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Abstract of the Dissertation 

 
The first chapter fills a gap in the literature by examining the variation through 

time in the credit spread on high-yield bonds.  I use methods common in the equity 

market literature to identify the portion of the credit spread attributable to the expected 

excess return on high-yield bonds and label it the "credit risk premium."  I demonstrate 

that the credit risk premium predicts excess returns on high-yield bonds and its variation 

can be explained by classical measures of economic risk.  

The second chapter asks "what do we really know about the rise in U.S. 

residential mortgage defaults?"  My answer: not as much as we may think.  I use loan 

category data from the Federal Housing Finance Administration (FHFA) to test and reject 

the hypothesis that the rise in default volumes and subsequent failure of Fannie Mae and 

Freddie Mac was caused by an increase in the share of "subprime" mortgages.   I also 

demonstrate that the product-specific features of Alt-A and interest-only mortgages are 

unlikely to be an exogenous source of variation in default performance because these 

mortgages were concentrated in "hot" housing markets that experienced the largest price 

increases and subsequent declines.   

In the third chapter, I develop a theory of an endogenous convenience yield to 

homeownership.  An owner-occupier derives a flow of services unavailable to the renter 

of an otherwise identical residence.  Among these are the ability to enter into a long-run 

housing contract, the ability to customize the residence to the precise tastes of the owner-

occupier, the non-pecuniary benefits associated with homeownership (child development, 

stability, social status, etc.), and the ability to pledge the house as collateral for external 

finance to smooth lifetime non-housing consumption.  The logic of an endogenous 
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convenience yield is that house price variation unrelated to changes in equivalent rental 

value can be explained by changes in the value of these services. 
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Overview 

  
 On March 28, 2007, Federal Reserve Chairman Ben Bernanke testified before the 

Joint Economic Committee of Congress that “the impact on the broader economy and 

financial markets of the problems in the subprime markets seems likely to be contained.”  

Within 18 months of his testimony, elevated default rates on an obscure class of loans 

that accounted for a small share of residential mortgages outstanding metastasized into 

what is now referred to as the “Global Financial Crisis” and “Great Recession.”  The 

decline in gross domestic product from the end of 2007 to the middle of 2009 was larger 

than at any time on record since the Great Depression and U.S. household net worth 

declined by more than $16 trillion over this period.  The dislocation threatened the 

solvency of many of the largest financial institutions in the world and led to 

unprecedented government interventions and rescue programs.    

The research questions generated by these extraordinary events are too numerous 

to count and the list seems to expand daily.  Like those of many doctoral students of this 

period, my research interests were shaped, in large part, by these events and the initial 

treatment that different facets of the crisis received in the finance literature.  This 

dissertation addresses several of these issues over the course of three distinct, but related 

chapters.  In each, I aim to develop testable hypotheses to challenge prevailing narratives 

of the crisis and contribute meaningfully to the existing literature. 

The first chapter fills a gap in the literature by examining the variation through 

time in the credit spread on high-yield bonds.  During the crisis, the credit spreads on 

high-yield bonds and other fixed income investments reached levels that many observers 

viewed to be “excessive.”  Much of the existing credit risk literature relies on risk-neutral 
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assumptions that abstract from the premium risk-averse investors demand for bearing 

credit risk.  This can lead to the mistaken impression that a widening of credit spreads 

caused by an increase in required excess returns is evidence of mispricing or financial 

frictions.  I argue that the “fundamental value” of an asset properly includes the time-

varying expected excess return a risk-averse investor demands to hold that asset.   I use 

methods common in the equity market literature to identify the portion of the credit 

spread attributable to the expected excess return on high-yield bonds and label it the 

“credit risk premium.”  I demonstrate that the credit risk premium predicts excess returns 

on high-yield bonds and its variation can be explained by classical measures of economic 

risk.  Financial frictions may be of great significance to asset prices, but only to the extent 

that they work through traditional channels.  Illiquidity in funding markets that threatens 

to bring down the financial system, for example, generates significant macroeconomic 

risk that increases the marginal utility of wealth and consumption.  Similarly, frictions 

that prevent speculative grade corporate borrowers from refinancing debt generate 

fundamental risk by increasing the conditional volatility of future cash flows.  In both 

cases, the increase in the expected excess returns on high-yield bonds is the rational 

compensation an investor earns for bearing these risks.  

The title of the second chapter asks “what do we really know about the rise in 

U.S. residential mortgage defaults?”  My answer: not as much as we may think.  I use 

loan category data from the Federal Housing Finance Administration (FHFA) to test and 

reject the hypothesis that the rise in default volumes and subsequent failure of Fannie 

Mae and Freddie Mac was caused by an increase in the share of “subprime” mortgages.  

The performance of mortgages originated in 2006 and 2007 is puzzling because the 
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deterioration in underwriting standards (as measured by loan-to-value and borrower’s 

credit rating) explains a small portion of the rise in default volumes.  Certainly the 

dramatic fall in house prices played a large role, but the origination year parameters 

remain statistically and economically significant when including a term to capture the 

average change in national house prices.  A potential driver of these results is the 

proliferation of “affordability products” in 2006-2007 with less documentation and 

nontraditional amortization schedules (Alt-A and interest-only loans).  Yet, I demonstrate 

that these product-specific features are unlikely to be an exogenous source of variation in 

mortgage performance because these mortgages were concentrated in “hot” housing 

markets that experienced the largest price increases and subsequent declines.  This 

suggests that the house price dynamics that gave rise to the geographic dispersion in 

origination volumes is the ultimate source of elevated default rates on these loans.    

The third chapter attempts to solve the puzzle presented in the second.  I develop 

a theory of an endogenous convenience yield to homeownership.  An owner-occupier 

derives a flow of services unavailable to the renter of an otherwise identical residence.  

Among these are the ability to enter into a long-run housing contract, the ability to 

customize the residence to the precise tastes of the owner-occupier, the non-pecuniary 

benefits associated with homeownership (child development, stability, social status, etc.), 

and the ability to pledge the house as collateral for external finance to smooth lifetime 

non-housing consumption.  The logic of an endogenous convenience yield is that house 

price variation unrelated to changes in equivalent rental value can be explained by 

changes in the value of these services.  I demonstrate that cross-sectional variation in the 

long-run convenience yield is negatively related to “population churn” rates across 
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housing markets, as house prices tend to exceed equivalent rents in markets where a 

larger share of the population seeks long-run housing contracts.  Secondly, I demonstrate 

that the time series variation in the national net convenience yield is positively related to 

home equity withdrawal and the cash-out refinancing share of mortgage origination 

volume.  These results support the hypothesis that the ability to pledge the home as 

collateral for external finance is a key source of benefits for homeowners relative to 

similarly-situated renters.  The problem, as described below, was that once house prices 

stopped rising, a sharp fall in prices was inevitable because the decision to buy was, in 

many cases, predicated on the ability to fund non-housing consumption through home 

equity withdrawal.  This placed additional upward pressure on defaults, as owners 

recognized they had “overpaid” since the same flow of services could be obtained at a 

lower price in the rental market.  The lagged net convenience yield can explain more than 

82 percent of the variation in the vintage year parameters estimated in Chapter 2.  
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Chapter 1 

 

The Credit Risk Premium and Return Predictability in High 
Yield Bonds 

 

Abstract 

I demonstrate that much of the time series variation in the credit spread on high yield 

bonds is attributable to changes in the “credit risk premium” rather than changes in 

expected default losses.  The credit risk premium is the expected excess return investors 

earn from bearing default risk after controlling for expected losses, liquidity, and other 

factors.  I find that the credit risk premium on high yield bonds averages about 2.4 

percent per year, accounts for 43 percent of high yield credit spreads, on average, and 

predicts excess returns on high yield bonds.  I also find that the excess returns on lower 

rated credits (B and CCC, relative to BB) are more sensitive to variation in the credit risk 

premium.  The credit risk premium increases with the conditional volatility of default 

losses and decreases with aggregate consumption growth.  The evidence suggests that 

conventional measures of economic risk are able to explain the sizeable increase in credit 

spreads in the fall of 2008.      
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1.1 Introduction 
 

The credit spread is the difference between the yield on a credit risky instrument 

and the risk-free rate after accounting for taxes, liquidity, and other factors.  Credit 

spreads consist of two components: (1) expected default losses; and (2) an additional 

premium to induce risk-averse investors to hold defaultable assets.  This second part of 

the credit spread, the “credit risk premium,” is often an afterthought, likely due to the 

prevalence of risk-neutral assumptions in the credit risk literature.  The widely-used 

“reduced form” models of Jarrow and Turnbull (1995) and Duffie and Singleton (1999), 

for example, use credit spreads to construct a risk-neutral term structure of conditional 

default probabilities.  Most models used to price credit default swaps also rely on 

assumptions of risk-neutrality that abstract from the premium investors demand to bear 

credit risk (see Houweling and Vorst, 2005, for a review).   

By ignoring the credit risk premium, this literature invites the mistaken 

impression that variation in credit spreads can (or should) be explained entirely by shifts 

in expected default intensities.  Indeed, the presumption of risk neutrality is so 

widespread that many authors refer to the gap between credit spreads and expected losses 

as the “credit spread puzzle.”  This puzzle has generally been studied in cross-sectional 

tests that measure the variation in spreads across credits relative to variables that predict 

default likelihood.  I fill a gap in the literature by focusing instead on the behavior 

through time of credit spreads and the credit risk premium. 

I use methods common in the equity pricing literature to demonstrate that much of 

the time series variation in credit spreads is attributable to changes in expected returns 

(the credit risk premium) rather than changes in expected default losses.  Campbell 
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(1991) decomposes the time series variation in the dividend yield on the stock market 

into two components: “news about future returns” and “news about future dividends.”  I 

apply the same intuition to the high yield bond market.  I specify a data generating 

process for expected default losses (“news about future cash flows”) and then extract the 

unobserved “credit risk premium” from credit spreads using the Kalman filter.  The 

“credit risk premium” is the portion of bond yields that remains after controlling for 

expected future default losses, liquidity effects, interest rate risk, and other factors.  I find 

that the credit risk premium on high yield bonds averages about 2.4 percent per year, 

accounts for 43 percent of high yield credit spreads, on average, and predicts excess 

returns on high yield bonds.  I also find that the excess returns on lower rated credits (B 

and CCC, relative to BB) are more sensitive to variation in the credit risk premium. 

Evidence of predictability in the time series of high yield bond returns is not 

evidence of a free lunch.  I show that the credit risk premium arises endogenously from 

the interplay between default and consumption risk.  Defaults tend to happen in bad 

times, when the marginal utility of consumption is high.  The credit risk premium 

extracted from spreads is positively related to the conditional volatility of default losses 

and negatively related to aggregate consumption growth.  This suggests that the credit 

risk premium varies predictably through time in response to traditional sources of risk.  

Higher returns on investments made when the credit risk premium is high are rational 

compensation for bearing fundamental and macroeconomic risk. 

This finding is of particular significance because of the recent focus on 

institutional frictions and their role in explaining variation in expected returns.  During 

the Global Financial Crisis of 2008-2009, the credit spreads on many categories of fixed 
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income assets, including high yield bonds, increased dramatically.  This increase was 

hypothesized by some to be caused by frictions that that prevented rational arbitrageurs 

from bidding asset prices back to “fundamental value.”  When leveraged intermediaries 

cannot roll-over their financing, they have no choice but to sell assets (Brunnermeier and 

Pedersen, 2009).  When a systemic shock to funding liquidity causes many such 

intermediaries to sell assets at the same time, “fire sale externalities” result where the 

market becomes flooded with the same assets, reducing market liquidity, and depressing 

their price far below fundamental value (Brunnermeier, 2009).  This price shock, in turn, 

creates more forced selling as other financial intermediaries’ mark-to-market losses on 

these assets triggers margin calls or reduces capital levels below prudential minimums 

(Adrian and Shin 2009, 2010, Greenlaw, Hatzius, Kashyap, and Shin, 2008, and Gorton 

and Metrick, 2009).  The cumulative result of the shock to funding liquidity is to “shrink” 

financial intermediaries’ balance sheets and leave asset prices lower (expected returns 

higher) than they would be in the absence of such frictions.   

The United States Treasury Department embraced this theory.  According to 

Treasury (2009), “deleveraging” caused asset prices to enter a “vicious cycle in which 

declining asset prices have triggered further deleveraging and reductions in market 

liquidity, which in turn have led to further price declines.”  More to the point, Treasury 

argued that these price declines could not be explained by “fundamentals” but rather 

reflected “substantial liquidity discounts” brought about by the fire sales.  The persistence 

of these discounts to fundamental value was due to the “difficulty of obtaining private 

financing on reasonable terms to purchase these assets has limited the ability of investors 

to reduce these discounts.”  To remedy the situation, the Treasury and Federal Reserve 
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launched programs to lend money to intermediaries to bid up the price of fixed income 

assets.1      

As a variant of the broader “Limits to Arbitrage” literature, these “institutional 

finance” theories seek to identify market frictions that cause asset prices to deviate from 

fundamental value (Brunnermeier, 2011).  The problem is that the “fundamental value” 

of an asset depends critically on the discount rate applied to its uncertain future cash 

flows.  If the discount rate excludes the credit risk premium, the market price of a credit 

risky asset falls below its “fundamental value” whenever its spread exceeds expected 

default losses.  If, alternatively, the appropriate discount rate includes the time-varying 

premium investors require to bear credit risk, “fundamental values” can drop well below 

levels implied by risk-neutral pricing.  I believe that if the credit risk premium is 

accounted for properly, there is simply not much variation in credit spreads left for 

institutional frictions to explain.  This does not preclude the possibility that funding 

liquidity risk or other institutional frictions can generate fundamental or macroeconomic 

risk that increases the credit risk premium, as I discuss below.   

My findings are similar to Chen (2011) and Chen et al. (2009), who use the 

pricing kernel of consumption-based asset pricing theory to explain the cross-sectional 

variation in credit spreads.  Gilchrist and Zakrajšek (2011) derive a measure of the 

aggregate credit risk premium (called the “excess bond premium”) and draw explicit 

macroeconomic linkages between increases in the premium and declines in consumption, 

investment, and output.  Gourio (2011) builds a real business cycle (RBC) model where 

the credit risk premium is partially explained by an exogenously time-varying risk of an 

                                                 
1 Specifically, the Treasury Department created the Public Private Investment Program (PPIP) and then 
Federal Reserve launched the Term Asset-Backed Securities Loan Facility (TALF).  Both programs 
provided non-recourse funding to investors to acquire asset-backed securities. 
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economic disaster.  The common thread in this research is that required returns for 

bearing credit risk are scaled by the marginal utility of wealth or consumption, not 

expected default losses. 

As Cochrane (2011) explains, there was a time not long ago when virtually all 

variation in stock prices was attributed to variation in future cash flows.  Evidence 

(Shiller, 1981; Campbell and Shiller, 1988) that ex post cash flows were not sufficiently 

volatile to justify observed stock price movements spurred development of the time series 

stock return predictability literature.  I believe increased attention to the variation in the 

credit risk premium will yield similar advancement in theory and econometric methods to 

explain and describe time series return predictability in the credit markets.  The credit 

risk premium may also have use as a state variable to describe the risk bearing capacity of 

the economy at given points in time.          

 

1.2 Previous Research 
 

Most previous studies of credit spreads have been concerned with the cross-

sectional relationship between credit spreads and default losses.  This research is divided 

into two main categories: (1) the aforementioned “reduced form” models of Jarrow and 

Turnbull (1995) and Duffie and Singleton (1999); and (2) the “structural” approach of 

Merton (1974), which also includes contributions made by Black and Cox (1976), Geske 

(1977), Leland (1994), Longstaff and Schwartz (1995), and Leland and Toff (1996).  

Structural models generally estimate a “distance to default,” which is calculated as the 

number of standard deviations the market value of the firm’s assets would need to fall to 

exceed an exogenous default barrier.  This barrier is often modeled as the present value of 
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the face value of the firm’s outstanding debt obligations, which is based on the economic 

intuition that default occurs when a firm’s liabilities exceeds its assets.   

According to data from 1866 to 2008 compiled by Giesecke et al. (2011), credit 

losses account for less than half of the average credit spread.  This means that the risk-

neutral default loss estimates derived from reduced form models tend to overstate actual 

loss rates.  At the same time, as shown by Huang and Huang (2003) and Chen et al. 

(2009), the credit spreads estimated from structural models tend to be much lower than 

those observed in practice.2  Together, these findings have been referred to as the “credit 

spread puzzle”: models that rely on credit spreads to predict cash flows tend to overstate 

default losses while models that use macroeconomic and firm-level characteristics to 

predict default losses tend to understate spreads.  The implication is that the cross-

sectional variation in credit spreads is greater than can be explained by expected cash 

flow variation.  This unexplained variation has been related in the cross-section to equity 

risk premia (Elton et al., 2001), company-level fundamentals and common 

macroeconomic factors (Avramov et al., 2007), microstructure phenomenon and a strong 

latent factor (Collin-Dufrense et al., 2001), and some combination of liquidity, tax 

effects, and time-varying discount rates (Houwelling et al., 2005, Driessen, 2005, and 

Chen, et al., 2009). 

This paper fills a gap in the literature by measuring the time series variation in 

aggregate credit spreads in relation to predictable changes in aggregate default rates and 

return expectations.  As shown in Campbell and Shiller (1988), the dividend yield on the 

stock market must predict returns, dividend growth, or both.  The same framework can be 

                                                 
2 Alternatively, the default rate projected by the models when parameterized using market data exceed 
actual default rates by wide margins. 
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extended to high yield bonds.  The yield-to-maturity on a debt obligation is the internal 

rate of return at which all promised future cash flows are discounted.  The yield must 

therefore predict cash flows (generally, default losses in the case of high yield bonds), 

expected returns, or both.  The basic intuition is that the observed time series variation in 

credit spreads can be explained in one of two ways.  If future cash flows are expected to 

be high (default losses are expected to be low), then prices will be high relative to current 

cash flows, which causes credit spreads to be low.  Alternatively, if expected returns (risk 

premia) are high, then current prices have to decline relative to cash flows to generate the 

anticipated increase in returns.  This causes credit spreads to be high. 

I draw on a rich literature that uses this present value relationship to test return 

predictability on the aggregate stock market, including Cochrane (1991), Campbell 

(1991), Stambaugh (1999), Valkanov (2003), Lewellen (2004), Campbell and Yogo 

(2006), and Binsbergen and Koijen (2010).  Originally believed to be a contradiction of 

the efficient market hypothesis (Shiller, 1989), the observed time series variation of 

expected returns is now thought to have macroeconomic origins based on, for example, 

time-varying risk aversion, as in Campbell and Cochrane (1999). 

Since Campbell and Shiller (1988), most research has found a statistically 

significant, positive relationship between the dividend yield and future equity market 

returns.  Most of these tests rely on OLS regressions or vector autoregression (VAR) 

models of returns on log dividend-price ratios over different time horizons, with 

predictive power generally found to increase with time.  These results have been 

criticized by Nelson and Kim (1993) and Stambaugh (1999) due to the persistence of the 

dividend yield ratio.  These papers find that the evidence for predictability is less 
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compelling when adjusting for persistence.  Ang and Bekaert (2007) estimate a nonlinear 

version of the present value equation through GMM and find that a univariate dividend 

yield regression is a very poor proxy for expected returns.  They also argue that dividend 

growth is a poor ratio from which to predict cash flows because of the dividend 

smoothing strategies of corporations.  Chen (2009) and Chen et al. (2010) find that 

dividend growth was predictable in the pre-1945 period before companies started 

smoothing dividends.  Cochrane (2008) explains that, by the logic of the present value 

relationship, evidence that dividend growth is not forecastable is evidence in favor of 

return predictability.      

Binsbergen and Koijen (2010) show that return predictability depends, in part, on 

assumptions regarding the reinvestment of dividends.  They find that dividend yields do a 

better job of forecasting dividend growth than returns, with R-squared values ranging 

from 8.2 percent to 8.9 percent for returns and 13.9 percent to 31.6 percent for dividend 

growth rates.  Koijen and Van Nieuwerburgh (2011) find that returns are forecastable 

since 1945 and emphasize the significant instability of financial ratios and expected 

returns, which leads to poor out-of-sample properties.   Lettau and Van Nieuwerburgh 

(2008) find that the mean of the dividend yield shifted in 1954 and 1994, which requires 

use of regime specific means.  McMillan (2009) accounts for the instability by allowing 

dividend yields to revert nonlinearly to a changing mean level.   

Campbell (1991) shows that most of the unconditional variance in the price-

dividend ratio stems from variation in discount rates.  This is generally true simply 

because of the higher persistence of the discount rate relative to expected cash flows 

(Binsbergen and Koijen, 2010).  Campbell and Vuolteenaho (2004) use the intuition of 
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Merton’s ICAPM to decompose price changes based on whether they stem from cash 

flow or discount rate news.  The logic of the present value equation allows Campbell and 

Vuolteenaho to specify a data generating process for discount rates and then “back out” 

the cash-flow news.   

 

1.3 The Model 
 

The yield-to-maturity 𝑌𝑡 on a high yield bond at month 𝑡 is equal to   

 

 𝑌𝑡 = 𝑅𝑓 + 𝐿� + 𝜆𝑡, (1)  

 

where 𝑅𝑓 equals the equivalent duration credit-risk-free interest rate, 𝐿� is the 

annualized expected loss rate, and 𝜆𝑡 is the credit risk premium.  This is the standard 

present value relationship for fixed income instruments:  the yield-to-maturity is the 

internal rate of return (IRR) of promised cash flows measured relative to the current 

market price.  This IRR must equal prevailing risk-free interest rates, expected credit 

losses, and the required return for holding the instrument.  The “credit spread” 𝑆𝑡 equals  

 

 𝑆𝑡 = 𝑌𝑡 − 𝑅𝑓 , (2)  

 

where 𝑅𝑓 is set equal to the LIBOR swap curve instead of the Treasury curve to eliminate 

the portion of the spread attributable to “nondefault” factors, like tax effects and liquidity.  

The U.S. Treasury rate is not a pure default-free interest rate because of repo [repurchase 

agreement] “specials,” which generate a convenience yield to holding government bonds 

(Duffie, 1999).  In addition, Treasuries enjoy tax advantages relative to corporate debt 

and greater liquidity, both of which introduce a nondefault-related pricing bias.    
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Longstaff et al. (2004), Houweling and Vorst (2005), and Blanco et al. (2005) 

find that when bond yields are measured relative to the swap curve, the resulting credit 

spread is approximately equal to the spreads on credit default swaps (CDS) for similar 

maturities.  Specifically, Longstaff, et al. find that the CDS spread explains 84 percent of 

the BB bond spread over Treasury rates but 97 percent of this spread relative to the swap 

curve.  Since CDS are infinitely reproducible contracts that only payoff in the event of 

default, the present value of the “spreads” (premiums) paid by the protection buyer 

should equal the present value of expected default losses under the risk-neutral 

probability measure (Duffie, 1999).  I therefore assume the credit spread is equal to the 

sum of the expected loss rate and the credit risk premium (𝐿� + 𝜆𝑡) with additional tax, 

liquidity, collateral, and interest rate risk effects accounted for by the equivalent duration 

LIBOR swap rate, 𝑅𝑓, or its spread relative to the Treasury curve.   

I rely on data obtained through the Bank of America Global Index System (GIS), 

which is a proprietary database made available to broker-dealer clients and researchers.   

The high yield bond index obtained through the GIS covers all dollar-denominated 

speculative grade debt with a maturity of greater than one year.  This index is the high 

yield bond analogue to the Center for Research in Security Prices (CRSP) total value-

weighted stock market index, which is the preferred data set for time series stock 

predictability research.  Table 1.1 provides summary statistics for the index.  At the end 

of March 2011, the total par value of obligations included in the index exceeded $1.01 

trillion.  The equivalent duration swap rate data come from the Federal Reserve Bank of 

St. Louis.  
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To measure aggregate speculative grade credit losses, I use Moody’s 2011 

Corporate Default and Recovery Rate Update.  This database provides the cumulative 

twelve month default rate on all speculative grade corporate bonds between February 

1989 and January 2011.  Moody’s also provides the average recovery rate on speculative 

grade debt on an annual basis.  A summary of the Moody’s data is also included in Table 

1.1.  

If expected returns and cash flows are imperfectly correlated, the relative 

composition of the credit spread would change from period to period.  In some months, a 

widening spread could reflect higher expected losses, while in others it could reflect a 

higher credit risk premium.  To decompose the credit spread into its constituent parts for 

each month, I follow Campbell (1991) and Campbell and Vuolteenaho (2004) and 

specify a data-generating process for default losses and use it to “back out” the credit risk 

premium for each month.  I assume expected default losses are generated by  

 

 𝑑𝐿�𝑡 = 𝜃𝐿�𝑡𝑑𝑡 + 𝜎𝑑𝑋𝑡 (3)  

 
where 𝜃 is some exogenous function that ensures 𝐿�𝑡 is bounded between zero and one 

and 𝑑𝑋𝑡 is a Brownian motion.  Cumulative expected credit losses over the subsequent 

12-month period, 𝐿�𝑡+12, are equal to one minus the product of expected monthly credit 

losses, ℓ�𝑡 

 

 

 

 

𝐿�𝑡+12 = 1 −��1 − ℓ�𝑡�.
12

𝑡=1

 (4)  
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In the estimation that follows, ℓ𝑡 is equal to the proportion of high yield bonds that 

default in month 𝑡 multiplied by the average loss given default for that year, measured as 

a fraction of par value.  A month by month recovery series is not available, due largely to 

the length of time that typically elapses between default and reemergence from 

bankruptcy.   

