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Abstract

The abnormally high mortgage default rates that became apparent in early 2007 were not foreseen

in June 2005, when mortgage production reached its peak. Could the significant increase in mortgage

defaults and the resultant subprime crisis have been predicted? This paper develops a mortgage-level

predictive model for mortgage default and delinquency rates, based on a logistic regression and

Markov chain framework. The results are compared against actual mortgage level default data and

provide strong evidence that the high US nonprime mortgage default rates which triggered the crisis

were already predictable in mid-2005 using historical data only available at the time.
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1. Introduction

The subprime crisis which emerged in 2007 in the nonprime (‘Alt-A’ and ‘Subprime’) US housing mar-

ket, was not predicted and led to the near collapse of the global financial system, unprecedented govern-

ment (tax-payer) intervention and a global recession. It triggered the worst financial crisis since at least

the 1930s whose consequences will likely remain for a substantial number of years. The catalyst for the

crisis was the significant increase in default rates (and delinquencies) in US nonprime mortgages (see

e.g. Gramlich 2007, Goodman et al. 2008, Mayer et al. 2009, and Crouhy et al. 2008 for a review).

From 20041, the mortgage production for sale in secondary markets was the main driver of lender

income. The peak in mortgage production, reached in June 2005 (see Figure 1), was driven by a greater

liberalization of mortgage underwriting as well as the proliferation of non-traditional mortgages with

high-risk features (i.e. ‘Alt-A’ and ‘Subprime’2). The liquidity arising from packaging mortgages into

Mortgage-Backed Securities (MBS) encouraged lenders to continue loosening credit practices so mort-

gage production kept up with rising interest rates and further inflated home prices. The flood of MBS

into the investment market was a significant driver of the subprime crisis. These MBS experienced much

higher than predicted default rates for their underlying mortgages. By the end of 2006, the total amount

of MBS outstanding was $6.4 trillion, 49% larger than the market for Treasury debt (Fabozzi et al. 2007).

This dynamic stopped abruptly when the housing bubble burst in late 2006 and early 2007.

Mortgage risk modeling failed to predict the high delinquency and default rates that occurred from

late 2006 in the USA. Rating agencies and mortgage lenders had very little historical experience in

evaluating credit risk on a significant number of mortgages with high-risk features: high combined loan-

1In 2004, approximately 64% of new mortgage product was securitised in the secondary market, a rate of securitization
that was slightly above the long-term average. See Kramer and Sinha 2006, for a description of the US Mortgage Market.

2‘Subprime’ mortgages are loans with lower initial credit quality that are more likely to experience significantly higher
levels of default. ‘Alt-A’ loans have some attributes (e.g. unverifiable income) that either increase their perceived credit
riskiness or cause them to be difficult to categorize and evaluate (Fabozzi et al. 2007).
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Figure 1: Daily Mortgage Production from January 2000 to June
2008 (Closing balance, Million of US Dollars)

Source: First American CoreLogic LoanPerformance (hence-
forth: LoanPerformance) database.

to-value (CLTV) mortgages, teaser-note mortgages3, or stated-income mortgages4. CLTV5 is a key ratio

used by lenders to determine the risk of default by prospective homebuyers when more than one loan

is used (Bhattacharya and Berliner 2005). In general, lenders are willing to lend at CLTV ratios of

80% and above to borrowers with a high credit rating. The lower the CLTV, the lower the default rate.

More details on the relationship between CLTV and defaults are found in Zimmerman and Neelakantan

(2001).

The main contribution of this paper is the development of a predictive model of mortgage delinquency

and default rates that clearly demonstrates that projections for the default rates underlying MBS, calcu-

3A teaser rate is an initial rate on an adjustable-rate mortgage (ARM). This rate will typically be below the going market
rate, and is used by lenders to persuade borrowers to choose ARMs over traditional mortgages. The teaser rate will be in
effect for only a few months, at which point the rate will gradually climb until it reaches the full indexed rate, which will be
a static margin rate plus the floating rate index to which the mortgage is tied, usually the LIBOR index (Hayre 2001).

4A type of reduced documentation mortgage program which allows the borrower to state on the loan application what their
income and assets are without verification by the lender (‘Alt-A’ loans); however, the source of the income is still verified.
These loans might carry a higher interest rate than a ‘Prime’ (high quality) mortgage.

5CLTV = 1
V
∑n

l=1 Ll, where Ll denotes the closing balance for loan l, V is the property value, and n is the number of
loans
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lated on mortgages issued on 1 June 2005 (prior to the subprime crisis) would have been closer to actual

rates if mortgage level data only available at the time were employed for calibration. These include

underlying borrower and loan characteristics such as age, balance, loan-to-value, house price, interest

rate, employment, occupancy, documentation, loan purpose, and credit score. Models based only on

the seasonal nature of default (e.g. the PSA6 benchmark) have shown a weak predictive power under

‘extreme economic’ conditions. For the purpose of this study ‘extreme economic’ conditions arise as

a result of a specific economic environment where sharply decreasing house prices coexists with a sig-

nificant amount of loans with high-risk features. These conditions emerged in early 2007 after a 3-year

period characterised by (1) inflated home prices, (2) increasing interest rates, (3) extremely loose loan

underwriting, and (4) high production of loans with high-risk features. Figure 2 depicts a chronology of

the mortgage phenomenon in the USA from January 2000.

