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Section I: Introduction 	1 

Following the 2008 financial crisis, policymakers have undertaken a number of 2 

reforms. In the US, components of the 2010 Dodd–Frank Wall Street Reform and 3 

Consumer Protection Act represent a large-scale attempt to refine the regulatory 4 

environment to avoid future financial crises. Internationally, the Basel Committee 5 

on Banking Supervision approved Basel III, reforming standards for addressing 6 

credit risk. Since the crisis, both the private sector and government directed 7 

increased attention to credit risk; however, little has been done addressing the 8 

variation in this risk across geographic locations.  9 

 Federal policies encompassing mortgage lending fails to incorporate local 10 

economic conditions which may distort access to mortgage credit. For example, 11 

the CFPB’s Qualified Mortgage, effective 1/9/2015 rule requires the borrower’s 12 

debt-to-income to be no greater than 43% the borrower’s monthly income. On 13 

average 43% is perhaps a safe and sound upper limit; however the “average” does 14 

not represent the whole country and borrowers in high cost areas (NYC) maybe 15 

excluded from affordable mortgage credit. FHA’s premium pricing is another 16 

example, in a perfect world the premium is a function of the probability of default 17 

and the loss given default, yet both the PD and LGD will vary across geographic 18 

markets.  Areas with higher economic growth that support stronger house price 19 

growth will lead to smaller PD and LGD. Even if the premium revenue covers the 20 

credit losses, some lending markets are subsidized while others are overcharged. 21 

As economists, increased efficiency in the allocation of mortgage credit is 22 

appealing, however, we do not advocate local pricing of mortgage credit yet 23 

strongly believe local credit risk must be tracked and imbalances addressed before 24 

resulting in a national crisis.   25 

 26 
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Interest rates on traditional fixed-rate mortgages can be decomposed into 1 

three key components: (1) the risk-free rate, (2) a spread for interest-rate risk 2 

(OAS), and (3) an additional spread for credit risk from default. The risk-free rate, 3 

for example, may be similar to the rate on a 10-year Treasury note. The spread for 4 

interest-rate risk is driven by the probability that a borrower will prepay prior to 5 

the stated maturity (should market interest rates decline), possibly refinancing at a 6 

lower interest rate. The third component is the spread for credit risk, driven by the 7 

probability that a borrower will default on the loan.. These last two components 8 

are options. The treatment of interest-rate risk is a call option allowing the 9 

borrower to pay off the mortgage at its book value in the event that market 10 

interest rates decline. The treatment of credit risk is a put option owned by the 11 

borrower. The put option allows the borrower to give up (i.e., sell or “put”) the 12 

house to the lender and in exchange is absolved from paying the remainder of the 13 

mortgage (both principal and interest). Our focus is upon this third component 14 

underlying mortgage interest rates. The term credit-risk spread (CRS) refers to 15 

annualized costs of the put option. 16 

In this paper, we examine how credit risk, as measured by the CRS, is 17 

affected by variation in expected house-price paths and stress scenarios. Thus, we 18 

hold constant the variation in expected foreclosure costs across states – e.g., due 19 

to judicial versus non-judicial processes (Pence, 2006) –and isolate another factor 20 

that could produce geographical variation in credit risk. To this end, we estimate 21 

CRSs by MSA for large portfolios of mortgages. The CRS can be thought of as 22 

the insurance premium for protection in the case of default that would prevail 23 

from a competitive process. As opposed to variation in foreclosure costs across 24 

states, which has received a good deal of attention, we focus on variation across 25 

MSAs in house-price stress scenarios. Our analysis shows that when mortgage-26 

lending requirements are very high, CRSs vary little across MSAs. We believe 27 

this is self evident because the borrower may not need to rely on the house price 28 



  Pricing Credit Risk for Mortgage Markets – Follain, Giertz & Dunsky 

 

 

 

3 

appreciation to avoid defaulting and imposing a credit loss on the mortgage credit 1 

risk investor.  The lack of CRS variation for prime borrowers with at least 20% 2 

down payments is due to the very small level of credit risk.  However, we find 3 

that when mortgage-underwriting requirements are relaxed (LTV > 80 and FICO 4 

< 680) credit risk does in fact vary substantially across MSAs and/or alternative 5 

HP paths. This variation in credit risk is larger for loans with small down 6 

payments that are typically insured with mortgage insurance . However, even 7 

when the first lost is insured down to 75 LTV, there remains enough CRS 8 

variation across MSAs for the credit risk investor below ~80 LTV to experience 9 

losses (check this fact).   10 

Our process for measuring mortgage credit risk at the local level is carried 11 

out in two stages. The first stage is the projection of house-price and stress 12 

scenarios by MSA. The house-price scenarios are based on an econometric model 13 

and use a variant of a Monte Carlo approach employed by Follain and Giertz 14 

(2011a and 2014). The approach highlights the gap between prices in an area 15 

compared to prices that conform to historical relationships with economic 16 

fundamentals. Areas with large gaps are presumed more likely to experience a 17 

bubble and bust, all else equal.  The second stage is the evaluation of the credit 18 

risk embodied in the price scenarios. Here, house-price scenarios for 50 MSAs are 19 

fed into the state-of-the-art model of mortgage default and prepayment developed 20 

within FHFA (Dunsky et al., 2014).5 The output from this process, and the focus 21 

of this paper, is the CRS, which is – as described earlier and in more detail later – 22 

an annualized measure of the expected credit loss from mortgage default. By 23 

                                                
5 The model, or Mortgage Analytics Platform (FMAP), incorporates many of the 

complexities involved in mortgage finance, including variation in foreclosure practices across 

states and nonlinearities between house-price declines and losses, in order to estimate probabilities 

of default and losses given default. 
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holding the set of mortgages constant when running price scenarios through 1 

FMAP, our CRS estimates isolate variation in mortgage credit risk due to MSA-2 

specific factors.   3 

A key finding from our work is the wide variation in house-price scenarios 4 

evolve into variation of credit risk spreads across MSAs. In fact, we estimate 5 

CRSs ranging from 101 bps for Washington, D.C. to 14 bps for Fresno when 6 

measuring the total CRS (100% of risk in force, RIF).  When we isolate the RIF 7 

between credit losses typically covered by mortgage insurance the range is 85 8 

bps.  The remaining mortgage credit risk (post mortgage insurance coverage) in 9 

the CRS range across MSAs shrinks to 66 bps. Our approach demonstrates that 10 

investors in the first loss position of credit risk face the greatest geographic house 11 

price risk variation across MSAs.   12 

In sum, this approach shows promise as a tool for measuring mortgage 13 

credit risk across housing markets and as an early warning metric to discourage 14 

bubble and bust house price cycles. Targeting market-specific bubbles could 15 

backfire, if house-price projections and stress scenarios are heavily error prone. 16 

However, even if imperfect, the MSA level CRS measure it is likely a superior 17 

tool to a “one size fits all” approaches, such as monetary policy, that have been 18 

discussed as tools for combatting house price bubbles.  19 

The susceptibility to price bubbles and busts is an important source of 20 

credit risk in the mortgage market and, as seen during the most recent financial 21 

crisis, one that can have large spillover costs. Here, we define price bubbles as 22 

scenarios in which asset prices rise substantially above those dictated by 23 

economic fundamentals, or those prices consistent with the risk-adjusted present 24 

value of rents over an asset’s life. Note, however, that similar rapid declines in 25 

house prices could result from unexpected events, but due to fully rational 26 

behavior. Such events would have similar negative consequences for borrowers 27 
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and guarantors. For example, suppose prices in an area are based to a large degree 1 

on a rational assessment of the strength of the oil industry. History tells us than an 2 

unexpected shock to this industry could cause a sharp drop in house prices. This 3 

house-price scenario could look just like a bubble; however, it would not be 4 

driven by momentum effects or irrational elements. Our approach for projecting 5 

house-price paths and stress scenarios applies to “irrational” bubbles and busts as 6 

well as price swings due to unexpected shocks that confer price swings (and 7 

where some inference to the probability of such shocks is known). In sum, credit 8 

risk is higher during bubbles, but also in rationally-priced markets that have a 9 

higher, but still low, probability of a negative price shock. Examples of the latter 10 

may include MSAs dominated by a single industry or those with greater risk of 11 

natural disaster or civil unrest etc. 12 

Section	II:	Data	and	Trends	13 

Several sources are used to create a panel of quarterly pooled-time-series 14 

economic data for 97 large (population greater than 570,000 in 2000) MSAs 15 

beginning with 1990Q1 and extending through 2013Q3. We run house-price 16 

projections for 50 of these MSAs through FMAP to project credit losses from a 17 

synthetic set of newly originated mortgages.  18 

Data are from publicly-available sources, such as FHFA, the Census 19 

Bureau, Bureau of Labor Statistics (BLS) and Bureau of Economic Analysis 20 

(BEA). In many cases data were obtained via Moody’s Analytics Economy.com 21 

Data Buffet. A feature that we use from the Data Buffet is Moody’s out-of-sample 22 

forecasts produced under various economic scenarios, which we utilize in our 23 

house-price simulations. A key variable throughout the analysis is FHFA’s 24 

purchase-only house-price index (HPI). Other key variables include income per 25 

capita, employment and single-family home sales at the MSA level.  26 
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For our sample of 97 large MSAs, the average FHFA house-price index 1 

(weighted by MSA employment) increased by 11 percent from 1990Q1 to 2 

2013Q3. Real per capita household income over this same time period increased 3 

26 percent, from $37,300 in 1990Q1 to $47,100 in 2013Q3. Employment 4 

increased by an average of more than 11 percent. Dollar values are in real 2010 5 

terms (as adjusted by the Consumer Price Index for urban consumers), unless 6 

otherwise stated.  7 

Table 1 presents summary statistics, including a breakdown by three MSA 8 

groups. MSA groups are of roughly equal size and are defined by total HPI 9 

change from 1990Q1 to 2013Q3. The low-growth group experienced real declines 10 

in their HPIs of at least one percent and had average price declines of 8 percent. 11 

