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ÖZET

Günümüzde tüm dünyada ev sahibi olmak önemli bir konu halini almış 

durumdadır ve bu evlerin finansmanı yeterli derecede önemlidir. Bu çalışma ev 

kredilerindeki batık oranlarını etkileyen parametreleri ortaya koymaya 

çalışmaktadır. Bu parametreler banka müşterilerinin kişisel verilerini ve ev 

kredilerinin tipik özelliklerini içermektedir. Bu çalışma Türkiye’de yerleşik bir 

bankanın verileri ile yapılmıştır. Çalışma kapsamında veri toplama aşamasından 

sonra ev kredilerinin özelliklerini temsil eden parametreler seçilmiş, E-Views 

vasıtasıyla kredilerin batma koşulunu belirleyen parametreler ortaya çıkarılmıştır. 

Sonuç olarak, ana amaç ev kredilerindeki batma durumunun profilini lojit ve probit 

modeller vasıtasıyla ortaya koymaktır.

ABSTRACT

Recently, housing has been one of the core issues all over the world and 

finance of mortgages also has a significant importance. This study tries to state 

parameters that affect the default rates of mortgage loans. These parameters include 

personal information about the customers of a bank and the characteristics of the 

mortgages and the loans. Study is made with a data which include a bank’s customers 

resident in Turkey. In content of this study, after data gathering period, parameters 

standing out with the representing ability of a mortgage loan is selected and with 

these parameters and by the helping of E-views, significant values that highly 

determine the default case of mortgage loans are found. Consequently, the main 

objective is to find out the possible default profile of mortgage loans by using logit 

and probit estimation methods. 
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1. Introduction

Recently, housing has been one of the core issues all over the world. As a developing 

economy, Turkey has rapid population growth and urbanization, finance of housing 

(mortgages) becomes an important topic. In addition, it is not hard to say that subprime-

mortgage crisis does not trigger the global crisis which is faced by the whole finance 

sectors in the world. Mortgage finance is highly effective on all markets because the 

necessity of people to house for living will never end. Banks as financers in this situation 

have to make such decisions that while a mortgage-based credit is given, the person 

financed must be suitable with all parameters such as income level, and because of this 

credit transaction the sector must not be affected if this loan does not perform. 

Housing is one of the main necessities and in this mean a house can be identified as 

physical place that meets the demand of sheltering. On the other hand, it can be evaluated 

as an investment tool which also has contribution to the economies of the countries and 

also an indicator of social development. Because mortgage-sector is one of the leading 

sectors, governments prepare regulations in order to determine the factors that will affect 

finance of the mortgage sector. This is important because in a developing economy, people 

must have the opportunity of finding finance in corporate ways.

From Banks’ point of view, while financing a mortgage, there is wide range of indicators. 

In this manner, financed loans and profile of the customers are in a wide relationship. The 

credit limit that will be assigned is one of the important parameters. Loan limit that will be 

used for mortgage-financing is determined with so many parameters. Some of these 

parameters are income level, appraisal and expertise value of the mortgage and social 

status of the person. In this mean, LTV (loan to value) and PTI (payment to income) ratios 

are distinctive parameters.

While so many parameters are determining the assigned loan, in the same manner, these 

parameters also define the default probability of the loan. In this way, in this project logit 

and probit models will be used in order to find out which parameter is effective at which 

rate. Shortly, logit regression analysis is a uni/multivariate technique which allows for 

estimating the probability that an event occurs or not, by predicting a binary dependent 
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outcome from a set of independent variables. On the other hand, in order to explain the 

behavior of a dichotomous dependent variable, a suitably chosen Cumulative Distribution 

Function (CDF). The logit model uses the cumulative logistic function. But this is not the 

only CDF that can be used. In some applications, the normal CDF has been found useful. 

The estimating model that emerges from the normal CDF is known as Probit Model. The 

main difference between logit and probit models is that logistic function has slightly flatter 

tails. Moreover, logit and probit models give similar results, but the estimates of 

parameters of the two models are not directly comparable.

The main objective of this project is to explain the default probability of a loan in terms of 

the loan parameters and the profile of the customer. We will study with a Bank’s mortgage 

data without giving specific information specifying the Bank and the customers. Our data 

is between 2005-2008 and consists of 65.000 mortgage borrowers and their loans including 

time to maturity, payment to income ratio, credit open date, mortgage amount, marital 

status, loan to value ratio, credit limit, interest rate, installment amount, income, gender, 

expertise amount, education and age parameters. With binary dependent variable models, 

we aim to find out which parameters are significant to demonstrate the overall mortgage 

data with which coefficients. We will do this by eliminating the insignificant parameters by 

concerning p values less than 5%. At the end, the remaining parameters will represent the 

data. 

In this framework, we will first mention about general characteristics of mortgage sector 

over the world. In this section, highly known mortgage markets’ summaries will be given 

and a comparison will be made. The next section covers the logit and probit models theory. 

In this part, how logit and probit models are working will be summarized. Then, the 

conceptual background of the study and data description will be mentioned. The used 

data’s characteristics will be stated and successively, logit and probit models will be 

applied to the data in order to find out the significant acting parameters. Consequently, at 

the last stage, the main results will be outlined and conclusion will be stated. The 

parameters’ meanings in case of a positive and negative coefficient step will be also given.



3

2. Interpreting Mortgage Sector

A mortgage is the transfer of an interest in property (or the equivalent in law - a charge) to 

a lender as a security for a debt - usually a loan of money. While a mortgage in itself is not 

a debt, it is the lender's security for a debt. It is a transfer of an interest in land (or the 

equivalent) from the owner to the mortgage lender, on the condition that this interest will 

be returned to the owner when the terms of the mortgage have been satisfied or performed. 

In other words, the mortgage is a security for the loan that the lender makes to the 

borrower stated in Housing Finance Systems Principles and Examples.

In the same paper, it is stated that in many countries, it is normal for home purchases to be 

funded by a mortgage. Few individuals have enough savings or liquid funds to enable them 

to purchase property outright. In countries where the demand for home ownership is 

highest, strong domestic markets have developed, notably in Ireland, Spain, the United 

Kingdom, Australia and the United States.

A mortgage loan is a loan secured by real property through the use of a note which 

evidences the existence of the loan and the encumbrance of that realty through the granting 

of a mortgage which secures the loan. However, the word mortgage alone, in everyday 

usage, is most often used to mean mortgage loan.

A home buyer or builder can obtain financing (a loan) either to purchase or secure against 

the property from a financial institution, such as a bank, either directly or indirectly 

through intermediaries. Features of mortgage loans such as the size of the loan, maturity of 

the loan, interest rate, method of paying off the loan, and other characteristics can vary 

considerably.

According to Anglo-American property law, a mortgage occurs when an owner (usually of 

a fee simple interest in realty) pledges his interest as security or collateral for a loan. 

Therefore, a mortgage is an encumbrance on property just as an easement would be, but 

because most mortgages occur as a condition for new loan money, the word mortgage has 

become the generic term for a loan secured by such real property.



4

As with other types of loans, mortgages have an interest rate and are scheduled to amortize 

over a set period of time; typically 30 years. All types of real property can, and usually are, 

secured with a mortgage and bear an interest rate that is supposed to reflect the lender's 

risk.

Upon making a mortgage loan for purchase of a property, lenders usually require that the 

borrower make a downpayment, that is, contribute a portion of the cost of the property. 

This downpayment may be expressed as a portion of the value of the property (see below 

for a definition of this term). The loan to value ratio (or LTV) is the size of the loan against 

the value of the property. Therefore, a mortgage loan where the purchaser has made a 

downpayment of 20% has a loan to value ratio of 80%. For loans made against properties 

that the borrower already owns, the loan to value ratio will be imputed against the 

estimated value of the property.

The loan to value ratio is considered an important indicator of the riskiness of a mortgage 

loan: the higher the LTV, the higher the risk that the value of the property (in case of 

foreclosure) will be insufficient to cover the remaining principal of the loan.

In the U.S., the process by which a mortgage is secured by a borrower is called origination. 

This involves the borrower submitting an application and documentation related to his/her 

financial history and/or credit history to the underwriter. Many banks now offer "no-doc" 

or "low-doc" loans in which the borrower is required to submit only minimal financial 

information. These loans carry a higher interest rate and are available only to borrowers 

with excellent credit. Sometimes, a third party is involved, such as a mortgage broker. This 

entity takes the borrower's information and reviews a number of lenders, selecting the ones 

that will best meet the needs of the consumer.

