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ABSTRACT

Mortgage-backed securities (MBS) are structured financial products that are produced via securitization of mortgage loans. 
Due to the nature of securitization, all risks of mortgage loans are transferred from originators to MBS investors. Prepayment 
and default risks of mortgages lead to uncertainty in MBS cash flows and create a complex problem for valuation of these 
instruments. Therefore, estimating these mortgage termination risks has become the focus of valuation of MBS collateral 
pools. This study explores two questions by using a publicly open dataset provided by Fannie Mae. First, two machine learning 
algorithms (Random Forest and Multinomial Logit Regression) are used for classification to predict whether a mortgage loan is 
likely to be prepaid, defaulted or current. Afterwards, Competing Risks Cox Regression Analysis is performed to see determinants 
of when mortgage termination risks are likely to happen. It is found that not all mortgage borrowers behave optimally in 
their prepayment and default decisions. Therefore, in addition to refinancing incentive and negative equity which depend on 
variations in prevailing mortgage interest rates and housing prices, heterogeneity in mortgage borrowers’ behaviors and loan 
characteristics, and also local economic factors are significantly important in estimating mortgage termination risks. It is worth 
noting that prominence role of mortgage payment delinquencies in particularly predicting defaults emphasizes the essential 
need of monitoring payments by servicers to keep safety of MBS investors and financial markets.

Keywords: Mortgage Risks, Mortgage-Backed Securities, Valuation Of Mbs Collateral Pools, Real Estate Finance, Machine Learning.
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INTRODUCTION

Value and yield of a financial instrument are the key 
factors considered for investment decisions in the 
fixed income securities market. Value of a fixed income 
security technically equals to present value of its 
expected cash flows. However, in the case of mortgage-
backed securities (MBS), financial analysts and investors 
encounter with one of the most complex instruments in 
financial markets due to notorious risks in their collateral 
pool of loans: prepayment and default risks; i.e. mortgage 
termination risks (Hayre & Young, 2004). 

MBS are structured financial products that are produced 
via securitization of mortgage loans. Mortgage loans 
are sold to special purpose vehicles under the true sale 
doctrine of securitization, which means that all risks of 
mortgage loans are transferred from originators (housing 
finance institutions, banks) to MBS investors. Mortgage 

borrowers are expected to make their payments in line 
with their loans’ amortization schedule periodically, and 
investors can estimate value of the MBS they hold or 
plan to make investment by calculating present value of 
expected cash flows. Yet borrowers’ payment behavior 
may vary significantly. Unscheduled early payments and/
or mortgage default decisions result in uncertainty in 
cash flows of MBS pools and create a complex problem 
for valuation of these instruments. 

Variations in housing prices and mortgage interest 
rates are the two major systematic factors influencing 
mortgage termination risks. Depressing housing values 
triggers mortgage defaults because continuation 
of repayments will be nonsense if negative equity 
occurs meaning that the value of house falls below 
the outstanding balance on the mortgage used for 
purchasing that property. In other words, despite their 
ability to make mortgage payments they strategically 
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choose to default when they face with negative equity 
(Foote & Willen, 2018). Within a similar point of view, 
falling mortgage rates create an incentive for borrowers 
to prepay their loans by replacing current loan with a new 
one with lower interest rates (refinancing) (Lowell & Corsi, 
2006; Spahr & Sunderman, 1992). Early studies in the 
literature focus on these two indicators, negative equity 
and refinancing incentive. They suggest that borrowers 
behave optimally based on these two indicators and 
decide whether to prepay or to go default or to continue 
repaying their loans in scheduled terms (Downing, 
Stanton, & Wallace, 2005; Dunn & McConnell, 1981). 
Roughly speaking, that borrowers take the most strategic 
decision providing the best economic advantageous lays 
behind the optimal behavior theory, and MBS are referred 
as financial instruments with embedded options that 
allow for prepayment and default. These studies adopt 
option-based theory developed by Black and Scholes 
(1973) and improved by  Merton (1974) to estimate value 
of an MBS pool.

On the other hand, it is observed that many borrowers 
take suboptimal decisions (Weiner, 2016). Furthermore, 
optimal decision differs for every mortgager and should 
be distinguished from rational decision because not every 
optimal decision equals to rational decision. For instance, 
household debt and expenditures, moving from current 
house due to various life events like marriages, divorces, 
health conditions, and job or school changes of children 
are different for all borrowers (Spahr & Sunderman, 
1992). In addition to borrower characteristics, mortgage 
loan features should be counted among the drivers of 
mortgage repayment behaviors. For example, unpaid 
principal balance amount, existence of prepayment 
penalty, amortization type, fixed or adjusted mortgage 
rates, and legislative regulations undoubtedly influence 
prepayment and default decisions. 

Mortgage terminations are accompanied by transaction 
costs depending on borrower and loan features. In the 
case of prepayment via refinancing, borrowers need to 
consider prepayment penalties and new loan expenses. 
Having to move from home, finding a new mortgage 
loan or a rental house, adversely affected credit scores 
and therefore encountering of higher interest rates and/
or not being given a new loan are among the adverse 
effects of default decisions (Foote & Willen, 2018). In 
short, any decision is accompanied with transaction costs 
which differ for mortgage loans with different features 
but these costs are not limited to economic burden. 
Psycho-social consequences of mortgage defaults are 
hardly ignorable because leaving home and being a 

person who is incapable of paying loan regardless of 
whether it is a strategic decision will hurt social status 
and/or mental health of borrowers (Agarwal, Ambrose, & 
Yildirim, 2015). 

Timing is another important criterion to reach the 
optimal decision. Choosing the most optimal time either 
to prepay or to go default is crucial for obtaining the 
most optimal economic advantageous (Kalotay, Yang, 
& Fabozzi, 2004). Following variations in mortgage 
rates and housing prices, being aware of trends in 
financial markets, and understanding sophisticated 
financial engineering models and tools or getting 
consultancy from professionals may help borrowers.This 
reemphasizes the importance of borrower characteristics 
in terms of their financial decision skills, education and 
intelligence (Keys, Pope, & Pope, 2016). 

Option-theoretical models cannot provide satisfactorily 
accurate predictions despite attempts of financial 
institutions by transferring professors studying in this 
specific field from universities and trying to develop a 
closed-form formula to determine the value of MBS pools. 
On the other hand, econometric models that are able to 
pay attention to borrower and loan characteristics, and 
local economic indicators are suggested in the literature 
(Sirignano, Sadhwani, & Giesecke, 2016). Econometric 
approach tries to model drivers of mortgage risks rather 
than directly targeting valuation of MBS pools because 
understanding the mortgage termination risks and 
their drivers are the core components of valuing MBS. 
Furthermore, modelling prepayment and default risks 
are key determinants from approval of loan applications 
and securitization to creating and rating MBS pools 
(McConnell & Buser, 2011). 

