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Abstract

Hedonic pricing, estimating the value of housing characteristics through the
use of transactions data, is one of the most common tasks performed by real
estate researchers. However, transaction frequency varies over time, loca-
tions, and other factors. In contrast, two-thirds of homeowners have a mort-
gage that they pay each month. This manuscript explores the use of mortgage
payment data as an alternative or supplemental means to derive the value
of housing characteristics. Insofar as price affects default and housing char-
acteristic values determine price, housing characteristic values affect default.
The implicit housing characteristic values come from parameter values that
fit observed patterns of payments and defaults. We find a strong correlation
(0.74− 0.92) between the explicit and implicit approaches. In addition, the
Monte Carlo simulation indicates that the mortgage based pricing model has
potential to help reveal housing market information especially during low
sales activity and/or high default rate situations.

KEYWORDS: mortgage, mortgage default, latent index, implicit prices,

hedonic house price



1 Introduction

A wide variety of fields use hedonic pricing, regression of housing prices on

characteristics, to obtain information of interest. For example, a transporta-

tion expert might wish to know the effects of accessibility (or lack of it) on

housing prices. An environmental economist may use house price data to

estimate the loss of value associated with chemical contamination at various

sites. Researchers interested in ramifications of educational quality can ob-

tain indicators of this through house prices (after adjusting these for the mix

of housing characteristics). A macroeconomist would also need to adjust for

house characteristics to find a constant quality house price index (hedonic

price index) over time.1

Historically, all of these groups relied on house prices to obtain this in-

formation. However, only a small proportion of houses sell in any particular

year and the proportion selling may vary from urban to rural areas, dry

up near new environmental hazards, and fluctuate over the macroeconomic

cycle. This raises questions about data availability and potential sample

selection bias.

On the other hand, two thirds of homeowners have mortgages and each

of these homeowners makes a decision each month on whether to pay or

default. All else equal, higher housing prices lead to lower default, as sug-

gested by the option pricing theory regarding mortgages (e.g., Deng et al.,

2000; Epperson et al., 1985; and Kau et al., 1995). Lower default, all else

equal, indicates higher house prices. Therefore, payment or default reveals

information about house prices. Essentially, two-thirds of the homeowners

participate in a “Grand Survey” every month and either cast a vote of con-

fidence (pay) or a vote of no-confidence (default) in their house price.

1See Malpezzi (2003) for a general review of hedonic pricing as well as Goodman (1998)
for a review of the early history of hedonic pricing involving Court (1939) and others. See
Harrison and Rubinfeld (1978) for a hedonic pricing study involving pollution, Bateman
et al. (2001) for a discussion of traffic and house prices as well as Brasington and Haurin
(2006) for the relation between educational variables and house prices.
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If mortgage payment or default decisions depend upon house prices and

house prices depend upon the value of housing characteristics, payment de-

cisions will also depend upon the value of housing characteristics. Given the

large quantity of mortgage observations, we can estimate the value of the

housing characteristics by choosing parameters that best explain observed

patterns of payments and defaults.2 We term this approach as implicit or

latent hedonic pricing because replacing price with the characteristics and

associated parameters means price does not explicitly appear in the model,

but is defined implicitly. To make this more concrete, suppose π = F (Z, P )

where π is the probability of payment or default for each observation, P is the

price for each observation, Z are other variables, and F (·, ·) is some default

function. If we know that P = Xβ where X is a matrix of house character-

istics and β is a vector of their values, we can substitute the price equation

into the mortgage payment model to obtain π = F (Z,Xβ) and solve for the

β vector that leads to the best agreement with the data.

The purpose of this manuscript is to explore the use of mortgage data

for this form of implicit hedonic pricing and compare the implicit hedonic

pricing approach using mortgage data with the explicit approach based on

house prices.

As a summary, we find agreement between explicit and implicit hedonic

pricing. In particular, we find estimates of locational factors (zip code dum-

mies) show close agreement with a correlation between the two approaches

ranging between 0.75 to 0.93. The Monte Carlo simulation indicates that the

mortgage based pricing model could be especially helpful in revealing hous-

ing market information during low sales activity and/or high default rate

situations.

The manuscript provides the theory behind the implicit hedonic pricing in

Section 2, presents the empirical evidence in Section 3, conducts the Monte

2Pace and Zhu (forthcoming) showed evidence that mortgage behavior reflects housing
price information in a repeated sales setting.
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Carlo simulation in Section 4, and summarizes the key findings as well as

suggestions for future research in Section 5.

