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Predicting loss severities for residential mortgage 

loans: A three-step selection approach 

 

ABSTRACT 

This paper develops a novel framework to model the loss given default (LGD) of residential 

mortgage loans which is the dominant consumer loan category for many commercial banks. 

LGDs in mortgage lending are subject to two selection processes: default and cure, where the 

collateral value exceeds the outstanding loan amount. We propose a three-step selection 

approach with a joint probability framework for default, cure (i.e., zero-LGD) and non-zero 

loss severity information. The proposed methodology dominates widely used ordinary least 

squares regressions for LGDs in terms of out-of-time predictions.              

Keywords: Analytics, Default, Loss given default, Residential Mortgage, Selection Model. 

JEL classification: G21, G28, C19. 
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1. Motivation and literature review 

Residential mortgage loans are key assets on bank balance sheets. The International 

Monetary Fund reports under its financial soundness indicators real-estate loan to total loan 

exposures of banks of 63.5% for Australia, 18.5% for Germany, 36.6% for Canada and 31.0% 

for the US. Note that these numbers are conservative as they do not include non-bank lenders 

and loan portfolios sold to non-banks via securitisation and other structures. 

Figure 1: Distribution of Loss Given Default 

 

With regard to loss rate given default (LGD, hereafter) modelling selection models have 

been proposed. First, loss rates given default can only be observed if a default event occurs. 

Bade et al. (2011) and Roesch and Scheule (2014) model US corporate LGD conditional on 

the selecting default process. Andersson and Mayock (2014) model Florida mortgage LGDs 

conditional on the selecting default process. Second, a large fraction of defaulted loans does 

not generate losses. Previous studies on personal loans (e.g., credit card loans) have highlighted 

a necessity to treat zero and non-zero losses differently (see Matuszyk et al., 2010; Loterman 

et al., 2012, Bijak and Thomas, 2015; and Yao et al., 2017). Mortgage loans are collateralised 

by the funded houses and hence loss risk is closely related to house prices. Given default, house 

prices often exceed the linked loan exposure and mortgages cure, i.e., result in zero or low 
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LGDs. Figure 1 shows that the empirical LGD distribution for mortgage LGDs has a bimodal 

characteristic with a very high peak at zero.  

These features are not reflected in contemporary industry risk models. Commercial banks 

estimate probabilities of default (PD, hereafter) and LGDs for loan loss provisioning, 

regulatory capital requirements and loan pricing. These estimation models mainly apply non-

linear regression techniques (e.g., Probit models) for PDs and linear regression techniques (e.g., 

ordinary least squares regressions) for LGDs.  

As a response to this need, in this paper we are first to model residential mortgage LGDs 

conditional on both the default and cure process. Figure 2 illustrates this approach which 

estimates the three stages jointly. 

Figure 2: Selection mechanism among default, cure and non-zero LGD 

This figure shows the selection mechanism among default, cure and non-zero LGD that our model is based on. 
The mechanism indicates that the cure events are observed if loan i defaults, while the non-zero LGD can only 
be observed if the defaulted loan i is non-cured. This mechanism requires a joint probability framework between 
default, cure and non-zero losses for modelling and prediction purpose. 

 

This paper develops a methodology to jointly model defaulted, cured and non-cured loans 

in three stages: the first stage models the probability of default, which is important for avoiding 

a sample-section bias, the second stage models the probability of cure and the third stage 

models the magnitude of non-zero LGD. The contributions of our paper are as follows, First, 

we provide a novel methodology that provides a joint forecasting model for default 

probabilities and loss rates given default. Second, the methodology controls for the selection 

bias inherent in the default process as well as the non-cure process by simultaneously 
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estimating all three equations. Third, we measure the correlation between the default, cure and 

loss processes which is an important constituent in portfolio risk modelling for bank capital. 

Fourth, we provide empirical evidence on time-varying risk factors for a large dataset on over 

2.5 million US single family mortgage loans with over 29 million quarterly observations and 

585,781 default events originated from 1990 and observed between 2004 and 2015. 

Specifically, our study contributes two new drivers of the credit risk quantities, namely the 

average local loan foreclosure rate and the average gap between local house price under a 

common market condition and under a distress condition. Fifth, we analyse the econometric 

merits of the new methodology in a comparison with standard industry models. This 

methodology dominates common ordinary least squares (OLS) regressions by providing better 

predictions for future LGDs.  

The paper relates to the literature on consumer PD and LGD estimation. With regard to 

PDs, the literature has generally focused on the credit card and other personal loans with 

various modelling approaches. PDs are modelled using probit and logistic regression models 

(e.g., Crook et al., 2007; Crook and Bellotti, 2010; Leow and Mues, 2012; Lee et al., 2016), 

survival analyses (e.g., Belloti and Crook, 2008; Malik and Thomas, 2009; Tong et al., 2012), 

multiple classifiers (e.g., Finlay, 2011; Zhang et al., 2014), neural networks (e.g, Baesens et 

al., 2003; Akkoc, 2012) and support vector machines (e.g., Maldonado et al., 2017). In terms 

of residential mortgage loans, previous studies have employed various borrower, loan and 

macroeconomic characteristics as risk drivers. For instance, Amromin and Paulson (2009) 

document that real estate price is an important risk driver. Elul et al. (2010) show an important 

role of borrowers’ credit scores at origination (i.e., FICO scores) on predicting mortgage PDs. 

Crook and Banasik (2012) exploit mortgage rate and real house price index to predict mortgage 

default rates. Rajan et al. (2015) indicate that change in lender incentives during the 

securitization boom exacerbated an accuracy of the statistical mortgage default predictive 

model.  

With regard to mortgage LGDs, current practice and literature have widely employed 

OLS regression for modelling purposes yet various determinants of loss severity have been 

examined. For example, a number of loan characteristics including loan-to-value (LTV), loan 

age, loan size, loan type, and loan purpose have been investigated (see, Clauretie and Herzog, 

1990; Lekkas et al., 1993; Crawford and Rosenblatt, 1995; Pennington-Cross, 2003; Calem 

and LaCour-Little, 2004; Qi and Yang, 2009; Zhang et al., 2010; Leow and Mues, 2012 and 

Johnston Ross and Shibut, 2015). Property characteristics including owner occupancy, 

property types, (e.g., single family, condominium and manufactured house) and state 
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foreclosure laws (judicial process, statutory right of redemption, deficiency judgment) are 

examined in Clauretie and Herzog (1990), Crawford and Rosenblatt (1995), Pennington-Cross 

(2003), Qi and Yang (2009), Zhang et al. (2010) and Johnston Ross and Shibut (2015). 

Economic and market conditions including housing market conditions, change in 

unemployment rate, real economic growth and median income are considered in Clauretie and 

Herzog (1990), Calem and LaCour-Little (2004), Qi and Yang (2009), Zhang et al. (2010) and 

Leow et al. (2014).  

Another literature stream analyses the link between PD and LGD. The majority of these 

studies relate to unsecured credit exposures such as corporate and credit card loans. Examples 

are Altman et al. (2005), Chava et al. (2011), Bade et al. (2011), Bellotti and Crook (2012) and 

Roesch and Scheule (2014). 

The remainders are organised as follows. Section 2 describes the data source, the 

definitions of default, cure and non-zero LGD as well as explanatory variables used in analysis. 

Section 3 develops an econometrics framework for modelling LGDs which follows three steps 

of selection mechanism from default to non-zero loss severity. Section 4 discusses empirical 

results and section 5 concludes the paper.       

                                                      

2. Data 

Our sample is provided by the International Financial Research database, which collects 

monthly loan level data for U.S. non-agency residential mortgage-backed securities. We filter 

for first lien loans for single-family3 observed at quarterly intervals from Q1 2004 to Q1 2015, 

which comprises 2,531,346 loans and produces a total of 29,032,350 observations. The 

complete dataset contains information on the loan (e.g., actual loan balance at origination and 

observation time, scheduled loan balance at the end of each period, loan age, interest rate and 

loan type), on the property (e.g., property location, property value at origination, whether the 

property is occupied by owner), and on the borrower (e.g., FICO score at origination). Further, 

the data includes information about the modifications and foreclosure as well as losses on 

liquidated property and losses on previously liquidated loans resulted from the foreclosure4. 

                                                            
3 We focus on the first lien loan for single-family due to our access to data of the house price index at the MSA 
level is only available for single-family home. The house price index is a critical variable in our analysis since it 
is used to calculate the Current Loan-to-Value ratio. 
4 Normally, information about gains or losses is recorded monthly in loan level reports. There are two separate 
fields: (i) the original loss is recorded in a field called “Loss on Liquidated Property” and (ii) subsequent losses 
are recorded in a field called “Loss on previous Liquidated Loans”. Hence, for a precise measure of loss, we 
employ information in both of these fields. 
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2.1 Default, cure and non-zero loss given default 

We define the default event as loan foreclosure. We observe 585,781 defaulted single-

family mortgage loans between 2004 and 2015, which peaked during the Global Financial 

Crisis (GFC, see Figure 3). 