Econometric models are criticized for their data-
driven nature, requiring for dealing with huge datasets, 
and necessity of frequent updates (Weiner, 2016). 
Technological advances enable working with big data. 
Improved data accessibility and availability has allowed 
using machine learning algorithms in financial market 
analysis-including real estate and mortgage markets, and 
has been mitigating many drawbacks of the econometric 
models (Sirignano et al., 2016). 

This study employs econometric modelling approach, 
and explores two questions by using a publicly open 
dataset provided by Fannie Mae, one of the two 
leading government sponsored entities in the United 
States. First, two machine learning algorithms (Random 
Forest and Multinomial Logit Regression) are used for 
classification to predict whether a mortgage loan is 
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likely to be prepaid, defaulted or current. Afterwards, 
Competing Risks Cox Regression Analysis is performed 
to see determinants of when mortgage termination risks 
are likely to happen. It is found that refinancing incentive 
and negative equity are the two of major determinants 
of prepayment and default risks respectively. However 
not all borrowers always take optimal decisions that 
provides economic advantages. Therefore, these two 
variables are not able to explain mortgage termination 
risks sufficiently without considering heterogeneities 
in borrowers’ behaviors. Loan-to-value ratio, debt-to-
income ratio, creditworthiness of borrowers, loan age 
and amount, variations in economic conditions and local 
default and prepayment rates are found among the major 
determinants of mortgage risks. It is worth mentioning 
that mortgage payment delinquencies are significantly 
important indicators particularly in predicting mortgage 
defaults. This obviously emphasizes the crucial 
importance of monitoring payments by servicers to keep 
safety of MBS investors and financial markets.   

This paper is organized as follows. Section 2 provides 
a summary of existing literature. Section 3 explains 
mortgage termination risks, and Section 4 provides the 
details of methodology employed in this study. The data 
and empirical works are presented in Section 5, and 
finally Section 6 concludes this paper.

LITERATURE REVIEW

A closed-form formula determining value of complex 
MBS carrying prepayment and mortgage risks in their 
collateral pools has not yet constructed despite many 
attempts of both academicians and sector professionals 
(Rajashri, Davis, & McCoy, 2016). Majority of the literature 
focuses on the United States (US) since the country has 
the largest secondary mortgage market in the world and 
many types of securitized products. Furthermore, a good 
part of the literature is only interested in Agency-MBS, 
which carry guarantees1 to the investors against losses 
arising from default risk on the underlying mortgages. 

1	 Ginnie Mae, Fannie Mae and Freddie Mac are named as Agencies in 
the USA (the latter two are also known as government sponsored en-
terprises - GSEs). Ginnie Mae is a governmental institution while GSEs 
could be referred as quasi-governmental institutions. They were es-
tablished by the Federal Government to enhance the housing sector 
conditions and economy in the US. Ginnie Mae provides full faith 
and credit guarantee of the US government for the MBS backed by 
mortgage loans issued under government agency programs. GSEs 
provide similar guarantee against default risk for the MBS they issue 
but this guarantee is not from the government but from themselves. 
However, their guarantee is known as “implicit guarantee” of the 
government as they have always been provided various privileges, 
and supported by the federal government. This implicit guarantee is 
proven with the rescue of GSEs by placing them into conservatorship 
of the Federal Housing Finance Agency (FHFA) in 2008.

Initial studies were only interested in prepayment risk, as 
the first MBS issuances were made by these institutions 
and therefore the reflection of default decisions on MBS 
collateral pools were considered similar to prepayments. 
Default risk was either ignored or accepted as prepayment 
(Huh & Kim, 2019). However, default risk has also been 
started to be included into the analyses along with the 
increase in private label MBS issuances and awareness 
of the seriousness of the default risk consequences 
(McConnell & Buser, 2011). 

Another interesting aspect of the literature is that 
many of initial studies employ option-theoretic models. 
They assume that refinancing incentive for a mortgage 
borrower when market interest rate falls below the 
contract rate triggers refinancing (prepayment) 
decision, and negative equity that occurs when the 
value of collateral real estate falls below the outstanding 
balance on the mortgage loan pushes the borrower 
to go default (Hayre & Young, 2004; Kau, Keenan, & Li, 
2011). Dunn and McConnell (1981) is considered as the 
first study attempting to value MBS by using option-
pricing model of Black and Scholes (1973) and (Merton, 
1974). They focus only on prepayments as they study 
on MBS with Ginnie Mae guarantee, and assume that 
all borrowers simultaneously prepay their mortgagers 
at the first moment when refinancing incentive occurs. 
Following studies take the attention to transaction costs 
of mortgage risks (Timmis (1985) and Johnston and Van 
Drunen (1988)). Professionals as well as the academics 
contribute to the literature, among which Davidson, 
Herskovitz, and Van Drunen (1988)’s model built for 
Merrill Lynch is one of the most famous ones. They accept 
the existence of suboptimal refinances and suggest that 
variations in transaction costs of borrowers are the major 
reason of these suboptimal decisions.

Relatively recent studies take heterogeneity in 
borrowers into account in addition to prepayment 
transaction costs. Kalotay et al. (2004) categorized 
borrowers into different groups based on their certain 
characteristics by arguing that borrowers with similar 
characteristics have also similar prepayment behaviors. 
Deng, Pavlov, and Yang (2005) assume that borrowers 
with similarities in their prepayment and default 
decisions live in close neighborhoods. 

Predictive power of option-based models lags behind 
econometric models because of nonrealistic assumption 
of complete optimal behavior. That in addition to 
variations in mortgage interest rates and housing prices, 
borrower and loan characteristics, housing market 
conditions and financial and economic environment have 
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significant impacts on prepayment and default rates has 
led to use of econometric models (Kalotay et al., 2004; 
Weiner, 2016). Loan level data availability has catalyzed 
adopting econometric models for estimating mortgage 
termination risks. Despite various econometric modelling-
based studies performed in the late 1980s, models 
developed by Schwartz and Torous (1989) and Richard 
and Roll (1989) are accepted as the reference studies of 
the related literature. Schwartz and Torous (1989) employ 
proportional hazards model to estimate parameters of 
variables influencing prepayments of mortgage loans in 
MBS pools. They include refinancing incentive, burnout 
level of pool and seasonality in their model. Richard and 
Roll (1989) estimate annual prepayment rates with a 
multiplicative model built with four variables- refinancing 
incentive, loan age, seasonality and burnout level of pool. 
In the following studies features of geographical regions 
and outstanding mortgage balance are included in the 
models (Lowell & Corsi, 2006). 

Some studies are interested in only prepayments (e.g. 
Schwartz and Torous (1989)), others focus on only default 
decisions (e.g. Quigley and Van Order (1991)). However, 
studying mortgage risks separately is found an unsound 
approach because occurrence of one risk makes the other 
impossible. Therefore, it is suggested that prepayment 
and default risks are competing risks and both should be 
modelled simultaneously (Bennett, Peach, & Peristiani, 
2001). Competing Risk Analysis becomes like a standard 
procedure in modelling mortgage termination risks (Kau, 
Keenan, and Smurov (2006),  Pennington-Cross (2010)). 

