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Abstract

Down payment or closing cost assistance is an effective program in addressing
the wealth constraints of low- and moderate-income homebuyers. However, the
spillover effect of such programs on the neighborhood is unknown. This paper
estimates the impact of the City of Dallas Mortgage Assistance Program (MAP) on
nearby home values using a hedonic model of home sales from 1990 to 2006. We
define neighborhoods of 1,000 feet around each sale and estimate the average dif-
ferences in sales prices between neighborhoods with various numbers of MAP
properties before and after their appearance. We find that MAP properties tend to
locate in neighborhoods with lower property values; however, unless a concentra-
tion of MAP properties forms, the infusion of MAP properties has little detrimen-
tal impact on neighboring property values. Moreover, low concentration of MAP
properties has a modest positive impact on surrounding property values. © 2010
by the Association for Public Policy Analysis and Management.

INTRODUCTION

Americans regard owning a home as a fundamental step to asset building. The
homeownership rate in the U.S. increased from approximately 48 percent in
the 1930s to nearly 70 percent in 2005 as a result of the federal government sup-
port, legislative efforts, technological and structural changes in the mortgage indus-
try, and favorable economic conditions. The middle-class prime market represented
the earlier homeownership booms, while lower-income and minority borrowers
accounted for a substantial share of the most recent boom (Gramlich, 2007).

The push for increased rates of homeownership was largely driven by the belief
that homeownership could generate not only individual benefits, such as equity
building, better living conditions, and academic performance of children in a sta-
ble environment, but also social benefits such as good neighborhood quality, a
strong sense of community, and social networks among homeowners (DiPasquale &
Glaeser, 1999; Aaronson, 2000; Harkness & Newman, 2002; Rohe, Quercia, & Van
Zandt, 2007). However, realizing the benefits of homeownership depends on
whether owners can sustain ownership while retaining sufficient resources to sup-
port families and communities. The recent recession and the associated fall in
home values illustrated that the increased rates of homeownership in the U.S. were
not obtained without significant exposure to financial risk. Borrowers with limited
income, credit, and financial knowledge were especially attracted by the easy avail-
ability of mortgages with low initial payments. When home values fell and interest

Journal of Policy Analysis and Management, Vol. 29, No. 4, 682-697 (2010)

© 2010 by the Association for Public Policy Analysis and Management

Published by Wiley Periodicals, Inc. View this article online at wileyonlinelibrary.com
DOI: 10.1002/pam.20530



Neighborhood Impacts of a Mortgage Assistance Program | 683

payments increased, borrowers with limited liquid assets faced the threat of fore-
closure, offsetting any gains from homeownership.

A down payment or closing cost assistance program has been one of the most
common government-supported approaches to promoting homeownership for
low- and moderate-income (LMI) households. Combined with Federal Housing
Administration (FHA) or other government-backed affordable lending products,
these programs effectively overcome the wealth constraints of LMI homebuyers by
closing the gap between their limited savings and the down payment requirements
for a prime mortgage. Without public assistance, the participants in these public
programs might still be renting or have purchased homes with a subprime mort-
gage. These mortgages are typically underwritten in a traditional way, with lenders
scrutinizing borrowers’ information, and have fixed terms with no prepayment
penalties. In particular, loan applicants are required to take homeowner education
classes and learn about mortgage requirements and homeowner responsibilities.
With the assistance, creditworthy borrowers could achieve a lower loan-to-value
ratio and build equity faster. There is potentially a lower risk for default because the
loan approvals are based on careful assessment of borrowers’ repayment ability.
There is also potentially a lower risk of prepayment because LMI borrowers are
more likely to stay occupied for a longer time due to program requirements or lim-
ited mobility (Deng & Gabriel, 2006).

When private mortgage products thrived and housing prices escalated, the mar-
ket share of mortgages backed by government or originated with the assistance of
public programs declined substantially. With the recent meltdown of the subprime
market, however, many private options for LMI homebuyers are gone. It is tempt-
ing, then, to reconsider traditional programs such as down payment assistance to
fill the void.