Figure 3: Default rate, cure rate and Loss Given Default by time 

 

We define the LGD of a loan as the sum of discounted losses on liquidated property and 

previous liquidated loans, divided by the actual loan balance at default. We follow Qi and Yang 

(2009) to discount losses to the time of default using 1-year LIBOR plus 3%5.  Hence, the LGD 

of loan i defaulted at time td can be calculated as: 

, 	 ,
∑ ,                                              (1) 

where r is the 1-year LIBOR plus 3%. The discount rate is consistent with common discount 

rate models (see Jortzik and Scheule, 2017). Our data contains information about the losses 

resulted by loan defaults until Quarter 1 of 2015. As can be seen from Figure 4, most of non-

zero losses arose within 3 years after the default events. However, there is also a possibility 

that the losses will arise several years after the time of default. Due to the accounting 

                                                            
5 It is worth noting that this is equivalent to a weighted average cost of capital concept in which a bank allocates 
50% of capital to the defaulted exposure and a market risk premium of 6%. We consider this number to be very 
conservative due to the fact that mortgage exposures are collateralised and the systematic variation of LGDs 
substantially lower than for unsecured exposures 
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terminology losses build up over time (which is different to accounting systems where the 

outstanding loan amount is recorded at default and recovery cash flows are recorded over time). 

We control for a possible bias that losses are understated as not all losses are realised (resolution 

bias) by the variable TimeToEOO, which measures the time gap between default events and 

the time that the last loss was observed.   

Figure 4: Distribution of time after default that non-zero LGD observed 

 

As calculated in Eq. (1), we define cure and non-cure as zero and non-zero LGD, 

respectively. We summarise the default rate, cure rate and average of LGD per origination and 

observation year in Table 1. Consistent with Demyanyk and Hemert (2011), the majority of 

default loans are originated in years immediately prior to the GFC or observed in years during 

the GFC. Further, both average LGD (including zero-LGD) and average non-zero LGD 

(excluding non-zero LGD) in the origination years immediately before the GFC and 

observation years during the GFC are the highest compared to other years, which vary between 

40% and 55%. However, this behaviour is opposite to the cure rate, which experiences troughs 

(equivalently, peaks with one minus the cure rate) during these years. The reverse movements 

of these variables can be seen in more detail from Figure 3, which shows that since 2004 the 

trend of non-zero LGDs is quite in line with the default rate but completely inverse with the 

cure rate.  
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Table 1: Default rates, cure rates and average LGD per origination and observation years 
This table reports the default rates (default per number of loans, D/N), cure rates (cure per number of defaults, C/D), average LGD ( , i.e., average of both zero and non-
zero LGD) and average non-zero LGD ( ∗) according to Origination Years and Observation Years.  

Origination Years 

 

Observation Years 

Year N D D/N C C/D  ∗ Year N D D/N C C/D  ∗ 
1990 127,962 862 0.007 592 0.687 0.120 0.384          
1991 3,230 38 0.012 26 0.684 0.054 0.170          
1992 6,052 51 0.008 35 0.686 0.079 0.252          
1993 15,430 134 0.009 99 0.739 0.063 0.241          
1994 18,627 165 0.009 104 0.630 0.128 0.346          
1995 28,009 305 0.011 183 0.600 0.219 0.548          
1996 31,066 367 0.012 222 0.605 0.220 0.556          
1997 63,905 855 0.013 464 0.543 0.263 0.575          
1998 113,325 1,598 0.014 846 0.529 0.269 0.572          
1999 134,415 2,668 0.020 1,173 0.440 0.339 0.605          
2000 133,568 2,861 0.021 1,388 0.485 0.315 0.613                  
2001 195,505 3,760 0.019 1,601 0.426 0.284 0.494                  
2002 815,093 12,448 0.015 5,285 0.425 0.266 0.463                  
2003 3,015,024 23,569 0.008 10,086 0.428 0.261 0.457                  
2004 5,542,684 60,322 0.011 20,646 0.342 0.310 0.471  2004 968,012 8,102 0.008 4,697 0.580 0.162 0.385 
2005 7,808,216 140,291 0.018 32,491 0.232 0.404 0.526  2005 2,381,583 20,240 0.008 8,538 0.422 0.252 0.435 
2006 8,407,766 256,998 0.031 47,255 0.184 0.479 0.587  2006 3,757,697 47,031 0.013 14,187 0.302 0.335 0.479 
2007 2,335,650 74,395 0.032 16,134 0.217 0.466 0.595  2007 4,748,736 108,707 0.023 16,040 0.148 0.491 0.576 
2008 196,653 3,940 0.020 1,319 0.335 0.334 0.503  2008 4,098,517 150,027 0.037 17,837 0.119 0.538 0.610 
2009 4,465 70 0.016 32 0.457 0.406 0.748  2009 3,098,650 109,693 0.035 22,612 0.206 0.447 0.563 
2010 1,784 11 0.006 4 0.364 0.305 0.480  2010 2,412,271 50,476 0.021 14,401 0.285 0.391 0.547 
2011 6,486 4 0.001 3 0.750 0.240 0.959  2011 2,001,138 36,293 0.018 11,826 0.326 0.344 0.511 
2012 27,435 69 0.003 34 0.493 0.137 0.270  2012 1,770,128 23,618 0.013 9,782 0.414 0.258 0.440 
         2013 1,814,842 19,553 0.011 10,430 0.533 0.183 0.393 
         2014 1,606,328 9,643 0.006 7,531 0.781 0.070 0.321 
         2015 374,448 2,398 0.006 2,141 0.893 0.032 0.299 
Total 29,032,350 585,781 0.020 140,022 0.239     29,032,350 585,781 0.020 140,022 0.239   
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The observed behaviours of these variables are consistent with the fact that a large 

number of defaults and residential mortgage loan losses were experienced during the GFC. 

These movements suggest a positive correlation structure between default rates and non-zero 

LGDs at their mean level yet a negative correlation structure between them and the cure rate. 

These results share the same intuition with previous theories and empirical evidence in the 

corporate loan literature: if a loan defaults, the LGD may depend on the value of loan collateral. 

Similar to the value of other assets, the value of collateral is subject to changes in the economic 

environment. In case if the economy experiences a downturn, the LGD may increase just as the 

likelihood of default tends to increase, and, therefore, a positive association between LGD and 

PD in their mean level can be observed (see Frye, 2000a, 2000b; Jarrow, 2001; Jokivuolle and 

Peura, 2003; and Altman et al., 2005, among others). Likewise, this explanation can also be 

extended to support the negative correlation between PD (or non-zero LGD) and the probability 

of cure (PC) in their mean level. 

Comparing the average LGD and average non-zero LGD, we observe a time varying gap 

between them (the grey area in Figure 3), which is mainly due to the changing behaviour of 

cure rate. This indicates different dynamics between cured and non-cured loans and, hence, 

motivate us to model zero and non-zero LGDs in separate selection steps. Further, it is also 

worth noting that the average loss severity approaches zero at the end of our observation time 

(Q1 2015), which is a consequence of the aforementioned resolution bias. Andersson and 

Mayock (2014) suggest including the resolution period in modelling LGD to overcome this 

possible loss information bias. However, banks are often unable to determine resolution if they 

continue to hold a claim against the borrower. We control for this potential bias by utilising a 

variable that captures an effect of time gap between default events and the time of last available 

loss information (i.e., Q1 2015).  

We depict the distribution of the LGD in Figure 1, which shows the largest proportion 

(around 30%) of LGD observations is the [0.0, 0.1) range, in which around 25% of the total 

LGDs observations are zero-LGDs (or cures). This is consistent with our expectation and the 

literature (e.g., Leow and Mues, 2012; and Tong et al., 2013). However, the distribution of 

non-zero LGD in our data sample is different to Leow and Mues (2012) and Tong et al. (2013). 

The two mentioned studies used the UK residential mortgage loans that defaulted before 2001 

and found that the distribution of nonzero-LGD concentrates to levels considerably less than 

50% and very few observed LGD are greater than 50%. Since our data also covers the US 

residential mortgage loans that defaulted from 2004 and especially during the GFC, a much 
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greater proportion of non-zero LGD observations located in the far right-hand side of the 

distribution are expected.  

2.2 Explanatory variables 

We employ various variables to explain for the dynamics of the LGD, probability of 

default and probability of cure, including loan characteristics, borrower characteristics, 

property characteristics and economic and market conditions. Among all explanatory variables 

under consideration, current loan-to-value ratio (CLTV) is one of the most important drivers of 

credit risk quantities. We calculate the CLTV using the House Price Index (HPI) at Metropolitan 

Statistical Areas (MSAs) level collected from Federal Housing Finance Agency (FHFA). We 

first map the zip-code of the property to the MSA of the HPI by using mapping data provided 

by the US Department of Housing and Urban Development. We exclude loans with missing 

zip-codes. If a zip-code can map to more than one MSA, we choose the MSA that has a 

dominant residential ratio (mostly greater than 90%, which means more than 90% of residents 

live in that MSA). The CLTV of loan i at observation time t is calculated as, ,
,

,
, 

where CBi,t is the current balance (or outstanding balance) of loan i observed at time t. The 

current appraisal value (CAV) is approximated by the following formula, ,

,

,
, where OAV is the appraisal value at origination time and t0 indicate the origination time.  