Technological improvements allow making advanced 
model building studies using machine learning algorithms 
and big data for financial market analyses (Sirignano et 
al., 2016). For example, Groot (2016) and Mamonov and 
Benbunan-Fich (2017) analyze mortgage termination risks 
by using various machine learning algorithms. Sirignano 
et al. (2016) employ deep learning for classification of 
mortgages based on their risk exposures. By employing 
various machine learning algorithms for classification, 
Cowden, Fabozzi, and Nazemi (2019) focus on default rates 
of commercial real estate loans. Barbaglia, Manzan, and 
Tosetti (2023) compare the prediction accuracy of several 
machine learning algorithms modelling mortgage defaults 
in European mortgage markets. Zhu, Chu, Song, Hu, and 
Peng (2023) apply explanatory machine learning models 
to predict mortgage defaults. Some studies investigate 
specific subjects related to mortgage risks. For instance, 
Cooper (2018) compares default rates of modified and 
non-modified mortgage loans while Fout, Li, Palim, and 
Pan (2020) perform a similar study to compare default 

risks of high- and lower or mid- income borrowers. An, 
Deng, and Gabriel (2021) explore the impact of negative 
equity on default rates during the 2007 financial crises. A 
recent study by Blumenstock, Lessmann, and Seow (2022) 
applies machine learning techniques for survival analyses 
to predict mortgage terminations.   

MORTGAGE TERMINATION RISKS

Prepayment and default risks, i.e. mortgage termination 
risks or mortgage risks, are the core of valuation of 
MBS because they crate uncertainties in cash flows on 
MBS collateral pools (LaCour-Little, 2008). Therefore, 
estimation of mortgage risks has become the focal 
point of any studies on valuation of MBS collateral pools. 
Besides, these risks are core components of mortgage 
markets from evaluation of mortgage loan applications 
in primary mortgage market to selection of mortgages 
to be securitized, credit enhancement, and rating MBS 
in secondary mortgage market. MBS investors need 
to spend a good deal of their resources on evaluation 
and estimation of these risks (Berliner, Quinones, & 
Bhattacharya, 2016). 

Prepayment Risk

Prepayment risk is the probability of a mortgage 
loan will be fully paid off before its due date. Mortgage 
borrowers are given the chance of paying off their 
mortgage debt any time in return for bearing transaction 
costs although it depends to the legal regulations of 
the countries (Fabozzi, Bhattacharya, & Berliner, 2007; 
Rajashri et al., 2016). There are various systematic and 
idiosyncratic drivers behind prepayment behavior of 
mortgagors.   

Prepayments occur in two ways: (1) refinancing, 
and (2) housing turnover. Additionally, there are also 
“payoffs” which means that mortgagors may pay off 
the mortgage loan debt with their own savings or non-
credit resources before the due date. “Curtailments” or 
“partial prepayments” may occur when borrowers make 
extra payments in order to shorten the maturity period 
or reduce the outstanding balance. These two types of 
prepayments rarely happen and their share is quite minor 
compared to refinances and housing turnovers. 

Refinancing is the replacement of an existing mortgage 
loan with a new loan without any change in the conditions 
of the collateral property. There are various types of 
refinances. One of the most common and well-known 
types is ‘cash-in refinancing’ which is preferred by a 
borrower when current mortgage rates substantially fall 
below the existing mortgage contract rate. In other words, 
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of the existing loan and use remaining money for their 
other needs after paying off the current mortgage. A 
‘cash-out refinance’ loan lets a borrower convert home 
equity into cash. Cash-out refinances tend to get higher 
when housing prices rises (Rajashri et al., 2016).

Figure 1 and Figure 2 illustrates share of cash-in 
refinances with mortgage interest rates, and share of 
cash-out refinances with housing price index, respectively 
(Data are provided from Freddie Mac (2020),  FHFA (2021), 
and Freddie Mac (2021)). Figure 1 obviously shows the 

negative correlation between mortgage interest rates 
and cash-in refinances while Figure 2 indicates the 
positive correlation between cash-out refinances and 
house prices.

Another type of prepayment occurs when home 
owners move from their residents. Housing turnover 
rate, second home sales as a percentage of total housing 
stock, provides a measure for this prepayment type in 
a country or a region (Rajashri et al., 2016). Seasonality 
influences prepayment speeds because in summers 
moving to another house becomes more available for 
people in terms of weather conditions and school term.

Default Risk

Default risk is the probability that mortgage 
borrowers will not make their payments on their loans 

refinancing incentive arising from the declines in mortgage 
rates is the main motivation of cash-in refinances. Amount 
of the new loan equals to sum of current outstanding 
balance of the previous mortgage and transaction costs 
of prepayment. Cash-in refinancing provides mortgage 
rate and/or term advantageous for borrowers, however, 
creates a serious risk for MBS investors because principal 
payments are made unexpectedly early. Investors cannot 
gain return as much as they expected and also can 
reinvest at substantially lower prevailing interest rates 
(reinvestment risk) (Fabozzi et al., 2007). 

Refinancing incentive takes place at the center of 
option-based approach in MBS valuations. This theory 
assumes that borrowers refinance their current mortgages 
at the most optimal time when mortgage rates decline 
sufficiently. However, not all mortgagors can take rational 
decisions. Optimal decision requires borrowers to be fully 
informed and educated to follow and understand trends 
in financial markets. Also, they must guess the most 
optimal time for themselves because being late/early to 
refinance may result in suboptimal decisions (Kalotay et 
al., 2004; Keys et al., 2016). 

It is observed in the markets that refinancing incentive 
is not the only driver of refinances. Borrowers apply for 
refinancing loans to meet their cash needs as well. Instead 
of a second-lien mortgage, they apply for a refinancing 
loan with a higher amount of than outstanding balance 

Figure 1. Mortgage Rates and Cash-in Refinancing Loans

Data Source: Freddie Mac (2020) and Freddie Mac (2021))
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in exchange for giving the collateral property to the 
financial institution (Berliner et al., 2016). First studies 
explain mortgage defaults within the context of Black 
and Scholes (1973) and Merton (1974)’s option pricing 
theory, and assume that negative equity is the reason 
of any defaults. Borrowers strategically go to default 
when negative equity occurs when housing prices fall 
in the market. Another assumption of this frictionless/
ruthless option model is that there is no any cost or loss 
for borrowers other than losing their house, and they 
are able to obtain a new loan as much as they need with 
prevailing interest rates any time (Foote & Willen, 2018). 

