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Do LTV and DSTI caps make banks more resilient?

Abstract

This study provides a few responses to the questidhe effectiveness of Loan-To-Value
(LTV) and Debt Service-To-Income (DSTI) caps to trinute to financial stability. Using a
lender’s risk management perspective, the paperges a new methodology extending the
standard asymptotic single risk factor to a muttida framework, the additional factors being
linked to LTV or DSTI tranches. On the basis of mique database containing 850 896
individual housing loans, the results demonstrae dfficiency of credit standards which
constrain the households’ indebtedness. On avecag@it risk tends to grow in line with the
increase of LTV and DSTI tranches. But our findisgew also that the relationship between
risk and the LTV/DSTI ratios is not monotonic. Rolib credit risk culminates in tranches
close to the 100% LTV and the 35% DSTI threshdlds. more the combination of LTV and
DSTI ratios than the use of each ratio separakeliyhielp to maintain the total portfolio credit
risk under check.

Keywords: housing finance, Loan-to-Value, Debt service to Income, credit risk, economic capital.
JEL Codes: R31, R38, G21, G32

Résumeé

Cette étude apporte des éléments de réponse aekliaqu de l'impact sur la stabilité
financiére de l'instauration de seuils limites imps aux ratios de Loan-To-Value (LTV) et
de Debt-Service-To-Income (DSTI). Dans une perspectle gestion du risque par les
préteurs, I'étude se fonde sur une méthodologigir@aie consistant a étendre le modele
asymptotique a un facteur a un cadre multifacteurles facteurs de risque systématique
additionnels sont associés aux tranches de LTVeeD8TI. L'étude exploite une base de
données unique contenant 850 896 préts immobiheligiduels et démontre I'efficacité des
normes d’attribution. En moyenne, le risque de icri&thd a croitre avec 'augmentation des
ratios. L'étude met cependant en évidence l'exeded’'une relation non monotone entre
risque de crédit et ratios de LTV et DSTI: le deqde crédit est au plus haut dans des
tranches proche des seuils de 100 % pour le ratiTd/ et de 35% pour celui de DSTI.
Pour maintenir le risque de crédit du portefedllen niveau raisonnable, il faut plutét utiliser

la combinaison des ratios de LTV et de DSTI queghale ces ratios séparément.

Mots clés : financement de I'immobilier, Loan-to-Value, Charges d’endettement, risque de crédit,
capital économique.
Codes JEL : R31, R38, G21, G32
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Non-technical summary

This study considers the French housing loans manhkeé provides a few responses to the
question of the effectiveness of Loan-To-Value (DTand Debt service-To-Income (DSTI)
caps to contribute to financial stability. The Felerhousing market is a good experimental
field to treat this question because French bankscammonly including such caps in their
lending terms. However, a loosening of credit stadsl has been observed in the 2000s when

house prices experienced a spectacular growth.

This paper puts this issue in a risk managemergppetive and tries to assess the portfolio
credit risk implication of LTV and DSTI caps. Whagtters from that perspective is not only
the role of LTV and DSTI caps as devices to redheeborrower’s probability of default, by
imposing borrowing constraints, but also the apibf the caps to avoid extreme situation
where the sensitivity of financially constrainedrioovers to adverse realizations of the
systematic factors creates a wave of correlatedultsf To run this exercise, the paper
expands the standard Asymptotic Single Risk FE&8RF) model of portfolio credit risk to

a multifactor framework. In this approach, systamask factors are linked to LTV and DSTI
ratios levels, which measure potential financialstoaints on households. Thus, the portfolio
iIs segmented in LTV and DSTI tranches reflecting thtensity of such constraints. The
multifactor model allows measuring the contributioiheach segment to the total portfolio
losses. In that way, we are able to verify how @séming of credit standards determines an

excessive growth of loan losses.

This study uses a unique database provided by arrkagnch banking group acting in the
French housing loans markets. The database cor8ad896 loan records which finance
main residence ownership and it represents aromedsoxth of the French housing loans
market. Moreover, the dataset is composed of a laggiety of products supplied to much
differentiated clienteles, what renders it veryresgntative of the French market. The dataset
covers the entire period of the 2000s.

Results demonstrate that the French housing loaketnahows a strong resiliency to the
macroeconomic environment of the crisis thankdhegrevalence of credit standards which
constrain the households’ indebtedness accordindpeiv income and wealth. Indeed, our
findings show that, as expected, credit risk is Imdower in portfolios’ segments

characterized by low level of LTV and DSTI ratiasdathat credit risk tends to grow in line
with the increase of such ratios. But we also olesénat the relationship between the risk’s

growth and the ratios’ growth is not monotonic. tRio credit risk culminates in tranches
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close to the 100% LTV and the 35% DSTI threshodohg] the contribution to total portfolio

credit risk of tranches beyond such thresholdscisadly smaller than the contribution of

lower tranches. In other words, the level of creik to which the lender is exposed is not
higher in the highest tranches. In addition, resuaiso show significant diversification

benefits in housing loans portfolios which can io&dd to the borrowers’ heterogeneity in
terms of their LTV and DSTI choices.

The policy implication of our results is that a dgocalibration of LTV and DSTI caps in a
macroprudential perspective should take into accthennon monotonic relationship between
such ratios and the rate of default. Moreover,dotil the increase in credit risk it is the
combination of all credit standards terms more tthenuse of each standard separately that

matters. It is this combination which can to redpoeential credit losses.

Résumé non technique

Cette étude apporte des éléments de réponse aekltiaqu de l'impact sur la stabilité
financiére de limites en termes de ratios de Loaf/&lue (LTV) et de Debt-Service-To-
Income (DSTI). Le marché de I'immobilier francaisnstitue un bon terrain d’analyse de
cette question dans la mesure ou les banques isangatilisent de telles limites dans leurs
décisions d’octroi. Pourtant, les années 2000 ¢étnéarquées par un relachement des

normes, alors que les prix de 'immobilier connaisat une forte hausse.

Notre étude place cette question dans une perspedti gestion du risque et elle mesure
I'impact des limites en matiére de LTV et DSTI srisque de crédit de portefeuille. Ce qui
importe dans cette perspective n'est pas seuletaeriie des limites de LTV et de DSTI
comme dispositif de réduction de la probabilité difaut des emprunteurs, en faisant
coincider les contraintes financieres exercéesegpemboursement d’'un prét a leur capacité
financiére, mais également la possibilité qu'ors tmites d’éviter les situations extrémes
dans lesquelles la sensibilité des emprunteursldeagux valeurs extrémes des facteurs de
risque systématiques crée une vague de défautsl@orPour ce faire, cette étude propose
une méthodologie originale consistant a étendrendglele asymptotique a un facteur de
risque a un cadre multifacteur. Dans cette approldee facteurs de risque systématique
additionnels sont associés aux tranches des rd8okTV et de DSTI, qu'on considere
comme reflétant l'incidence sur les ménages denpieties contraintes financieres. Les

tranches de LTV et de DSTI reflétent I'intensité abs contraintes. Le modeéle multifacteur
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permet de mesurer la contribution de chaque tramachéotal des pertes non attendues du
portefeuille. Il est alors possible de vérifier daguelle mesure un relachement des normes

d’octroi de crédit peut induire une augmentatios plertes.

Cette étude exploite une base de données uniqueenzo 850 896 préts financant
I'acquisition de résidences principales et reprissdrprés d’'un sixieme de ce marché. Cette
base contient une grande variété de préts oct@gés clienteles elles-mémes variées, ce qui
la rend particuliéerement représentative du marcaechis. Les données couvrent les années
2000.

Les résultats mettent en évidence la résistancandiché francais a I'environnement
macroéconomique engendré par la crise, grace agtése prudent des normes d’octroi. Ils
confirment que le risque de crédit est moindre dessous-portefeuilles caractérisés par de
faibles niveaux de LTV et DSTI et il gu'il tend &odre avec I'augmentation de ces ratios.
Mais ils montrent également I'existence d’une ielatnon linéaire entre risque de crédit et
ratios de LTV et DSTI. Le risque de crédit culmith@ns des tranches de LTV et de DSTI
proches des seuils de 100 % et de 35 % respectinte@ependant la contribution au risque
de crédit du portefeuille des tranches situéeseddu-de ces seuils est en fait plus faible que
celle des tranches précédentes. En d’autres teteneisque de crédit de portefeuille est de
fait moins élevé dans les tranches ou les valeessratios sont les plus élevées. On montre
également un effet de diversification significaldins le portefeuille des préts immobiliers,
qui s’expliqgue par I'hétérogénéité des emprunteasisissant des niveaux de LTV et de
DSTI différents.

Les implications pour la politique macro-prudené@edont qu’un calibrage efficace des limites
de LTV et DSTI doit tenir compte de la relation niaméaire entre ces ratios et le taux de
défaut. En outre, pour contrbler la hausse du ésde crédit, il convient davantage de
considérer la combinaison des ratios de LTV et D&Jé de les traiter séparément. C’est

cette combinaison qui peut contribuer a réduirgltes potentielles.
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1. Introduction

Loan-to-value (LTV) and Debt service-To-Income (DSdaps are frequently considered as
desirable tools of macro prudential regulation smgen credit growth and avoid housing
boom and bust. But they are also useful as mianogmtial tools to control mortgage

defaults. In France, banks are using such capkem lending decision since a long time.
They condition credit to a minimum down payment angb-called 33% minimum rule under
which debt burden cannot exceed one third of theséloold’'s comprehensive disposable
income. Despite lending terms loosening, Francanitrel and property markets were resilient
during the 2000s, as emphasized recently by the(IMF, 2013). Therefore, France supplies
a good experimental field to assess the effects®md LTV and DSTI caps to restrain the

growth of unexpected losses in housing loans market

At the theoretical level, Campbell and Cocco (20idye documented the channels through
which LTV and mortgage affordability affect mortgadefault. They show that lower down
payment decrease the level of negative equity thggers default. Moreover, higher
borrowing constraints, that may be associated witihher DSTI, accelerate the default by
decreasing the trigger level of negative home gquit brief, levels of LTV and DSTI ratios
are correlated to defaults, and a loosening inetloesdit standards leads to a concentration of
defaults. Using other theoretical frameworks, Lay#013) and Hatchondo and ali. (2013)
confirm the Campbell and Cocco findings. Empiriealidence verifies these theoretical
predictions. Sherlund (2008) and Mayer, Pence dmetl@hd (2009) find that higher LTV
ratios lead to more defaults in US mortgage mar&rtshave been important contributors to
the subprime crisis. The drop in house prices chusany borrowers’ outstanding mortgage
liability to exceed their home value, and this riegahome equity level triggered their
decision to default on their mortgages. Guiso dn{2813) have shown that the most likely
cause of the increasing proportion of strategi@dk$ in mid-2009 was the decline in house
prices.