In structural models, 𝜃 is assumed to be a “distance to default” function that 

measures the number of standard deviations the market value of the company’s assets 

would have to decline for the default barrier to be reached.  This approach is difficult to 

implement for the high yield market as a whole because it requires specification of the 

correlation of the unobserved asset price processes across corporate issuers, as 

highlighted by Jarrow and Turnbull (2000).  More significantly, as shown in Das et al. 

(2007), default correlations are much higher than suggested by the correlation of the 

observed risk factors commonly used to predict defaults.  Relying on firm-specific and 

macroeconomic covariates to estimate the loss-generating process tends to dramatically 

understate portfolio-wide losses unless a common latent factor to account for “frailty” is 

introduced as in Duffie et al. (2009).   
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Table 1.1: Summary Statistics 
 
This table provides an overview of the data used in the analysis.  All yields, returns, and price 
information come from the Bank of America Global Index System (GIS), a proprietary database 
for clients and researchers.  The default data come from Moody’s 2011 Corporate Default and 
Recovery Rate Update.  The data are monthly averages that cover the period between February 
1989 and January 2011.  The high yield index is broken down by credit rating for periods after 
January 1996. 
 
 
Credit Spread (Relative to Swap Curve)   

Mean 6.02% 
 Standard Deviation 3.18% 
 Max 19.88% 
 Min 2.46% 
 

   Average S&P Rating Composition   
BB 38.1% 

 B 44.1% 
 CCC (and lower) 17.8% 
 

   Effective Duration (years)     
Mean 4.51 

 Max 4.88 
 Min 3.88 
 

   Face Value of Obligations Included in the Index ($ millions) 
Mean 384,969 

 Max 1,014,555 
 Min 103,770 
 

   Twelve Month Default Loss Rate (Moody's)   
Mean 3.11% 

 Standard Deviation 2.35% 
 Max 8.97% 
 Min 0.43% 
  

Instead, I estimate expected aggregate default losses as an autoregressive process.  

This empirically motivated specification is based on the observation that default loss rates 



19 
 

appear to be stationary, but also extremely persistent.3  I use monthly credit losses to 

construct a “moving average” estimate of cumulative expected credit losses from month 

𝑡 + 1 to month 𝑡 + 12 based on losses observed in the period up to and including 

month 𝑡.  This means that the cumulative loss forecast for the following twelve 

months, 𝐿�𝑡+12, is conditioned on 𝐿𝑡 (uppercase letter; no hat), which represents the 

cumulative 12-month credit losses up to and including the current month.  Formally,      

 

 𝐸𝑡[𝐿�𝑡+12] = 𝜃|𝐿𝑡. (5)  

 

Unlike traditional moving average estimation, the time 𝑡 + 1 forecast is not 

adjusted based on the time 𝑡 innovation because the time 𝑡 forecast error is not observed.4  

In the estimation that follows, 𝜃 is a vector of parameters [𝑎, 𝑏1, 𝑏2, 𝑏3, 𝑏4 ] estimated 

through 

 

 𝐿�𝑡+12 = 𝑎 + 𝑏1𝐿𝑡 + 𝑏2𝐿𝑡−1 + 𝑏3𝐿𝑡−2 + 𝑏4𝐿𝑡2 (6)  

 

using OLS.  The stability of 𝜃� depends on the assumption that the loss generating process 

is stationary and ergodic.  If this is not the case, there will be a “learning process” 

whereby the parameters change as new data are used in the estimation.  This means that  

 

 𝐸𝑡[𝜃] = 𝐸𝑡+𝑛[𝜃] ∀ 𝑛, (7)  

 

                                                 
3 The null hypothesis of a unit root can be rejected at the 5 percent confidence level through the Augmented 
Dickey-Fuller test (lag six).   
4 For example, in December 2010 a loss forecast for the period between January 2011 and December 2011 
would be formulated based on losses observed through December 2010.  The following month’s 12-month 
estimate (for February 2011 to January 2012) would update the previous month’s forecast based on January 
2011 credit losses, but could not incorporate information from the error term for the previous month’s 
forecast because it would not be available for another 11 months. 
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and I assume that any change in the variance of the loss expectation is explained by 

conditional heteroscedasticity in the residuals rather than any parametric instability.  The 

intuition for equation (6) as a moving average process comes from   

 
 

𝐿𝑡 − 𝐿𝑡−1 = �(1 − ℓ𝑡−𝑗)
11

𝑗=1

[ℓ𝑡 − ℓ𝑡−12] (8)  

 
and  
 
 
 𝐿𝑡 − 𝐿𝑡−2 = ��1 − ℓ𝑡−𝑗�

11

𝑗=2

[(1 − ℓ𝑡−12)(1 − ℓ𝑡−13)

− (1 − ℓ𝑡)(1 − ℓ𝑡−1)]. 

 

(9)  

Together, equations (8) and (9) mean that equation (6) can be re-written as: 

 

 𝐿�𝑡+12 = 𝑎 + 𝐿𝑡(𝑏1 + 𝑏2 + 𝑏3)

− 𝑏2��1 − ℓ𝑡−𝑗�
11

𝑗=1

[ℓ𝑡 − ℓ𝑡−12]

− 𝑏3��1 − ℓ𝑡−𝑗�
11

𝑗=2

[(1 − ℓ𝑡−12)(1 − ℓ𝑡−13)

− (1 − ℓ𝑡)(1 − ℓ𝑡−1)] + 𝑏4𝐿𝑡2. 

(10)  

 

To aid interpretation, let 

 

 𝑏1∗ = (𝑏1 + 𝑏2 + 𝑏3), (11)  

 

 𝑏2∗ = −𝑏2, (12)  

 
and  
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 𝑏3∗ = −𝑏3. (13)  

 
This leaves 

 
 𝐿�𝑡+12 = 𝑎 + 𝑏1∗𝐿𝑡 + 𝑏2∗(𝐿𝑡 − 𝐿𝑡−1) + 𝑏3∗(𝐿𝑡 − 𝐿𝑡−2) + 𝑏4𝐿𝑡2. (14)  

 

The forecast for aggregate twelve-month ahead default losses on high-yield bonds 

depends on the sensitivity of future loss rates to the current level of credit losses, 𝑏1∗, 

adjusted for concavity, 𝑏4, plus the change in the twelve month moving average of credit 

losses from the prior month,  𝑏2∗, and month before that, 𝑏3∗.  The stationarity of the data 

generating process implies that the unconditional expectation of credit losses would equal   

 

 𝐸[𝐿�𝑡+12] = 𝐸[𝐿𝑡], (15)  

 

so that the forecast would be determined primarily by the recent innovations and the 

relationship between the current credit loss rate and its long-run mean.  

Having established the data generating process for losses, I assume that the credit risk 

premium 𝜆𝑡 is time-varying and follows an Ornstein–Uhlenbeck process  

 

 𝑑𝜆𝑡 = 𝜙�𝜆𝑡 − 𝜆̅�𝑑𝑡 + 𝜎𝑑𝑊𝑡, (16)  

 

where 𝜆̅ is the long-run average risk premium, 𝜙 is a speed of adjustment parameter, and 

𝑑𝑊𝑡 is a standard Brownian motion.  The Ornstein–Uhlenbeck assumption is extremely 

common in the empirical literature.  The credit risk premium is then estimated as an 

unobserved state variable using the Kalman filter parameterized through maximum 

likelihood.  Once estimated in equation (14), expected credit losses enter the observation 

equation:  
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 𝑆𝑡 = 𝛼 + (1 + 𝜅𝑡)𝐿�𝑡+12 + 𝑣𝑡 . (17)  

 

The state equation is a discretized version of equation (16) specified as AR(1) process: 

 

 (𝜅𝑡 − 𝜅̅) = 𝜙(𝜅𝑡 − 𝜅̅) + 𝑤𝑡 (18)  

 

with 𝑣𝑡 and 𝑤𝑡 assumed to be uncorrelated white noise processes.  The credit risk 

premium is then estimated for each month as  

 

 𝜆𝑡 = 𝛼 + 𝜅𝑡𝐿�𝑡+12. (19)  

 

1.4 Results 
 

Table 1.2 reports the results of the expected loss rate estimation.  Overall, the “moving 

average” model specified in equation (14) is able to explain nearly 48 percent of the 

variation in realized high yield loss rates over the following twelve months.  The “level” 

parameter 𝑏1∗ is slightly greater than one, but this bias towards a forecast of higher default 

losses is eliminated by the concavity parameter, 𝑏4, which lowers expected credit losses 

whenever cumulative losses for the previous twelve months exceed 5 percent.  Both 

parameters are statistically significant at the 1 percent level.  The intercept is zero, as 

would be expected given the inclusion of the current level of losses.  The 𝑏2∗ parameter is 

insignificant, but this is likely due to collinearity with 𝑏3∗ given the persistence of the 

series.   
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Table 1.2: Expected Loss Forecast 
 
This table provides the parameter estimates for the OLS estimation of the equation: 
 
𝐿�𝑡+12 = 𝑎 + 𝑏1∗𝐿𝑡 + 𝑏2∗(𝐿𝑡 − 𝐿𝑡−1) + 𝑏3∗(𝐿𝑡 − 𝐿𝑡−2) + 𝑏4𝐿𝑡2, 
 
which provides a twelve months-ahead forecast of the aggregate default loss rate for high yield 
bonds.  The variable 𝐿𝑡 represents the trailing twelve month default loss rate on high yield bonds 
measured in the month the forecast is made. 𝐿𝑡−1 is the trailing twelve month loss rate on high 
yield bonds measured in the prior month, and so forth.     

    Parameter Estimate T-statistic p-value 
a 0.00 -0.21 0.84 
b1 3.66 8.73 0.00 
b2 -0.25 -0.37 0.71 
b3 -1.54 -3.63 0.00 
b4 -17.58 -7.40 0.00 
b*

1 1.87     
b*

2 0.25 
  b*

3 1.54     

    R-squared: 47.5% 
   

 
 

Table 1.3 reports the estimates for the parameters of the state space equation and 

the credit risk premium.  The credit risk premium averages 2.38 percent per year over the 

248 month sample, with a standard deviation of 2.17 percent.  Figure 1.1 provides the 

credit risk premium’s kernel density.  Most of the density is concentrated between 0 

percent and 5 percent, but it exhibits an extreme fat tail to the right (positive skew).  The 

minimum risk premium is –1.2 percent, which seems to violate the basic assumption that 

ex ante risk premia cannot be negative.  The existence of a negative risk premium is 

driven mechanically by the model.  In some months, the credit spread is simply less than 

the following twelve month’s loss forecast.  I interpret a negative credit risk premium as 
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equivalent to a risk premium of zero: in these months expected losses account for the 

entirety of the credit spread. 

 

Figure 1.1: Kernel Density of the Credit Risk Premium 
 

 
This figure provides a graphic depiction of the kernel density estimate for the credit risk 
premium.  The vertical black line is the sample mean.   
 

 

Figure 1.2 decomposes the credit spreads observed in each month into its three 

constituent parts: (1) the credit risk premium; (2) the compensation for expected losses; 

and (3) the step-ahead innovations from the filter.  On average, the credit risk premium 

accounts for 43 percent of the spread, but its contribution varies greatly over the sample 

period.  As shown in Table 1.3, the credit risk premium and expected loss rates are very 

weakly correlated at 6.7 percent.  The correlation between the credit risk premium and 

actual loss rates is 20.7 percent.  This is consistent with the correlation of cash flow 

growth and expected returns in the equity market observed in Lettau and Ludvigson 

(2005) and Koijen and Niewerburgh (2011) of roughly 18 percent. 
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Table 1.3: Filter-Extracted Values 
 
This table reports the estimated parameters that govern the evolution of the credit risk 
premium, 𝜆, as specified in the following state space model:  
 

𝑆𝑡 = 𝛼 + (1 + 𝜅𝑡)𝐿�𝑡+12 + 𝑣𝑡 
 

𝜅𝑡 = 𝜙𝜅𝑡−1 + (1 − 𝜙)𝜅̅ + 𝑤𝑡 
 

𝜆𝑡 = 𝛼 + 𝜅𝑡𝐿�𝑡+12 
 
 

Parameter Estimate Z-statistic p-value 
𝜙 0.965 28.32 0.00 
𝜎𝑤 0.228 15.64 0.00 
𝜎𝑣 0.004 13.39 0.00 
𝛼 0.044 27.24 0.00 
  

   𝜆 =2.38% 
σ(λ) =2.17% 
𝜌λ,𝐿�=6.7% 
𝜌λ,𝐿=20.7% 

 

Evidence for predictable variation in the credit risk premium depends critically on 

the rejection of two hypotheses: 

𝐻01:𝜙 = 0.  In this case, the observed variation is purely random and 𝜆 is just the 

intercept term with 𝜆𝑡 moving about randomly in response to 𝑤𝑡.   

𝐻02: 𝜎𝑤𝑡 = 0 and 𝜙 < |1|.  In this case, the observed variation is too small to 

reject the hypothesis of a fixed credit risk premium.  This includes the case where 

𝜎𝑤𝑡 = 0 and 𝜙 = 0.  This is because 𝜆𝑡−1 converges to 𝜆̅ as 𝑡 → ∞, which 

leaves 𝜆𝑡 = 𝜆̅.  If 𝜙 > |1| then the AR(1) process is explosive and there is no 

convergence in mean square.  Although this means that the risk premium would 

not be stationary because 𝐸[𝜆𝑡 ] ≠ 𝜆̅, this is not a problem for inference with the 

Kalman filter. 
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Figure 1.2: Decomposition of Credit Spreads, 1989-2010 

 

This figure provides a graphic depiction of the decomposition of credit spreads over the sample 
period into the three constituent parts: (1) the credit risk premium; (2) the compensation for 
expected losses; and (3) the step-ahead innovations from the filter. 
 

Both hypotheses can be rejected at the 99.9 percent confidence interval.  The Z-

value for the test of Hypothesis 1 (𝜙 = 0) is 47.5, suggesting that virtually no chance that 

the true autoregressive parameter is zero.  The Z-value for Hypothesis (2) is similar 

because the Z-value for the marginal probability of 𝜎𝑤𝑡 = 0 is greater than 15.3.  The 

joint probability of Hypothesis 2 must be lower given that 𝜙 has a non-zero probability of 

being greater than 1.    

Are these results generated by misspecification of the data generating process for 

expected default losses?  No.  Table 1.4 reports the results of a robustness test that 

assumes “perfect foresight” and replaces the default loss forecast from equation (14) with 

the actual loss rate experienced over the following twelve months.  The estimates for the 

key parameters and their significance levels are qualitatively unchanged from the 

baseline specification.  The Z-values for the parameter estimates allow for the rejection of 
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𝐻01 and 𝐻02 at the one percent confidence interval.  The average credit risk premium falls 

by just nine basis points, from a mean of 2.38 percent to 2.29 percent, while the credit 

risk premium’s standard deviation is unchanged.  The lone exception is the volatility of 

the state equation 𝜎𝑤, which falls from 0.23 to 0.18, a decline of more than three standard 

errors (0.02) from the original estimate.  This is a natural consequence of the increased 

precision of the loss estimate.  As forecast accuracy increases, the variation in credit 

spreads can be allocated more precisely between the credit risk premium and expected 

default losses.  The reduction in the unexplained variation in the credit risk premium 

naturally reduces the state volatility estimate.   

This analysis is based on the assumption that the credit spread measured each 

month is equal to the trailing twelve month risk-neutral expected loss rate on high yield 

corporate bonds.  The index I examine in this paper represents the entire investible 

universe of high-yield corporate bonds with a maturity of greater than 12 months and has 

no corresponding CDS contract.  However, the spread on the broadest high yield CDS 

Index with a tenor (maturity) of five years has been roughly similar to the credit spreads I 

report.  The CDX.NA.HY, constructed by Markit, references a rolling sample of 100 

speculative grade North American issuers. Between 2007 and January 2011, spreads on 

the CDX.NA.HY have exceeded the observed credit spread on the high yield bond index 

by an average of 12 basis points and accounted for 108 percent of the observed credit 

spread, on average.  This is roughly the same as the spreads I report given that the tenor 

of these contracts slightly exceeds the effective duration of the high yield bond index, on 

average.  Since CDS spreads are priced so that they equal the discounted present value of 

expected losses under the risk neutral probability measure, this close correspondence 
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suggests that the credit spreads I report are the compensation investors demand for 

bearing credit risk and are not related to liquidity, collateral, or other factors.     

 
Table 1.4: Robustness Test 
 
This table reports the estimated parameters that govern the evolution of the credit risk 
premium, 𝜆, in an alternative specification that replaces expected default losses, 𝐿�𝑡+12, with the 
actual default loss rate experienced over the following twelve months, 𝐿𝑡+12. 
 

 

 

 

 

 

 

 

 
 

1.5 Return Predictability Tests 
 

The empirical work on stock return predictability regresses excess returns and 

dividend growth rates on the lagged dividend-price ratio.  The empirical equivalent in this 

context is  

 

 𝐿𝑡+12 = 𝑎𝑙 + 𝛽𝑙𝑆𝑡 + 𝑒𝑡𝑙 (20)  

 

and 

 

 𝑅𝑡+12𝑒 = 𝑎𝑟 + 𝛽𝑟𝑆𝑡 + 𝑒𝑡𝑟 , (21)  

 

which regress the following twelve month’s losses 𝐿𝑡+12 and excess returns 𝑅𝑡+12𝑒 , 

respectively, on the credit spread for that month 𝑆𝑡.  The “excess return” is the difference 

Parameter Estimate Z-statistic p-value 
𝜙 0.972 40.15 0.00 
𝜎𝑤 0.181 4.01 0.00 
𝜎𝑣 0.002 1.06 0.14 
𝛼 0.032 16.82 0.00 
  

   𝜆 =2.29% 
σ(λ) =2.17% 
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between the trailing twelve month return on the high yield bond index and the return on 

the equivalent duration Treasury portfolio.  The index returns data are provided by the 

Bank of America Merrill Lynch GIS database, while the Treasury returns come from 

CRSP.  The results from the previous section also allow us to estimate  

 

 𝑅𝑡+12𝑒 = 𝑎𝑟 + 𝛽𝑟𝜆𝑡 + 𝑒𝑡
𝑟,2, (22)  

 

which replaces the credit spread with the credit risk premium in the excess return 

equation (21). 

The results of OLS regressions for equations (20) through (22) are provided in 

Table 1.5.  The estimation of equation (20) yields a t-statistic of more than 12 for the 

credit spread parameter and an R-squared of 37 percent.  This is strong evidence that 

credit spreads predict subsequent default rates.  This is also more cash-flow predictability 

than is generally found in the equity market research.  Credit spreads also explain trailing 

twelve month excess returns: the t-statistic on the credit spread parameter in equation 

(21) is 10.59, with an R-squared of 31 percent.  When the credit risk premium is used 

instead of credit spreads the t-statistic increases to 11.88 and the R-squared rises by more 

than 5 percentage points to 36.5%.   

The increase in the coefficient of variation from equation (21) to equation (22) is 

much greater when the estimation is limited to lower-rated credits.  Table 1.6 reports the 

results of OLS regressions for equations (21) and (22) when the high yield index is 

segmented into its BB, B, and CCC rated constituent obligations.5  The segmented data 

are available from December 1996 onward (157 months of the original 248 month 

                                                 
5 The CCC-rated segment also includes lower rated obligations that have not yet defaulted.  This is 
generally a trivially small percentage of the bonds included in the index. 
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sample).  The R-squared for the regression of excess returns on spreads (39.7 percent) 

actually exceeds the R-squared for the regression of excess returns on the credit risk 

premium (36.7 percent) for BB-rated credits, but this reverses itself substantially in the 

other two regressions.  The credit risk premium explains an additional 26.9 percentage 

points of the variation in excess returns on B-rated bonds (an R-squared of 52.6 percent 

for the credit risk premium relative to 25.7 percent for credit spreads) and an additional 

30.6 percentage points of the variation in the excess returns of CCC-rated bonds (an R-

squared of 58.9 percent and 28.1 percent for the credit risk premium and credit spreads, 

respectively).  This means that the credit risk premium explains twice as much of the 

variation in lagged excess returns as do credit spreads for B and CCC rated bonds.6 

It is important to recognize that the OLS results dramatically understate the 

increase in return predictability achieved by extracting the credit risk premium from 

spreads.  Credit spreads can explain subsequent returns, on average, without providing a 

useful forecast at any given point in time.  If the expected returns and cash flows are 

weakly correlated, then changes in the credit spread have different implications in 

different months: some months the spread widens (narrows) due to an increase (decrease) 

in expected losses; other times it is due to an increase (decrease) in the credit risk 

premium.  An investor trying to use credit spreads as a state variable to condition asset 

allocation decisions would not know what is driving the change in spreads until after the 

asset allocation decision has already been made.   

 
 
 

                                                 
6 No similar cash flow regressions are performed due to the prevalence of “ratings migrations,” where high 
yield bonds are downgraded prior to default.  In the data, a disproportionate share of defaults are CCC-rated 
credits largely because they were downgraded to CCC prior to default.     
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Table 1.5: Predictive Regressions: Full Data Set 
 
This table provides the results of three OLS regressions.  The first is the estimation of the trailing 
twelve month default loss rate, 𝐿𝑡+12, on the credit spread, 𝑆𝑡.  The second regresses excess 
returns, 𝑅𝑡, on the credit spread, 𝑆𝑡.  The third regresses excess returns on the credit risk 
premium, 𝜆𝑡.  The “excess return” is the difference between the trailing twelve month return on 
the high yield bond index and the return on the equivalent duration Treasury portfolio.   
    
𝐿𝑡+12 = 𝑎 + 𝑏𝑆𝑡 + 𝑒 (20) 

  Parameter Estimate T-statistic p-value 
Intercept 0.03 14.67 0.00 
Credit Spread 0.70 12.12 0.00 
R-Squared 37.4% 

   
𝑅𝑡 = 𝑎 + 𝑏𝑆𝑡 + 𝑒 (21) 

   Parameter Estimate T-statistic p-value 
Intercept -0.13 -7.75 0.00 
Credit Spread 2.91 10.59 0.00 
R-Squared 31.3% 

   
𝑅𝑡 = 𝑎 + 𝑏𝜆𝑡 + 𝑒 (22) 

   Parameter Estimate T-statistic p-value 
Intercept -0.07 -6.08 0.00 
Credit Risk Premium 3.98 11.88 0.00 
R-Squared 36.5% 
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Table 1.6: Predictive Regressions Segmented by Credit Rating 
 
This table provides the results of two OLS regressions on high yield bonds segmented into three 
rating categories: BB, B, and CCC.  The first is the estimation of excess returns, 𝑅𝑡, on the credit 
risk premium, 𝜆𝑡.  The second regresses excess returns on the credit spread, 𝑆𝑡.  The “excess 
return” is the difference between the trailing twelve month return on the high yield bond index 
and the return on the equivalent duration Treasury portfolio.   
 
BB (𝑺𝒕) 

   Parameter Estimate T-statistic p-value 
Intercept -0.11 -7.50 0.00 
Credit Spread 3.61 10.11 0.00 
R-Squared 39.7% 

  
    BB ( 𝝀𝒕) 

   Parameter Estimate T-statistic p-value 
Intercept -0.06 -5.14 0.00 
Credit Risk Premium 3.15 9.55 0.00 
R-Squared 36.6% 

  
    B (𝑺𝒕) 

   Parameter Estimate T-statistic p-value 
Intercept -0.15 -6.44 0.00 
Credit Spread 2.70 7.33 0.00 
R-Squared 25.7% 

  
    B (𝝀𝒕) 

   Parameter Estimate T-statistic p-value 
Intercept -0.11 -8.96 0.00 
Credit Risk Premium 4.56 13.12 0.00 
R-Squared 52.6% 

  
    CCC (𝑺𝒕) 

   Parameter Estimate T-statistic p-value 
Intercept -0.27 -6.10 0.00 
Credit Spread 2.55 7.84 0.00 
R-Squared 28.2% 

  
    CCC ( 𝝀𝒕) 

   Parameter Estimate T-statistic p-value 
Intercept -0.19 -8.71 0.00 
Credit Risk Premium 9.43 14.98 0.00 
R-Squared 58.9% 
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This point is demonstrated in Table 1.7, which reports the average excess returns 

on the high yield index corresponding to specific portions of the state variable’s 

cumulative distribution.  Panel A measures average excess returns in the twelve months 

following periods when the state variable (credit spreads or the credit risk premium) is 

greater than or less than its mean.  Panel B measures average excess returns 

corresponding to each of the four quartiles of the state variable’s empirical distribution.  

When the credit risk premium exceeds its mean, the following twelve month’s excess 

returns average 6.9 percent compared to an average of -1.0 percent when the credit risk 

premium is below its mean.  For credit spreads, the difference is less pronounced: an 

average excess return of 5.0 percent when spreads exceed their mean compared to an 

excess return of 0.9 percent when spreads are below their mean.  The difference is more 

striking when excess returns are segmented into quartiles: average excess returns increase 

monotonically from the first (-3.0 percent) to the fourth quartile (9.0 percent) of the credit 

risk premium distribution, but observe no pattern with respect to credit spreads.   Indeed, 

average excess returns are lower in the third quartile (51st percentile to the 75th percentile) 

of the credit spread distribution (-1.4 percent) than in the first quartile (0.7 percent).   
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Table 1.7: Trailing Twelve Month’s Excess Returns by Percentile 
 
This table reports the average excess returns on the high yield index that correspond to portions of 
the state variable’s cumulative distribution.  The “excess return” is the difference between the 
trailing twelve month return on the high yield bond index and the return on the equivalent 
duration Treasury portfolio.  Panel A measures the excess returns following months when the 
state variable is greater than or less than its mean.  Panel B measures excess returns following 
monthly state variable realizations in each of the four quartiles of the empirical distribution.   
  