The predictive framework described here combines a logistic regression model based on loan-level

data with transition probability matrices (or Markov chain analysis) building on previous studies by

Smith and Lawrence (1995), Smith et al. (1996), Calhoun and Deng (2002), Kaskowitz et al. (2002), and

Demyanyk and Van Hemert (2010). Smith et al. (1996) present a forecasting model with a Markovian

structure and nonstationary transition probabilities to model the life of a mortgage. They use logistic

regression models to estimate the severity of losses for a major financial institution and the models

calculate annual transition probabilities in contrast to this paper which computes monthly rates in line

with amortization schedules. Calhoun and Deng (2002) provide a broad spectrum of approaches to

estimate the loss probability distribution for mortgages. Although the focus of their paper is the concept

of economic capital, it introduces the state-transition model among the best-practices in mortgage default

risk measurement. Kaskowitz et al. (2002) estimate logit models to compare mortgage terminations for

fixed- and adjustable-rate loans. The empirical analysis is based on a discrete-time framework that

utilizes data on the event histories of individual mortgage loans. Demyanyk and Van Hemert (2010)

6The PSA (Public Securities Association), a US trade organization of securities firms and banks created in 1976, under-
writes, distributes and trades debt securities both domestically and internationally. It was renamed the Bond Market Asso-
ciation in 1997 and merged with the Securities Industry Association to form the Securities Industry and Financial Markets
Association later that year (BMA 1999).
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Figure 2: Chronology leading to the Mortgage Crisis in the USA: How the
key factors behaved before and after the credit meltdown arose in late 2006

Source: SMR (2007), Gramlich (2007), Goodman et al. (2008), Crouhy et al. (2008) and
Mayer et al. (2009).

use LoanPerformance historical data to analyse the quality of subprime mortgages by adjusting their

performance for differences in borrower characteristics, loan characteristics, and some macroeconomic

variables. These differences were estimated using odds models to show that loan quality for subprime

mortgages deteriorated monotonically between 2001 and 2007 prior to the subprime crisis.

In contrast, this paper develops a predictive framework to forecast default rates for all types of loans

‘Prime’, ‘Alt-A’, and ‘Subprime’. In particular, previous approaches have tended to focus on subprime

mortgages; however, it is important to note that the total number of Alt-A mortgages originated in

June 2005 is similar to those of subprime mortgages, and the value of Alt-A loans is 1.5 times that

of subprime loans. Both experienced high default rates. The parameter estimation employs mortgage

level data obtained from LoanPerformance from January 2000 until May 2005 to forecast defaults and

delinquencies for mortgages issued at the hight of US mortgage production (1 June 2005) using both

logistic regression and state-transition models. This approach provides strong evidence that the high
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default rates for both Alt-A and Subprime, starting in late 2006 in the USA could have been detected a

year and a half prior to the start of the mortgage crisis.

The remainder of the paper is structured as follows. Section 2 provides a brief description of the

PSA benchmark, a simple but realistic model for the typical default rates experienced on thirty-year

conventional pools under normal circumstances. This is then followed by a detailed description of the

logistic transition method approach. Section 3 applies the theoretical framework to loan level data to

forecast default rates based on the simulation of all possible paths a loan can follow from its current

status until defaulting or prepaying. Section 4 concludes the paper.

2. Mortgage default risk modeling

The conditional default rate (CDR) is the key measure for quantifying default risk on pools of mortgages

underlying MBS. It is defined as the annualized value of the unpaid principal balance of newly defaulted

loans over the course of a month as a percentage of the outstanding balance of the pool at the beginning

of the month (Fabozzi et al. 2007, Fabozzi 2010). The CDR is computed by first calculating the default

rate for the month t, as shown below:

DRt =
DLBt

BBt

, (1)

where DLBt is the default loan balance and BBt the beginning balance for month t on the underlying

pool of mortgages. The annualized CDR is obtained as follows:

CDRt = 1 − (1 − DRt)
12. (2)

It should be stressed that the CDR measures only the rate of defaults and not the amount of losses, since

the actual losses depend upon the amount that can be recovered on loans in default (adjusted for the costs
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of collection, and servicer advances, if applicable).

Accurate CDR forecasting methods are crucial in order to provide a better understanding of borrower

behavior. In the following section the standard PSA method is described and demonstrated to be a poor

predictor of the CDR during the recent credit crisis. An alternative methodology, a combination of

logistic regression and Markov chain theory is then proposed.

2.1. The PSA Standard Default Assumption (PSA SDA)

With the increase in the issuance of MBS, a standard benchmark for forecasting CDR was introduced by

the Public Securities Association (which was renamed as the Bond Market Association in 2006) in May

1993 (Goodman and Lowell 2000, Fabozzi 2010). The PSA SDA benchmark, or 100 SDA, specifies the

following (BMA 1999, Fabozzi 2010):

(a) The CDR in month 1 is 0.02% and increases by 0.02% up to month 30, so that the CDR is 0.6%,

(b) From month 30 to month 60, the CDR remains at 0.6%,

(c) From month 61 to month 120, the CDR declines from 0.6% to 0.03%,

(d) From month 120 onwards, the CDR remains constant at 0.03%,

(e) Monthly Default Rates (see DRt in equation 1) can be derived from equation 2.