A small lump sum down payment or closing cost assistance can stimulate a large
number of renters to buy homes (Listokin et al.,, 2001; Quercia, McCarthy, &
Wachter, 2003; Feldman, 2002; Herbert & Tsen, 2005)—the short-term impact of
such programs on individual participants is quite obvious. However, affordable
homeownership programs should also help build healthy communities. Whether
and how such programs generate neighborhood spillovers is unclear. It is possible
that these public spending programs have a positive influence on the neighborhood.
Compared to unsubsidized LMI homeowners who might otherwise occupy the
homes, subsidized borrowers pay lower down payments and other housing expenses
associated with a fixed and reasonably priced mortgage. They may save extra money
to invest in the upkeep of the exterior conditions of their homes and make the neigh-
borhood more attractive. With less financial stress, they may also be more satisfied
with the homeownership experience and more involved in community services and
school activities. Property values are highly correlated with improved neighborhood
conditions and school quality; therefore, homes in proximity may appreciate more
than homes without subsidized neighbors. However, unsuccessful homeownership
generated by these programs could have a negative influence on participants’ neigh-
borhoods (Reid, 2007). The same house would have been occupied by someone with
more financial means and would not need the subsidies. Some LMI homebuyers,
although subsidized, may still find the mortgage payments, property taxes, home
insurance, and maintenance costs overwhelming. When distressed MAP borrowers
cannot maintain their homes properly and default on their loans, the neighborhood
quality deteriorates and property values in their neighborhood may fall. If the nega-
tive spillover effects dominate, these programs may not be a viable option for LMI
households and the communities in which they reside.

To date, there has not been much attention given to the existence and direction of
the spillover effects of homeownership through public spending programs. Several
studies examine the community changes measured by changes in health, social and
economic opportunities, and neighborhood property appreciation near dispersed
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renters with housing vouchers or tax credit properties (Galster, Tatian, & Smith,
1999; Santiago, Galster, & Tatian, 2001; Ezzet-Lofstrom & Murdoch, 2006; Jacob,
2003; Kling, Ludwig, & Katz, 2007), but only a few attempted to evaluate the
impacts of subsidized homeownership programs on individuals or neighborhoods.
Calem (1993) showed evidence that the Delaware Valley Mortgage Plan was effec-
tive in broadening mortgage lenders’ reach to underserved neighborhoods, and the
loan performance was not too bad, because of the lenders’ extensive underwriting
process. Smith and Hevener (2005), Schwartz et al. (2006) and Ellen et al. (2007)
found that place-based revitalization projects have significant positive spillover
effects on the surrounding neighborhood. Di, Ma, and Murdoch (2007) analyzed the
experience of Dallas Mortgage Assistance Program (MAP) participants and found
no evidence of adverse impact of a high concentration of MAP properties on block
group median home values. However, their analysis is subject to the possible selec-
tion of MAP participants into block groups and the potential endogeneity of block
group demographics.

This paper extends the previous literature by integrating data from the City of
Dallas MAP with the Multiple Listing Service (MLS) data on single-family home
sales in Dallas to further explore how subsidized homeownership affects partici-
pants’ neighborhoods. The basic approach is a hedonic model to estimate the
changes in home sale prices before and after the appearance of MAP properties
between neighborhoods with and without MAP properties—a difference-in-difference
(DID) approach at the individual home level.

Because the main threats to the identification of the MAP impact are unobserved
neighborhood attributes, we explicitly model the unobserved similarities among
nearby transactions for each sale using techniques from spatial econometrics. This
approach is in contrast to incorporating only aggregate covariates based on large
neighborhoods such as census tracts or block groups. In addition, we use prices
of nearby sales over time for each sale to account for the preexisting trends in the
neighborhood housing market. The incorporation of both spatial and temporal cor-
relations among sales addresses the potential selection problems and leads to pre-
cise estimates and causal interpretations.

The findings of this paper contribute to the current policy debate on the validity
of public spending programs. If the MAP properties appear to cause a decline in
neighboring property values relative to similar neighborhoods without subsidized
homeownership, one may question whether any individual benefits of homeowner-
ship are offset by negative local externalities. Otherwise, we have evidence that may
suggest that down payment assistance is a reasonable policy instrument to increase
LMI homeownership without the increased financial risk that accompanies alterna-
tive mortgage products. This paper also contributes to the literature of evaluating
spillover effects of public programs by modeling the spatial and temporal patterns
in neighborhood changes.