Loans are often sold on the open market to larger investors by the originating mortgage 

company. Many of the guidelines that they follow are suited to satisfy investors. Some 

companies, called correspondent lenders, sell all or most of their closed loans to these 

investors, accepting some risks for issuing them. They often offer niche loans at higher 

prices that the investor does not wish to originate.
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If the underwriter is not satisfied with the documentation provided by the borrower, 

additional documentation and conditions may be imposed, called stipulations. The meeting 

of such conditions can be a daunting experience for the consumer, but it is crucial for the 

lending institution to ensure the information being submitted is accurate and meets specific 

guidelines. This is done to give the lender a reasonable guarantee that the borrower can and 

will repay the loan. If a third party is involved in the loan, it will help the borrower to clear 

such conditions.

In a survey about Mortgage Loans Industry and Market revised in 2008, in the U.K., there 

are currently over 200 significant separate financial organizations supplying mortgage 

loans to house buyers in Britain. The major lenders include building societies, banks, 

specialized mortgage corporations, insurance companies, and pension funds. Over the 

years, the share of the new mortgage loans market held by building societies has declined. 

Between 1977 and 1987, it fell drastically from 96% to 66% while that of banks and other 

institutions rose from 3% to 36%. The banks and other institutions that made major inroads 

into the mortgage market during this period were helped by such factors as:

 relative managerial efficiency; 

 advanced technology, organizational capabilities, and expertise in marketing; 

 extensive branch networks; and 

 capacities to tap cheaper international sources of funds for lending.

In CSO Financial Statistics and Building Societies Commission annual reports, UK 

building societies had succeeded in greatly slowing if not reversing the decline in their 

market share by the early 1990s. In 1990, the societies held over 60% of all mortgage loans 

but took over 75% of the new mortgage market – mainly at the expense of specialized 

mortgage loans corporations. Building societies also increased their share of the personal 

savings deposits market in the early 1990s at the expense of the banks – attracting 51% of 

this market in 1990 compared with 42% in 1989.

A paper named Investing for the Next Millenium done by Building Societies Research 

deals with a foundation which explains that in the five years 1987-1992, the building 

societies collectively outperformed the UK clearing banks on practically all the major 
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growth and performance measures. The societies' share of the new mortgage loans market 

of 75% in 1990-91 was similar to the share level achieved in 1985. Profitability as 

measured by return on capital was 17.8% for the top 20 societies in 1991, compared with 

only 8.5% for the big four banks. Finally, bad debt provisions relative to advances were 

only 0.4% for the top 20 societies compared with 2.8% for the four banks.

The Mortgage Loans Industry and Market Survey states that though the building societies 

did subsequently recover a significant amount of the mortgage lending business lost to the 

banks, they still only had about two-thirds of the total market at the end of the 1980s. 

However, banks and building societies were by now becoming increasingly similar in 

terms of their structures and functions. When the Abbey National building society 

converted into a bank in 1989, this could be regarded either as a major diversification of a 

building society into retail banking – or as significantly increasing the presence of banks in 

the residential mortgage loans market. Research organization Industrial Systems Research 

has observed that trends towards the increased integration of the financial services sector 

have made comparison and analysis of the market shares of different types of institution 

increasingly problematical. It identifies as major factors making for consistently higher 

levels of growth and performance on the part of some mortgage lenders in the UK over the 

years:

 The introduction of new technologies, mergers, structural reorganization and the 

realization of economies of scale, and generally increased efficiency in production 

and marketing operations – insofar as these things enable lenders to reduce their 

costs and offer more price-competitive and innovative loans and savings products; 

 Buoyant retail savings receipts, and reduced reliance on relatively expensive 

wholesale markets for funds (especially when interest rates generally are being 

maintained at high levels internationally); 

 Lower levels of arrears, possessions, bad debts, and provisioning than competitors; 

 Increased flexibility and earnings from secondary sources and activities as a result 

of political-legal deregulation;

 Being specialized or concentrating on traditional core, relatively profitable 
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mortgage lending and savings deposit operations.

Within the European Union, the Covered bonds market volume (covered bonds 

outstanding) amounted to about EUR 2 billion at year-end 2007 with Germany, Denmark,

Spain, and France each having outstandings above 200.000 EUR million mentioned in 

Covered Bond Outstandings.

In German language, Pfandbriefe is the term applied. Pfandbrief-like securities have been 

introduced in more than 25 European countries – and in recent years also in the U.S. and 

other countries outside Europe – each with their own unique law and regulations. 

However, the diffusion of the concept differs: In 2000, the US institutions Fannie Mae and 

Freddie Mac together reached one per cent of the national population. Furthermore, 87 per 

cent of their purchased mortgages were granted to borrowers in metropolitan areas with 

higher income levels. In Europe, a wider market has been achieved: In Denmark, mortgage 

banks reached 35 per cent of the population in 2002, while the German Bausparkassen 

achieved widespread regional distribution and more than 30 per cent of the German 

population concluded a Bauspar contract (as of 2001).
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3. Mortgage Default Probability-Previous Literature

Harrison, Noordewier and Yavas (2004) debated on their paper about conventional wisdom 

in the mortgage industry holds that loan-to-value (LTV) ratios are positively correlated 

with mortgage default rates. Their paper offers a theoretical signaling model of why the 

correlation between LTV ratios and default risk is contingent upon the default costs of the 

borrower. Specifically, their model proposes that when default costs are high there exist a 

separating equilibrium in which risky borrowers will self-select into lower LTV loans to 

reduce the probability of facing a costly default, while safe borrowers will self-select into 

higher LTV loans as a signal of their enhanced creditworthiness. This adverse selection 

process gives rise to the possibility of higher default probabilities for lower LTV loans. 

Conversely, when default costs are low the conventional result, in which risky borrowers 

select higher LTV loans than safe borrowers, is obtained.

Interestingly, some empirical evidence supports this view of the world. Nearly 26 years 

ago, Campbell and Dietrich (1983) first reported the apparently counterintuitive finding 

that mortgage loans characterized by high LTV ratios at origination actually exhibit lower 

default rates over time compared to their low LTV counterparts.

They conclude that the pattern of coefficients on the original loan-to-value dummy 

variables in their model is consistent with the presence of adverse selection in the 

underwriting process, particularly with respect to mortgages with original LTV ratios 

below 85%. Recent studies from multifamily and commercial mortgage markets also fail to 

document any positive relationship between LTV and borrower risk. For example, Archer 

et al. (1999, 2002) investigate pools of mortgage loans securitized by the Resolution Trust 

Corporation (RTC) for the Federal Deposit Insurance Corporation (FDIC) during the early 

to mid-1990s and find no significant relationship between LTV ratios at origination and 

ultimate loan performance (i.e., the probability of default).

Similarly, Ambrose and Sanders (2001) find a lack of significance for LTV in their 

commercial mortgage performance investigation, and they argue this is entirely consistent 

with lenders using a compensatory model of credit evaluation, where risky borrowers upon 

any given dimension are held to more stringent standards along alternative dimensions.
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Mortgage underwriters and academicians have conventionally subscribed to the view that 

loan-to-value ratios positively influence default rates. The argument usually made is the 

following: The greater the financial leverage (i.e., the higher the LTVratio), the greater the 

debt service requirement, and hence the higher the probability the borrower will ultimately 

encounter financial distress. Theoretical signaling models, such as those presented by 

Rothschild and Stiglitz (1976) or Brueckner (1992), lend credibility to this paradigm, while 

a number of empirical studies, such as Von Furstenberg (1969) or Deng, Quigley and Van 

Order (2000), provide evidence consistent with the proposition.

Given the importance of discerning default risk in the multitrillion dollar mortgage 

industry, it is not surprising that a rich theoretical and empirical literature has emerged on 

pricing this risk and determining the factors that contribute to a borrower’s decision to 

default. The most relevant theoretical study for the current paper is Brueckner (2000), 

which addresses the signaling role of a borrower’s loan-to-value ratio choice with respect 

to that borrower’s default risk. In Brueckner’s model, default occurs when the value of the 

asset plus the borrower’s default cost falls below the loan balance. Risky borrowers are 

defined as those who have lower default costs, and thus are more likely to exercise the 

default option. Similar to the result of Rothschild and Stiglitz (1976), the unique 

equilibrium in Brueckner is a separating equilibrium in which risky borrowers obtain a 

larger loan than safe borrowers. In addition to the loan-to-value ratio, the existing literature 

identifies an array of other risk factors that lenders might utilize to screen risky borrowers 

from safe borrowers. For example, in Titman (1992) firms have private information about

their production efficiency.

He shows that, under certain parameter conditions, “good risk” firms choose short-term 

financing while “bad risk” firms choose long-term financing. Similarly, Guedes and 

Thompson (1995) offer empirical evidence for a signaling model where firms issue either 

fixed- or adjustable-rate debt to finance a project and obtain support for a separating 

equilibrium where high-quality firms issue high-default-risk debt and low-quality firms 

issue low default- risk debt.

Milde and Riley (1988) use a production economy to show that a firm with a less risky 

investment project may choose larger or smaller debt financing depending upon the firm’s 
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production function.