Although the 100 SDA curve is a reasonable model for the typical default rates experienced on thirty-

year conventional pools under normal circumstances, it is not an appropriate benchmark for either default

rates experienced on conventional mortgage in regions undergoing prolonged recessions or default rates

seen on non-conventional loans (i.e. subprime mortgages). Nevertheless, the 100 SDA has been widely

used as a benchmark for mortgage default (see e.g. Deng and Gabriel 2006, and An and Deng 2007), and

simple linear multiples of 100 SDA, such as 250 SDA and 350 SDA (with maximum CDR of 1.5% and

2.1% respectively), are employed for stress testing the benchmark (Goodman and Lowell 2000). The
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appropriate SDA curve for a pool of mortgage loans depends strongly on the loan type. For example,

default rates on conventional prime loans will typically be much lower than 100 SDA, while the default

rates on subprime loans will be much higher than 100 SDA (Hayre et al. 2000). As illustrated in Figure 3,

the 100 SDA benchmark constitutes simply a reference to quantify the risk of individual borrowers (the

stressed 250 SDA and 350 SDA are shown for comparison). However, the prediction of default risk

under extreme economic conditions requires the use of relevant covariables within a framework built

on empirical mortgage payment history at the loan level. This framework is developed in the following

section.

Figure 3: PSA Standard Default Assumption Benchmark (100
SDA together with the 250 SDA and 350 SDA)

2.2. Logistic Transition Matrix Approach (LTMA)

This approach is developed from Markov chain analysis and determines the probability of a borrower

making a transition from one credit status to another (Brown and Wadden 2001). This methodology

relies on historical individual mortgage-level data. The data are categorized according to their charac-

teristics at origination (see section 3) into three asset classes; ‘Prime’, ‘Alt-A’ and ‘Subprime’. Once

a mortgage is designated ‘Prime’, ‘Alt-A’ or ‘Subprime’ it remains within that asset class -there are no

further changes unless the debt is refinanced, in which case the original loan terminates and another loan

is created with the new characteristics at origination. ‘Prime’ (high-credit quality) mortgages have high
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FICO scores (credit scores based on the Fair Isaac and Company model), generally above 680, and loan-

to-value ratios less than 95%. ‘Alt-A’ mortgages are offered to borrowers with ‘Prime’ characteristics

who are unable or unwilling to provide full documentation of assets or income; some of these borrowers

are investing in real estate rather than occupying the properties they purchase. ‘Subprime’ mortgages

typically have low FICO scores, usually in the low 600s and below, and borrowers have little savings

available for down payments (see Kramer and Sinha 2006, for more details on how loans are designated).

Transitions are modeled for individual loans within each asset class. To illustrate the approach, con-

sider a borrower in a particular asset class whose status is current (i.e. no payments overdue). A tran-

sition matrix contains the complete set of mathematical probabilities of this borrower rolling from his

or her current status to any of the other possible states: (1) remaining current, (2) 30 day delinquent

(30 days in arrears), or (2) paid off (PO). A borrower who is 30, 60 or 90+ days delinquent will have

a more extensive set of possible transitions. Foreclosure (FC) is the legal proceedings that a lender can

initiate after 90 days of delinquency which ends with an auction to sell the property. If the property is

not sold (unsuccessful foreclosure auction), the lender regains possession of the property which is then

listed on their books as real estate owned (REO), prior to the final default status (D). Before or during

the foreclosure process, the servicer may encourage the borrower to sell the property, even if the selling

price is less than the mortgage amount; this is called a short sale and might take place after reaching 60

days delinquent. Short sales are default states (D) and mainly occur under adverse economic conditions.

Figure 4 displays the possible transitions for loans serviced in the USA (see Fabozzi et al. 2007, Smith

et al. 1996, and Fabozzi and Dunlevy 2001).

In order to describe the transition probabilities mathematically, a discrete time Markov chain analysis

is employed. Markov chains have been extensively employed in credit modeling (Lando 2004). The

mathematical framework is now briefly described. Let η = (η0, η1, . . .) be a stochastic process defined

on some probability space (Ω,F , P ). Assume that the state space is finite and equal to (1, . . . , k). The

process η is said to be a Markov chain if, for every time t and every combination of states {i0, i1, . . . , it},

then
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Figure 4: Transition paths for mortgage loans in the USA

Pr(ηt = it | η0 = i0, η1 = i1, . . . , ηt−1 = it−1) = Pr(ηt = it | ηt−1 = it−1). (3)

The Markov chain is said to be time-inhomogeneous if Pr(ηt+1 = j | ηt = i) depends on t, hence the

following one-period transition probability from status i to status j is defined as

pij = Pr(ηt+1 = j | ηt = i), (4)

for a specific t. The transition probabilities at time t are conveniently expressed in a transition matrix
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Pt =


p11 · · · p1k

... . . . ...

pk1 · · · pkk

 , (5)

where
∑k

j=1 pij = 1 for all i (i.e. rows sum to 1). The connection between multi-period and one-period

transition probabilities results from PT = P0 · P1 . . . PT−1. The transition matrix corresponding to

figure 4 is described in detail in Section 3.