The middle-growth group experienced net growth in their HPIs of between -1 12 

percent and 17 percent, with an average increase of 9.5 percent. The high-growth 13 

group experience real HPI increases of at least 17 percent, with an average 14 

increase of 29 percent.  15 

Trends, averaged over groups of MSAs, mask considerable variation 16 

across MSAs. Figure 2a and b present real HPI trends for the 50 MSAs whose 17 

projections serve as inputs for our CRS estimates. Table 2 shows HPI growth for 18 

each of the 50 MSAs over three periods: 1) From 2000Q1-2006Q3, which 19 

represents the approximate beginning of rapid house-price growth to the 20 

approximate house-price peak; 2) From 2006Q1-2013Q3, which spans from the 21 

approximate peak to our most recent data; 3) From 2001Q1-2013Q3, the full 22 

period, which includes both the bubble and bust. These dates are necessarily 23 

approximate, partly, because the date varies by MSA and some MSAs (e.g., 24 

Dallas and Memphis) do not experience rapid house-price growth; it is this 25 

heterogeneity that serves as a motivating theme of our work. A simple 26 

comparison of HPI levels over this time period shows that MSA-level house-price 27 
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patterns vary greatly across MSAs. For example, 11 MSAs experienced a house 1 

price growth of less than 9 percent from 2000Q1 to 2006Q3, with cumulative HPI 2 

appreciation for these 11 MSAs averaging 4.4 percent through the most recent 3 

data, 2013Q3.   4 

MSAs experiencing no real price bubble include long-term declining 5 

cities such as Detroit and Cleveland, who despite not experiencing a bubble, were 6 

hit hard by the bust. This group (with no bubble to speak of) also includes MSAs 7 

that where only modestly hit by the bust, such as Dallas, Raleigh and Omaha.  8 

A second group of 13 MSAs experienced real HPI growth during the 9 

bubble of between 11.3 and 26.2 percent. While this is strong house-price growth, 10 

it is not extraordinary for a seven-year period. At the other end of the spectrum, 11 

32 of our 50 MSAs experienced house-price growth of 50 percent or more over 12 

this seven-year period. Seven of these 32 MSAs experienced price growth 13 

exceeding 90 percent, while four saw house prices more than double. At the 14 

extreme are Fresno, Los Angeles and Miami, where house prices rose by between 15 

120 and 127 percent. Again, Figure 2a and b illustrates the great heterogeneity in 16 

the economic experiences across MSAs, comparing house-prices and per capita 17 

income. For example, the three MSAs with the greatest price growth through 18 

2006Q3 all show a sharp divergence with per capita income and all experience 19 

severe sharp house-price declines post-2006Q3. Many of the MSAs in our sample 20 

exhibit similar patterns, however only relatively modest and gradual divergences 21 

or convergences between house prices and incomes are observed. This house 22 

price and income phenomenon is well documented. However, we argue that 23 

policymakers have all too often turned a blind eye to this variation, making the 24 

US financial system more susceptible to systemic risk. That is, using national 25 

trends to price credit risk under prices risk in high-risk areas and over prices risk 26 
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in low-risk areas. Moral hazard by borrowers may leave lenders or guarantors 1 

holding portfolios with greater risks. 2 

Section	III:	Methodology	3 

This section is divided into three parts. We begin by presenting a vector error 4 

correction model (VECM), which feeds into our second-stage house-price growth 5 

equation. We explored using a multi-equation vector autoregression (VAR) to 6 

project all of our MSA-specific variables. However, we have opted for a simpler 7 

approach, relying on out-of-sample predictions from Moody’s for all variables, 8 

aside from house prices. The main advantage of forgoing the VAR is greater 9 

transparency. Moody’s includes several alternative projections, including a 10 

baseline and a “protracted slump.” These paths appear stylized with few 11 

aberrations and are similar across MSAs. Conversely, with the VAR approach, an 12 

aberration in the projections for any one of the variables could have substantial 13 

feedback effects on house prices. Furthermore, in our experience, the VAR 14 

system did not perform well when projecting over a long period –  e.g., over 40 15 

quarters as opposed to eight or 12 quarters – and was more prone to aberrant 16 

trends. Relying on Moody’s projections allows us to highlight the impact from the 17 

house-price equation.  18 

Next, we review how the results from the VECM are used to project both 19 

expected out-of-sample house-price paths, as well as stress scenarios. Finally, we 20 

discuss our forecast of credit losses and the formulation of the CRS.  21 

Vector	Error	Correction	Model	22 

To start, an error-correction equation is estimated in log form (as opposed to 23 

differences in logs) and is used to estimate residuals (which serves as the error 24 

correction term, !"#$%). These estimated residuals are then included as a regressor 25 
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in the house-price equation. The error-correction equation can be expressed such 1 

that 2 

log )*"# = ," + ./0 log 123"# + .40 log 567"# + .80 log 9:;<="# 	4 

+?@ AB10#E8 − AB1#E8 + ?/AB10# + !"#
$%. (1)

 

3 

Real house prices (HP) for MSA i in quarter t are regressed against 5 

concurrent values of the other variables. Explanatory variables include logs of 6 

employment (Emp), income per capita (Inc), and single-family home sales 7 

(Sales). Also included among the regressors is the ten-year Treasury rate (TB10) 8 

because it is strongly correlated with multi-year fixed rate mortgage interest rates 9 

and is exogenous – i.e., not a function of borrower characteristics. For example, 10 

higher average mortgage interest rates could reflect a general increase in 11 

borrowing costs, which should drive house prices lower; or, it could reflect the 12 

fact that lenders have expanded credit to riskier borrowers, which could drive 13 

house prices higher. Additionally, a one-year lag of the yield spread (AB10#E8 −14 

AB1#E8), where AB1 is the one-year Treasury rate, is included because it has been 15 

shown to be a good predictor of real economic activity (e.g., see Gürkaynak and 16 

Wright, 2012 and Estrella and Mishkin, 1998). Finally, MSA fixed effects (αi) are 17 

included. Note that substituting HP for HPI (i.e., house prices for an index 18 

calibrated to have a common starting value for all MSAs) yields identical 19 

regression estimates, since MSA fixed effects absorb time-invariant differences 20 

between MSAs. 21 

After imputing residuals from equation (1), attention turns to estimating 22 

the second-stage house-price equation, estimated in first differences, and 23 

expressed such that 24 

Δlog )*"# = ,# + ,IJKLM + ,$%!"#E@
$% + .@0 Δlog )*"#E0

N

0O@

 25 
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+ ./0 Δlog 123"#E0

N

0O@

+ .40 Δlog 567"#E0

N

0O@

1 

+ .80 Δlog 9:;<="#E0

N

0O@

 2 

+?@ AB10#E8 − AB1#E8 + ?/AB10# + !"# .  (2) 3 

 4 

Eight lags of all four MSA-specific variables are included on the right-hand side. 5 

Akaike information criterion (AIC) test statistics support the inclusion of eight 6 

quarterly lags. Year (,#) and MSA group dummies (,IJKLM) are included in order 7 

to absorb unobserved factors. Year and group fixed effects measure the influence 8 

of factors that are not explicitly included in the estimation — and which often are 9 

not available in sufficient detail and spanning many years. Year fixed effects 10 

control for unobserved factors whose impact is homogeneous across MSAs. 11 

Group dummies (defined in the previous section) control for mean differences 12 

between the groups of MSAs whose impact is time invariant. In estimating credit 13 

risk, we focus on out-of-sample projections produced iteratively from the HP 14 

equation and, for the other variables, we use projections from Moody’s 15 

Economy.com.6 More details are presented shortly.  16 

As an alternative to group dummies, full MSA fixed effects could be 17 

included again here (as in equation (1)). This would impose stronger controls for 18 

                                                
6 While not presented in the paper, we also estimate the model including each of the 

MSA-specific variables on the right-hand side – i.e., the VAR approach. While there are some 

advantages to this alternative, we decided against it. With the full set of equations, it was 

especially difficult to determine which factors were driving the model. 
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heterogeneity across MSAs, but would reduce degrees of freedom and wash away 1 

the influence of time-invariant within-group cross-sectional variation.  2 

, the estimated error correction term from equation (1), is also 3 

included among the regressors in equation (2). Equation (1) represents the market 4 

in equilibrium. Thus, is an estimate of how current HP deviates from a longer 5 

run equilibrium. High values for suggest that house prices are above 6 

equilibrium levels, with the intuition being that prospective growth rates will be 7 

low (or negative). Low values, on the other hand, should predict faster house-8 

price appreciation. MSA fixed effects, conditional on the other covariates, allow 9 

for long-run equilibriums that differ by MSA. These effects account for a variety 10 

of local market conditions without imposing a structural relationship or relying on 11 

poorly measured variables.  12 

Estimated coefficients on lagged growth in house prices and employment 13 

can help distinguish between markets characterized by price momentum and those 14 

characterized more by mean reversion. Positive estimated coefficients on the 15 

house-price lags suggest momentum (or self-reinforcing) effects. This includes 16 

price bubbles, where behavior such as speculation or weak underwriting standards 17 

can lead to periods of rapid price increases and, after peaking, rapid price 18 

decreases.7 Lags in employment and per capita income growth are intended to 19 

capture more traditional changes in housing demand. National factors, such as 20 

                                                
7 Of course, other factors, sometime independent, but often interrelated contribute to 

momentum effects. For example, see Follain (2012) who shows the importance of distressed real 

estate in understanding house price changes mid crisis. Also, see Duca, Muellbauer and Murphy 

(2011) who emphasize the importance of credit constraints (or the supply of mortgage credit) after 

the bubble peak. 