 
Panel A: Mean Performance 
  Average TTM Excess Returns 

State Variable Percentile Credit Risk Premium Credit Spread 
0-50th -1.0% 0.9% 
51st-100 6.9% 5.0% 

 
 
Panel B: Quartile Performance 
  Average TTM Excess Returns 

State Variable Percentile Credit Risk Premium Credit Spread 
0-25th -3.0% 0.7% 
26th-50th 1.0% 1.1% 
51st-75th 4.7% -1.4% 
76th-100 9.0% 11.4% 

 

 

 

1.5.1 Nonparametric Tests of Market-Timing 
 

To test formally the incremental return predictability introduced by the credit risk 

premium, I use the nonparametric test of market-timing forecasts developed in Merton 

(1980).  Merton demonstrates that the equilibrium value of successful market-timing 

strategies is equivalent to a “free option” on the market. The basic test outlined for 

market-timing measures a strategy’s ability to correctly forecast that the return on the 

risky asset will outperform or underperform the risk-free asset (referred to as “up” or 
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“down” forecasts, respectively).  As shown in Merton, market timing is only valuable if 

the strategy achieves a sufficient number of correct “up” and “down” forecasts.  In each 

of the tests, 𝑝1=probability of correctly forecasting an “up” market and 𝑝2=probability of 

correctly forecasting a “down” market.  The sufficient condition for return predictability 

to be valuable is: 

 

 𝑝1 + 𝑝2 > 1. (23)  

 

The larger the sum of 𝑝1 and 𝑝2, the greater the value of the implied option generated by 

the strategy. 

I conduct this test using the credit risk premium as a predictor for subsequent 

excess returns on the entire high yield market and on each credit rating sub-segment.  I 

assume that when the credit risk premium is greater than zero, an “up” forecast is made 

and a “down” forecast is made in other months (“Test 1”).  Since credit spreads are 

always greater than zero, the same test cannot be performed for credit spreads.  Instead, I 

assume that an “up” forecast is made in months when the credit spread is greater than its 

mean and assume a “down” forecast is made in other months.  I repeat this adapted test 

for the credit risk premium (“Test 2”).  For Test 2, a “success” occurs when subsequent 

excess returns are greater than average following an “up” prediction.  For example, the 

average excess return on the high yield index is 2.94 percent.  To be a success, an “up” 

forecast would have to result in a following twelve month excess return of more than 2.94 

percent.  Similarly, a “down” forecast would be a success if the following excess return 

were less than 2.94 percent.   
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Table 1.8 reports the results of the two tests for the full data set.  The credit risk 

premium was positive in 234 of 248 months and the following twelve month’s excess 

returns were positive in 165 instances (𝑝1=0.71).  In addition, excess returns were 

negative in all 14 periods following a month where the credit risk premium was not 

positive (𝑝2=1).  The resulting 1.71 sum of conditional probabilities suggests that the 

credit risk premium provides on average 71 percent of a free option on the high yield 

bond market.  For Test 2, the credit risk premium correctly predicts excess returns will 

exceed their mean in 73 of 99 “up” predictions (𝑝1=0.74) and correctly predicts below-

average excess returns in 77 of 149 “down” forecasts (𝑝2=0.52), which generates a sum 

of conditional probabilities of 1.25.  Credit spreads only correctly predict above-average 

excess returns in 56 of 93 “up” forecasts (𝑝1=0.60) and perform worse than a coin flip in 

“down” forecasts (𝑝2=0.43) for a sum of 1.03.   

Tables 1.9 through 1.11 provide the results of Tests 1 and 2 segmented by rating 

category.  The results are all qualitatively similar.  For Test 1 (limited to the credit risk 

premium), the sum of conditional probabilities ranges from 1.59 (B and CCC) to 1.61 

(BB).  For Test 2, the credit risk premium substantially outperforms credit spreads across 

the rating spectrum.  In the cases of B and CCC rated credits, credit spreads perform 

worse than a coin flip.   

Table 1.12 reports the results of the Henriksson and Merton (1981) test for 

statistical significance where the estimates of 𝑝1 and 𝑝2 are used to determine whether 

one can reject the null hypothesis of no forecasting ability.  The Henriksson and Merton 

test sets the null hypothesis as the sufficient condition from Merton:  
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 𝐻0: 𝑝1 + 𝑝2 = 1, (24)  

 

which is equivalent to a null of no predictability.  Henriksson and Merton show that for 

sample sizes greater than 50, the hypergeometric distribution of the test statistic can be 

approximated using the normal distribution with mean and variance given as 

 

 𝜇 =
𝑛𝑁1
𝑁

 (25)  

 

and 

 

 𝜎2 =
[𝑛1𝑁1(𝑁 −𝑁1)(𝑁 − 𝑛)]

[𝑁2(𝑁 − 1)] , 

 
(26)  

 

respectively.  In equations (25) and (26), 𝑁 is the number of observations, 𝑁1 is the 

number of “up” observations, 𝑛 is the number of “up” predictions, and 𝑛1 is the number 

of correct “up” predictions.  The null of no predictability can be rejected at the 1 percent 

confidence interval for all eight of the tests involving the credit risk premium (Test 1 and 

Test 2 for the full data set and each of the three rating subcategories). The null of no 

predictability cannot be rejected at the 1 percent confidence interval for any of the four 

tests using credit spreads.  The null of no predictability could very nearly be rejected for 

BB credits (a test statistic of 2 and p-value of 0.02), but the p-values for the other 

statistics range from 0.29 (full data set) to 0.62 (CCC–rated bonds) under two-tail tests.   

These tests provide strong evidence in favor of the credit risk premium’s ability to 

predict subsequent high yield bond returns and clearly establish its superiority to credit 

spreads in this regard.  Although OLS results suggest that credit spreads can explain a 

large share of the time series variation in excess returns, on average, spreads fail to 
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provide information of any value to an investor at any given point in time.  Since spreads 

predict both cash flows and returns, it is not clear whether a given month’s increase in the 

credit spread comes from higher expected returns or an increase in expected default 

losses.  The results suggest that credit spreads only predict returns to the extent the 

variation in spreads is attributable to the credit risk premium. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



39 
 

Table 1.8: Merton (1980) Test for Market Timing, Full Data Set 
 
This table reports the results of the Merton (1981) nonparametric test of market-timing for the full 
data set.  The test measures the ability of the manager (or state variable in this case) to correctly 
predict that the risky asset will outperform or underperform the risk-free alternative.  In each 
case, 𝑝1=probability of correctly forecasting “up” markets and 𝑝2=probability of correctly 
forecasting “down” markets.  The sufficient condition for return predictability to be valuable is: 
 

𝑝1 + 𝑝2 > 1 
 
Test 1: Credit Risk Premium (𝝀).  The state variable predicts a positive excess return 
whenever 𝜆𝑡 > 0.  The “excess return” is the difference between the trailing twelve month return 
on the high yield bond index and the return on the equivalent duration Treasury portfolio.  

    
 

# of "up" Predictions 234 
 

 
# of correct "up" Predictions 165 

 
    
 

# of "down" Predictions 14 
 

 
# of correct "down" Predictions 14 

 
    
 

𝑝1 0.71 
 

 
𝑝2 1 

 
 

𝑝1 + 𝑝2 1.71 
 

    Test 2: Credit Risk Premium (𝝀) Relative to the Credit Spread (𝑺).  To provide a 
comparative measure, the state variable predicts a positive excess return whenever it exceeds its 
mean, i.e. 𝜆𝑡 > 𝜆 or 𝑆𝑡 > 𝑆.  The “excess return” in this case is the excess return defined in Test 1 
minus its mean.  This means that a correct “up” prediction, for example, requires that the excess 
return on the high yield index exceed its mean for the sample period. 
 

 
Credit Risk Premium, 𝝀𝒕 > 𝝀 

 
Credit Spread, 𝑺𝒕 > 𝑺 

  
 

# of "up" Predictions 99 
 

# of "up" Predictions 93 
 

 
# of correct "up" Predictions 73 

 
# of correct "up" Predictions 56 

 
       
 

# of "down" Predictions 149 
 

# of "down" Predictions 155 
 

 
# of correct "down" Predictions 77 

 
# of correct "down" Predictions 66 

 
       
 

𝑝1 0.74 
 

𝑝1 0.60 
 

 
𝑝2 0.52 

 
𝑝2 0.43 

 
 

𝑝1 + 𝑝2 1.25 
 

𝑝1 + 𝑝2 1.03 
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Table 1.9: Merton (1980) Test for Market Timing, BB-Rated Credits 
 
This table reports the results of the Merton (1981) nonparametric test of market-timing for BB 
credits only.  The test measures the ability of the manager (or state variable in this case) to 
correctly predict that the risky asset will outperform or underperform the risk free alternative.  In 
each case, 𝑝1=probability of correctly forecasting “up” markets and 𝑝2=probability of correctly 
forecasting “down” markets.  The sufficient condition for return predictability to be valuable is: 
 

𝑝1 + 𝑝2 > 1 
 
Test 1: Credit Risk Premium (𝝀).  The state variable predicts a positive excess return 
whenever 𝜆𝑡 > 0.  The “excess return” is the difference between the trailing twelve month return 
on the high yield bond index and the return on the equivalent duration Treasury portfolio.  

    
 

# of "up" Predictions 145 
 

 
# of correct "up" Predictions 89 

 
    
 

# of "down" Predictions 12 
 

 
# of correct "down" Predictions 12 

 
    
 

𝑝1 0.61 
 

 
𝑝2 1 

 
 

𝑝1 + 𝑝2 1.61 
 

    Test 2: Credit Risk Premium (𝝀) Relative to the Credit Spread (𝑺). To provide a comparative 
measure, the state variable predicts a positive excess return whenever it exceeds its mean, i.e. 
𝜆𝑡 > 𝜆 or 𝑆𝑡 > 𝑆.  The “excess return” in this case is the excess return defined in Test 1 minus its 
mean.  This means that a correct “up” prediction, for example, requires that the excess return on 
the high yield index exceed its mean for the sample period. 
 

 
Credit Risk Premium, 𝝀𝒕 > 𝝀 

 
Credit Spread, 𝑺𝒕 > 𝑺 

  
 

# of "up" Predictions 69 
 

# of "up" Predictions 58 
 

 
# of correct "up" Predictions 49 

 
# of correct "up" Predictions 35 

 
       
 

# of "down" Predictions 88 
 

# of "down" Predictions 99 
 

 
# of correct "down" Predictions 55 

 
# of correct "down" Predictions 52 

 
       
 

𝑝1 0.71 
 

𝑝1 0.60 
 

 
𝑝2 0.63 

 
𝑝2 0.52 

 
 

𝑝1 + 𝑝2 1.34 
 

𝑝1 + 𝑝2 1.13 
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Table 1.10: Merton (1980) Test for Market Timing, B-rated Credits 
 
This table reports the results of the Merton (1981) nonparametric test of market-timing for B 
credits only.  The test measures the ability of the manager (or state variable in this case) to 
correctly predict that the risky asset will outperform or underperform the risk free alternative.  In 
each case, 𝑝1=probability of correctly forecasting “up” markets and 𝑝2=probability of correctly 
forecasting “down” markets.  The sufficient condition for return predictability to be valuable is: 
 

𝑝1 + 𝑝2 > 1 
 
Test 1: Credit Risk Premium (𝝀).  The state variable predicts a positive excess return 
whenever 𝜆𝑡 > 0.  The “excess return” is the difference between the trailing twelve month return 
on the high yield bond index and the return on the equivalent duration Treasury portfolio.  

    
 

# of "up" Predictions 145 
 

 
# of correct "up" Predictions 85 

 
    
 

# of "down" Predictions 12 
 

 
# of correct "down" Predictions 12 

 
    
 

𝑝1 0.59 
 

 
𝑝2 1 

 
 

𝑝1 + 𝑝2 1.59 
 

 
 

  Test 2: Credit Risk Premium (𝝀) Relative to the Credit Spread (𝑺). To provide a comparative 
measure, the state variable predicts a positive excess return whenever it exceeds its mean, i.e. 
𝜆𝑡 > 𝜆 or 𝑆𝑡 > 𝑆.  The “excess return” in this case is the excess return defined in Test 1 minus its 
mean.  This means that a correct “up” prediction, for example, requires that the excess return on 
the high yield index exceed its mean for the sample period. 
 

 
Credit Risk Premium, 𝝀𝒕 > 𝝀 

 
Credit Spread, 𝑺𝒕 > 𝑺 

  
 

# of "up" Predictions 69 
 

# of "up" Predictions 61 
 

 
# of correct "up" Predictions 49 

 
# of correct "up" Predictions 32 

 

       
 

# of "down" Predictions 88 
 

# of "down" Predictions 96 
 

 
# of correct "down" Predictions 53 

 
# of correct "down" Predictions 44 

 
       
 

𝑝1 0.71 
 

𝑝1 0.52 
 

 
𝑝2 0.60 

 
𝑝2 0.46 

 
 

𝑝1 + 𝑝2 1.31 
 

𝑝1 + 𝑝2 0.98 
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Table 1.11: Merton (1980) Test for Market Timing, CCC-Rated Credits 
 
This table reports the results of the Merton (1981) nonparametric test of market-timing for CCC 
credits only.  The test measures the ability of the manager (or state variable in this case) to 
correctly predict that the risky asset will outperform or underperform the risk free alternative.  In 
each case, 𝑝1=probability of correctly forecasting “up” markets and 𝑝2=probability of correctly 
forecasting “down” markets.  The sufficient condition for return predictability to be valuable is: 
 

𝑝1 + 𝑝2 > 1 
 
Test 1: Credit Risk Premium (𝝀).  The state variable predicts a positive excess return 
whenever 𝜆𝑡 > 0.  The “excess return” is the difference between the trailing twelve month return 
on the high yield bond index and the return on the equivalent duration Treasury portfolio.  

    
 

# of "up" Predictions 145 
 

 
# of correct "up" Predictions 85 

 
    
 

# of "down" Predictions 12 
 

 
# of correct "down" Predictions 12 

 
    
 

𝑝1 0.59 
 

 
𝑝2 1 

 
 

𝑝1 + 𝑝2 1.59 
 

    Test 2: Credit Risk Premium (𝝀) Relative to the Credit Spread (𝑺). To provide a comparative 
measure, the state variable predicts a positive excess return whenever it exceeds its mean, i.e. 
𝜆𝑡 > 𝜆 or 𝑆𝑡 > 𝑆.  The “excess return” in this case is the excess return defined in Test 1 minus its 
mean.  This means that a correct “up” prediction, for example, requires that the excess return on 
the high yield index exceed its mean for the sample period. 
 

 
Credit Risk Premium, 𝝀𝒕 > 𝝀 

 
Credit Spread, 𝑺𝒕 > 𝑺 

  
 

# of "up" Predictions 69 
 

# of "up" Predictions 60 
 

 
# of correct "up" Predictions 49 

 
# of correct "up" Predictions 28 

 

       
 

# of "down" Predictions 88 
 

# of "down" Predictions 97 
 

 
# of correct "down" Predictions 62 

 
# of correct "down" Predictions 50 

 
       
 

𝑝1 0.71 
 

𝑝1 0.52 
 

 
𝑝2 0.70 

 
𝑝2 0.46 

 
 

𝑝1 + 𝑝2 1.41 
 

𝑝1 + 𝑝2 0.98 
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Table 1.12: Henriksson and Merton (1981) Nonparametric Test for Statistical 
Significance  
 
This table reports the results of the Henriksson and Merton (1981) test for the statistical 
significance of market timing.  This test sets the null hypothesis as the sufficient condition from 
Merton:  
 

𝐻0:𝑝1 + 𝑝2 = 1 
 
which is equivalent to a null of no predictability.  Henriksson and Merton show that for sample 
sizes greater than 50, the hypergeometric distribution of the test statistic can be approximated 
using the normal distribution with mean and variance given as 
 

𝜇 =
𝑛𝑁1
𝑁

 
 
and 
 

𝜎2 = [𝑛1𝑁1(𝑁 −𝑁1)(𝑁 − 𝑛)]/[𝑁2(𝑁 − 1)] 
 
where  
     
𝑁 = the number of observations 
𝑁1 = the number of “up” observations 
𝑛 = the number of “up” predictions 
𝑛1= the number of correct “up” predictions 
 
    Full Data Set   Test Statistic p-value 
Credit Risk Premium,  𝜆𝑡 > 0 6.45 0.00 
Credit Risk Premium, 𝜆𝑡 > 𝜆 4.62 0.00 
Credit Spread, 𝑆𝑡 > 𝑆 0.56 0.29 
    BB Credits    Test Statistic p-value 
Credit Risk Premium,  𝜆𝑡 > 0 5.25 0.00 
Credit Risk Premium, 𝜆𝑡 > 𝜆 4.94 0.00 
Credit Spread, 𝑆𝑡 > 𝑆 2.00 0.02 
    B Credits   Test Statistic p-value 
Credit Risk Premium,  𝜆𝑡 > 0 5.10 0.00 
Credit Risk Premium, 𝜆𝑡 > 𝜆 4.61 0.00 
Credit Spread, 𝑆𝑡 > 𝑆 -0.29 0.61 
    CCC Credits   Test Statistic p-value 
Credit Risk Premium,  𝜆𝑡 > 0 5.10 0.00 
Credit Risk Premium, 𝜆𝑡 > 𝜆 6.11 0.00 
Credit Spread, 𝑆𝑡 > 𝑆 -0.32 0.62 
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1.6 Origin of the Credit Risk Premium  
 

The evidence for return predictability naturally arouses questions about the extent 

to which practitioners could exploit knowledge of the credit risk premium to make 

strategically timed allocations to high yield bonds.  As emphasized by Chen et al. (2011), 

optimal portfolio allocation differs greatly based on whether returns are predictable or 

identically and independently distributed (IID).  When returns are predictable, optimal 

allocation depends on the state variables used for prediction and the investment horizon.  

While the credit risk premium is likely to provide important information about when 

investors should avoid high yield bonds – trailing twelve months’ excess returns were 

negative in all cases where 𝜆𝑡 ≤ 0 – periods with higher expected returns are 

characterized by greater risk.   

 Figure 1.3 provides a graphic representation of the linear relationship between the 

credit risk premium and excess returns.  It includes a red circle around those periods 

when the trailing twelve months’ excess returns were negative (sometimes sharply so) at 

the same time as the credit risk premium exceeded its mean.  The results from these 

periods reinforce the notion that the credit risk premium is ex ante compensation for 

bearing risk.  This risk is both “fundamental” (the uncertainty of the underlying cash 

flows) and “macroeconomic” (the state of the overall economy and the marginal utility of 

wealth and consumption).  If a drop in asset prices (increase in expected returns) is 

instead caused by institutional frictions, like illiquidity in the short-term funding markets, 

then “deep pocketed” investors should be able to earn excess risk-adjusted returns from 

their ability to provide liquidity when other investors are financially constrained.  

Expected returns in this case should not be related to classical measures of economic risk.     
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Figure 1.3: Linear Relationship, Credit Risk Premium and Excess Returns 
 

 

This figure graphically depicts the linear relationship between the credit risk premium and the 
following twelve month’s excess returns.  The “excess return” is the difference between the 
trailing twelve month return on the high yield bond index and the return on the equivalent 
duration Treasury portfolio.  The red circle captures the area of the graph where excess returns 
are negative despite an above average credit risk premium.  

 

 

If default risk and market risk are integrated as in Jarrow and Turnbull (2000), 

under the assumption of no arbitrage the excess return on high yield bonds should be 

explained by the covariance of expected default losses 𝐿�𝑡+12 with investors’ marginal 

rate of substitution, captured by the pricing kernel 𝑚𝑡+12 (Cochrane, 2005 and Chen et 

al., 2009).  Assuming the high yield bond pays no coupons, its price 𝑃𝑡 (as a percentage 

of par) should equal the expected value of the principal repayment net of default losses 

discounted by the expected pricing kernel:        

 

 𝑃𝑡 = 𝐸�𝑚𝑡+12(1− 𝐿�𝑡+12)�. (27)  
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Rearranging terms on the right hand side leaves  

 

 = 𝑐𝑜𝑣𝑡�𝑚𝑡+12, (1 − 𝐿�𝑡+12)� + 𝐸[𝑚𝑡+12]𝐸�(1− 𝐿�𝑡+12)�, (28)  

 

which can be represented as 

 

 𝑃𝑡 =
1
𝑅𝑓
�1 − 𝐸�𝐿�𝑡+12�� − 𝑐𝑜𝑣𝑡�𝑚𝑡+12, 𝐿�𝑡+12�, (29)  

 

or 

 

 𝑃𝑡 =
1
𝑅𝑓
�1 − 𝐸�𝐿�𝑡+12�� − 𝜌𝑡𝜎𝑡(𝑚𝑡+12)𝜎𝑡�𝐿�𝑡+12�. (30)  

 

The first term on the right hand side in (30) is the present value of the bond net of 

expected losses, discounted at the risk-free rate.  The second term on the right hand side 

is the credit risk premium.  Each parameter has a 𝑡 subscript to denote that each is a 

conditional moment of a random variable.  The credit risk premium is a risk correction 

term based on the conditional volatility of future cash flows, marginal utility of 

consumption, and the conditional correlation between them.  As shown in Campbell, et 

al. (1996), under the assumption of power utility  

 

 𝜎𝑡(𝑚𝑡+12) ≈ 𝛾𝑡𝜎𝑡(Δ𝑐𝑡+1), (31)  

  

which means  

 

 𝜆𝑡 ≈ 𝛾𝑡𝜎𝑡(Δ𝑐𝑡+1)𝜌𝑡𝜎𝑡�𝐿�𝑡+12�. (32)  
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Equation (32) suggests that under arbitrage-free asset pricing theory, the time series 

variation in the credit risk premium could be generated by changes in investors’ risk 

aversion 𝛾𝑡, changes in consumption growth Δ𝑐𝑡+1, changes in the volatility of expected 

cash flows 𝜎𝑡(𝐿�𝑡+12) (often referred to as the volatility of the “fundamentals”), or 

changes in the correlation across these variables, 𝜌𝑡.    

To test whether the credit risk premium varies through time in a manner similar to 

that predicted by equation (32), I construct proxies for fundamental and macroeconomic 

risk.  To generate a “fundamental risk factor,” I parameterize an autoregressive 

conditional heteroskedasticity ARCH(1) model using the residuals generated by the 

aggregate credit loss forecast of equation (14).  The ARCH model provides an estimate of 

the conditional volatility of the time series of expected default losses.  The higher the 

ARCH estimate for a given month, the greater the conditional uncertainty regarding the 

default losses.  To estimate a “macroeconomic risk factor,” I construct a three-month 

moving average of the monthly percent change in real consumption growth, obtained 

through the Federal Reserve Bank of St. Louis.  For the post-1995 period, the monthly 

change in real personal consumption expenditures (PCE) is obtained directly.  For the 

1989-1995 period, no real PCE series is available and the real change is estimated using 

the nominal PCE series adjusted by the PCE deflator, also obtained through the St. Louis 

Fed.   

The credit risk premium is then regressed on the ARCH estimate, 𝜎𝑡(𝐿�𝑡+12), and 

the three-month moving average of the real monthly change in consumption 

growth, 𝜎𝑡(Δ𝑐𝑡+1):   
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 𝜆𝑡 = 𝑎 + 𝛽1𝜎(𝐿�𝑡+12)  + 𝛽2𝜎𝑡(Δ𝑐𝑡+1) + 𝑒𝑡. (33)  

 

Table 1.13 reports the results.  The first specification is restricted to months when 

the real PCE series is available (April 1995 - December 2009).  The second specification 

uses the manually deflated PCE series over the full data set.  The fundamental and 

macroeconomic risk factors both have the expected sign and are significant at the 1 

percent confidence interval in both specifications.  The credit risk premium rises in 

response to an increase in the conditional variance of expected future cash flows and falls 

in response to increases in consumption growth.  The two risk factors combine to explain 

between 31.6% (full data set) and 41% (post-April 1995) of the variation in the credit risk 

premium.  The marginal impact of a decline in consumption is much greater than for a 

change in the conditional volatility of expected losses.  A 50 basis point decline in real 

consumption expenditures is associated with a 2.47 percent increase in the credit risk 

premium, in the full data estimate, while a 3.15 percentage point increase in the 

conditional volatility of default losses increases the credit risk premium by slightly less 

than one percentage point (these specific values represent a three-standard-deviation 

move from the independent variables’ respective mean).   

However, this static analysis fails to account for the conditional correlation across 

these risk factors, 𝜌𝑡 from equation (32).  As shown in Figure 1.4, the twenty-four month 

moving average in the correlation between the conditional volatility of default losses and 

consumption growth varies significantly over the sample period, from a maximum of 

0.48 in September 2003 to a low of -0.89 percent in December 2008.  When defaults are 

cyclically falling, as in September 2003, macroeconomic risk is low and an increase in 

conditional volatility of cash flows is less consequential for the credit risk premium.  
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Conversely, in the context of heighted macroeconomic risk like the fall of 2008, increases 

in cash flow uncertainty generate substantial increases in the credit risk premium.  The 

third panel of Table 1.13 reports the results of a regression that replaces conditional cash 

flow volatility, 𝜎𝑡�𝐿�𝑡+12�, with conditional cash flow volatility multiplied by its 

conditional correlation with consumption growth, 𝜌𝑡𝜎𝑡�𝐿�𝑡+12�.  When cash flow 

uncertainty and consumption growth are perfectly negatively correlated, the marginal 

impact of an increase in cash flow volatility on the credit risk premium is nearly 2.5-

times greater than estimated in the base case (a parameter of 0.75 compared to 0.31).  The 

inclusion of the conditional correlation estimate also increases the R-squared by 6 

percentage points (one-fifth more explanatory power than the base R-squared of 31.6 

percent). 