While other explanatory variables have been documented in the literature, our study 

contributes two new drivers of the credit risk quantities, namely Average local loan foreclosure 

rate (FCRate) and Average gap between local house price under a common market condition 

and under distress condition (GapHprice).  

The FCRate is calculated as: 

,
, ,

, ,
                                                            (2)                        

where r denotes the region (i.e., MSA level in our analysis). Nd,r,t denotes number of default 

loans in the region r at time t. Nl,r,t denotes number of home loans with collaterals located in 

the region r at time t. Similar to zip-code – MSA mapping, we map zip-code to county by using 

mapping data provided by the U.S. Department of Housing and Urban Development. If a zip-

code can map to more than one county, we choose the county that has a dominant residential 

ratio (mostly greater than 90%). 

The GapHprice is computed as: 
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,

∑ ,

, ∑
, ,

, ,
																							                 (3) 

where, i indicates the loan order, td denotes the time of default and T denotes the final time that 

losses are realised. The losses include losses on liquidated loans and losses on liquidated 

property. If the outstanding loan amount (CBi,t) or sum of losses is less than or equal to zero, 

log ,

, ∑
 is assigned the value of 0. This reflects the case when the sale prices can 

fully cover the outstanding loan balance and associated resolution cost, which does not 

essentially represent the house price under distress. 

Our motivation to include the FCRate as a driver of the credit risk measures (including 

PD and LGD) is from the rationale of observational learning (see Agarwal et al., 2012) and 

ethical/behavioural response (see Seiler et al., 2014)6 as well as recent evidence of negative 

impact of local foreclosure on house prices (see for examples, Campbell et al., 2011; Anenberg 

and Kung, 2014; and Gerardi et al., 2015). Meanwhile, an inclusion of the GapHprice variable 

is motivated by the fact that foreclosed properties face a threat of vandalism, poor maintenance 

as well as protection costs, which inevitably leads to the foreclosure discounts during the 

repossession process.  

We summarise the definition of the explanatory variables in Table 2 and provide 

summary statistics of variables in the three equations (including equations for PD, PC and non-

zero LGDs, respectively) in Table 3. 

  

                                                            
6 The observational learning theory affirms that borrowers tend to devaluate their property or to increasingly 
believe in an opinion of declining market if they observe foreclosures in their neighbourhood. Meanwhile, the 
ethical viewing states that an observation of many other foreclosures in the neighbourhood areas can ease the 
discrediting behaviour of borrowers towards default decisions. 
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Table 2: Definition of the explanatory variables 

Variable groups  Description 
Loan characteristics 
Current loan to 
value (CLTV) 

 CLTV is calculated using the House Price Index (HPI) at the Metropolitan 
Statistical Areas (MSAs) level from the Federal Housing Finance Agency. 

Loans size  Natural logarithm of loan amount at origination time, 	 ln , 
where OBi is the original balance of loan i. 

Loan age  The number of years between the origination date and the default date. One 
quarter is converted to ¼ of a year.  

Adjustable rate 
mortgage (ARM) 

 Indicator variable ARM represents adjustable rate mortgage (if ARM=1).  
 

Modification  Indicator Modification receives value of 1 if a loan is modified and 0 otherwise. 
Current Interest 
Rate (Current IR) 

 Current IR represents the current interest rate associated with the loan.   

Borrower characteristics 
FICO  FICO represents the FICO score of a borrower at origination time, which 

measures the borrower’s credit quality when a loan was approved.  
Insufficient Loan 
Repayment (ILR) 
 

 An indicator variable represents whether an event of insufficient loan 
repayment is observed for loan i at time t. ILR variable receives value of 1 if 
scheduled loan balance is less than actual outstanding loan balance, indicating 
an insufficient loan repayment is observed.  

Property characteristics 
State foreclosure 
laws on property 
 

 Indicator variables NOJUD, SRR and NODJ represent states where judicial 
process is not allowed (if NOJUD=1), statutory right of redemption is allowed 
(if SRR=1) and deficiency judgment is prohibited (if NODJ=1).  

Owner-occupied  An indicator variable receiving value of 1 if the property is occupied by the 
owner and 0 otherwise. 

Economic and market conditions 
Average local 
loan foreclosure 
(FCrate) 

 We define the FCrate dummies for the following ranges: 
FCrate_d50 = [0, 50 ,   
FCrate_d75 = (50 	 , 75 	 , 
FCrate_d90 = (75 , 90 , 
FCrate_d100 = (90 , 100 . 

Average house 
price gap 
(GapHprice) 

 Gap between local house price under a common market condition and under 
distress condition. We define the GapHprice dummies: 
GapHprice_d50 = [0, 50 	 ,   
GapHprice_d75 = (50 	 , 75 	 , 
GapHprice_d90 = (75 , 90 , 
GapHprice_d100 = (90 , 100 . 

Unemployment 
rate 
(Unemployment 
rate) 

 Quarterly unemployment rate (unemployment) is collected at country level 
from Bureau of Labor Statistics (BLS). 

Real GDP growth 
rate (Real growth 
rate) 

 Real GDP growth rate (Growth) is calculated from quarterly real GDP 
collected at country level from Bureau of Economic Analysis (BEA).  

Time to end of 
observation 
(TimeToEOO) 

 Time gap between default events and the time of last available loss 
information. This variable is exploited as a control for a possible loss 
information bias mentioned earlier. 
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Table 3: Descriptive statistics of explanatory variables 

This table provides means and standard deviations (Std.Dev) of explanatory variables used in each equation. For 
a description of the variables, we refer to more details in Table 2. 

Variable Default equation  Cure equation  LGD equation 

 Mean Std.Dev  Mean Std.Dev  Mean Std.Dev

ARM 0.555 0.497  - -  - - 

CLTV 0.742 0.255  0.913 0.262  0.943 0.255 

Current IR 6.533 1.913  7.568 1.949  7.673 1.875 

FCRate 0.016 0.012  0.026 0.016  0.028 0.016 

FICO 677 73  643 67  646 66 

GapHprice 0.790 0.347  0.926 0.352  0.982 0.339 

Loan size 12.204 0.804  12.194 0.728  12.212 0.711 

Modification 0.004 0.066  - -  - - 

Owner Occupied 0.863 0.344  0.875 0.330  0.867 0.340 

TimeToEOO - -  6.143 2.011  6.323 1.701 

Unemployment rate 6.501 1.917  6.651 1.983  6.559 1.978 

Real GDP growth rate 0.800 0.813  0.513 0.932  0.445 0.952 

Loan age 3.877 3.100  3.142 2.262  2.827 1.889 

ILR 0.566 0.496  0.648 0.478  0.625 0.484 

NODJ - -  0.335 0.472  0.367 0.482 

NOJUD - -  - -  0.004 0.063 

SRR - -  - -  0.816 0.387 

Observations 2,899,794  58,519  44,564 

 

3. Modelling framework 

We develop a framework that captures the selection mechanism of the observed loss 

severities as follows: (i) the probability of default; (ii) the probability of cure for default events; 

and (iii) the non-zero loss severity for defaults and non-cures. This selection mechanism is 

visually shown in Figure 2.  

To avoid the possible sample selection bias, which is due to a reduction in the sample 

from N loans to the reduced sample of defaulted loans, we control the observability by a 

bivariate Probit sample selection model of default and cure (see Boyes et al., 1989; Greene, 

1998, for the bias issues, and Wolter and Rösch, 2014; Andersson and Mayock, 2014, for a 

similar treatment). Our general model framework is a system that includes three linear 

equations representing three selection steps mechanism described in the following. 
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3.1. Probability of default (PD) 

∗
,                       ~ 0,1  

1					 	 ∗ 0	
0					 	 ∗ 0	

,                                                                																							                 (4) 

Here, we adopt a common approach of a PD estimation that is well developed in the 

literature.  We assume ∗  as the underlying latent process that defines whether loan i is 

defaulted at time t. If ∗ 0	, a default occurs (i.e., 1), otherwise the loan is not 

defaulted (i.e., 0). ,  collects all time-varying risk drivers observed in the 

previous quarter that explain the PD,  is the vector of parameters and the error term  

is assumed to follow a standard normal distribution.       

3.2 Probability of cure (PC) 

∗ Θ ,                       ~ 0,1  

1					 	 ∗ 0	 	 1	
0					 	 ∗ 0	 	 1	

,																							                                                            (5) 

In our PC model (5), the cure variable, , is only observable if the default occurs (i.e., 

1). Similar to our PD model,  is a binary variable indicating whether the defaulted 

loan is cured ( 1) or non-cured ( 0), which is characterised by the underlying 

latent process ∗ 0	or ∗ 0	, respectively. Θ ,  is a vector of all time-varying 

variables observed in previous quarter that explains the PC,  is the vector of parameters 

and the error term  is assumed to follow a standard normal distribution.        

