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Introduction

Many observers think of mortgage-market innovations as being a
cause of the housing bubble.

These innovations include subprime lending and “alternative
mortgage products” (AMPs), such as interest-only mortgages.

The innovations were viewed as feeding housing demand, helping
to cause the bubble in the US.
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Theory predicts that favorable shift in price-expectations spurs:

Reduction in minimum credit score needed to get a mortgage
(subprime lending)

Surge in use of backloaded AMPs (interest-only ARMs and

option ARMs, which allow negative amortization).
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Two periods, 0 and 1.

House bought at price P0 at beginning of period 0 with 100%

mortgage.

Promised repayment of M in period 1.

House price at end of period 1, denoted P , is stochastic.

House-price density is f (P , δ), with δ a shift factor that moves f to
right.



Subprime model

Two periods, 0 and 1.

House bought at price P0 at beginning of period 0 with 100%

mortgage.

Promised repayment of M in period 1.

House price at end of period 1, denoted P , is stochastic.

House-price density is f (P , δ), with δ a shift factor that moves f to
right.



Subprime model

Two periods, 0 and 1.

House bought at price P0 at beginning of period 0 with 100%

mortgage.

Promised repayment of M in period 1.

House price at end of period 1, denoted P , is stochastic.

House-price density is f (P , δ), with δ a shift factor that moves f to
right.



Subprime model

Borrower defaults when

P ≤ M − C ,

where C denotes default cost, which is observable to lender (credit
score).

Zero lender profit requires

π ≡ −P0 + η

[∫
M−C

0

Pf (P , δ)dP +

∫
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Mf (P , δ)dP

]
= 0.

Yields inverse relationship between mortgage payment M and C :

∂M/∂C < 0.
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An upper bound on M comes from payment-to-income constraint.

With M capped, C can’t fall below a LOWER BOUND, denoted Ĉ .

Proxied by minimal credit score required to get a mortgage.

As house-price density shifts to right, this lower bound on C drops:

∂Ĉ
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So favorable shift in house-price density reduces Ĉ , spurring
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Can generate related expression for expected borrower wealth.

Second-period wealth is −C with default, P − M without default.
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Subprime empirical work

Relies on borrower risk scores from the NY Fed’s Consumer Credit

Panel database of new mortgage borrowers (like FICO score).

Individual data aggregated to state level by quarter (2001-2008)

(state and quarter fixed effects used).

Also uses CoreLogic house price indexes.

Price expectations proxied by 4-quarter lag of annual state
house-price appreciation (HPICHG).

Lag partly avoids endogeneity, which is also handled by
autoregressive transformation.
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The effects of the other covariates vary across borrower groups.
The consumer confidence index has a significantly positive effect
on the risk score for all groups except investors, suggesting that
CCt is capturing current economic well-being, which generates
high borrower risk scores, rather than proxying favorable lender
expectations about the future, which would encourage lending to
riskier borrowers. A higher per capita income raises risk scores in
almost all cases for refinancers and first-time buyers, as expected,
but the effects for the other groups are mostly insignificant. Unex-
pectedly, the unemployment rate has virtually no effect on bor-
rower risk scores.

4.4. An attempt to address the simultaneity problem

As explained above, use of the lagged appreciation rate partly
circumvents a simultaneity problem in the regression that would
be present had annualized appreciation through the current quar-
ter been used instead. In other words, whereas fast annual appre-
ciation up to the current quarter could encourage subprime
lending, the feedback effect from this lending would raise current
house prices and thus the measured rate of appreciation through
the current period. Price appreciation would then be affected by
subprime lending as well as being a cause of it, precluding isolation
of the expectations effect. However, since prices one year back can-
not be affected by current subprime lending, use of the lagged
appreciation rate helps address the simultaneity problem.

Nevertheless, a residual simultaneity effect may remain as a con-
sequence of serial correlation in the error terms in (21). To under-
stand this point, observe that the feedback effect from subprime
lending to prices can be captured by an equation relating HPICHGjt�4

to RISKSCOREjt�4 and additional covariates Zjt�4, which is written

HPICHGjt�4 ¼ c0 þ c1RISKSCOREjt�4 þ c2Zjt�4 þ gjt�4: ð22Þ

Note that since an expansion of subprime lending at quarter t � 4 (a
lower RISKSCOREjt�4) raises price appreciation through that date by
raising t � 4’s price, it follows that c1 < 0 holds. The Zjt�4 vector
could include the annual rates of changes in the X variables UNR,
PCI and CC, all of which are shifters of housing demand, as well
the annual rate of population change for the state. It is natural to as-
sume that the error term g in (22) is uncorrelated with � from (21),
with gjr and �ks being uncorrelated for any r, s, j and k.