ˆECitε

ˆECitε

ˆECitε
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interest rates and the lagged term structure, are part of the model, but much of 1 

their influence will be absorbed by the year fixed effects. Thus, these national 2 

variables estimate the residual influence of within-year variation in interest rates 3 

etc. 4 

The momentum component in the house-price equation may be an 5 

important indicator of the sensitivity of house prices to the economic 6 

environment. The larger the momentum effect, all else equal, the greater the 7 

impact will be from a shock to the error term. Consider a simple model where the 8 

change in house prices is function of the lagged change plus an error term, such 9 

that  10 

P)*# = : ∙ P)*#E@ + R#.    (3)  11 

Now consider two scenarios, one where modest momentum is present, so 12 

that a = 0.45, and another scenario with stronger momentum, so that a = 0.9. 13 

Suppose that in the initial period, an exogenous shock to the error term lowers HP 14 

by one percent. When a = 0.45, the cumulative effect after ten additional periods 15 

of this one-time shock will be a 1.82 percent (i.e., the initial 1 percent drop plus 16 

an additional 0.82 percent from the momentum effect). When a = 0.9, the 17 

analogous drop in prices is 6.51 percent (i.e., the initial 1 percent drop plus an 18 

additional 5.51 percent from the momentum effect). Thus, in this example, the 19 

scenario with greater momentum resulted in a cumulative price drop of 3.6 times 20 

the scenario with modest momentum. 21 

In a more complex model, a shock to any of the variables has the potential 22 

of snowballing when momentum is large. A fragile housing market (one 23 

susceptible to large price swings) could be characterized by a large momentum 24 

factor, along with strong (and positively correlated) interconnectedness to other 25 

variables. In such instances, a shock could throw the system out of long-run 26 
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equilibrium. Bubble detection requires looking carefully at the coefficients and 1 

how they change over time. Follain and Giertz (2011a) carry out such an exercise 2 

by examining VAR coefficients where they truncate the estimating data at various 3 

points; e.g., at points before, during and after 2006, which marked the peak in 4 

house prices for many MSAs.  5 

In this paper, our data extends through the housing crisis to a relatively 6 

benign period. One indicator of a fragile housing market may be gleaned from the 7 

“momentum coefficients,” or the lagged house-price coefficients from equation 8 

(2). All else equal, the larger the momentum effect (or the sum of the lagged 9 

coefficient estimates), the more sensitive the model’s predictions of future price 10 

changes. An initial negative shock, for example, suggests steeper price declines in 11 

a market characterized by large momentum effects compared to one with little or 12 

no momentum effects. 13 

Simulating	House-Price	Paths	14 

Here, we use our regression results in conjunction with Moody’s projections for 15 

other economic variables to to produce out-of-sample house-price forecasts for 16 

each MSA. We employ a Monte Carlo simulation based on an approach 17 

developed by Follain and Giertz (2011a and 2014) to construct house-price stress 18 

scenarios. We project house prices out ten-years (40 quarters).  19 

Each set of projections uses the estimated regression coefficients from the 20 

house-price-growth equation for the respective MSA group. For two of Moody’s 21 

alternative scenarios for the other variables – one scenario represents baseline 22 

paths and the other begins with a slump – 500 house-price paths are simulated for 23 

each MSA. The simulated price paths are then run through FMAP to estimate 24 

credit losses. A random variable is added to each iteration (i.e., for each quarter) 25 

of the house-price projection process, producing distributions of projected price 26 
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scenarios. Thus, predicted (or projected) values, based on equation (2), can be 1 

expressed such that 2 

log )*"#	 = ,#OS(U,W) + ,IJKLM + ,$%!"#E@
$% + .@0 Δlog )*"#E0

N

0O@

 3 

+ ./0 Δlog 123"#E0

N

0O@

+ .40 Δlog 567"#E0

N

0O@

4 

+ .80 Δlog 9:;<="#E0

N

0O@

 5 

+?@ AB10#E8 − AB1#E8 + ?/AB10# + Y(0, Z#
/).  (4) 6 

Out-of-sample predicted paths are produced under alternative assumptions for the 7 

variables. As mentioned earlier, the simulation is conducted using Moody’s 8 

baseline scenarios as well as its “protracted slump” scenarios. Over the ten-year 9 

horizon, Moody’s baseline and protracted slump scenarios begin and end at 10 

roughly the same points. The main difference between the projected scenarios (for 11 

employment, income per capita and single-family home sales) is that the 12 

protracted slump scenarios begin with a negative shock persisting for roughly 13 

three years. This slump is followed by somewhat faster growth so that the 14 

protracted-slump and baseline scenarios begin to converge in the quarters 15 

following the slump.  16 

Relying on Moody’s for the endogenous variables removes the feedback 17 

mechanism between the equations. However, this feedback process is extremely 18 

complex, making it difficult to pinpoint which factors are driving the price paths. 19 

Furthermore, this feedback process may be effective when projecting out a couple 20 

of years, but is unlikely to perform well when projecting over many years. Using 21 

Moody’s scenarios makes it easier to isolate the effects of negative scenarios for 22 
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particular variables. Variation in the projected house-price paths (for each MSA) 1 

results from last term in equation (4), Y(0, Z#/), which is a normally distributed 2 

random variable with mean 0 and a standard deviation equal to the standard error 3 

of the regression (or root-mean-square error, RMSE). Note that the lagged values 4 

or starting conditions are the actual historical values of the economic variables in 5 

the 8 quarters just prior to the end of the sample (i.e., running through 2013Q3). 6 

The error-correction term varies across MSAs, but is held constant throughout the 7 

simulation, equal to the average in-sample estimate.  8 

 Projecting long-run house prices (or other asset prices) with precision is 9 

generally a fool’s errand. Therefore, we do not place unreasonable expectations 10 

on our model. However, we do feel that our model, in many instances, is capable 11 

of providing a reasonable picture of how a stress scenario may deviate from the 12 

expected path. And, we believe that this approach does a reasonably good job of 13 

accounting for variation across MSAs. These beliefs are supported by previous 14 

work by two of the authors (Follain and Giertz, 2011a and 2014) who use similar 15 

techniques to project house prices (and stress scenarios) for earlier periods where 16 

the projections can be compared to what actually occurred. These papers focused 17 

on much shorter projection periods – 3 years, as opposed to 10 here. With the 18 

much longer time-horizon, projections from a model with few restrictions have a 19 

tendency to veer towards implausibility. Thus, when making projections, we scale 20 

downward the constant term in our (second-stage) HP-growth equation. The 21 

degree to which this term is scaled differs for the 3 groups of MSAs, which are 22 

estimated separately. However, the scaling remains the same for the alternative 23 

out-of-sample scenarios that are used for the other covariates.  24 

 While many financial models assume that asset-price changes follow a 25 

normal (or log-normal) distribution and that price changes are serially 26 

independent, this has been shown to be an oversimplification that can sometimes 27 
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have detrimental consequences (e.g., see chapter 12 from Mandelbrot and 1 

Hudson, 2004, part 3 from Taleb, 2007, and Follain, 2013). The impact of house-2 

price shocks in our model may be serially correlated (i.e., not independent), since 3 

lagged coefficients in the house-price equation allow a random shock to have a 4 

persistent effect on house-price growth. This notwithstanding, we focus on stress 5 

scenarios at the 5-percent path instead of ones that are more extreme. Because of 6 

the assumptions underlying our stochastic shocks, price paths farther out in the 7 

left tail are likely to be conservative compared to an alternative where the a 8 

distribution of price shocks has fatter tails. 9 

Credit	Risk	Spreads:	Modeling	Credit	Risk	10 

The CRS is the annualized cost of default, expressed in bps – where 0.01 11 

percentage points equals 1 basis point – as a share of the original loan balance for 12 

a particular loan; in the case of a mortgage portfolio, loan-level results are 13 

aggregated. While the measure is annualized, it captures credit losses occurring 14 

over the life of the mortgage portfolio, which we approximate as a 10-year period 15 

since nearly all credit losses on mortgages occur during this period. The CRS 16 

consists of two main components: expected-annualized credit losses (EL) plus the 17 

cost of capital held in reserve, (K). The capital reserve equals the present value of 18 

stress losses minus expected losses. The cost of capital represents annualized 19 

forgone returns from investing these funds in a risk-free asset. Thus, 20 

[\9 =
$]^ JEJ_` a

bcW#
⋅ 10,000,   (5) 21 

where e is the normal return to investments by the lender and eJf is the risk-free 22 

rate of return.8 Note that a capital requirement (as a share of current debt) 23 

                                                
8 Follain and Sklarz (2005) and Calem and Follain (2007) use this expression (i.e., 

equation (5)) to compute credit risk spreads.  
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sufficient to withstand a particular scenario is the loss from a stress event divided 1 

by the initial unpaid principal.9  2 

 While the CRS reflects the risk associated with mortgages, in many cases, 3 

a mortgage is backed by multiple entities across risk segments. For example, low 4 

down payment loans with original LTVs greater than 80 percent carry mortgage 5 

insurance.  On average, the depth of the mortgage insurance coverage is limited to 6 

24 percent, however the depth of coverage varies by original LTV.  The mortgage 7 

insurance policy is in a first loss positions (after homeowner equity) yet is limited 8 

to approximately 25 percent of losses. The overall CRS does not reflect the risk to 9 

either entity, primarily because they have different loss positions. Should a loan 10 

default, MI providers are in the first-loss position (after homeowner equity), and 11 

thus bear considerably greater severity (though limited to the coverage percent) 12 

than the second loss position investor ( for example, GSE, Bank, StacR, or CAS 13 

investor). Only if losses exceed the MI provider’s coverage does the second 14 

position credit investors incur losses. With this in mind, we decompose the CRS 15 

measure into two components, the first loss piece covered by a mortgage 16 

insurance company and the remaining losses.   17 

In addition to house-price paths, we construct two sets of newly-originated 18 

synthetic mortgages: one set is representative of GSE-backed loans originated in 19 

                                                
9 An alternative means of financing mortgage portfolios is directly via equity. In such an 

approach, investors would purchase equity stakes in the mortgage portfolios. Thus, debt financing 

with a capital reserve would be replaced with equity (or partial equity) financing. Direct-equity 

financing would not require capital reserves invested in risk-free assets, since the costs of a stress 

event would be borne by shareholders. Admati and Hellwig (2013) advocate this approach to 

mortgage finance, arguing that the current heavy reliance on debt financing is to a large degree the 

result of government policies that insulate debt holders from market risk. It is also well known that 

the US tax system heavily favors corporate debt over equity (e.g., see Burnham, 2014). 
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2014 while the second set is comprised of higher-risk loans. Both loan sets 1 

contain approximately 100,000 loans. The low-risk loan set generates very low 2 

CRS estimates and little variation across MSAs. Thus, we focus on the riskier 3 

loan set summarized in Table 3. All of the loans in the riskier group contain 4 

mortgage insurance and about 93 percent of loans in this pool have loan-to-value 5 

ratios (LTVs) between 85 and 95 percent and credit scores between 681-740. For 6 

23 percent of borrowers, credit scores are between 680-700. No borrowers have 7 

credit scores under 680. We use this riskier portfolio to highlight variations in 8 

credit risk among MSAs due to variations in the underlying house-price 9 

environment, which includes the susceptibility to big negative-price shocks as 10 

well as institutional factors, such as regulatory policies that may greatly affect 11 

costs associated with foreclosing on a property and selling the resulting REO. 12 