The probability of a transition from one status to another is estimated using binary logistic regression.

Logit or binary logistic regression analysis models the relationship between a binary response variable y,

with the possible dichotomous values of 1 or 0, and one or more explanatory variables. For i = 1, · · · , k

states at month t moving to j = 1, · · · , k states at month t + 1, the linear logistic regression model has

the form

log

[
pij

1 − pij

]
= αij + β′

ij · xij, (6)

where pij = Prob(yij = 1 | xij), is the response probability to be modeled, αij is the intercept parameter,

βij is the vector of slope parameters, and xij is the vector of explanatory variables related to the transition

from status i to status j. In contrast to other applications based on annual transition estimates (Smith et

al. 1996), t refers to months in the parameter estimation period.

The expression on the left-hand side of equation 6 is usually referred to as the logit or log-odds. The

logit equation can be solved for pij to obtain

pij =
exp(αij + β′

ij · xij)

1 + exp(αij + β′
ij · xij)

(7)
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A detailed description of the theoretical framework underpinning logistic regression can be found in

standard textbooks (Hosmer and Lemeshow 2000, Allison 2006). The studies by Westgaard and Van der

Wijst (2001), and Campbell and Dietrich (1983) are applications of the logistic approach to credit risk.

The former presents a method of estimating default probabilities of a retail bank portfolio. The latter

provides a multinomial logit model for privately insured conventional mortgage loans using data from

1960 to 1980.

3. Forecasting CDRs under extreme economic conditions

This is the key section of the paper where the theoretical framework described above is applied to actual

loan level data. Using the PSA Standard Default Assumption for comparison purposes, it is demonstrated

that the LTMA could have predicted the high mortgage default rates that occurred from late 2006 in the

USA. The investigation takes the following steps:

1. Calculate the actual CDRs for loans originated on 1 June 2005 forward for a 5-year time window,

2. Plot CDRs for the same forward time window using the PSA SDA benchmark,

3. Forecast CDRs for the same population and forward time window using LTMA calibrated with

mortgage level data from 1 January 2000 to 31 May 2005, which was the parameter estimation

period, and

4. Integrate both the parameter estimation and the forecasting routines into a computational frame-

work capable of running simulations of all possible transitions that a particular loan can follow.

Delinquency and default predictions can be produced at any level of aggregation (i.e. loan, pool,

asset class, etc.).

This is achieved by using the SAS (Release 8.2) programming language and statistical package along

with the LoanPerformance source of data, a database containing loan-level information on approximately
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85 percent of all non-agency mortgage securities7 in the USA.

3.1. Projected CDRs using the PSA SDA benchmark

The standard PSA SDA benchmark is now compared with the actual CDR for those loans originating

on the 1st June 2005. The loans originated on this date are chosen as the benchmark set of mortgages

as they occur at the peak of loan production. Loans with missing or insufficient data were excluded

(approximately 8.6%). Table 1 displays the loan population employed. The actual CDRs for these

benchmark loans are obtained from the database from 1st June 2005 to 31st June 2010. The loan-level

delinquency status provided by LoanPerformance is used to identify defaults at different points within

the time window. By definition, a default occurs when (1) the borrower loses title to the property and

(2) the loan is no longer on the books, that is to say, when the previous state was REO, or the previous

state was delinquent or foreclosure and there was a loss (see Fabozzi et al. 2007, and Smith et al. 1996).

In other words (Hayre et al. 2008), a default only occurs when a loan is liquidated. If a loan becomes

delinquent, or goes into foreclosure, but is cured (that is, becomes current again) or is prepaid without a

loss to the servicer, there is no default. Figure 5 shows the actual CDRs for the 1 June 2005 benchmark

mortgage population compared against the PSA SDA benchmark.

Table 1: Non-agency mortgages originated on 1 June 2005 in
the USA (loan production peak)

Asset Class # Loans % Original Balance %
(Million of USD)

Prime 7,483 9.5 3,811.42 18.8
Alt-A 35,100 44.3 10,090.03 49.7
Subprime 36,596 46.2 6,408.72 31.6
TOTAL 79,179 100.0 20,310.17 100.0

Source: LoanPerformance.

The 100 SDA projection fits the actual CDRs well until the ‘bursting’ of the housing bubble in late

7Non-agency mortgage securities are those instruments issued by entities without the full faith and credit of either agencies
with close ties to the US government (government-sponsored enterprises) or the US government itself. In 2007, non-agency
mortgages represented approximately 34% of the securitized market (Goodman et al. 2008).
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2006 (month 17). From this point forward, actual CDRs rise sharply reaching 2% in October 2007

(month 27) and going beyond 7% in June 2008 (month 35). The 350 SDA never exceeds 2.1% during

the whole time window. Clearly, the PSA SDA did not work as an acceptable benchmark under the new

marktet conditions.

Figure 5: Actual vs Projected CDRs using the PSA SDA
Benchmark (100 SDA) and 350 SDA

Source: LoanPerformance (primary data for actual CDRs).