2 Implicit Hedonic House Price Approach

Every homeowner has a variety of variables they consider in their decision of

whether to pay or not to pay their mortgage. A linear combination of these

variable constitutes the latent index. We let Li represent the latent index for

the ith individual and if the latent index is positive, the individual pays their

mortgage (yi = 1) and if the latent index is negative, the individual defaults

(yi = 0) as shown in (1) and (2).

Li > 0→ yi = 1 (1)

Li < 0→ yi = 0 (2)

To give this more structure, we assume that the latent index depends on

a variety of characteristics z which could include their FICO score, docu-

mentation of their assets and income, whether they have an adjustable rate

mortgage (ARM) or a fixed rate mortgage (FRM), and the current balance

of their loan. In addition, we assume that the latent index depends on P , is

the current market value of the house, as shown in (3).

Li = ziθ + ln (Pi) δ (3)

Hedonic pricing models often use the semi-log specification in (4) where

the log of the house price for the ith observation Pi depends linearly on the

1 by k vector of housing and neighborhood characteristics xi with associated

valuations of the characteristics in the k by 1 vector β as shown in (4).
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ln(Pi) = xiβ (4)

Substitution of (4) into (3) yields (5).

Li = ziθ + xiβδ = ziθ + xiγ (5)

γ = βδ (6)

Note, we estimate γ which is proportional to β since δ > 0 (higher prices

increase chance of payment). However, probit or logit are scaled to have

a disturbance variance equal to 1 or π2/3 to achieve identification which

affects the magnitude of the estimated coefficients. Therefore, one can not

directly compare estimates in linear regression with those from a non-linear

technique like probit and logit. In fact, one cannot directly compare probit

and logit coefficients directly due to the scaling. Moreover, if there is constant

vector in z and in x, the parameter estimate associated with the constant

term (intercept) can not be identified. Nonetheless, the coefficients from

probit and logit should have the right signs and there should be a strong

correlation between the estimates from the explicit hedonic pricing model

and the implicit hedonic pricing model. Finally, it should be possible to

set an intercept and scaling of the coefficients after estimation given some

transactions data or empirical moments of house prices.

3 Empirical Evidence

This section first introduces the data sources, samples and variables in Sec-

tion 3.1, then presents the empirical results in Section 3.2.
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3.1 Data

We used several data sources for our analysis. The mortgage-level data comes

from Blackbox Logic’s BBx database. This dataset covers over ninety-five

percent of the residential non-agency securitized mortgages in the United

States. BBx data contains comprehensive loan origination, and monthly

mortgage performance information. Our implicit hedonic price analysis re-

quires both the mortgage-level and the property-level characteristics. How-

ever, other than property locations, few detailed property characteristics are

included in the BBx data. Thus, we supplemented the BBx data with real

estate public records from Clark county in Nevada. The public records data

also allows us to conduct the traditional observed sales based hedonic house

price model, which is then used as the benchmark for housing market in-

formation and compared with the newly proposed latent or implicit hedonic

price model. The public record data contains two datasets: the property

assessor data from the Clark County Assessor’s Office, and the historical real

estate property sales data from the Clark County Recorder’s Office. The na-

tional average 30-year fixed rate mortgage interest rates come from Freddie

Mac’s national mortgage survey.

The main purpose of this paper is to propose an implicit, mortgage per-

formance based hedonic price model, and investigate the feasibility of the

implicit approach by comparing it with the sales based hedonic method.

Two sets of samples are needed to estimate separately the implicit model

and the traditional sales based explicit hedonic model. The implicit model is

a hedonic price enhanced mortgage default model. Both the mortgage infor-

mation, and the housing characteristics are needed for the analysis. To have

the implicit sample, we merged the BBx data with the public record data by

requiring the same zip codes, same interest rate types, similar original loan

amounts, and did not allow much of a difference between the loan origination

and the public record transaction dates. The merge procedure and criteria
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of these two datasets is discussed in detail in Zhu and Pace (2014).3 The his-

torical sales data was merged with the assessor data by a common identifier

to form the sales sample for traditional hedonic price analysis.

Our analysis focuses on the residential properties in Clark County of

Nevada. Both the implicit and the sales samples require observations with

valid input for each variable. To rule out potential commercial properties,

we limit the total living area of the property from 500 to 7000 square feet,

and the original house price up to one and half million dollars. As for the

implicit sample, only first lien mortgages with no piggyback loans are in-

cluded. Mortgages with piggyback loans are taken out since our data does

not have updated information on the second liens, while our analysis needs

the updated total loan amount. To ensure our implicit sample consists only

of first lien mortgages, mortgages with the original loan-to-value ratio below

0.4 are excluded as these might be home equity loans or second liens. The

upper limit of the loan-to-value ratio is set to be 1.2 to rule out potential

data errors. As for the sales sample, we adopted two different sales samples.