However, the mortgage market characteristics vayyificantly across countries (Campbell,
2012, Campbell and al., 2012). Homeownership andd&laolds’ indebtedness rates as well as
mortgage forms and lending terms are different hadsing loans are funded by a wide

variety of mechanisms. Different countries experezhalso different histories with inflation
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and interest rates. Therefore, different regulatiand different government involvement in
mortgage markets could produce different delinqueates.

In France, mortgages are not a dominant form aido&oans are standard amortizing loans
and to secure loans, French banks do not necesaakilfor a mortgage but more often rely
on the guarantee provided by a residential propedy guarantor. In case of default, the
guarantor pays back the loan value (including atiaterests) to the bank and manages the
resolution of the failure on its own. This form giiarantee has increased significantly since
the beginning of the 1990s. More than 51% of oatditag housing loans were secured by a
guarantee at end 2013, while nearly 36% were gtegdnby a mortgage (ACPR, 2014).
Moreover, under the French rule of “common pledge¥ery lender is entitled to seek
reimbursement of the debt by taking control ofesets or income sources of the borrower
who defaults, what allows maintaining losses taejiow levels. This combination of loans
with recourse and guarantee scheme provide a gaecpion to the lender against housing
price risk, what helps to understand that defaoadtsur mainly for cash-flow reasons. In this
context, LTV and DSTI caps aim to restrict the barer's probability of default by adjusting
the loan contract terms to the borrower’s indebésdrcapacity more than to the value of its

house.

In this paper, considering the French case, weoegpin a first step, the contribution of LTV
and DSTI to the default rate, at the borrower’'sletAowever, what matters is also to know if
too high values of these ratios could put the |ésdsolvency in danger, Therefore, in a
second step, we consider the bank portfolio’s lesatl we adopt the lender's risk
management perspective. In this perspective, theeltss unexpected losses depend mainly
upon the common sensitivity of the borrowers to taystic risk factors, such as
macroeconomic or geographical factors, which detegrmcome and real interest shocks and
house prices changes. The realization of adverseyaf these factors may produce a wave
of simultaneous defaults as it was the case inli& subprime market, when real interest
rates rose and housing prices dropped sharplyomgage markets, theoretical and empirical
research has demonstrated that certain categdriesrowers, such as low income borrowers
(Ergungor, 2011) or borrowers choosing adjustabte mortgages (Campbell and Cocco,
2003, 2014, Koijen, Van Hemert and Van Niewerb@@)9, Van Hemert, 2009), may exhibit
high sensitivities to external shocks which mayagjseincrease their propensity to default on

their loans. Here, we assume that higher levelTof br DSTI ratios could also reveal higher
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sensitivity to shocks and create a potential cotmagan of defaults, in accordance with the
theoretical predictions of models of mortgage diga(Campbell and Cocco, 2014, Laufer,
2013, Hatchondo and al., 2013).

Capturing this specific feature calls for no longensidering credit risk at the borrower’s
level but instead modeling risk at the level of twemplete portfolio of loans. Therefore, in
this paper, considering the credit-risk issue @asadlem of risk management for the lender,
we use economic capital measures. Economic capidfined as an estimate of the worst
possible decline in the bank’s amount of capitah apecified level of confidence within a
chosen time horizon. Thus, economic capital carvibered as the amount of capital that
should be retained by the bank as a direct funatiaime risks to which the bank is exposed
on its credit portfolio. This implies the computatiof potential unexpected losses over the
chosen time horizon. At the bank level, this retersome assessment of its global solvency.
This approach can also be applied to specific saurtfgdios in order to assess the potential
losses they expose the bank to. However, the detation of their capital amount should still

be done at the bank level in order to take int@antthe diversification effects.

More precisely, we compute quantile-based measufrgmtential unexpected losses at the
portfolio and sub-portfolio levels, i.e. in sub-golio grouping borrowers who are assumed
to shared common risk characteristics becausedtein the same LTV and DSTI tranches.
In fact, borrowers are heterogeneous, and thigdgeeeity could potentially create portfolio
credit-risk concentration or, on the contrary, beoarce of credit portfolio diversification.
From the lender’s perspective, the credit riskuistainable if holding exposures on groups of
borrowers in different LTV or DSTI tranches do m@nerate excessive portfolio losses as a
consequence of risk concentration. Therefore, im $tudy, we propose an extension of the
standard asymptotic single-risk-factor model (Gor200), which also underlies Pillar 1 of
the Basel 2 framework for credit risk, to compute tnarginal contributions of different sub-
portfolios — which are identified in terms of LT\ ®STI tranches - to the total portfolio’s

unexpected future losses.

This paper uses a unique database of housing leavéded by a major French banking
group. The database covers the period of the 2@@s.of its particularities is that it refers to
a large variety of clienteles, from households ®emng on the regular housing loans market

to low-income borrowers using regulated loans oy public financial assistance. The
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database gives information not only about loangataristics (amount, maturity, type of
interest rate, type of loans, regulated or notitzavalue and loan-to-income ratios) but also
on borrowers characteristics (such as the ageeobdinrower, its marital status, its profession
and personal savings). Information is also avadlaout the borrowers’ ratings, including
default. All in all, the database represents aroond fifth of the French housing loans

market.

In this paper, we restrict the analysis to loansaricing household’s own residence

ownershi@. Our results demonstrate that credit risk is miosher in portfolios’ segments
characterized by low level of LTV and DSTI ratiasdathat credit risk tends to grow in line
with the increase of such ratios. That allows infigr that maintaining strict DSTI and LTV
caps helps to restrict portfolios’ credit risk afht any relaxation of credit standards taking
the form of higher LTV and DSTI ratios tends todean increase of the potential unexpected
loan losses. But our results also show that thaiogiship between the risk’s growth and the
ratios’ growth is not monotonic. In particular, tlwentribution to total portfolio risk of
portfolio’s segments which regroup borrowers chogshe highest level of the two ratios is
actually not higher than the contribution of politite segments in sub-portfolios where these
ratios are lower. In other words, the level of @redk to which the lender is exposed is not
higher in the latter sub-portfolio. In fact, theasen is that banks’ solvency benefit from a
strict monitoring of these ratios. This paper destates that banks can play with the
borrower’'s downside payment and debt service tormeratio to avoid excessive growth of
credit risk. Using these tools, banks can adjust ldnding terms to the borrowers’ own
financial situation or constraints, allowing theserrowers to access to home ownership.
Therefore, it is more the combination of LTV and D3atios than the use of each ratio
separately that help to maintain the contributiérhigher LTV or higher DSTI groups of
borrowers to the total portfolio credit risk at nageable levels, what is in line with the
Campbell and Cocco (2011) predictions. Moreover,regults demonstrate that by efficiently

allocating capital to borrowers who differentiaterh each other in terms of their own

2 The decision to borrow for rental investment ficiy obeys other factors which are specific to ¢hes
investors. In particular, because people choo®ntat investment are less financially constrairtied LTV ratio

— or the down-payment ratio - is largely determibgdan objective of optimal allocation of househslsavings
between investments in real estate and financi&gdtasFor this reason, banks could allow borrowereduce
their personal contribution if the result is to mtain an optimal proportion between real estatetasand
financial assets in the household’s total portfolitoreover, decisions to invest obey also exogerfaators
such as fiscal incentives.
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characteristics and of the characteristics of theians, banks can raise significant
diversification benefits in housing loans portfalio

Our findings also demonstrate that the heteroggmaiptured by credit ratings, or PDs, the
only source of heterogeneity in the asymptotic tactor framework, fails to describe the
effective heterogeneity in default rates withirgportfolios. Adding new risk factors allows
controlling for potential risk concentration or digification effects. Indeed, risk factors
associated to credit standards such as the LTV SFIDatios appear to have significant

effects on the heterogeneity of credit risk in hogdoans portfolios.

The paper is organized as follows. Section 2 isotel/ to the literature review. Section 3
presents the data and explores the relationshipeleet LTV and DSTI ratios and the rate of
default on housing loans. In section 4, we sethepnultifactor model of portfolio credit risk.
In section 5, we presents the economic capital icapbn of holding portfolios with high
LTV and DSTI ratios borrowers. Section 6 concludesl shows policy implications of our
findings.

2. Relation to the literature

This paper relies on the strand of the literatuygng) to understand the channels through
which LTV and housing loan affordability determidefaults. Davis and Van Nieuwerburgh
(2014) have supplied a rather extensive review apomtheoretical findings on how changes
in mortgage choice and house prices can explainbtd®n and bust of the 2000s. And

numerous empirical studies verify these findings.