3.3 Loss Given Default 

,                      ~ 0, 																							                                                (6) 

Following the selection mechanism shown in Figure 2, the magnitude of non-zero loss 

severity regarding loan i at time t, , is only observed if loan i defaults at time t (i.e., 

1)  and it is not cured (i.e., 0). In that case, the loss severity variable, , 

follows a linear relationship shown in Eq. (6), where, , 	is a vector of all time-varying 

determinants of the LGD observed in the previous quarter and  is the associated 

parameter vector. We let the error term,	 , following a normal distribution with zero mean 

and  variance.  

Since these three linear equations are included in one closed system, the vector of error 

terms follows a multivariate normal distribution as below        
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~
0
0
0

,
1

1                                                                  (7)   

where  denotes the correlation between variables x and y.  

3.4 Model estimation 

Following selection mechanism as in Figure 2, we can represent three combinations 

parametrically as follows7, 

a. If the loan i is not defaulted at time t ( 0 : 

Pr 0 Pr ∗ 0 , 1 Φ ,                                                 (8) 

where Φ .  denotes the cumulative distribution function of the standardised normal 

distribution. 

b. If the loan i is defaulted at time t but it is cured ( 1 and 1): 

Pr 1, 1 Pr ∗ 0, ∗ 0| , , Θ , Φ , , Θ , ,   (9) 

where Φ .  denotes the cumulative distribution function of standardised bivariate 

normal distribution. 

c. If the loan i is defaulted at time t but it is non-cured ( 1 and 0) then the 

Lit is observed and follows Eq. (6): 

Pr , 1, 0 , , Θ , , ,

1 ,

∙ Φ
, ,

1
,
Θ , ,

1
, |

∗ 																																		 10  

where .  denotes probability density function of standardised normal distribution, and, 	

|
∗

1 1
 

This leads to the likelihood function of the model 

                                                            
7 Proofs of missing links are provided in the Appendix A. 
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1 Φ , ∙ Φ , , Θ , ,
∙

∙
1 ,

∙ Φ
, ,

1
,
Θ , ,

1
, |

∗

∙

																 11  

We estimate the model by maximizing the log of the likelihood function (11) using the 

Dual Quasi-Newton optimisation technique. 

3.5 Simulations 

In this section we conduct some simulations to assess the finite sample performance of 

our model as well as the convergence of our estimators to their true values. We obtain the 

simulation results based on 100 replications for different choices of sample sizes (T), including 

5000, 10,000, 20,000, 50,000 and 100,000 observations. The response variables, namely Di, Ci 

and Li are generated using the following data generating process:   

∗                     

1					 	 ∗ 0	
0					 	 ∗ 0	

, 

∗                       

1					 	 ∗ 0	 	 1	
0					 	 ∗ 0	 	 1	

, 

  if  0 and  1,                    

~
0
0
0

,
1

1 , 

where  and  are randomly generated from the standard normal distribution and the 

true parameters are set as, 0.5, 0.2, 0.6, 0.2, 0.5, 0.3,

0.4, 0.1, 0.7. Vector of error terms , , ′ are randomly drawn from the 

multivariate normal distribution with 0.5, 0.3, 0.6, 0.4	. Based on the 

simulated data of Di, Ci and Li as response variables and that of  and  as explanatory 

variable, we apply the estimation procedure outlined in subsection 3.2 and obtain the Mean 

Absolute Errors (MAE) and Root Mean Square Error (RMSE) of estimates of the parameters 
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as shown in Table 4. As can be seen, our estimators work well in terms of both consistency and 

convergence properties, demonstrated by significant decreases in the deviation of estimates 

from the true values when the sample size increases. In this simulation exercise, we restrict the 

maximum sample size of 100,000 observations due to computer burden. It is, however, 

important to note that our empirical analyses presented in the following sections are based on 

millions of observations, making the estimation even more reliable.     
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Table 4: Mean absolute error (MAE) and Root mean square error (RMSE) of estimates from simulated data 

This table reports the simulation results for a finite sample performance of our proposed model. The MAE and RMSE, calculated based on 100 replications for five different 
choices of sample sizes, indicate the deviation of our estimates from the true values of parameters. The results show significant decreases in the deviations when the sample 
size increases, an indication of well-performed estimators in terms of both consistency and convergence properties.    

Parameters True values T=5,000  T=10,000  T=20,000  T=50,000  T=100,000 

  MAE RMSE  MAE RMSE  MAE RMSE  MAE RMSE  MAE RMSE 

a0 0.5 0.016 0.020  0.010 0.013  0.008 0.010  0.005 0.007  0.004 0.005 

a1 0.2 0.017 0.021  0.011 0.014  0.008 0.010  0.005 0.006  0.004 0.005 

a2 0.6 0.016 0.020  0.012 0.015  0.008 0.011  0.006 0.008  0.004 0.004 

b0 0.2 0.101 0.137  0.086 0.111  0.056 0.078  0.037 0.049  0.027 0.033 

b1 0.5 0.024 0.029  0.014 0.018  0.010 0.013  0.006 0.008  0.004 0.005 

b2 -0.3 0.067 0.084  0.054 0.068  0.035 0.048  0.024 0.031  0.017 0.021 

c0 0.4 0.100 0.141  0.074 0.110  0.048 0.086  0.025 0.032  0.019 0.023 

c1 -0.1 0.037 0.053  0.028 0.042  0.019 0.033  0.007 0.009  0.006 0.007 

c2 0.7 0.035 0.046  0.026 0.034  0.020 0.027  0.013 0.016  0.009 0.011 

,  0.5 0.161 0.223  0.127 0.170  0.088 0.121  0.056 0.073  0.039 0.049 

,  0.3 0.265 0.357  0.191 0.259  0.142 0.210  0.087 0.114  0.061 0.083 

,  0.6 0.223 0.367  0.179 0.298  0.113 0.238  0.034 0.044  0.028 0.037 

 0.4 0.024 0.031  0.021 0.026  0.014 0.018  0.008 0.010  0.006 0.008 
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4. Empirical results 

We base our model estimation on a 10% random sample of the main dataset to ease 

computation.8 We omitted the missing observations in main variables and risk drivers. For 

empirical analysis and robustness check, we employ three alternative specifications for our 

selection model and its comparative models, named as the Restricted, Unrestricted and Non-

linear specifications. These three specifications differ in terms of different sets of explanatory 

variables used for modelling (see Table 7, Table 8 and Table 9 for a detail set of variables). 

While the Restricted version only includes main drivers, the Unrestricted version expands by 

controlling macroeconomic variables (real GDP growth rate and unemployment rate) and the 

vintage effects. In addition, the non-linear version provides a robustness check of the existence 

of non-linear regional foreclosure contagion effect by adding to the Unrestricted version the 

dummies of house price under distress and regional foreclosure rate.       

4.1 Model performance  

We first verify the necessity of the dependent structure in our model by comparing it with 

the independent structure that prohibits the error correlation structures among PD, PC and non-

zero LGDs. We define the two models as follows, 

 Dependent Model: the three stage selection regression model derived in this paper 

(see Eq. (11)) assuming dependence between these three stochastic processes; 

 Independent Model: separate regression models for the PD, PC and non-zero LGDs 

but assuming independence between these three stochastic processes. This model is 

equivalent with the independent estimation of a probit model for default, a probit 

model for cure events and an OLS model for non-zero LGDs.  

We perform the likelihood ratio test with the null hypothesis of the independent model 

against the alternative hypothesis of the dependent model. As shown in Table 5, we observe a 

strong rejection of the independent structure, suggesting a necessity of a dependent structure 

in our selection model for the data sample. This is further supported by statistically significant 

pairwise error correlation between cure and non-zero LGD equations9. However, we note that 

the magnitude of the pairwise error correlations is small, which is due to a large number of 

statistically significant drivers included in the models. As can be seen, the magnitude of the 

                                                            
8 We have confirmed robustness using a bootstrap. Results are available on request. 
9 Note that the pairwise correlation structures among default rate, cure rate and non-zero LGD in their mean level 
are not necessarily equivalent with their pairwise error correlation structures since parts of their variation are 
captured by the explanatory variables.    
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pairwise error correlations becomes less significant when the number of explanatory variables 

increase. However, it is worth noting that models with a higher number of explanatory variables 

do not necessarily provide a better predictive quality than one with a lower number of 

explanatory variables, to that extent we will discuss later in the out-of-time predictive 

performance part. Hence, our model with the dependent structure remains its usefulness, 

particularly in the case when a limited number of explanatory variables are found.      
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Table 5: Estimates of correlation and variance parameters 

This table reports the correlation and variance estimates of three alternative models that we employed for empirical analysis and robustness check. Details of explanatory 
variables of Restricted, Unrestricted and Non-linear models can be found in Table 7, 8 and 9. Standard errors are reported in parentheses. ***, ** and * denote the estimates 
are statistically significant at 1%, 5% and 10% level of significance, respectively.  