While our mortgage pool is risky compared to the majority of loans acquired by 13 

the GSEs in 2014, it is likely less risk than comparable loans insured by the 14 

Federal Housing Authority.  15 

We define credit loss as the discounted sum of charge-offs and real-estate 16 

owned (REO) operations expenses (also called foreclosed property expenses), 17 

which are estimated within FMAP. A charge-off occurs when the title of the 18 

property is transferred, for example, when foreclosure is completed or the 19 

property is sold in a pre-foreclosure (or 3rd-party) sale. The amount of the charge-20 

off is the difference between the defaulted unpaid principal balance and the 21 

expected house-price value on the charge-off date net of foreclosure, and ancillary 22 

disposition expenses. REO operations expenses are the monthly carry cost 23 

associated with REO properties after foreclosure and prior to sale; for example, 24 

maintenance, property taxes, and insurance. Elements in the charge-off and REO 25 

operations expenses are mutually exclusive, and reflect the actual values based on 26 

the projected house-price path. Credit losses will vary across locations due to 27 

differing foreclosure and disposition time lines for REO properties.  For our 28 



  Pricing Credit Risk for Mortgage Markets – Follain, Giertz & Dunsky 

 

 

 

19 

simulations, we held constant the portfolio of loans and varied the local economic 1 

conditions, as such the impact of the foreclosure and REO disposition time lines 2 

(across locations) are fully neutralized to isolate credit losses due to the house 3 

price paths and other local economic conditions. 4 

Section	IV:	Results		5 

This section includes (1) a discussion of the regression results used to generate the 6 

house-price scenarios; (2) an overview of the house-price projections; and, (3) an 7 

overview of the implications that the house-price scenarios have for losses for 8 

alternative mortgage pools, as measured by the CRS. For a more in depth 9 

examination of estimated VAR coefficients, see Follain and Giertz (2011b and 10 

2012), who estimate a wider range of specifications for subsets of the period 11 

included here. 12 

Regressions	Results,	1990Q1-2013Q3		13 

Reported in Table 4 is the first set of estimates is from the first-stage VEC. 14 

Regressions are weighted by MSA employment and include MSA fixed effects. 15 

Note the sign on the estimated coefficients is the same for all three population 16 

groups; however, the magnitudes are often quite different. For example, 17 

employment shows strong statistical significance for all three groups, but for the 18 

medium-price-appreciation group, the estimated coefficient is much larger (0.68) 19 

than for the low-appreciation group (0.41) and the high-appreciation group (0.35). 20 

It may be that employment, a core fundamental, is less important in the low 21 

appreciation group, where housing-supply elasticities are likely more elastic and 22 

also less important than in the high-appreciation group, which is more likely to 23 
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have sharp price swings and divergences from fundamentals.10 The influence of 1 

income per capita appears strong for all three groups and is somewhat smaller for 2 

the low-appreciation group. Single-family sales show also exhibits strong 3 

statistical significance throughout, with negative coefficient estimates. It is 4 

important to remember that these variables are endogenous and the estimates 5 

capture a combination of causal and correlative factors. The purpose of the VEC 6 

equations is not to isolate causal relationships, but to generate predicted residuals 7 

that are included in the second-stage house-price growth equation. In the case of 8 

sales, increased sales could suggest greater demand and higher house prices. 9 

However, it also is consistent with increased supply and declining house prices.  10 

The 10-year Treasury rate and the term structure of interest rates, captured 11 

by the one-year lagged difference between the 10-year and 1-year Treasury rates, 12 

also show strong statistical significance. Estimated coefficients here are all 13 

positive. All else equal, lower mortgage rates should spur higher house prices. 14 

Again, here, all else is not held equal. For one, the rates are nominal, and not net 15 

of inflation. Two, low real interest rates can be a sign of a weak economy. The 16 

positive association is likely resulting from the direct correlation between the term 17 

structure and economic growth (Gürkaynak and Wright, 2012).  18 

Results from the house-price-growth equation, for the three groups, are 19 

presented in Table 5. While the magnitudes differ, estimated coefficients on the 20 

error-correction term are negative and statistically significant. This is consistent 21 

with our hypothesis. The error-correction term is a proxy for the difference 22 

                                                
10 Paradoxically, during the recent crisis, bubbles were often more pronounced in areas 

with historically relatively low housing-supply elasticities (Glaeser, Gyourko, and Saiz, 2008). 

Haughwout et al. (2012) also discuss the complex role that the supply side played in the current 

bubble and bust. 
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between actual house prices and those dictated by a notion of long-run 1 

equilibrium. Prices above this notion of long-run equilibrium decline, or move 2 

towards equilibrium. The speed of adjustment is greatest for the low group of 3 

MSAs that have shown the lowest in-sample price appreciation. 4 

 On balance, house-price lags show a strong positive and statistically 5 

significant association with current house prices. The sum of the lagged house-6 

price coefficients (a proxy for the overall influence of these lags) ranges from 7 

0.81 for low-price-appreciation MSAs to 0.74 for the high-price-appreciation 8 

group. These results suggest a momentum effect, where price increases beget 9 

further increases and declines beget further declines. By contrast, negative 10 

estimates would suggest mean reversion. While positive coefficients are 11 

consistent with price bubbles, they could also reflect slow movements between 12 

steady states – i.e., serial correlation in price movements. For example, a city in 13 

decline will be unlikely to experience a sharp drop in the housing stock, but rather 14 

may experience price declines over many years as the housing stock slowly 15 

depreciates.  16 

Estimated coefficients for employment are also generally positive across 17 

MSA groups. However, the importance of employment growth is greater for the 18 

medium-growth MSAs. The sum of lagged coefficient estimates totals 0.29 for 19 

the medium group, roughly twice the sums for each of the other two groups. Eight 20 

of the 24 estimated coefficients on the employment lags are statistically 21 

significant. In most cases, it is the absolute size of the estimated coefficient that 22 

determines statistical significance, since standard errors on these lagged terms 23 

vary little (within each group). Small coefficient estimates could be consistent 24 

with several scenarios. One, it could imply a weak link with what are traditionally 25 

considered core fundamentals. Two, it could imply that employment trends were 26 

accurately anticipated and previously incorporated into house prices. Three, it 27 
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could imply that house-price elasticities are very elastic. Four, to a certain extent, 1 

the relationship between house prices and employment goes both ways. 2 

Employment growth drives up demand. But, house-price increases, all else equal, 3 

makes an area less desirable for worker and firms – since higher wages are 4 

presumably required to offset the higher cost of living.  5 

Turning to income per capita, lagged growth has a much stronger 6 

relationship for the high-appreciation group than for the other two. For the high-7 

appreciation group, the sum of lagged coefficients equals 0.2. The sum is just 0.03 8 

for the medium group and -0.11 for the low group. In one sense, per capita 9 

income growth’s role as a core fundamental appears strongest for the high-10 

appreciation group. However, while income is a core fundamental to the extent 11 

that it produces “rational” increases in demand, but it can also contribute to 12 

bubbles, if short-term (and rational) income growth evolves into unreasonable 13 

expectations for long-term price growth. This phenomenon may play out with a 14 

number of variables and not just income. But, with income the effect can be 15 

further compounded if current income is a key determinant of individual 16 

borrowing limits. During price bubbles, some buyers may borrow at or near the 17 

limit allowed by creditors and not make home bids based on a rational estimation 18 

of the present value of long-run returns (Shiller, 2005).11  19 

                                                
11 One likely contributor to irrational expectations of future house-price appreciation was 

the Taxpayer Relief Act of 1997, which eliminated taxes on most capital gains from owner-

occupied housing. In reference to the Act, Gjerstad and Smith (2014, p 149) note: “any 

asymmetric reduction in taxes on homes implies that a larger fraction of capital will flow into 

home investment away from other forms of capital investment in pursuit of higher after-tax 

returns…[And,] in moving to that equilibrium, any increase in the expected rate of home price 

appreciation also would raise the short-run momentum demand for homes.” 
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The sum of lagged coefficient estimates for single-family home sales are 1 

generally positive, with coefficient sums ranging from 0.8 for the low-2 

appreciation group to 0.11 for the medium-appreciation group. As with many of 3 

the other variables, sales capture a combination of supply and demand factors. 4 

The overall results are consistent with growth in home sales driven by demand 5 

and associated with rising prices. While the relationship is modest, it is consistent 6 

with simple trends, which generally show sales increasing with prices and 7 

plummeting during housing slumps.  8 

The interest-rate variables are statistically significant in a couple of 9 

instances, but are often not large in magnitude. These variables do not vary across 10 

MSAs. And, year and quarter dummies are included in the specifications. These 11 

dummies are controlling for unobserved factors that are similar across MSAs, but 12 

vary over time. The year and quarter dummies absorb most of the variation in 13 

national variables, which helps explain the small residual impact from the national 14 

interest rate measures.12 Also, note that the regression standard errors are nearly 15 

identical across specifications. These standard errors are an important component 16 

of the Monte Carlo exercise. 17 

House-Price	Projections:	2013Q4–2023Q3	18 

Out-of-sample house-prices are projected for 50 MSAs for 2013Q4-2023Q3 using 19 

the regression estimates based on data extending through 2013Q3. While full 20 

monthly price paths are imputed, here we provide an overview by showing the 21 

cumulative change in projected house prices for each MSA at 3 points over the 22 

                                                
12 If a dummy were included for every quarter, the effect of any national variable would 

be totally wiped out.  
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10-year period.13 For each MSA, house prices after year 3, 7 and 10 are divided 1 

by the HPI at month 1. Thus, ratios above 1 suggest real price appreciation, 2 

whereas, values less than 1 suggest real depreciation.  3 

Table 6 highlights total price changes at the median of our distributions, as 4 

well as at the 1-percent and 5-percent points, which we view as stress scenarios. 5 