The main channel through which lower down paymeotsild have been important
contributors to the rise of default rate during shdprime crisis is through the negative equity
threshold, as demonstrated theoretically by Canhpimel Cocco (2011). The LTV represents
the equity stake that households have in their égu& higher LTV increases the probability
of negative home equity, what favors the ratioragision to default. Thus, any decrease in
house prices cause borrowers’ outstanding mortalgéity to exceed their home value, and

for these borrowers default can increase their theéit the US, the default rate pattern line
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up with the patterns in the LTV and DSTI ratios.eBtind (2008) and Mayer, Pence and
Sherlund (2009) document that negative equity ahaylaer LTV ratio lead to more defaults
in US mortgage markets. They find substantial evigethat decline in house prices is a key
factor in the rise of defaults in US mortgage meslka the end of the 2000s. Using also US
data, Bajari, Chu and Oark (2008), and Furlong &akhtamanova (2012) bring similar
evidence that one main driver of default in theergécsubprime crisis is the decrease in home
prices. Evidence shows that problem mortgages enuB surge beyond what job growth
alone suggested (Duca and al., 2010, 2011). A lsizakaxation of mortgage standards tends
to raise the effective demand for housing and &al fihe price bubble. On the contrary, in
countries with more stable credit standards, argrshooting of house prices owed more to
traditional housing supply and demand factors tieacredit conditions (Duca and al., 2010).
Considering the Korean market, Igan and Kang (20adnd that LTV and DSTI limits are

associated with a decline in house price appreciand in number of transactions.

However, default is costly for the borrower. As drapized by Campbell and Cocco (2014),
borrowing constraints are also relevant for theadkfdecision. Negative home equity is a
necessary but not sufficient condition for defadlhe negative equity default threshold
depends on the degree to which households aret cawstrained. At low level of negative
equity, financially distressed borrowers would preto avoid costly default. In fact,
according to Campbell and Cocco (2003), and Carhp€06), households base their
decision on risk-management considerations. Thdcehof loan characteristics reflects
household’s adjustment to borrowing constraintsiémage interest rate risk, house price risk
and inflation and income risks, while maintaininge tutility of the non-durable goods
consumption. Thus, any decrease of down paymedtaag relaxing of financial effort help
to loosen the borrowing constraints that are entayad by borrowers. Therefore, in case of
house prices shocks, at low level of negative ggquitore constrained borrowers would
default more frequently on their mortgages (witheetourse) than less constrained ones,
while at high level of negative equity, all borrawevould choose to default whatever the
degree of the credit constraints. Bajari and @08}, Bhutta and al. (2010) and Foote and al.
(2008) show results consistent with these predistitor the US mortgage market. Other
found that higher DSTIs at origination contributeat higher probability of default, although
these effects appear to be less strong than tHos&\§ and seems to be inconsistent over
time (Ding et al., 2011, Foote et al., 2009). Thisralso some evidence that the default rates

of lower income borrowers are more sensitive teothctors than LTV, in addition to being
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generally higher (Quercia et al., 2012). High level LTV and DSTI ratios are correlated to
defaults, and a loosening in LTV and DSTI standatdads to a concentration of
delinquencies (Chan, Gedal, Been and Haughwoutg3)20&inally, grounding of this

empirical evidence, Laufer (2013) and Hatchondo ahd(2013) have built models of
households decision in which they demonstrate ffdicies aiming to impose tighter
borrowing constraints - under the form of LTV an&D caps - and better lenders’ legal
protection (stronger recourse) might reduce thawlefate. Their results confirm the findings
of Campbell and Cocco (2011).

Lenders’ risk management practices can also expifiierences in delinquency rates,
particularly for higher risk borrowers (Moulton (B®), Ergungor (2010), Moulton and
Ergungor (2011), Rosen (2011)). These findings ssgthat the better performance of local
banks come from relationship banking. While tratisacbanking may be sufficient for
higher income borrowers with good credit qualitglationship banking may play a role for
low income borrowers, when soft information and mummg are needed. The authors verify
that relationship banking is critical for the suistdoility of credit to borrowers with lower
income and higher risk. Research findings demotestiso the impact of predatory lending.
Agarwal and al. (2014) demonstrated that thesetipesccontributed to around one third of
the rise of mortgage defaults rates among subpbionowers. Other studies show that less
informed and less sophisticated subprime borrovaeesmore prone to choose risky loans
(Bucks and Pence (2008), Mayer, Pence and She(RO@R)). Moreover, credit standards
relaxation may come from mortgage regulation itsging Indian data, Campbell and al.,
2012, demonstrate that government intervention &tate regulation aiming to promote
homeownership, in particular leverage restrictionsgy have contributed to a surge in
delinquency during the 2000s in India. So, thiglemce shows that this cause of relaxation of
lending terms could also favor defaults. On thetr@og, using French data and considering
the availability of regulated loans for low incorberrowers, Dietsch and Petey (2013) show
that supplying loans with financial assistance uritte form of downside subsidies helps
financially constrained borrowers to absorb incosteocks and thereby allows these
borrowers to present on average the same levekdftaisk as borrowers using market loans

without any assistance.

However, this literature has two drawbacks. Firsdst of the studies devoted to the impact of

LTV and DSTI caps consider loans markets where gages are the dominant type of loans.
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Moreover, theoretical and empirical findings apygdymortgages without recourse. They show
that the attractiveness of default to a borroweregawith the lender’s ability to recover house
value in case of default. In most European cousithi@using loans are mainly with recourse,
what means that lenders benefit from a higher ptiote. Under the French law, all housing
loans are with recourse: any lender is able toymuesdefaulted borrower and take control of
all its assets to recover the entire balance ofd#faulted loan. In addition, in France, a
majority of residential loans are secured with argatee instead of a mortgage, what means
that borrowers share directly loan losses by puittimeir money in a mutual fund. These
features help to understand why default occursegexclusively for cash-flows reasons and
not for home equity extraction reasons. Default rhaymore likely attributed to negative
income shocks rather than to negative house pshlesks. Accordingly, the loan supply is
more conditioned by the solvency of the borrowemtlby the value of its house. A second
drawback is that main findings are focusing on lieerower solvency, more than on the
lender’s solvency. In this paper, we will changes therspective and put the emphasis on

issues related to portfolio credit risk management.

3. The data and the relationships between credit
standards and the default rate

This paper uses a unique database provided by @ fgnch banking group. As mentioned
previously, a particularity of this database ist tihaovers a large variety of clienteles from
households borrowing on the regular housing loaasket to low-income borrowers using
regulated loans providing financial assistance. d&abase provides information about loans
characteristics (amount, maturity, type of interase¢, type of loans, regulated or not, loan-to-
value and loan-to-income ratios) and also on boersveharacteristics (such as the age of the
borrower, its marital status, its profession antspeal savings). The database provides also
borrowers’ ratings at the loan’s origination. Thataket retains housing loans which
destination is to finance home ownership and camsidhe borrower level. Our dataset

contains 850 896 loan recofdand represents around one fifth of the Frenchihgusans
market (home ownership financing). Complete indmaldinformation is provided over the
2002 to 2010 period.

3 Each file comprises one or several loans contraotée 2000s or before and still living at leaseo
year during the 2000s period of this study.
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Here, the analysis is focused on the two the doaym@nts in proportion of the investment at
the origination, which is a proxy for the LTV ratiand the DSTI ratio, which measures the
loan’s burden relatively to the borrower’s incontéhee origination of the loan. In France, the
default rate did not explode as it did in other &dagan or non European mortgage markets,
despite the rapid growth of the French housing doamarket and the change in credit
standards in the first half of the 2000s, to conwith the increase of house prices, The main
purpose of this section of the paper is to docuntieatrelationship between the two credit

standards and the rate of default.

3.1. The changes in LTV and DSTI credit standards d  uring the 2000s

We have segmented the portfolio in four segmenpeidi@éing on the borrowers’ LTV and on
the borrowers’ DSTI tranches. These segmentatiare whosen by testing different possible
segmentations by using a logit model of the ratdedfult. We retained the segmentation that
produced the most significant differences in theftcients associated to the fixed affects by
segment. This procedure allows isolating the umsgment grouping borrowers with the
highest level of each ratio. The upper class rgugsdaorrowers whose ratios are far over the
thresholds value of 100% for the LTV ratio or 33% the DSTI ratio. The borrowers
belonging to these upper segments share persoaaatéristics which show that they are not
necessarily riskier than the other borrowers, asmwlledocument it in what follows. Notice
that this methodology also allows isolating thersegt just below the upper one which
regroups borrowers who are close to the current tirgshold and DSTI thresholds ((around
95% to 100% for the LTV ratio and equal to the stlecd French 33% rule for the DSTI
ratio). And, lastly, the two first segments cormasg to the smallest values of the ratios (LTV
lower than 70% and 95% successively, DSTI lowentB&% and 33%). All in all, this
segmentation allows distinguishing borrowers wheae teery different choices of these ratios
as a solution of their financial constraints at thegination and who suffer different

borrowing constraints as a consequence of theicebo

Figure 1 presents the distribution and the charfgeT& and DSTI ratios for new loans
through the 2000s.
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Figure 1 — Changes in LTV and DSTI ratios throught he 2002-2010 period
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Figure 1 documents the rise of DSTI and LTV raabshe origination through the 2000s in a
context of spectacular growth of the number of leantracts, their average amount and
maturity (ACPR, 2014). All the distribution of DSTatio shifts from 2002 to 2008, and then
tends to move back, stabilizing at a higher leWéhereas the so called French 33% rule
corresponds to the upper quartile at the beginmihghe period, it finally matches with

median and mean in 2010. Significant growth camls&erved concerning LTV ratio, except
that upper quartile stays almost steady througlpémed. But the median grows up to 2010,
reaching almost 100%. Observation shows that theéesaof LTV and DSTI ratios are not

independent and that lender combines the two imterin their lending decisions.

Thus, in the upper class of LTV, which has knowa thore rapid growth during the period,
the share of borrowers with higher level of DSTiias represents less than the majority of
loans even if this share has decreased from thiefiag of the period to its end. Moreover,
in this upper LTV class, the relative share of bagrs with DSTI ratios over the 33%
threshold is not very different from the proportie observe in the lower LTV ratio classes.
In the upper class of DSTI, the proportion of bareos with LTV ratio over 100% tends to be
lower than in the penultimate class in the secoeribd. All these observations demonstrate
that banks manage simultaneously the values ofwberatios. Indeed, the DSTI ratio, the
amount, the maturity and the share of adjustalike tend first to increase with the level of
LTV, when the LTV ratio is lower than 100%, but then the upper class of LTV (over
100%) the value of the DSTI ratio decreases sicpuifily (see Appendix A for detail). In
other words, lenders tend to allow highest valuesTd/ only if they have the possibility to
secure lower values of DSTI. The two ratios seeilpetonanaged simultaneously.
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The same kind of observation can be made whenaemmsg DSTI classes. In the upper class
of the DSTI ratio, the average level of the LTVioas lower than in the lower DSTI classes.
It also appears that the borrowers located in tagsoof LTV or DSTI close to the respective
common thresholds of 100% and 33% are sufferingawerage of more severe borrowing
constraints as demonstrated by the high level ef dther ratio, the high levels of the
borrowed amount of duration, and finally the highgoportion of borrowers choosing

adjustable rates.