The remainder of the paper is organized as follows. First, we provide an overview
of the MAP program, summarizing the characteristics of participants, properties,
and loan performance. Then we define “sliding” neighborhoods for each single-family
sale based on the distance from the location of MAP properties and compare the
sales prices of homes with MAP properties close by and those without. We correct
for neighborhood housing market trends, unobserved spatial variation, and allow
the treatment level (the number of MAP properties) to vary when estimating the
impact of MAP infusion on property values. We conclude with policy implications.

OVERVIEW OF THE CITY OF DALLAS MAP

The City of Dallas MAP was established in October 1991 and has been administered
by Enterprise Community Partners, Inc., in Dallas (formerly known as the Enter-
prise Foundation). As of the end of 2006, Enterprise had closed 5,500 MAP loans,
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Table 1. Summary statistics of MAP.

No. of Standard
Variable Observations  Mean Deviation Minimum Maximum
Total subsidy ($)” 5,389 11,015 4,408 990 38,504
Second lien amount ($)” 5,066 9,796 4,407 501 38,504
First lien amount ($) 4,091 73,734 21,380 12,240 158,646
Appraised value ($) 4,045 84,273 20,541 26,000 168,000
Sales price ($) 4,091 81,931 20,218 17,500 159,900
Front-end ratio 3,553 0.30 0.06 0.1 1
Back-end ratio 3,543 0.36 0.08 0.1 0.99
Mortgage interest rate (%) 3,881 7.08 0.97 4.63 11.99
Household size 4,081 3.31 1.52 1 9
Number of bedrooms 4,042 2.97 0.50 1 6

Note: Only nonzero amount is summarized because zeros are not separable in the database from miss-
ing values. All data are from 1997 to 2006 except the lien amount and subsidy amount, which are from
1991 to 2006.

with total subsidies exceeding $50 million. It is one of the largest down payment
assistance programs in the nation, primarily because Dallas has a large supply of
housing within the price limits of the FHA 203B regulations—the maximum loan
amount allowed for such programs.! The Dallas program is funded for the most
part with U.S. Department of Housing and Urban Development (HUD) block grants
through three programs: HOME Investment Partnerships Program, Community
Development Block Grant Program, and the American Dream Downpayment Initia-
tive.

In the program, the first lien is still a mortgage loan from a traditional lender,
while the MAP loan assumes second-lien status. The current second-lien MAP loan
has an eight-year recapture period—one-eighth of the loan is forgiven each year as
long as no default occurs and the property remains the borrower’s principal resi-
dence. MAP funds are used primarily for down payment and closing cost assistance,
although they may also cover some of the seller’s repair costs.?

There are numerous requirements for both the borrowers and the properties.? In
particular, client households must be first-time homebuyers with a total household
income of less than 80 percent of the Dallas-area median. They must successfully
complete a homeowner education course from an approved provider and apply for
MAP funding through a city-approved lender. In addition, the property must pass
Housing Quality Standards* set by HUD and the city.

We obtained the MAP database from Enterprise Community Partners, Inc., in
Dallas. Approximately 85 percent of the geocoded MAP properties were located
in HUD LMI census tracts. Table 1 presents summary information on the MAP
properties from the Enterprise database as of the end of 2006. Before 1997, borrow-
ers’ characteristics and loan features were not recorded in the database. On average,
MAP participants received a total subsidy of $11,015, which included assistance for
closing or repair costs and the second-lien (down payment assistance) amount of
almost $9,800. The appraised values of MAP properties ranged from $26,000 to

! The FHA 203B limit is adjusted annually; it was $200,160 for Dallas County in 2006.

2 Approximately 4 percent of the participants received funding from resources other than MAP, such as
the county down payment assistance program, city bond program, Federal Home Loan Bank, Helping
Hands, and lenders’ programs. This study does not differentiate the impact of MAP from that of other
sources because the fund has been used for similar purposes.

3 The MAP manual is available at http://www.dallasmap.org under “Exhibits and Forms.”

4 Housing Quality Standards was renamed Minimum Housing Standards (MHS) in 2007.
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$168,000, with an average of $84,273 and a median of $83,000. The sales prices
ranged from $17,500 to $159,900, with an average of $81,931; this is lower than the
average appraised value, as MAP requires appraisal to be at or above sales price.
The average mortgage size was $73,734, and a typical MAP property was a three-
bedroom single-family house for a household of three to four.