Another line of research studies the prepayment risk of the borrower (e.g., Dunn and Spatt

1988) and analyzes such instruments as ARMs (Brueckner 1992, Rosenthal and Zorn 1993, 

Posey and Yavas 1999), coupon rates and points on FRMs (Yang 1992, Brueckner 1994a, 

LeRoy 1996, Stanton and Wallace 1998), and prepayment penalties and due-on-sale 

clauses (Dunn and Spatt 1985, Chari and Jagannathan 1989) to separate high-prepayment-

risk and low-prepaymentrisk borrowers. Although the setup and focus are different, it is 

also worth mentioning that there is a considerable literature on both the relationship

between the borrower’s risk type and his/her choice of a collateral requirement under 

asymmetric information (e.g., Barro 1976)

Episcopos (1998) explored the use of artificial neural networks in the modeling of 

foreclosure of commercial mortgages at his article. His article has used an extensive 

database of individual loan histories to demonstrate the use of radial basis function 

networks in the prediction of mortgage default and to compare the network's prediction 

performance with that of the logit benchmark. The article summarizes that logit model 

suffers from length-based sampling bias since it treats both the foreclosed and current 

loans as completed payment records. He selected 1,619 loans including 175 default ones. 

In the article logit and radial basis function networks are compared. A model is used and 

defualt estimation capability of logit models is tested. In his model, the results show that in 

the training set out of 150 defaulting mortgages logit classified forty of them correctly for a 

correct classification rate of 27%. Out of the 1,162 nondefaulting loans the logit model 

predicted 98% correctly. In the holdout set, out of the 282 nondefaulting loans the logit 

model predicted 98% correctly, whereas the RBFN predicted 96% correctly. He found that 

type of apartment credited, borrower type, location of the mortgage, interest rate, debt 

coverage significant to demonstrate the default rates. In this study, similarly, interest rate 

and a different type of coverage ratio, LTV, are found significant. Our data does not 

contain type of the apartment credited, borrower type and location of the mortgage, so no 

comment on these parameters is done.
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4. Logit and Probit Models Theory

4.1. Logit Models
Logit regression (logit) analysis is a uni/multivariate technique which allows estimating the 

probability that an event occurs or not, by predicting a binary dependent outcome from a 

set of independent variables according to the document of Library of IASRI, Logit and 

Probit Analysis.

Moreover, in an example of home ownership where dependent variable owns a house or 

not in relation to income, the linear probability Model is depicted it as;

1 2( 1| )i i iP E Y X X    

where X is the income and Y=1 means that the family owns a house.

Let’s consider the following representation of home ownership;

1 2

1 1
( 1| )

1 exp[ ( )] 1 exp( )i i
i i

P E Y X
X Z 

   
    

(1)

where  1 2i iZ X  

This equation (1) is known as the (cumulative) logistic distribution function. Here iZ

ranges from  to  ; iP ranges between 0 and 1; iP is non-linearly related to iZ (i.e.

iX ) thus satisfying the two conditions required for a probability model.

In satisfying these requirements, an estimation problem has been created because iP is non 

linear not only in X but also in the  ’s. This means that one cannot use OLS procedure to 

estimate these parameters.

Here, iP is the probability of owning a house and is given by

1

1 exp( )iZ 

Then (1 )iP , the probability of not owning a house, is
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1
(1 )

1 exp( )i
i

P
Z

 


Therefore, one can write

)

1 exp( )

(1 1 exp( )
i i

i i

P Z

P Z




  
(2)

/ (1 )i iP P is the odds ratio in favor of owning a house. Taking natural log of (2), 

1 2ln[ / (1 )]i i i i iL P P Z X      (3)

That is, the log of the odds ratio is not only linear in X, but also linear in the parameters. At 

this point, L is called the Logit.

As P goes from 0 to 1, the logit L goes from  to  . That is, although the probabilities 

lie between 0 and 1, the logistics are not so bounded. In addition, although L is linear in X, 

the probabilities themselves are not linear. The interpretation, on the other hand, of the 

logit model is as follows: 2 , the slope, measures the change in L for a unit change in X, 

i.e. it tells how the log odds in favor of owning a house change as income changes by a 

unit. The intercept 1 is the value of the log odds in favor of owning a house if income is 

zero. Moreover, the linear probability model assumes that iP is linearly related to iX , the 

logit model assumes that the log of odds ratio is linearly related to iX .

If advantages of Logit Model are mentioned, logit analysis produces statistically sound 

results. By allowing for the transformation of a dichotomous dependent variable to a 

continuous variable ranging from  to , the problem of out of range estimates is 

avoided. Moreover, the logit analysis provides results which can easily interpreted and the 

method is simple to analyze. It gives parameters estimates which are asymptotically 

consistent, efficient and normal, so that the analogue of the regression t –test can be 

applied.

Logit model analysis can be used to identify the factors that affect the adoption of a 

particular technology say, use of new varieties, fertilizers on farm. Another application 

may be in the field of marketing, it can be used to test the brand preference and brand 

loyalty for any product. Another example can be gender studies. Gender studies can use 

logit analysis to find out the factors which affect the decision making status of men/women 
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in a family.

4.2. Probit Models
In order to explain the behavior of a dichotomous dependent variable we have to use a

suitably chosen Cumulative Distribution Function (CDF). The logit model uses the 

cumulative logistic function. But this is not the only CDF that one can use. In some 

applications, the normal CDF has been found useful. The estimating model that emerges 

from the normal CDF is known as the Probit Model.

In home ownership example, the decision of the ith family to own a house or not depends 

on unobservable utility index Ii, that is determined by the explanatory variables in such a 

way that the larger the value of the index Ii, the greater the probability of the family 

owning a house.

The index Ii can be expressed as 1 2i iI X   (4)

where iX is the income of the ith family.

In order to estimate 1 and 2 , (4) can be written as

1 2i i iI X U    .

Probit analysis is a type of regression used to analyze binomial response variables. It 

transforms the sigmoid dose-response curve to a straight line that can then be analyzed by 

regression either through least squares or maximum likelihood. 

The idea of probit analysis was originally published in Science by Chester Ittner Bliss in 1934. 

He worked as an entomologist for the Connecticut agricultural experiment station and was 

primarily concerned with finding an effective pesticide to control insects that fed on grape 

leaves (Greenberg 1980). By plotting the response of the insects to various concentrations of 

pesticides, he could visually see that each pesticide affected the insects at different 

concentrations, i.e. one was more effective than the other. However, he didn’t have a 

statistically sound method to compare this difference. The most logical approach would be to 

fit a regression of the response versus the concentration, or dose and compare between the 

different pesticides. Yet, the relationship of response to dose was sigmoid in nature and at the 

time regression was only used on linear data. Therefore, Bliss developed the idea of 
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transforming the sigmoid dose-response curve to a straight line. In 1952, a professor of 

statistics at the University of Edinburgh by the name of David Finney took Bliss’ idea and 

wrote a book called Probit Analysis (Finney 1952). Today, probit analysis is still the preferred 

statistical method in understanding dose-response relationships.

The main difference between logit and probit model is that logistic has slightly flatter tails. 

The normal or probit curve approaches the axes more quickly than the logistic curve. 

Moreover, qualitatively, Logit and Probit Models give similar results; the estimates of 

parameters of the two models are not directly comparable.
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5. Data Description

In this project, a mortgage based credit data is used including dates between 2005 and 

2008. Time to maturity, payment to income ratio, credit open date, mortgage amount, 

marital status, loan to value ratio, credit limit, interest rate, installment amount, income, 

gender, expertise amount, education and age parameters are used.

Loan to value is one of the key risk factors that lenders assess when qualifying borrowers 

for a mortgage. The risk of default is always at the forefront of lending decisions, and the 

likelihood of a lender absorbing a loss in the foreclosure process increases as the amount of 

equity decreases. Therefore, as the LTV ratio of a loan increases, the qualification 

guidelines for certain mortgage programs become more strict. Lenders can require 

borrowers of high LTV loans to buy mortgage insurance to protect the lender from the 

buyer default, which increases the costs of the mortgage.

The valuation of a property is typically determined by an appraiser, but there is no greater 

measure of the actual real value of one property than an arms-length transaction between a 

willing buyer and a willing seller. Typically, banks will utilize the lesser of the appraised 

value and purchase price if the purchase is "recent." What constitutes recent varies by 

institution but is generally between 1–2 years.

Low LTV ratios (below 80%) carry with them lower rates for lower-risk borrowers and 

allow lenders to consider higher-risk borrowers, such as those with low credit scores, 

previous late payments in their mortgage history, high debt-to-income ratios, high loan 

amounts or cash-out requirements, insufficient reserves and/or no income documentation. 

Higher LTV ratios are primarily reserved for borrowers with higher credit scores and a 

satisfactory mortgage history. The full financing, or 100% LTV, is reserved for only the 

most credit-worthy borrowers.