The first sales sample uses the Clark county public record and the sales are

identified by the arms length resale transactions, which exclude quit claim

transfers, construction and time share transactions, as well as the distressed

sales. However, since the composition of the underlying properties for the

implicit sample and the Clark County sales sample might not be the same,

we constructed the second sales sample using the new purchase loan origi-

nation information from BBx data. The summary statistics of the housing

statistics from different samples are presented in Table 1. Year 2010 results

are presented through the paper. Year 2008 and 2009 results are presented as

additional evidence. Table 1 shows that the sales sample from Clark county

public record seems to have on average a smaller living area and less variation

in the housing characteristics. While the sales sample from the BBx data are

3The impacts with different merge criteria are investigated, and the results are not
sensitive to some specific merge criteria.
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quite comparable with the mortgage sample.
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Variable Mean STD Min Max

Sales Sample 1

Bath 2.32 0.68 1 10

SQFT 1764.44 756.88 500 6979

House Age 15.00 12.95 0 109

Sales Sample 2

Bath 2.40 0.72 1 10

SQFT 1926.63 845.73 520 6918

House Age 16.44 13.56 1 107

Mortgage Sample

Bath 2.40 0.72 1 10

SQFT 1926.72 845.77 520 6918

House Age 18.44 13.56 1 109

Table 1: Housing Characteristics Summary Statistics for

Different Samples

The implicit method follows a standard logistic mortgage default model

by replacing the HPI updated house price with the hedonic specification. Our

investigation is in a cross-sectional setting. The dependent variable for the

implicit model is a binary mortgage payment status variable, which equals

one if a mortgage falls into 90+ days delinquency status in a certain year,

and otherwise equals zero. Independent variables used to explain the mort-

gage payment performances include housing characteristics together with zip

code dummies, and borrower and loan information. Housing characteristics

include total living area in logged square footage (SQFT), house age, square

of house age (Age-Square) to control for the nonlinearity of the house age ef-

fect, and the bathroom dummy which equals to one if the property has more

than three bathrooms. The loan and borrower characteristics include logged

loan amount, borrower credit score (FICO scaled by 100), full documentation
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status (Full Doc) which equals to one for full documentation status, exotic

adjustable rate mortgage (Exotic ARM) which includes non fully amortized

adjustable rate mortgages such as interest only, balloon payment and neg-

ative amortization loans, hybrid adjustable rate mortgage (Hybrid ARM)

that have an initial fixed rate time period followed by later adjustable rates

(no exotic features), exotic FRM dummy, regular ARM dummy, and loan

age. The mortgage rate difference of the prevailing 30-year loans between

the current time period and the loan origination time period (Rate Diff) is

included to control for the prepayment risk. The coefficient estimates from

the zip code dummies from the mortgage performance equation reflect the

relative price levels across different zip code areas in a certain year.

The sales based hedonic estimation model follows the standard hedo-

nic price model. The dependent variable is the logged transaction amount.

The independent variables include the same housing characteristics as in the

mortgage default model and the zip code dummies. The coefficient estimates

from the hedonic regression reflect the estimate of relative price level across

the different zip codes as indicated by the observed real estate transactions.

3.2 Empirical Estimates

This section presents empirical evidence to investigate whether the implicit

approach is potentially feasible. The regression results of the implicit method

and the sales based explicit method are reported, the correlation coefficients

between the two price level estimates are calculated, and the coefficient esti-

mates of the housing variables are compared with different methods. Because

of the scaling issue for logit model as discussed in Section 2, the comparison

between the explicit and the implicit methods focuses on the correlation of

the relative price levels and the signs of the estimates.

Since the composition of the underlying properties for the implicit sample

and the Clark County sales sample might not be the same, two different

actual sales samples are investigated. The first analysis uses the Clark County

9



public records to derive the sales based hedonic model. The second analysis

uses the new purchase loan origination information from BBx data to derive

the sales based hedonic model.

We conduct our analysis in a cross-sectional setting. The implicit ap-

proach is estimated using Equation (7), which is the estimation model for

mortgage default where the various characteristics have values contained in

the parameter vectors or scalars φ1 . . . φ4. There are n observations on the

dependent variable y and the Housing, Borrower, and Location characteris-

tics. The function Λ(·) represents the logistic cumulative density function.

The sales based house price estimation equation appears in Equation (8),

which is the standard hedonic pricing model where the various characteris-

tics have values contained in the parameter vectors or scalars ϕ1 . . . ϕ3 and ε

represents a ns by 1 vector of disturbances where ns represents the number of

sold properties. Year 2010 results are presented throughout the paper. Year

2008 and 2009 results are presented as additional evidence.