As previously noted, we use our estimated house-price equation to project house 6 

prices, but rely on projections from Moody’s for our other economic variables. 7 

The stress scenarios are based on Monte Carlo simulations using Moody’s 8 

protracted-slump scenarios, while our expected scenarios use Moody’s baseline 9 

projections for the other economic variables. 10 

We project a 5-percent likelihood of an average real price decline of 39.7 11 

percent (versus 49.5 for the 1-percent case) after 10 years. At the median, we 12 

project, on average, that house prices will keep pace with overall inflation.14 At 13 

the MSA level, trends for the 1- and 5-percent scenarios are quite similar. This is 14 

not surprising, since these paths rely on the same data and vary only due to the 15 

cumulative effects of the stochastic component of the Monte Carlo exercise. This 16 

is not the case when comparing price paths at the median to those for the stress 17 

scenarios. In some cases, the trends (for an MSA) are similar; in other cases, the 18 

trends bear little resemblance to each other. This is because the median (or 19 

expected, under distributional assumptions) paths rely on the Moody’s baseline 20 

for the other economic variables, whereas the stress events utilize Moody’s 21 
                                                
13 House prices are projected at the quarterly level. A linear path is assumed for the 

intervening months between each quarterly projection. Monthly values are needed as input for 

FMAP. 
14 When relying on the full VAR, in place of Moody’s projections, our results, averaged 

across MSAs are quite similar; however, projections for particular MSAs sometimes differ 

considerably. 
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“protracted slump” scenario. Thus, in some instances, an MSA’s expected price 1 

path shows strong price appreciation, while still having a severe projected stress 2 

scenario. For example, consider Allentown, Pennsylvania. After 10-years, 3 

projected real house-price appreciation for Allentown exceeds 30 percent, while 4 

Allentown’s 1-percent stress scenario shows a cumulative price decline of 60 5 

percent! 6 

Focusing on the 5-percent scenarios, the steepest total price drop is for 7 

Philadelphia, where the cumulative effect of the 10-year stress scenario is a 59 8 

percent drop in real prices. Chicago, Los Angeles, Memphis, Austin, Phoenix, 9 

Oakland, Tampa, Allentown, Baltimore and the District of Columbia all also have 10 

5-percent stress scenarios that suggest a more than 50-percent decline in house 11 

prices. At the other extreme, Charlotte’s 5-percent scenario shows a cumulative 12 

real price decline of just 5 percent, while Buffalo and Cincinnati show declines of 13 

about 10 percent. The median MSA has a 5-percent scenario with a 42.5-percent 14 

price decline over the 10 years.  15 

Credit	Risk	Spreads	by	MSA	16 

FMAP outputs credit losses conditional on the house-price scenarios (for each of 17 

50 MSAs). We focus on CRS estimates for a 5-percent price scenario (i.e., 18 

scenarios projected to occur once every 20 years). Recall that expected losses 19 

from our median house-price paths are one of the two component of the CRS 20 

calculation; thus, median scenarios are also run through FMAP. See section IV. 21 

FMAP applies these price scenarios to individual loans within a large loan set and 22 

then outputs the monthly path of credit losses for the 10-year projection period. 23 

For each loan, the 120-month vector of credit losses are converted to net-24 

present-values and then the loans are aggregated to an overall loss for the 25 

mortgage portfolio. This credit-loss portfolio is used to calculate our measures of 26 

credit risk for each MSA. The overall MSA portfolio credit loss is decomposed 27 



  Pricing Credit Risk for Mortgage Markets – Follain, Giertz & Dunsky 

 

 

 

26 

into a CRS on the risk-in-force (original UPB time the MI coverage percent) for 1 

the mortgage insurer ; and a CRS applying to the remaining credit losses.. The 2 

losses pertain to the higher-risk portfolio of single-family mortgages summarized 3 

in the previous section (see Table 3). We also considered a less risky portfolio 4 

with much lower LTVs. As expected, the credit risk from such a portfolio was 5 

much lower and our model yielded little variation in credit risk across MSAs.   6 

So that variation in credit losses result from the house-price scenarios 7 

only, we hold the mortgage portfolio constant across MSAs. To be clear, one 8 

would want to vary the MSA characteristics of the mortgage-portfolio in order to 9 

estimate the actual CRS by MSA. However, our goal is not to produce MSA-10 

specific CRSs, but to show how heterogeneity in projected price paths and stress 11 

scenarios affect CRS measures, holding other factors constant. That is, we are 12 

interested in the effects of heterogeneity in local market conditions and not 13 

variation in borrower characteristics.  14 

Recall that the CRS is the annualized cost from default, expressed in bps 15 

as a share of the initial loan balance for the portfolio. The two components that 16 

make up the CRS are expected annual credit losses (EL) and the cost of capital, 17 

which equals the forgone returns from investing economic capital (equal to the 18 

difference between estimated losses in a 5-percent stress scenario and expected 19 

losses) in risk-free assets. See equation (5). 20 

CRS estimates for the MSAs as well as the simple average among these 21 

MSAs are plotted in Figure 3a and presented in Table 6. MSAs are in descending 22 

order based on the overall CRS for the 5-percent price scenarios. Washington, 23 

DC, has the highest CRS at 101 bps, while Fresno has the smallest CRS at just 14 24 

bps. The average CRS among these MSAs is 40.0 bps, while the CRS for the 25 

median MSA is 35.4 bps. 26 
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The overall CRS estimates, for this relatively risky loan portfolio, supports 1 

some variation in either fees to account for heterogeneity in credit risk across 2 

locations. With respect to the first loss and second loss segments, breaking the 3 

CRS down into a component ascribed to MI insurers and the second loss credit 4 

investors, shows variation across MSAs for both groups. See the last two columns 5 

in Table 6 and Figure 3a. As expected, mortgage insurers, on average, incur much 6 

greater losses (as a share of the principal they guarantee, that is higher severity) 7 

than do the other credit investors. The MI component also shows greater 8 

variation. Across the 50 MSAs, the MI component shows a standard deviation of 9 

24 bps and a range of 94 bps. The other component shows a standard deviation of 10 

18 bps and a range of 86 bps. Thus, accurately pricing credit risk across house 11 

price paths would require variation in public facing g-fees and MI premiums or 12 

buy-ups or downs at the cash window. 13 

Assuming that credit risk is fully passed on to borrowers in the form of 14 

higher interest rates, geographical variation in risk in MI-backed portion of loans 15 

leads to relatively little variation in overall mortgage rates. The range for the MI 16 

portion credit losses as a share of the total loan balance is just 20 bps with a 17 

standard deviation of 5 bps. By contrast, the range for the GSE portion is 68 bps 18 

with a standard deviation of 14 bps. Thus, while mortgage insurers take on much 19 

greater risk than the GSEs, the overall credit risk of the portfolio is driven more 20 

by the credit risk taken on by the GSEs, since, in our loan pool, they insure 21 

roughly $4 for every $1 insured by MI. This can be seen in Figure 3b, which is 22 

identical to Figure 3a, except that each component of credit risk is divided by the 23 

total loan balance, instead of by portion of the loan balance that the entity insures. 24 

Using a portfolio that is composed of high down payment loans with credit 25 

scores in mid-700s yields much less locational variation. Our results do not 26 

support varying fees across MSAs now, but to consider doing so should 27 
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individual MSAs appear overheat or excessively risky relative to the rest of the 1 

nation. Although we believe that the excessive lending in the sand states 2 

exacerbated the house-price bubble and subsequent bust, we do not believe that 3 

MSA-level mortgage credit pricing would have abated the crises. Second, in order 4 

to accurately price credit risk due to local economic conditions across MSAs, a 5 

certain level of precision is required of the house-price scenarios. This is a 6 

difficult task, that we have attempted, but not mastered. More attention would 7 

need to devoted to constructing stress scenarios before implementing such a 8 

policy. However, differences in costs driven by variation in state laws – which 9 

influence factors such as the length of the foreclosure process – are easier to 10 

project and could more accurately priced into mortgages.  11 

Recall that the variation in CRS estimates that we report is driven only by 12 

differences in projected house-price paths – both expected paths and stress 13 

scenarios. Other factors, such as the mortgage portfolio, borrower characteristics 14 

are held constant. Our results suggest that for two identical borrowers purchasing 15 

the same home with the same mortgages, the borrower in Orlando (higher credit 16 

risk due to house prices) is subsidized by the borrower in Raleigh (lower credit 17 

risk due to house prices).  If mortgage credit were priced at the MSA level, the 18 

borrower in Raleigh would be paying less than their identical twin in Orlando, 19 

ceteris paribus.  20 

Best practices in mortgage modeling include the use of local economic 21 

conditions when projecting credit losses and prepayments. Nearly all commercial 22 

software that forecasts mortgage performance incorporates local economic 23 

conditions to their projections. To the extent that the allocation of mortgage credit 24 

is distorted due to common mortgage rates across the country, lenders’ economic 25 

capital (and loss reserves) will vary across loans due to the location of the 26 

property and the borrowers’ characteristics. In addition, the growth in the volume 27 
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of specified MBS trade (story bonds) relative to the TBA (or “to be announced”) 1 

market is partially due to modelers using refined models with local economic 2 

information. As such, if there is distortion in the primary market, it does not 3 

necessarily predicate distortions in the secondary market.  4 

Our results suggest heterogeneity in local market conditions should be 5 

continually monitored. 6 

Smith and Weiher (2012) represents one of the few other studies 7 

employing FMAP. They also find great variation in losses from stress scenarios 8 

across states. They report losses from stress scenarios as a share of unpaid 9 

principal instead of calculating the CRS. Also, they focus only on losses to the 10 

GSEs and exclude losses covered by mortgage insurers, whereas we examine 11 

losses to both groups. Despite employing the same model, they report much larger 12 

losses from stress events than do we. There are several explanations for this. First, 13 