To see that serial correlation in the �’s poses a threat to consis-
tent estimation, let (21) be lagged four quarters to generate RISK-
SCOREjt�4, with the result substituted into (22). After simplifying,
the resulting equation can be written

HPICHGjt�4 ¼ h0 þ h1HPICHGjt�8 þ h2Xjt�4 þ c2Zjt�4 þ c1�jt�4 þ gjt�4;

ð23Þ

where h1 = c1b1 and h2 = c1b2. Because HPICHGjt�4 depends on �jt�4

from (23), HPICHGjt�4 in (21) will be correlated with the error term
�jt if the �’s are themselves serially correlated. This correlation will
in turn bias the OLS estimates of (21).

Serial correlation in the �’s would arise through serial correla-
tion in unobserved, time-varying determinants of the extent of
subprime lending in a state. While the pattern of serial correlation
could in principle be very complex, suppose that � follows a simple
annual AR process. In this case, �jt = q�jt�4 + vjt, where q is the auto-
regressive parameter and the vjt are i.i.d. error terms.34 Successive
substitution shows that �jt then depends on vjt, vjt�4, vjt�8, . . . .

Table 1
Summary statistics.

Repeat buyers Refinancers First-time buyers Investors

N Mean SD Mean SD Mean SD Mean SD

Risk score – mean RISKSCOREM 1600 722.62 12.96 715.6 16.36 689.0 15.47 735.3 17.44
Risk score – 10th percentile RISKSCORE10 1600 627.66 20.89 610.4 25.61 585.4 20.52 649.0 29.39
Risk score – 25th percentile RISKSCORE25 1600 683.70 18.21 669.8 23.90 636.4 20.26 698.9 25.52
Unemployment rate UNR 1600 4.92 1.17 4.92 1.17 4.92 1.17 4.92 1.17
Consumer confidence index CC 1600 95.52 21.90 95.52 21.90 95.52 21.90 95.52 21.90
State house price inflation HPICHG 1600 5.23 8.07 5.23 8.07 5.23 8.07 5.23 8.07
Per capita income PCI 1600 35.25 11.54 35.25 11.54 35.25 11.54 35.25 11.54

Table 2
OLS RISKSCORE regressions by buyer type – 2001Q1–2008Q4.

Repeat buyers Refinancers First-time buyers Investors

Mean 10th

Percentile
25th

Percentile
Mean 10th

Percentile
25th

Percentile
Mean 10th

Percentile
25th

Percentile
Mean 10th

Percentile
25th

Percentile

Constant 467.779⁄⁄ 407.462⁄⁄ 437.864 839.825⁄⁄ 654.739⁄⁄ 742.111⁄⁄ 685.443⁄⁄ 589.630⁄⁄ 613.835⁄⁄ 273.698⁄⁄ 241.608⁄⁄ 263.383⁄⁄

(4.822) (10.211) (8.029) (13.426) (25.945) (22.600) (7.656) (10.872) (10.632) (3.495) (7.664) (5.292)
HPICHGt�4 �0.469⁄⁄ �0.647⁄⁄ �0.682⁄⁄ �0.631⁄⁄ �0.891⁄⁄ �0.916⁄⁄ �0.152⁄⁄ �0.085 �0.170 ⁄ �0.283⁄⁄ �0.556⁄⁄ �0.464⁄⁄

(b1) (0.047) (0.087) (0.072) (0.084) (0.167) (0.146) (0.046) (0.059) (0.067) (0.042) (0.101) (0.065)
CCt 0.109⁄⁄ 0.238⁄⁄ 0.176⁄⁄ 0.151⁄⁄ 0.300⁄⁄ 0.268⁄⁄ 0.048⁄ 0.0163⁄⁄ 0.122⁄⁄ 0.031 0.095 0.067

(0.018) (0.035) (0.028) (0.022) (0.039) (0.037) (0.020) (0.025) (0.030) (0.028) (0.052) (0.042)
UNRt 0.002 �0.910 �0.345 0.089 0.376 0.171 �0.487 0.060 �0.611 �0.669 �2.754⁄⁄ �0.781

(0.332) (0.657) (0.523) (0.468) (0.898) (0.797) (0.274) (0.383) (0.366) (0.399) (0.923) (0.630)
PCIt 0.275 0.534 0.657⁄ 0.413 1.646⁄⁄ 1.246⁄⁄ 0.769⁄⁄ 0.508⁄ 1.245⁄⁄ �0.516⁄ 0.033 �0.465

(0.171) (0.352) (0.283) (0.256) (0.502) (0.433) (0.163) (0.237) (0.228) (0.222) (0.492) (0.333)

Standard errors in parentheses.
N = 1600 for each regression. The regressions use robust standard errors, and coefficients of the quarter and state dummy variables are not reported.
⁄ Significance: 5%.
⁄⁄ Significance: 1%.