Parameter Restricted  Unrestricted  Non-linear 

 Dependent Independent  Dependent Independent Dependent Independent

Error correlation (default, cure), ,  0.059   0.062   0.053  

 (0.075)   (0.089)   (0.074)  

Error correlation (default, LGD), ,  0.062   0.022   0.041  

 (0.045)   (0.048)   (0.047)  

Error correlation (cure, LGD), ,  0.087***   0.065**   -0.004  

 (0.029)   (0.029)   (0.027)  

 0.235*** 0.234***  0.234*** 0.233***  0.235*** 0.234*** 

 (0.001) (0.001)  (0.001) (0.001)  (0.001) (0.001) 

-2 Log Likelihood 558992 559014  558309 558335  558989 558993 

LR test Independent vs. Dependent = 22  = 26  = 4 

 p-value=0.0000  p-value=0.0000  p-value=0.2615 
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We assess the performance of our model (both dependent and independent structure) with 

the OLS model (a single OLS regression model for both zero and non-zero LGDs), which is 

the current practice in the literature and industry. Regarding the in-sample goodness of fit 

statistics, we observe a comparable performance of the dependent and independent structure 

across all equations examined (see Table 7, Table 8 and Table 9). Meanwhile, the OLS model 

provides a slightly better fit for the LGDs than the dependent and independent structure in 

terms of Adjusted R-square. This is, however, not surprising, as the OLS model uses both zero 

and non-zero LGDs observations, whereas, the dependent and independent structure of our 

model only consider the non-zero LGDs and control for selection biases.        

We assess the out-of-time predictive accuracy of our proposed model with the benchmark 

OLS model. We find that the Restricted specification of the OLS model provides the best 

predictive performance in terms of Root Mean Square Errors (RMSE, hereafter) compared to 

its Unrestricted and Non-linear specification10. Therefore, we employ the Restricted 

specification for the out-of-time predictive accuracy comparison between our proposed model 

and the benchmark OLS model. We evaluate the forecast accuracy in five consecutive years 

from 2008 to 201211. We report the RMSE statistic as a mean for measuring the out-of-time 

forecasting accuracy of considered models as well as the difference in predictive performance 

of our proposed models with the benchmark OLS model in Table 6. For a statistical inference, 

we perform the two-sample t-test for difference in mean of the square errors of the predictions 

between Dependent model and Independent/OLS models. 

                                                            
10 We do not report the RMSEs of the Unrestricted and Non-linear specification of the OLS model to conserve 
space. However, details are available upon request. 
11 The reason for not considering years from 2013 to 2015 is that most of the non-zero losses arose within three 
years of the default events (see Figure 4). In empirical modeling, we employ the TimeToEOO variable to control 
an effect of time gap between default events and the time that the last loss was observed. However, in prediction, 
the information on TimeToEOO is not available, we, therefore, drop this variable and use 2012 as the final year 
for forecasting evaluation to avoid the potential loss information bias.   
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Table 6: Out-of-time predictive performance statistics 

This table shows the Root Mean Square Errors (RMSE) of the Out-of-time prediction for 3 selected models as well as the relative difference between RMSEs of the Dependent 
model’s out-of-time prediction and that of other comparative models. OLS, the one-step LGD OLS regression model, is chosen as the benchmark model for a comparison 
purpose due to its popularity in the literature and industry. In this assessment, we chose the restricted form for all three models since we found that the restricted form of the 
benchmark OLS outperforms its unrestricted and non-linear form in terms of out-of-time prediction. The OLS model has the specification as, ∗

,
∗ ∗ , in which 

∗  includes both observations of zero and non-zero LGDs. The table also reports the two-sample t-test for difference in mean of the square errors of the predictions between 
Dependent model and Independent/OLS model. The null hypothesis, H0: Mean Square Error of Dependent predictions = Mean Square Error of Independent/OLS predictions, 
is tested against, HA: Mean Square Error of Dependent predictions < Mean Square Error of Independent/OLS predictions. T-statistics are reported in parentheses. ***, ** and 
* indicate rejections of the null hypothesis H0 at 1%, 5% and 10% level of significance, respectively.   

 

RMSEs of Out-of-Time prediction  ∆RMSE between Dependent model and others 

Dependent Independent OLS  Independent OLS 

Out of sample 2008       

In-sample 2004-2007 0.2737 0.2768 0.2862  -1.11% -4.36% 

     (-1.581)* (-5.586)*** 

Out of sample 2009       

In-sample 2004-2008 0.2844 0.2856 0.2867  -0.41% -0.82% 

     (-0.664) (-1.151) 

 Out of sample 2010       

In-sample 2004-2009 0.3103 0.3169 0.3130  -2.09% -0.86% 

     (-0.286) (-0.165) 

 Out of sample 2011       

In-sample 2004-2010 0.2900 0.2912 0.2904  -0.42% -0.13% 

     (-0.436) (-0.171) 

Out of sample 2012       

In-sample 2004-2011 0.2796 0.2813 0.2802  -0.60% -0.19% 

     (-0.351) (-0.186) 
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It is clear that our proposed dependent framework performs better than the Independent 

model and the current benchmark model in the literature and industry (i.e., the OLS model) as 

evidenced by its consistent lower RMSEs in all cases examined. More importantly, our model 

shows nearly (and statistically significant) 4.5% better predictive quality than the OLS model 

during the GFC. This is mainly due to the outperformance of our proposed model in forecasting 

the high-value ranges of LGDs in a comparison with the OLS model in 2008 (see Figure 5). 

Part of the LGD variation is omitted when the uncertainty of the default and cure events is not 

considered in the OLS model. This problem may be more significant during the turbulence 

periods when variables tend to be highly correlated so that we can observe a remarkable 

difference in forecasting performance as mentioned above. We support this argument by 

respectively plotting the average actual LGDs versus out-of-time predicted LGDs according 

fifteen equal groups12 of the CLTV variable – the most significant determinant of PD in our 

model (see Figure 6), and according to fifteen equal groups of the GapHprice variable – the 

most significant determinant of PC in our model13 (see Figure 7).             

  

                                                            
12 The choice of fifteen groups is subjective in the essence to balance the visualisation and information delivered 
through the graph.  
13 We determine the most significant explanatory variables by looking at their associated highest test statistics in 
the estimated outputs of the models.  
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Figure 5: Average actual LGDs versus out-of-time predicted LGDs by groups of predicted LGD 

This figure plots average actual LGDs versus out-of-time predicted LGDs generated from three selected models 
for fifteen equal groups of predicted LGDs. Model 1 represents the Dependent Model, Model 2 denotes the 
Independent Model and Model 3 indicates OLS Model. The diagonal line indicates a perfect prediction, which 
means the predicted values match actual values exactly. Note that there is no requirement in an out-of-sample 
analysis that the scatters are centred around the diagonal. 
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Figure 6: Average actual LGDs versus out-of-time predicted LGDs by groups of CLTV 

This figure plots average actual LGDs versus out-of-time predicted LGDs generated from three selected models 
for fifteen equal groups of CLTV (the most significant explanatory variable for PD). Model 1 represents the 
Dependent Model, Model 2 denotes the Independent Model and Model 3 indicates OLS Model. The diagonal line 
indicates a perfect prediction, which means the predicted values match actual values exactly. Note that there is 
no requirement in an out-of-sample analysis that the scatters are centred around the diagonal. 

 

  



 

27 
   

Figure 7: Average actual LGDs versus out-of-time predicted LGDs by groups of GapHprice 

This figure plots average actual LGDs versus out-of-time predicted LGDs generated from three selected models 
for fifteen equal groups of GapHprice (the most significant explanatory variable for PC). Model 1 represents the 
Dependent Model, Model 2 denotes the Independent Model and Model 3 indicates OLS Model. The diagonal line 
indicates a perfect prediction, which means the predicted values match actual values exactly. Note that there is 
no requirement in an out-of-sample analysis that the scatters are centred around the diagonal. 

 

It can be seen that our proposed dependent model provides a superior forecast 

performance to that of OLS regression in the high-value ranges of LGDs, which is associated 

with the high-value group of CLTV (equivalently, high-value groups of PD) and GapHprice 

(equivalently, low-value groups of PC). Notably, this difference in the models’ predictive 

performance is only remarkable in the GFC but it becomes less and less significant in the 

following years. This fact is consistent with our claim that an application of the dependent 

structure among PD, PC and non-zero LGDs is essential to produce more precise forecasts, 

especially under the financial turbulence, when those credit risk measures tend to be highly 

correlated. Overlooking this structure may lead to a larger bias in prediction, especially for 

predicting the downturn LGD. 
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4.2 Probability of Default (PD) equation 

We present the estimated results for the PD equation in Table 7. Our results are robust 

across the models examined and consistent with the economic intuitions and empirical findings 

in the literature. We find that PD is positively associated with CLTV and current interest rate, 

which is strongly supported by previous studies (see Amromin and Paulson, 2009; Elul et al., 

2010; Goodman et al., 2010, for evidence on CLTV and Demyanyk and Hemert, 2011, for 

evidence on current interest rate). Consistent with Amromin and Paulson (2009), our result 

indicates that adjustable-rate mortgage loans are riskier, and hence, expose a higher likelihood 

of default than the fixed-rate mortgage loans. As expected, the residential mortgage loans for 

owner-occupied purpose are less risky than other purpose of occupancy (such as investment). 