3.2. Projected CDRs using the LTMA

A set of loan-level transition models is developed to predict the probability that a loan makes a transition

from one status to another based on historical data of the borrower and loan characteristics. Logistic

regression models linked together through their relationship in a transition matrix are the foundation for

loan-level predictions. The monthly transition matrix has the following structure (for each asset class):
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Pt =



To C 30 60 90+ FC REO PO D
From

C p11 p12 0 0 0 0 p17 0

30 p21 p22 p23 0 0 0 p27 0

60 p31 p32 p33 p34 p35 0 p37 p38

90+ p41 p42 p43 p44 p45 0 p47 p48

FC p51 0 0 p54 p55 p56 p57 p58

REO 0 0 0 0 0 p66 0 p68

PO 0 0 0 0 0 0 0 1 0

D 0 0 0 0 0 0 0 0 1



, (8)

where pij are transition probabilities across states from one month to the other. For instance, the first row

(C) implies that any current account this month may next month either become thirty days delinquent

(30), pay the outstanding balance in full (PO), or stay current; zeros imply that it is impossible for a

current account to move to one of these states within 30 days, and ones denote liquidated accounts.

Since the outcome of an initial status generally have more than two results, all pij in equation 8 are

calculated extending the binary logistic model (equation 7) to polychotomous logistic regression8 as

follows:

pij =
exp(αij + β′

ij · xij)

1 +
∑

j 6=i exp(αij + β′
ij · xij)

where i 6= j, (9)

pii =
1

1 +
∑

j 6=i exp(αij + β′
ij · xij)

. (10)

Parameters αij and βij are estimated using binary logits (equation 7). A key advantage of the binary

8See Smith et al. (1996) for an application of the polychotomous (or multinomial logistic) regression to credit risk on
home mortgage portfolios.
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logits (individualized regressions) is that they allow different variables to influence different transitions.

This leads to more accurate predictions as it is unlikely that the same set of variables provide the best

specification for every transition within a row of the matrix. Begg and Gray (1984) provide a justifica-

tion for this approach of calculating polychotomous logistic regression parameters using individualized

regressions.

For the estimation of the logistic regression parameters, data from LoanPerformance of mortgages

originated between 1 January 2000 to 31 May 2005 are employed (1.9% of the loans were excluded

since they were originated but did not have servicing records over the observation period). Table 2

summarizes this historical loan population by asset class.

Table 2: Non-agency mortgages originated between 1 January
2000 to 31 May 2005 in the USA (prior to the loan production
peak that occurred on 1 June 2005)

Asset class # Loans % Original Balance %
(Million of USD)

Prime 1,646,197 16.0 732,071.43 33.7
Alt-A 2,129,616 20.7 529,625.33 24.4
Subprime 6,528,429 63.3 909,851.49 41.9
TOTAL 10,304,242 100.0 2,171,548.25 100.0

Source: LoanPerformance.

The explanatory variables defined for the parameter estimation are mostly borrower and loan charac-

teristics, although unemployment was also included along with house price indices to calculate current

loan to value ratios (a detailed definition of all the explanatory variables is provided in Appendix A). All

these variables are as follows:

AGE - Number of months between the first payment date and the current date (as of date). It captures

the seasonality of loans, and equals 0 at origination (note according to the PSA SDA benchmark, risk is

higher for loans with ages ranging from 30 to 60 months).

BALANCE - Original principal balance (closing balance).
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MTMCLTV - Mark to Market CLTV. It is the current CLTV based upon the house price apprecia-

tion. The Case-Shiller House Price Index published by Moody’s Economy.com on a quarterly basis is

employed. The industry formula is expressed as follows (Zimmerman and Neelakantan 2001):

MTMCLTVt = CLTV0

(
bt

b0

)(
HPI0

HPIt

)
, (11)

where CLTV0 is the Combined Loan-to-Value at origination, bt is the current balance at the beginning

of month t, b0 is the original balance, HPIt is the current house price index, and HPI0 is the original

house price index. Qi and Yang (2009) suggest that the current loan-to-value ratio is the most important

determinant of default.

OWNER OCCUPY - Categorical variable where 1 indicates that the owner occupies the property,

and 0 indicates non-owner occupied homes (i.e. purchases often in the anticipation of making a profit by

reselling the properties after prices rise). Speculation is deemed riskier than owner occupancy.

FULLDOC - Categorical variable where 1 indicates that the borrower provided all the documentation

required by the underwriting process, especially proof of monthly income, source of the funds for the

down payment and closing cost, and other reports to determine his or her creditworthiness. A value of 0

means insufficient documentation and, in turn, higher risk (e.g. ‘Alt-A’ loans).

PURPOSE - Categorical variable where 1 indicates purchase and 0 indicates refinance. Purchase

involves less risk than refinance. Daglish (2009) analyzes the relationship between refinance and default

through a real options approach including periods when interest rates rises and the housing market

declines in value.

FICO - Credit score based on the Fair Isaac and Company model which spans from 300 to 850 (a

numerical grade of the credit history of the borrower). The lower the grade the greater the risk. The

credit scores resulting from this model are broadly used in the USA. FICO scores above 680 correspond
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to ‘Prime’ borrowers. Borrowers with FICOs from 680 to 620 are considered A- borrowers (‘Alt-A’ for

loans with unverifiable income). FICO scores below 620 place borrowers squarely in the ‘Subprime’

category (McElravey 2005).