In addition, payment to income ratio is used. Payment to income ratio gives an idea to the 

mortgage lenders about the condition of the borrower’s financial health. If the payment to 

income ratio is low then it represents a feasible situation due to the reason that a lesser 

amount of debt is commonly seen as reasonable or prudent. Nevertheless, if there is not 
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any debt to repay, higher amount of money can be saved for serving other purposes. 

Unfortunately, if the payment to income ratio is high, this suggests that at the end of the 

month, there won’t be much money to be saved. So this parameter is critical on the 

ongoing life of the loan.

We claim that the group of variables included in our data provides information on the main 

mortgage behavior, hence, it may be considered as an adequate measure of observed 

quality. At this stage, the data contains the following parameters; time to maturity, 

payment to income ratio, credit open date, mortgage amount, marital status, loan to value 

ratio, credit limit, interest rate, installment amount, income, gender, expertise amount,

education and age parameters. Some statistics on these attributes are summarized in Table 

1.

Table-1: Descriptive Statistics for the whole sample

Explanation
Number of 

Observations
Minimum 

Value
Mean Value

Median 
Value

Maximum 
Value

Standard
Deviation

Time to Maturity 65000 -80,00 1.802,26 1.493,00 7.259,00 1.252,59

Payment to Income Ratio 65000 0,01 0,38 0,37 1,36 0,18

Credit Open Date 65000 04.01.2005 21.05.2007 03.08.2007 02.04.2009 402,14

Mortgage Amount 65000 8.800,00 113.727,36 80.000,00 13.000.000,00 141.085,48

Marital Status 65000 0,00 0,86 1,00 1,00 0,35

Loan to Value Ratio 65000 0,02 0,62 0,66 3,33 0,17

Credit Limit 65000 8.000,00 80.196,53 60.000,00 16.000.000,00 105.920,18

Interest Rate 65000 0,00 1,34 1,34 2,50 0,21

Installment Amount 65000 200,00 1.870,64 1.257,00 188.639,00 2.420,37

Income Level 65000 500,00 6.778,88 3.550,00 700.000,00 13.338,82

Gender 65000 0,00 0,76 1,00 1,00 0,42

Expertise Amount 65000 11.000,00 134.411,54 96.800,00 15.500.000,00 161.643,61

Education 65000 0,00 1,99 2,00 5,00 1,13

Age 65000 19,00 40,75 39,00 88,00 9,26

Default 65000 0,00 0,02 0,00 1,00 0,12

In descriptive statistics, there are some values to be explained. First of all, time to maturity 

value with -80,00 means that one the credits had defaulted 80 days ago. Secondly, the 

value of 13.000.000,00 in the mortgage amount means that for one of the credits, Bank has 

taken that amount of mortgage for assurance. Furthermore, 15.500.000,00 value in 

expertise amount and 16.000.000,00 TL credit limit means with an expertise amount of 

15.500.000,00, a loan with a value of 16.000.000,00 is given to a customer.
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6. Logit and Probit Models over the Default Probabilities

First of all, we regressed the dependent variable (default case) to 14 variables we have. 

With 65.000 observations, time to maturity, payment to income ratio, credit open date, 

mortgage amount, marital status, loan to value ratio, credit limit, interest rate, installment 

amount, income, gender, expertise amount, education and age parameters are used in 

binary probit estimation method. Results are following.

Table-2: Binary Probit Results with 14 Parameters

P(Takip=1|X)=(-3,737.754-0,026TMT-1.278PI+0.005OPD+1.21*10-5MA-

0.043MS+1.523LTV+7.21*10-6LIM-0.057INT-0.001INS-4.9*10-5INC+0.057GEN-3.4*10-6EA-

0.187EDC+0.005AGE)

In this equation, marital status, interest rate, gender and age parameters are insignificant 
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with p-value of less than 5%. A point is R-squared value is 0.95 which is high which 

represent the ability of the sample representing the whole. To summarize results, if time to 

maturity parameter, payment to income ratio, marital status, interest rate, installment 

amount parameter, customer’s income level, expertise amount and education level 

increases, the default probability decreases with changing coefficients, and if open date, 

mortgage amount, loan to value ratio, credit limit, gender and age increases, the default 

probability increases with changing coefficients. At this point, marital status, interest rate, 

gender and age parameters are insignificant with p-value of less than 5%. We estimate the 

equation without two of the insignificant parameters, marital status and gender.

Table-3: Binary Probit Results without Remaining 12 Variables

P(Takip=1|X)=(-4,857.378-0,030TMT-1.610PI+0.006OPD+1.34*10-5MA-

+1.487LTV+1.24*10-5LIM-0.029INT-0.001INS-6.53*10-5INC-5.68*10-6EA-
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0.236EDC+0.006AGE)

To summarize the results, if time to maturity parameter, payment to income ratio, interest 

rate, installment amount parameter, customer’s income level, expertise amount and 

education level increases, the default probability decreases with changing coefficients, and 

if open date, mortgage amount, loan to value ratio, credit limit and age increases, the 

default probability increases with changing coefficients. At this point, interest rate and age 

parameters are insignificant with p-value of less than 5%. Estimation without age 

parameter is done again. Interest rate is insignificant and it doesn’t eliminated because it is 

thought that interest rate of a loan is a main characteristics in determining the default case.

Table-4: Binary Probit Results without Age Parameter

P(Takip=1|X)=(-4,814.095-0,028TMT-1.9750PI+0.006OPD+1.09*10-5MA-

+2.531LTV+6.5*10-6LIM-0.279INT-0.001INS-8.28*10-5INC-0.24EDC)
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To summarize the results, if time to maturity parameter, payment to income ratio, interest 

rate, installment amount parameter, customer’s income level and education level increases, 

the default probability decreases with changing coefficients, and if open date, mortgage 

amount, loan to value ratio and credit limit increases, the default probability increases with 

changing coefficients. R-squared is still high enough and 0.95. At this point, with the 

remaining parameters only interest rate is not significant. Limit parameter’s coefficient is 

very small, so a try is done in order to evaluate the effect of it.

Table-5: Binary Probit Results with Significant Parameters

P(Takip=1|X)=(-1.026-0,024TMT-1.5960PI+1.278LTV+1.123INT-0.001INS-6.13*10-5INC-

0.218EDC)

To summarize the results, if time to maturity parameter, payment to income ratio, 

installment amount parameter, customer’s income level and education level increases, the 

default probability decreases with changing coefficients, and if mortgage amount, loan to 

value ratio and credit interest rate increases, the default probability increases with changing 
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coefficients.

At this estimation, R-squared value with 0.816 is reached and all parameters are significant 

in p<0,05 ad p<0,01. The next table is with binary logit model estimation.

Table-6: Binary Logit Results with Significant Parameters

P(Takip=1|X)=F(-1.892-0,046TMT-2.502PI+2.309LTV+2.12INT-0.001INS-0.001INC-0.374EDC)

At this estimation, R-squared value with 0.823 is reached and all parameters are significant 

in p<0,05 ad p<0,01.

Result tables can be evaluated as below;

 If time to maturity parameter increases, the default probability decreases. This 

means, if loan will expire soon or if a few payments remain, credit default 

probability is high. This may be because of the last period crisis. 
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 If payment to income ratio increases, the default probability decreases. This may be 

expected as being the positive sign but the parameter is significant and this means 

that there is a reverse relationship between payment to income ratio and the default 

probability.

 Because the coefficient for the mortgage amount is very small and close to 0, it can 

be stated that there is not any significant effect of this parameter on the default 

probability.

 If loan to value ratio increases, the default probability increases. This means, if 

higher loans with low expertise amounts are assigned, this will end up with high 

default probabilities.

 If credit interest rate increases, the default probability increases. This means, loans 

assigned with higher interest rates have higher default probabilities.

 If installment amount increases, the default probability decreases. This may be 

expected as being the positive sign but the parameter is significant and this means 

that there is a reverse relationship between installment amount and the default 

probability. But the coefficient is very small for a significant effect.

 If customers’ income level increases, the default probability decreases. This 

parameter is behaving as expected. This means, high level income gainers pay out 

their credits.

 If education level increases, the default probability decreases. This parameter is 

behaving as expected. This means, high level educated people pay out their credits.
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7. Discussion

When estimated results are examined, it is seen that payment to income ratio’s sign is 

negative. This parameter’s sign is expected to be positive. In relation, income parameter’s 

sign is negative and not to significant to consider. So, double negative sign may be 

commented as the effect of higher payment on default probability is positive.

Moreover, this study is done with active loans. The data don’t include the credits that are 

successively paid and closed by not facing any default case. The data contains only 

snapshot active credits. So, there is always a probability of default for non-default credits. 

It is thought that if the study is made for a time period at the past, with a data consisting 

default credits and normal credits, all paid by the customers at a time, the results will be 

more meaningful. If the results are compared with that time’s non performing loan rate, 

stating the default case will be more accurate. But I cannot reach to opened and closed 

credit data. So this kind of study can be done.