It is not surprising that mortgage loans with a higher FICO score are less likely to default since 

a higher FICO score represents a better credit quality. This result has been widely documented 

in the literature (see Elul et al., 2010, and Demyanyk and Hemert, 2011, among others). Further, 

consistent with previous studies (e.g., Elul et al., 2010; Demyanyk, Koijen and Van Hemert, 

2011; Gerardi et al., 2013; and Campbell and Cocco, 2015), loan associated with insufficient 

repayment in the previous quarter are more likely to default. Other factors including loan size 

and loan age show non-linear effects on mortgage default, which are also in line with the 

expectation (see Li et al., 2012, for an example of loan size and Bajari et al., 2008, for an 

example of loan age). We find that modified loans are less likely to be foreclosed. This may be 

due to the common bank’s strategies in working out the delinquent loans. For example, at early 

stages of delinquency, banks normally support borrowers to correct their loans by providing 

various types of modifications such as allowing the customer to miss a few payments (while 

capitalising interest). This would help borrowers to overcome short-term liquidity constraints 

and keep their loans away from the foreclosure process. 
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Table 7: Estimates of probability of default equation 
This table reports the estimation outputs of the probability of default equation for Dependent and Independent models under their three forms, Restricted, 
Unrestricted and Non-linear, which are differed in terms of explanatory variables. For a description of the variables, we refer to more details in Table 2. FICO is 
divided by 1000, FCrate is multiplied by 10, Loan age, Loan size Current IR, Unemployment rate and Real growth rate are divided by 10. Standard errors are 
reported in parentheses. ***, ** and * denote the estimates are statistically significant at 1%, 5% and 10% level of significance, respectively. AUROC denotes the 
Area Under the Receiver Operating Characteristics curve, which is a popular measure for discrimination in credit risk. 

Parameter Restricted  Unrestricted  Non-linear 

 Dependent Independent  Dependent Independent Dependent Independent
FICO -1.921*** -1.925***  -1.942*** -1.945***  -1.964*** -1.966*** 
 (0.032) (0.032)  (0.032) (0.032)  (0.032) (0.032) 
CLTV 0.808*** 0.808***  0.756*** 0.757***  0.813*** 0.813*** 
 (0.008) (0.008)  (0.009) (0.009)  (0.009) (0.009) 
GapHprice 0.084*** 0.084***  0.091*** 0.091***  - - 
 (0.007) (0.007)  (0.007) (0.007)  - - 
GapHprice_d75 - -  - -  0.04*** 0.04*** 
 - -  - -  (0.005) (0.005) 
GapHprice_d90 - -  - -  0.063*** 0.063*** 
 - -  - -  (0.006) (0.006) 
GapHprice_d100 - -  - -  0.068*** 0.068*** 
 - -  - -  (0.007) (0.007) 
Fcrate 1.224*** 1.224***  1.139*** 1.14***  - - 
 (0.015) (0.015)  (0.017) (0.017)  - - 
Fcrate_d75 - -  - -  0.178*** 0.178*** 
 - -  - -  (0.005) (0.005) 
Fcrate_d90 - -  - -  0.291*** 0.291*** 
 - -  - -  (0.006) (0.006) 
Fcrate_d100 - -  - -  0.456*** 0.456*** 
 - -  - -  (0.007) (0.007) 
Current IR 0.906*** 0.905***  0.898*** 0.897***  0.886*** 0.886*** 
 (0.012) (0.012)  (0.012) (0.012)  (0.012) (0.012) 
ARM 0.225*** 0.225***  0.23*** 0.23***  0.226*** 0.226*** 
 (0.004) (0.004)  (0.004) (0.004)  (0.004) (0.004) 
Owner-occupied -0.093*** -0.093***  -0.09*** -0.09***  -0.092*** -0.092*** 
 (0.006) (0.006)  (0.006) (0.006)  (0.006) (0.006) 
Modification -0.29*** -0.296***  -0.314*** -0.318***  -0.309*** -0.313*** 
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 (0.024) (0.024)  (0.024) (0.024)  (0.024) (0.024) 
ILR 0.165*** 0.164***  0.16*** 0.16***  0.156*** 0.156*** 
 (0.004) (0.004)  (0.004) (0.004)  (0.004) (0.004) 
Loan age 0.132*** 0.13***  0.084*** 0.085***  0.054** 0.055** 
 (0.019) (0.019)  (0.022) (0.022)  (0.022) (0.022) 
Loan age square -0.072*** -0.072***  -0.036** -0.037**  -0.011 -0.012 
 (0.015) (0.015)  (0.016) (0.016)  (0.016) (0.016) 
Loan size 5.147*** 5.148***  5.114*** 5.114***  5.744*** 5.745*** 
 (0.645) (0.626)  (0.646) (0.628)  (0.649) (0.632) 
Loan size square -1.723*** -1.723***  -1.737*** -1.736***  -2.005*** -2.005*** 
 (0.263) (0.256)  (0.264) (0.257)  (0.265) (0.258) 
Real growth rate - -  -0.261*** -0.261***  -0.319*** -0.319*** 
 - -  (0.023) (0.023)  (0.023) (0.023) 
Unemployment rate - -  0.076*** 0.076***  0.048*** 0.048*** 
 - -  (0.014) (0.014)  (0.014) (0.014) 
Origin years - -  Yes Yes  Yes Yes 
AUROC 0.788 0.788  0.788 0.788  0.787 0.787 
Pseudo R-Square 11.4% 11.4%  11.5% 11.5%  11.5% 11.5% 
Observations 2,899,794 2,899,794  2,899,794 2,899,794  2,899,794 2,899,794 
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Particularly, we find that an increase in the average local foreclosure rate in the previous 

quarter significantly increases the current likelihood of default of residential mortgage loans. 

Our result may be explained by theories of observational learning (e.g., Agarwal et al., 2012) 

and behavioural responses (e.g., Seiler et al., 2014). An observation of high local foreclosure 

rate may lead borrowers to further devalue their property and strengthen their belief on a 

declining housing market. Furthermore, this observation may also facilitate the dishonouring 

behaviour of borrowers towards default decisions. This belief/behaviour may finally trigger a 

higher local default rate. A similar intuition also applies to the positive effect of average gap 

between local house price under common market condition and under distress condition on the 

PD. The higher devaluation of local house price under distress compared to common market 

condition (due to poor maintenance and various types of discounts during the repossession 

process) may lead to borrowers feeling more certain about the decreasing housing market. This 

may in turn lessen borrowers’ incentive to keep the loans.            

4.3 Probability of Cure (PC) equation 

Estimated results of the PC equation presented in Table 8 have shown some interesting 

features. Firstly, the foreclosed loans with higher FICO scores are less likely to be cured. FICO 

(2008) research shows that higher FICO scores tend to be more stable over time, which means 

higher FICO customers have put more effort into fulfilling their payment obligations. When 

high FICO customers face constraints (e.g., divorce, short-term unemployment or demotion) 

and miss a loan/interest repayment, they would try their best to rectify the loans at an early 

stage of delinquency. They would only give up and allow the loans to be foreclosed if they 

understood that it is not worthwhile maintaining the obligations and their FICO profiles. This 

finally leads to the losses being less likely to be fully recovered. 
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Table 8: Estimates of probability of cure equation 
This table reports the estimation outputs of the probability of cure equation for Dependent and Independent models under their three forms, Restricted, Unrestricted and Non-
linear, which are differed in terms of explanatory variables. For a description of the variables, we refer to more details in Table 2. FICO is divided by 1000, FCrate is multiplied 
by 10, Loan age, Loan size Current IR, Unemployment rate and Real growth rate are divided by 10. Standard errors are reported in parentheses. ***, ** and * denote the 
estimates are statistically significant at 1%, 5% and 10% level of significance, respectively. AUROC denotes the Area Under the Receiver Operating Characteristics curve, 
which is a popular measure for discrimination in credit risk. 