This conditional dependence is significant because defaults tend to happen in bad 

times.  In the fall of 2008, the conditional volatility of default losses was nearly perfectly 

correlated with macroeconomic risk.  The greater the likelihood of a Great Depression-

like scenario, the greater the loss rate on high yield bonds for a given quantile of the 

cumulative distribution function.  As measured by the ARCH(1) estimate, the conditional 

volatility of expected losses from October 2008 to March 2009 was between two to three 

times the average of the entire sample and more than five times the median.  A default 

loss rate two conditional standard deviations above the expectation for the twelve months 

ending in December 2009 would have equaled 15.1 percent.  Considering that these 

losses would have come when real consumption was contracting (macroeconomic risk at 

its highest), the 18 percent average credit spread on high yield bonds in December 2008 

hardly seems like excessive ex ante compensation for bearing this risk.  These results 



50 
 

make clear that institutional frictions are not needed to generate the large credit risk 

premium observed in late 2008.  Reasonable assumptions for increases in the risk-

aversion parameter,  𝛾𝑡 in equation (32), are all that is required to explain the remaining 

variation in the credit risk premium.  

 

Figure 1.4: Conditional Correlation, Consumption Growth and the Conditional 
Volatility of Default Losses 

 

This figure graphically depicts the 24-month moving average of the correlation between the 
conditional variance of expected default losses and the three month moving average of real 
consumption growth.  The minimum value of -89% was recorded in December 2008.   
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Table 1.13: Origin of the Credit Risk Premium  
 
This table reports the results of three regressions of the credit risk premium on proxies for 
fundamental and macroeconomic risk.  The “fundamental risk” factor is the ARCH(1) estimate of 
the conditional volatility of the residuals from the expected loss forecast in (14).  The 
“macroeconomic risk” factor is the three month moving average of the monthly percentage 
change in personal consumption expenditures.  The final specification reports the “conditional 
fundamental risk factor,” which multiplies the conditional volatility by its correlation with 
consumption growth.  The reported p-values are estimated under asymptotic assumptions.  
 
April 1995-December 2009 
 
𝜆𝑡 = 𝑎 + 𝛽1𝜎(𝐿�𝑡+12)  + 𝛽2𝜎𝑡(Δ𝑐𝑡+1) + 𝑒𝑡. 

  Parameter Estimate T-statistic p-value 
Intercept 0.03 10.42 0.00 
Fundamental Risk, 𝜎𝑡�𝐿�𝑡+12� 0.56 3.69 0.00 
Macroeconomic risk, 𝜎𝑡(Δ𝑐𝑡+1) -6.19 -9.52 0.00 
R-Squared 41.0% 

  
    Full Data Set 
 
𝜆𝑡 = 𝑎 + 𝛽1𝜎(𝐿�𝑡+12)  + 𝛽2𝜎𝑡(Δ𝑐𝑡+1) + 𝑒𝑡. 

 Parameter Estimate T-statistic p-value 
Intercept 0.03 10.83 0.00 
Fundamental Risk, 𝜎𝑡�𝐿�𝑡+12� 0.31 2.37 0.01 
Macroeconomic risk, 𝜎𝑡(Δ𝑐𝑡+1) -4.95 -8.85 0.00 
R-Squared 31.6% 

  
    Full Data, Conditional Correlation of Risk Factors 
 
𝜆𝑡 = 𝑎 + 𝛽1𝜌𝑡𝜎𝑡�𝐿�𝑡+12�  + 𝛽2𝜎𝑡(Δ𝑐𝑡+1) + 𝑒𝑡. 

 Parameter Estimate T-statistic p-value 
Intercept 0.03 16.18 0.00 
Fundamental Risk, 𝜌𝑡𝜎𝑡�𝐿�𝑡+12� -0.75 -4.73 0.00 
Macroeconomic risk, 𝜎𝑡(Δ𝑐𝑡+1) -4.15 -6.42 0.00 
R-Squared 38.0% 

   

 

 

The most compelling evidence in favor of  “institutional finance” explanations for 

expected return variation is the performance of the high yield bond index (and credit 

market investments, more generally) once the market for funding liquidity had been 
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stabilized.  Total returns on high yield bonds in the twelve-month periods ending between 

October 2009 and March 2010 averaged over 56 percent.  These ex post results are seen 

by some as evidence that prices (credit spreads) in late 2008 and early 2009 were too low 

(high) relative to “fundamentals.”  But ex post returns reached such lofty levels precisely 

because an economic disaster was averted, future expected losses fell, and consumption 

growth turned positive.  Institutional frictions could impact the credit risk premium to the 

extent they generate macroeconomic risk by increasing the risk of a banking crisis, for 

example, or increase fundamental risk by reducing the probability that high yield 

borrowers will be able to refinance their outstanding debt.  But the evidence suggests that 

institutional frictions do not generate their own asset price risk outside of these traditional 

economic channels. 

My results are similar to recent work that links credit spreads to macro-

foundations.  Gourio (2011) builds a real business cycle (RBC) model where the credit 

risk premium is partially explained by an exogenously time-varying risk of an economic 

disaster.  The model is based partly on the previous work of Barro (2006), and Wachter 

(2008) that demonstrate how anomalies like the equity premium puzzle can be explained 

through the introduction of low-probability economic disasters like the Great Depression.  

Gourio shows how an increase in the probability of economic disaster leads to reductions 

in asset prices, which increases the probability of default, reduces investment due to 

financial frictions identified by financial accelerator models, and causes expected 

consumption growth to fall as households disinvest in the more risky capital.  In the 

Gourio model, an increase in disaster risk increases uncertainty about future cash flow 

𝜎𝑡�𝐿�𝑡+12� and reduces consumption Δ𝑐𝑡+1.  This result obtains even if the increase in 
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disaster risk is mean-preserving so that the only the second and third moments of the 

distribution of future losses change.  Chen (2011) provides a general equilibrium model 

that relates excess returns on corporate bonds to the equity risk premium.  Cyclical 

variation in marginal utility is shown to generate credit spreads and expected equity 

returns that can seem too large relative to the risk assumed, on average, over the 

economic cycle.  Chen et al. (2009) demonstrate that the consumption-based stochastic 

discount factor of Campbell and Cochrane (1999) is able to explain variation in credit 

spreads.  Gilchrist and Zakrajšek (2011) find that variation in the credit risk premium 

reflects a reduction in the risk appetite of the financial sector and, as a result, a 

contraction in the supply of credit. 

 

1.7 Conclusion 
 

This paper fills a gap in the literature by analyzing the time series, rather than 

cross-sectional, properties of credit spreads and their relationship to default intensities.  I 

use methods common in the equity pricing literature to demonstrate that much of the time 

series variation in the credit spread on high yield bonds is attributable to changes in the 

credit risk premium rather than changes in expected default losses.  I show that the credit 

risk premium can predict high yield bond excess returns and that sensitivity of excess 

returns to the credit risk premium increases as credit quality deteriorates.  I also 

demonstrate that credit spreads predict excess returns only to the extent to which their 

variation is attributable to the credit risk premium.  Evidence of return predictability is 

not evidence of a free lunch, however.  I show that the credit risk premium arises 

endogenously from fundamental and macroeconomic risk factors and that the expected 
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returns of late 2008 were not unreasonable given the increase in the conditional volatility 

of expected cash flows and its nearly perfect conditional correlation with macroeconomic 

risk.   

The evidence suggests that conventional measures of economic risk are able to 

explain the sizeable decline (increase) in fixed income asset prices (credit spreads) in the 

fall of 2008.  Institutional frictions may have contributed to the increase in spreads 

indirectly through their influence on fundamental or macroeconomic risk, but it is 

unlikely that these frictions generated price risk directly through a new, unexplained 

channel.  Future research could focus on the manner in which frictions in the financial 

system generate the economic risk that gives rise to increases in the credit risk premium.  

Promising in this regard is the work of Gilchrist and Zakrajšek (2011), which seeks 

macro-foundations for variation in expected returns by linking the credit risk premium to 

the risk-bearing capacity of the financial system.  Also likely to prove helpful is the paper 

by Borovicka et al. (2011), which provides a framework for measuring the elasticity of 

asset prices with respect to macroeconomic shocks, such as those that arise from 

illiquidity in short-term funding markets.  Future research could also explore the extent to 

which the credit risk premium impacts the time series variation of debt issuance and the 

investment behavior of liquidity-constrained firms.  
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Chapter 2 

 

What Do We Really Know About the Rise in U.S. Residential 
Mortgage Defaults? 

 

Abstract 

I test and reject the hypothesis that an increase in the share of “subprime” mortgages was 

responsible for the surge in U.S. mortgage defaults and subsequent failure of Fannie Mae 

and Freddie Mac.  I demonstrate that changes in observed underwriting criteria between 

2001 and 2008 explain very little of the variation in default rates across origination years.  

The parameters for the 2006 and 2007 origination year dummy variables remain 

statistically and economically significant after controlling for FICO score, LTV, payment 

type, origination channel, interaction terms (subprime ARM), and changes in average 

national house prices.  I show that part of this is likely attributable to the reduced 

documentation requirements and nontraditional amortization schedules of many loans 

originated in those years, but that these product-specific features are not likely to 

represent an exogenous source of variation in mortgage performance.  The results suggest 

that rather than focus on the variation in mortgage underwriting characteristics, 

researchers attempting to explain the surge in defaults and failure of Fannie Mae and 

Freddie Mac should instead focus on the impact of house price dynamics on mortgage 

type, origination volume, and performance. 
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2.1 Introduction 
 
Popular narratives of the origin of the United States housing crisis tend to focus 

on the deterioration in mortgage underwriting standards.  The growth of loans made to 

“subprime” borrowers with poor credit histories is thought by many to be the main driver 

of the mortgage losses incurred from 2007-2010 (Mian and Sufi, 2009 and Meyer et al., 

2009) and the failure of the housing government-sponsored enterprises (GSEs), Fannie 

Mae and Freddie Mac.  I test this hypothesis using data from the Federal Housing 

Finance Administration (FHFA), the regulator for the GSEs.  I find that the variation in 

traditional measures of mortgage credit risk – loan-to-value (LTV) ratios and credit 

scores (FICO) – is not able to explain the surge in mortgage defaults over the 2001-2008 

period.  Default volumes rise about four times more than would be predicted by 

underwriting changes alone. 

I use FHFA data to parameterize a hazard model that measures over 30 

covariates’ marginal contribution to default intensity.  I find that with few exceptions, 

loan performance deteriorates predictability as LTV increases and as FICO scores 

decrease.  However, I find that the origination year of the mortgage (also called its 

“vintage year”) is as significant to default intensity as traditional risk factors after 

controlling for average national house price changes, origination channel, and other 

factors.  This is consistent with Demyanyk and Van Hemert (2009) and Mauer et al. 

(2011) who are also unable to explain elevated defaults in recent origination years after 

controlling for loan characteristics and changes in house prices.  Demyanyk and Van 

Hemert attribute the origination year effect to unobserved heterogeneity in underwriting.  

I use data provided in Fannie Mae and Freddie Mac’s quarterly and annual reports to test 
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this hypothesis with respect to GSE-funded loans.  I find that the share of loans with low-

documentation (so-called “Alt-A mortgages”) and nontraditional amortization schedules 

(interest-only mortgages and option ARMs) increased over the period.  While this helps 

to explain some of the origination-year anomaly, it is difficult to isolate the explanatory 

power of these underwriting changes because these mortgages were concentrated in areas 

where home prices collapsed.  Interest-only mortgages, for example, were nearly five-

times more likely to be “underwater” as of June 2010 as other mortgages despite having a 

smaller share of mortgages with high original LTVs.  This suggests that geographic 

variation in origination volume may be a bigger driver of default rates for these 

mortgages. 

Overall, the data paint a picture that is very different from the prevailing 

narrative.  First, the rise in mortgage defaults has very little to do with the increase in 

subprime mortgages.  The share of subprime mortgages funded by the GSEs ranged 

between 2.6 percent and 6.4 percent of their book of business at the same time 

cumulative default rates increase from two percent to 15 percent.  Second, the increase in 

the default intensities of mortgages originated in 2006-2008 is greater than would be 

expected after controlling for the decline in average national house prices and changes in 

underwriting.  The statistical and economic significance of the origination year 

parameters is anomalous because the same mortgages should have the same expected 

performance irrespective of origination year.  Third, the growth in “nontraditional” 

mortgages like Alt-A and interest-only loans likely explain some of the anomaly, but 

these mortgages were not assigned randomly to borrowers.  These loans were 

concentrated in areas where house prices had the greatest cumulative increase and 
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subsequent decline.  Assuming that an LTV>100 is a necessary but not sufficient 

condition for default, the default rates on these mortgages could not have been generated 

in the absence of geographic concentration in areas with the greatest house price 

volatility.  This suggests that the ultimate source of the elevated default rates on these 

mortgages is not their product-specific features, but rather the house price dynamics that 

gave rise to their origination.        

 
2.2 Previous Research 

 
Since Foster and Van Order (1984), empirical work on mortgage default has 

generally adopted an option-theoretic framework.  A borrower’s decision to default is a 

“put” option that is optimally exercised whenever the market value of the property falls 

below the outstanding principal balance on the mortgage (i.e., the market LTV exceeds 

100).  Since the market LTV is essentially the same as the market assets-to-liabilities 

ratio used in structural default models for corporate debt (Merton, 1974), it is logical to 

consider mortgage default in the same theoretical context.  However, as noted by Foster 

and Van Order, the evidence is clear that borrowers do not default as ruthlessly as option 

theory would imply.   

First, exercising the “put” requires the borrower to lose her home, move to a new, 

potentially less desirable location, and incur significant reputational costs that reduce 

future borrowing capacity.  Taken together, the damaged credit rating and moving 

expense create frictions that make ruthless default somewhat unrealistic.  Quigley and 

Van Order (1995) rely on a large dataset of mortgage loans originated between 1975 and 

1989 and find that transaction costs reduce the frequency with which the put option is 

exercised.  The variation in observed loss severities also suggest that the timing of option 
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exercise differs substantially across defaults.  However, their data do find a nonlinear 

relationship between default rates and LTV, which provides strong qualitative support for 

the general applicability of the option approach.   Case et al. (1995) also demonstrate that 

the best predictor of mortgage default is the market LTV on the loan, which allows 

default risk to be hedged through futures positions in a regional house price index.  

Beyond transaction costs, there is the more fundamental question of whether the 

basic option analogy holds.  As explained by Lacour-Little (2007), the “put” written to 

the borrower is not an explicit option contemplated in the lending agreement.  Rather, it 

is a breach of contract and foreclosure is a remedy exercised by the lender in response to 

it.  For this reason, the decision to exercise the implied option could be fraught with 

moral and ethical considerations not present in situations where the option is explicit 

(Guiso et al., 2011).  Secondly, since the option is not a formal contract feature, it is not 

clear that a borrower can extinguish the debt by exercising the option.  The basic 

presumption behind the option-theoretic approach is that the mortgage loan is non-

recourse, but this is not always the case (Vandell, 1995).  In some states, lenders can seek 

deficiency judgments against strategic defaulters.  Gent and Kudlyak (2011) find that 

borrowers with negative equity are 30 percent more likely to default in non-recourse 

states and the increased likelihood of default in these states increases with the appraised 

value of the property. 

Finally, the under-exercise of the put option has been explained in the context of a 

“trigger event” theory where a market LTV>1 is a necessary, but not sufficient condition 

for default (Vandell, 1995).  This theory assumes that some negative event like a job loss, 

divorce, or other development forces the borrower to leave the house.  The trigger could 
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be better described as a liquidity shock, as the same negative income shock could have a 

different impact on default outcomes depending on the strength of the borrower’s balance 

sheet (Elul et al., 2011).  A liquid borrower with other financial assets may rationally 

decide to wait to see if house prices recover before exercising the option Kau et al. 

(1994).   

An underwater mortgage is generally still considered to be a necessary condition 

for default because the liquidity shock can be resolved through a prepayment when the 

borrower has equity in the home.  A household that loses its principal source of income 

may no longer be able to afford to remain in its home, but could avoid foreclosure by 

selling the property to retire outstanding mortgage debt and generate liquidity equal to the 

remaining equity in the home (net of transaction costs).  The “call option” to prepay and 

its relationship to mortgage interest rates and liquidity shocks has resulted in a broader 

“mortgage termination” literature that focuses on the simultaneity of the options and the 

fact that the exercise of one generally results in the forfeiture of the right to exercise the 

other (Deng et. al, 2000).  The key intuition is that default and prepayment are not 

independent risks. 

The most widely used instrument for predicting the probability of illiquidity is a 

borrower’s credit score, the most common of which is FICO, a proprietary algorithm 

formulated by the Fair Issac Corporation.  According to the Federal Reserve (2007), 

payment history accounts for about 35 percent of the FICO score’s predictive accuracy; 

consumer indebtedness accounts for about 30 percent; length of credit history, 15 

percent; and types of credit used and acquisition of new credit, each about 10 percent.  

Although income and volatility of income are not included in the calculation of FICO, 
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low credit scores signal higher probability of encountering a future liquidity shock and an 

inability to endure such a shock without arrearages (Agarwal et al., 2006).  FICO’s 

reliability as a predictor of illiquidity accelerated the trend towards automated 

underwriting (Straka, 2000).  By the middle of the last decade, initial LTV and FICO 

score became the most critical metrics mortgage credit analysts used to evaluate default 

probability (Mayer et al., 2009).   

Interestingly, FICO not only estimates the likelihood of illiquidity, but also 

provides an estimate of the borrower’s opportunity cost of strategic default behavior.  A 

borrower with a low FICO score would suffer less damage to his reputation and would 

face a smaller decline in future borrowing capacity due to a mortgage default.  For this 

reason, FICO may increase the predictive power of LTV in addition to providing 

important information in its own right.  Although the debt-to-income ratio receives much 

attention as a mortgage “affordability” measure, its significance is dismissed by Foote et 

al. (2009).  They find that the debt-to-income ratio at the time of origination is not a 

strong predictor of future mortgage default.  Default is driven by the interaction of 

negative equity and liquidity shocks and in the presence of variables that proxy for these 

factors, the debt-to-income ratio has little predictive power.   

 
2.3 Background on the U.S. Residential Mortgage Market 
 

The U.S. residential mortgage market has three main segments: the “agency” 

market where mortgages are funded by debt and mortgage-backed securities (MBS) 

issued by the housing government-sponsored enterprises (GSEs), Fannie Mae and 

Freddie Mac; the “private label securities” (PLS) segment where mortgages are funded 
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by the issuance of “non-agency” MBS; and bank finance where mortgages are funded 

through deposits or other bank liabilities.  Banks were once the dominant source of 

mortgage financing, but their market share declined from about 75 percent of all 

mortgages in the mid-1970s to about one-third of home mortgages in 2008 (Federal 

Reserve).   This rendered banks’ financial condition largely irrelevant to the supply of 

mortgage loans in most market segments (Loutskina and Strahan, 2009).  All debt and 

MBS issued by Fannie Mae and Freddie Mac are AAA rated thanks to the federal support 

implied by their government sponsorship.  About 80 percent of PLS received AAA 

ratings thanks to the credit support provided by the subordinated 20 percent of securities 

that served as a first loss buffer.  

Prior to 2000, PLS were used largely to fund “jumbo” mortgages, which are 

mortgages with principal balances in excess of the “conforming loan limit” and ineligible 

for purchase by Fannie and Freddie.  In the late 1990s, a market for MBS backed by 

“subprime” loans began to develop.  While “subprime” has no legal definition, it is 

generally used to refer to loans made to borrowers with poor credit histories and low 

down payments (Mayer et al., 2009).  Mian and Sufi (2009) define “subprime” as 

mortgages issued to borrowers with a FICO score of less than 660.  This threshold was 

generally understood to be the minimum credit score required to meet the GSEs 

underwriting criteria.  Pennington-Cross (2003) defines “subprime” as a mortgage with a 

contract interest rate 100 basis points greater than the average rate of a GSE-funded 

mortgage.  Pennington-Cross also points out that, as of 2003, “subprime” referred mainly 

to the identity of the lender.  Until that time, research on “subprime” loans relied on a 

Department of Housing and Urban Development (HUD) list of lenders found to be 
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primarily in the business of subprime lending based on a review of trade magazines and 

publications.   

Between 1998 and 2007, the total stock of mortgages outstanding financed by 

PLS grew from 9.6 percent to 27.4 percent (Federal Reserve).  This increase was driven 

by huge increases in the PLS share of annual issuance volume.  Between 2004 and 2006, 

the PLS share of total MBS issuance ranged between 46 percent and 56 percent compared 

to less than 10 percent in the 1990s (FHFA).  The share of “jumbo” loans serving as 

collateral for PLS stayed roughly constant during this period, which suggests the bulk of 

the mortgage loan collateral for PLS came from loans that did not meet the GSEs’ credit 

underwriting criteria.  According to FHFA, subprime mortgages accounted for between 

18 percent and 20 percent of all mortgage originations between 2004 and 2006, with 

home equity loans (second liens on residential real estate) adding an additional 11 percent 

to 14 percent.   

 
2.4 Data 
 

In October 2010, the FHFA released a research database that provides 90+ day 

delinquency rates on 3,072 mortgage categories sorted by LTV and FICO category, 

payment type (fixed or adjustable rate), and funding channel (GSE or PLS), originated 

over eight vintage years (2001 to 2008).  All loans included in the data are first liens.  

These data measure the dollar value of loans originated in each category for each year 

and the percentage of loans in each category that were ever 90-days or more delinquent 

by December 31, 2009.  In total, the FHFA data cover more than $10.5 trillion in loan 

volume from the 2001-2008 period, including all single-family mortgages acquired by the 
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GSEs ($8.6 trillion) and a representative sample of $1.9 trillion PLS-funded loans 

provided by CoreLogic’s LoanPerformance database.     

These data have several important disadvantages relative to loan-level data.  First, 

the location of the individual mortgage loans is unknown.  This limits the ability to 

measure the impact of regional house price variation and unemployment rates on loan 

performance.  Secondly, there are no prepayment data available.  All that is reported is 

the percentage of loans in each category that have ever defaulted (been 90-days or more 

delinquent).  This means that the average life of each mortgage category could differ 

substantially across origination years, which complicates “time to event” analyses 

common in empirical work.  Finally, the data are categorized as either fixed or adjustable 

rate.  There are no additional categories to account for hybrids, or different amortization 

schedules.   

Despite these drawbacks, the FHFA data provide the most comprehensive look at 

the mortgage credit risk exposure of the GSEs, the changes in the types of loans that 

collateralized GSE MBS over the 2001-2008 period, and the credit performance of these 

loans.  Available loan-level data from servicers (Lender Processing Services (LPS) used 

in Foote et. al., 2009) provide spotty coverage of GSE-funded loans, while the CoreLogic 

LoanPerformance data (used in Demanyak and Van Hemert, 2009) exclude GSE loans 

entirely.  The FHFA data is the only source, to my knowledge, that provides the LTV, 

payment type, FICO score, and default rate for the entire $8.6 trillion in GSE-funded 

origination volume from 2001 to 2008.    

Table 2.1 provides a summary of the dollar volume of mortgages originated and 

defaulted by vintage year, payment type, and funding channel.  The PLS loan sample is 
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concentrated in the middle of the decade, with 73 percent of all loans originated between 

2004 and 2006.  GSE loans were more evenly distributed across years, with 2003 the 

only year to account for more than 16 percent of the total.  Interestingly, the GSEs bought 

roughly the same annual dollar volume of loans in 2004-2006 when their market share 

dipped to 40 percent as they did in 2001-2002 and 2007-2008 when their market share 

exceeded 70 percent.  This suggests that the PLS market share gains in 2004-2006 were 

largely due to expanding the size of the overall residential mortgage market.  The 2005-

2007 vintage years account for 76 percent of defaulted PLS loans and two-thirds of 

defaulted GSE loans.  Cumulative default rates on PLS-funded mortgages originated in 

2006-2007 exceeded 40 percent, while the default rate on these GSE loans exceeded 13 

percent.   

Table 2.2 segments the mortgages by payment type (fixed or adjustable rate), 

FICO score, and LTV at origination.  Panel A reports the results of PLS-funded loans, 

while Panel B reports the results for GSE loans.  The first column under each year 

provides the share of all loans in each category for that year.  The second column under 

each year provides the percentage of such loans that defaulted (i.e. were ever 90-days 

delinquent as of December 31, 2009).  “Prime” loans are defined in this table as loans 

with LTV<90 and FICO>660.  The FICO threshold is based on Mian and Sufi (2009).  

The LTV threshold is based on GSE regulatory filings (10-K and 10-Q), which informed 

investors of the share of new loan volume with LTVs above this threshold.  Both 

thresholds are subjective; many analysts use a 620 FICO score as the threshold for 

“subprime” (Chinloy and Macdonald, 2005), while an LTV of 80 or less is generally 

required to avoid primary mortgage insurance or other forms of credit enhancement.   
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Table 2.1: Summary Statistics 
 
This table summarizes the data used in the analysis.  Loans are grouped by funding channel (GSE 
or PLS), payment type (FRM or ARM), and origination year.  The top panel reports all loans 
originated, the middle panel reports loans that have defaulted (defined as having ever been more 
than 90 days delinquent), and the bottom panel reports the dollar-weighted default volume by 
year.   
 