However, these assumptions are never always true. 
Negative equity alone cannot trigger default unless 
it deepens significantly (e.g., according to Foote and 
Willen (2018) mortgagors do not prefer unless negative 
equity reach to at least 35% or 40%) because people 
are unwilling to lose their home easily. Many studies 
show that defaults happen when an adverse life event 
accompanies with negative equity. This is called Double 
Trigger Model, which suggests that defaults and 
delinquencies occur if and only if negative equity and also 
an idiosyncratic shock adversely affecting households’ 
capability of making payments happen together in the 
same household (Foote & Willen, 2018). Unemployment, 

income cuts, excessive financial stress, and also a serious 
disease or a death of a family member and divorces are 
the major shocks leading to delinquencies and defaults 
(Schelkle, 2018). 

Furthermore, defaults are recorded in the financial 
history of borrowers for years and seriously harm their 
credibility. Credit institutions hesitate to lend a new loan 
such borrowers, or even if these borrowers are granted 
with a new loan, most probably the amount of the loan 
will be lower than they need and with higher interest 
rates (Demyanyk, 2017). Psycho-social consequences 
are worth to remember as well  (Agarwal et al., 2015). 
So, consequences of default decisions are not limited to 
only losing homes. On the other hand, strategic defaults 
occur at a level of that to be underestimated (Gerardi, 
Herkenhoff, Ohanian, & Willen, 2018).

METHODOLOGY

Machine learning algorithms are quite popular in 
finance literature recent years (Sirignano et al., 2016). 
This study employs two supervised machine learning 
algorithms, Random Forest (RF) and Multinomial Logistic 
Regression (MNL), for classification of mortgages based 
on their repayment statuses. Random Forest is an 
ensemble machine learning algorithm using bagging 

Figure 2. Housing Price Index and Cash-out Refinancing Loans

Data Source:  FHFA (2021) and Freddie Mac (2021)
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many models on different subsets of a dataset by using 
randomly selected variables in each subsample. Random 
Forest is able to reduce overfitting problem of decision 
trees and handle nonlinearity and feature interactions 
(Kok, Koponen, & Martínez-Barbosa, 2017). 

Classification works are started with splitting the 
dataset into two subsamples, 70% of the dataset (training 
data) is used to train the machine learning models, and 
prediction performances of the models are tested on the 
rest (30%) (testing data) (Hertzmann & Fleet, 2012). k-fold 
cross validation is a technique that is proposed in order to 
avoid overfitting risk. This technique splits the data into k 
sub-groups, and trains the model by using k-1 groups of 
data. The trained model is tested on the other sub-group 
(validation data), and this procedure is repeated k times 
(Berrar, 2018).

The training process of a model involves choosing 
the optimal hyperparameters. These hyperparameters 
are essential components of the training to improve the 
learning capability of the model. For instance, finding out 
the optimal number of trees to be included in a Random 
Forest is required for the training.  Hyperparameters 
can be set heuristically or tuned via various techniques 
proposed in the literature. This study employs Random 
Search technique offered by  Bergstra and Bengio 
(2012). The main idea behind this technique briefly is 
that after setting up a grid of hyperparameter values, 
model training is performed on randomly selected 
combinations of those values.   

Confusion matrix, showing the predicted and 
actual classifications, helps in evaluating classification 
performances of machine learning models. For a binary 
classification, there are two classes as ‘positive’ and 
‘negative’. Confusion matrix can be written as follows:

where  is True Positive (TP: number of elements 
belonging to the class Positive and are classified in class 
Positive),  is False Positive (FP: number of elements 
are wrongly classified in class Positive),  is False 
Negative (FN: number of elements are wrongly classified 
in class Negative), and  is True Negative (TN: number 
of elements belonging to the class Negative and are 
classified in class Negative). Classification performance 
of a model is evaluated with various metrics. This study 
uses accuracy, sensitivity and specificity that are defined 
as follows (Alpaydin, 2020):

technique. There are many other ensemble machine 
learning algorithms with their own advantages and 
disadvantages. One fundamental advantage of the 
Random Forest over some of the other advanced learning 
models is that Random Forest is more interpretable and 
has better transparency (Tchuente & Nyawa, 2021). 
Multinomial Logistic Regression is commonly used in 
particularly predicting mortgage defaults in the literature 
(e.g.  Mamonov and Benbunan-Fich (2017), Chen, 
Xiang, and Yang (2018), Barbaglia et al. (2023)), which 
allows comparing the results of this study with those 
of previous works. Afterwards, Competing Risks Cox 
Regression is performed to estimate marginal probability 
of prepayment and default risks of mortgage loans. 

Classification with Machine Learning Algorithms

Logistic Regression is used to predict a categorical 
variable with two categories (binary variable). It estimates 
the probability of an event occurrence based on given 
a set of independent variables, and assumes a linear 
relationship between the binary dependent variable and 
the covariates which may include continuous variables. 
A transformation from probability to log-odds is applied 
to satisfy the linearity assumption, and model becomes 
as follows:

When the dependent variable has more than two 
categories, it is called Multinomial Logistic Regression 
and used frequently for classification problems in the 
literature. 

Random Forest (Breiman, 2001) is a tree-based 
ensemble machine learning algorithm that is used for 
solving classification and regression problems. Decision 
trees are the basis of any tree-based models. A decision 
tree is composed of leaves and nodes. Each independent 
variable is represented with the nodes. Independent 
variables are sorted based on their importance, and 
the most important one becomes the first node of the 
decision tree, and split the given dataset into subgroups. 
Covariates are reordered and second level nodes continue 
partitioning the dataset. This recursively splitting process 
based on certain criteria until the optimal classification 
is reached. Decision trees are able to be implemented 
and interpreted easily but prone to overfitting. 
Ensemble modelling methods are proposed to mitigate 
the overfitting problem. Random Forest, one of most 
powerful ensemble algorithms, averages predictions of 
many individual trees built on bootstrap samples. It is an 
extension of bagging (bootstrap aggregating) that fits 

(1)

(2)
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Competing Risks Cox Regression

Survival Analysis is used to analyze the expected 
duration of time until a certain event (e.g. time from 
surgery to death) occurs. In this study, that incidence is 
mortgage termination before the scheduled maturity 
date due to exposure of either prepayment or default 
risks. Suppose  is a non-negative variable representing 
the duration time until the termination of a mortgage 
(survival time of a mortgage). Probability that a mortgage 
will continue to be paid after time , i.e. survival probability 
(also known as survival function) is as follows:

and, survival probability of a mortgage loan is 1 at t0 
, and 0 (zero) as time approaches to infinity 
. 

Hazard function is the probability of termination 
of a mortgage at time t, when this mortgage has not 
experienced the event (termination) until time t is as 
follows:

and Cumulative Hazard Function is defined as:

When the event of interest (exposing to mortgage 
termination risks) is not observed for some individuals 
(mortgage loans) before the study is terminated, 
survival times would be remain unknown for a subset 
of mortgages. This is called censoring, and if there had 
been no censored observations, time to event analysis 
would have been estimated by using regression analysis. 
As survival times of censored observations (mortgage 
loans) are exactly unknown, they should be taken into 
account while estimating survival function (Kaplan & 
Meier, 1958; Link, 1989). Both prepayments and defaults 
cause right censoring in the data. Some mortgages 

continue to be paid in the dataset, therefore they have 
not experienced prepayment or default yet. Also, if a 
mortgage is prepaid, then it cannot be defaulted vice 
versa. Therefore, defaulted (/prepaid) mortgages are 
accepted as censored for prepayment (/default) function. 