All program participants were LMI households. From 1997 to 2006, 1,918 (46.9
percent) fell into an income range below 50 percent of area median income, 1,480
(36.2 percent) fell between 50 percent and 67 percent, and only 693 (17 percent) fell
between 68 percent and 80 percent. In terms of race and ethnicity, 2,413 (59 per-
cent) were Hispanic, 1,534 (37.5 percent) were African American, and 128 (3 percent)
were white. Approximately 29 percent of the households were headed by females,
30 percent by single parents, and 16 percent by single mothers.

Among the loans made from 1997 to 2006, 74.5 percent were FHA loans and 24.5
percent were conventional loans. Approximately 94 percent of the loans were
30-year, fixed-term loans. The mortgage interest rate on MAP properties ranged
from 4.63 percent to 11.99 percent, with mean and median both around 7 percent.
The front-end ratio of MAP loans, or the ratio derived by dividing housing expenses
by monthly gross income, was available in the database for 3,553 MAP participants,
with an average of 30 percent. Only seven (or 0.2 percent of) MAP participants have
a severe housing cost burden, spending 50 percent or more of income on housing.
While the city’s percentage of LMI households with severe housing cost burdens in
2000 was 23.1 percent, for those listed in the database, the average back-end ratio,
or the ratio derived by dividing total monthly debt by monthly gross income, was
36 percent.

Di, Ma, and Murdoch (2007) found that the mortgage default rate and foreclosure
rate of MAP were lower than that of subprime loans in Texas—the likely alternative
for LMI households. MAP loans also outperformed FHA loans in Texas. They
concluded that the overall impact on the individual participating households was
beneficial because it facilitated homeownership in LMI households with the accom-
panying gain in wealth, but without the financial risk that can come with home-
ownership. MAP households were not likely to purchase a house that was too
expensive in relation to their income.

IMPACTS OF MAP ON NEIGHBORHOODS

The benefits and costs of a program like Dallas MAP can extend beyond the individ-
ual participants into surrounding neighborhoods. MAP borrowers may provide pos-
itive external benefits to neighboring properties if they can successfully sustain
homeownership by preserving their home equity through keeping up the mainte-
nance of their homes and improving neighborhood conditions. However, MAP
makes homeownership accessible to an income group that, without the program,
would be unlikely to obtain affordable mortgages. Housing expenses may exhaust
their financial resources and leave them with no cushion in the event of a financial
crisis. To the extent that MAP properties cluster in specific neighborhoods, the pro-
gram has the potential to produce clusters of poverty—or at least reduced
incomes—in neighborhoods that might not otherwise have as many LMI families.
The myriad of potential social problems associated with concentrations of poverty
and lower levels of income (see, for example, Brooks-Gunn, Duncan, & Aber, 1997;
Jargowsky, 1997) could cause either a perceived or a real change in neighborhood
quality and, therefore, generate external costs on neighboring properties.
Community changes are highly correlated with changes in property values, and
numerous previous studies use housing sales prices or housing appraisals to meas-
ure changes in property values (see, for example, Ding & Knaap, 2003; Smith &
Hevener, 2005; Ezzet-Loftstrom & Murdoch, 2006). We choose home sales prices to
measure the neighborhood impact of MAP by comparing the changes in sales prices
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of homes with MAP properties nearby to sales of homes without MAP neighbors,
before and after the infusion of MAP—a DID approach at the individual home level.

Benchmark Hedonic Model

An appropriate neighborhood definition is critical to studying the impacts on
“neighbors.” Previous studies, such as Di, Ma, and Murdoch (2007), defined neigh-
borhoods using the U.S. census block groups to examine the impact of MAP.
Despite the convenient access to block group-level demographic information, the
census boundaries tend to define areas that are too large. For example, in our data,
the average block group contains over 100 sales. Other fixed geographies, such as
school attendance zones, are even larger. To make a more realistic definition of
neighborhood, we implement the “sliding” neighborhood approach (Dubin, 1992)
by drawing circles with radii of 1,000 feet around each home sale in the data set.’
These circles define the neighborhood boundaries for each observation. When mov-
ing from observation to observation, the neighborhood changes, or slides. This is a
more accurate way to define a neighborhood that is close to each property.