Pr(yi = 1) = Λ(φ1 + Housingi · φ2 + Borroweri · φ3 + Locationi · φ4) (7)

ln(Pi) = ϕ1 + Housingi · ϕ2 + Locationi · ϕ3 + εi (8)

Table 2 to 4 present the first set of results. The Clark county public

sales data is used for the sales based hedonic model for this set of results.

Table 2 reports the first half of the regression results: the coefficient estimates

and the statistical inferences of zip code dummies for both the implicit and

the explicit hedonic models for year 2010. We require that each zip code

contains at least 300 mortgage observations. The coefficient estimates for the

zip code dummies reflect the relative price level across different zip codes.

The results show that the relative price levels from the implicit estimates

and the explicit estimates have the same signs for all zip codes, although

not all the statistical significance levels matched exactly with each other.
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For example, both methods turn out to have five zip codes with positive

coefficients. Figure 1 plots the sales based hedonic price versus the implicit

price from Table refestable1.

Next, to investigate whether the price information from the implicit

method reflects housing market information, we calculated the Pearson and

the Spearman correlation coefficients between the implicit and the sales based

explicit prices. Table 3 reports the correlation coefficients and the corre-

sponding p-values from year 2008 to year 2010. As an additional check for

the usefulness of the implicit method, we set different thresholds of the min-

imum number of loans in each zip code to one hundred, two hundred and

three hundred as in Panel A, B and C correspondingly. Overall, the corre-

lation between the implicit and the sales based prices are consistently high

through the sample time period and with different thresholds of the minimum

number of loans included in each zip code. For example, the Pearson cor-

relations range from 0.7472 to 0.9256, and the Spearman correlations range

from 0.7792 to 0.9006. The p-values are significant and lower than 0.0001

in all the cases investigated. The results provide evidence that the implicit

prices are highly correlated with the explicit prices and help reveal housing

market information.
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Table 2: Regression Results for Explicit and Implicit Approach Y2010 - I

Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

zip 2 −0.2145 0.0184 −11.6854 −0.1803 0.0798 −2.2586
zip 3 −0.6210 0.0196 −31.6066 −0.5424 0.0874 −6.2068
zip 4 −0.3530 0.0144 −24.5805 −0.2491 0.0683 −3.6465
zip 5 −0.3907 0.0167 −23.3889 −0.2897 0.0767 −3.7754
zip 6 0.1380 0.0156 8.8269 0.0786 0.0745 1.0547
zip 7 −0.0180 0.0164 −1.0975 −0.0066 0.0758 −0.0871
zip 8 −0.4228 0.0169 −24.9708 −0.5902 0.0966 −6.1101
zip 9 −0.2763 0.0180 −15.3537 −0.3978 0.0967 −4.1147
zip 10 −0.4872 0.0232 −20.9847 −0.5170 0.1123 −4.6052
zip 11 −0.1259 0.0232 −5.4378 −0.2041 0.1182 −1.7265
zip 12 −0.0193 0.0169 −1.1377 −0.3532 0.0885 −3.9895
zip 13 −0.4053 0.0218 −18.5659 −0.4647 0.0933 −4.9805
zip 14 −0.6371 0.0220 −28.9502 −0.4240 0.1042 −4.0690
zip 15 −0.3585 0.0191 −18.7620 −0.3716 0.0888 −4.1868
zip 16 −0.3957 0.0153 −25.8797 −0.3614 0.0724 −4.9942
zip 17 −0.4857 0.0158 −30.7455 −0.3954 0.0717 −5.5177
zip 18 −0.0825 0.0178 −4.6341 −0.0125 0.0924 −0.1356
zip 19 −0.6546 0.0173 −37.9328 −0.5244 0.0858 −6.1139
zip 20 −0.0834 0.0158 −5.2734 −0.1492 0.0759 −1.9659
zip 21 −0.1638 0.0203 −8.0725 −0.0767 0.1089 −0.7047
zip 22 −0.3201 0.0216 −14.8439 −0.3804 0.1044 −3.6436
zip 23 −0.3215 0.0218 −14.7577 −0.2707 0.1027 −2.6356
zip 24 −0.4081 0.0168 −24.2701 −0.4190 0.0799 −5.2450
zip 25 −0.3998 0.0163 −24.5065 −0.4805 0.0860 −5.5895
zip 26 −0.0163 0.0153 −1.0710 −0.1327 0.0706 −1.8805
zip 27 −0.2134 0.0170 −12.5857 −0.3015 0.0790 −3.8173
zip 28 −0.2213 0.0157 −14.0915 −0.1483 0.0724 −2.0477
zip 29 −0.2038 0.0187 −10.8776 −0.1647 0.0835 −1.9722
zip 30 −0.1744 0.0162 −10.7775 −0.2439 0.0740 −3.2970
zip 31 0.2660 0.0204 13.0627 0.0844 0.1001 0.8428
zip 32 0.2618 0.0192 13.6212 0.1686 0.0919 1.8357
zip 33 0.1284 0.0224 5.7296 0.1188 0.1129 1.0522
zip 34 −0.1406 0.0163 −8.6047 −0.2854 0.0861 −3.3141
zip 35 −0.0797 0.0176 −4.5232 −0.1948 0.0881 −2.2117
zip 36 −0.3463 0.0182 −19.0296 −0.4453 0.0861 −5.1716
zip 37 −0.2681 0.0242 −11.0547 −0.1607 0.1107 −1.4512
zip 38 0.1387 0.0209 6.6389 0.0765 0.0961 0.7963
zip 39 −0.1385 0.0191 −7.2636 −0.2628 0.0906 −2.9011
zip 40 −0.2161 0.0256 −8.4345 −0.1962 0.1205 −1.6288
zip 41 −0.0586 0.0159 −3.6791 −0.1580 0.0766 −2.0625
zip 42 −0.1655 0.0154 −10.7202 −0.2570 0.0800 −3.2117
zip 43 −0.2254 0.0163 −13.8344 −0.1969 0.0843 −2.3354
zip 44 −0.5056 0.0187 −26.9812 −0.5189 0.0928 −5.5941
zip 45 −0.1658 0.0162 −10.2152 −0.3785 0.1034 −3.6604
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Figure 1: Implicit versus Explicit Hedonic Prices