3.2. The impact of LTV and DSTI on the default rate

The following figures 2 and 3 document the riselefault rate during the 2000s by classes of
LTV or DSTI. Figure 2 shows that after a periodstdbility during the first part of the 2000s,
the default rates begin to grow in 2007. The risgedault rate characterizes more particularly
the two classes of high LTV ratios (LTV < 95%). Hewver, despite the growth of default
rates over time, it's important to note that defaates associated to LTV over 100% stay
smaller than ones associated to LTV between 95%18608&0, all over the period under study.
Therefore lending terms seems to be more managexsh Wwhnks consider the borrowers
crossing the 100% LTV ratio threshold.

Figure 2 also shows how default rates increasetian2000s in each DSTI class. First, we
observe an upward trend of default rates after 20l DSTI classes, and then we observe
that the rate of default begins to increase with@$TI ratio in the three first classes. But, the
rate is lower in the upper class of borrowers whad® is over 36%: these borrowers are

characterized on average by the smallest defaeltorger the period.
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Figure 2 - The annual default rate (in %) by class  of LTV and DSTI in the 2000s
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To complete the analysis on the two distinct maaerdential tools just shown, we now look

at a segmentation crossing LTV ratio and DSTI ra@imm the sixteen feasible classes, we

retain only sevef trying to group together classes with similarrbarers’ characteristics.

Figure 3 presents the default rates through thiesses.

4 The seven classes are built as follows : low LT ow DSTI (LTV < 95 % and DSTI < 25 %), low LT\hd high DSTI
(LTV < 95 % and 25% < DSTI < 36%), low LTV and higt DSTI (LTV < 95% and 25% < DSTI < 36%), high LEvid
low DSTI (LTV > 95% and DSTI < 25%), mid LTV andghi DSTI (95% < LTV < 100% and 25% < DSTI < 36%)gthi
LTV and high DSTI (LTV > 100% and 25% < DSTI < 36%nd high LTV and highest DSTI (LTV > 95% and DSTI
36%).
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Figure 3 - The annual default rate (in %) by class  mixing LTV and DSTI ratios in the 2000s
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As observed before, the highest default rates ateamssociated to the highest LTV and
highest DSTI tranches. On the contrary, we obstraethe highest LTV and DSTI ratios are
not associated with higher default rates. In fiet, highest default rates are found in tranches
where borrowers are close to the threshold val@iéiseoLTV and DSTI ratios. We will show

later that these borrowers are the most financaihystrained.

3.3. How borrowers’ characteristics impact LTV and DSTI choices

By looking at the borrowers characteristics, we datermine which characteristics are the
more frequently associated with defaulted borrowersm the database, we have selected the
following borrower’s characteristics: its savingeaits marital status, its profession or socio-
economic status and its age. We also observe hese ttharacteristics vary in two periods of

successive vintages.

Table 1 shows the distribution of borrowers’ ch&dstics according to the LTV classes, and
by period. In the two periods, small LTVs are assed to almost older borrowers — who
likely have accumulated more savings - and people have good professions and earnings.
On the other hand, workers and young borrowers loaivaverage higher LTVs ratios. So,
borrowers with small LTV raticeem less financial constrained. In the class ofolbe@rs
with high LTV ratio, this high level can be explained by ttaet that they are frequently

single or living alone, so that their savings latlwer. However, borrowers in this class tend
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to be older and they benefit from higher incomesjolhat means that their ability to support
higher debt burden is better over their life cyitlen in the penultimate class where borrowers

seem to be more financially constrained.

Table 1 - Distribution of borrowers' characteristic s according to the LTV classes

Whole portfolio LTV < 70% 70% =<LTV<95% 5% IZZ;TV < 100% =< LTV

2002to 2006to 2002to 2006to 2002to 2006to 2002to 2006to 2002to 2006 to
2005 2010 2005 2010 2005 2010 2005 2010 2005 2010
vintages vintages vintages vintages vintages vintages vintages vintages vintages vintages

Nosavings 220%  221%  165% 163% 164%  163% 193% 17,8%  340%  32,0%

Saving oo 109  177%  23,1%  13,6%  180% 139% 175% 27,1%  30,5%  23,3%  30,0%

rate
[10%, and

y 60,4% 54,8% 70,0% 65,7% 69,7% 66,3% 53,6% 51,7% 42,8% 38,1%
more

Others
Bank qualities
account  Average 18,1%  30,9%  13,4% 24,4% 17,3%  29,5% 21,0% 33,8%  23,6%  37,0%
quality

3,9% 6,0% 3,3% 5,6% 3,7% 5,6% 4,2% 5,9% 4,8% 6,6%

Good Ofd"e’y 77,9% 63,1%  83,3%  70,0% 79,0%  64,9% 74,8% 60,3% 71,6%  56,5%
goo

Single 16,0% 19,7% 17,0% 25,8% 16,5% 24,9% 10,4% 12,9% 17,9% 19,7%

Marital - Marriedor 73000 71,4%  62,6%  52,0%  752%  6€55%  857%  82.4%  712%  72,2%
status cohabiting

Others 11,0%  34,4% 204% 322%  83%  319%  4,0%  390% 11,0%  33,2%

Workers ~ 31,5%  31,0%  20,8%  22,3% 33,7% 293% 42,5%  40,0% 30,0%  25,6%

socio-  Bureaucrates 26/4%  28,0%  27,2%  24,7%  26,6% = 342% 233%  250% 27,6%  282%

economic Middle

status 21,9%  241%  20,0% 21,7% 22,7%  22,4% 234% 258% 21,4%  24,8%

managers
Top wealthy 202%  16,8%  31,9% 31,3% 171% 141% 108%  92%  211%  215%

age under 35 44,0% 49,9% 25,1% 25,6% 49,5% 48,6% 57,1% 58,4% 44,5% 51,2%

age between 3509  31,4% 37,0% 32,0% 34,7%  33,1% 32,5% 30,7% 351%  30,7%
Ageof  3504nd45

borrower
age between

45 and 55
age over 55 6,3% 6,4% 14,5% 19,6% 3,7% 5,6% 2,1% 3,0% 5,5% 5,9%

14,8% 12,3% 23,4% 22,9% 12,2% 12,7% 8,4% 7,9% 14,9% 12,3%

Source : Bank data and authors’ computations

Table 2 shows the distribution of borrowers’ chégastics according to the DSTI classes. It
shows first that borrowers with small DSTI ratie@ anore frequently married or cohabiting —
what means that the households benefit from twocgsuof income - and they are also older.
In addition, borrowers in the upper DSTI class temtie less financially constrained. Indeed,
even if borrowers in the two highest DSTI ratiossleasare more frequently single and have a
lower saving rate, what may explain their high D$auel, they tend to be older and have

better jobs.

20/52



Table 2 - Distribution of borrowers' characteristic s according to the DSTI classes

25% < DSTI =< 33% < DSTI =<
. < 750
Whole portfolio DSTI =< 25% 33% 36% 36% < DSTI

2002to 2006to 2002to 2006to 2002to 2006to 2002to 2006to 2002to 2006 to
2005 2010 2005 2010 2005 2010 2005 2010 2005 2010
vintages vintages vintages vintages vintages vintages vintages vintages vintages vintages

No savings 22,0% 22,1% 19,1% 17,7% 22,2% 22,3% 24,4% 24,6% 24,3% 23,4%
Saving rate 10%,10%[ 17,7% 23,1% 11,3% 14,5% 19,0% 23,4% 21,2% 27,6% 22,5% 26,5%
[10%, and

y 60,4% 54,8% 69,6% 67,8% 58,8% 54,3% 54,4% 47,8% 53,2% 50,1%
more

Others
qualities
Average 18,1% 30,9% 14,4% 26,3% 18,5% 31,3% 20,8% 32,8% 21,5% 32,7%

3,9% 6,0% 3,2% 5,3% 3,7% 5,6% 4,5% 5,9% 5,3% 7,1%

Bank account

quality
Good O’d‘/e’ V' 779% 631% 82,4% 684% 77,9%  63,1% 747%  613% 732%  60,3%
goo
Single 16,0% 19,7%  11,0% 13,0% 17,2% 19,3%  222%  259%  233%  21,4%
Marital status M‘;’Ir i ;?;’_ or 73,046 71,4% 757% 76,0% 73,2% 725% 642%  651% 60,2% = 67,2%
conaoiting
Others 11,0% 89%  133% 11,0%  9,6%  82%  13,6%  90%  165%  11,5%
Workers 31,5% 31,0% 30,4% 32,1% 32,7% 31,3% 252% = 29,1% 283%  26,0%
socio- Bureaucrates  26,4%  28,0%  23,8%  22,4% 272% 29,7% 30,1%  23,5% 26,7%  36,8%
economic .
<tatus Middle — 31,9%  241% 205%  22,8% 22,7% 257% 208%  232% 192%  152%
managers

Top wealthy ~ 20.2%  16,8%  253%  22,8% 17,4% 134%  23,9%  242%  259%  22,0%

ageunder35 440%  49,9%  31,7%  32,0% 493%  53,2% 44,5% 551% 360%  43,7%

agebetween  35a9  394%  37,7%  32,8%  33,9% 30,9% 32,8%  30,7% 39,1%  35,1%
Ageof 35and 45
borrower