Parameter Restricted  Unrestricted  Non-linear 

 Dependent Independent  Dependent Independent Dependent Independent
FICO -1.387*** -1.36***  -1.345*** -1.32***  -1.27*** -1.252*** 
  (0.168) (0.111)  (0.19) (0.112)  (0.171) (0.112) 
CLTV -1.194*** -1.207***  -1.218*** -1.231***  -1.148*** -1.153*** 
  (0.069) (0.034)  (0.077) (0.034)  (0.068) (0.033) 
GapHprice -1.085*** -1.088***  -1.07*** -1.074***  - - 
  (0.028) (0.026)  (0.029) (0.026)  - - 
GapHprice_d75 - -  - -  -0.38*** -0.38*** 
 - -  - -  (0.017) (0.017) 
GapHprice_d90 - -  - -  -0.573*** -0.576*** 
 - -  - -  (0.021) (0.02) 
GapHprice_d100 - -  - -  -0.753*** -0.757*** 
  - -  - -  (0.026) (0.025) 
Fcrate -0.135 -0.155***  0.071 0.051  - - 
  (0.096) (0.058)  (0.108) (0.065)  - - 
Fcrate_d75 - -  - -  -0.202*** -0.201*** 
 - -  - -  (0.022) (0.018) 
Fcrate_d90 - -  - -  -0.243*** -0.25*** 
 - -  - -  (0.029) (0.02) 
Fcrate_d100 - -  - -  -0.19*** -0.21*** 
  - -  - -  (0.039) (0.025) 
Current IR -0.36*** -0.362***  -0.347*** -0.349***  -0.344*** -0.341*** 
  (0.073) (0.039)  (0.084) (0.04)  (0.072) (0.04) 
TimeToEOO -0.105** -0.089*  -0.443*** -0.429***  -0.439*** -0.428*** 
  (0.053) (0.053)  (0.106) (0.106)  (0.106) (0.106) 
Owner-Occupied 0.11*** 0.114***  0.112*** 0.116***  0.109*** 0.117*** 
  (0.021) (0.021)  (0.022) (0.021)  (0.021) (0.021) 
ILR 0.039** 0.034**  0.036** 0.029**  0.04** 0.038*** 
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  (0.017) (0.014)  (0.018) (0.014)  (0.016) (0.014) 
NODJ -0.314*** -0.325***  -0.317*** -0.327***  -0.291*** -0.297*** 
  (0.016) (0.016)  (0.016) (0.016)  (0.016) (0.016) 
Loan age 0.678*** 0.702***  0.368** 0.388***  0.552*** 0.567*** 
  (0.08) (0.08)  (0.143) (0.143)  (0.143) (0.143) 
Loan age square -0.195*** -0.177***  -0.144** -0.129**  -0.222*** -0.208*** 
  (0.05) (0.051)  (0.061) (0.061)  (0.061) (0.061) 
Loan size -4.886** -4.854***  -3.957** -3.927**  -4.882** -4.859*** 
  (1.989) (1.844)  (1.951) (1.831)  (1.993) (1.872) 
Loan size square 2.392*** 2.422***  2.03** 2.06***  2.463*** 2.486*** 
 (0.812) (0.757)  (0.796) (0.752)  (0.813) (0.769) 
Real growth rate - -  0.655*** 0.665***  0.477*** 0.482*** 
 - -  (0.083) (0.08)  (0.083) (0.08) 
Unemployment rates - -  -0.034 -0.018  0.052 0.064 
 - -  (0.046) (0.045)  (0.047) (0.047) 
Origin years - -  Yes Yes  Yes Yes 
AUROC 0.764 0.764  0.765 0.765  0.764 0.764 
Pseudo R-Square 15.1% 15.1%  15.3% 15.3%  15.1% 15.1% 
Observations 58,519 58,519  58,519 58,519  58,519 58,519 
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We do not find robust evidence about an effect of average local foreclosure rate on the 

probability of cure. However, it is interesting to normally observe a negative sign of an effect 

of average local foreclosure rate on the probability of cure (see Restricted and Non-linear 

specifications in Table 8). This result is consistent with our expectation since the local 

foreclosure rate is documented to exacerbate the local house price, and hence increase the 

probability of a collateral insufficiency (e.g., Campbell et al., 2011; Anenberg and Kung, 2014; 

Gerardi et al., 2015; and Guren and McQuade, 2015). Using a similar informational 

transmission intermediate as in the case of local foreclosure rate, an increase in the ratio of 

house price under common market condition to house price under distress condition in previous 

quarter statistically and significantly decreases the probability of cure of a foreclosed loan. In 

addition, we find that the foreclosed loan is more likely to be cured if it is associated with an 

event of insufficient loan repayment in the previous quarter. This is consistent with our 

expectation since insufficient loan repayment does not necessarily reflect a shortfall in the 

collateral value. This conjecture is supported by an insignificant effect of insufficient loan 

repayment event on the non-zero LGDs (see Table 9).   

It is worth noting that our findings in terms of the nature of relationship among variables 

(except for the effect of average local foreclosure rate on the probability of cure) are robust 

across models examined.                            

4.4 Non-zero loss severity equation 

We present the estimated results of non-zero LGD equation in Table 9. As suggested by 

the dependent and independent structure of our proposed approach, we do not find a significant 

association between loss severity and credit quality (FICO) scores. This is consistent with our 

expectation since it is a common agreement in credit risk area that FICO scores are default 

predictors yet not informative for predictions of loss severity. The OLS model produces an 

extraordinary result of a positive relationship between FICO and LGD (i.e., defaulted loans 

with higher credit quality generate higher loss severity). This might be due to the fact that the 

OLS model has used both cured and non-cured loans for estimation, and hence caused a bias 

result of FICO-LGD relationship since the FICO has an effect on the probability of cure (as 

discussed earlier) but not the non-zero LGD.  

Effects of loan characteristics on non-zero LGD are also found to be consistent with 

existing literature and economic intuition. We find a strong positive relationship between 

CLTV and the non-zero LGD, which is strongly supported by previous empirical findings (e.g., 

Pennington-Cross, 2003; Calem and LaCour-Little, 2004; and Qi and Yang, 2009). This is also 

in line with the economic interpretation that a higher CLTV loan is associated with lower home 
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equity value, which leads to lower recovery rate (i.e., 1-LGD) and, therefore, higher non-zero 

LGD (see Qi and Yang, 2009). As expected, we find loans with a higher interest rate are 

associated with higher non-zero LGD, which supports Zhang et al. (2010); whereas, defaulted 

loans with a higher age are associated with lower non-zero LGD (e.g., Lekkas et al., 1993; 

Pennington-Cross, 2003; Qi and Yang, 2009). Further, the relationship between non-zero LGD 

and loan size exhibits a convex parabola, which is similar to findings of Pennington-Cross 

(2003) and Calem and LaCour-Little (2004). This finding can be explained by the fixed costs 

that arise during the foreclosure process such as attorney and title fees, which may lead to a 

lower loss rate for a loan with a larger size. However, when a loan reaches a certain amount, it 

may face a higher risk for additional loan increment such as risk of greater house value 

depreciation14.   