Table 3: Correlation Coefficients between Implicit and Explicit Prices (Using
Public Record Sales for Explicit Prices)

Panel A: N=100
Pearson Correlation Spearman Correlation

Year Correlation Coefficient P-Value Correlation Coefficient P-Value

2008 0.8540 <.0001 0.7792 <.0001
2009 0.9256 <.0001 0.9006 <.0001
2010 0.8740 <.0001 0.8784 <.0001

Panel B: N=200
Pearson Correlation Spearman Correlation

Year Correlation Coefficient P-Value Correlation Coefficient P-Value

2008 0.7472 <.0001 0.7806 <.0001
2009 0.8910 <.0001 0.8790 <.0001
2010 0.8974 <.0001 0.8736 <.0001

Panel C: N=300
Pearson Correlation Spearman Correlation

Year Correlation Coefficient P-Value Correlation Coefficient P-Value

2008 0.7496 <.0001 0.7854 <.0001
2009 0.8854 <.0001 0.8828 <.0001
2010 0.8909 <.0001 0.8763 <.0001

Table 4 Panel A reports the second half of the year 2010 regression: coef-

ficient estimates and statistical inferences of the housing, borrower, and loan

variables. Table 4 Panel B and C report the housing coefficient estimates for

year 2009 and year 2008 as robustness checks. The interest here is whether

the coefficient estimates on housing variables from the implicit approach

carry the same signs as those from the explicit approach. In the context

of mortgage default, all else equal, larger living area and higher number of

bathrooms are associated with higher house valuation and lower loan-to-value

ratio, which in turn leads to lower default. Both the sales based method and

the implicit approach show positive valuation of the total living area which
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has the highest t-value among the housing variables. The pattern is consis-

tent for different years. The bathroom variables exhibit opposite signs for

the different approaches with the implicit approach giving a positive value

for more than three baths while the explicit hedonic approach has a nega-

tive value. The age of the house is negative and statistically significant for

the sales based method but becomes insignificant for the implicit approach.

Other borrower and loan variables have the expected signs. Borrowers with

higher credit scores, full documentation status, and less exotic loans are less

likely to default.

Since the implicit mortgage sample contains only properties with privately

securitized mortgages, the properties underlying the implicit sample and the

public sales sample may not have the same composition. Differences between

the samples could affect the coefficient estimates from the implicit and the

sales based hedonic approach. To address the sample issue, we conduct the

second set of analysis.