“Z‘; bezwsese” 14,8% 12,3% 19,7%  18,9%  12,5%  11,1% 16,4% = 10,2%  182%  13,8%
an

ageover5s  63%  64%  109% 162%  44%  48%  63%  40%  68%  74%

Source : Bank data and authors’ computations

To summarize, while previous features confirm thatrowers in the lowest LTV or DSTI
tranches are likely the less financial constrainbey also show that borrowers with the
highest ratios are not necessarily more constrailmethct, the more financially constrained
borrowers are those in the LTV and DSTI classeslwhre the closest to the thresholds (i.e.
approaching the 100% LTV ratio and the 33% DSTibjat
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4. The measurement of portfolio credit risk

To be reliable, any measure of portfolio credik rshould, first, properly quantify portfolio-
wide credit risk, second, correctly assess depearydanross obligors and the risk of credit
concentration, and third, permit risk to be allechft the segment level to establish the
cartography of risk within the portfolio. Thus, this section, we present a multi-factor
extension of the structural single factor model @@ 2000, 2003) to take into account
borrowers’ heterogeneity and multiple sources eflitrrisk (Dietsch and Petey, 2014). Then,
we specify this model as a generalized linear mixediel (GLMM) to produce estimates of
the credit risk parameters we need for the caldmadf the model. Finally, we use these risk
parameters as inputs in the computation of thenpialelosses that may occur at the total
portfolio and sub-portfolios levels. By computirtgetcontributions of specific sub-portfolios
to total potential losses, this procedure allowsdttect situations where sub-portfolios
generate potentially large number of correlatedaules or, on the contrary, portfolio
diversification benefits.

4.1. The common structure of the single factor and multifactor
models

The multifactor model belongs to the class of dtiat credit risk models devised by Merton
(1974). Thus, losses at the portfolio level cardbéned as the sum of individual losses on
defaulting loans in the portfolio, adjusted for 8@verity of these losses. Thusyjis defined

as the loss given default (LGD) of an obligor i ahd;is defined as the default indicator
variable of obligor i {; takes the value of 1 if there is a default andt®vise), then the

total portfolio losses L may be computed as follows

n
L= Z uiYi
=1

L

In structural credit-risk models, default occur¢hié situation of a borrower crosses an default
threshold that is calibrated in accordance withstia¢ionary (long-term) default probabiliy

of obligori.,:
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Vi=1le U=w\ s+ {1-w;Rwe < @71(p) (1)

Here, the financial health of obligoris represented by a latent (unobservable) varidhle
and the level ofU; is determined by the realizatiossof a set ofS w;is the vector of
sensitivities (or factor loadings) of theth borrower to the systematic factors ands a
specific risk factor for borrower In the above equatioR is the correlation matrix of the risk
factors, assuming that the risk factors are muifiata Gaussian® is the standard normal
cumulative distribution functionl; is standard normal. Specific risk factors are amslito

be uncorrelated among obligors and independent &ystematic factors.

Thus, given a realization s of the systematic fagidtor, equation (1) can be rewritten such as

a default occurs when:

o~1(p) —w's

1/ 1-— W’l'RWi

El'<

As the borrower’s specific risk factor is normaltlistributed, the default probability
conditional tos follows the standard normal cumulative distribotitunction. Moreover,
assuming that specific risk can be entirely difeadiaway, then losses can be approximated
by their expected value conditional $qGordy, 2000). Conditional portfolio losses arerth

defined as follows:

~ C @B —wiis
L(s) = ;uld)[ m (2)

This framework is known as the asymptotic multitéedramework of credit risk (e.g., Lucas
et al., 2001). Equation (2) assumes that each ambtign be characterized by his individual
default threshold and factor sensitivities. Howewerretail loan portfolios, default rates are
generally computed based on rating grades, anditiséres to risk factors cannot be
computed on an individual basis. Thus, assumptaresrequired to reduce the number of
parameters of the loss variable. A common assumpsichat obligors who belong to the
same rating notchwill share the same default threshold. Moreovag oould further assume

that the vector of risk factor sensitivities is teame for obligors who share the same
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characteristic. Hence, assuming the existencepartdolio that is composed & segments,

losses can be rewritten as follows:

& O~ 1(p;)—wys
L(s) = ZZuicbl B , i 3)
k=1i=1 V1—wiRwy

The implementation of the multifactor model regsitbe specification of the dependence
structure of risk factors and the estimation of tlefault thresholds and sensitivities to
systematic risk factors. When using a random efpetification of the risk factors, there is a
correspondence between the conditional defaultgimtity of equation 3 and econometric

approach grounding on generalized linear mixed o MMSs).

4.2. Econometric estimation of the portfolio’s cred it-risk parameters

The implementation of the multifactor model reqsirdetermining the risk factors. In
mortgages portfolios, as shown before, sourcesetdérbgeneity can be linked to the loan
characteristics, which allow distinguishing diffetgortfolio’'s segments. Here, the problem
is to identify the risk factors leading to borrowedefault. A natural way in searching for
explicit risk factors would be to make explicit tleent factor in the Merton framework by
introducing a set of macroeconomic or sector véemlHowever, retail banking markets are
local by nature and lack of time series data oemiml risk factors at the local level may limit
the implementation of such an approach, which mroonly used to compute dependency
structure in corporate assets portfolios. Thalhésreason why we choose to add latent factors
that can be linked to observable loan charactesisiiherefore, to implement a multifactor
approach, portfolio segmentation has to be builidentifying groups of borrowers with the
same observable characteristics — here, LTV andID&VEIs - which expose them to the
same risk factors. This approach invites to usanalam effects specification by segmenting

borrowers’ defaults histories according to a corabon of risk factors.

Using a random effect specification of the risktdéas, we can estimate the default thresholds
and factor sensitivities by implementing an econmimenodel that belongs to the class of

generalized linear mixed models (GLMMs) and comsifiked and random effects for
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observable and (latent) unobservable factors, otispéy®. Here, the fixed effect which
corresponds to the default threshold is definedhleyrating class, and the random effects are
defined by a segmentation of the portfolio by oneseveral loan characteristics. The central
variable in equation (3) is the conditional defaptbbability. Within the framework of
GLMM models, this conditional default probability defined as follows. L&f be an (N x 1)
vector of observed default data at timendy, be the (K x 1) vector of random effects. The

conditional expected default probability of obligat timet is then:

P(Yy = 1lyy) = o(x'iff + zive)

where®() is the standard normal cumulative distributionction 6,3 denotes the vector of
parameters associated with the fixed effect (theoweer’s rating class) ang is the design
matrix of the random effects, here an identity matrith size the number of random effects.
If the rating scale is properly built, we expece {8 parameters which correspond to the
default thresholds associated to the ratings toioered and increasing as credit quality
decreases. In the above equatiog,= [0, ...,1, ...,0] is a (1 x J) vector of dummies defining
the rating of borrower at timet. The random effects are assumed to follow a narite
standard normal distribution with covariance makiand correlation matriR. Because we
assume that borrowers within segments are integdabie, the estimations Bfand do not
involve individual borrowers but instead use thearerly default rates within segments.
Assuming that defaults are independent conditionalandom effects, the number of defaults
in the portfolio is binomially distributed. The dtitional probability of Y, = (Y;; =
1,..,Y;m = 1)is then

ne
. 1-y;
P, =yelv) = | [P = 1re(1 = P = 1170) ™ v 3: € (1,03

=1

Further assuming that the random effects are lgeliedependent (but possibly cross-
sectionally correlated in the case of multiple @mdeffects), the unconditional probability of
Y; is as follows, definin@ as the parameter vector that comprises all unksamh, R andg

as the multivariate Gaussian distribution:

5 Detailed presentations of the implementation oMBL models in credit-risk modeling can be found irciNkil and Wendin
(2007).

6 We focus on the probit link function because thenra distribution is the underlying link functiohat is assumed by the
Basel 2 framework of credit risk.
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FOl,6) = j P(Y, = yelyo) g(re16)dy,

The likelihood function with serially independeandom effects is finally:

T
L, 0ldata) = | | £0e18,0)

4.3. Capital allocation within a multi-factor credi  t-risk model.

Once the credit-risk parameters are estimated, amebaild the distribution of losses at the
portfolio level by a Monte Carlo simulation of thisk factors, with each realization of risk
factors being converted into a conditional defauttbability at the fixed/random effects sub-
portfolio level as defined by equation (3), andliganto conditional expected losses at the
portfolio level. However, to assess the credit riska given type of borrower within the
portfolio, we need to compute its contribution tmeomic capital. This calculation requires
the portfolio-wide economic capital to be allocatedsub-portfolios or individual assets.
From the findings of Tasche (1999) and Gouriérouale(2000), the marginal contributions
to a portfolio value-at-risk (VaR) can be expresasdhe expected loss on a given exposure,

conditional on losses reaching this VaR:

E[Lilyaryw)=L]

RCVAR; = ElLi|L = VaRa(D] = 5 =

(4)

Equation (4) indicates that if there is a positprebability for losses to reach a portfolio’s
VaR, then the computation of marginal contributiomd#l rely heavily on the ability to
estimate individual losses as aggregate losseagprthis VaR. Thus, in the context of a
Monte Carlo simulation, the conditional mean maybased only on a limited number of
simulations, producing unreliable estimates. Tormap the estimation procedures, some
authors (Tasche, 2009, Glasserman and Li, 200%ffeghd Leippold, 2010) have used
importance sampling. Importance sampling consistsslufting the parameters of a
distribution in ways that increase the likelihoddobserving certain desired realizations of
the variables. The main difficulty with respectttos approach relates to the choice of the
alternative distributior*. In this study, we follow the methodology of Tast2009) and

shift only the risk factor§) means in the following manner:
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Si = S; — Ep[Sil + py with p; = E[S;|L = VaR,(L)]

L

The next step is the computation of the conditiaglectation as defined by equation (4).
Because the computation of VaR is accomplishedutfirdMonte Carlo simulations, both the
realizations of the risk factors and the resultargdit losses are known. This information
permits the utilization of the non-parametric Nagal\Watson estimator for conditional
expectations. If the standard normal density islesethe kernel and h is used to denote the
bandwidth of the kernel, then the estimator of ¢baditional expectation for risk factor k
may be defined as follows:

VaR,(L) - L
{=1 Skq) < Dl(h) t)
T & (VaRa(}f) L)

E[Sk|L = VaR,(L)] = with h = 1.065, T~ /5

t=1

Assuming perfect granularity of the portfolio, € possible to compute a single marginal
contribution based on the rating/segmentation bégiaombination rather than by proceeding
at the loan level. For borrowers with rating j wittharacteristic k, losses are then

approximated by the following expression:

Nk

D1(p;) —wis
L(sy) = Zuj¢)l (p]) , k kl
=1 \/1—WkRWk

Once the shifts in the means are computed for fathe risk factors, the next step in the
analysis is to obtain realizations of the risk éastunder the new distribution to once again
compute the aggregate losses for the portfolio #wedindividual losses within each sub-
segment and rating grade. Tasche (2009, propogit®nestablishes that conditional on VaR,
the expected losses under the natural distributeom be defined as follows, wiih as the

likelihood ratio between distributions F and F*:

Ep+[L;S|L = VaRy(L)]
Ex[8|L = VaR,(L)]

Ep[Li|L = VaRy(L)] =
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As discussed above, these conditional expectatamsbe computed with the Naradaya-
Watson estimator, and simulations of risk factord Bbsses can be obtained under the shifted
distribution. Lastly, these expected losses caaduggegated across ratings for each modality

of the segmentation variable to compute segmeng-w@bnomic capital requirements.

5. How LTV and DSTI ratios management can
preserve banks’ solvency

Here, we estimate the efficiency of LTV and DSTpgas tools to control lender’'s exposure
to credit risk. Applying the multifactor model, $it we will consider the two segmentations
which rely on these ratios. Then, we will buildegsentation combining the LTV and DSTI
criterions. In what follows, we will use successywenvo types of results of the multifactor

model when measuring the impact of each ratio.

Firstly, the matrixes of variance-covariance amdéagors allow assessing the existence of
concentration or diversification effects. Concetiira would be high either if the variance
within each portfolio segment is high or if the aaance between this segment and other are
high. On the contrary, diversification benefitsstxf the covariances between LTV or DSTI
segments are weak or negative. Therefore, one isgaeknow if the lender could exploit the
heterogeneity across borrowers located in diffesggments where these borrowers are
exposed to different risk factors. For instanceydeers with low down payment or highly
leveraged, who suffer higher borrowing constraimisuld be sensitive to real interest or
income shocks, while borrowers with high down pagtre weakly leveraged would not be
exposed to these risks but instead would be mopesed than the latter to house prices

changes that could affect their home equity.

Secondly, we will use results related to the comfporn of economic capital requirements.
Here, results will be expressed under the form ofapital ratio which relates capital
requirements needed to cover potential unexpeowsks$ to total exposures of each segment.
In fact, we will compare three capital ratios: flithe economic multifactor ratio computed by
using a multifactor model which takes into accoadtitional risk sources, secondly, the

economic single factor ratio, which uses the stehdaSRF model to compute asset
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correlations and, lastly, the regulatory capitaiorduilt by using the Basel 2 regulatory
formula in the IRB approach (we have assumed aerwaBve 15% LGD rate). The

comparison of the multifactor capital ratio withetlsingle factor capital ratio also allows
detecting the existence of portfolio diversificatibenefits, if the capital ratio provided by a
multifactor model is lower than the capital proddéy the single factor model. The
comparison of the economic capital ratios with tégulatory ones allow to detect potential
situation where the regulatory capital requirementght be insufficient to cover extreme
losses in segments characterized by high levelh@fLTV or DSTI ratios. To compute

capital requirements, whatever the model, we toquite conservative 15% LGD value and a
(Basel 2) 99.9% quantile of the probability distttion function.

5.1. The impact of LTV on capital requirements

The loans portfolios are segmented using the fanches of the LTV ratio presented above.
Table 3 shows the covariance matrix provided bynthdtifactor GLMM model and table 4
presents the value of the capital ratios by segroehfTV (see Appendix B.1. for details on

estimation results).

Table 3 - Variance — Covariance matrix among groups  of borrowers in different LTV tranches

LTV < 70% =< LTV 95 % =< LTV < 100 %
70% <95% 100 % <=LTV
LTV <70 % 0.0093 -0.0025 -0.0034 -0.0050
70% =< LTV <95%  -0.0025 0.0103 0.0145 0.0163
95 % =< LTV <100%  -0-0034 0.0145 0.0228 0.0226
100 % <= LTV -0.0050 0.0163 0.0226 0.0267

Source: bank data and authors’ computation. Most covariances’ values are significant: see appendix B.

Table 3 shows that the covariance among borroveag@nal of the matrix) is higher in the
two segments characterized by the highest valubel TV ratio. Observation shows also
that there are strong covariances between thesesagments. Correlated defaults are more
frequent there than in segments with lower LTVastiSuch results tend to demonstrate that
the same latent systematic risk factors affect kanaously borrowers with higher LTV
ratios. On the contrary, the level of the covarem quite low in segments which group
borrowers with low LTV ratios, what means that loovers in these segments are more

iImmune to common latent systematic risk factorsrédwger, negative covariance show that
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diversification benefits occur when including baveys located in the latter LTV tranches in
the total portfolio.

Higher covariance associated to higher LTV ratexel means that higher LTV values may
produce more correlated defaults — i.e. more craslit concentration - in the portfolio’s
corresponding segments. That is in line with theeobed growth of the rate of defaults after
2007 in the population of borrowers choosing highgY ratio. Indeed, capital ratios results
show that the marginal contribution to total pditf@redit risk is higher in the segments with
higher value of the LTV ratios. This is likely tlrect consequence of the higher correlation
between borrowers’ situations but also of the higABs of these borrowers, on average.
Therefore, our results seem to validate the usegslrof strict LTV standards to manage
portfolio credit risk and control its growth. Howay results also show that the capital ratio is
not increasing monotonically with the level of thdV ratio. In fact, the marginal
contribution to total risk of the group of borrowewith LTV ratio over 100% is lower than

the contribution to risk of borrowers located ie thTV tranche close to the 100% threshold.

So, one issue is to know why borrowers in the updar tranche contribute less to the total
unexpected losses than borrowers in the closest 85%0% LTV tranche. As we have
shown above, the upper LTV tranche is composedoofolvers who are less financially
constrained than borrowers belonging to the clodemtche. Descriptive analysis of
borrowers’ characteristics has also shown thatbiweowers’ average PD is lower in the
upper class of LTV ratio than in the closest ons.mentioned before, this result might be
explained by the fact that borrowers in this segnaea older and wealthier. However, less
risky borrowers are not necessary less prone tauttefimultaneously. Our results (table 3)
show on the contrary that covariances are reacrengsimilar levels in the two segments. In
fact, beside the lower level of the PDs, the loaagpital ratio in the segment of higher LTV
ratio could also come from the control the banksrean the other characteristics of the loan,
such as the loan amount and maturity. Indeed, pusvilescriptive statistics have shown that
average loan amount and maturity are lower in ighadr LTV tranche than in the 95-100%
tranche. Moreover, loan contracts terms includeeloglebt service to income and a majority
of fixed interest rate loans. These borrowers \ikalffer less financial constraints than the
borrowers in the closest class. Thus, banks tedichibthe amount of their exposures in this

segment by managing the entire set of credit stasda
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The comparison of capital ratios computed by usingultifactor model and a single factor
model (table 4) shows the capacity of one bank ith@dtides borrowers with different LTV
levels in its portfolio to manage its portfolio’'sedit risk. If the weighted average of
multifactor capital ratios (first column of the tal), that represents the weighted average of
the marginal contributions of each LTV tranchelte total risk of the portfolio, is lower than
the weighted average of single factor capital ea(gecond column of table 4), that means that
adding borrowers exposed to different sources sK m the same portfolio contribute to
reduce total risk. Thus, the comparison confirnesdakistence of diversification benefits when
including heterogeneous sub-populations of borrevexposed to different factors of risk.
Moreover, our findings demonstrate that the hetemegy captured by credit ratings, or PDs,
the only source of heterogeneity in the singledafitamework, fails to describe the effective
heterogeneity in default rates within large portfel Systematic risk factors associated to
loan standards such as the LTV ratio appear to @wdficant effects on the heterogeneity of
credit risk. Here, additional risk factors linkemllban characteristics tend to lower the capital

requirements due to risk diversification effects.

And, finally, the comparison of capital ratios camygx by using a multifactor model and the
Basel 2 regulatory formulas show that the regulat@pital requirements cover widely the
amount of capital that is needed to absorb the losses, whatever the segment. Therefore,
building additional capital buffers to cover poiafly procyclical additional credit risk

related to LTV changes seems to be not necessary.

Table 4 - Comparison of capital ratios using LTV se  gmentation — loans for homeownership

Economic Economic Regulatory share of
capital ratio capital ratio capital ratio borrowers in
in% in% in% the whole
Multifactor Single factor Basel 2 IRB portfolio
model model approach
LTV<70% 0.06 0.72 1.33 37.4%
70% =< LTV < 95% 0.21 0.74 1.81 35.0%
95 % =< LTV <100 % 0.50 1.38 2.48 8.7%
100 % <=LTV 0.36 1.23 2.02 18.9%
Total 0.21 0.88 100%

Source: bank data and authors’ computation.
Note: The value of economic capital for the total portfolio in the multifactor approach is the weighted average
value of the four segments
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5.2. The impact of DSTI on capital requirements

Here, the loans portfolios are segmented usingtfanches of the DSTI ratio.

Table 5 - Variance — Covariance matrix among groups  of borrowers in different DSTI tranches

DSTI =< 25% 25%<DSTI=<33% 33% <DSTI =<36% 36% < DSTI
DSTI =< 25% 0.008481 -0.00073 0.000479 0.000308
25% < DSTI =< 33% -0.00073 0.01446 0.01349 0.01242
33% < DSTI =< 36% 0.000479 0.01349 0.01444 0.01116
36% < DSTI 0.000308 0.01242 0.01116 0.01117

Source: bank data and authors’ computation. Most covariances’ values are significant: see appendix B.