Smith and Weiher (2012) employ a mortgage portfolio concentrated with loans 14 

originated during the 2005-2008 period. These years represent the laxest 15 

underwriting standards in history. Second, they examine shocks hitting in 2007, 16 

close to the peak of the house-price bubble. Third, they employ a very different 17 

approach for producing stress scenarios. Their approach is trend-based, where 18 

they impose very prescriptive deviations from the trends, which represent house-19 

price cycles. Fourth, although a minor difference, they measure losses over the 20 

life of loans, whereas we focus on a ten-year window. 21 

 Smith and Weiher employ a simpler approach for projected house-price 22 

paths, subjectively setting the magnitude of price shocks. Our approach for 23 

generating house-price paths is more complex, resulting from the interaction of 24 

several variables including in our econometric model. Smith and Weiher report 25 

great variation in losses across states; however, this is partly due to geographic 26 

variation across mortgage and borrower characteristics. They are investigating the 27 
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feasibility of countercyclical capital buffers, whereas our objective, by contrast, is 1 

to isolate the contribution of credit risk due to the variation in local house-price 2 

stress scenarios, holding other factors constant. 3 

Section	V:	Conclusion	4 

Follain and Sklarz (2014) examine monthly house-price data on 90 million 5 

properties spanning 5,500 zip codes and in so doing “help debunk the notion of a 6 

national housing market.” In comparing price per square foot of housing for their 7 

zip codes to a national index, they find about 15 to 20 percent of local markets 8 

deviate from the national index by more than 50 percent. They also show great 9 

variation in house-price growth rates across zip codes (from 2005 to 2013). This 10 

variation is great across states, but they also note substantial within state variation. 11 

In light of these findings, it is not surprising that we find that credit risk from 12 

large negative shocks to house prices also varies greatly across markets.  13 

When examining a large pool of mortgages, we find that that the 14 

susceptibility to a negative price shock, combined with important differences in 15 

state foreclosure processes, results in substantial differences in credit risk across 16 

markets. The exception is when down payments  are high, in which case, credit 17 

risk remains low in all markets. By not accounting for location-specific risks, the 18 

mortgage markets effectively subsidize housing in high-credit risk areas, while 19 

penalizing it in low-credit risk areas.  20 

We demonstrate that credit risk can vary widely across local housing 21 

markets when incorporating local house-price projections and stress scenarios, as 22 

opposed to relying on something like a national economic scenario that is 23 

invariant across markets. Table 3 points to an average CRS of 36 bps over 50 24 

MSAs, but the range extends from a high of 72 bps (San Francisco) to a low of 10 25 

bps (Fresno). Based upon a complex econometric model for projecting house-26 

price scenarios, the results are consistent with some key aspects of the recent 27 



  Pricing Credit Risk for Mortgage Markets – Follain, Giertz & Dunsky 

 

 

 

31 

boom and bust; that is, there was wide variation in the impact of the bubble and 1 

bust among metropolitan areas, and even within large metro areas. As such, it 2 

would seem prudent for lenders, and credit risk investors to pay closer attention to 3 

credit risk entailed in local market.  4 

A system that incorporated this variation in credit risk into prices (of 5 

borrowing, for example), investors required return on equity, or even regulatory 6 

capital could put the brakes on local price bubbles before they became large. At 7 

the same time, varying policy across markets would not cause collateral damage 8 

to stable markets by raising borrowing costs across the board. A variety of policy 9 

tools could be tweaked to achieve this objective. These policies would result in 10 

higher borrowing or funding costs in housing markets with relatively pessimistic 11 

house-price forecasts (i.e., markets that have experienced rapid appreciation) and 12 

lower borrowing (or funding) costs in markets with greater stability. Charging the 13 

same, or nearly the same, rate in all metropolitan areas for a standard loan, as is 14 

typically the case, is likely to result in higher amounts of underpriced credit risk 15 

by those making or investing in mortgage credit risk. One particular policy for 16 

incorporating variation in credit risk is to require higher amounts of capital for 17 

loans originated in the riskier metropolitan areas (or at riskier times) and vice 18 

versa. We do not explicitly report those capital ratios in this paper, but they 19 

underlie the calculations of the CRS and can be readily reported. In cases where 20 

variation in credit risk across locations is small, then risk-based policies would 21 

calls little variation in the price of credit risk, conditional on borrower 22 

characteristics. However, in such situations, it is important to continually monitor 23 

risk, as both the riskiness of mortgage portfolios and the susceptibility to negative 24 

price shocks change over time. 25 

These results are relevant for the ongoing debate about how to prevent 26 

future house price bubbles and more generally towards the design of 27 
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macroprudential policies to reduce systemic risk. Follain and Giertz (2013) 1 

champion the view that increasing credit risk spreads or lender capital required for 2 

loans in areas where the threat of a bubble bust is a prudent policy with the 3 

potential to reduce the threat and consequences of a bubble bust. For example, 4 

increases in capital in the infamous Sand states (Arizona, California, Florida and 5 

Nevada) in the years prior to the bust would have slowed the growth in the 6 

demand for housing and the rate of house-price appreciation. Not doing so fueled 7 

the bubble to even greater heights. In sum, an important lesson from our work is 8 

that local market conditions are critical to crafting housing policy. Policies 9 

targeting systemic risk or stress scenarios should take account of local market 10 

conditions. One size surely does not fit all markets. 11 
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Table 1. Summary Statistics for Key Variables: 1990Q1-2013Q3

Low HPI Growth (31 MSAs)

 real HPI 
employment 

(000)
income 
/capita

single 
sales 
(000)

hpi_growth, 
1990-2013

Mean 107 1,915 39,486 62.6 -8.0%
Std. Dev. 20 1,482 6,683 47.6 0.06
Min 64 126 15,088 4.3 -23.6%
Max 185 4,694 84,086 202.3 -1.2%

Middle HPI Growth (34 MSAs)
Mean 107 3,772 43,191 66.2 9.5%
Std. Dev. 25 2,856 7,030 43.3 0.06
Min 63 208 19,656 4.5 -0.9%
Max 221 9,651 62,268 180.3 16.9%

High HPI Growth (32 MSAs)
Mean 122 1,619 45,369 44.6 29.2%
Std. Dev. 32 762 9,169 28.6 0.15
Min 67 48 24,749 0.6 18.1%
Max 258 3,381 78,857 163.1 79.4%

Total (97 MSAs)
Mean 112 2,641 42,931 58.6 11.1%
Std. Dev. 27 2,310 7,984 41.7 0.17
Min 63 48 15,088 0.6 -23.6%
Max 258 9,651 84,086 202.3 79.4%

Authors' calcuations based on data from FHFA, BEA and 
Census. Statistics are weighted by MSA employment (except for 
the employment variable).



MSA 2000q1-2006q3 2006q3-2013q3 2000q1-2013q3
Detroit -0.8 -36.6 -37.1
Cleveland 1.2 -26.3 -25.4
Atlanta 12.4 -28.6 -19.7
Memphis 2.6 -21.7 -19.7
Las Vegas 85.7 -56.7 -19.6
Cincinnati 5.3 -20.1 -15.8
Indianapolis 0.8 -14.0 -13.4
Columbus 5.2 -17.4 -13.1
Chicago 35.9 -34.2 -10.6
Kansas City 11.3 -19.6 -10.5
Omaha 6.2 -13.4 -8.0
Charlotte 8.7 -15.3 -7.9
Louisville 7.3 -12.3 -5.9
Raleigh 6.6 -10.5 -4.6
Milwaukee 24.7 -23.2 -4.2
St. Louis 22.8 -21.5 -3.7
Orlando 88.5 -48.0 -1.9
Minneapolis 38.1 -28.1 -0.7
Dallas 5.6 -4.9 0.5
Albuquerque 32.0 -22.9 1.8
Denver 11.6 -7.5 3.2
Nashville 15.3 -10.4 3.3
Phoenix 81.1 -42.6 4.1
Tampa 90.4 -44.0 6.7
Allentown 50.1 -28.1 7.9
Pittsburgh 11.6 -2.5 8.8
Oklahoma City 15.1 -5.3 9.1
Salt Lake City 26.2 -13.2 9.4
Buffalo 12.2 -2.4 9.5
Fresno 119.7 -49.3 11.3
San Antonio 18.9 -4.6 13.3
Sacramento 95.7 -42.1 13.4
Portland 46.0 -22.3 13.5
Seattle 48.2 -23.2 13.8
Houston 13.9 0.9 14.9
Boston 49.6 -23.0 15.2
Oakland 84.9 -34.1 21.8
Austin 14.1 6.9 22.0
San Jose 55.9 -21.2 22.9
Philadelphia 57.0 -19.7 26.0
Miami 127.3 -44.1 27.1
Nassau 80.0 -29.3 27.3
New York 72.3 -26.1 27.3
Baltimore 79.5 -28.3 28.7
San Francisco 60.8 -19.3 29.8
Albany 50.8 -12.9 31.3
San Diego 96.5 -32.7 32.3
Washington, DC 101.5 -29.0 43.0
Los Angeles 123.5 -35.2 44.7
Honolulu 83.1 -12.4 60.5

Source: Authors' calculations based on FHFA's MSA-Level House Price Index.

Table 2. Percent Change in Real House Price Index and the Price Cycle



Table 3. Mortgage Pool: Loan Counts

Loan-to-
Value 680-699 700-719 720-739 740-759 Total
80-85 1,593 2,249 2,841 161 6,844
85-90 7,804 10,340 13,596 764 32,504
90-95 11,213 15,982 22,618 1,319 51,132
Total 20,610 28,571 39,056 2,224 90,481

Credit-Score Groups

Source: Authors' calculations based on a synthetic loan pool 
from FHFA.



Table 4. First-Stage Error Correction Equation

dependent variable = log(Real House Price Index)

Low Medium High

log_emp 0.410 0.683 0.353

(0.038) (0.059) (0.050)

log_inc_per_cap 1.731 2.114 2.052

(0.048) (0.056) (0.046)

log_single_sales -0.028 -0.175 -0.185

(0.012) (0.012) (0.011)

t10 0.067 0.063 0.045

(0.003) (0.003) (0.003)

L4.tbdiff 0.027 0.043 0.029

(0.003) (0.003) (0.003)

2.qtr -0.014 -0.009 -0.004

(0.006) (0.007) (0.007)

3.qtr 0.007 0.012 0.011

(0.006) (0.007) (0.007)

4.qtr 0.008 0.008 0.007

(0.007) (0.007) (0.007)

Constant -16.281 -22.016 -18.803

(0.538) (0.621) (0.502)

Observations 2,639 2,548 2,422

FIPS 29 28 27

R-squared 0.452 0.598 0.694

Notes: The first three explanatory variables are in log form. MSA fixed 

effects are included for all specifications. Huber-White standard errors are 

in parentheses.