This second set of results derives the sales transactions from the BBx data

new purchase mortgage origination information, then compares the implicit

approach with the sales based approach. The advantage of deriving sales from

the BBx data is that the underlying properties should be more comparable

for the implicit and the sales samples. We used the new purchases until 2010

to estimate the historical average sales based prices equation.4

Table 5 reports the estimates for housing characteristics for year 2010

whole sample, full documentation versus non full documentation sub samples,

and fixed rate mortgage versus adjustable rate mortgage sub samples. The

signs of all the housing variables except for one (House Age FRM) are the

same from both sets of estimates. Table 6 reports the correlation coefficients

of price levels from the explicit approach and the implicit approach. The two

price estimates are significantly correlated with each other in all cases, with

4The BBx data has very few new purchase loans in recent years. In order to have
enough sales, we need to combine all previous sales data together. In doing so, there could
be a mismatch of sample periods for the implicit and the sales based samples.
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Table 4: Regression Results for Explicit and Implicit Approach - II

Panel A: Y2010 Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

Intercept 3.4261 0.0489 70.0963 4.1709 0.5900 7.0688
SQFT 1.1526 0.0063 182.2916 0.6378 0.0483 13.2148
Bath −0.0277 0.0095 −2.9146 0.2176 0.0409 5.3264
House Age −0.0078 0.0006 −12.2694 0.0007 0.0032 0.2271
Age-Square −0.0000 0.0000 −1.3017 −0.0000 0.0001 −0.2049
Loan Amount −0.9936 0.0464 −21.4318
Fico 0.5472 0.0167 32.7068
Full Doc 0.1509 0.0218 6.9256
Exotic ARM −0.4351 0.0244 −17.8227
Hybrid ARM −0.3011 0.0339 −8.8739
Exotic FRM −0.1486 0.0355 −4.1887
Reg ARM −0.6303 0.0782 −8.0602
Loan Age 0.2448 0.0576 4.2476
Rate Diff −0.0731 0.0368 −1.9866

Panel B: Y2009 Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 1.1381 0.0057 198.6787 0.8204 0.0502 16.3271
Bath −0.0512 0.0085 −6.0151 0.1153 0.0433 2.6609
House Age −0.0092 0.0006 −16.3049 0.0047 0.0032 1.4829
Age-Square −0.0000 0.0000 −2.6742 −0.0001 0.0001 −1.3225

Panel C: Y2008 Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 1.1526 0.0063 182.2916 0.6378 0.0483 13.2148
Bath −0.0277 0.0095 −2.9146 0.2176 0.0409 5.3264
House Age −0.0078 0.0006 −12.2694 0.0007 0.0032 0.2271
Age-Square −0.0000 0.0000 −1.3017 −0.0000 0.0001 −0.2049
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the Pearson correlation ranging from 0.7854 to 0.8936, and the Spearman

correlation ranging from 0.8065 to 0.8874.

Overall, the empirical results indicate that the mortgage performance

based implicit hedonic valuation method contains information on the hous-

ing market, which could be used as an alternative or supplemental housing

market valuation method.
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Table 5: Regression Results for Explicit and Implicit Approach (Using BBx
Sales Sample for Explicit Prices) Year 2010

Panel A: Full Sample Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 0.8499 0.0028 308.3894 0.6061 0.0469 12.9123
Bath 0.1390 0.0036 38.8506 0.2151 0.0399 5.3910
House Age −0.0029 0.0003 −10.3016 −0.0002 0.0031 −0.0565
Age-Square 0.0000 0.0000 4.7013 0.0000 0.0001 0.3154

Panel B: Full Doc=0 Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 0.8547 0.0033 258.6604 0.5342 0.0569 9.3969
Bath 0.1280 0.0042 30.6550 0.1942 0.0462 4.2067
House Age −0.0027 0.0003 −7.9936 −0.0022 0.0037 −0.6051
Age-Square 0.0000 0.0000 3.7257 0.0001 0.0001 1.1986

Panel C: Full Doc=1 Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 0.8310 0.0050 166.9542 0.8192 0.0862 9.5046
Bath 0.1667 0.0070 23.6652 0.3092 0.0839 3.6863
House Age −0.0021 0.0005 −4.0829 0.0048 0.0059 0.8204
Age-Square 0.0000 0.0000 0.5151 −0.0001 0.0001 −1.1887

Panel D: FRM Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 0.8832 0.0052 171.4829 0.7042 0.0810 8.6932
Bath 0.1656 0.0064 25.9576 0.3060 0.0684 4.4776
House Age 0.0003 0.0005 0.5519 0.0058 0.0053 1.0861
Age-Square −0.0000 0.0000 −1.8098 −0.0001 0.0001 −1.0591