34 This AR structure can be derived from an underlying process where the
autoregressive lag is a single quarter, with ejt = kejt�1 + ujt, where the ujt are i.i.d.
error terms with variance r2. Successive substitution yields ejt = qejt�4 + vjt, where
q = k4 and vjt = ujt + kujt�1 + k2 ujt�2 + k3ujt�3. In this case, the vjt’s are correlated, with
E(v j t, v j t�1) = (k + k3 + k5)r2, E(v jt , v jt�2) = (k2 + k4)r2, E(v j t, v j t�3) = k3r2, and
E(vjt,vjt�k) = 0 for k > 3. In the case where the HPICHG lag in (21) is two quarters
rather than four, ejt = qejt�2 + vjt, where vjt = ujt + kujt�1, E(vjt, vjt�1) = kr2, and
E(vjt,vjt�k) = 0 for k > 1.

J.K. Brueckner et al. / Journal of Urban Economics 71 (2012) 230–243 239
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AMPs empirical work
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over 2004-2007 period.

Option ARM share is 12%; interest-only ARM share is 8%.

Dependent variable is AMP market share, and key covariate is
same HPICHG variable.
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Table 2: Market-Share Regressions 
 

2a. Pooled 
 

 Affordability proxy is median LTV Affordability proxies are median LTV and 
percent of loans with 2nd lien 

   
 All AMP IO ARM Option 

ARM 
ARM (1-

year, 
2/28, or 

3/27) 

All AMP IO ARM Option 
ARM 

ARM (1-
year, 

2/28, or 
3/27) 

Constant  -3.589** 
(0.481) 

-2.474** 
(0.363) 

-1.114** 
(0.175) 

1.069** 
(0.181) 

-4.144** 
(0.436) 

-2.987** 
(0.349) 

-1.157** 
(0.226) 

0.699** 
(0.220) 

Prior year 
HPI change 

0.322** 
(0.020) 

0.155** 
(0.012) 

0.166** 
(0.014) 

-0.028** 
(0.007) 

0.302** 
(0.018) 

0.140** 
(0.011) 

0.163** 
(0.013) 

-0.041** 
(0.007) 

Log of real 
per capita 
personal 
income 

0.274** 
(0.046) 

0.171** 
(0.035) 

0.103** 
(0.017) 

-0.023 
(0.017) 

0.374** 
(0.042) 

0.243** 
(0.033) 

0.130** 
(0.022) 

0.020 
(0.021) 

Consumer 
confidence 
index 

0.0010** 
(0.0001) 

0.0008** 
(0.0001) 

0.0002** 
(0.0000) 

-0.0001 
(0.0000) 

0.0005** 
(0.0001) 

0.0007** 
(0.0001) 

-0.0001 
(0.0001) 

0.0001* 
(0.0001) 

Mean FICO 
Score 

0.0003** 
(0.0001) 

0.0005** 
(0.0001) 

-0.0002** 
(0.0000) 

-0.0011** 
(0.0001) 

-0.0000 
(0.0001) 

0.0003** 
(0.0001) 

-0.0004** 
(0.0000) 

-0.0011** 
(0.0001) 

Median LTV 
 

0.0064** 
(0.0007) 

0.0036** 
(0.0004) 

0.0028** 
(0.0004) 

-0.0006** 
(0.0001) 

0.0004** 
(0.0007) 

0.0019** 
(0.0003) 

0.0013** 
(0.0002) 

-0.0005* 
(0.0002) 

Pct. With 2nd 
Lien 

    0.176** 
(0.026) 

0.144** 
(0.017) 

0.032 
(0.020) 

-0.068** 
(0.009) 

         
Number of 
Observations 
 

18547 18547 18547 18547 14840 14840 14840 14840 

R-Squared 
 

0.568 0.516 0.469 0.470 0.544 0.475 0.445 0.464 

 
Regressions are quarterly from 2003Q1 to 2007Q4 and include both quarter and county fixed effects.  Asterisks (* 
(**)) indicate coefficient’s statistical significance at the 5% (10%) level. 
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Refinancing subsample

Another way to control for housing unaffordability is to focus on

refinancing loans.

Since borrower already owns house, affordability issue isn’t present.