                                                            
14 We take a further analysis (two sample t-test for difference in population mean) and find that the average house 
value depreciation of loan with size greater than the turning points of the convex parabola relationship (subjects 
to the models and ranges between 13 and 15) is statistically significantly larger than that of loan with size smaller 
than the turning points at 1% significant level. Detail is available upon request.   
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Table 9: Estimates of non-zero loss severity equation 
This table reports the estimation outputs of the non-zero loss severity equation for Dependent, Independent and OLS models under their three forms, Restricted, Unrestricted 
and Non-linear, which are differed in terms of explanatory variables. For a description of the variables, we refer to more details in Table 2. FICO is divided by 1000, FCrate is 
multiplied by 10, Loan age, Loan size Current IR, Unemployment rate and Real growth rate are divided by 10. Standard errors are reported in parentheses. ***, ** and * denote 
the estimates are statistically significant at 1%, 5% and 10% level of significance, respectively. AUROC denotes the Area Under the Receiver Operating Characteristics curve, 
which is a popular measure for discrimination in credit risk. 
Parameter  Restricted    Unrestricted    Non-linear  
 Dependent Independent OLS  Dependent Independent OLS  Dependent Independent OLS 
FICO -0.017 0.027 0.22***  0.002 0.026 0.213***  0.017 0.025 0.202*** 
  (0.028) (0.021) (0.021)  (0.029) (0.021) (0.022)  (0.029) (0.021) (0.022) 
CLTV 0.314*** 0.314*** 0.379***  0.289*** 0.302*** 0.371***  0.299*** 0.301*** 0.359*** 
  (0.01) (0.006) (0.006)  (0.01) (0.006) (0.006)  (0.01) (0.006) (0.006) 
GapHprice 0.264*** 0.27*** 0.348***  0.27*** 0.273*** 0.351***  - - - 
  (0.005) (0.005) (0.005)  (0.006) (0.005) (0.005)  - - - 
GapHprice_d75 - - -  - - -  0.085*** 0.087*** 0.11*** 
 - - -  - - -  (0.004) (0.003) (0.003) 
GapHprice_d90 - - -  - - -  0.151*** 0.153*** 0.192*** 
 - - -  - - -  (0.004) (0.004) (0.004) 
GapHprice_d100 - - -  - - -  0.217*** 0.22*** 0.278*** 
  - - -  - - -  (0.005) (0.004) (0.005) 
Fcrate 0.059*** 0.065*** 0.065***  0.053*** 0.066*** 0.042***  - - - 
  (0.014) (0.01) (0.01)  (0.015) (0.01) (0.011)  - - - 
Fcrate_d75 - - -  - - -  0.024*** 0.02*** 0.039*** 
 - - -  - - -  (0.004) (0.004) (0.004) 
Fcrate_d90 - - -  - - -  0.059*** 0.055*** 0.077*** 
 - - -  - - -  (0.005) (0.004) (0.004) 
Fcrate_d100 - - -  - - -  0.066*** 0.064*** 0.078*** 
  - - -  - - -  (0.006) (0.005) (0.005) 
NOJUD -0.019 -0.02 -0.028*  -0.022 -0.022 -0.03*  -0.024 -0.027 -0.035** 
  (0.018) (0.017) (0.017)  (0.018) (0.017) (0.017)  (0.018) (0.018) (0.017) 
SRR 0.049*** 0.048*** 0.029***  0.049*** 0.048*** 0.031***  0.047*** 0.045*** 0.026*** 
  (0.003) (0.003) (0.003)  (0.003) (0.003) (0.003)  (0.003) (0.003) (0.003) 
NODJ 0.006** 0.005* 0.046***  0.008*** 0.006** 0.047***  -0.005 -0.007** 0.034*** 
  (0.003) (0.003) (0.003)  (0.003) (0.003) (0.003)  (0.003) (0.003) (0.003) 
Current IR 0.182*** 0.162*** 0.17***  0.174*** 0.16*** 0.167***  0.191*** 0.163*** 0.167*** 
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  (0.012) (0.008) (0.008)  (0.012) (0.008) (0.008)  (0.012) (0.008) (0.008) 
TimeToEOO -0.25*** -0.277*** -0.16***  -0.039 -0.115*** -0.03  -0.015 -0.085*** 0.001 
  (0.012) (0.012) (0.011)  (0.025) (0.025) (0.022)  (0.025) (0.025) (0.022) 
Owner-occupied -0.06*** -0.053*** -0.066***  -0.059*** -0.053*** -0.066***  -0.06*** -0.053*** -0.066*** 
  (0.004) (0.003) (0.004)  (0.004) (0.003) (0.004)  (0.004) (0.003) (0.004) 
ILR -0.004 -0.003 -0.002  -0.003 -0.002 -0.001  -0.004 -0.003 -0.002 
  (0.003) (0.003) (0.003)  (0.003) (0.003) (0.003)  (0.003) (0.003) (0.003) 
Loan age -0.273*** -0.309*** -0.292***  -0.026 -0.147*** -0.171***  -0.076** -0.172*** -0.21*** 
  (0.017) (0.017) (0.016)  (0.033) (0.033) (0.029)  (0.033) (0.033) (0.029) 
Loan age square 0.133*** 0.133*** 0.105***  0.055*** 0.095*** 0.083***  0.086*** 0.111*** 0.102*** 
  (0.013) (0.013) (0.01)  (0.016) (0.016) (0.012)  (0.016) (0.016) (0.012) 
Loan size -5.219*** -12.934*** -5.36***  -5.159*** -12.637*** -5.281***  -4.964*** -12.401*** -5.055*** 
  (0.45) (0.438) (0.371)  (0.453) (0.442) (0.373)  (0.454) (0.443) (0.374) 
Loan size square 1.723*** 4.872*** 1.843***  1.702*** 4.751*** 1.809***  1.616*** 4.648*** 1.703*** 
  (0.184) (0.18) (0.152)  (0.185) (0.181) (0.153)  (0.185) (0.181) (0.154) 
Real growth rate - - -  0.044*** 0.037*** -0.047***  0.079*** 0.073*** 0.005 
 - - -  (0.014) (0.013) (0.014)  (0.014) (0.013) (0.015) 
Unemployment rate - - -  0.045*** 0.04*** 0.037***  0.048*** 0.047*** 0.04*** 
 - - -  (0.01) (0.009) (0.009)  (0.01) (0.01) (0.009) 
Origin Years - - -  Yes Yes Yes  Yes Yes Yes 
Adj. R-square 29.4% 29.8% 30.9%  29.6% 30.0% 31.1%  29.1% 29.6% 30.6% 
Observations 44,564 44,564 58,519  44,564 44,564 58,519  44,564 44,564 58,519 
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Regarding state foreclosure laws on property, we find that states with statutory right of 

redemption have higher non-zero LGD by 4.7% than other states. This result is consistent with 

previous studies (e.g., Clauretie and Herzog, 1990; Crawford and Rosenblatt, 1995; and Qi and 

Yang, 2009), and it can be explained that statutory right of redemption prolongs the foreclosure 

and liquidation process, which may finally lead to larger loss severity. In terms of other 

property characteristics, it is not surprising that owner-occupied properties experience a lower 

loss severity of between 5-6% compared to other owner occupancy purposes.          

Furthermore, we find evidence that higher local foreclosure rate increases the non-zero 

LGD significantly (for every 1% increase in the average local foreclosure rate of the previous 

quarter, the non-zero LGD increases by around 0.6% on average). Our result supports recent 

studies in the literature of foreclosure spill-over effect, which shows strong evidence on 

negative impact of local foreclosure on house prices (e.g., Immergluck and Smith, 2006; Lin 

et al., 2009; Campbell et al., 2011; Anenberg and Kung, 2014; and Gerardi et al., 2015). An 

increase in the average local foreclosure rate amplifies the seller to buyer ratio giving more 

power to the buyer in the housing market. Hence, foreclosures may decrease the overall price 

and liquidity of the whole market (including both foreclosed and non-foreclosed properties)15. 

This process will worsen the collateral shortfall, and hence, increase the realised losses when 

the property is a forced sale. On another aspect of the housing market, we find evidence 

supporting that house price under distress of the foreclosed property exacerbates the loss 

severity. It is statistically estimated that a 10% increase in the house price under common 

market condition to house price under distress condition ratio in the previous quarter is 

associated with around 2.7% increase in the current non-zero loss severity on average. This is 

not surprising because foreclosed properties are subject to poor maintenance by previous 

owners, threats of vandalism as well as protection costs incurred by the mortgage lenders. 

These factors that lead to foreclosed properties are usually attached with favourable yet 

inevitable foreclosure discounts, which in turn may result in higher losses when they are 

realised. 

 

5 Conclusion 

This paper develops a three-step selection model with a joint probability framework for 

the probability of default, cure rate and magnitude of non-zero LGD for mortgage loans. 

                                                            
15 In the recent work, Guren and McQuade (2015) have developed a dynamic search model in which this 
mechanism is revealed.  
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Statistically, our approach fits the bimodal distribution of LGD more efficiently, which shows 

a massive concentration on cured loans. Our empirical test supports a utilisation of dependence 

structure among default, cure and non-zero LGD (or equivalently, their joint probability 

framework) for the analysed sample. Interestingly, we find that the Dependent model works 

better than the Independent model and the current benchmark OLS model in the literature and 

industry in terms of out-of-time predictive accuracy. This difference is particularly remarkable 

for high-value ranges of LGDs during the GFC. Correlations among variables tend to be 

considerably higher during the crisis periods. Our model has important implications for bank 

risk models and prudential regulation not only because of its better predictive performance but 

also due to its suggestion in capital allocation. More specifically, our model provides a new 

approach to improve banks’ efficiency in capital utilisation because capital costs of the 

expected losses will be meaningfully lower if a portion of defaulted loan in a bank’s residential 

mortgage portfolio can be adequately linked with a high cure probability.           

Our empirical findings on the US residential mortgage loans observed between Q1 2004 

and Q1 2015 with regard to control variables are consistent with previous studies and economic 

intuition. Further, we provide new evidence that: (i) higher FICO loans, that are foreclosed, are 

less likely to be fully recovered; (ii) regional foreclosure contagion effect exists in the sense 

that higher local foreclosure rate increases the probability of default and worsens the non-zero 

LGD; and (iii) higher average gap between the local house price under common market 

condition and under distress condition exacerbates the non-zero LGDs. These findings suggest 

a necessity to include the FICO score to bank risk models due to its explanatory power to the 

likelihood that defaulted loans are cured. Further, an exploitation of the historical average local 

default rate and foreclosed house price discounts information also helps to explain the home 

loan losses.        
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Appendix A – Derivation of the log likelihood function 

Following the selection mechanism shown in Figure 2, we have three components of the 

likelihood function as follows: 

1. If the loan is not defaulted: 

Pr 0 Pr ∗ 0 , Pr , 0 Pr ,

Φ , 1 Φ , 																																																																																														                                   

2. If the loan is defaulted but it is cured: 

Pr 1, 1 Pr ∗ 0 , , ∗ 0 Θ ,

Pr , , Θ ,

,
,,

, ,
,,

1 Φ , , Θ , , Φ , , Θ , , 																				 

3. If the loan is defaulted and non-cured: 

According to the Bayes rule, we have: 

Pr , 1, 0 , , Θ , , ,

, Pr 1, 0 , , , , , , 																																																					 12  

In (12), following density function of normal distribution it is easy to see that, 

,

1 , 																																																																																							 

The remaining part of (12) can be derived as follows: 

Pr 1, 0 , , , , , , Pr 1, 0 , , , Θ ,

Pr ∗ 0, ∗ 0 , , , Θ ,

Pr , , Θ , | 																																																					 13  

The conditional distribution of , ′ given  can be written as:   

| ~
,

,
,

1
1

   

Standardizing the bivariate conditional distribution, we have: 
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∗

∗ | ~ 0
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where,  
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Hence, (13) is equivalent with,\ : 

Pr ∗
, ,

1
, ∗

Θ , ,

1
|

Φ
, ,

1
,
Θ , ,

1
, |

∗  

Combining the components of likelihood function from the three components we have the full 

likelihood function of the model as: 
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