UNRATE - Unemployment rate by state in the USA (from the US Bureau of Labor Statistics). The

higher unemployment rate the higher risk.

AGE, BALANCE, MTMCLTV, and FICO were grouped into data classes (binning process) to capture

the outcome of specific ranges and reduce the effect of minor observation errors (e.g. outliers).

A total of 66 PROC LOGISTIC procedures9 (off-diagonal pij elements in equation 8 for every asset

class) were run iteratively until attaining the maximum likelihood estimates with p-values less than 0.05

(the probabilities p38, p48, and p58 were ignored for ‘Prime’ loans since for the historical period consid-

ered here, the number of transition to default from states prior to REO is insignificant). Appendix B and

C tabulate the final output for all the transitions for ‘Alt-A’ and ‘Subprime’ assets that are statistically

significant at the 95% level (the output for ‘Prime’ assets are omitted for brevity as the resultant CRD’s

are not too different from the benchmark 100 SDA). A positive coefficient means that, ceteris paribus,

the average value of the ratio of the transition probabilities increases as the value of the corresponding

explanatory variable increases. It is clear that, consistent with Qi and Yang (2009), delinquency status

and loan size relative to market value of the collateral (MTMCLTV) are the prime driver for default.

Other important determinants are FICO score, the amount of documentation (FULLDOC, particularly

for ‘Alt-A’ loans), whether the property is occupied by the owner (OWNER OCCUPY), and whether the

loan is for purchase or refinance (PURCHASE).

The Kolmogorov-Smirnov (K-S) statistic is employed to quantify the error (or ‘goodness of fit’) and

for measuring predictive power (Anderson 2007, Thomas et al. 2002, D’Agostino and Massaro 1992).

The K-S statistic calculates how far apart the distribution functions of the scores (transition rates) of

9PROC LOGISTIC is a SAS procedure that estimates binary logit models. See SAS (1999), SAS (1995) and Stokes et al.
(2000) for explanations in detail. A recent application of PROC LOGISTIC for historical delinquency trends can be found in
Demyanyk and Van Hemert (2010).
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Figure 6: Estimation and Implementation the LTMA

the ’goods’ (desired outcome) and ’bads’ (undesired outcome) are. Most of the key transition models in

Appendix B and C show K-S statistics ranging from 20% to 40%. A general rule for predictive models is

that a K-S in the 20%s is good, in the 30%s is very good, and 40% or above is excellent. As a reference,

using a transition mean rate from the past as a predictor would have a K-S of approximately zero per

cent. Thus, a model with K-S of 5% is still superior to a simple mean (Mays 2004).

Once the regression parameters for all the transitions and asset classes are determined, the intercepts
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and coefficients in the 66 forecasting models were employed to predict CDRs simulating all the possible

paths every loan from the population in Table 1 takes forward (monthly) for the projected 5-year time

window. The process is undertaken as if today was 1 June 2005, without making any assumptions on

either actual data for later periods or projected economic variables. This has two implication:

1. The beginning balance for month t (see BBt in equation 1) was obtained from amortizing the

loans over the projected time window. Using industry standard formulas, the following equation

is applied to determine the beginning balance for any month t for an individual loan la, of asset

type a ∈ {Prime, Alt − A, Subprime}, (Fabozzi 1997, Fabozzi 2010):

b
(la)
t = b

(la)
0

(1 + r
(t)
la

)nla − (1 + r
(t)
la

)t

(1 + r
(t)
la

)nla − 1

 , (12)

where b
(la)
0 is the original balance, r(t)

la
the monthly interest rate (LoanPerformance provide the rate

agreed at origination for each loan) and nla is the original term of the loan in months. The begin-

ning monthly balance for every loan is provided by LoanPerformance, and this data is employed

in the analysis.

2. The MTMCLTV variable was not affected by the changes in house prices for projections from 1

June 2005 forward since no projected HPI data are assumed. The same is assumed for unemploy-

ment rates. By doing so, the effect of the underwriting practices (borrower and loan characteristics)

is isolated.

The computational framework produces forecast probabilities for every single mortgage (within an

asset class) issued on the 1 June 2005 at any month t based on the following finite Markov process for

loan la (Kemeny and Snell 1983):

π
(la)
t = π

(la)
t−1 · P(a)

t−1(la), (13)

where π
(la)
t is the (1 × 8) state vector at month t for transient (first six elements) and absorbing (last
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two elements) states. It is noted that the initial state vector is π
(la)
0 =[1,0,0,0,0,0,0,0] for all loans since

on the 1 June 2005 all loans have ‘current’ status. P(a)
t−1(la) is the transition matrix with the form shown

in equation 8 for loan la, that is the transition probabilities of moving from state i to state j between

months t − 1 and t. The time dependence of the transition matrix arises purely from the change in the

age of the mortgage, which is of course, deterministic. The framework now allows for the determination

of the default rates for the various asset classes of loans that originated on the 1 June 2005 (as well as

all the loans together). The calculations and the connection to equation 9 and equation 10 is as follows.