The most common non-parametric method used 
to estimate the survival function is the Kaplan-Meier 
estimator but it is unable to consider the variables 
influencing the survival time. A flexible and semi-
parametric method called Cox Regression is proposed 
to incorporate the covariates into the analyses (Cox, 
1972). However, traditional survival analysis might be 
misleading if occurrence of a certain event depends on 
more than one reason. Competing Risks Cox Regression 
is proposed in such cases, and rather than using Kaplan-
Meier estimator, Cumulative Incidence Function is 
proposed in estimating the marginal probability of the 
specific event of interest (Kalbfleisch & Prentice, 2011). 

An event may occur due to one of  reasons in competing 
risks analyses, and the time elapsed is observed only 
until the first (earliest) of these reasons occurs. Therefore, 
let  denotes survival time ad  is the reason of an event 
occurrence (for instance, mortgage termination is an 
event while the reasons are prepayment or default). 
Cumulative incidence function for the reason  is as 
follows:

Two methods are proposed for competing risks 
analyses in the literature, Cause Specific Hazard Function 
by Prentice et al. (1978) and Sub-distribution Hazard 
Function by Fine and Gray (1999). This study employs the 
Cause Specific Hazard Function that is defined as follows:

because Fine and Gray (1999) is interested in the occurrence 
of an event due to reason  for the observations who have not 
experienced the reason  while Prentice et al. (1978) provides 
the occurrence rate of an event due to reason  for the 
observations that have not experienced any of the reasons. 

DATA AND EMPIRICAL WORKS

The primary data for this study are provided by Fannie 
Mae for the period between 2000 and 2019 (Fannie Mae, 
2019)2. Dataset consists of loans with fully amortizing, 

2	 Data for the following years are seriously affected by the Covid19 because 
various changes and support schemes were launched to support 
borrowers during the pandemic, which are not fully reflected in the data.

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)
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DTI represent the ratio of loan amount to collateral value, 
and the ratio of mortgage debt to borrower’s income, 
respectively. Credit score is also known as FICO score that 
is a measure representing the credibility of the borrowers 
based on their financial behavior history. Loan age is the 
number of months since the mortgage origination date. 
Monthly refinancing incentive for each loan is calculated 
by distracting prevailing average mortgage interest rate 
from the contract rate. By following Demiroglu, Dudley, 
and James (2014), monthly negative equity for each 
mortgage is estimated as follows:

where EPi is estimated price of collateral property of 
loan i, which is calculated by dividing loan amount to 
loan-to-value ratio of loan i, and HPAit is the house price 
appreciation rate for month t, calculated with house price 
index. Analyses are performed based on BEA Regions3 
because there are limited observations for several federal 
states in the dataset. Historical delinquency status of each 
loan is used in empirical analyses to represent borrowers’ 
payment behaviors. Calculated prepayment and default 
rates at zip code level by using the original dataset (23.3 
million mortgage loans) are used as the estimators of 
these two covariates. The dataset has both numerical 
and categorical variables. Continuous variables are used 
in their normalized versions. One-code encoding is used 
to transform categorical variables into numerical values

Results: Classification Analyses

Mortgage loans are classified based on their 
repayment status: prepaid, defaulted, and current. These 
three-state classification studies are performed with 
two machine learning algorithms, Random Forest (RF) 
method and Multinomial Logistic Regression (MNL). 
Random Search technique (Bergstra & Bengio, 2012) is 
employed to optimize the hyperparameters. The optimal 
hyperparameters for number of variables (mtry) and 
number of tress (ntree) for the final model turn out to be 
24 and 400, respectively. Models are trained using the 
randomly selected 70% of the dataset (training data), 
and then tested on the rest of the data (testing data). By 
following the literature (López, López, and Ponce (2022) 
and Davis et al. (2022)), 5-fold cross validation is used 
for the evaluation of algorithm performances. The caret 
package of the R software is used to build the models. All 
mortgage loans are followed until either they exposed to 
a mortgage termination risk or the latest available month 
in the dataset. 

3	 BEA regions are created by the US Bureau of Economic Analysis of the 
US Department of Commerce.

single-family, 30-year, fixed rate mortgages. Data provide 
mortgage and borrower characteristics at the time of 
loan origination, and monthly payment performances of 
each loan. Mortgages that were modified or refinanced 
under certain programs are excluded from the dataset. 
Mortgage loans are defined as prepaid or defaulted 
according to Fannie Mae’s instructions in the glossary 
file enclosed with the data. A loan is defined as prepaid 
if it is indicated as prepaid, repurchased or re-performing 
loan sale; and is defined as defaulted if it is indicated 
as third party sale, short sale, deed-in-lieu, note sale, or 
delinquent for 120 days or more. A stratified random 
sample of data based on loan origination month is used 
in the study. Under sampling method is employed to 
ensure a balance among mortgage payment status 
groups (prepaid, defaulted, and current) because number 
of defaulted loans is substantially smaller than prepaid 
and current loans (Drummond & Holte, 2003). The final 
dataset includes more than 455,000 loans, and Table 
1 provides the number of observations for dependent 
variable per category of mortgage states.  

Variables that are available for mortgage loan 
attributes at the time of origination, performance metrics 
for borrowers’ payment behavior, and key economic 
indicators are listed in Table 2. Mortgage loans in the 
United States are originated through three channels. In 
other words, mortgage applications are made via either 
directly banks, or correspondents, or brokers. These 
loans can be used for purchasing a house or refinancing 
the current mortgages. Fannie Mae dataset provides 
the information on whether the collateral property is a 
second home or an investment for the borrower. Majority 
of the residential properties are single family homes in 
the USA. Since the number of other property types 
(condominiums, cooperative shares, planned urban 
developments and manufactured homes) are quite low 
in the dataset, they are collected under one category, 
“others”. First time home-buyer flag represents whether 
it is the very first mortgage loan of the borrower. LTV and 

Table 1. Mortgage States in the Dataset

Mortgage States Sample

Current 152.766

Prepaid 163.315

Default 139.192

Total 455.273

(11)
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Table 2. Independent Variables

Variable Short description

Loan origination channel banks; correspondents; brokers

Loan purpose purchase; cash-in refin; no cash-in refin

Occupancy status owner occupied; second home or investment

Property type single family homes; others

First time home-buyer yes; no

Number of borrowers one borrower; more than one borrower

Loan amount (USD) US Dollar

Loan-to-Value ratio (LTV) ratio of mortgage loan amount to property value

Debt-to-Income ratio (DTI) ratio of mortgage debt to borrower income

Credit score of borrower borrower’s credibility measure 

Mortgage interest rate mortgage interest rate on the loan contract

Loan Age number of months since origination date

Refinancing incentive refinancing incentive monthly basis

Negative equity negative equity monthly basis

Number of delinquencies mortgage payment delinquencies 

Unemployment rate monthly unemployment rate at state level

House price index monthly house price index at state level

Prepayment rate at zip code level local prepayment rate

Default rate at zip code level local default rate

Seasonality winter, summer, spring, fall

BEA Region 8 regions based on state-level economic activity

Loan origination year loan origination year 

Figure 3. Variance Importance Plots for the Random Forest Model 1 (left) and Model 4 (right)
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3 is built by adding negative equity and refinancing 
incentive variables. Finally, local economic indicators 
and delinquency behaviors of borrowers are included 
in Model 4. Table 3 provides performance metrics of all 
these models including the confusion matrixes. 