Furthermore, there are continuously changing parameters in our data. For instance, income 

level of a customer may continuously change. But the data, and the Bank’s decision 

strategy, is based on the income level which is stated by the customer during the credit 

application procedure. The effect of changing parameters is assumed to be zero because to 

gather a continuously changing data is too difficult to handle with.
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8. Conclusion

In this study, we try to find out a profile for default cases of mortgage loans with 

characteristics of loans and customers. In order to determine dominant factors, at the 

beginning of the study, relevant parameters are chosen representing a mortgage loan and 

the credited customer. These parameters are time to maturity, payment to income ratio, 

credit open date, mortgage amount, marital status, loan to value ratio, credit limit, interest

rate, installment amount, income, gender, expertise amount, education and age parameters.

First of all, estimation with these 14 parameters is made. In first estimation, marital status 

and gender parameters became insignificant. In the next estimation, age parameter became 

insignificant. Then, in last estimation, time to maturity, payment to income ratio, mortgage 

amount, loan to value ratio, interest rate, installment amount, income and education 

parameters remain significant with an R-squared value of 0.82. To summarize the results, 

if time to maturity parameter, payment to income ratio, installment amount parameter, 

customer’s income level and education level increases, the default probability decreases 

with changing coefficients, and if mortgage amount, loan to value ratio and credit interest 

rate increases, the default probability increases with changing coefficients. While 

evaluating the results, if this study is done with a data consisting default credits and normal 

credits, all paid by the customers, it will be more meaningful as it is discussed in the 

discussion part. Furthermore, there are continuously changing parameters in this study, but 

because time effect on parameters cannot be continuously followed, these parameters’ 

values are accepted on snapshot basis and results are defined on that principle.
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ÖZET


Günümüzde tüm dünyada ev sahibi olmak önemli bir konu halini almış durumdadır ve bu evlerin finansmanı yeterli derecede önemlidir. Bu çalışma ev kredilerindeki batık oranlarını etkileyen parametreleri ortaya koymaya çalışmaktadır. Bu parametreler banka müşterilerinin kişisel verilerini ve ev kredilerinin tipik özelliklerini içermektedir. Bu çalışma Türkiye’de yerleşik bir bankanın verileri ile yapılmıştır. Çalışma kapsamında veri toplama aşamasından sonra ev kredilerinin özelliklerini temsil eden parametreler seçilmiş, E-Views vasıtasıyla kredilerin batma koşulunu belirleyen parametreler ortaya çıkarılmıştır. Sonuç olarak, ana amaç ev kredilerindeki batma durumunun profilini lojit ve probit modeller vasıtasıyla ortaya koymaktır.


ABSTRACT

Recently, housing has been one of the core issues all over the world and finance of mortgages also has a significant importance. This study tries to state parameters that affect the default rates of mortgage loans. These parameters include personal information about the customers of a bank and the characteristics of the mortgages and the loans. Study is made with a data which include a bank’s customers resident in Turkey. In content of this study, after data gathering period, parameters standing out with the representing ability of a mortgage loan is selected and with these parameters and by the helping of E-views, significant values that highly determine the default case of mortgage loans are found. Consequently, the main objective is to find out the possible default profile of mortgage loans by using logit and probit estimation methods. 
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1. Introduction


Recently, housing has been one of the core issues all over the world. As a developing economy, Turkey has rapid population growth and urbanization, finance of housing (mortgages) becomes an important topic. In addition, it is not hard to say that subprime-mortgage crisis does not trigger the global crisis which is faced by the whole finance sectors in the world. Mortgage finance is highly effective on all markets because the necessity of people to house for living will never end. Banks as financers in this situation have to make such decisions that while a mortgage-based credit is given, the person financed must be suitable with all parameters such as income level, and because of this credit transaction the sector must not be affected if this loan does not perform. 


Housing is one of the main necessities and in this mean a house can be identified as physical place that meets the demand of sheltering. On the other hand, it can be evaluated as an investment tool which also has contribution to the economies of the countries and also an indicator of social development. Because mortgage-sector is one of the leading sectors, governments prepare regulations in order to determine the factors that will affect finance of the mortgage sector. This is important because in a developing economy, people must have the opportunity of finding finance in corporate ways.


From Banks’ point of view, while financing a mortgage, there is wide range of indicators. In this manner, financed loans and profile of the customers are in a wide relationship. The credit limit that will be assigned is one of the important parameters. Loan limit that will be used for mortgage-financing is determined with so many parameters. Some of these parameters are income level, appraisal and expertise value of the mortgage and social status of the person. In this mean, LTV (loan to value) and PTI (payment to income) ratios are distinctive parameters.


While so many parameters are determining the assigned loan, in the same manner, these parameters also define the default probability of the loan. In this way, in this project logit and probit models will be used in order to find out which parameter is effective at which rate. Shortly, logit regression analysis is a uni/multivariate technique which allows for estimating the probability that an event occurs or not, by predicting a binary dependent outcome from a set of independent variables. On the other hand, in order to explain the behavior of a dichotomous dependent variable, a suitably chosen Cumulative Distribution Function (CDF). The logit model uses the cumulative logistic function. But this is not the only CDF that can be used. In some applications, the normal CDF has been found useful. The estimating model that emerges from the normal CDF is known as Probit Model. The main difference between logit and probit models is that logistic function has slightly flatter tails. Moreover, logit and probit models give similar results, but the estimates of parameters of the two models are not directly comparable.


The main objective of this project is to explain the default probability of a loan in terms of the loan parameters and the profile of the customer. We will study with a Bank’s mortgage data without giving specific information specifying the Bank and the customers. Our data is between 2005-2008 and consists of 65.000 mortgage borrowers and their loans including time to maturity, payment to income ratio, credit open date, mortgage amount, marital status, loan to value ratio, credit limit, interest rate, installment amount, income, gender, expertise amount, education and age parameters. With binary dependent variable models, we aim to find out which parameters are significant to demonstrate the overall mortgage data with which coefficients. We will do this by eliminating the insignificant parameters by concerning p values less than 5%. At the end, the remaining parameters will represent the data. 

In this framework, we will first mention about general characteristics of mortgage sector over the world. In this section, highly known mortgage markets’ summaries will be given and a comparison will be made. The next section covers the logit and probit models theory. In this part, how logit and probit models are working will be summarized. Then, the conceptual background of the study and data description will be mentioned. The used data’s characteristics will be stated and successively, logit and probit models will be applied to the data in order to find out the significant acting parameters. Consequently, at the last stage, the main results will be outlined and conclusion will be stated. The parameters’ meanings in case of a positive and negative coefficient step will be also given.

2. Interpreting Mortgage Sector


A mortgage is the transfer of an interest in property (or the equivalent in law - a charge) to a lender as a security for a debt - usually a loan of money. While a mortgage in itself is not a debt, it is the lender's security for a debt. It is a transfer of an interest in land (or the equivalent) from the owner to the mortgage lender, on the condition that this interest will be returned to the owner when the terms of the mortgage have been satisfied or performed. In other words, the mortgage is a security for the loan that the lender makes to the borrower stated in Housing Finance Systems Principles and Examples.

In the same paper, it is stated that in many countries, it is normal for home purchases to be funded by a mortgage. Few individuals have enough savings or liquid funds to enable them to purchase property outright. In countries where the demand for home ownership is highest, strong domestic markets have developed, notably in Ireland, Spain, the United Kingdom, Australia and the United States.

A mortgage loan is a loan secured by real property through the use of a note which evidences the existence of the loan and the encumbrance of that realty through the granting of a mortgage which secures the loan. However, the word mortgage alone, in everyday usage, is most often used to mean mortgage loan.

A home buyer or builder can obtain financing (a loan) either to purchase or secure against the property from a financial institution, such as a bank, either directly or indirectly through intermediaries. Features of mortgage loans such as the size of the loan, maturity of the loan, interest rate, method of paying off the loan, and other characteristics can vary considerably.

According to Anglo-American property law, a mortgage occurs when an owner (usually of a fee simple interest in realty) pledges his interest as security or collateral for a loan. Therefore, a mortgage is an encumbrance on property just as an easement would be, but because most mortgages occur as a condition for new loan money, the word mortgage has become the generic term for a loan secured by such real property.

As with other types of loans, mortgages have an interest rate and are scheduled to amortize over a set period of time; typically 30 years. All types of real property can, and usually are, secured with a mortgage and bear an interest rate that is supposed to reflect the lender's risk.

Upon making a mortgage loan for purchase of a property, lenders usually require that the borrower make a downpayment, that is, contribute a portion of the cost of the property. This downpayment may be expressed as a portion of the value of the property (see below for a definition of this term). The loan to value ratio (or LTV) is the size of the loan against the value of the property. Therefore, a mortgage loan where the purchaser has made a downpayment of 20% has a loan to value ratio of 80%. For loans made against properties that the borrower already owns, the loan to value ratio will be imputed against the estimated value of the property.