 
PLS 

 
    GSE 

   Dollar Volume of Loans ($M) Dollar Volume of Loans ($M) 

  FRM ARM % of 
Total   FRM ARM % of 

Total 
2001 $25,003.74 $39,517.21 3.3% 2001 $947,431.06 $41,630.28 11.5% 
2002 $42,087.68 $78,370.09 6.2% 2002 $1,200,125.01 $119,357.55 15.4% 
2003 $89,278.86 $143,983.27 12.1% 2003 $1,629,124.94 $181,256.80 21.1% 
2004 $105,072.12 $323,610.50 22.2% 2004 $700,067.54 $186,962.92 10.3% 
2005 $142,016.96 $408,713.97 28.5% 2005 $730,187.20 $167,152.44 10.5% 
2006 $130,672.31 $298,609.74 22.2% 2006 $727,953.73 $147,245.42 10.2% 
2007 $42,460.79 $61,622.83 5.4% 2007 $907,938.49 $103,297.99 11.8% 
2008 $137.58 $157.21 0.0% 2008 $734,884.05 $51,122.29 9.2% 
Total $576,730.03 $1,354,585 $1,931,315 Total $7,577,712.00 $998,025.69 $8,575,738 

        PLS 
   

GSE 
   Dollar Volume of Defaulted Loans ($M) Dollar Volume of Defaulted Loans ($M) 

  FRM ARM % of 
Total  FRM ARM % of 

Total 
2001 $4,103.93 $8,905.89 2.5% 2001 $23,439.16 $904.32 4.8% 
2002 $4,880.78 $13,183.75 3.5% 2002 $27,103.43 $2,156.57 5.8% 
2003 $8,453.72 $19,086.29 5.3% 2003 $41,205.97 $4,530.55 9.0% 
2004 $13,076.04 $51,727.72 12.5% 2004 $29,551.06 $9,011.59 7.6% 
2005 $27,908.19 $129,962.68 30.4% 2005 $49,971.64 $19,646.12 13.8% 
2006 $42,467.54 $151,066.42 37.3% 2006 $80,898.41 $34,398.34 22.8% 
2007 $13,476.65 $30,508.56 8.5% 2007 $120,589.56 $29,695.31 29.7% 
2008 $13.98 $28.79 0.0% 2008 $30,318.27 $2,649.60 6.5% 
Total $114,380.82 $404,470.10 $518,851 Total $403,077.50 $102,992.40 $506,070 

        PLS 
   

GSE 
   Dollar-Weighted Default Rate Dollar-Weighted Default Rate 

  FRM ARM Total  FRM ARM Total 
2001 16.4% 22.5% 20.2% 2001 2.5% 2.2% 2.5% 
2002 11.6% 16.8% 15.0% 2002 2.3% 1.8% 2.2% 
2003 9.5% 13.3% 11.8% 2003 2.5% 2.5% 2.5% 
2004 12.4% 16.0% 15.1% 2004 4.2% 4.8% 4.3% 
2005 19.7% 31.8% 28.7% 2005 6.8% 11.8% 7.8% 
2006 32.5% 50.6% 45.1% 2006 11.1% 23.4% 13.2% 
2007 31.7% 49.5% 42.3% 2007 13.3% 28.7% 14.9% 
2008 10.2% 18.3% 14.5% 2008 4.1% 5.2% 4.2% 
Total 19.8% 29.9% 26.9% Total 5.3% 10.3% 5.9% 
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Mortgage categories with both risk factors – LTVs in excess of 90 and FICO 

scores less than 660 – are referred to as “Risk Layered.”  (These loans are also included 

in their respective categories so the percentage of loans in either category requires 

subtracting the share of risk-layered loans from the sum).  These “Risk Layered” 

mortgages are the closest analogue to what could be considered “subprime” loans. 

Table 2.2 makes it clear that the typical PLS-funded mortgage was very different 

from that funded by the GSEs.  Over 70 percent of PLS-funded loans originated between 

2004 and 2006 were adjustable rate while more than 50 percent had borrower FICO 

scores of less than 660 (summing across the ARM and FRM rows).  By comparison, 

fixed rate mortgages (FRMs) accounted for 90 percent of GSE-funded originations until 

2004 when the number fell to just under 80 percent.  Loans made to low-FICO borrowers 

accounted for just over 15 percent of GSE-funded loans, on average.  A large portion of 

the PLS ARMs are likely “hybrid” loans where a low “teaser” rate later adjusts after a 

period of two to three years (Demanyak and Van Hemert, 2009).  

Table 2.3 reports the share of high-risk mortgages originated in each year by 

funding channel.  The PLS loans appear to improve in quality over this period, as the 

share of risk-layered loans falls for eight consecutive years.  This is somewhat 

misleading, however, because 2004-2006 vintages account for nearly three-fourths of 

total mortgages.  During these years, risk-layered loans averaged about 12 percent of total 

mortgage volume.  High-risk loans (low FICO, high LTV, or both) accounted for an 

average of 57 percent of all mortgages during this period.  The GSE portfolio was much 

more conservative by comparison.  Risk-layered loans account for an average of 3.6 
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percent of all loans, with a high of 6.4 percent in 2007.   High-risk loans account for one 

quarter of business volume, on average, but this share increased to 32.8 percent in 2007.   

 

Table 2.2: Loan Share and Performance by LTV and FICO Score 
 
Panels A and B provide the annual origination share (first column under each year) and 
cumulative default rate as of December 31, 2009 (second column) for eight categories of 
mortgages originated between 2001 and 2008.  “Risk-layered” loans are loans that have both an 
LTV at origination greater than 90 and a FICO score of less than 660.  Panel A provides data for 
PLS-funded mortgages while Panel B provides the same data for GSE-funded loans.      
 
Panel A: Performance of PLS-Funded Mortgage Loans by Category 
 

 
2001 2002 2003 2004 

  
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
Fixed Rate 38.8% 16.4% 34.9% 11.6% 38.3% 9.5% 24.5% 12.4% 

Prime 10.7% 5.8% 12.1% 4.3% 15.8% 4.1% 10.6% 6.6% 
Risk Layered 5.7% 28.2% 4.6% 23.2% 4.1% 19.7% 2.2% 24.0% 
LTV>90 12.4% 17.7% 10.6% 14.6% 9.8% 13.2% 5.1% 17.2% 
FICO<660 21.3% 24.1% 16.8% 18.1% 16.7% 14.8% 11.1% 18.2% 

ARM 61.2% 22.5% 65.1% 16.8% 61.7% 13.3% 75.5% 16.0% 
Prime 7.3% 8.4% 12.3% 5.3% 15.8% 4.7% 26.9% 8.9% 
Risk Layered 12.1% 24.7% 12.4% 21.2% 12.9% 19.4% 11.9% 24.6% 
LTV>90 14.9% 22.3% 16.2% 18.6% 17.7% 16.6% 17.2% 21.1% 
FICO<660 51.2% 25.2% 49.0% 20.2% 41.2% 17.0% 43.2% 20.7% 

Total 100.0% 20.2% 100.0% 15.0% 100.0% 11.8% 100.0% 15.1% 

         
 

2005 2006 2007 2008 

  
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
Fixed Rate 25.8% 19.7% 30.4% 32.5% 40.8% 31.7% 46.7% 10.2% 

Prime 14.2% 13.7% 15.7% 25.7% 22.2% 23.2% 39.1% 7.9% 
Risk Layered 1.6% 35.1% 2.4% 47.4% 3.1% 50.9% 0.8% 0.0% 
LTV>90 3.4% 27.5% 4.4% 39.8% 6.7% 42.3% 5.9% 28.4% 
FICO<660 9.8% 28.1% 12.7% 41.1% 14.9% 43.6% 2.5% 3.5% 

ARM 74.2% 31.8% 69.6% 50.6% 59.2% 49.5% 53.3% 18.3% 
Prime 28.7% 26.1% 30.7% 44.8% 28.9% 41.2% 46.2% 14.4% 
Risk Layered 9.5% 39.8% 8.1% 59.2% 6.4% 61.5% 0.0% 0.0% 
LTV>90 14.0% 36.3% 12.2% 56.2% 12.7% 57.9% 6.0% 46.9% 
FICO<660 41.0% 36.1% 34.7% 55.7% 24.0% 58.4% 1.1% 27.4% 

Total 100.0% 28.7% 100.0% 45.1% 100.0% 42.3% 100.0% 14.5% 
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Panel B: Performance of GSE-Funded Mortgage Loans by Category 
 

 
2001 2002 2003 2004 

  
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
Fixed Rate 95.8% 2.5% 91.0% 2.3% 90.0% 2.5% 78.9% 4.2% 

Prime 68.2% 1.0% 68.9% 0.9% 71.7% 1.3% 58.2% 2.2% 
Risk Layered 4.1% 12.9% 3.1% 13.1% 2.3% 15.6% 3.1% 18.8% 
LTV>90 15.2% 5.8% 11.1% 6.4% 8.5% 7.7% 10.3% 10.3% 
FICO<660 16.5% 8.2% 14.1% 7.8% 12.1% 8.6% 13.6% 11.7% 

ARM 4.2% 2.2% 9.0% 1.8% 10.0% 2.5% 21.1% 4.8% 
Prime 3.0% 0.8% 6.7% 0.8% 7.7% 1.5% 16.3% 3.6% 
Risk Layered 0.1% 10.8% 0.3% 9.3% 0.3% 12.0% 0.7% 16.1% 
LTV>90 0.6% 4.2% 1.1% 4.5% 1.2% 6.1% 2.4% 9.2% 
FICO<660 0.7% 7.9% 1.5% 5.7% 1.4% 7.1% 3.0% 10.4% 

Total 100.0% 2.5% 100.0% 2.2% 100.0% 2.5% 100.0% 4.3% 

         
 

2005 2006 2007 2008 

  
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
% of 

Loans 
Default 

Rate 
Fixed Rate 81.4% 6.8% 83.2% 11.1% 89.8% 13.3% 93.5% 4.1% 
  Prime 61.2% 4.3% 61.1% 7.6% 59.6% 7.6% 72.4% 2.2% 
  Risk Layered 2.8% 25.0% 3.6% 33.8% 6.2% 39.3% 1.7% 25.6% 
  LTV>90 9.7% 14.5% 11.3% 20.6% 19.6% 24.9% 14.7% 9.2% 
  FICO<660 13.2% 16.9% 14.3% 24.1% 16.7% 29.3% 8.2% 16.4% 
ARM 18.6% 11.8% 16.8% 23.4% 10.2% 28.7% 6.5% 5.2% 
  Prime 15.0% 10.4% 13.2% 19.9% 7.6% 22.5% 5.6% 3.9% 
  Risk Layered 0.3% 24.9% 0.3% 42.9% 0.3% 57.2% 0.0% 29.6% 
  LTV>90 1.5% 17.7% 1.2% 34.8% 1.2% 46.9% 0.7% 11.6% 
  FICO<660 2.5% 18.4% 2.7% 37.1% 1.7% 48.1% 0.3% 17.3% 
Total 100.0% 7.8% 100.0% 13.2% 100.0% 14.9% 100.0% 4.2% 
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Table 2.3: Share of High Risk Mortgage Loans 
 
This table reports the share of high-risk mortgage loans originated between 2001 and 2008.  Risk-
layered loans have both an LTV>90 and a FICO score < 660.  The “Total” column equals 
FICO<660 loans + LTV>90 loans – risk-layered. 
 
PLS-funded Mortgage Loans, 2001-2008 

   Risk-Layered FICO<660 LTV>90 Total 
2001 17.8% 72.5% 27.3% 82.0% 
2002 16.9% 65.8% 26.8% 75.6% 
2003 16.9% 57.8% 27.5% 68.4% 
2004 14.1% 54.3% 22.3% 62.5% 
2005 11.1% 50.8% 17.4% 57.1% 
2006 10.5% 47.5% 16.6% 53.6% 
2007 9.5% 38.9% 19.4% 48.9% 
2008 0.8% 3.6% 11.9% 14.7% 

     GSE-funded Mortgage Loans, 2001-2008 
   Risk-Layered FICO<660 LTV>90 Total 

2001 4.2% 17.2% 15.7% 28.7% 
2002 3.4% 15.6% 12.2% 24.4% 
2003 2.6% 13.5% 9.6% 20.6% 
2004 3.8% 16.6% 12.7% 25.5% 
2005 3.1% 15.7% 11.2% 23.8% 
2006 3.9% 17.0% 12.5% 25.6% 
2007 6.4% 18.4% 20.8% 32.8% 
2008 1.8% 8.5% 15.3% 22.0% 

 

While GSE loans were much higher quality than PLS loans, Tables 2.2 and 2.3 

provide evidence that GSE underwriting standards deteriorated somewhat over the 

period.  The share of ARMs funded by the GSEs also increased substantially during the 

early part of the sample, from just 4.2 percent of loans in 2001 to 21.1 percent of loans in 

2004.  However, the increase in the share of risky loans funded by the GSEs was modest 

relative to the increase in default rates on all types of loans across vintage years.  As 

reported in Panel B of Table 2.2, the default rate on prime FRM loans increased from 1.0 

percent in 2001 to 7.6 percent in 2007, a 7.6-times increase.  Every category of GSE-
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funded mortgages originated in 2007 defaulted at more than 2.9 times the 2001 rate for 

the same category.  The rise in default rates was especially pronounced for 2006 and 

2007 prime ARMs, which defaulted at 26-to-29-times the 2001 rate.  While the 

performance of ARMs originated in 2001 was boosted by a decline in interest rates, PLS 

ARMs originated in 2006 and 2007 defaulted at 4-to-5-times the 2001 rate, suggesting 

that interest rate variation can explain small share of this change in relative performance.   

To put the increase in default rates into context, consider that if the “risky” 2007 

GSE loan portfolio were the exact same composition as the more conservative 2003 

portfolio but defaulted at the 2007 rates for each category, the total default rate on the 

2007 vintage would have been 10.74 percent.  This is only 4.16 percentage points (28 

percent) less than the actual 2007 default rate, as of December 31, 2009.  By comparison, 

if the 2003 portfolio had been constructed to match the more risky 2007 portfolio but 

defaulted at the 2003 rates for each category, the default rate would have been 3.79 

percent, which would have been just 1.3 percentage points greater (1.51-times) than the 

realized 2003 default rate of 2.5 percent.  The summary statistics suggest that variation in 

default rates across vintage years rather than declines in underwriting were the main 

driver of defaulted loan volumes and eventual credit losses at the GSEs. 

 
2.5 Default Model 
 

To measure the marginal impact of the various risk factors on default intensity, I 

estimate a proportional hazards model.  The FHFA-reported cumulative default rate, 𝑑 on 

mortgage category 𝑖 originated in vintage year 𝑣 as of December 31, 2009 is converted to 

a constant hazard rate ℎ through 
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 𝑑𝑖,𝑣 = 1 − 𝑒−ℎ𝑖,𝑣𝑡𝑣 , (1)  

 

where 𝑡𝑣 represents the number of years elapsed between mortgage origination and 

termination for vintage year 𝑣.  I assume that each loan in the vintage is originated on 

June 30 of the year.  For all vintage years between 2003 and 2008, 𝑡𝑣 is calculated as the 

number of years that elapsed between June 30 of that year and December 31, 2009.  For 

example, if a loan were originated in 2004, 𝑡 would equal 4.5.  For loans originated in 

2001 and 2002, I estimate 𝑡 using a PSA model that estimates the number of months until 

50.1 percent of mortgage holders would refinance.  This is done because the average 

mortgage rates for 2001 and 2002 were 6.97 percent and 6.52 percent, respectively 

(Freddie Mac survey).  From 2003-2005, mortgage rates averaged 5.8 percent, a 100 

basis point decline relative to 2001 that set off a large wave of refinance activity that 

shortened the effective exposure time of 2001-2002 vintage year mortgages.  Based on 

estimated prepayment rates, 𝑡 equals 2.09 for 2001 and 3.26 for 2002.  This adjustment 

results in a distribution of loans across vintage years as of December 31, 2009 that is 

largely consistent with data reported by the GSEs.  Over half of the GSE-funded loans in 

the sample outstanding as of December 31, 2009 were pre-2006 vintage year loans, of 

which 36 percent were originated prior to 2005.  According to GSE data, mortgages 

originated in 2006 and 2007 accounted for slightly more than 30 percent of loans 

outstanding as of December 31, 2009, which is very close  to these vintages’ 32 percent 

share of outstanding loans in this analysis after the prepayment adjustment.     

The constant, annualized hazard rate for mortgage category 𝑖 originated in vintage 

year 𝑣 equals    
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ℎ𝑖,𝑣 =

−𝑙𝑛 (1 − 𝑑𝑖,𝑣)
𝑡𝑣

. (2)  

 

The natural log of the hazard rate estimated in equation (2) is the endogenous variable in 

a maximum likelihood estimation of the marginal default contribution of 32 mortgage 

categories reported in Table 2.4.  If these covariates (including vintage year) form a 

vector 𝒙𝒊, the hazards model can be estimated as 

 

 𝑙𝑛�ℎ𝑖,𝑣� = 𝒙𝒊,𝒗𝛽𝑖,𝑣. (3)  

 

Since 𝑒𝛼+𝛽1𝑋1+𝛽2𝑋2+⋯+𝛽𝑛𝑋𝑛 = 𝑒𝛼𝑒𝛽1𝑋1+𝛽2𝑋2+⋯+𝛽𝑛𝑋𝑛, equation (3) is equivalent to  

 

 ℎ𝑖 = ℎ0𝑒𝒙𝒊𝛽𝑖 , (4)  

 

where ℎ0 provides the “baseline” hazard rate and the parameters measure the 

exponentiated marginal effect of the explanatory variables on the baseline hazard. 
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Table 2.4: Categorical Variables Used in the Analysis 
 
Baseline Mortgage Category: (1) Originated in 2001; (2) Borrower’s FICO>740; (3) LTV at 
origination <60; (3) Funded by private label securities (PLS); (4) fixed-rate mortgage (FRM). 
 
Categorical Covariates: 
 
FICO 0 - 619.9:  Loans where the borrower’s FICO score was less than 620. 
FICO 620 - 639.9: Loans where the borrower’s FICO score was between 620 and 639. 
FICO 640 - 659.9: Loans where the borrower’s FICO score was between 640 and 659. 
FICO 660 - 679.9: Loans where the borrower’s FICO score was between 660 and 679. 
FICO 680 - 699.9: Loans where the borrower’s FICO score was between 660 and 679. 
FICO 700 - 719.9: Loans where the borrower’s FICO score was between 660 and 679. 
FICO 720 - 739.9: Loans where the borrower’s FICO score was between 660 and 679. 
ARM:   Adjustable-rate mortgage loans. 
GSE:   Loans funded by Fannie Mae or Freddie Mac 
2002 vintage:  Loans originated in 2002. 
2003 vintage:  Loans originated in 2003. 
2004 vintage:  Loans originated in 2004. 
2005 vintage:  Loans originated in 2005. 
2006 vintage:  Loans originated in 2006. 
2007 vintage:  Loans originated in 2007. 
2008 vintage:  Loans originated in 2008. 
LTV 60 - 69.9:  Loans with an LTV at origination of between 60 and 69.9 
LTV 70 - 74.9:  Loans with an LTV at origination of between 70 and 69.9 
LTV 75 - 79.9:  Loans with an LTV at origination of between 75 and 69.9 
LTV 80.00:  Loans with an LTV at origination of 80. 
LTV 80.1 - 84.9: Loans with an LTV at origination of between 60 and 69.9 
LTV 85 - 89.9:  Loans with an LTV at origination of between 60 and 69.9 
LTV 90.00:   Loans with an LTV at origination of 90. 
LTV 90.1 - 94.9: Loans with an LTV at origination of between 90.1 and 94.9 
LTV 95 - 97.4:  Loans with an LTV at origination of between 95 and 97.4 
LTV 97.5 - 104.9: Loans with an LTV at origination of between 97.5 and 104.9 
LTV 105 +:  Loans with an LTV at origination of more than 105. 
2007ARM:  Interaction term for ARMs originated in 2007 
2006ARM:  Interaction term for ARMs originated in 2006 
2005ARM:  Interaction term for ARMs originated in 2005 
SubARM:  Interaction term for ARMs with a borrower’s FICO score of <620. 
MarketLTV:  Estimate for the mortgage category’s average LTV as of termination 

 

To account for the average impact of house price changes, I construct a “market 

LTV” variable that adjusts the LTV at origination (𝐿𝑇𝑉𝑜𝑟𝑖𝑔.) based on the change in 

national house prices.  The LTV at origination is multiplied by the ratio between the 

cumulative principal amortization of the mortgage loan balance and the change in house 

prices from June 30 of the origination year to the mortgage termination date (December 
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31, 2009 in all cases other than the 2001 and 2002 mortgages).  The index used to 

measure the change in national house prices is the Case and Shiller 20-city Composite 

Index.  The index is analogous to a capitalization weighted stock index, where the index 

value represents the total capitalization of the quality-adjusted housing stock in the 20 

metro areas.  Formally, the calculation of Market LTV (MLTV) is  

 

 
𝑀𝐿𝑇𝑉 = 𝐿𝑇𝑉𝑜𝑟𝑖𝑔. ∙

(1 − 𝑝)

�𝐶𝑆𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝐶𝑆𝑜𝑟𝑖𝑔.
�

, (5)  

 

where 𝑝 is the principal amortization on a 30-year mortgage from time of origination to 

termination, 𝐶𝑆𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛 is the 20-city composite index at the time of mortgage 

termination, and 𝐶𝑆𝑜𝑟𝑖𝑔. is the reading of the house price index at the time of origination.  

I refer to the ratio in (5) as the adjustment factor 𝛼𝑣 for each vintage year 𝑣.  Since the 

adjustment factor is the same for every mortgage originated in that year, MLTV is a 

linear function of the original LTV and origination year.   This makes its associated 

parameter a continuous interaction term that cannot be interpreted in isolation in 

probability models (Ai and Norton, 2003).7 To adjust the estimated vintage year 

coefficients to incorporate the effect of MLTV, I calculate an adjusted vintage year 

parameter, 𝜃∗ for vintage year 𝑣 as 

 

 𝜃𝑣∗ = 𝐿𝑇𝑉𝑣𝑚�(𝛼𝑣 − 𝛼2001) + 𝜃𝑣, (6)  

 

                                                 
7 Ai and Norton show that the interaction effect in nonlinear models depends on other coefficients and the 
values of explanatory variables at which it is evaluated.  This is because the conditional probability of 
default (dependent variable) is bounded between zero and one for any time interval, which mechanically 
restricts the parameter estimate for the continuous variable. 
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where 𝐿𝑇𝑉𝑣 is the weighted average LTV at origination for vintage year 𝑣,  𝛼2001 is the 

adjustment factor in the baseline vintage year of 2001, 𝛼𝑣 is the adjustment factor for 

vintage year 𝑣, 𝑚�  is the estimated MLTV parameter, and 𝜃𝑣 is the estimated vintage year 

𝑣 parameter prior to adjustment. 

 

2.6 Results 
 

Table 2.5 reports the results from estimating five “nested” models from the full 

data set.  The baseline mortgage category is a 2001 fixed rate mortgage funded by PLS 

with an LTV<60 and a borrower FICO score >740.  The baseline hazard rate is assumed 

to be constant.    Model 1 excludes the Market LTV variable and the interaction terms for 

adjustable rate mortgages.  All LTV and FICO categories are statistically significant and 

have signs consistent with expectations.  Default intensity rises nonlinearly as FICO 

score declines.   The parameter estimate for a 700 FICO loan is 0.80, which means a 

mortgage with a borrower’s FICO score of 700 has a default intensity that is 2.2 times 

greater than a mortgage with a borrower’s FICO score greater than 740 (the baseline), 

holding other factors constant.8  The estimated parameter rises to 1.99 for a borrower 

with FICO<620, or 7.3 times the default intensity of the baseline.   

Default intensity also generally rises exponentially with LTV at origination, but 

there are exceptions.  The parameter for 80<LTV<85 and 90<LTV<95 mortgages are 

both less than the parameters for 80 LTV and 90 LTV mortgages, respectively (the same 

is true for LTV>105, although this is a special category).  This anomaly is likely due to 

moral hazard arising from the special significance of these thresholds.  An 80 LTV loan 

                                                 
8 This is the parameter estimate exponentiated, i.e. e0.80=2.22. 
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is precisely the threshold required to avoid mortgage insurance or other forms of credit 

enhancement.  Similarly, 90 LTV is an important threshold for mortgage insurance 

pricing (Van Order and Zorn, 2000).  Being on the “right side” of these thresholds also 

increases the ease with which loans can be securitized.  The fact that loans that barely 

meet these thresholds perform worse than those that do not supports the moral hazard 

thesis of Keys et al. (2010) that originators have a greater incentive to fund loans that 

meet certain “rules of thumb” rather than carefully screen borrowers’ credit quality.   

Perhaps most interestingly, the parameter estimates for vintage years are 

statistically significant and have huge economic significance as well.  The parameter 

estimate for the 2007 vintage year is 1.73, which means a mortgage originated in 2007 

has a default intensity that is 5.64 times greater than the same mortgage originated in 

2001.  This marginal impact is greater than a reduction in the borrower’s FICO score 

from 740 to 630 (parameter estimate of 1.63) and greater than a change in LTV at 

origination from 59 to 105.  The impact of origination in 2006 is of a similar, but 

somewhat smaller magnitude. 