We formulate the treatment and comparison groups of neighborhoods based on
the distance to MAP properties. Consider a home sold in 2000. We define two areas
around MAP properties—within 1,000 feet and beyond 1,000 feet. The observation
must fall within one of three categories: comparison group, treatment group (before
treatment), or treatment group (post-treatment). If there were no MAP properties
within 1,000 feet of the sale at any time during the study period, the observation is
in the comparison group. If there were no MAP properties within 1,000 feet at the
time of the sale but one or more MAPs within 1,000 feet sometime after the sale (say,
a MAP home closed in 2002), the observation is in the treatment group, before treat-
ment. The sale falls in the post-treatment treatment group if there were one or more
MAP properties within 1,000 feet at the time of the sale. If MAP matters, we expect
to find that MAP properties within 1,000 feet have a greater impact on the sales
price than MAP properties beyond 1,000 feet as of the time of the sale. Setting up
the treatment and comparison groups with the sliding neighborhoods based on dis-
tance rather than census tracts or block group boundaries helps identify influences
of neighboring properties more precisely and reduce the unobserved confounding
effects in a large area.

For most social programs, the treatment or intervention is not randomly
assigned. Neighborhoods with no MAP participants may be affluent areas without
housing stock within the price range of MAP or, at the other extreme, so depressed
that they are unattractive to potential MAP participants due to a lack of housing that
passes the housing quality standards required by the program. We control for the
differences between the treatment and comparison groups by using a hedonic
model with numerous covariates.

We begin with an ordinary least squares (OLS) regression model to estimate the
impact of MAP:

log(Pricei) = ap + ,BX,‘ + &Z; + vT; + a1MAP; + aoPOSTMAP; + & (1)

In model (1), the dependent variable is the natural logarithm of the sales price. X;
is a vector of characteristics that are traditionally considered to influence the sales
price, such as living area, number of bathrooms, and condition of the house, while
Z; is a vector of census block group— and school district-level variables that help fur-
ther control for variation in the treatment and comparison groups. T; is a vector of
variables that control for price trends in the Dallas housing market (described

5 Results with various ring sizes are similar to those with 1,000 feet and are available upon request from
the authors.
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below). MAP; is a dummy variable indicating whether the house is ever within a
MAP neighborhood (that is, within 1,000 feet of MAP properties at the time of sale
or in the future) or in the treatment group. POSTMAP; is a dummy variable indicat-
ing whether the house is within a MAP neighborhood at the time of the sale or in
the treatment group, post-treatment. Controlling for general and local housing mar-
ket trends, a» measures the difference-in-differences (DID); a positive estimate of a
means that the existence of MAP properties in a neighborhood has a positive influ-
ence on the sales prices in that neighborhood. ¢; is the error term.

We use the MLS data on 95,148 single-family home sales within the city of Dallas
from 1993 to 2006 to estimate model (1). The data are geo-referenced and include
measurements on a wide array of characteristics. The hedonic model estimates
the impact of the location and timing of the sales of MAP properties on non-MAP
home sales only. Sales prices of MAP homes are excluded from the study.

In Equation (1), T; includes not only quarterly and annual dummy variables to
control for the general housing market trends, but also three lagged spatial average
prices to capture the neighborhood price trends. To see how these are calculated,
again consider a home (denoted by i) sold in 2000. We find the four nearest sales
in 1999 (denoted by j, where j = 1,2,3,4) and then calculate the spatially weighted
average of the log of sales prices. The weights are based on distance so that sales
within 1,000 feet get greater weights than those beyond 1,000 feet. In particular, we
first define w;; = 1 if the jth nearest sale in 1999 is within 1000 feet of i and w;; =
0.25 if it is beyond 1,000 feet. Next, we define wj; = wij/E;‘:lwij so that E;Llwfj X 1.
Then we compute the one-period lagged spatial average as LP_LAGI = 37 ) =
log(Price;). This procedure is repeated for the four sales from 1998 and 1997
(LP_LAG?2 and LP_LAG3) that are nearest to the ith sale in 2000. By applying this
approach we are able to create localized measures of the historical sales prices for
each observation in the data.® These measures vary across neighborhoods and may
differ from the overall annual and seasonal changes. Because it is possible that MAP
participants systematically identify homes in neighborhoods with relatively prom-
ising trends, by including the lagged spatial average of historical prices, we control
for these trends and, therefore, avoid attributing any preexisting local trend to the
impact of the MAP program.