AMP share is slightly lower among refinancing loans (8.37%) than
among purchase loans (9.77%).
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Table 4: Market-Share Regressions for Refinancing Loans 
           (pooled data) 

 
 Affordability proxy is median LTV Affordability proxies are median LTV and 

percent of loans with 2nd lien 
   
 All AMP IO ARM Option 

ARM 
ARM (1-

year, 
2/28, or 

3/27) 

All AMP IO ARM Option 
ARM 

ARM (1-
year, 2/28, 

or 3/27) 

Constant  -3.158** 
(0.492) 

-1.912** 
(0.387) 

-1.247** 
(0.210) 

0.453 
(0.281) 

-4.988** 
(0.547) 

-2.990** 
(0.419) 

-1.997** 
(0.332) 

0.249 
(0.331) 

Prior year 
HPI change 

0.144** 
(0.020) 

0.106** 
(0.015) 

0.038** 
(0.010) 

-0.010 
(0.010) 

0.134** 
(0.018) 

0.107** 
(0.014) 

0.028** 
(0.010) 

-0.026* 
(0.011) 

Log of real 
per capita 
personal 
income 

0.261** 
(0.047) 

0.149** 
(0.037) 

0.112** 
(0.020) 

0.009 
(0.027) 

0.455** 
(0.052) 

0.261** 
(0.040) 

0.194** 
(0.032) 

0.028 
(0.032) 

Consumer 
confidence 
index 

0.0009** 
(0.0001) 

0.0006** 
(0.0001) 

0.0003** 
(0.0001) 

-0.0001 
(0.0001) 

0.0007** 
(0.0001) 

0.0006** 
(0.0001) 

0.0001 
(0.0001) 

0.0000 
(0.0001) 

Mean FICO 
Score 

0.0002** 
(0.0001) 

0.0029** 
(0.0001) 

-0.0001 
(0.0000) 

-0.0007** 
(0.0001) 

0.0001 
(0.0001) 

0.0002** 
(0.0000) 

-0.0001** 
(0.0000) 

-0.0008** 
(0.0001) 

Median LTV 
 

0.0030** 
(0.0003) 

0.0014** 
(0.0002) 

0.0015** 
(0.0002) 

0.0005** 
(0.0002) 

0.0021** 
(0.0002) 

0.0010** 
(0.0002) 

0.0011** 
(0.0002) 

0.0008** 
(0.0002) 

Pct. With 2nd 
Lien 

    0.192** 
(0.028) 

0.115** 
(0.021) 

0.077** 
(0.019) 

-0.087** 
(0.015) 

Number of 
Observations 

18483 18483 18483 18483 14781 14781 14781 14781 

R-Squared 
 

0.366 0.375 0.247 0.239 0.249 0.281 0.188 0.258 

 
Regressions are quarterly from 2003Q1 to 2007Q4 and include both quarter and county fixed effects.  Asterisks (* 
(**)) indicate coefficient’s statistical significance at the 5% (1%) level. 
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Default performance of AMPs

Last part of paper estimates a hazard model of default, showing
effects of contract type.

Results show worse default performance of AMPs, as posited in

model.



Default performance of AMPs

Last part of paper estimates a hazard model of default, showing
effects of contract type.

Results show worse default performance of AMPs, as posited in

model.



Conclusion

This research shows two-way street between mortgage-market

innovations and housing bubbles.

Innovations may fuel a bubble by raising demand.

But bubble in turn spurs innovations, as favorable house-price

expectations reduce default concerns.

Lenders are then more will to lend to risky borrowers and offer
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Bad consequences for default once bubble bursts.



Conclusion

This research shows two-way street between mortgage-market

innovations and housing bubbles.

Innovations may fuel a bubble by raising demand.

But bubble in turn spurs innovations, as favorable house-price

expectations reduce default concerns.

Lenders are then more will to lend to risky borrowers and offer

risky contracts.

Bad consequences for default once bubble bursts.



Conclusion

This research shows two-way street between mortgage-market

innovations and housing bubbles.

Innovations may fuel a bubble by raising demand.

But bubble in turn spurs innovations, as favorable house-price

expectations reduce default concerns.

Lenders are then more will to lend to risky borrowers and offer

risky contracts.

Bad consequences for default once bubble bursts.



Conclusion

This research shows two-way street between mortgage-market

innovations and housing bubbles.

Innovations may fuel a bubble by raising demand.

But bubble in turn spurs innovations, as favorable house-price

expectations reduce default concerns.

Lenders are then more will to lend to risky borrowers and offer

risky contracts.

Bad consequences for default once bubble bursts.



Conclusion

This research shows two-way street between mortgage-market

innovations and housing bubbles.

Innovations may fuel a bubble by raising demand.

But bubble in turn spurs innovations, as favorable house-price

expectations reduce default concerns.

Lenders are then more will to lend to risky borrowers and offer

risky contracts.

Bad consequences for default once bubble bursts.