One would presume that the main reason for the economic significance of the 

2006 and 2007 vintage years is the sharp decline in house prices that occurred following 

these years.  To better account for changes in house prices, Model 2 adds Market LTV as 

a covariate.  For this and all specifications that include Market LTV, I report the adjusted 

vintage year coefficient 𝜃𝑣∗ for each vintage year 𝑣.   Surprisingly, the inclusion of MLTV 

actually increases the marginal impact of origination year on default intensity, albeit very 

modestly.  The largest change from the addition of MLTV comes via parameter estimates 

for LTV at origination, all of which increase dramatically relative to the baseline.  The 



83 
 

anomaly with respect to LTV 90 mortgages remains, but the parameter for 80<LTV<85 

mortgages is now equal to the estimate for 80 LTV mortgages.  The increase in the 

economic significance of the LTV at origination coefficients in the presence of MLTV 

suggest that the size of the borrower’s down payment had a significant impact on default 

likelihood even after controlling for terminal LTV.  This result is interesting because it 

contradicts option theoretic models (where terminal LTV and house price volatility 

should be all that matters) and suggests that the amount of equity a borrower contributed 

is a key factor in predicting default.  This is likely due to loss aversion, but also partly 

explained by the correlation between equity contributions and the liquidity position of the 

household.  The result from Model 3, which excludes the LTV-at-origination variables, 

emphasizes this result.  Virtually all of the other parameter estimates remain the same as 

in Model 2, but the explanatory power of the model falls. 

Far more dramatic is the fall in explanatory power when excluding the vintage 

year dummy variables, as in Model 4.  The F-test statistic for this restricted model 

exceeds 748.  While the FICO, GSE, and ARM parameter estimates remain roughly 

unchanged from Model 2, the LTV parameters estimates in Model 4 fall in value and 

parameter estimates for LTV categories above 90 also lose their statistical significance.  

These results should be interpreted with some caution, however, because information 

about LTV-at-origination is included in the Market LTV variable.  The key result from 

Model 4 is the fall in explanatory power when vintage years are excluded.   

Finally, Model 5 adds interaction terms to Model 2 to isolate the effect of 

subprime ARMs and ARMs originated between 2005 and 2007.  Subprime ARMs are 

more likely to be “hybrids,” that reset to much higher rates after an initial “teaser” period 
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(Demyanyk and Van Hemert, 2009).  All four interaction terms are statistically 

significant, but the subprime ARM coefficient has the wrong sign.  The 2007 ARM 

coefficient of 0.7 means that ARMs originated in 2007 are twice as likely to default as 

other loans in the vintage year, after controlling for other factors.  In the presence of the 

interaction terms the coefficient on the ARM dummy variable loses significance.  The 

inclusion of interaction terms also reduces the vintage year effect somewhat.  The 

parameter for the 2007 origination year dummy variable falls by 20 percent to 1.43, while 

the dummy for 2006 falls 23 percent to 0.96.  The economic significance of these 

parameters remains exceptionally large.  The default intensity of a mortgage originated in 

2007 is 4.2-times greater than for the same mortgage originated in 2001.  This is roughly 

similar to the effect of a 90-point decline in the borrower’s FICO score (from 740 to 

650), or nearly a 20 point increase in LTV at origination (from 55 to 74), holding other 

factors constant. 
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Table 2.5: Hazards Specification for the Entire Data Set 
This table provides the regression results for five nested proportional hazards models using the 
full data set.  The dependent variable is the log of the estimated hazard rate for each mortgage 
category.  All of the reported dependent variables are discrete indicator variables that take a value 
of one when the mortgage is in the category and 0 otherwise.  The parameter estimates represent 
the additive (log) impact of the mortgage category on the baseline hazard rate.  Positive 
coefficients indicate that the corresponding variables increase the default intensity, while negative 
coefficients reduce it.  The four variables below LTV interact adjustable-rate mortgage (ARM) 
dummies with vintage year and subprime FICO (<620).  Significance codes:  0 ‘***’, 0.001 ‘**’, 
0.01 ‘*’, 0.05 ‘.’.  
 
  (1)   (2)   (3)   (4)   (5) 

 (Intercept) -5.59 *** -4.84 *** -6.38 *** -7.35 *** -4.79 *** 
Market LTV? no   yes   yes   Yes *** yes   
FICO 0 - 619.9 1.99 *** 1.99 *** 1.99 *** 1.96 *** 2.08 *** 
FICO 620 - 639.9 1.63 *** 1.63 *** 1.63 *** 1.59 *** 1.62 *** 
FICO 640 - 659.9 1.45 *** 1.45 *** 1.45 *** 1.42 *** 1.45 *** 
FICO 660 - 679.9 1.25 *** 1.24 *** 1.25 *** 1.23 *** 1.24 *** 
FICO 680 - 699.9 1.02 *** 1.02 *** 1.02 *** 1.00 *** 1.02 *** 
FICO 700 - 719.9 0.80 *** 0.80 *** 0.80 *** 0.79 *** 0.80 *** 
FICO 720 - 739.9 0.54 *** 0.54 *** 0.54 *** 0.53 *** 0.54 *** 
ARM 0.19 *** 0.20 *** 0.20 *** 0.19 

 
0.00 

 GSE -0.78 *** -0.78 *** -0.79 *** -0.67 *** -0.78 *** 
2002 vintage -0.53 *** -0.55 *** -0.55 *** 

 
*** -0.55 *** 

2003 vintage -1.07 *** -1.07 *** -1.07 *** 
 

*** -1.06 *** 
2004 vintage -0.49 *** -0.46 *** -0.46 *** 

 
*** -0.46 *** 

2005 vintage 0.35 *** 0.41 *** 0.39 *** 
 

*** 0.24 *** 
2006 vintage 1.19 *** 1.25 *** 1.25 *** 

 
*** 0.96 *** 

2007 vintage 1.73 *** 1.78 *** 1.80 *** 
 

*** 1.43 *** 
2008 vintage 1.58 *** 1.64 *** 1.60 ***   *** 1.64 *** 
LTV 60 - 69.9 0.57 *** 0.78 *** 

  
0.21 *** 0.77 *** 

LTV 70 - 74.9 0.90 *** 1.26 *** 
  

0.27 *** 1.24 *** 
LTV 75 - 79.9 1.05 *** 1.51 *** 

  
0.26 *** 1.49 *** 

LTV 80 1.23 *** 1.75 *** 
  

0.34 *** 1.72 *** 
LTV 80.1 - 84.9 1.18 *** 1.75 *** 

  
0.17 *** 1.72 *** 

LTV 85 - 89.9 1.36 *** 2.03 *** 
  

0.19 * 2.00 *** 
LTV 90 1.54 *** 2.27 *** 

  
0.29 *** 2.23 *** 

LTV 90.1 - 94.9 1.35 *** 2.13 *** 
  

-0.02 
 

2.09 *** 
LTV 95 - 97.4 1.56 *** 2.42 *** 

  
0.08 

 
2.38 *** 

LTV 97.5 - 104.9 1.68 *** 2.60 *** 
  

0.08 
 

2.55 *** 
LTV 105 + 1.65 *** 2.69 ***     -0.27 ** 2.63 *** 
2007ARM   

       
0.70 *** 

2006ARM   
       

0.60 *** 
2005ARM   

       
0.33 *** 

SubARM                 -0.18 *** 
R-Squared 0.90 

 
0.91 

 
0.88 

 
0.67 

 
0.92 

 Adj. R-Sq 0.90 
 

0.90 
 

0.88 
 

0.67 
 

0.92 
 F-Test Statistic 97.5   99.9   83.1   748.8   0.0 
 P-value 0.00   0.00   0.00   0.00   0.00 
 deg. Freedom 2823 

 
2822 

 
2833 

 
2829 

 
2818 
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Table 2.6: Hazards Specification for the GSE-Funded Loans Only 
  
This table provides the regression results for five nested proportional hazards models using the 
GSE data only.  The dependent variable is the log of the estimated hazard rate for each mortgage 
category.  All of the reported dependent variables are discrete indicator variables that take a value 
of one when the mortgage is in the category and 0 otherwise.  The parameter estimates represent 
the additive (log) impact of the mortgage category on the baseline hazard rate.  Positive 
coefficients indicate that the corresponding variables increase the default intensity, while negative 
coefficients reduce it.  The four variables below LTV interact adjustable-rate mortgage (ARM) 
dummies with vintage year and subprime FICO (<620).  Significance codes:  0 ‘***’, 0.001 ‘**’, 
0.01 ‘*’, 0.05 ‘.’.  
 
  (1)   (2)   (3)   (4)   (5) 

 (Intercept) -6.82 *** -5.98 *** -7.71 *** -8.49 *** -5.94 *** 
Market LTV? no 

 
yes   yes      yes   yes   

FICO 0 - 619.9 2.23 *** 2.23 *** 2.23 *** 2.22 *** 2.33 *** 
FICO 620 - 639.9 1.86 *** 1.86 *** 1.86 *** 1.85 *** 1.86 *** 
FICO 640 - 659.9 1.65 *** 1.65 *** 1.65 *** 1.65 *** 1.65 *** 
FICO 660 - 679.9 1.40 *** 1.40 *** 1.40 *** 1.40 *** 1.40 *** 
FICO 680 - 699.9 1.19 *** 1.19 *** 1.19 *** 1.19 *** 1.19 *** 
FICO 700 - 719.9 0.94 *** 0.94 *** 0.94 *** 0.94 *** 0.94 *** 
FICO 720 - 739.9 0.65 *** 0.65 *** 0.65 *** 0.65 *** 0.65 *** 
ARM 0.24 *** 0.24 *** 0.24 ***     0.01 

 2002 vintage -0.40 *** -0.44 *** -0.34 ***   *** -0.44 *** 
2003 vintage -0.75 *** -0.73 *** -0.77 *** 

 
*** -0.73 *** 

2004 vintage -0.16 *** -0.11 *** -0.23 *** 
 

*** -0.11 *** 
2005 vintage 0.64 *** 0.72 *** 0.52 *** 

 
*** 0.53 *** 

2006 vintage 1.47 *** 1.57 *** 1.34 *** 
 

*** 1.21 *** 
2007 vintage 2.07 *** 2.14 *** 1.97 *** 

 
*** 1.70 *** 

2008 vintage 1.68 *** 1.75 *** 1.58 ***   *** 1.75 *** 
LTV 60 - 69.9 0.59 *** 0.83 ***     0.18 * 0.81 *** 
LTV 70 - 74.9 0.90 *** 1.30 *** 

  
0.18 * 1.27 *** 

LTV 75 - 79.9 1.02 *** 1.54 *** 
  

0.10   1.50 *** 
LTV 80 1.16 *** 1.75 *** 

  
0.14   1.70 *** 

LTV 80.1 - 84.9 1.30 *** 1.94 *** 
  

0.17 . 1.89 *** 
LTV 85 - 89.9 1.42 *** 2.17 *** 

  
0.08   2.11 *** 

LTV 90 1.59 *** 2.41 *** 
  

0.16 . 2.34 *** 
LTV 90.1 - 94.9 1.41 *** 2.28 *** 

  
-0.13   2.21 *** 

LTV 95 - 97.4 1.58 *** 2.54 *** 
  

-0.11   2.47 *** 
LTV 97.5 - 104.9 1.86 *** 2.88 *** 

  
0.06   2.80 *** 

LTV 105 + 1.75 *** 2.93 ***     -0.34 ** 2.83 *** 
2007ARM                 0.89 *** 
2006ARM 

        
0.73 *** 

2005ARM 
        

0.40 *** 
SubARM                 -0.20 

 R-Squared 0.92 
 

0.93 
 

0.90 
 

0.73 
 

0.94 
 Adj. R-Sq 0.92 

 
0.92 

 
0.90 

 
0.73 

 
0.94 

 F-Test Statistic 102.2 
 

108.7 
 

72.4 
 

487.0 
 

0.0 
 P-value 0.00   0.00   0.00   0.00   0.00 
 deg. Freedom 1477 

 
1476 

 
1487 

 
1483 

 
1472 
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Table 2.7: Hazards Specification for the PLS-Funded Loans Only 
  
This table provides the regression results for five nested proportional hazards models using the 
PLS data only.  The dependent variable is the log of the estimated hazard rate for each mortgage 
category.  All of the reported dependent variables are discrete indicator variables that take a value 
of one when the mortgage is in the category and 0 otherwise.  The parameter estimates represent 
the additive (log) impact of the mortgage category on the baseline hazard rate.  Positive 
coefficients indicate that the corresponding variables increase the default intensity, while negative 
coefficients reduce it.  The four variables below LTV interact adjustable-rate mortgage (ARM) 
dummies with vintage year and subprime FICO (<620).  Significance codes:  0 ‘***’, 0.001 ‘**’, 
0.01 ‘*’, 0.05 ‘.’.  
 
  (1)   (2)   (3)   (4)   (5) 

 (Intercept) -5.14 *** -4.44 *** -5.83 *** -6.84 *** -4.38 *** 
Market LTV? no   yes   yes   yes   yes   
FICO 0 - 619.9 1.77 *** 1.77 *** 1.77 *** 1.67 *** 1.84 *** 
FICO 620 - 639.9 1.40 *** 1.40 *** 1.40 *** 1.30 *** 1.40 *** 
FICO 640 - 659.9 1.26 *** 1.26 *** 1.27 *** 1.17 *** 1.26 *** 
FICO 660 - 679.9 1.09 *** 1.09 *** 1.10 *** 1.04 *** 1.09 *** 
FICO 680 - 699.9 0.86 *** 0.86 *** 0.85 *** 0.81 *** 0.86 *** 
FICO 700 - 719.9 0.66 *** 0.66 *** 0.66 *** 0.64 *** 0.66 *** 
FICO 720 - 739.9 0.45 *** 0.45 *** 0.45 *** 0.40 *** 0.45 *** 
ARM 0.14 *** 0.14 *** 0.14 *** 0.15   -0.02 

 2002 vintage -0.65 
 

-0.66 *** -0.64 *** 
 

*** -0.66 *** 
2003 vintage -1.40 

 
-1.40 *** -1.41 *** 

 
*** -1.40 *** 

2004 vintage -0.82 
 

-0.80 *** -0.84 *** 
 

*** -0.80 *** 
2005 vintage 0.07 

 
0.10 *** 0.02 *** 

 
*** -0.04 *** 

2006 vintage 0.91 
 

0.95 *** 0.85 *** 
 

*** 0.70 *** 
2007 vintage 1.37 

 
1.40 *** 1.32 *** 

 
*** 1.14 *** 

2008 vintage 1.87   1.92 *** 1.90 ***   *** 1.93 *** 
LTV 60 - 69.9 0.54 *** 0.73 *** 

  
0.40 *** 0.73 *** 

LTV 70 - 74.9 0.88 *** 1.22 *** 
  

0.36 *** 1.21 *** 
LTV 75 - 79.9 1.04 *** 1.47 *** 

  
0.43 *** 1.46 *** 

LTV 80 1.28 *** 1.75 *** 
  

0.56 *** 1.74 *** 
LTV 80.1 - 84.9 1.05 *** 1.57 *** 

  
0.16 *** 1.56 *** 

LTV 85 - 89.9 1.28 *** 1.90 *** 
  

0.30 *** 1.88 *** 
LTV 90 1.47 *** 2.13 *** 

  
0.43 *** 2.12 *** 

LTV 90.1 - 94.9 1.30 *** 2.01 *** 
  

0.10 *** 1.99 *** 
LTV 95 - 97.4 1.53 *** 2.31 *** 

  
0.28 *** 2.29 *** 

LTV 97.5 - 104.9 1.50 *** 2.33 *** 
 

  0.09 *** 2.31 *** 
LTV 105 + 1.51 *** 2.44 ***     -0.24 *** 2.41 *** 
2007ARM 

        
0.52 *** 

2006ARM 
        

0.51 *** 
2005ARM 

        
0.29 *** 

SubARM                 -0.14 
 R-Squared 0.90 

 
0.91 

 
0.88 

 
0.58 

 
0.92 

 Adj. R-Sq 0.90 
 

0.90 
 

0.87 
 

0.57 
 

0.91 
 F-Test Statistic 36.55   35.14   41.9   476.5         -    
 P-value      0.00        0.00       0.00    0.00         -    
 deg. Freedom 1320 

 
1319 

 
1330 

 
1326 

 
1315 
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In all five models, the GSE dummy variable is negative and remarkably consistent 

across specifications.  After controlling for other factors, a loan purchased by Fannie Mae 

or Freddie Mac has a default intensity that is 54 percent less than the same loan funded 

by PLS.9  This suggests that the lower overall default rate on the GSE portfolio was not 

simply due to a more conservative book of business, but also better performance among 

the same types of loans.  To test whether the differences in origination channel between 

GSE and PLS loans have any other impact on the estimated parameters, I re-estimate the 

hazards model but restrict the data to GSE-funded loans (Table 2.6) and PLS-funded 

loans (Table 2.7), respectively.  The same patterns exist with respect to FICO score and 

LTV, although the parameter estimates are almost uniformly larger for GSE data.  The 

same pattern is true with respect to vintage year coefficients, which are 50 percent larger 

in 2006 and 2007 for GSE loans relative to PLS.  The default intensity of the baseline 

GSE loan is much lower, which makes the marginal default contribution of a decline in 

underwriting greater.  Even the marginal impact of the ARM dummy variable and the 

ARM interaction terms is greater in the GSE data.  The subprime ARM interaction term 

remains negative in the PLS data, which suggests that payment shock from rate resets 

was not a contributor to the increase in defaults.   

Finally, Table 2.8 reports the results of an estimate of Model 1 for each vintage 

year (vintage year 2008 was excluded because of the lack of PLS-funded loans).  The 

baseline hazard rate for each year is provided in the first row.  The baseline hazard varies 

considerably over the period, from a low of 0.13 percent for mortgages originated in 2003 

to a high of 1.42 percent for mortgages originated in 2007.  The marginal impact of low 

FICO scores (below 660) is the lowest in 2006-2007, which reinforces the conclusion that 
                                                 
9 This is the parameter estimate exponentiated minus one, i.e. e-0.78=0.45 -1 =-0.54. 
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default volumes in these years had little to do with lending to borrowers with poor credit 

histories.  However, the impact of LTV is generally greater for the 2006-2007 vintage 

years, particularly for LTVs at and below 90.  Relatively low LTV categories make a 

much larger contribution to default intensity in 2006-2007 due to the huge decline in 

prices in subsequent years.  The moral hazard evidence holds for 90 LTV loans 

throughout the period, while 80 LTV loans start to underperform 80<LTV<85 loans in 

2005.  The parameter for the ARM indicator variable drops from -0.11 in 2001 to -0.67 in 

2004 before increasing to 0.56 in 2007.  The impact of being purchased by Fannie or 

Freddie reduces default intensity across the origination years, with a marginal impact 

ranging between -70 percent (2001) and -40 percent (2007).10    

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                 
10 In unreported regressions, the results in this section are replicated using a logit model instead of the 
proportional hazards and a “probability of underwater” variable in place of Market LTV.   
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Table 2.8: Individual Hazards Specification for Each Vintage Year 
 
This table reports the results from separate proportional hazards regressions for each vintage year.  
The Baseline Hazard Rate reported in the table is the exponentiated intercept term in each 
regression.  The parameter estimates represent the additive (log) impact of the mortgage category 
on the baseline hazard rate for each origination year.  The 2008 vintage year is excluded because 
of insufficient PLS observations.   
  
 2001 2002 2003 2004 2005 2006 2007 
Baseline Hazard Rate 0.52% 0.25% 0.13% 0.25% 0.56% 1.13% 1.42% 
FICO: 0 - 619.9 2.68 2.53 2.28 1.95 1.58 1.32 1.46 
FICO:  620 - 639.9 2.04 2.04 1.79 1.58 1.31 1.18 1.26 
FICO: 640 - 659.9 1.81 1.74 1.64 1.40 1.22 1.05 1.15 
FICO: 660 - 679.9 1.43 1.49 1.37 1.18 1.04 0.97 1.02 
FICO: 680 - 699.9 1.15 1.17 1.11 0.97 0.89 0.85 0.92 
FICO: 700 - 719.9 0.78 0.83 0.88 0.75 0.70 0.69 0.79 
FICO: 720 - 739.9 0.41 0.48 0.57 0.52 0.56 0.48 0.59 
LTV: 60 - 69.9 0.26 0.34 0.41 0.52 0.73 0.85 0.85 
LTV: 70 - 74.9 0.61 0.59 0.66 0.79 1.07 1.26 1.20 
LTV: 75 - 79.9 0.74 0.83 0.85 0.94 1.20 1.39 1.36 
LTV: 80 0.98 1.09 1.04 1.10 1.44 1.61 1.53 
LTV: 80.1 - 84.9 1.03 1.12 1.05 1.00 1.12 1.35 1.42 
LTV: 85 - 89.9 1.24 1.38 1.24 1.18 1.30 1.48 1.56 
LTV: 90 1.42 1.55 1.44 1.37 1.54 1.65 1.67 
LTV: 90.1 - 94.9 1.19 1.47 1.36 1.22 1.27 1.39 1.54 
LTV: 95 - 97.4 1.45 1.58 1.50 1.40 1.54 1.63 1.73 
LTV: 97.5 - 104.9 1.49 1.85 1.74 1.63 1.56 1.64 1.83 
LTV: 105 + 1.69 2.01 1.72 1.80 1.22 1.04 1.51 
GSE -1.23 -0.98 -0.58 -0.57 -0.67 -0.68 -0.51 
ARM -0.11 -0.18 -0.11 -0.67 0.08 0.31 0.56 
Deg. Freedom. 350 348 360 361 354 351 349 

 
 

2.7 Nontraditional Mortgage Risk Factors 
 

These data provide strong evidence that the variation in default rates on 

mortgages originated between 2001 and 2008 cannot be explained by changes in 

observed underwriting criteria.  The coefficients for vintage year remain statistically and 

economically significant across specifications after accounting for risk factors and 
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changes in average national house prices.   However, the FHFA data do not account for 

the growth in “nontraditional” mortgages with lower documentation requirements or 

amortization features.  Specifically, Alt-A loans with high FICO scores and relatively low 

LTVs could appear to be “prime” mortgages despite lacking documentation to 

substantiate the borrower’s income or assets.  Likewise, use of interest-only mortgages 

could signal that the borrower is more likely to experience a liquidity shock, even after 

controlling for FICO score.  The increased prevalence of such mortgages could help to 

explain the vintage year anomaly and tie the rise in defaults to changes in underwriting.   

These changes are also likely to provide additional insight into the failure of 

Fannie Mae and Freddie Mac given that 53 percent of defaulted loans were originated in 

2006 and 2007.  Severities on these mortgages were also higher, on average.  According 

to the FHFA Conservator’s Report (2011), the 2006 and 2007 vintage year mortgages 

accounted for an average of 66 percent of total credit losses recorded through the second 

quarter of 2011.  The Conservator’s Report also discloses that Alt-A and interest-only 

mortgages combined to account for 75 percent of average credit losses through the end of 

the second quarter.  According to Fannie and Freddie credit supplements, approximately 

86 percent of interest-only loans and 75 percent of Alt-A loans were originated between 

2005 and 2007, respectively.  The bulk of defaulted mortgages from 2006 and 2007 were, 

therefore, Alt-A and interest-only loans. 

While these data provide support for the hypothesis that defaults in 2006 and 

2007 were generated by unobserved underwriting changes, some of the variation is 

captured by the FHFA data.  For example, nearly 90 percent of interest-only mortgages 

were ARMs.   The increase in the origination of these mortgages in 2006 and 2007 helps 
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to explain the dramatic increase in the default rate on Prime ARMs reported in Panel B of 

Table 2.2, the increase in the ARM parameter across vintage years in Table 2.8, and the  

statistical and economic significance of the 2006 and 2007 ARM interaction terms in 

Model 5 (Tables 2.5 and 2.6)  

More significantly, Alt-A and interest-only loans were not assigned randomly to 

borrowers.  These products were disproportionately originated in states that experienced 

much larger than average cumulative price increases (and much larger subsequent price 

declines).  These mortgages were known as “affordability products” originated largely in 

areas where middle income families had been “priced out” of the market (Fellows et al., 

2006).   This fact introduces huge endogeneity problems because origination volumes of 

these mortgages were a function of house price volatility.  The Federal Reserve Bank of 

New York (FRBNY) provides data on the number of Alt-A mortgages as a percentage of 

total housing units in each state as of 2010.  When compared to FHFA data on 

cumulative house price growth between 2001 and 2005 by state, there is a strong positive 

relationship.  As shown in Figure 2.1, a five percent annual increase in 2001-2005 house 

price growth (27 percent cumulative growth) increases the share of Alt-A loans in the 

state by 2.3 percentage points.  Differences in cumulative price increases across states 

explain 57 percent of the variation in the share of Alt-A loans (75 percent correlation).  

The FRBNY also provides state-by-state data on subprime mortgage loans.  Panel B of 

Figure 2.1 reports the results.  A five percent annual increase in 2001-2005 house price 

growth increases the share of subprime mortgages in the state by just 74 basis points – 

less than one-third of the magnitude for Alt-A.  Changes in house prices across states 
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only explain 15 percent of the variation in 2010 subprime loan concentration across 

states.     