The loan to value ratio is considered an important indicator of the riskiness of a mortgage loan: the higher the LTV, the higher the risk that the value of the property (in case of foreclosure) will be insufficient to cover the remaining principal of the loan.

In the U.S., the process by which a mortgage is secured by a borrower is called origination. This involves the borrower submitting an application and documentation related to his/her financial history and/or credit history to the underwriter. Many banks now offer "no-doc" or "low-doc" loans in which the borrower is required to submit only minimal financial information. These loans carry a higher interest rate and are available only to borrowers with excellent credit. Sometimes, a third party is involved, such as a mortgage broker. This entity takes the borrower's information and reviews a number of lenders, selecting the ones that will best meet the needs of the consumer.

Loans are often sold on the open market to larger investors by the originating mortgage company. Many of the guidelines that they follow are suited to satisfy investors. Some companies, called correspondent lenders, sell all or most of their closed loans to these investors, accepting some risks for issuing them. They often offer niche loans at higher prices that the investor does not wish to originate.

If the underwriter is not satisfied with the documentation provided by the borrower, additional documentation and conditions may be imposed, called stipulations. The meeting of such conditions can be a daunting experience for the consumer, but it is crucial for the lending institution to ensure the information being submitted is accurate and meets specific guidelines. This is done to give the lender a reasonable guarantee that the borrower can and will repay the loan. If a third party is involved in the loan, it will help the borrower to clear such conditions.

In a survey about Mortgage Loans Industry and Market revised in 2008, in the U.K., there are currently over 200 significant separate financial organizations supplying mortgage loans to house buyers in Britain. The major lenders include building societies, banks, specialized mortgage corporations, insurance companies, and pension funds. Over the years, the share of the new mortgage loans market held by building societies has declined. Between 1977 and 1987, it fell drastically from 96% to 66% while that of banks and other institutions rose from 3% to 36%. The banks and other institutions that made major inroads into the mortgage market during this period were helped by such factors as:

· relative managerial efficiency; 


· advanced technology, organizational capabilities, and expertise in marketing; 


· extensive branch networks; and 


· capacities to tap cheaper international sources of funds for lending.

In CSO Financial Statistics and Building Societies Commission annual reports, UK building societies had succeeded in greatly slowing if not reversing the decline in their market share by the early 1990s. In 1990, the societies held over 60% of all mortgage loans but took over 75% of the new mortgage market – mainly at the expense of specialized mortgage loans corporations. Building societies also increased their share of the personal savings deposits market in the early 1990s at the expense of the banks – attracting 51% of this market in 1990 compared with 42% in 1989.

A paper named Investing for the Next Millenium done by Building Societies Research deals with a foundation which explains that in the five years 1987-1992, the building societies collectively outperformed the UK clearing banks on practically all the major growth and performance measures. The societies' share of the new mortgage loans market of 75% in 1990-91 was similar to the share level achieved in 1985. Profitability as measured by return on capital was 17.8% for the top 20 societies in 1991, compared with only 8.5% for the big four banks. Finally, bad debt provisions relative to advances were only 0.4% for the top 20 societies compared with 2.8% for the four banks.

The Mortgage Loans Industry and Market Survey states that though the building societies did subsequently recover a significant amount of the mortgage lending business lost to the banks, they still only had about two-thirds of the total market at the end of the 1980s. However, banks and building societies were by now becoming increasingly similar in terms of their structures and functions. When the Abbey National building society converted into a bank in 1989, this could be regarded either as a major diversification of a building society into retail banking – or as significantly increasing the presence of banks in the residential mortgage loans market. Research organization Industrial Systems Research has observed that trends towards the increased integration of the financial services sector have made comparison and analysis of the market shares of different types of institution increasingly problematical. It identifies as major factors making for consistently higher levels of growth and performance on the part of some mortgage lenders in the UK over the years:


· The introduction of new technologies, mergers, structural reorganization and the realization of economies of scale, and generally increased efficiency in production and marketing operations – insofar as these things enable lenders to reduce their costs and offer more price-competitive and innovative loans and savings products; 


· Buoyant retail savings receipts, and reduced reliance on relatively expensive wholesale markets for funds (especially when interest rates generally are being maintained at high levels internationally); 


· Lower levels of arrears, possessions, bad debts, and provisioning than competitors; 


· Increased flexibility and earnings from secondary sources and activities as a result of political-legal deregulation;

· Being specialized or concentrating on traditional core, relatively profitable mortgage lending and savings deposit operations.


Within the European Union, the Covered bonds market volume (covered bonds outstanding) amounted to about EUR 2 billion at year-end 2007 with Germany, Denmark, Spain, and France each having outstandings above 200.000 EUR million mentioned in Covered Bond Outstandings.

In German language, Pfandbriefe is the term applied. Pfandbrief-like securities have been introduced in more than 25 European countries – and in recent years also in the U.S. and other countries outside Europe – each with their own unique law and regulations. However, the diffusion of the concept differs: In 2000, the US institutions Fannie Mae and Freddie Mac together reached one per cent of the national population. Furthermore, 87 per cent of their purchased mortgages were granted to borrowers in metropolitan areas with higher income levels. In Europe, a wider market has been achieved: In Denmark, mortgage banks reached 35 per cent of the population in 2002, while the German Bausparkassen achieved widespread regional distribution and more than 30 per cent of the German population concluded a Bauspar contract (as of 2001).

3. Mortgage Default Probability-Previous Literature

Harrison, Noordewier and Yavas (2004) debated on their paper about conventional wisdom in the mortgage industry holds that loan-to-value (LTV) ratios are positively correlated with mortgage default rates. Their paper offers a theoretical signaling model of why the correlation between LTV ratios and default risk is contingent upon the default costs of the borrower. Specifically, their model proposes that when default costs are high there exist a separating equilibrium in which risky borrowers will self-select into lower LTV loans to reduce the probability of facing a costly default, while safe borrowers will self-select into higher LTV loans as a signal of their enhanced creditworthiness. This adverse selection process gives rise to the possibility of higher default probabilities for lower LTV loans. Conversely, when default costs are low the conventional result, in which risky borrowers select higher LTV loans than safe borrowers, is obtained.

Interestingly, some empirical evidence supports this view of the world. Nearly 26 years ago, Campbell and Dietrich (1983) first reported the apparently counterintuitive finding that mortgage loans characterized by high LTV ratios at origination actually exhibit lower default rates over time compared to their low LTV counterparts.

They conclude that the pattern of coefficients on the original loan-to-value dummy variables in their model is consistent with the presence of adverse selection in the underwriting process, particularly with respect to mortgages with original LTV ratios below 85%. Recent studies from multifamily and commercial mortgage markets also fail to document any positive relationship between LTV and borrower risk. For example, Archer et al. (1999, 2002) investigate pools of mortgage loans securitized by the Resolution Trust Corporation (RTC) for the Federal Deposit Insurance Corporation (FDIC) during the early to mid-1990s and find no significant relationship between LTV ratios at origination and ultimate loan performance (i.e., the probability of default).

Similarly, Ambrose and Sanders (2001) find a lack of significance for LTV in their commercial mortgage performance investigation, and they argue this is entirely consistent with lenders using a compensatory model of credit evaluation, where risky borrowers upon any given dimension are held to more stringent standards along alternative dimensions.

Mortgage underwriters and academicians have conventionally subscribed to the view that loan-to-value ratios positively influence default rates. The argument usually made is the following: The greater the financial leverage (i.e., the higher the LTVratio), the greater the debt service requirement, and hence the higher the probability the borrower will ultimately encounter financial distress. Theoretical signaling models, such as those presented by Rothschild and Stiglitz (1976) or Brueckner (1992), lend credibility to this paradigm, while a number of empirical studies, such as Von Furstenberg (1969) or Deng, Quigley and Van Order (2000), provide evidence consistent with the proposition.


Given the importance of discerning default risk in the multitrillion dollar mortgage industry, it is not surprising that a rich theoretical and empirical literature has emerged on pricing this risk and determining the factors that contribute to a borrower’s decision to default. The most relevant theoretical study for the current paper is Brueckner (2000), which addresses the signaling role of a borrower’s loan-to-value ratio choice with respect to that borrower’s default risk. In Brueckner’s model, default occurs when the value of the asset plus the borrower’s default cost falls below the loan balance. Risky borrowers are defined as those who have lower default costs, and thus are more likely to exercise the default option. Similar to the result of Rothschild and Stiglitz (1976), the unique equilibrium in Brueckner is a separating equilibrium in which risky borrowers obtain a larger loan than safe borrowers. In addition to the loan-to-value ratio, the existing literature identifies an array of other risk factors that lenders might utilize to screen risky borrowers from safe borrowers. For example, in Titman (1992) firms have private information about their production efficiency.

