level Data
Gerardi et al. (2013) USA PSID Supplement on Hous- 60 DPD
ing, Mortgage Distress and
Wealth Data
Lydon and McCarthy (2013) Ireland  Central Bank of Ireland Loan 90 DPD
Level Data
Kau et al. (2011) USA Black Box Logic LLC Foreclosure
Kelly (2011) Ireland  Central Bank of Ireland Loan Three categories: 0 ; 0-90;
Level Data 90+ DPD
Elul et al. (2010) USA Loan  Performance  and 60 DPD
Lender Processing Services
and Equifax data
Bhutta et al. (2010) USA LoanPerformance, First 90 DPD for two consecutive
American CoreLogic months
Mayer et al. (2009) USA First American LoanPerfor- “Seriously Delinquent”, 90
mance DPD
Bajari et al. (2008) USA LoanPerformance Foreclosure
Foote et al. (2008) USA Warren Group, Mas- Foreclosure
sacheusetts Registry of
Deeds
Boheim and Taylor (2000) UK British Household Panel Sur- Survey response on payment

vey

difficulty
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Table A.2: Comparison of loans with and without an SFS by arrears bucket

Average LTV December 2013

No SFS
SFS

0-90  90-360 360+
83.85 92.99  105.75
88.47 95.3  104.24

Average Balance

All Arrears
95.85
97.12

No SFS
SFS

0-90  90-360 360+
128,122 143,793 154,484
173,343 182,566 190,622

Awverage Interest Rate

All Arrears
143,823
183,454

No SFS
SFS

0-90  90-360 360+

3.62 3.52 3.73

2.99 2.96 3.05
Dublin Share

All Arrears
3.64
3

No SFS
SFS

0-90  90-360 360+

0.28 0.27 0.23

0.21 0.21 0.19
Share of Trackers

All Arrears
0.25
0.2

No SFS
SFS

0-90  90-360 360+
0.33 0.35 0.35
0.48 0.51 0.49

All Arrears
0.34
0.49

Share Married at Origination

No SFS
SFS

0-90  90-360 360+

0.53 0.51 0.49

0.61 0.58 0.54
Average Age

All Arrears
0.51
0.57

No SFS
SFS

0-90  90-360 360+
45.29 45.72 46.44
46.91 46.39 46.74

All Arrears
45.91
46.66
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