Data contained in credit supplements released quarterly by Fannie Mae and 

Freddie Mac further supports the view that nontraditional mortgage origination volume 

instruments for house price volatility.  Nearly 80 percent of negative amortization loans 

and 49 percent of interest-only loans were concentrated in the four states – California, 

Nevada, Florida, and Arizona – that experienced cumulative price declines that were 

between 4.4 and 6.4 times as severe as the national decline in house prices (according to 

FHFA).  Only one percent of negative amortization, 4.8 percent of Alt-A, and seven 

percent of interest-only loans had original LTVs in excess of 90, which was below the 

overall average of 9.4 percent of loans.  However, due to their geographic distribution, by 

mid-2010 the market LTV on interest-only mortgages increased by 30 percent, on 

average, while Alt-A loans’ average market LTV had risen by 20 percent.  The result was 

that by June 2010, these mortgages were 2.4 to 3.4-times more likely to be underwater 

(LTV>100) than the overall mortgage book.  Panel A of Figure 2.2 provides the change 

in LTV between origination and June 30, 2010 by mortgage category.  Panel B provides 

the percentage of loans in each category with a high LTV at origination (LTV>90) 

compared to the percentage with a high LTV as of June 30, 2010 (LTV>100). 

The change in LTV since origination across mortgage products makes it clear that 

even if the “nontraditional” loans were more risky, relative changes in house prices likely 

explain a large share of the variation in default rates across mortgage products.  The 

trigger event theory suggests that a market LTV>100 is a necessary, but not sufficient 
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condition of default.  If 𝛿 is default, 𝐿𝑡 is loan-to-value ratio, and 𝜖𝑡 is a liquidity shock, 

then the probability of default can be specified as: 

 

 𝑝(𝛿) = 𝑝(𝐿𝑡 > 100, 𝜖𝑡). (7)  

 

Equation (7) can be re-written as: 

 

 𝑝(𝛿) = 𝑝(𝜖𝑡|𝐿𝑡 > 100)𝑝(𝐿𝑡 > 100). (8)  

 

Since both 𝑝(𝛿) and 𝑝(𝐿𝑡 > 100) are captured in the 2010 Fannie and Freddie credit 

supplements data, 𝑝(𝜖𝑡|𝐿𝑡 > 100) can be calculated for each loan group as  

 

 
𝑝(𝜖𝑡|𝐿𝑡 > 100) =

𝑝(𝛿)
𝑝(𝐿𝑡 > 100)

. (9)  
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Figure 2.1: Cumulative Changes in House Prices and Alt-A Market Share 

 
This figure depicts the results of an OLS regression of Alt-A loan penetration by state on 
cumulative price appreciation between 2001 and 2005. 
 

Panel B: Subprime Mortgages as a Share of Housing Units 

 
This figure depicts the results of an OLS regression of Subprime loan penetration by state on 
cumulative price appreciation between 2001 and 2005. 
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Figure 2.2: Changes in the LTV Profile of Selected Categories of GSE-Funded 
Mortgages 
 
Panel A: Change in LTV ratios Between Origination and June 2010 

 
Panel B: Percentage of High LTV Loans at Origination and June 2010 
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Table 2.9 reports the results of the conditional liquidity shock estimate for the 

total Fannie and Freddie credit book and specific mortgage categories.  As expected, 

borrowers with FICO scores below 620 were most likely to experience a liquidity shock, 

conditional on being underwater.  These borrowers were twice as likely to experience a 

liquidity shock as borrowers overall (69.5 percent compared to 34.7 percent).  

(Interestingly, borrowers with risk-layered loans were actually the least likely to 

experience a liquidity shock.  This suggests that these loans were extended in 

circumstances where additional information made the loan less risky).  Both Alt-A and 

interest-only mortgage borrowers were more likely to experience liquidity shocks than 

average.  Interest-only borrowers were 13 percent more likely to experience a liquidity 

shock, conditional on being underwater, while Alt-A borrowers were 28.5 percent more 

likely.  These results suggest that Alt-A and interest-only loans were riskier that other 

loans and underwriting changes unobservable from the FHFA panel data increased the 

default volumes for 2006 and 2007 loans after controlling for changes in house prices.   

However, these data also reveal that if these mortgages were as likely to be 

underwater as the national average (14.4 percent), serious delinquency rates on Alt-A and 

interest-only mortgages would have been 6.4 percent and 5.7 percent, respectively, if the 

probability of a conditional liquidity shock is held constant.  Differences in market LTVs 

driven by divergence in house prices appear to explain the bulk of the increase in default 

rates on these loans.  This suggests that the ultimate source of the elevated default rates 

on these mortgages is not their product-specific features, but rather cross-sectional 

differences in house price dynamics.  According to Fannie Mae data, as of December 31, 

2009 outstanding mortgages in Florida, Nevada, and Arizona were 1.4-to-1.5-times more 
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likely to be originated in 2005-2007 than for other states.  Similarly, Freddie Mac reports 

that loans originated in 2006 and 2007 were between 1.5-and-2-times as likely to be 

issued against property in Florida and Nevada as loans in other origination years.  The 

average change in national house prices used to construct the Market LTV variable in the 

previous section would not capture increases in default intensity caused by greater 

vintage year exposure to markets that suffered the largest subsequent price declines.  

 

Table 2.9: Trigger Theory of Default 

This table reports the estimate of the percentage of borrowers in each category of mortgage that 
experienced a liquidity shock, conditional on having an LTV>100.  The percentage of borrowers 
underwater and seriously delinquent for each category is provided by Fannie Mae and Freddie 
Mac’s Credit Supplements.  The percentage experiencing a shock is calculated as the percent 
underwater divided by the percent serious delinquent as of June 30, 2010. 

Type of Mortgage % Underwater % Seriously 
Delinquent 

% Experiencing 
Shock 

NegAm/ Option ARM 47.3% 9.9% 21.0% 
Interest-only 49.2% 19.4% 39.5% 
FICO<620 23.2% 16.1% 69.5% 
Orig. LTV>90 42.9% 11.6% 26.9% 
FICO<620 & OLTV>90 47.1% 12.0% 25.6% 
Alt A 34% 15.2% 44.6% 
Total 14.4% 5.00% 34.70% 

 

 

2.8 Conclusion 
 

I test and reject the hypothesis that the surge in mortgage defaults and failure of 

Fannie Mae and Freddie Mac was caused by an increase in the share of “subprime” 

mortgages.  The observed deterioration in mortgage underwriting standards explains very 

little of the surge in default rates.  In five separate specifications using three data sets, the 

parameters for the origination year variables remain economically and statistically 
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significant, after accounting for FICO score, LTV, payment type, origination channel, 

interaction terms, and changes in average national house prices.  I show that part of the 

vintage year effects are likely due to changes in underwriting criteria not included in the 

FHFA data set.  The share of Alt-A and interest-only loans increased dramatically in 

2006 and 2007 and these loans appear to default at a higher rate, after controlling for 

house prices.  However, these loans were not assigned to borrowers randomly, which 

introduces endogeneity problems that may cause observers to overestimate the 

contribution of nontraditional underwriting features to default likelihood.  I show that 

these mortgages were concentrated in areas with the largest cumulative price declines, 

which suggests that  nontraditional underwriting characteristics are unlikely to represent 

an exogenous source of variation in mortgage performance.    

The strength of my conclusions is limited somewhat by the FHFA data, which 

provide the performance of 3,072 loan categories instead of individual loans and do not 

allow me to control for geographic influences or other loan-level factors on default rates.  

However, these data provide the most comprehensive look at the composition and 

performance of the GSE-funded loans between 2001 and 2008.  Despite the large amount 

of attention the GSEs’ role in the mortgage default crisis has received, this is the only 

paper, to my knowledge, that has systematically analyzed the underwriting characteristics 

and performance of loans acquired by the GSEs over this period.  Overall, the data 

suggest that GSE default rates were lower than for PLS-funded loans because their 

portfolio was more conservative and because of superior intra-category loan 

performance.  
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These results are similar to Demyanyk and Van Hemert (2009) and Mauer et al. 

(2011) who are also unable to explain elevated defaults in recent origination years after 

controlling for loan characteristics and changes in house prices.  The results suggest that 

rather than focus on the variation in mortgage underwriting characteristics, researchers 

attempting to explain the surge in defaults and failure of Fannie Mae and Freddie Mac 

should instead focus on the impact of house price dynamics on mortgage type, origination 

volume, and performance. 
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Chapter 3 

 

House Price Variation and the Convenience Yield to Owning a 
Home 

 

Abstract 

Existing models of mortgage default cannot explain variation in mortgage performance 

across origination years because they do not account for the “convenience yield” 

households derive from owning, rather than renting, a home.  The convenience yield is 

the flow of services from owning rather than renting an otherwise identical residence.  

This includes the ability to enter into a longer-term housing services contract, customize 

the residence, and pledge the house as collateral for external finance to increase current 

period non-housing consumption.  I use house price and owner’s equivalent rent data to 

estimate the stochastic convenience yield of Gibson and Schwartz (1990) and Schwartz 

(1997) parameterized through the Kalman filter.  I find that the national convenience 

yield is closely related to the rate of home equity withdrawal, while cross-sectional 

variation in the average convenience yield across metropolitan areas is explained by 

population churn rates.  Both findings are consistent with the theory of an endogenous 

convenience yield to home ownership.   
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3.1 Introduction 
 

Despite popular focus on subprime mortgages, more than 70 percent of credit 

losses reported by the government sponsored enterprises (GSEs), Fannie Mae and 

Freddie Mac, came from Alt-A and interest-only mortgages.  These loans, which 

proliferated in the later stages of the 2005-2007 period, were known colloquially as 

“affordability products” and were concentrated in areas where home prices had risen 

much faster than median household income (Fellows et al., 2007).  “Affordability” in this 

context had little to do with the actual cost of housing services, but rather the cost of 

consuming these services through owning rather than renting.  Measured by owner’s 

equivalent rents, the real cost of shelter services in Miami, for example, actually declined 

between 2001 and 2006.  During this period, the relative cost of owning rather than 

renting doubled thanks to a 19.5 percent average annual increase in house prices.  These 

figures are similar to those of other metro areas, like Las Vegas and Phoenix, that 

accounted for a large share of “affordability products.”  What caused households in these 

markets to decide, en masse, to turn to nontraditional mortgage products so that they 

could qualify for the credit necessary to dramatically overpay for housing consumption 

services? 

Existing models have difficulty explaining changes in default rates across 

origination years and mortgage products because they do not account for the 

“convenience yield” households derive from owning, rather than renting, a home.  All 

households are “short” housing in the sense that they need a place to live (Buiter, 2010).  

Renting is the opportunity cost of housing services.  Unless explained by irrational 

bubbles of unknown origin, the price paid for housing in excess of its opportunity cost 
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must reflect some flow of services to the owner of a property unrelated to housing 

consumption.  I formally characterize this benefit as an endogenously determined 

convenience yield. 

The convenience yield is defined as the additional net benefits that accrue to the 

owner of a home but not to the renter of an identical property.  Jarrow (2010) presents a 

model of an endogenous convenience yield that can be decomposed into the value 

derived from “scarcity” and “usage” options.  Scarcity reflects the potential gains from 

the asset’s collateral value, while usage concerns the gains from the option to use the 

asset instead of selling it.  I apply this framework to housing finance.  The scarcity option 

captures the ability to pledge the house as collateral to smooth lifetime consumption 

(Stafford and Hurst, 2004), while the usage option relates to the non-pecuniary benefits 

of homeownership, the ability to enter into a longer-term housing contract, and the value 

derived from customization of the residence to the specific tastes of the owner-occupier.  

To my knowledge, this is the first paper to apply the convenience yield concept to 

housing markets  

I use data from the Bureau of Labor Statistics (BLS) and the S&P Case-Shiller 

House Price Index to estimate the convenience yield from 1990 to 2010 for the U.S. and 

the seven metro areas for which the owner’s equivalent rent of primary residences is 

available monthly for the entire period.  The net convenience yield is extracted for each 

month using the stochastic convenience yield model of Gibson and Schwartz (1990) and 

Schwartz (1997) parameterized through the Kalman filter.  This mean-reverting model 

allows the convenience yield to be separated into a long-run component determined by 

the “usage” option and a transitory component determined largely by the home’s 
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collateral value (the “scarcity” option).  I find that the long-run convenience yield is 

negatively related to “population churn” across metro areas, as house prices tend to 

exceed equivalent rents in markets where a larger share of residents seek longer-term 

housing contracts.  I also find that the national convenience yield is closely related to 

home equity withdrawal, as calculated by Greenspan and Kennedy (2007).         

The low transaction costs associated with mortgage refinancing, home equity 

loans, and home equity lines of credit allow households to extract liquidity from rising 

house prices (Khandani et al., 2009).  As the mortgage rate is well below the interest rate 

on unsecured borrowing (credit cards, for example), the ability to pledge a home as 

collateral for external finance can substantially increase the consumption opportunities of 

owners relative to similarly-situated renters.  At its peak, home equity withdrawal 

averaged more than $200 billion per quarter, or 12 percent of personal consumption 

expenditures.  This likely reinforced the idea, already prevalent at the time, that owning a 

home is the surest path to wealth creation for the majority of Americans (Haurin et al., 

1996 and Rohe et al., 2002).  This caused more households to buy rather than rent, which 

increased house prices, home equity withdrawal, and the convenience yield to owning. 

Although many analysts (Greenspan, 2005) suggested that house prices would be 

unlikely to fall even if they stopped rising, the logic of an endogenous convenience yield 

suggests that the opposite was true:  once house prices stopped rising, a sharp decline in 

house prices was inevitable.  Once households could no longer fund non-housing 

consumption expenditures through home equity withdrawal, the net benefits associated 

with owning relative to renting fell.  This put downward pressure on house prices and 

upward pressure on defaults.  Through March 2010, the seven metro areas and nation as a 
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whole suffered price declines consistent with the assumed mean reversion property of the 

convenience yield estimated in this paper.  Cumulative price declines have been 1.1 

percent less, on average, than those implied by the model.  The national average 

convenience yield also explains more than 80 percent of the variation in the lagged 

vintage year coefficients estimated in the previous chapter of this dissertation.  

The concept can be extended in a number of directions.  The convenience yield 

could potentially explain the observed heterogeneity in the exercise of mortgage options 

(Deng et al., 2000).  Exercise of the “put” option to default would be more likely in 

situations where the convenience yield was high at the time of purchase relative to its 

long-run mean.  The convenience yield could also explain why the vintage year fixed 

effects remain statistically significant after controlling for mortgage risk factors in 

Demyanyk and Van Hemert (2009) and Mauer et al. (2011). Finally, the convenience 

yield could also be used to explain house price variation across metro areas.  The fact that 

the estimated long-run convenience yield is high in places like Cleveland with low 

population churn and low in places like New York and Los Angeles suggests that renting 

is more valued in places with large transient populations.  This directly conflicts with the 

“superstar cities” thesis of Gyourko et al. (2006), which argues that price-to-rent ratios 

should be higher in places with a greater number of high income households.   

 

3.2 Intuition for the Convenience Yield to Owning a Home 

Cochrane (2002) explains the “bubble” in internet stocks in the late 1990s based 

on the “convenience yield” derived from holding shares in certain technology companies.  

Since so few shares were available for trading, market makers had an incentive to hold 
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the shares for extended periods, even if they were overvalued, because the demand to 

borrow shares was so high.  Bogan (2009) formalizes this model.  This intuition is 

consistent with Jarrow (2010), who speculates that the convenience yield arises 

endogenously from the value derived from “scarcity” and “usage” options.  Scarcity 

reflects the potential gains from the asset’s collateral value, while usage concerns the 

gains from the option to use the asset instead of selling it.     

Both options have direct relevance for housing finance.  Households consume 

housing through two channels:  a rental market where housing services are contracted 

directly; and a market for “ownership” where households generally access external 

finance to acquire title to residential real estate that serves as collateral for the loan. The 

usage option relates to the non-pecuniary benefits of homeownership, and the ability to 

enter into a long-run contract for housing services and customize the dwelling to 

precisely satisfy the desires of its owner.  The non-pecuniary benefits are a reference to 

findings in Haurin et al. (2002) and Haurin and Deitz (2003) that homeownership 

increases household stability and social involvement, improves health outcomes and child 

development, and leads to reduced crime and improves other community characteristics.     

  The scarcity option arises from the collateralizable nature of housing wealth.  

Hurst and Stafford (2004) document how liquidity-constrained households rely on 

refinancing and home equity loans to smooth consumption.  Similarly, Disney et al. 

(2010) show that liquidity-constrained households tend to rely on more expensive 

unsecured borrowing like credit cards to fund consumption when they cannot borrow 

against their homes.  The ability to borrow against one’s house through home equity 

loans, lines of credit, and cash-out refinancing provides a mechanism to increase 
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consumption expenditures unavailable to renters (Klyuev and Mills, 2006).  Together, 

these options help to explain how house prices can rise above equivalent rents (Figure 

3.1). 

 
Figure 3.1: Decomposition of House Prices 

 
 

Since the scarcity option depends, in part, on house prices, the convenience yield 

model could be criticized as suggesting that house price dynamics are partly determined 

by house prices.  This is not the case.  The ability to access liquidity made possible by the 

scarcity option is what allows house prices to rise above levels implied by equivalent 

rents.  It is (generally) not possible to sell part of a house.  If not for home equity loans, 

lines of credit, and cash-out refinancing, an owner-occupant could only gain access to 

some or all of his embedded housing wealth by selling the property and moving 

somewhere else.  In corporate finance, covenants exist that limit a borrower’s ability to 

House 
Prices 

Rental 
Equivalent Value 

Flow of housing 
consumption 

services from the 
residence 

"Usage option" 
Value derived from 

the ability to 
customize residence 

and contract for 
long-term housing 

services 
"Scarcity option" 
Value derived from 
the ability to pledge 

the house as 
collateral to smooth 

consumption 



110 
 

refinance (non-callable bonds) or issue incremental debt without the creditor’s approval.  

If these provisions existed and were strictly enforced in housing finance markets there 

would be no scarcity option. Increases in house prices could only increase non-housing 

consumption if households were willing to incur the significant transaction costs 

necessary to sell their current residence and downsize.    

Most previous attempts to model house price and rent dynamics rely on the “user 

cost” method, where equivalent rents should equal the monthly cost of homeownership.  

The basic “user cost” framework suggests that the equivalent rental value of owner 

occupied housing should equal 

 

 𝑅𝑡 = 𝐶𝑡 = 𝑃𝑡(𝑖𝑡 + 𝛾 − 𝐸𝑡(𝑔𝑡+1)) (1)  

 

where the current period rent 𝑅𝑡 equals the user cost of housing 𝐶𝑡 defined as the market 

value of the house 𝑃𝑡 multiplied by the sum of the real interest rate 𝑖𝑡 and a term to 

capture depreciation, maintenance, and property taxes 𝛾, minus the expected rate of 

return on housing capital in the subsequent period 𝐸𝑡(𝑔𝑡+1).  Assuming 𝛾 is fixed, the 

rent-price ratio could be low as a result of a decline in real interest rates or an increase in 

the expected return on housing wealth.  Gallin (2008) and Davis et al. (2008) also include 

a risk premium to housing investment 𝜋 so that a low rent-price ratio could be explained 

by high risk premium to housing investment.  Himmelberg et al. (2005) demonstrate that 

the sensitivity to each user cost variable depends on its current level, as house prices are 

more sensitive to declines in real interest rates when rates are already low.  Gyourko et al. 

(2006) find that the expected return on housing capital is higher in “superstar cities” 
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where tight supply constraints combine with an increasing number of high income 

households to generate above average expected price growth. 

Although the “user cost” approach has many adherents in the housing finance 

literature, it has been rejected as a measure of the cost of shelter services by the U.S. 

federal government since the Stigler Report of 1960.  This is because the user cost 

requires a large number of assumptions about effective marginal tax rates, equity 

contributions, households’ idiosyncratic discount factors, the stochastic future selling 

date, appreciation and depreciation rates, and the size of the house in relation to the 

household’s overall portfolio.  Volatility in house prices could generate volatility in 

imputed rents when no variability in actual living expenses is observed.  More 

significantly, if expected returns exceed the sum of interest rates and 𝛾, the user cost 

could be zero or even negative.  This basic flaw is addressed by Campbell et al. (2009), 

who use the decomposition framework of Campbell and Shiller (1988) to estimate the log 

rent-price ratio as the sum of households’ time 𝑡 expectation of real interest rates, risk 

premia, and rent growth.  In this framework, the tranversality condition guarantees that if 

interest rates and risk premia are stationary, the long run growth in house prices is 

entirely attributable to expected rent growth. 

The larger problem with the user cost approach is its disregard for the ability of 

households to access housing services through comparable rental units.  The user cost is 

essentially the “cost of carry” to maintain a position in the residential housing stock.  It 

says nothing about the market value of the flow of housing services that investment is 

likely to produce.  That requires reference to rents.  The user cost method would be 

analogous to valuing copper based solely on the expense of extracting it from the ground 
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and storing it without any reference to its commercial value or the bid prices for the 

commodity in futures markets.  Despite the prevalence in the literature, the user cost 

method is rejected by the BLS and the statistical agencies of all but five Organization for 

Cooperation and Economic Development Countries (Christensen et al., 2005).11    

Efforts to analogize rent-price ratios to stock market ratios and apply the Gordon 

growth model are also largely inapplicable to owner-occupied housing (Leamer, 2002).  

An increase in the rental value of a residence may be properly classified as dividend 

growth for an investor, but not for an owner-occupier who continues to live in the house.  

In the case of an owner-occupier, the increase in imputed rental value is offset by a 

corresponding increase in imputed personal consumption expenditures.  As shown by 

Buiter (2010) and Iacoviello (2010), “housing wealth” is not net wealth for an owner-

occupier because any increase in the value of the house is exactly offset by an increase in 

the discounted present value of housing services consumed (a liability).   

The intuition comes from the household budget constraint for an owner-occupier 

at time 𝑡:      

 𝑐𝑡 + 𝑃𝑡ℎ𝑡 + 𝑠𝑡 = 𝑌𝑡 + 𝑃𝑡ℎ𝑡−1 + 𝑅𝑡𝑠𝑡−1, (2)  

  

where 𝑐𝑡 is current period consumption, 𝑃𝑡 is the price per unit of physical housing, ℎ; 𝑠 

is non-housing wealth (financial assets), 𝑅𝑡 is the gross return on non-housing wealth in 

the current period, and 𝑌𝑡 is labor income in the current period.  The right hand side of 

equation (2) represents the sources of funds (household budget constraint) and the left 

hand side is the uses.  While an increase in 𝑅𝑡 increases the amount of resources available 

                                                 
11 According to Christensen et al. (2005), 13 countries use owner’s equivalent rent, nine exclude owner-
occupied housing entirely, five use a form of user cost, and two use the acquisitions approach in the 
national CPI calculations.    
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at time 𝑡, the same is not true for an increase in house prices 𝑃𝑡 unless ℎ𝑡 < ℎ𝑡−1.  An 

increase in house prices only benefits those owners for whom the amount of physical 

housing units consumed ℎ𝑡−1 exceeds the desired future level of such consumption, ℎ𝑡.  

For owners who wish to reduce housing consumption in the current period, the change in 

wealth arising from an increase in house prices is equal to    

 

 (ℎ𝑡−1 − ℎ𝑡)𝑃𝑡 = Δ𝑠𝑡 (3)  

 

in a frictionless market where the cost of “downsizing” is effectively zero.   

From the perspective of an owner-occupant, housing could be analogized to a 

country’s natural resources (Buiter, 2010).  A rise in the global price of oil, for example, 

is of no harm or benefit to a country that produces precisely the amount of oil that it 

consumes.  For an oil exporter, the rise in the price of oil generates an increase in wealth 

commensurate to the size of its trade surplus in oil; conversely, the reduction in the net 

oil importer’s wealth is proportional to the size of its trade deficit in oil.  In each case, the 

gain or loss in wealth from the change in price is determined, as in equation (3), by the 

country’s endowment of oil (analogous to ℎ𝑡−1) relative to its intended oil consumption 

(analogous to ℎ𝑡).  

Rather than abstracting from housing consumption, as in the user cost approach, I 

rely on the BLS “owner’s equivalent rents” (OER) series to measure the market value of 

housing consumption services.  In the BLS framework, the house is a durable good, like a 

washing machine, that provides a flow of consumption services over its useful life.  The 

OER is based on the presumption that homeowners, in essence, rent the home they 

occupy to themselves.  At any point, they could leave, rent the house to a tenant, and 
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move into a different rental property.  The amount of current period income the 

household foregoes by residing in the current house is the market value of housing 

consumption services for that period.   

The similar, but distinct, markets for rental and owner-occupied housing are 

analogous to the spot and futures markets for commodities.  The owner of a commodity 

derives a flow of benefits from his physical possession of the commodity that is not 

available to the holder of a long position in a futures contract.  The value of those benefits 

is generally referred to as a “convenience yield.”  The notion of a convenience yield is 

particularly well suited to describe the flow of benefits derived by a homeowner that is 

unavailable to a renter of an otherwise identical property.   