He shows that, under certain parameter conditions, “good risk” firms choose short-term financing while “bad risk” firms choose long-term financing. Similarly, Guedes and Thompson (1995) offer empirical evidence for a signaling model where firms issue either fixed- or adjustable-rate debt to finance a project and obtain support for a separating equilibrium where high-quality firms issue high-default-risk debt and low-quality firms issue low default- risk debt.

Milde and Riley (1988) use a production economy to show that a firm with a less risky investment project may choose larger or smaller debt financing depending upon the firm’s production function.

Another line of research studies the prepayment risk of the borrower (e.g., Dunn and Spatt 1988) and analyzes such instruments as ARMs (Brueckner 1992, Rosenthal and Zorn 1993, Posey and Yavas 1999), coupon rates and points on FRMs (Yang 1992, Brueckner 1994a, LeRoy 1996, Stanton and Wallace 1998), and prepayment penalties and due-on-sale clauses (Dunn and Spatt 1985, Chari and Jagannathan 1989) to separate high-prepayment-risk and low-prepaymentrisk borrowers. Although the setup and focus are different, it is also worth mentioning that there is a considerable literature on both the relationship between the borrower’s risk type and his/her choice of a collateral requirement under asymmetric information (e.g., Barro 1976)

Episcopos (1998) explored the use of artificial neural networks in the modeling of foreclosure of commercial mortgages at his article. His article has used an extensive database of individual loan histories to demonstrate the use of radial basis function networks in the prediction of mortgage default and to compare the network's prediction performance with that of the logit benchmark. The article summarizes that logit model suffers from length-based sampling bias since it treats both the foreclosed and current loans as completed payment records. He selected 1,619 loans including 175 default ones. In the article logit and radial basis function networks are compared. A model is used and defualt estimation capability of logit models is tested. In his model, the results show that in the training set out of 150 defaulting mortgages logit classified forty of them correctly for a correct classification rate of 27%. Out of the 1,162 nondefaulting loans the logit model predicted 98% correctly. In the holdout set, out of the 282 nondefaulting loans the logit model predicted 98% correctly, whereas the RBFN predicted 96% correctly. He found that type of apartment credited, borrower type, location of the mortgage, interest rate, debt coverage significant to demonstrate the default rates. In this study, similarly, interest rate and a different type of coverage ratio, LTV, are found significant. Our data does not contain type of the apartment credited, borrower type and location of the mortgage, so no comment on these parameters is done.


4. Logit and Probit Models Theory

4.1. Logit Models

Logit regression (logit) analysis is a uni/multivariate technique which allows estimating the probability that an event occurs or not, by predicting a binary dependent outcome from a set of independent variables according to the document of Library of IASRI, Logit and Probit Analysis.

Moreover, in an example of home ownership where dependent variable owns a house or not in relation to income, the linear probability Model is depicted it as;
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where X is the income and Y=1 means that the family owns a house.


Let’s consider the following representation of home ownership;
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where  
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This equation (1) is known as the (cumulative) logistic distribution function. Here 
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) thus satisfying the two conditions required for a probability model.

In satisfying these requirements, an estimation problem has been created because 
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’s. This means that one cannot use OLS procedure to estimate these parameters.


Here, 
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Then 
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, the probability of not owning a house, is
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Therefore, one can write
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 is the odds ratio in favor of owning a house. Taking natural log of (2), 
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That is, the log of the odds ratio is not only linear in X, but also linear in the parameters. At this point, L is called the Logit.

As P goes from 0 to 1, the logit L goes from 
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. That is, although the probabilities lie between 0 and 1, the logistics are not so bounded. In addition, although L is linear in X, the probabilities themselves are not linear. The interpretation, on the other hand, of the logit model is as follows: 
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, the slope, measures the change in L for a unit change in X, i.e. it tells how the log odds in favor of owning a house change as income changes by a unit. The intercept 
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 is the value of the log odds in favor of owning a house if income is zero. Moreover, the linear probability model assumes that 
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, the logit model assumes that the log of odds ratio is linearly related to
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If advantages of Logit Model are mentioned, logit analysis produces statistically sound results. By allowing for the transformation of a dichotomous dependent variable to a continuous variable ranging from 
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, the problem of out of range estimates is avoided. Moreover, the logit analysis provides results which can easily interpreted and the method is simple to analyze. It gives parameters estimates which are asymptotically consistent, efficient and normal, so that the analogue of the regression t –test can be applied.


Logit model analysis can be used to identify the factors that affect the adoption of a particular technology say, use of new varieties, fertilizers on farm. Another application may be in the field of marketing, it can be used to test the brand preference and brand loyalty for any product. Another example can be gender studies. Gender studies can use logit analysis to find out the factors which affect the decision making status of men/women in a family.

4.2. Probit Models

In order to explain the behavior of a dichotomous dependent variable we have to use a suitably chosen Cumulative Distribution Function (CDF). The logit model uses the cumulative logistic function. But this is not the only CDF that one can use. In some applications, the normal CDF has been found useful. The estimating model that emerges from the normal CDF is known as the Probit Model.

In home ownership example, the decision of the ith family to own a house or not depends on unobservable utility index Ii, that is determined by the explanatory variables in such a way that the larger the value of the index Ii, the greater the probability of the family owning a house.


The index Ii can be expressed as 
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where 
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In order to estimate 
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Probit analysis is a type of regression used to analyze binomial response variables. It transforms the sigmoid dose-response curve to a straight line that can then be analyzed by regression either through least squares or maximum likelihood. 


The idea of probit analysis was originally published in Science by Chester Ittner Bliss in 1934. He worked as an entomologist for the Connecticut agricultural experiment station and was primarily concerned with finding an effective pesticide to control insects that fed on grape leaves (Greenberg 1980). By plotting the response of the insects to various concentrations of pesticides, he could visually see that each pesticide affected the insects at different concentrations, i.e. one was more effective than the other. However, he didn’t have a statistically sound method to compare this difference. The most logical approach would be to fit a regression of the response versus the concentration, or dose and compare between the different pesticides. Yet, the relationship of response to dose was sigmoid in nature and at the time regression was only used on linear data. Therefore, Bliss developed the idea of transforming the sigmoid dose-response curve to a straight line. In 1952, a professor of statistics at the University of Edinburgh by the name of David Finney took Bliss’ idea and wrote a book called Probit Analysis (Finney 1952). Today, probit analysis is still the preferred statistical method in understanding dose-response relationships.

The main difference between logit and probit model is that logistic has slightly flatter tails. The normal or probit curve approaches the axes more quickly than the logistic curve. Moreover, qualitatively, Logit and Probit Models give similar results; the estimates of parameters of the two models are not directly comparable.

5. Data Description

In this project, a mortgage based credit data is used including dates between 2005 and 2008. Time to maturity, payment to income ratio, credit open date, mortgage amount, marital status, loan to value ratio, credit limit, interest rate, installment amount, income, gender, expertise amount, education and age parameters are used.

Loan to value is one of the key risk factors that lenders assess when qualifying borrowers for a mortgage. The risk of default is always at the forefront of lending decisions, and the likelihood of a lender absorbing a loss in the foreclosure process increases as the amount of equity decreases. Therefore, as the LTV ratio of a loan increases, the qualification guidelines for certain mortgage programs become more strict. Lenders can require borrowers of high LTV loans to buy mortgage insurance to protect the lender from the buyer default, which increases the costs of the mortgage.


The valuation of a property is typically determined by an appraiser, but there is no greater measure of the actual real value of one property than an arms-length transaction between a willing buyer and a willing seller. Typically, banks will utilize the lesser of the appraised value and purchase price if the purchase is "recent." What constitutes recent varies by institution but is generally between 1–2 years.


Low LTV ratios (below 80%) carry with them lower rates for lower-risk borrowers and allow lenders to consider higher-risk borrowers, such as those with low credit scores, previous late payments in their mortgage history, high debt-to-income ratios, high loan amounts or cash-out requirements, insufficient reserves and/or no income documentation. Higher LTV ratios are primarily reserved for borrowers with higher credit scores and a satisfactory mortgage history. The full financing, or 100% LTV, is reserved for only the most credit-worthy borrowers.


In addition, payment to income ratio is used. Payment to income ratio gives an idea to the mortgage lenders about the condition of the borrower’s financial health. If the payment to income ratio is low then it represents a feasible situation due to the reason that a lesser amount of debt is commonly seen as reasonable or prudent. Nevertheless, if there is not any debt to repay, higher amount of money can be saved for serving other purposes. Unfortunately, if the payment to income ratio is high, this suggests that at the end of the month, there won’t be much money to be saved. So this parameter is critical on the ongoing life of the loan.