Panel E: ARM Explicit Estimate Implicit Estimate

Variable Estimate StdErr t Estimate StdErr t

SQFT 0.8344 0.0032 257.3242 0.5698 0.0589 9.6692
Bath 0.1203 0.0043 27.9532 0.1571 0.0501 3.1388
House Age −0.0037 0.0003 −11.3496 −0.0027 0.0039 −0.7049
Age-Square 0.0000 0.0000 5.6853 0.0001 0.0001 0.8583
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Table 6: Correlation Coefficients between Implicit and Explicit Prices (Using
BBx Sales Sample for Explicit Prices) Year 2010

Pearson Correlation Spearman Correlation

Sample Correlation Coefficient P-Value Correlation Coefficient P-Value

Full Sample 0.8936 <.0001 0.8874 <.0001
Full Doc = 0 0.7854 <.0001 0.8183 <.0001
Full Doc = 1 0.8414 <.0001 0.8363 <.0001
ARM = 0 0.8317 <.0001 0.8065 <.0001
ARM = 1 0.8617 <.0001 0.8864 <.0001
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4 Monte Carlo Simulation

To gain some perspective on the information content of the explicit model

using actual sales relative to the implicit model using the observed individual

mortgage decisions (to pay or default), this section conducts a Monte Carlo

simulation experiment. The experiment is intended to illustrate the relative

advantages/usefulness of the different models under varying housing market

conditions.

We simulated y, the observed sale price, using (9), and L, the latent

index, in (10). The simulations are based on the scalar parameters β, θ, and

δ as in (11), along with the n by 1 vectors of random variables x (housing

characteristics), z (non-housing explanatory variables for mortgage default),

u, and v, which are based on unit normals as in (12). All of the random

variables are independent of each other as also shown in (12). As discussed

previously, for the latent utility model, if the latent variable L for the ith

individual has a positive value, this leads to the borrower paying on their

mortgage (current status on mortgage), and otherwise a negative value leads

to default as shown in (13).

y = xβ + u (9)

L = A+B + v (10)

A = (xβ)δ, B = zθ (11)

x,z,u,v ∼ N(0,σ2In), x ⊥⊥ z ⊥⊥ u ⊥⊥ v (12)

Li ≷ 0→ current/default (13)

The independence among x and u leads to the relation of variances as in

(14) and the expected R2
o as in (15). Equation (16) lists the usual form for

the variance of the OLS estimates which depends on the actual number of

sales ns and (17) shows the formula for the t−statistic for the estimator of
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β. We employ the t−statistic since this information content measure has a

similar meaning across OLS and probit models. The scaling of probit affects

both the magnitudes of the estimates and the associated standard errors in

the same way. Therefore, the scaling does not affect the ratio of the two.

σ2
y = σ2

xβ + σ2
u (14)

R2
o = σ2

xβ/(σ
2
xβ + σ2

u) (15)

Vβ̂ = (û′û/ns)(x
′x)−1 (16)

tols = β̂/(Vβ̂)1/2 (17)

We now define the measure of the goodness-of-fit statistic that is used to

capture the importance of price factors in the latent index L. Based on their

mutual independence, the variance of the latent index represents the sum

of the individual sources of variation and noise as in (18). Subtracting the

variance of the non-housing factors σ2
B from both sides of (18) leads to (19),

and a partial R2
m that reflects the relative roles of price and noise in (20).

σ2
L = σ2

A + σ2
B + σ2

v (18)

σ2
L − σ2

B = σ2
A + σ2

v (19)

R2
m = σ2

A/(σ
2
A + σ2

v) (20)

We let the stock of all properties equal n = 100,000 and allowed the

percentage of the stock that sold to take on values of 0.5, 5, and 10 per-

cent such that a 5 percent level of sales would correspond to ns = 5,000. A

0.5% turnover rate could exist in a stalled market, a rural area where few

arms-length transactions occur, or in some countries with thin or inactive

markets. Housing markets vary markedly among countries. For example,

Ireland has a turnover rate currently of just under 2% while the UK has a
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normal turnover rate of 6% (Keenan, 2015). Ignoring new construction, the

US, France, and Japan have 5.5%, 2.6%, and 0.38% turnover rates (Koo and

Sasaki, 2008) respectively. Japan exhibits preference for new houses which

leads to an exceptionally low turnover rate of existing houses. Alternatively,

in jurisdictions in or outside the US that do not require disclosure of house

transaction price, it may prove difficult to obtain many sales observations.

For example, in Idaho, even the assessors do not have access to real estate

transaction prices. We examined three levels of default rate of 2.5, 10, and 25

percent so that if d represents the number of defaults, d/n = 0.025, 0.10, 0.25.