Table 5. Second-Stage Autoregreesion

dependent variable = ∆log(Real House Price Index)

HP Volatility: Low Medium High

VEC residual -0.036 -0.018 -0.024

(0.004) (0.003) (0.004)

∆log(Real House Price)

qtr 1 lag 0.457 0.409 0.460

(0.071) (0.047) (0.029)

qtr 2 lag -0.182 -0.107 -0.160

(0.034) (0.031) (0.038)

qtr 3 lag 0.285 0.299 0.350

(0.028) (0.031) (0.022)

qtr 4 lag 0.155 0.128 0.083

(0.048) (0.056) (0.037)

qtr 5 lag 0.065 0.055 0.035

(0.021) (0.033) (0.039)

qtr 6 lag -0.015 0.013 -0.025

(0.017) (0.025) (0.031)

qtr 7 lag 0.019 -0.075 -0.022

(0.017) (0.017) (0.014)

qtr 8 lag 0.025 0.052 0.021

(0.023) (0.021) (0.020)

∆log(employment)

qtr 1 lag 0.054 0.038 0.018

(0.048) (0.034) (0.031)

qtr 2 lag 0.064 0.094 0.005

(0.041) (0.033) (0.039)

qtr 3 lag -0.017 -0.018 -0.030

(0.056) (0.035) (0.055)

qtr 4 lag 0.043 0.001 0.000

(0.047) (0.054) (0.040)

qtr 5 lag 0.100 0.085 0.061

(0.047) (0.039) (0.055)

qtr 6 lag -0.063 0.019 -0.049

(0.052) (0.040) (0.036)

qtr 7 lag -0.076 -0.027 0.066

(0.052) (0.037) (0.040)

qtr 8 lag 0.038 0.097 0.098

(0.037) (0.039) (0.044)

∆log(income/capita)

qtr 1 lag -0.071 -0.078 0.024

(0.015) (0.019) (0.024)

qtr 2 lag -0.039 0.005 0.042

(0.017) (0.021) (0.020)

qtr 3 lag -0.030 -0.046 -0.023

(0.021) (0.019) (0.021)

qtr 4 lag -0.004 0.053 0.056

(0.020) (0.032) (0.028)

qtr 5 lag -0.005 0.049 0.038

(0.016) (0.019) (0.025)

qtr 6 lag -0.013 -0.070 -0.027

(0.018) (0.015) (0.024)

qtr 7 lag 0.018 0.079 0.026

(0.017) (0.019) (0.020)

qtr 8 lag 0.036 0.036 0.062

(0.013) (0.029) (0.027)



Table 5 cont.∆log(single home sales)

qtr 1 lag -0.003 0.007 0.010

(0.004) (0.005) (0.003)

qtr 2 lag 0.019 0.022 0.024

(0.007) (0.008) (0.004)

qtr 3 lag 0.021 0.033 0.026

(0.007) (0.005) (0.004)

qtr 4 lag 0.011 0.017 0.006

(0.006) (0.006) (0.004)

qtr 5 lag 0.001 0.003 0.001

(0.005) (0.006) (0.003)

qtr 6 lag -0.001 0.003 0.000

(0.006) (0.005) (0.003)

qtr 7 lag 0.013 0.011 0.012

(0.005) (0.006) (0.003)

qtr 8 lag 0.014 0.011 0.006

(0.003) (0.005) (0.003)

10-Yr Treas -0.012 -0.009 -0.008

(0.001) (0.001) (0.001)

Lagged Term Structure 0.000 0.002 0.001

(0.001) (0.001) (0.001)

Constant 0.076 0.049 0.049

(0.008) (0.008) (0.008)

RMSE 0.011 0.012 0.012

Observations 2,494 2,408 2,287

R-squared 0.689 0.712 0.711

Notes: The first three explanatory variables are in log form. Huber-White 

standard errors are in parentheses. Year dummies are included in all 

specifications.



Table 6. Ratio of House-Price Projections: Future Period Divided by Oct. 2013

Overall
Less 
MI MI Only

percentile 0.01 0.05 0.50 0.01 0.05 0.50 0.01 0.05 0.50 0.05 0.05 0.05
San Francisco 0.813 0.708 0.922 0.331 0.376 0.606 0.330 0.418 0.548 71.9 23.5 73.8
Allentown 0.653 0.546 0.776 0.390 0.329 0.723 0.399 0.478 1.303 71.2 15.9 81.0
Orlando 0.740 0.813 0.824 0.436 0.520 0.619 0.489 0.610 0.709 68.3 28.7 79.7
Memphis 0.566 0.598 0.870 0.265 0.347 0.717 0.305 0.363 0.886 66.4 13.5 77.6
Austin 0.703 0.729 0.835 0.409 0.457 0.741 0.354 0.416 0.735 63.4 56.8 116.6
Albuquerque 0.655 0.725 0.946 0.308 0.353 0.675 0.303 0.363 0.689 61.7 52.4 126.6
Detroit 0.696 0.733 0.975 0.432 0.515 0.600 0.746 0.863 0.684 58.3 25.1 89.0
Las Vegas 0.784 0.854 0.929 0.564 0.574 0.706 0.473 0.575 0.626 52.0 35.3 68.7
Atlanta 0.700 0.619 0.936 0.435 0.439 0.767 0.484 0.581 0.881 51.8 13.6 64.6
Baltimore 0.644 0.723 0.895 0.384 0.503 0.765 0.390 0.481 0.844 50.1 6.3 42.6
Buffalo 0.695 0.683 0.907 0.537 0.639 0.692 0.765 0.913 0.736 49.9 10.5 62.0
Chicago 0.607 0.673 0.906 0.218 0.327 0.850 0.271 0.337 1.130 49.1 18.4 80.9
Indianapolis 0.708 0.643 0.900 0.428 0.447 0.813 0.606 0.695 0.963 48.8 43.0 112.3
Washington, DC 0.670 0.672 0.923 0.286 0.377 0.939 0.258 0.323 0.979 47.9 72.6 135.2
Honolulu 0.725 0.942 0.986 0.501 0.625 0.705 0.405 0.501 0.589 46.3 11.7 51.7
Los Angeles 0.900 0.842 1.060 0.337 0.367 0.815 0.288 0.338 0.808 41.7 29.9 90.3
Denver 0.879 0.715 0.899 0.556 0.554 0.961 0.670 0.775 0.924 37.2 43.4 103.7
Boston 0.940 0.842 0.955 0.519 0.491 0.893 0.416 0.525 1.098 36.1 18.2 85.5
Columbus 0.744 0.712 0.988 0.406 0.473 1.078 0.475 0.568 1.529 35.4 37.3 107.1
Albany 0.635 0.707 1.037 0.343 0.382 1.167 0.400 0.467 1.546 35.2 11.5 60.7
Phoenix 0.695 0.776 1.122 0.393 0.456 0.940 0.379 0.446 0.876 34.3 7.0 44.3
Kansas City 0.898 0.862 0.924 0.618 0.674 0.845 0.500 0.601 0.926 33.8 33.7 103.3
Cleveland 0.685 0.838 0.902 0.367 0.524 1.178 0.413 0.541 1.748 33.2 14.3 60.7
Philadelphia 0.730 0.768 1.116 0.342 0.415 1.141 0.261 0.310 1.079 32.3 32.8 115.3
Minneapolis 0.849 0.699 1.055 0.539 0.568 1.027 0.434 0.553 1.046 31.8 19.2 70.9
Omaha 0.860 0.822 1.055 0.440 0.544 0.979 0.419 0.505 0.839 31.1 26.7 86.7
Cincinnati 0.634 0.645 1.034 0.506 0.590 1.009 0.757 0.892 1.100 30.9 31.6 110.8
Milwaukee 0.759 0.678 1.143 0.642 0.480 1.242 0.696 0.804 1.175 28.9 9.1 55.9
New York 0.808 0.805 1.037 0.541 0.564 0.978 0.582 0.659 0.998 28.0 9.8 62.8
Oakland 0.841 0.839 1.368 0.443 0.398 1.081 0.388 0.455 0.924 27.6 8.5 42.5
St. Louis 0.716 0.866 1.014 0.456 0.512 1.075 0.563 0.657 1.070 27.5 15.6 76.8
Louisville 0.798 0.910 1.082 0.598 0.565 0.883 0.478 0.569 1.016 27.3 44.9 120.6
San Diego 1.021 0.972 1.124 0.688 0.569 0.866 0.552 0.624 0.791 27.1 17.7 53.2
Portland 0.754 0.771 1.099 0.586 0.535 1.142 0.448 0.534 1.006 26.7 55.6 119.4
San Antonio 0.950 0.884 1.038 0.606 0.695 0.918 0.610 0.740 0.805 26.7 35.5 107.7
Nassau-Suffolk 0.786 0.842 0.965 0.594 0.692 0.955 0.693 0.785 1.209 26.3 12.1 65.9
Salt Lake City 0.978 0.833 1.151 0.566 0.521 1.089 0.540 0.613 0.861 26.3 14.0 48.8
Nashville 0.784 0.916 1.105 0.514 0.646 0.909 0.480 0.553 0.715 26.1 11.4 43.4
Houston 0.762 0.768 1.063 0.650 0.674 0.982 0.732 0.851 0.938 26.0 29.7 92.6
Oklahoma City 0.804 0.822 1.060 0.590 0.606 1.056 0.565 0.691 1.175 24.8 6.6 41.7
Seattle 0.770 0.844 1.045 0.543 0.657 0.949 0.655 0.800 0.865 23.6 22.9 70.5
Miami 0.785 0.842 1.101 0.528 0.627 1.028 0.649 0.756 1.131 22.9 10.4 55.7
Charlotte 0.824 0.932 0.948 0.554 0.796 0.893 0.761 0.951 1.111 21.3 22.6 84.9
Tampa 0.897 1.017 1.203 0.462 0.561 1.134 0.373 0.466 0.941 20.5 33.8 84.1
San Jose 0.821 0.845 1.436 0.507 0.606 1.062 0.586 0.740 0.897 19.0 11.9 57.7
Dallas 0.826 1.001 1.113 0.545 0.665 1.258 0.466 0.551 1.040 16.9 42.9 105.8
Pittsburgh 0.725 0.871 1.258 0.514 0.647 1.498 0.593 0.682 1.216 16.9 16.6 79.9
Raleigh 0.945 0.973 1.171 0.608 0.654 1.293 0.482 0.605 1.324 15.2 13.2 55.4
Sacramento 1.012 1.044 1.218 0.695 0.748 1.011 0.662 0.807 0.838 12.8 39.6 87.3
Fresno 0.739 0.947 1.200 0.536 0.785 1.255 0.690 0.810 1.350 10.6 4.7 43.7

Average 0.778 0.802 1.032 0.485 0.541 0.950 0.505 0.603 0.984 36.0 24.4 79.2

CRS after 10 Years

Notes: Moody's Economy.com projections were used for all right hand side variables used for the calculations in columns 1 
to 9. See section III for a disucussion of the Monte Carlo simulation used to produce distributions of projected house-price 
paths. Percentiles for stress scenarios are based on cumulative price changes after 10 years.