Model 1 is constructed using only mortgage attributes 
at the time of origination to anticipate what extent default 
and prepayments can be estimated during evaluation 
of mortgage applications, and Model 2 is performed by 
adding BEA regions and loan ages in the analyses. Model 

 

  Random Forest  Multinomial Logit 

         

M
O

D
EL

 1
 

Accuracy 0.699  0.688 
p-value p<0.001  p<0.001 
Kappa 0.548  0.531 
F1 score 0.799  0.803 

Reference: Current Prepaid Default  Current Prepaid Default 
Current 0.282 0.069 0.017  0.287 0.074 0.017 
Prepaid 0.035 0.198 0.069  0.031 0.200 0.086 
Default 0.019 0.092 0.219  0.018 0.085 0.201 

Sensitivity 0.839 0.551 0.718  0.854 0.556 0.660 
Specificity 0.869 0.838 0.841  0.862 0.817 0.852 

         

M
O

D
EL

 2
 

Accuracy 0.860  0.842 
p-value p<0.001  p<0.001 
Kappa 0.790  0.762 
F1 score 0.958  0.943 

Reference: Current Prepaid Default  Current Prepaid Default 
Current 0.332 0.008 0.017  0.330 0.018 0.017 
Prepaid 0.001 0.285 0.045  0.000 0.280 0.057 
Default 0.003 0.066 0.243  0.005 0.061 0.231 

Sensitivity 0.990 0.794 0.795  0.984 0.781 0.757 
Specificity 0.961 0.928 0.902  0.947 0.911 0.905 

         

M
O

D
EL

 3
 

Accuracy 0.871  0.851 
p-value p<0.001  p<0.001 
Kappa 0.807  0.776 
F1 score 0.969  0.949 

Reference: Current Prepaid Default  Current Prepaid Default 
Current 0.333 0.003 0.016  0.330 0.013 0.016 
Prepaid 0.000 0.293 0.045  0.000 0.284 0.053 
Default 0.002 0.063 0.245  0.005 0.061 0.236 

Sensitivity 0.993 0.817 0.802  0.987 0.939 0.937 
Specificity 0.971 0.930 0.907  0.959 0.990 0.982 

         

M
O

D
EL

 4
 

Accuracy 0.987  0.962 
p-value p<0.001  p<0.001 
Kappa 0.981  0.943 
F1 score 0.993  0.969 

Reference: Current Prepaid Default  Current Prepaid Default 
Current 0.332 0.001 0.000  0.333 0.005 0.014 
Prepaid 0.000 0.353 0.003  0.000 0.344 0.007 
Default 0.003 0.005 0.302  0.002 0.010 0.285 

Sensitivity 0.990 0.983 0.989  0.992 0.958 0.933 
Specificity 0.998 0.995 0.988  0.972 0.989 0.982 

 

Table 3. Classification Results with Machine Learning Algorithms
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Accuracy scores of the Model 1 using the characteristics 
of mortgages and loans are found at around 69% for both 
RF and MNL algorithms. However, confusion matrixes 
reveal that classification performances are quite low. The 
Model 2 built with additional variables including the BEA 
regions where collateral property of mortgages located, 
mortgage origination years (vintages) and loan ages has 
a significantly higher accuracy score, 86% for the RF and 
84% for MNL model; and provides better classification 
performances as well. Particularly the loan age variable4 
has a significant impact on predicting prepayment rates 
as the sensitivity score rises to almost 80% for ‘prepaid’ 
class in each machine learning algorithm, which supports 
that loan age is a major driver of mortgage prepayments. 

Model 3 is constructed by adding negative equity and 
refinancing incentive. There is only a slight increase in the 
overall accuracy scores but the major increase occurs in 
sensitivity scores. Obviously, these two are significantly 
important variables to predict prepayments as prepayments, 
and defaults as defaults accurately. Delinquency experiences 
of the mortgages and economic factors are included in the 
final model. Both scores for overall accuracy and sensitivity 
are found quite high in the Model 4. 

Normalized variable importance for the first and last 
Random Forest models are plotted with the caret library 
(Figure 3). Among the features of mortgages at the time of 
origination, mortgage interest rate is the variable that has the 
greatest effect on the mortgage termination risks in Random 
Forest Model 1. Borrower credibility, loan amount, and DTI 
and LTV scores are the other variables having the most 
importance in the model after the mortgage interest rate. 
When it comes to the latest model, delinquency behavior, 
local economic factors, refinancing incentive and negative 
equity are found among the most important variables in 
the Model 4. Mortgage interest rate, loan amount, credit 
score of borrowers, and LTV and DTI scores are still among 
the top 15 important variables. Loan age is definitely 
an important feature in the Model as it is a significant 
determinant of mortgage defaults and prepayments. That 
the seasoning is accompanied with delinquency behavior, 
refinancing opportunities and negative equity also implies 
the interaction among the variables. Therefore, mortgage 
features at the time of origination as well as the mortgage 
payment behavior and changing circumstances by time 
should be evaluated carefully to mitigate the impacts of 
mortgage risks exposures. 

4	 Another model without the Loan Age variable is built during the em-
pirical works, and sensitivity levels are found lower than 65% for both 
machine learning algorithms. These results may be obtained from 
the authors upon request.

Results: Competing Risks Cox 		
Regression Analyses

Econometric models are required to be updated 
on a frequent basis because loan and borrower 
attributes, and economic conditions vary in time. For 
instance, the Basel Accords suggest twelve months 
for credit risk analyses. For prepayment and default 
modelling, first 12 or 24 months of observation period 
are recommended in the related literature (Fout et al., 
2020) because prepayment and default rates show 
an increasing trend in the first years of the mortgage 
loans, and continue at a relatively constant level in 
the following years (Hayre & Young, 2004). As seen 
Figure 4, prepayment and default rates in the Fannie 
Mae dataset show a rising trend in the first years of 
mortgage loans. Therefore, Competing Cox Regression 
Analyses are performed for two years (24 months) of 
observation period (i.e. first two years of loans since 
their origination date) of the mortgage loans in the 
dataset by employing the Cause Specific Hazard 
Function offered by Prentice et al. (1978). 