Table 2 displays descriptions and summary statistics of the 95,148 property sales
data.” Even though the sample contains one home that was sold for $13,500,000,
the average home has a selling price of just $172,724, with 1,899 square feet of liv-
ing area and two bathrooms, is about 39.5 years old, and, probably, has central air
conditioning and is a single-story structure. Sales in each year account for approx-
imately 6 to 9 percent of the sample, except 2006, where the data only include sales
in the first two quarters.

Of the 95,148 sales, 46.9 percent fall within 1,000 feet of at least one MAP prop-
erty and 32.7 percent of the sales are homes within 1,000 feet of at least one exist-
ing MAP property; that is, they are in the treatment group and after treatment.
Moreover, 14.2 percent of the observations are in the treatment group before treat-
ment and 53.1 percent are in the comparison group.

Table 3 presents the results of estimating the benchmark OLS model with robust
standard errors. The set of variables in X includes the square footage of living area
(in hundreds), age of the home, number of bathrooms, a dummy variable denoting
the existence of a pool, number of fireplaces, a dummy variable denoting the exis-
tence of central air conditioning, dummy variables denoting the condition of the
home (from “fair” to “excellent,” with “poor” being the left-out category), and dummy
variables for two-story and more than two stories. The estimated coefficients on the

6 Note that by including the lagged values, we lose three years of observations and end up with 95,148
total observations, as stated above.
7 More detailed summary statistics are available from the authors upon request.
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Variable Description Mean  Minimum  Maximum

PRICE Selling price 172,724 1000 13,500,000

LPRICE Natural logarithm of PRICE 11.675 6.908 16.418

LIVAREA Square feet of living area 1,899 358 32,153

AGE Age of the house in years 39.5 0 103

BATHS Number of bathrooms 2.056 0 10

POOL Existence of a pool 0.137 0 1

FIREPLACE Number of fireplaces 0.710 0 10

CENTRALAIR Existence of central air conditioning  0.838 0 1

FAIR In fair condition 0.092 0 1

GOOD In good condition 0.254 0 1

VERY GOOD In very good condition 0.188 0 1

EXCELLENT In excellent condition 0.153 0 1

STORIES?2 Two stories 0.094 0 1

STORIES3 Three stories 0.065 0 1

LP_LAGI Spatial average of the natural log of  11.620 7.966 14.983
sales prices in the previous year

LP LAG2 Spatial average of the natural log 11.571 7.469 14.927
of sales prices two years ago

LP_LAG3 Spatial average of the natural log 11.526 7.469 14.944
of sales prices three years ago

QUARTERI Sold in first quarter 0.233 0 1

QUARTER2 Sold in second quarter 0.287 0 1

QUARTER3 Sold in third quarter 0.254 0 1

SALES Number of homes sold within 8.516 0 66
1,000 feet of this home this year

MAP Home within 1,000 feet of any MAP 0.469 0 1

POSTMAP Home within 1,000 feet of any 0.327 0 1
MAP—sold after MAP

MAP_1 Home within 1,000 feet of just 1 MAP  0.172 0 1

POSTMAP_1 Home within 1,000 feet of just 1 0.098 0 1
MAP—sold after MAP

MAP 2 Home within 1,000 feet of just 2 MAP  0.059 0 1

POSTMAP_2 Home within 1,000 feet of just 0.059 0 1
2 MAP—sold after MAP

MAP_3_4 Home within 1,000 feet of just 3 0.084 0 1
or 4 MAP

POSTMAP_3_4  Home within 1,000 feet of just 3 or 0.080 0 1
4 MAP—sold after MAP

MAP_5_9 Home within 1,000 feet of 5-9 MAP 0.100 0 1

POSTMAP_5_9 Home within 1,000 feet of 0.089 0 1
5-9 MAP—sold after MAP

MAP_10 Home within 1,000 feet of 10 0.054 0 1
or more MAP

POSTMAP_10 Home within 1,000 feet of 10 0.045 0 1
or more MAP—sold after MAP

MINORITY Proportion of population 0.322 0.004 1

minority in block group

structural variables imply, for example, that the marginal value of 100 square feet of
living area, a bathroom, a pool, and a fireplace are approximately 2.2 percent, 1.9 per-
cent, 5.6 percent, and 4.5 percent of the sales price, respectively. Older homes and
those in better condition also command higher values.