After 3 Years After 7 Years After 10 Years
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Source: Author's calculations using data from various government sources and FHFA's FMAP capital model. See section III 
for details.

0"

10"

20"

30"

40"

50"

60"

70"

80"

Ba
sis
"P
oi
nt
s"

Figure"3."Credit"Risk"Spreads"by"MSA"
(annualized"basis"points)"



Appendix Table 1Appendix Table 1. Key Variables over the Price Cycle, by MSA

MSA Quarter Employment Sales Real HPI
Income/ 
Capita

Albany 2000q1 420.6 15.5 75.3 38.0
2006q3 435.5 16.8 113.5 42.0
2013q3 417.9 17.6 98.8 45.7

Albuquerque 2000q1 351.2 16.5 109.4 32.9
2006q3 385.7 26.0 144.4 35.3
2013q3 368.6 17.8 111.4 34.6

Allentown 2000q1 368.8 12.5 78.5 38.1
2006q3 397.0 15.9 117.9 39.3
2013q3 406.3 10.0 84.8 41.1

Atlanta 2000q1 2,293.2 79.1 108.3 42.6
2006q3 2,538.9 137.2 121.7 41.9
2013q3 2,536.0 94.8 86.9 39.0

Austin 2000q1 706.9 30.7 135.2 41.9
2006q3 791.8 46.5 154.2 39.6
2013q3 936.3 48.0 164.9 40.3

Baltimore 2000q1 1,283.0 36.0 91.8 42.3
2006q3 1,352.8 40.6 164.7 49.2
2013q3 1,376.5 51.4 118.1 50.9

Boston 2000q1 933.1 19.4 100.8 51.6
2006q3 925.9 17.9 150.8 55.6
2013q3 948.5 22.5 116.1 56.8

Buffalo 2000q1 556.9 18.0 85.3 34.4
2006q3 551.1 17.8 95.6 36.5
2013q3 533.2 19.2 93.4 40.9

Charlotte 2000q1 704.8 26.7 109.3 41.8
2006q3 793.2 46.7 118.8 42.0
2013q3 850.3 36.6 100.7 39.7

Chicago 2000q1 3,862.8 127.8 110.2 44.3
2006q3 3,852.0 135.3 149.8 46.6
2013q3 3,747.5 115.8 98.5 46.3

Cincinnati 2000q1 1,014.8 38.6 111.4 39.4
2006q3 1,049.3 49.0 117.4 41.1
2013q3 1,010.2 48.6 93.8 41.2

Cleveland 2000q1 1,065.1 33.8 115.6 40.7
2006q3 1,033.7 42.3 117.0 41.1
2013q3 969.1 38.8 86.2 42.9

Columbus 2000q1 852.9 40.5 113.5 39.6
2006q3 893.9 42.9 119.4 39.9
2013q3 916.5 43.5 98.6 41.3

Dallas 2000q1 1,838.5 68.8 100.4 45.6
2006q3 1,949.7 93.0 106.0 44.7
2013q3 2,144.1 93.7 100.8 44.8

Denver 2000q1 1,216.1 43.2 156.9 47.2
2006q3 1,300.7 46.7 175.1 48.6
2013q3 1,348.3 49.2 161.9 48.2

Detroit 2000q1 922.0 21.2 138.0 34.8
2006q3 820.7 19.1 136.9 34.1
2013q3 738.4 13.9 86.7 33.8

Fresno 2000q1 348.7 12.3 92.7 28.6
2006q3 381.4 13.1 203.5 31.5
2013q3 381.6 9.7 103.1 32.2

Honolulu 2000q1 416.3 9.6 77.5 38.7
2006q3 431.6 12.3 141.9 43.6



Appendix Table 12013q3 434.9 15.6 124.4 46.2
Houston 2000q1 2,290.5 90.4 104.7 42.7

2006q3 2,535.1 159.9 119.3 45.9
2013q3 2,926.2 159.2 120.3 48.6

Indianapolis 2000q1 802.2 31.8 107.3 40.9
2006q3 856.4 40.3 108.1 41.5
2013q3 847.6 36.8 93.0 40.2

Kansas City 2000q1 974.4 45.3 111.9 40.5
2006q3 974.7 49.7 124.5 41.5
2013q3 981.7 37.1 100.1 42.2

Las Vegas 2000q1 687.8 29.2 98.3 38.1
2006q3 877.9 43.0 182.6 41.2
2013q3 897.7 62.9 79.0 34.8

Los Angeles 2000q1 4,401.5 82.1 75.0 37.6
2006q3 4,564.8 61.1 167.6 42.4
2013q3 4,480.9 85.3 108.5 42.0

Louisville 2000q1 591.6 24.1 122.1 37.2
2006q3 588.4 32.7 131.1 39.1
2013q3 586.1 36.2 115.0 39.4

Memphis 2000q1 572.6 23.8 105.0 36.6
2006q3 578.1 35.9 107.7 38.4
2013q3 551.8 9.2 84.3 37.9

Miami 2000q1 1,047.4 27.6 109.9 33.0
2006q3 1,118.6 23.3 249.7 38.4
2013q3 1,179.0 21.9 139.7 37.5

Milwaukee 2000q1 780.0 15.0 123.5 42.1
2006q3 757.7 16.0 154.1 44.7
2013q3 743.7 12.6 118.3 44.7

Minneapolis 2000q1 1,691.7 53.3 121.9 46.8
2006q3 1,747.1 55.5 168.5 47.5
2013q3 1,785.6 49.2 121.1 47.6

Nashville 2000q1 697.0 25.7 115.7 39.5
2006q3 745.8 47.7 133.4 41.5
2013q3 807.3 34.1 119.5 43.4

Nassau 2000q1 1,367.8 43.8 96.0 52.1
2006q3 1,419.1 46.5 172.7 58.7
2013q3 1,405.7 43.8 122.1 59.1

New York 2000q1 5,051.2 48.9 91.5 48.3
2006q3 5,253.3 43.5 157.6 53.1
2013q3 5,322.7 39.9 116.5 55.5

Oakland 2000q1 1,212.1 41.2 98.8 51.9
2006q3 1,193.7 24.8 182.8 55.0
2013q3 1,219.9 40.8 120.4 55.8

Oklahoma City 2000q1 539.6 26.0 108.5 33.2
2006q3 547.4 40.3 124.9 39.8
2013q3 580.3 40.1 118.3 41.1

Omaha 2000q1 413.4 15.9 120.4 40.9
2006q3 428.5 19.0 127.8 43.4
2013q3 450.1 27.9 110.7 44.0

Orlando 2000q1 866.7 43.3 96.2 35.1
2006q3 1,020.9 49.7 181.4 37.4
2013q3 1,083.3 65.5 94.4 34.3

Philadelphia 2000q1 1,812.6 39.0 84.9 44.5
2006q3 1,850.4 40.6 133.2 49.4
2013q3 1,842.1 35.0 107.0 50.8

Phoenix 2000q1 1,601.3 62.6 113.7 36.4
2006q3 1,942.8 78.2 206.0 40.0



Appendix Table 12013q3 1,896.9 80.9 118.4 36.0
Pittsburgh 2000q1 1,142.4 27.9 106.1 39.0

2006q3 1,144.6 29.6 118.4 42.8
2013q3 1,176.7 26.5 115.4 45.7

Portland 2000q1 1,029.3 33.3 158.1 41.1
2006q3 1,065.0 41.1 230.8 40.8
2013q3 1,092.2 38.9 179.4 41.4

Raleigh 2000q1 440.2 15.8 110.3 43.4
2006q3 514.9 28.0 117.7 42.3
2013q3 558.3 27.5 105.3 40.8

Sacramento 2000q1 862.8 45.8 88.8 38.8
2006q3 978.6 33.1 173.8 42.5
2013q3 955.4 57.9 100.7 41.9

St. Louis 2000q1 1,387.7 53.8 104.9 39.7
2006q3 1,387.8 61.0 128.8 42.2
2013q3 1,319.0 65.0 101.0 42.5

Salt Lake City 2000q1 506.3 12.4 160.7 35.5
2006q3 571.4 15.9 202.7 40.2
2013q3 603.8 14.8 175.8 39.8

San Antonio 2000q1 790.6 30.8 103.1 33.6
2006q3 872.7 43.5 122.6 35.1
2013q3 969.9 49.5 116.9 36.9

San Diego 2000q1 1,321.9 45.9 92.9 42.4
2006q3 1,439.1 25.1 182.5 47.2
2013q3 1,491.9 43.5 122.8 47.3

San Francisco 2000q1 971.3 17.9 106.2 75.8
2006q3 876.1 7.7 170.7 77.0
2013q3 972.7 15.6 137.9 72.4

San Jose 2000q1 922.6 22.4 113.4 66.2
2006q3 811.4 13.0 176.8 59.0
2013q3 893.2 23.5 139.3 65.5

Seattle 2000q1 1,259.5 34.9 125.2 54.4
2006q3 1,353.4 46.0 185.6 53.7
2013q3 1,449.9 41.4 142.4 54.2

Tampa 2000q1 1,156.7 48.2 100.2 36.7
2006q3 1,232.2 46.3 190.7 39.6
2013q3 1,260.1 71.0 106.9 39.0

Washington, DC 2000q1 1,996.3 67.6 85.6 49.8
2006q3 2,247.9 68.1 172.5 56.2
2013q3 2,389.1 92.5 122.4 55.7