 

3.3 The Convenience Yield Model 
 

To formalize the relationship between changes in house prices and housing 

consumption services, I rely on the Gibson and Schwartz (1990) and Schwartz (1997) 

two-factor model for commodity prices.  House prices 𝑃𝑡 follow the diffusion  

 

 𝑑𝑃𝑡 = (𝜇 − 𝛿𝑡)𝑃𝑡𝑑𝑡 + 𝜎𝑃𝑃𝑡𝑑𝑍𝑡 (4)  

 

where 𝜇 is the constant drift in house price, 𝜎𝑃 is the standard deviation of the change in 

house prices, 𝛿𝑡 is the net convenience yield to owning, rather than renting, a home, and 

𝑑𝑍𝑡 is a standard Wiener increment.  The phrase “net convenience yield” is used to 

denote that 𝛿𝑡 is the sum of the value of the usage 𝜐 and scarcity 𝜉 options net of the cost 

of carry, 𝛾 (from equation 3), which includes taxes, maintenance, depreciation, and the 

portfolio illiquidity and transaction costs introduced by home ownership.  If 𝛾 > 𝜈 + 𝜉, 
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the net convenience yield would be negative.  The shorter the intended stay at a 

residence, the more likely the illiquidity and exit costs associated with owning a home 

would exceed 𝜐 + 𝜉 (Sinai and Soueles, 2005). 

The net convenience yield is assumed to follow an Ornstein-Uhlenbeck process 

 

 𝑑𝛿𝑡 = 𝜅(𝛼 − 𝛿𝑡)𝑑𝑡 + 𝜎𝛿𝑑𝑊𝑡 (5)  

 

in which 𝛼 is the long-run mean net convenience yield, 𝜅 governs the speed of 

convergence to the long-run mean, and 𝜎𝛿 is the volatility of the convenience yield.  The 

𝑑𝑊𝑡 term is a Weiner increment instantaneously correlated with 𝑑𝑍𝑡 according to 

 

 𝜌𝑑𝑡 = 𝑑𝑍𝑡𝑑𝑊𝑡. (6)  

 

If 𝑋 = 𝑙𝑛(𝑃𝑡), the solution to equation (4) using Ito’s Lemma is  

 

 𝑑𝑋 = �𝜇 − 𝛿𝑡 −
1
2
𝜎𝑃2� 𝑑𝑡 + 𝜎𝑃𝑑𝑍𝑡 . (7)  

 

This can be related orthogonally to (5) as 

 

 𝑑𝑋 = �𝜇 − 𝛿𝑡 −
1
2
𝜎𝑃2� 𝑑𝑡 + 𝜎𝑃�1 − 𝜌2𝑑𝑍𝑡 + 𝜎𝛿𝜌𝑑𝑊𝑡 . (8)  

 

If 𝛿𝑡 = 𝑒𝜅𝑡𝛿𝑡, the solution to equation (5) using Ito’s Lemma is 

 

 
𝛿𝑡 = 𝑒−𝜅𝑡𝛿0 + 𝛼(1 − 𝑒−𝜅𝑡) + 𝜎𝛿𝑒−𝜅𝑡 � 𝑒𝜅𝑢

𝑡

0
𝑑𝑊𝑢. (9)  
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After substituting (9) in (8) and simplifying, the solution for the joint stochastic system 

is: 

 

 
𝑋𝑡 = 𝑋0 + �𝜇 −

1
2
𝜎𝑃2 − 𝛼� 𝑡 + (𝛼 − 𝛿0)

1 − 𝑒
𝜅

−𝜅𝑡

+ � 𝜎𝑃
𝑡

0
�1 − 𝜌2𝑑𝑍𝑡 +                         

 � (
𝑡

0
𝜎𝛿𝜌 +

𝜎𝛿
𝜅
�𝑒−𝜅(𝑡−𝑢) − 1)�𝑑𝑊𝑢. 

(10)  

 

The closed form solution (Jamshidian and Fein, 1990 and Bjerksund, 1991) for a 

futures contract 𝐹 on the commodity 𝑆 at time 𝑡 = 0 with time to maturity 𝜏 = 𝑇 − 𝑡 is  

 

 
𝐹(𝑃, 𝛿, 0,𝑇) = 𝑆0 𝑒𝑥𝑝 �−𝛿

1 − 𝑒
1−𝑒
𝜅

𝜅
+ 𝐴(𝑇)�, (11)  

 

where 𝐴(𝑇) is defined as: 

 

 
𝐴(𝑇) = �𝜇 − 𝛼 +

1
2
𝜎𝛿2

𝜅2
−
𝜎𝑃𝜎𝛿𝜌
𝜅

�𝑇 +
1
4
𝜎𝛿2

1 − 𝑒−2𝜅𝑇

𝜅3

+ �𝜅𝛼 + 𝜎𝑃𝜎𝛿𝜌 −
𝜎𝛿2

𝜅
�

1 − 𝑒−𝜅𝑇

𝜅2
. 

(12)  

 

Equations (11) and (12) can be applied to housing finance by inserting the future 

rental price 𝑅𝑇 for the price of the futures contract, 𝐹(𝑃, 𝛿, 0,𝑇), and the current period 

house price 𝑃0 for the spot price of the commodity, 𝑆0.  This ensures that the flow of 

housing consumption services has the same price whether these services are accessed 

through the market for owning or renting.  The implicit assumption is that (𝜇 − 𝛼) is the 
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drift in the cost of housing consumption services.  Any observed deviation in the change 

in the cost of accessing these services through the market to own relative to the market to 

rent is explained by a change in the net convenience yield, 𝛿𝑡.  If current house prices 

exceed future equivalent rents, then 𝛿𝑡 > 𝜇, and the situation is analogous to a futures 

market in backwardation.  This need not be a temporary phenomenon; house prices could 

exceed future rents on a sustained basis if 𝛼 is greater than zero because households 

prefer to own rather than rent or are more likely to seek longer-term housing contracts 

(Sinai and Soueles, 2005).  Since the usage option is likely constant, or evolves very 

slowly through time, it is best captured by the net long-run convenience yield, 𝛼. 

The relevant parameters for this system of equations can be estimated using the 

Kalman filter.  Let 𝑦𝑡 equal the natural log of today’s rental price 𝑙𝑛 (𝑅𝑡) and 𝜷𝑡 denote 

the (2𝑥1) state vector of the log house price twelve months ago, 𝑋𝑡−12, and the 

convenience yield, 𝛿𝑡.  Then the state space system can be represented with observation 

equation 

 

 𝑦𝑡 = 𝑎𝑡 + 𝒁𝒕𝜷𝑡 + 𝑣𝑡 (13)  

 

and state equation 

 

 𝜷𝑡 = 𝑏𝑡 + 𝑻𝒕𝜷𝑡−1 + 𝑤𝑡. (14)  

 

The observable variable 𝑋𝑡−12 is included in the state equation (14), as in Schwartz 

(1997), with the 𝑻𝒕 matrix restricted as 

  

 𝑻𝑡 = �1 −Δ𝑡
0 1 − κΔ𝑡�. (15)  
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From equations (13) and (14), the additional parameters equal 

 

 𝑎𝑡 = [𝐴(𝑇)], (16)  

 

 𝑍𝑡 = �1 −
1 − 𝑒−𝜅𝑇

𝜅
�, (17)  

 

and 

 
𝑏𝑡 = ��𝜇 −

1
2
𝜎𝑃2 − 𝛼�

𝜅𝛼Δ𝑡
Δ𝑡�. (18)  

 

Observation disturbances are serially uncorrelated and distributed 𝑣𝑡  ~ (0,𝑉𝑡).  

The expected value of the state equation disturbance term is zero, 𝐸[𝑤𝑡] = 0 and the 

variance is equal to 

 

 
𝜎2(𝑤𝑡) = � 𝜎𝑃2Δ𝑡 𝜌𝜎𝑃𝜎𝛿Δ𝑡

𝜌𝜎𝑃𝜎𝛿Δ𝑡 𝜎𝑃2Δ𝑡
�. (19)  

 

The Kalman filter allows the unobserved convenience yield to be extracted from 

the dynamic relationship between current period rents and house prices from twelve 

months ago.  Since no time 𝑡 futures contract is available for delivery of housing services 

at time 𝑇, the model’s calibration depends on using rent and house prices from different 

periods.  For the purposes of this paper, Δ𝑡 = 𝑇 − 𝑡 = 1 so the drift parameters and the 

convenience yield are expressed in annual terms. 
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3.4 Data 
 

To parameterize the model, I use the Case-Shiller 20 city composite house price 

index and the owner’s equivalent rent index from the Bureau of Labor Statistics (BLS).  

The data cover each month from January 1990 to March 2011.  Both series are re-set to 

100 on January 1990.  To generate the time series dynamics necessary to calibrate the 

drift term in the model, the owner’s occupied rent index for each month is measured 

relative to the house price index from the previous year.  For example, the January 1991 

equivalent rent index is measured relative to the January 1990 house price index, the 

February 1991 rent index is measured relative to the February 1990 house price index, 

and so on.   

The owner’s equivalent rent series was chosen because it represents the best 

approximation of the flow of housing consumption services derived from owner-occupied 

properties.  The BLS measures owner’s equivalent rent as the amount that would be paid 

in the rental market for “accommodations of the same size, quality, and type” (Poole et 

al., 2005).  A subsample of the rental units used to measure the “rent of primary 

residence” series is selected as “similar in their most important aspects” to residences that 

are owner occupied.  The change in the rent of these comparable properties is then used 

to measure the change in the cost of shelter for the owner-occupier.  Although the for-sale 

and rental markets are often imperfect substitutes (Smith and Smith, 2006), current BLS 

practice relies on an algorithm that uses locations and other characteristics to match 

owner and renter units.  The more similar a rental unit is to an owner unit, the greater its 
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weight in the equivalent rent series.12  Research suggests the most important similarity is 

physical location (Poole et al., 2005). 

Many previous papers exploring the price-rent relationship, including Davis et al. 

(2008) and Campbell et al. (2009), rely on rent of principal residence to construct price-

rent ratios.  The key advantage of using the primary rent series is that it is available for a 

much larger sample of metro areas.  For the 1990-2011 period, owner’s equivalent rent is 

available on a monthly basis for only seven metro areas: Boston, New York, Miami, Los 

Angeles, San Francisco, Cleveland, and Chicago.  Campbell et al. obtain the rent of 

primary residence series for 23 metro areas for the 1975-2007 period.  However, use of 

this series could bias the results if rental units, on average, provide housing consumption 

services of lower quality or a different character.   Moreover, the data in Campbell et al. 

are semiannual, which results in only 66 observations per metro area.  This is a very 

small sample for a time series parameterized through the Kalman filter using maximum 

likelihood.  I use monthly data to obtain 243 matched price-rent observations per metro 

area, which results in larger total sample than Campbell, et al. (1701 observations to 1518 

observations) despite covering fewer metro areas.   

 

3.5 Results 
 

Table 3.1 reports the estimates of the parameters and state variables for the seven 

metro areas and the nation as a whole.  The first column provides the peak house price 

index (January 1990=100) recorded over the 1990-2010 period.  Peak house prices in the 

Miami metro area were highest relative to January 1990, while peak houses in the 
                                                 
12 For an historical survey of the treatment of owner occupied housing services in the CPI, see Poole et al. 
(2005).   
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Cleveland metro area were lowest.  Only two of the seven markets (Miami and San 

Francisco) had peak house price values above the national average, although Los Angeles 

and New York were approximately equal to it.  The  composite includes especially hot 

markets in Phoenix, Las Vegas, and San Diego and is market capitalization-weighted, 

which means the house price booms and new construction in these markets had a greater 

impact on the series.   

Columns (2) and (3) report the two parameters of the drift, 𝜇 and 𝛼.  The 𝜇 

parameter is difficult to interpret in isolation, as its estimate depends on the rate of 

inflation in the cost of housing services measured relative to 𝛼.  The 𝛼 parameter is the 

“usage option,” 𝜐, as it reflects the long-run net convenience yield to owning in each 

market.  The variation in 𝛼 is roughly consistent with prior views about mobility and exit 

costs.  The long-run net convenience yield is lowest (and negative) in Los Angeles (-8.6 

percent) and New York (-0.4 percent).  These cities have large transient populations that 

are least likely, on average, to desire long-run housing contracts.  According to Rosen et 

al. (2005), Los Angeles and New York rank one and two in the country in terms of 

population churn for metro areas with greater than 1 million residents.13  Rental units are 

also well integrated with for-sale properties in these markets, particularly in Manhattan, 

which also reduces any value derived from social segmentation as may exist in some 

localized housing markets where homeownership is required to live in the community 

and access its amenities.  

 
 
 
 

                                                 
13 “Churn” is defined by the Census Bureau as follows: SUM(((Births - Deaths) + ((Absolute Value (Net Internal Migration) 
+ Net Immigration)/2))/Population at the End of the Period)*100. 



122 
 

Table 3.1: Parameter Estimates 
 
This table reports the results of the parameters estimated from the state space convenience yield 
model: 
 

𝑑𝑃𝑡 = (𝜇 − 𝛿𝑡)𝑃𝑡𝑑𝑡 + 𝜎𝑃𝑃𝑡𝑑𝑍𝑡 
 

𝑑𝛿𝑡 = 𝜅(𝛼 − 𝛿𝑡)𝑑𝑡 + 𝜎𝛿𝑑𝑊𝑡 

 
The μ-α term captures the long-run drift in housing costs in each market.  The α parameter is the 
long-run net convenience yield, which is largely related to the “usage” option.  The max and min 
estimates for 𝛿𝑡 represent the highest and lowest net convenience yield recorded over the sample 
period for each market.   
 

Housing 
Market 

Peak Price 
Index 

(Scaled to 
1990) 

𝝁 𝜶 μ-α Max (δ) Min (δ) 

  (1) (2) (3) (4) (5) (6) 
USA 274.36 8.30% 5.70% 2.57% 65.90% -30.20% 
Los Angeles 273.31 -5.00% -8.60% 3.59% 63.20% -55.50% 
San Francisco 299.67 9.80% 6.50% 3.28% 76.80% -37.20% 
Miami 354.63 14.10% 9.90% 4.29% 86.20% -19.30% 
Chicago 246.13 15.90% 15.00% 0.90% 49.40% -4.00% 
Boston 250.76 13.00% 8.00% 4.99% 56.40% -25.40% 
New York 266.82 2.00% -0.40% 2.44% 47.70% -29.90% 
Cleveland 190.63 18.70% 16.50% 2.18% 36.30% -3.70% 

 

The long-run net convenience yield is highest in Cleveland (16.5 percent) and 

Chicago (15.9 percent), which may reflect the demand for longer-term housing contracts 

in these cities.  Figure 3.2 plots a regression of long-run net convenience yield on 

population churn rates in each of the seven metro areas.  Population churn rates explain 

71 percent of the variation in the long-run net convenience yield across metro markets.  A 

one percent increase in population churn is associated with a 2.13 percent decline in the 

long-run net convenience yield.  Although the sample is small, a conventional t-test 

allows one to reject at the 98 percent confidence interval the hypothesis that the share of 
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the population seeking longer-term housing contracts has no effect on the net long-run 

convenience yield across metro areas. 

 

Figure 3.2: Population Churn and Long-Run Net Convenience Yield 

 

This figure depicts the results of an OLS regression of the net convenience yield on population 
churn rates by metro area.  Population churn rates are defined by the Census Bureau as follows: 
SUM(((Births - Deaths) + ((Absolute Value (Net Internal Migration) + Net 
Immigration)/2))/Population at the End of the Period)*100. 

 

Columns (5) and (6) of Table 3.1 provide the maximum and minimum net 

convenience yields recorded for each metro area over the 243 months of the sample.  The 

deviation between the current period net convenience yield and its long-run mean is 

largely a function of the “scarcity” option, 𝜉.   The maximum net convenience yields are 

extremely high.  In the case of Miami, the annual net convenience yield reached a peak of 

86.2 percent, while the San Francisco and national convenience yields peaked at 76.8 

percent and 65.9 percent, respectively.  These are annual figures measured as a 
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percentage of the house price.  They measure the cumulative change in house prices 

relative to the cumulative change in equivalent rental value.  The net convenience yields 

reach their maxima in late 2005 or early 2006, precisely when house prices were at their 

peak.  Despite having the highest long-run net convenience yield, the Cleveland metro 

area had the lowest maximum net convenience yield (36.3 percent) followed by New 

York (47.7 percent).  Although extremely high, these net convenience yields are actually 

comparable to, and in some cases below, those reported for productive commodities like 

seasonal home heating fuels where the convenience yield can exceed 100 percent 

(Casassus and Collin-Dufresne, 2005 and Casassus et al. 2010). While there is nothing 

mechanically in the model to prevent convenience yields from reaching “unreasonably 

high” levels, the magnitude of the subsequent house price declines suggests that the 

model reasonably captures the share of house prices unrelated to housing consumption 

services during the 2005-2007 period.    

     The lowest net convenience yields were observed in Los Angeles (–55 percent) 

and San Francisco (–37 percent), both of which came in 1997.  The lowest national net 

convenience yield was –30.2 percent, also recorded in 1997.  While most of the metro 

areas are highly synchronized, the net convenience yield in Cleveland and Chicago were 

10 percent and 0, respectively, in 1997.  The path of net convenience yields for all 

markets over this period is provided graphically in Figure 3.3. The net convenience yield 

series all exhibit extremely strong persistence, which is largely a function of their 

correlation with house prices.   A strong positive correlation between the convenience 

yield and spot prices (Casassus and Collin-Dufresne, 2005) and spot price volatility 

(Pindyck, 2004) is also a regularly observed empirical feature of commodity markets  
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The results suggest that the convenience yield from owning in any given period is 

largely determined by the scarcity option.  When prices are rising and the collateral 

constraint on incremental borrowing is loosened, the convenience yield is very high.  

Conversely, when prices are falling and the collateral constraint precludes incremental 

borrowing, the associated exit costs and illiquidity of homeownership generally exceed 

the benefits, resulting in a negative net convenience yield.  While expectations of house 

price increases could increase the net convenience yield, the house price increases 

themselves would be of no value to an owner-occupier without the ability to extract 

equity through home equity loans, lines of credit, and cash-out refinancing. 

 

Figure 3.3:  Net Convenience Yield, 1990-2010 

 
 
3.6 Empirical Implications and Discussion 
 

The model calibrated in the previous section suggests a number of empirical tests.  

First, in the endogenous convenience yield model, house prices matter only to the extent 

they tighten or relax the collateralized borrowing constraint facing households.  The 
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value of the scarcity option for each period should therefore be closely related to the rate 

of “home equity withdrawal,” where households increase collateralized indebtedness to 

extract liquidity from their homes.  One would also anticipate that the net convenience 

yield is positively related to cash-out refinancing as a share of total mortgage origination 

volume.  Secondly, an implication of the Ornstein-Uhlenbeck process is that house prices 

will ultimately revert to levels consistent with the long-run average net convenience yield 

to owning a home.  The economic intuition for this statistical property is that the further 

house prices divergence from equivalent rental value, the faster house prices would have 

to rise to generate the non-housing consumption opportunities required to justify the 

added expense of buying rather than renting.  Once this required growth becomes 

unsustainable, the anticipated consumption opportunities would fail to materialize.  The 

inability to fund additional consumption will mean the new homeowner has “overpaid” 

because the same flow of services could be obtained at a lower price in the rental market.  

Finally, the average national convenience yield may help to explain the statistical and 

economic significance of the vintage year parameters estimated in the previous chapter of 

this dissertation.   
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Figure.3.4: Home Equity Withdrawal Scaled by Personal Income 

 
 

Greenspan and Kennedy (2007) provide a method to measure home equity 

withdrawal (HEW) using the Federal Reserve’s Flow of Funds Accounts.  I employ this 

method to estimate the HEW each quarter from 1990 to 2010 and then scale it by 

quarterly personal income (from the Bureau of Economic Analysis).  This HEW/PI ratio 

is then measured relative to the national convenience yield for each quarter.  The first row 

of Table 3.2 provides the results of a regression of the net convenience yield on the 

HEW/PI ratio.  The t-statistic is 6.88 and variation in HEW/PI explains 38 percent of the 

quarterly variation in the net convenience yield.  As shown in Figure 3.4, the HEW/PI 

series exhibits extreme seasonality, which adds to the unexplained variation.  At the same 

time, the persistence of the convenience yield series raises questions about the validity of 

the estimated relationship. 
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Table 3.2: Explanatory Regression 

This table reports the results of a regression of the net convenience yield extracted for each month 
on three explanatory variables: (1) the home equity to personal income ratio; (2) the change in the 
linearly filtered home equity to personal income ratio to remove seasonality; and (3) cash out 
refinancing as a share of total mortgage origination volume.  The explanatory variables in all 
three specifications are significant at the 1 percent confidence interval.  

  Estimate T-Statistic R-Squared 
HEW/PI 6.10 6.88 0.38 
ΔHEW/PI (filtered) 4.86 8.44 0.48 
% of Cash-Out Refi 2.32 13.89 0.72 

 
 

To address both concerns, the HEW/PI series is put through a linear filter to 

remove the seasonality (see Figure 3.4).  This seasonally-adjusted series and the net 

convenience yield are then both first-differenced.  The second row of Table 3.2 provides 

the results of the regression of the first-differenced series.  The t-ratio rises to 8.44 and 

the variation in the seasonally-adjusted HEW/PI series explains 48 percent of the 

variation in the net convenience yield.  The third row of Table 3.2 reports the results of a 

regression of the net convenience yield on cash-out refinancing as a share of total 

mortgage origination volume.  The t-statistic is 13.9 and the variation in the cash-out 

refinance share explains 72 percent of the variation in the net convenience yield.     

Table 3.3 provides a summary of the peak-to-trough price declines predicted by 

the model relative to those observed nationally and in each of the seven markets through 

March 2010.  The implied decline is the decline required to bring the peak observed net 

convenience yield in line with the long-run average net convenience yield for each 

market.  On average, the predicted price declines are just 1.1 percent less, on average, 

than those observed through March 2010.  Actual price declines have been larger than 

anticipated in Miami, Cleveland, and Chicago, and lower than projected in Boston, New 
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York, Los Angeles, San Francisco, and nationally.  The smallest forecast error is San 

Francisco (0.8 percent), while the largest is Boston, which had declined by only 19.2 

percent relative to an anticipated decline of 32 percent. 

 

Table 3.3: Expected Housing Price Declines 

This table reports the expected cumulative house price decline nationally and in seven markets 
relative to the price decline experienced through March 2011. 

Housing Market Implied 
Decline   

Actual 
Decline  Difference          

USA -37.60% -31.80% -5.80% 
Los Angeles -41.80% -38.80% -3.10% 
San Francisco -41.30% -40.60% -0.80% 
Miami -43.30% -51.10% 7.80% 
Chicago -25.60% -34.40% 8.90% 
Boston -32.60% -19.20% -13.40% 
New York -32.50% -24.50% -8.00% 
Cleveland -16.50% -21.80% 5.30% 
Average -33.90% -32.80% -1.10% 

 

Figure 3.5:  Predicted versus Actual Change in House Prices 

 

 Finally, Figure 3.6 graphically depicts the linear relationship between the national 

net convenience yield and the one period lagged vintage year coefficients from the full 

model estimated in the previous chapter.  The lag is based on the intuition that the renter 
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uses the observed convenience yield at the end of year 𝑡 to make her rent versus buy 

decision during 𝑡 + 1.  The higher the net convenience yield, the more likely the renter is 

to “overpay” if house prices do not increase since the same flow services can be obtained 

at a lower price in the rental market.  The annual average national net convenience yield 

explains more than 82 percent of the variation in origination year coefficients in the full 

model (Model 5).   

  

Figure 3.6: The Convenience Yield and Vintage Year Parameters  

 
This figure provides a graphic depiction of the linear relationship between the net convenience 
yield and the vintage year coefficients estimated in Chapter 2.  The net convenience yield for 
each year is the average of the twelve net national convenience yields calculated for each month 
of the year.  The dependent variable is the adjusted vintage year coefficient from Model 5 
estimated in Chapter 2 for the full data set. 
 

Together, these results provide strong support for the validity of the model.  The 

change in the net convenience yield is clearly related to the change in home equity 

withdrawal and the cash-out refinancing share of all mortgage originations.  The mean-

reversion property of the model also captured the speed and depth of the decline in house 

prices once the anticipated non-housing consumption opportunities failed to materialize.  
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The results also suggest that the convenience yield can explain the variation in mortgage 

performance across origination years not captured by existing default models.   

 

3.7 Conclusion 
 

Changes in house prices that are unrelated to changes in the price of housing 

consumption services come from the convenience yield to owning, rather than renting, a 

home.  The convenience yield arises endogenously from the flow of services that accrue 

to the owner of a property but not to the renter of an otherwise identical residence.  In the 

long-run, the convenience yield depends on non-pecuniary factors and the ability to enter 

into a long-run housing contract and customize a dwelling precisely to one’s 

specifications.  In the short-run, the convenience yield is determined primarily by the 

added consumption opportunities provided by a homeowner’s ability to borrow against 

his home.  The larger the convenience yield, the more important the flow of non-housing 

consumption services to the price of the home.  

The convenience yield led renters to “reach” to purchase homes through “affordability 

products.”  When the expected non-housing consumption opportunities failed to 

materialize, recent buyers found they had dramatically “overpaid” for their house because 

the same housing consumption services were available at a lower price in the rental 

market.  This placed downward pressure on prices and upward pressure on defaults 

because current renters no longer want to become buyers and recent buyers would prefer 

if they were still renting.  This dynamic helps to explain elevated default rates on 

mortgages originated in 2006-2008 after controlling for LTV, FICO scores, and changes 

in average national house prices.   
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The theory of a stochastic convenience yield to owning a home can be extended in a 

number of directions.  The convenience yield could potentially explain the observed 

heterogeneity in the exercise of mortgage options, as well as the failure of mortgage 

modification programs in situations where better housing accommodations could be 

accessed at a lower cost through renting.  Research could also identify the factors that 

cause the long-run net convenience yield to differ across metro areas and individual zip 

codes.   
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