Table 5 shows that the covariance among borrovekag@¢nal of the matrix) is higher in the
intermediate segments characterized by medium @638%) or high (33% to 36%) values
of the DSTI ratio (See Appendix B.1. for more estiion results). In addition, comparison
shows also that the covariances between theseramches are stronger than between the
other tranches. Correlated defaults are more frequethese tranches than in tranches with
highest or lowest DSTI ratios. That means thatobreowers in the two intermediate tranches
and more particularly in the 33% to 36% ones areensensitive to common systematic risk
factors which are specific to these tranches (amaldcbe related to stronger borrowing

constraints) than the borrowers in other tranches.

Higher covariance associated to these DSTI tranctezss that these tranches might generate
credit risk concentration. Here, capital ratiosutessshow that the portfolio credit risk is
higher in the two intermediate tranches where thvagance is stronger. That reflects the
higher correlation between borrowers’ situatiorthase segments. However, as in the case of
the LTV ratio segmentation, results also show ttie capital ratio is not increasing
monotonically with the level of the DSTI ratio. fact, the capital ratio is lower in the group
of borrowers with DSTI ratio over 36% than in groofpborrowers with lower DSTI ratio. In
other terms, highest DSTI ratios do not systemiyigaroduce more correlated defaults.
Again, it is useful to understand why borrowerdha upper tranche of DSTI ratio contribute
less to the total portfolio’s credit risk than bmwers in the closest tranches. The results
presented above show that borrowers with the high&3'| ratio are on average older and
wealthier than the borrowers with lower DSTI ratMoreover, in the tranche with highest
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DSTI ratio, the average characteristics of loantramts show that a majority of loans have
characteristics that generate lower default ragash as higher downside payments, shorter
maturity and a majority of fixed rate loans. Thah,in all, these borrowers seem suffer less
stringent financial constraints than the borrowiershe closest class. These characteristics
illustrate the existence of a kind of trade-offvbe¢n higher constraints associated to high

levels of DSTI ratio and lower constraints comingnh the other credit standards.

As in the case of the LTV ratio, the comparisoncapital ratios computed by using a
multifactor model and a single factor model (tableshows that diversification benefits
dominate concentration effects in the portfoliase do the relatively low level of covariances
between risk factors associated to the differegtmamts of the portfolio. This comparison
shows again the capacity of the bank that inclimbesowers with different DSTI levels in its
portfolio to manage its portfolio’s credit risk. @Hower value of the weighted average of
multifactor capital ratios than of the value congalifor the single factor capital ratios shows
that adding borrowers with different level of theliebt ratio who expose them to different
sources of risk contribute in this case to reduw tbtal risk of the portfolio. Thus, the
comparison confirms the existence of diversificatienefits when including heterogeneous

sub-populations of borrowers exposed to differantdrs of risk.

Table 6 - Comparison of capital ratios using DSTIs  egmentation

Economic Economic Regulatory share of
capital ratio in capital ratio in capital ratio in borrowers in
% % % the whole
Multifactor Single factor Basel 2 IRB portfolio
model model approach

DSTI =< 25% 0.09 0.89 1.91 41.9%
25% < DSTI =< 33% 0.28 1.04 2.42 44.5%
33% < DSTI =< 36% 0.29 1.13 2.32 7.6%
36% < DSTI 0.25 0.95 1.47 6.0%
Total 0.20 0.97 100%

Source: bank data and authors’ computation
Note: The value of economic capital for the total portfolio in the multifactor approach is the weighted average
value of the four segments

And, finally, the comparison of capital ratios camygd by using a multifactor model and the
Basel 2 regulatory formulas show again that thelletgry capital requirements cover widely
the amount of capital that is needed to absorldde losses, whatever the segment. Here, in

all DSTI segments, the (multifactor) economic calprequirements are at least three times
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covered by the regulatory capital requirements.idgbuilding additional capital buffers to
cover potentially procyclical additional creditkiselated to DSTI changes seems to be not

necessary.

5.3. The impact of the combination of LTV and DSTI

Finally, we consider a segmentation crossing th¥ lahd DSTI ratios. Table 7 shows the
covariance matrix given by the multifactor GLMM nebcand table 8 provides the value of
the capital ratios by segment crossing DSTI and LE\ght segments are considered here

(See Appendix B.1. for estimation results).

Table 7 - Variance — Covariance matrix among groups  of borrowers distinguished by crossing
DSTI and LTV tranches

lowLTV/ highLTV highLTV High LTV
lowlLTV/ lowlTV/ midLTV/ highest / low / high / highest

low DSTI high DSTI high DSTI DSTI DSTI DSTI DSTI

low LTV / low 0.01744 -0.00112 -0.00024 -0.00527 -0.00021 -0.00183 0.002514
DSTI

low LTV / high -0.00112 0.004323 0.001472 0.007521 0.001019 0.000266 -0.00133
DSTI

mid LTV / high -0.00024 0.001472 0.01003 -0.0031 0.01013 0.00245 0.003866
DSTI

low LTV / highest -0.00527 0.007521 -0.0031  0.02291 -0.0072 0.002402 -0.00937
DSTI

high LTV / low -0.00021 0.001019 0.01013 -0.0072  0.01255 -0.00054 0.006353
DSTI

high LTV / high  -0.00183 0.000266 0.00245 0.002402 -0.00054 0.01264 0.005973
DSTI

High LTV / highest 0.002514 -0.00133 0.003866 -0.00937 0.006353 0.005973 0.01265
DSTI

Source: bank data and authors’ computation. Most covariances’ values are significant: see appendix B.

Table 7 shows that the covariances among borroarersery low in the tranches combining
lower LTV or DSTI ratios. Moreover, negative cowarces appear when LTV and DSTI
ratios show such low values, which are the suppogortfolio’s diversification effects. On
the contrary, covariances are much higher in tigensats characterized by high levels of the
two ratios. Notice that that the integration of rowvers with higher DSTI ratios in the
segments seems to produce more correlated dethaltsthe integration of borrowers with
high LTV ratios. However, observation shows negatiovariances between the segment
combining highest LTV and highest DSTI ratios ahd bther segments, what demonstrates

again the existence of diversification benefitstfar lender.
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These diversification effects explain why the higthkevel of the capital ratio is not reach
when the two ratios are at their highest leveld,ibstead in the segments with ratios’ level
which are close to the 33% and 100% thresholds.

To summarize, the last results tend to verify thatrict management of the credit standards,
which rely on the positive interaction between barrs, is very powerful to maintain

portfolio’s credit risk at a sustainable level bgracting significant diversification benefits.

Table 8 - Comparison of capital ratios using a segm  entation crossing DSTIl and LTV

Economic Economic Regulatory share of
capital ratio capital ratio capital ratio borrowers
in% in% in% in the
Multifactor Single factor Basel 2 IRB whole
model model approach portfolio
low LTV / low DSTI 0.17 0.66 1.96 35.5%
low LTV / high DSTI 011 0.77 2.39 33.5%
mid LTV / high DSTI 0.26 1.33 3.21 6.8%
low LTV / highest DSTI 0.10 0.74 141 3.4%
high LTV / low DSTI 0.13 1.33 241 6.4%
high LTV / high DSTI 0.21 1.26 2.86 11.8%
High LTV / highest DSTI 0.13 1.37 1.85 2.6%
Total 0.15 0.87 100%

Source: bank data and authors’ computation
Note: The value of economic capital for the total portfolio in the multifactor approach is the weighted average
value of the four segments

5.4. Robustness check: assessing the impact of ase  vere recession
by using a rolling windows approach

Here, we present the results of a robustness ctietkiries to quantify the impact of the

adverse macroeconomic environment on default ertdsunexpected losses. More precisely,
to highlight the impact of the severe downturn 602-2009 on potential credit losses, we
adopt a rolling window approach for the estimatofrihe credit risk model's parameters and

the computation of economic capital ratios.

The default thresholds and the variance-covariamedrix are estimated over a rolling

window of 10 semesters. The resulting set of patarsethen allows as before the
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computation of potential credit losses each semestehe one year horizon. Thus, the

simulated economic capital reflects the potentiatlit losses based on the conditions in the
preceding ten semesters. The variations of theitcresk parameters and the resulting

economic capital requirements give some insightshénimpact of the bad macroeconomic

environment of the 2008-2010 years on the poteatedit losses. Figure 4 and 5 illustrate the
results for the LTV and DSTI models.

Figure 4 - Evolution of the economic capital ratio by LTV segment
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The main result of our rolling window approachhe tincrease of the economic capital ratio
in the second semester of 2008 in the 95% to 100% tlass, as shown in figure 5. This
increase is associated with an increase in thewesi parameter within this class which is
multiplied by 2 in a semester and stays at a hidéneel the following semesters. On the
contrary, in the other classes, even if the withhariance also increases, their level is
sufficiently low to keep the growth of the capitaltio. In addition, diversification effects
across LTV segments help to reduce the capitaluwwopson after the shock. All in all, the
capital ratio stays quite stable in these LTV ttexand its level is maintained at a very low

level.
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Figure 5 - Evolution of the economic capital ratio by DSTI segment
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Concerning the change in the economic capital &ti®STI tranches (figure 5), we observe
again that the levels of capital ratio do not se@&kplode as a consequence of the severe
downturn of 2008-2009. Two additional results cdnoen the rolling window exercise. First,
all tranches were impacted by the same (suddemgehand with the same intensity at the
beginning of 2009. The variance in each segmenbstindoubles at that date. Second,
economic capital ratios increase again in the feshester of 2010, but there the reaction to
the shocks varies across tranches, what confirm&éberogeneity of borrowers across them.
In particular, the two extreme tranches show logrexth of economic capital requirements.
In fact, low covariance between these tranchestlamathers produce diversification benefits
which help to reduce the growth of the capital catMoreover, shocks do not affect
heterogeneous borrowers at the same time. Whenompare DSTI and LTV results, we
observe that jumps do not happen in the same semdstere seems to be a lag of one

semester for the 2008 downturn to produce effetthe capital ratio for DSTI tranches.