We also include independent school district dummy variables that serve the city
of Dallas as well as the percent of the minority population in the block group in

Journal of Policy Analysis and Management DOI: 10.1002/pam
Published on behalf of the Association for Public Policy Analysis and Management



690 / Neighborhood Impacts of a Mortgage Assistance Program

Table 3. Benchmark estimates of MAP impacts on neighborhood property values.

Dependent Variable: Log (Sales Price)

Variable Estimate Variable Estimate
LIVAREA 0.0216%** Y1994 0.0498%**
(0.000529) (0.00543)
AGE 0.00225%** Y1995 0.115%%*
(7.74e-05) (0.00556)
BATHS 0.0191%** Y1996 0.124%%*
(0.00329) (0.00531)
POOL 0.0555%** Y1997 0.132%%*
(0.00307) (0.00517)
FIREPLACE 0.0448*** Y1998 0.181%**
(0.00249) (0.00505)
CENTRALAIR 0.151%** Y1999 0.225%%*
(0.00350) (0.00522)
FAIR 0.219%** Y2000 0.2817%**
(0.00903) (0.00526)
AVERAGE 0.353%** Y2001 0.297%**
(0.00841) (0.00545)
GOOD 0.422%%* Y2002 0.303%**
(0.00837) (0.00561)
VERYGOOD 0.494%** Y2003 0.285%**
(0.00840) (0.00584)
EXCELLENT 0.572%** Y2004 0.228%**
(0.00860) (0.00592)
STORIES2 0.0122%** Y2005 0.2577*%*
(0.00374) (0.00561)
STORIES3 0.0900%** Y2006 0.3407%**
(0.00525) (0.00739)
MINORITY —0.178%** QUARTERI —0.0465%**
(0.00540) (0.00282)
ISD2 —0.159%** QUARTER?2 —0.00456*
(0.0138) (0.00255)
ISD3 —0.217%** QUARTER3 —0.000429
(0.0163) (0.00256)
1SD4 0.0589 LOG(P_LAGI) 0.265%**
(0.0431) (0.00566)
ISD6 —0.0651 LOG(P_LAG2) 0.2007%**
(0.0632) (0.00552)
ISD7 —0.216%** LOG(P_LAG3) 0.132%%*
(0.0481) (0.00527)
ISD8 —0.276%** SALES 0.00587***
(0.0300) (0.000168)
ISD9 —0.142* MAP —0.0910%**
(0.0837) (0.00502)
ISD12 —0.279%** POSTMAP 0.00962**
(0.0139) (0.00436)
Constant 3.583%** Observations 95,148
(0.0606) R-squared 0.896

Robust standard errors in parentheses.
*Significant at 10 percent; **significant at 5 percent; ***significant at 1 percent.

1990. The coefficients on the school district dummies are generally significant and
vary substantially. The block group-level measure MINORITY is negative and sig-
nificant, implying that neighborhoods with a higher percentage of minority popu-
lation are associated with lower housing prices.
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As noted above, we control for the housing market trends with annual and quar-
terly dummy variables and the spatial averages of nearby home sales prices in the
previous 3 years. The estimates on the annual dummies show the overall housing
appreciation trend in Dallas. Controlling for the number of home sales within 1,000
feet in the year of sale, prices went up 5 to 7 percent in 1994 and 1995 (1993 is the
left-out year), slowed substantially in 1996 and 1997, then went up through 2002,
followed by decreases in the next couple of years, with a return upward in 2005. The
variation in sales prices is significantly influenced by prices of nearby sales in pre-
vious years. All the coefficients on lagged sale prices based on the average of the
four nearest sales in the previous years are positive and statistically significant. For
example, for every percent increase in the average price of nearby home sales in the
previous year, the home price would have appreciated 0.27 percent, other things
equal. Not surprisingly, the influences of the second and third year lags are corre-
spondingly smaller.

The main coefficients of interest are those on the variables MAP and POSTMAP.
The estimate of coefficient on MAP is negative and statistically significant, which
indicates that all else equal, the homes within 1,000 feet of future MAP properties
were sold for approximately 9 percent less than similar homes that were more than
1,000 feet from future MAPs even before MAP participants move in. That is, MAP
properties tend to appear in areas with relatively low property values. As noted
above, this is because MAP participants are limited by income and therefore lower-
cost housing options.