The proportion of the balance at the beginning of month t for loan la which is not in default or paid off

is given by

bb
(la)
t = b

(la)
t ·

6∑
i=1

π
(la)
t (i), (14)

whilst the proportion in default

dlb
(la)
t = b

(la)
t · π(la)

t (8) (15)

(it is noted that π
(la)
t (7), proportion of the loan paid off, provides information on prepayment rates

which is not considered in this paper). The total balance not in default is obtained by summing over the

individual loans

BB
(a)
t =

∑
la

bb
(la)
t , (16)

whilst the total balance in default is similarly determined
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DLB
(a)
t =

∑
la

dlb
(la)
t . (17)

The conditional default rate (CDR
(a)
t ) for the asset class is then obtained via equation 1. The CDRt for

the set containing all the loans originating on the 1 June 2005 is obtained in an analogous manner. For

convenience, Figure 6 presents an illustrative flow diagram of both the estimation and forecast process.

Figure 7: Projected CDRs using the LTMA for loans originated on 1 June 2005. Also depicted are the actual
CDRs and 100 and 350 SDA. The LTMA maximum prediction is also indicated.

Source: LoanPerformance (primary data for actual CDRs).

The numerical results are now presented. Figure 7 shows the CDR projection for the benchmark pool
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of mortgages from June 2005 to June 2010 obtained using the LTMA. The interpretation of these projec-

tions is as follows. The LTMA model has been calibrated using mortgage level data from January 2000

to May 2005. The mortgages issued on 1 June 2005, at the peak in US mortgage production and before

the subprime crisis are the benchmark pool of mortgages to project forward CDRs, using the LTMA

model, over the next five years assuming only data available on the 1 June 2005. Actual rates as well

as projected CDRs using 100 SDA and 350 SDA are also plotted for comparison purposes. The LTMA

clearly predicts the sharp increase in defaults from January 2007 (month 18) forward, particularly for

‘Alt-A’ and ‘Subprime’ assets. The maximum forecast CDRs for ’Alt-A’ and Subprime’ loans reached

1900 SDA and 1400 SDA respectively, and for all loans 1100 SDA which is greater than three times the

stressed 350 SDA. A forecast CDR of 1100 SDA would have been a significant prediction viewed from

the standpoint of June 2005. This is the key result of the paper and is the basis for the conclusion that

the subprime crisis was predictable.

In figure 7, the ‘Alt-A’ projection is closer to the actual rates than the prediction for ‘Subprime’ loans.

This is due to the strong effect of the borrower and loan characteristics (mainly lack of documentation

and non-occupancy) on the former, relative to a greater weight of exogenous variables (e.g. interest rate

resets, house depreciation, and decreasing income) affecting the lower-income borrowers of the latter10

during the economic recession of 2007. Some authors (Hayre et al. 2008) suggest adding a weighting

factor to subprime models to capture the abnormally high default rates of subprime loans from early 2007

to Summer 2009. They argue that (1) the weakening economy deteriorated the situation for struggling

borrowers, (2) servicers decided to cut their losses when home prices fell and provided incentives to

delinquent borrower undertake short sales (that is, sell the home for less than the mortgage balance),

and (3) declining home prices had a psychological impact on struggling homeowners who decided that

it was not worthwhile to try to hold on to the property. It is not, however, the aim in the LTMA model to

adjust its predictions (i.e. by adding external weights); the aim is to predict with available information as

of 1 June 2005. Although the LTMA understimates the actuals CDRs, particularly for ’Subprime’ loans,

10See Mayer et al. (2009) for an analysis of the macroeconomic factors of the mortgage credit crisis in the USA.
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both the pattern and the upward trend of actual CDRs is clearly captured. As for ‘Prime’ loans, the 100

SDA and LTMA give similar projections since these experienced low incidences of default during the

5-year time window (less than 2.9%).

The LTMA also predicts delinquency rates for all the transitions in the matrix of equation 8. It is

particularly important for researchers and practitioners to identify potential defaults from loans transi-

tioning to delinquency states, especially borrowers missing one payment after making all the previous

payments on time. Figure 8 shows the projected and actual monthly transition rates from current to 30

days delinquent for ‘Alt-A’ and ‘Subprime’ loans in table 1 from June 2005 to June 2010.

Figure 8: Monthly transition rates from current to 30 days delinquent for loans originated on June 1, 2005
(predicted vs actual rates)

Source: LoanPerformance (primary data for actual rates).

As shown, the LTMA model predicts the current to 30 day delinquent transition rates well across time

for both ‘Alt-A’ and ‘Subprime’ loans. The spikes from month 3 to month 5 in the actual rates indicate

the presence of very poor or even fraudulent underwriting practices11. Current to 30 delinquency rates

for traditional loans are generally lower than 1.7% (Brown and Wadden 2001). The dynamic between

seriously delinquent states and default is left for future research.