We claim that the group of variables included in our data provides information on the main mortgage behavior, hence, it may be considered as an adequate measure of observed quality. At this stage, the data contains the following parameters; time to maturity, payment to income ratio, credit open date, mortgage amount, marital status, loan to value ratio, credit limit, interest rate, installment amount, income, gender, expertise amount, education and age parameters. Some statistics on these attributes are summarized in Table 1.

Table-1: Descriptive Statistics for the whole sample


		Explanation

		Number of Observations

		Minimum Value

		Mean Value

		Median Value

		Maximum Value

		Standard Deviation



		Time to Maturity

		65000

		-80,00

		1.802,26

		1.493,00

		7.259,00

		1.252,59



		Payment to Income Ratio

		65000

		0,01

		0,38

		0,37

		1,36

		0,18



		Credit Open Date

		65000

		04.01.2005

		21.05.2007

		03.08.2007

		02.04.2009

		402,14



		Mortgage Amount

		65000

		8.800,00

		113.727,36

		80.000,00

		13.000.000,00

		141.085,48



		Marital Status

		65000

		0,00

		0,86

		1,00

		1,00

		0,35



		Loan to Value Ratio

		65000

		0,02

		0,62

		0,66

		3,33

		0,17



		Credit Limit

		65000

		8.000,00

		80.196,53

		60.000,00

		16.000.000,00

		105.920,18



		Interest Rate

		65000

		0,00

		1,34

		1,34

		2,50

		0,21



		Installment Amount

		65000

		200,00

		1.870,64

		1.257,00

		188.639,00

		2.420,37



		Income Level

		65000

		500,00

		6.778,88

		3.550,00

		700.000,00

		13.338,82



		Gender

		65000

		0,00

		0,76

		1,00

		1,00

		0,42



		Expertise Amount

		65000

		11.000,00

		134.411,54

		96.800,00

		15.500.000,00

		161.643,61



		Education

		65000

		0,00

		1,99

		2,00

		5,00

		1,13



		Age

		65000

		19,00

		40,75

		39,00

		88,00

		9,26



		Default

		65000

		0,00

		0,02

		0,00

		1,00

		0,12





In descriptive statistics, there are some values to be explained. First of all, time to maturity value with -80,00 means that one the credits had defaulted 80 days ago. Secondly, the value of 13.000.000,00 in the mortgage amount means that for one of the credits, Bank has taken that amount of mortgage for assurance. Furthermore, 15.500.000,00 value in expertise amount and 16.000.000,00 TL credit limit means with an expertise amount of 15.500.000,00, a loan with a value of 16.000.000,00 is given to a customer.


6. Logit and Probit Models over the Default Probabilities

First of all, we regressed the dependent variable (default case) to 14 variables we have. With 65.000 observations, time to maturity, payment to income ratio, credit open date, mortgage amount, marital status, loan to value ratio, credit limit, interest rate, installment amount, income, gender, expertise amount, education and age parameters are used in binary probit estimation method. Results are following.

Table-2: Binary Probit Results with 14 Parameters
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In this equation, marital status, interest rate, gender and age parameters are insignificant with p-value of less than 5%. A point is R-squared value is 0.95 which is high which represent the ability of the sample representing the whole. To summarize results, if time to maturity parameter, payment to income ratio, marital status, interest rate, installment amount parameter, customer’s income level, expertise amount and education level increases, the default probability decreases with changing coefficients, and if open date, mortgage amount, loan to value ratio, credit limit, gender and age increases, the default probability increases with changing coefficients. At this point, marital status, interest rate, gender and age parameters are insignificant with p-value of less than 5%. We estimate the equation without two of the insignificant parameters, marital status and gender.

Table-3: Binary Probit Results without Remaining 12 Variables
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To summarize the results, if time to maturity parameter, payment to income ratio, interest rate, installment amount parameter, customer’s income level, expertise amount and education level increases, the default probability decreases with changing coefficients, and if open date, mortgage amount, loan to value ratio, credit limit and age increases, the default probability increases with changing coefficients. At this point, interest rate and age parameters are insignificant with p-value of less than 5%. Estimation without age parameter is done again. Interest rate is insignificant and it doesn’t eliminated because it is thought that interest rate of a loan is a main characteristics in determining the default case.

Table-4: Binary Probit Results without Age Parameter
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To summarize the results, if time to maturity parameter, payment to income ratio, interest rate, installment amount parameter, customer’s income level and education level increases, the default probability decreases with changing coefficients, and if open date, mortgage amount, loan to value ratio and credit limit increases, the default probability increases with changing coefficients. R-squared is still high enough and 0.95. At this point, with the remaining parameters only interest rate is not significant. Limit parameter’s coefficient is very small, so a try is done in order to evaluate the effect of it.

Table-5: Binary Probit Results with Significant Parameters

[image: image37.png]

P(Takip=1|X)=((-1.026-0,024TMT-1.5960PI+1.278LTV+1.123INT-0.001INS-6.13*10-5INC-0.218EDC)

To summarize the results, if time to maturity parameter, payment to income ratio, installment amount parameter, customer’s income level and education level increases, the default probability decreases with changing coefficients, and if mortgage amount, loan to value ratio and credit interest rate increases, the default probability increases with changing coefficients.

At this estimation, R-squared value with 0.816 is reached and all parameters are significant in p<0,05 ad p<0,01. The next table is with binary logit model estimation.

Table-6: Binary Logit Results with Significant Parameters
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At this estimation, R-squared value with 0.823 is reached and all parameters are significant in p<0,05 ad p<0,01.

 Result tables can be evaluated as below;


· If time to maturity parameter increases, the default probability decreases. This means, if loan will expire soon or if a few payments remain, credit default probability is high. This may be because of the last period crisis. 


· If payment to income ratio increases, the default probability decreases. This may be expected as being the positive sign but the parameter is significant and this means that there is a reverse relationship between payment to income ratio and the default probability.


· Because the coefficient for the mortgage amount is very small and close to 0, it can be stated that there is not any significant effect of this parameter on the default probability.

·  If loan to value ratio increases, the default probability increases. This means, if higher loans with low expertise amounts are assigned, this will end up with high default probabilities.

· If credit interest rate increases, the default probability increases. This means, loans assigned with higher interest rates have higher default probabilities.


· If installment amount increases, the default probability decreases. This may be expected as being the positive sign but the parameter is significant and this means that there is a reverse relationship between installment amount and the default probability. But the coefficient is very small for a significant effect.


· If customers’ income level increases, the default probability decreases. This parameter is behaving as expected. This means, high level income gainers pay out their credits.


· If education level increases, the default probability decreases. This parameter is behaving as expected. This means, high level educated people pay out their credits.

7. Discussion

When estimated results are examined, it is seen that payment to income ratio’s sign is negative. This parameter’s sign is expected to be positive. In relation, income parameter’s sign is negative and not to significant to consider. So, double negative sign may be commented as the effect of higher payment on default probability is positive.


Moreover, this study is done with active loans. The data don’t include the credits that are successively paid and closed by not facing any default case. The data contains only snapshot active credits. So, there is always a probability of default for non-default credits. 

It is thought that if the study is made for a time period at the past, with a data consisting default credits and normal credits, all paid by the customers at a time, the results will be more meaningful. If the results are compared with that time’s non performing loan rate, stating the default case will be more accurate. But I cannot reach to opened and closed credit data. So this kind of study can be done.

Furthermore, there are continuously changing parameters in our data. For instance, income level of a customer may continuously change. But the data, and the Bank’s decision strategy, is based on the income level which is stated by the customer during the credit application procedure. The effect of changing parameters is assumed to be zero because to gather a continuously changing data is too difficult to handle with.

8. Conclusion


In this study, we try to find out a profile for default cases of mortgage loans with characteristics of loans and customers. In order to determine dominant factors, at the beginning of the study, relevant parameters are chosen representing a mortgage loan and the credited customer. These parameters are time to maturity, payment to income ratio, credit open date, mortgage amount, marital status, loan to value ratio, credit limit, interest rate, installment amount, income, gender, expertise amount, education and age parameters. First of all, estimation with these 14 parameters is made. In first estimation, marital status and gender parameters became insignificant. In the next estimation, age parameter became insignificant. Then, in last estimation, time to maturity, payment to income ratio, mortgage amount, loan to value ratio, interest rate, installment amount, income and education parameters remain significant with an R-squared value of 0.82. To summarize the results, if time to maturity parameter, payment to income ratio, installment amount parameter, customer’s income level and education level increases, the default probability decreases with changing coefficients, and if mortgage amount, loan to value ratio and credit interest rate increases, the default probability increases with changing coefficients. While evaluating the results, if this study is done with a data consisting default credits and normal credits, all paid by the customers, it will be more meaningful as it is discussed in the discussion part. Furthermore, there are continuously changing parameters in this study, but because time effect on parameters cannot be continuously followed, these parameters’ values are accepted on snapshot basis and results are defined on that principle.
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