Model 1 is constructed with the variables of refinancing 
incentive and negative equity. Both are time varying 
covariates. In the Model 2, borrower and loan features at 
the time of origination (time invariant) are incorporated 
in the analyses. Model 3 is built with additional two 
variables, BEA regions and mortgage origination 
years (vintage). Finally, a set of time varying variables 
representing delinquency behaviors and one-month 
lagged regional economic indicators, are also taken 
into account in Model 4. All models are shown in Table 
4. A variable with a positive/negative sign indicates that 
occurrence of risk (prepayment or default) will happen 
sooner/later; i.e. this variable has an effect of prolonging/
shortening the survival time of a mortgage.

In line with theoretical expectations, both refinancing 
incentive and negative equity have positive a 
relationship with the occurrence of prepayment and 
default risks respectively, and parameters are found 
significantly important. The higher the refinancing 
incentive, the higher the risk of prepayment; and 
similarly the higher the negative equity, the higher 
the risk of default, as are stated in the literature (e.g. 
Sirignano et al. (2016) and Gerardi et al. (2018)).

Mortgage borrowers can apply for mortgages 
through the channel of banks or correspondents or 
mortgage brokers. Default rates are higher among the 
mortgages that are granted via the latter two channels 
in Table 4 because brokers have no responsibility about 
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Similar to Patrabansh (2015)’s findings, probability of 
exposure to prepayment risk is found lower among the 
first-time home buyers, which might be arising from that 
first-time home buyers may be too young to have sufficient 
savings and income. On the other hand, there is no significant 
relationship found between first-time home buyers and 
default risk. Socio-economic and demographic factors 
undoubtedly influence housing acquisitions. Relationship 
between borrower attributes and mortgage payment 
behaviors could not be measured due to unavailability of 
data on these factors in the Fannie Mae dataset. 

There is a positive correlation between loan amount 
and mortgage termination risks. Refinancing incentive 
occurs if the loan amount is large enough to cover 
refinancing costs. Besides, Sirignano et al. (2016) states 
that borrowers with high creditworthiness are able to 
obtain higher amount of loans, which implies getting 
refinancing loans might be easier for such borrowers. 
Also, when housing prices show a declining trend, 
negative equity occurs more rapidly for the loans with 
high volume. Therefore, findings about the relationship 
of loan amount with mortgage termination risks in Table 
4 are consistent with theoretical expectations.

Credit scores of borrowers, and LTV and DTI ratios of the 
loans are counted as the leading determinants of mortgage 

loan repayments. The primary purpose of brokers is 
to generate high commission income by providing 
as much credit as possible, and they might take the 
advantage of information they have more about 
financial institutions and brokers for their own benefit. 
On the other hand, the results are found against 
the theoretical expectations for prepayment risk; 
exposure to prepayment risk is higher for mortgages 
originated via third party channels than banks. Cash-
out refinancing loans might be lying behind this result. 

In order to reduce their debt, mortgagors tend to add 
their current savings while making cash-in refinancing. 
Cash-out refinancing loans naturally increase 
borrowers’ indebtedness which prevents making 
savings and therefore prepayments. Refinancing loans 
in prime mortgage market have higher default risk, 
which is supported in Table 4. Compared to mortgage 
loans granted for housing purchases, refinancing loans 
have lower prepayment and higher default risks. 

Results for the occupancy status are consistent with 
theory. Mortgage loans used for purchasing home 
for investment purpose have higher default rates, 
and lower prepayment speeds. As the number of 
borrowers liable to pay the loan increases, prepayment 
risk increases and default risk decreases.

Figure 4. Prepayment and default rates based on Loan Age
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Table 4. Competing Risks Cox Regression Analyses Results (1/3)

Model 1 Model 2 Model 3 Model 4

Prepay Default Prepay Default Prepay Default Prepay Default

Refinancing 
incentive

0.557*** 0.680*** 0.460*** 0.377*** 0.690*** 0.116*** 0.588*** 0.236***

(0.004) (0.006) (0.006) (0.008) (0.01) (0.014) (0.007) (0.01)

Negative equity
-0.185*** 0.199*** -0.130*** 0.273*** -0.016*** 0.230*** -0.004 0.228***

(0.002) (0.002) (0.002) (0.004) (0.004) (0.005) (0.005) (0.008)

Channel: 
correspondent

0.037*** 0.161*** 0.073*** 0.136*** 0.062*** 0.151***

(0.011) (0.017) (0.011) (0.017) (0.011) (0.018)

Channel: 
broker

0.005 0.336*** -0.009 0.310*** 0.008 0.277***

(0.013) (0.019) (0.013) (0.019) (0.013) (0.019)

Purpose: 
no-cash-in

-0.304*** 0.437*** -0.250*** 0.330*** -0.253*** 0.483***

(0.013) (0.021) (0.014) (0.022) (0.014) (0.022)

Purpose:  
cash-in

-0.041*** 0.433*** -0.139*** 0.365*** -0.140*** 0.400***

(0.013) (0.021) (0.013) (0.021) (0.013) (0.021)

Occupancy 
status:  
investment

-0.877*** 0.166*** -0.608*** 0.066*** -0.585*** 0.338***

(0.017) (0.021) (0.017) (0.022) (0.017) (0.022)

Property type:  
others

-0.027** -0.066*** 0.107*** -0.114*** 0.067*** 0.011

(0.011) (0.018) (0.011) (0.018) (0.012) (0.018)

First home-buy-
er: 
No

0.315*** 0.002 0.252*** 0.017 0.252*** 0.005

(0.017) (0.026) (0.017) (0.026) (0.017) (0.026)

More than 1 
borrower

0.382*** -0.715*** 0.271*** -0.676*** 0.242*** -0.422***

(0.01) (0.016) (0.01) (0.016) (0.01) (0.016)
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Table 4. Competing Risks Cox Regression Analyses Results (2/3)

Model 1 Model 2 Model 3 Model 4

Prepay Default Prepay Default Prepay Default Prepay Default

Loan amount
0.306*** 0.224*** 0.418*** 0.185*** 0.389*** 0.170***

(0.005) (0.008) (0.005) (0.009) (0.005) (0.01)

LTV
-0.181*** 0.575*** -0.183*** 0.524*** -0.172*** 0.641***

(0.005) (0.012) (0.005) (0.012) (0.005) (0.012)

DTI
-0.093*** 0.189*** -0.027*** 0.141*** -0.022*** 0.128***

(0.005) (0.007) (0.005) (0.007) (0.005) (0.008)

Credit score
0.279*** -0.493*** 0.242*** -0.493*** 0.205*** -0.201***

(0.005) (0.008) (0.006) (0.008) (0.006) (0.008)

Interest rate 
(contract) 

0.583*** 0.270*** -0.192*** 0.722***

(0.006) (0.012) (0.022) (0.032)

30-59 days 
delinquency

-0.161*** 0.184***

(0.008) (0.002)

60-89 days 
delinquency

-0.142*** 0.087***

(0.016) (0.001)