11Known as EPDs (Early Payment Delinquency); a significant problem of the non-prime market has been loans that go to
delinquency after making just one or two payments (Hayre and Saraf 2008).
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4. Conclusions

The subprime crisis highlighted significant failures in financial modeling. Standard mortgage risk mod-

eling failed to predict the high default rates that occurred from late 2006 in the USA and triggered the

subprime crisis. These models, mainly based on the seasonal nature of default, overlooked the empiri-

cal evidence for underlying borrower and loan characteristics, especially for non-traditional loans with

high-risk features (i.e. ‘Alt-A’ and ‘Subprime’). Default projections would have been closer to actual

rates if underlying borrower and loan characteristics such as age, balance, loan-to-value, occupancy,

documentation, loan purpose, and credit score had been taken into consideration. The LTMA model

developed in this paper and applied to a benchmark set of non-agency mortgages that originated at the

height of the underwriting excess on 1 June 2005 (and prior to the subprime crisis) is shown to provide

a much better predictor of default rates using data only available on 1 June 2005. In fact, the LTMA

prediction for CDRs attained maximums of 1900 SDA and 1400 SDA for ’Alt-A’ and ’Subprime’ loans

respectively. This is a significant prediction from the standpoint of June 2005.

It is demonstrated, therefore, that modeling mortgage defaults under extreme economic conditions

requires sophisticated techniques based on loan level data, with the LTMA model providing a promising

approach. This is the key conclusion of this paper; irrespective of the effect of other economic variables

(e.g. interest rate resets, house depreciation, decreasing income), both the pattern and upward trend of

actual default rates from late 2006 to May 2010 could have been detected on 1 June 2005. The answer,

therefore, to the question posed in the title of this paper is yes, the subprime crisis could have been

predicted.
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Appendix A. Definition of Explanatory Variables

Definition

Variable Prime Alt-A Subprime

AGE Current Date - First Paymt Date (mths) Current Date - First Paymt Date (mths) Current Date - First Paymt Date (mths)

AGE1 0 < AGE <= 12 0 < AGE <= 12 0 < AGE <= 12

AGE2 12 < AGE <= 24 12 < AGE <= 24 12 < AGE <= 24

AGE3 24 < AGE <= 36 24 < AGE <= 36 24 < AGE <= 36

AGE4 36 < AGE <= 48 36 < AGE <= 48 36 < AGE <= 48

AGE5 48 < AGE <= 60 48 < AGE <= 60 48 < AGE <= 60

AGE6 60 < AGE 60 < AGE 60 < AGE

BAL1 CLOSE BAL <= 400000 CLOSE BAL <= 50000 CLOSE BAL <= 50000

BAL2 400000 < CLOSE BAL <= 500000 50000 < CLOSE BAL <= 100000 50000 < CLOSE BAL <= 100000

BAL3 500000 < CLOSE BAL <= 600000 100000 < CLOSE BAL <= 150000 100000 < CLOSE BAL <= 150000

BAL4 600000 < CLOSE BAL <= 700000 150000 < CLOSE BAL <= 200000 150000 < CLOSE BAL <= 200000

BAL5 700000 < CLOSE BAL <= 800000 200000 < CLOSE BAL <= 250000 200000 < CLOSE BAL <= 250000

BAL6 800000 < CLOSE BAL <= 900000 250000 < CLOSE BAL <= 300000 250000 < CLOSE BAL <= 300000

BAL7 900000 < CLOSE BAL <= 1000000 300000 < CLOSE BAL <= 350000 300000 < CLOSE BAL <= 350000

BAL8 1000000 < CLOSE BAL 350000 < CLOSE BAL <= 500000 350000 < CLOSE BAL

BAL9 Not Defined 500000 < CLOSE BAL Not Defined

CLOSE BAL Principal Balance at Origination Principal Balance at Origination Principal Balance at Origination

FICO1 FICO <= 580 FICO <= 540 FICO <= 480

FICO2 580 < FICO <= 620 540 < FICO <= 580 480 < FICO <= 540

FICO3 620 < FICO <= 660 580 < FICO <= 620 540 < FICO <= 600

FICO4 660 < FICO <= 700 620 < FICO <= 660 600 < FICO <= 640

FICO5 700 < FICO <= 740 660 < FICO <= 700 640 < FICO <= 680

FICO6 740 < FICO 700 < FICO <= 720 680 < FICO

FICO7 Not Defined 720 < FICO Not Defined

FULLDOC Full Borrower Documentation Full Borrower Documentation Full Borrower Documentation

MTMCLTV Mark to Market CLTV Mark to Market CLTV Mark to Market CLTV

MTMCLTV 1 MTMCLTV <= .65 MTMCLTV <= .65 MTMCLTV <= .65

MTMCLTV 2 .65 < MTMCLTV <= .95 .65 < MTMCLTV <= .95 .65 < MTMCLTV <= .95

MTMCLTV 3 .95 < MTMCLTV <= 1.05 .95 < MTMCLTV <= 1.05 .95 < MTMCLTV <= 1.15

MTMCLTV 4 1.05 < MTMCLTV <= 1.25 1.05 < MTMCLTV <= 1.25 1.15 < MTMCLTV <= 1.45

MTMCLTV 5 1.25 < MTMCLTV <= 1.45 1.25 < MTMCLTV <= 1.45 1.45 < MTMCLTV

MTMCLTV 6 1.45 < MTMCLTV 1.45 < MTMCLTV Not Defined

OWNER OCCUPY Owner Occupancy Owner Occupancy Owner Occupancy

PURCHASE Loan Purpose (Not Refinance) Loan Purpose (Not Refinance) Loan Purpose (Not Refinance)

UNRATE Not included Unemployment Rate by State Unemployment Rate by State
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