In good times, prime mortgages exhibited around a 2.5% serious delinquency

rate whereas in the Great Recession serious delinquency rates rose to around

30% for subprime loans. In terms of goodness-of-fit, many empirical house

price models estimated by OLS have R2 ranging from 0.8 to 0.9. Accordingly,

we let R2
o (approximately) equal 0.8, 0.9 in the simulation. For the mortgage

data in this manuscript, the partial fit with respect to price equals around

0.05. Accordingly, we let the R2
m equal (approximately) to 0.10, 0.058, and

to 0.038. Table 7 presents the relative t−statistics in estimation of the co-

efficients associated with x (tprobit/tols) for the 2.5%, 10%, and 25% default

levels, given the varying proportion of the stock sold, and given the different

levels of goodness-of-fit for the mortgage and the direct price models.

As expected, the sales model works well when a higher proportion of

the stock sales on the market, and when the sales pricing model has a high

goodness-of-fit (high R2
o). The mortgage-based model does well as the default

rate rises, and when the variations in price have higher impact on mortgage

payment behavior (high R2
m). In terms of relative performance, any value

in the last three columns above 1 implies that the mortgage payments have

more information content than observed prices and any value in the last

three columns below 1 implies that observed prices have more information

content than mortgage behavior. As extremes, if 10% percent of the housing

stock sells and there is only a 2.5% default rate, the relative t statistics
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Case ns/n R2
o R2

m 2.5% d/n 10% d/n 25% d/n

1 0.0050 0.8988 0.1005 0.0839 0.8648 1.0750
2 0.0050 0.9018 0.0588 0.0566 0.6586 0.8192
3 0.0050 0.8928 0.0378 0.0568 0.5702 0.7032
4 0.0050 0.8055 0.1004 0.1286 1.2447 1.5946
5 0.0050 0.8274 0.0570 0.0897 0.9311 1.1129
6 0.0050 0.8108 0.0385 0.0784 0.7970 0.9638
7 0.0500 0.8997 0.1008 0.0282 0.2661 0.3425
8 0.0500 0.8972 0.0589 0.0220 0.2160 0.2696
9 0.0500 0.8991 0.0366 0.0122 0.1621 0.2127
10 0.0500 0.8073 0.1016 0.0363 0.3996 0.5029
11 0.0500 0.8057 0.0572 0.0372 0.3081 0.3835
12 0.0500 0.8019 0.0390 0.0282 0.2475 0.3144
13 0.1000 0.9002 0.1010 0.0173 0.1898 0.2404
14 0.1000 0.8996 0.0584 0.0092 0.1461 0.1889
15 0.1000 0.9030 0.0370 0.0091 0.1178 0.1477
16 0.1000 0.7966 0.1022 0.0289 0.2901 0.3692
17 0.1000 0.7972 0.0591 0.0212 0.2218 0.2834
18 0.1000 0.8020 0.0371 0.0219 0.1758 0.2150

Table 7: Relative t-statistics (tprobit/tols) Across Proportion of Sales (ns/n),
OLS Fit (R2

o), Latent Fit (R2
m), and Default Rates (d/n)
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are all under 0.03. In these cases, mortgage behavior would not add much

information relative to prices. On the other hand, a high default rate of 25%

coupled with a low sales rate of 0.5% leads to the relative t−statistics ranging

from 0.70 to 1.60. The results indicate that mortgage model has potential to

help reveal housing market information under low sales and/or high default

market conditions.
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5 Conclusion

Only a small proportion of houses sell in a particular year, but the vast

majority of homeowners must make a decision of whether to pay or default

on their mortgage each month. The requirement to make this decision (to

pay or default) does not vary much over the macroeconomic cycle or across

locations and therefore may have less selection bias than transactions prices.

In effect, most homeowners are required to cast a vote of confidence or no

confidence in their house price every month.

Since house prices and therefore payment or default decisions depend

upon the value of housing characteristics, these decisions can shed light on

the value of housing characteristics. The purpose of this manuscript was

to explore whether using such mortgage decisions results in informative es-

timates of the value of the characteristics. When comparing the estimates

from an explicit hedonic pricing model based on transaction data to the esti-

mates from the implicit hedonic housing model based on mortgage payment

data, we found a high correlation (0.74− 0.92) between the two approaches.

The explicit and implicit approaches are not mutually exclusive. As

shown in the Monte Carlo simulation, the explicit approach performs best

when transaction volumes are high such as in a boom and perform worse in

a bust. In contrast, the implicit approach works best when default is more

prevalent (more equal distribution of zeros and ones) such as a bust or near

some new negative externalities (such as a chemical spill) and worse during

a boom. This suggests hybridizing these approaches. In addition, the work

here suggests the potential for other implicit approaches based on hazard or

multinomial models.
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