All in all, the results of the rolling window exése confirm that even if adverse economic
conditions raise the capital requirements in thefplio’'s segments composed of the weaker

borrowers, the housing loans market is quite \silio macroeconomic shocks.

6. Concluding remarks and policy implication

In France, banks are conditioning lending to LT\ &5TI ratios standards that link lending
to households’ income and wealth. Even if we obs@noosening of such credit standards in
the 2000s, default rates did not climb in Franceinduthe financial crisis period to an
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unsustainable level. Grounding on the French egpes€, this paper adopts the perspective of
the lender and tries to assess the ability of LTd BSTI caps to restrict portfolio credit risk
associated to housing loans financing main reselemmership. To this aim, the paper uses a
unique database combining information on the loahsracteristics, the borrowers’
characteristics and their ratings, including ddfagmbde. The database accounts for around
one sixth of the French housing loans and coversetitire period of the 2000s. The paper
also proposes a new methodology to measure thijmitredit risk in large portfolios which
consists to expand the standard single risk framewo introduce multiple sources of
systematic risk. Here, additional risk factors aseociated to loan standards. This multifactor
methodology allows taking into account borrowerstdnogeneity and potential credit risk

concentration and/or diversification effects.

Results show firstly that the individual creditkrignd the portfolio credit risk tend to increase
when the LTV and DSTI ratios increase. Borrower®ahe more financially constrained and
more exposed to systematic risk factors are thdse ave close to the standard caps of 33%
of DSTI ratio and around 95% of LTV ratio. Thesesukts may justify at first glance the
implementation of LTV and DSTI caps. But resultsoathow that the relationship between
these ratios and the lender’s credit risk is hohatonic. In particular, the borrowers who are
located in the upper classes of LTV and DSTI ra#ios not those who generate the highest
level of portfolio credit risk. In fact, these bowers are in the upper income and wealth
classes, and their probability of default is qlit. In other words, they are not as financially
constrained as the borrowers in tranches of the BRd DSTI ratios close to the common
thresholds. It is information that the lenders doaktract from the banking relationships.
Another crucial reason is that lenders managewbeatios simultaneously and tend to accept
that borrowers cross one of the caps only if theyweell below the other one. Banks are using
the interplay of all credit terms to avoid to imposxcessive financial constraints on the

borrowers and to extract significant diversificatioenefits.

Consequently, in a macroprudential perspective, diiéoration of LTV and DSTI ratios
should consider the interaction between the diffeceedit standards more that each standard
separately. Maintaining strict credit standardshsas limits in LTV and DSTI ratios help for
sure to restrict the growth of excessive credKk.rBut, it is not so much the implementation
of limits to LTV and DSTI ratios separately tharetise of the complete set of credit

conditions that allows banks to exert their lendnode and to give access to credit to
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households while maintaining portfolio’s creditkii® sustainable levels. Our results show
that, in a macroprudential perspective, the cdidmaof LTV and DSTI ratios should

consider the interaction between the different conemts of the credit standards.

Moreover, building additional capital buffers toveo potentially procyclical additional credit
risk related to LTV changes seems to be not nepessadeed, our comparison of the
economic capital ratios (computed by using a madtdr model) and the regulatory capital
ratios (using IRB Basel 2 formulas) show that tkegutatory capital requirements cover
widely the amount of capital that is needed to dbgbe unexpected loan losses linked to
high levels of the LTV or the DSTI ratios. What meas from a supervisory point of view is
that the banks hold permanently the required amolinapital to cover unexpected losses in
their loans portfolios. On average, the regulatoapital requirements reflect correctly the

structure of credit risk by tranche of LTV and DSTI

Finally, each housing loan market has its own dtarsstics. In France, housing loans
finance households more than their houses and tiggnation process takes more the
solvency of the borrowers into account than theiealf the real estate goods. That explains
that French banks manage simultaneously the DSTILAYY limits. It is necessary to take
account for domestic specificities before to impdernstrict credit standards. The results of
this study show that current Basel 2 regulatoryitahpequirements are higher than what
would be needed to cover the worst cases inducelidiy levels of financial constraints
generated by excessive LTV or DSTI ratios. Thughancurrent state, any additional capital
requirements would be in fact redundant. The prtessgulatory rules reflect correctly the

structure of credit risk assessed by economic @amibdeling.
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Appendix A: Average characteristics of loan according to their LTV and
DSTI ratios

Table 1 — Average characteristics of loan according to their LTV and/or DSTI ratios

share of share in the

LTV ratio (%) DST(I%:‘)a tio I?:lor::)t I\:I:et::;t)y fixed rate population
(%) (%)
LTV<70% 43.89 20.21 70 264 16.00 75.01 37.41
70% =< LTV 80.90 25.78 94 523 19.43 62.81 35.00
<95%
95 % =< LTV 98.25 29.83 133734 23.66 41.10 8.69
<100 %
100 % <= 103.83 27.69 116 426 21.11 65.33 18.91
LTV
DSTI =< 25% 62.40 12.94 66 054 16.70 76.40 41.95
25% < DSTI 79.59 29.41 106 097 20.25 53.68 44.46
=<33%
33% < DSTI 84.70 34.19 129 045 22.19 67.70 7.65
=< 36%
36% < DSTI 81.82 44.46 138 749 18.93 82.00 5.95

Source : Bank data and authors’ computations
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Appendix B: Estimation results: LTV, DSTI, and LTV&DSTI segmentation
models

A. Goodness-of-fit measures
LTV model DSTI model  LTV&DSTI

-2 Res Log Pseudo-Likelihood 3131.94 2398.66 3169.08
Pseudo AIC 3151.94 2418.66 3225.08
Pseudo BIC 3159.66 2426.39 3246.71
Generalized Chi-Square 4524.26 3691.53 5058.73
Gener. Chi-Square / DF 11.97 9.77 7.60

B. Covariance parameters

LTV DSTI LTV&DSTI
Parameter Mean Std error Mean Std error Mean Std error
Intercept -3.5902 0.01465 -3.5740 0.02088 -3.5437 0.01584

C. Default thresholds and probabilities

LTV DSTI
Rating Estimate Std error Default Estimate Std error Default

probability probability
1 -1.6805 0.009925 0.046430 -1.6340 0.01781 0.051129
2 -2.6862 0.01028 0.003613 -2.6327 0.01798 0.004235
3 -2.8715 0.01052 0.002043 -2.8348 0.01824 0.002293
4 -2.9922 0.01034 0.001385 -2.9699 0.01814 0.001489
5 -3.1698 0.01117 0.000763 -3.1437 0.01861 0.000834
6 -3.5902 0.01465 0.000165 -3.5740 0.02088 0.000176
7 -1.6805 0.009925 0.046430 -1.6340 0.01781 0.051129

C. Default thresholds and probabilities (continued)
LTV&DSTI

Rating Estimate Std error Default
probability
-1.6242 0.01151 0.052167
-2.6285 0.01181 0.004288
-2.8147 0.01216 0.002441
-2.9407 0.01205 0.001637
-3.1149 0.01275 0.000920
-3.5437 0.01584 0.000197
-1.6242 0.01151 0.052167

Nou b wNRk

46/52



D. Covariance parameters tests

LTV
Covariance Parm Estimate Standard Error ZValue PrZ
Var(1) 0.0093 0.00281 2.68 0.0037
Var(2) 0.0103 0.00862 191 0.0280
Var(3) 0.0228 0.01457 2.38 0.0087
Var(4) 0.0267 0.01407 2.25 0.0121
Corr(2,1) 0.5846 0.2458 2.38 0.0174
Corr(3,1) 0.7585 0.1818 4.17 <.0001
Corr(3,2) 0.9582 0.02450 39.11 <.0001
Corr(4,1) 0.6470 0.2354 2.75 0.0060
Corr(4,2) 0.9830 0.01069 91.95 <.0001
Corr(4,3) 0.9613 0.02455 39.16 <.0001
DSTI
Cov Parm Estimate Standard Error Z Value Prz
Var(1) 0.008481 0.005282 1.87 0.0308
Var(2) 0.01446 0.004785 2.10 0.0178
Var(3) 0.01444 0.005069 2.70 0.0034
Var(4) 0.01117 0.004794 1.92 0.0272
Corr(2,1) 0.8039 0.09305 8.64 <.0001
Corr(3,1) 0.8552 0.07879 10.85 <.0001
Corr(3,2) 0.9232 0.04623 19.97 <.0001
Corr(4,1) 0.8233 0.1146 7.19 <.0001
Corr(4,2) 0.9795 0.02217 44.19 <.0001
Corr(4,3) 0.8708 0.08059 10.81 <.0001
LTV & DSTI
Cov Parm Estimate Standard Error ZValue PrZ
Var(1) 0.01744 0.01433 1.22 0.1117
Var(2) 0.004323 0.001416 3.05 0.0011
Var(3) 0.01003 0.002937 3.42 0.0003
Var(4) 0.02291 0.01426 1.61 0.0541
Var(5) 0.01255 0.003904 3.21 0.0007
Var(6) 0.01264 0.004907 2.58 0.0050
Var(7) 0.01265 0.004862 2.60 0.0046
Corr(2,1) -0.1288 0
Corr(3,1) -0.01834 0
Corr(3,2) 0.2235 0 . .
Corr(4,1) -0.2635 0.1908 -1.38 0.1673
Corr(4,2) 0.7557 0.1025 7.37 <.0001
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Corr(7,6)

-0.2047
-0.01428
0.1384
0.9032
-0.4250
-0.1231
0.03598
0.2176
0.1412
-0.04315
0.1692
-0.1791
0.3432
-0.5503
0.5042
0.4723

0.1494
0
0
0.02178
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0.1708

<.0001
0.0036
0.6958

0.4185

0.6949

<.0001
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