90-119 days 
delinquency

-0.043*** 0.161***

(0.016) (0.001)

Unemployment 
rate

-0.028*** -0.035***

(0.01) (0.013)

House price 
index

-0.026** -0.025

(0.012) (0.017)
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Table 4 – Competing Risks Cox Regression Analyses Results (3/3)

Model 1 Model 2 Model 3 Model 4

Prepay Default Prepay Default Prepay Default Prepay Default

Regional 
prepayment 
rate

0.177*** -0.071***

(0.002) (0.01)

Regional 
default rate

-0.217*** 0.109***

(0.01) (0.006)

Season: 
Winter

-0.040*** 0.228***

(0.014) (0.021)

Season: Fall

-0.008 0.218***

(0.013) (0.021)

Season: 
Summer

0.090*** 0.175***

(0.013) (0.021)

BEA region No No No No Yes Yes Yes Yes

Vintage No No No No Yes Yes Yes Yes

Observations 6,786,767 6,786,767 6,786,767 6,786,767 6,786,767 6,786,767 6,786,767 6,786,767

Likelihood 
ratio test 17339 16432 37383 30891 50846 33407 57159 73723

p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

AIC 1,104,605 465,523 1,084,586 451,090 1,071,171 448,622 1,064,876 408,324

BIC 1,104,622 465,539 1,084,717 451,208 1,071,511 448,929 1,065,294 408,702

								              * p < 0.1 ; ** p < 0.05 ; *** p < 0.01
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without current employment status of borrowers, analyses 
would be misleading about the relationship between 
payment capability and default risk.  

ROC curves and AUC values for prepayment and 
default models applied on testing data are provided 
in Figure 5. AUC values for prepayments increase from 
0.61 to 0.79, and defaults from 0.64 to 0.75. Refinancing 
incentive and negative equity variables alone are able 
to explain mortgage risks under the level of 65% (61% 
for prepayments and 64% for defaults). Adding loan and 
borrower characteristics into the modelling increased 
AUC values significantly, this implies the heterogeneity 
in borrower behaviors and importance of loan age 
in explaining mortgage termination risks. Mortgage 
delinquencies and economic factors are indeed among 
the determinants of prepayment and default decisions as 
is seen with rising AUC values.  

Many new regulations and amendments in legislative 
framework on mortgage markets from mortgage 
underwriting standards to securitization works were 
made after the financial crisis started in 2007. Therefore, 
Competing Risks Cox Regression Analyses are performed 
by adding a dummy variable representing the period 
after the crisis, and Model 1 is shown in Table 5. Both 
prepayment and default rates are significantly getting 
lower compared to the previous years but this effect 
is more obvious for the default rates. These findings 
might be interpreted as the fact that adoption of more 
stringent standards in mortgage underwriting process 
for particularly GSE loans, and transition to a more stable 
period reduce the uncertainties in the mortgage markets 
which has led to lower mortgage risks. 

termination risks and mortgage approval decisions. LTV 
and DTI have a positive correlation with default risk while 
they are negatively correlated with prepayment risk. On 
the other hand, the higher the credit score, a measure of 
financial creditworthiness and payment ability of borrowers, 
the higher the probability of making prepayments and the 
lower probability of default. These findings are consistent 
with the literature (Mamonov & Benbunan-Fich, 2017). 

Mortgage prepayment habits of the borrowers 
provide valuable insight into probability of mortgage 
termination risks (Agarwal et al., 2015; Sirignano et al., 
2016). Mortgage defaults are particularly concentrated 
among borrowers with mortgage delinquencies in their 
credit history (Ahlawat, 2019; Pennington-Cross, 2010). 
As the number of delinquencies increases, default risk 
is also getting higher while prepayment risk falls (Table 
4). Crucial importance of monitoring mortgage payment 
behaviors to offer loss mitigation exercises aiming to 
prevent default risk as much as possible is once again 
proven with these results. 

Negative correlation between house prices and 
mortgage risks are consistent with theoretical 
anticipations. Declines in house prices might increase 
negative equity and therefore mortgage defaults, and also 
trigger willingness to move more luxurious or larger houses 
which results in an increase in prepayment rates. However, 
unemployment rate is found negatively correlated with 
default risk, which is against the theory. Similar results are 
also found in the literature (e.g. Danis and Pennington-
Cross (2008)). Unemployment rates at federal states level 
cannot provide an exact intersection between negative 
equity and unemployment in a household. Therefore, 

Table 5. Financial crisis and mortgage termination risks

Model 1

Prepayment Default

Refinancing incentive
0.510*** 0.589***

(0.004) (0.006)

Negative equity
-0.190*** 0.187***

(0.002) (0.002)

Dummy variable for 
after crisis

-0.547*** -1.114***

(0.011) (0.020)

Observations 6,786,767 6,786,767

Likelihood ratio test 20173 20108

p-value 0.000 0.000

AIC 1,101,773 461850

BIC 1,101,799 461873
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CONCLUSION

Mortgage-backed securities (MBS) are produced 
through securitization, and mortgage termination risks 
are transferred from loan originators to MBS investors. 
Value of a fixed income security equals to the present 
value of its expected cash flows, however, valuation 
becomes a complex problem in the case of MBS 
due mortgage risks in their collateral pools because 
prepayment and default risks lead to uncertainty in the 
cash flows of MBS. Therefore, the mortgage risks become 
the core of valuation of MBS collateral pools. 

There are both systematic and idiosyncratic factors 
behind the mortgage risks. Option-based models 
adopt the systematic risks view and focus on prevailing 
mortgage interest rates and housing prices. These 
models assume that borrowers behave in an optimal 
way while taking prepayment and default decisions, 
and try to explain prepayment speeds with refinancing 
incentive and default rates with negative equity. On 
the other hand, econometric models emphasize that 
not all borrowers take optimal decisions. In addition to 
refinancing incentive and negative equity, heterogeneity 
in borrower behaviors, loan attributes and local 
economic factors are suggested to be considered while 
predicting prepayment and default rates. This study 
employs econometric modelling view. After performing 

classification studies with machine learning algorithms 
(Random Forest and Multinomial Logistic Regression) 
and Competing Risks Cox Regression analyses to explain 
the prepayment and default rates, the study finds that 
refinancing incentive and negative equity variables alone 
are not sufficiently explain prepayment and default risks. 
Mortgage and borrower features (e.g. LTV and DTI ratios, 
loan amount, credit score of borrowers) and economic 
factors (e.g. house prices, unemployment rates, local 
prepayment and default rates) are significantly important 
indicators. Furthermore, borrowers’ payment history 
of their current loans provides an import insight into 
whether they will make a default decision in the future 
because mortgage delinquencies are found important in 
predicting mortgage defaults. Therefore, role of servicers 
in monitoring payments closely to offer loss mitigation 
tools to potential defaulters is crucial to keep safety of 
both borrowers and financial markets. 

Figure 5. ROC curves and AUC values for prepayment and default models
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