The DID estimate of the coefficient on POSTMAP, however, is positive and statis-
tically significant, indicating that houses near existing MAP properties are sold at
higher prices than houses without MAP nearby, all else equal. The prices of homes
that sell within 1,000 feet of existing MAP properties are approximately 8 percent
(—9 percent + 1 percent) less than similar homes that are more than 1,000 feet from
MAP. The results from the benchmark model suggest that MAP has positive
spillover effects on the neighborhood property values.

Spatial Model

Housing sales prices are not only affected by the features of the house and histori-
cal market trends, but also by the sales prices in the neighborhood at the time of
the sale. When negotiating prices, people tend to form judgments about whether a
price is too high or too low for the neighborhood by looking at the transactions of
their nearest neighbors. Homebuyers may also choose neighbors who are similar to
them and make similar decisions on housing. In the benchmark model, even though
we control for preexisting neighborhood housing market trends and number of
sales in the same year, we do not specify the possible similarities of the proximate
sales in the same year. The results could be confounded by the similarities if they
are also correlated with MAP. For example, homes can be sold higher or lower sim-
ply because of the transactions being handled by certain realtors that are familiar
with MAP neighborhoods; or it is possible that MAP participants choose to live with
neighbors of certain characteristics that are likely to affect neighborhood quality in
a similar way. If we ignore these potential influences, we might mistakenly attrib-
ute them to the impact of MAP.

Convenient approaches to this problem would be to augment model (1) with either
census block group dummies or a random effect for each block group. However,
including block group fixed effects may mistakenly specify the variation across block
groups and mask the variation within block groups, as we noted in Table 2.8 Estimat-
ing model (1) with random effects at the block group level generates similar results,

8 Estimating Equation (1) with block group fixed effects did not alter the direction of the impacts of MAP,
and the precision is slightly decreased, although the estimates are still statistically significant.
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but a post-estimation Hausman-type test indicates a rejection of the assumptions
that the random effects are uncorrelated with the explanatory variables. Therefore,
a random effects model is not a good choice either.

To address the concern about unobserved neighborhood attributes, we explicitly
model the spatial correlation of sales prices in a neighborhood by allowing the
errors at one home sale to be dependent on the errors at neighboring sales. The spa-
tial error model (SEM) is:

log(Pricei) =ao t+ BX: + &Z; + vT; + aitMAP; + aco,POSTMAP; + )\E{wfjsii-i- b, (2)

In model (2), the error term ¢; is the spatially auto-correlated error term and A is
the coefficient for the spatial autocorrelation. ¢; is the identically distributed error
independent of g;. Instead of defining neighbors as those in the same block group
that is relatively large and rather arbitrary, we follow the spatial econometrics tra-
dition (Anselin, 1988) to specify neighbors with a spatial weights matrix (W) in
much smaller neighborhoods. Each element in W, w}, gives the strength of the influ-
ence between observation i and observation j. If the weight is greater than 0, the two
observations are neighbors.

This approach is substantially different from that implied by fixed or random
effects models at the block group level. In both the fixed and random effects mod-
els, all observations within the block group are neighbors with each other and all of
the neighbors are given the same weight. While the average number of neighbors in
our data using the block group definition is slightly more than 100, our spatial
model allows for only four neighbors, and those that are farther away get lower
weight, so it is much more parsimonious and intuitively realistic given that real
estate valuations, all else equal, tend to give the most weight to the nearest transac-
tions.

There are various methods to specify the weights matrix. As we did above, we
again use a nearest-neighbor algorithm to define the neighbors. For each observa-
tion, we first find the four nearest neighbors. Then, for the nearest neighbors within
1,000 feet, wi; = 1, and for the nearest neighbors beyond 1,000 feet, w;; = 0.25. For
all other pairs of observations that are not nearest neighbors, w;; = 0. The W matrix
is 95,148 by 95,148 of wj;, where the s superscript denotes that the weights have
been standardized by dividing by E,‘Ll Wi

This algorithm has three advantages. First, it reflects the way real estate markets
operate. In real transactions, sales prices are largely influenced by “comparable
sales” of the nearest neighbors. Second, the algorithm gives the most weight to
observations within the neighborhoods that are in the treatment group. Thus, it
helps control for unobserved local factors that homebuyers seek. Third, it produces
a sparse weight matrix, thereby facilitating manipulation and estimation.’

A slight complication in our application is that we have 14 years of data. Obser-
vations from different time periods are not allowed to be neighbors of each other.
Thus, we apply the nearest-neighbor algorithm year by year, and the final W matrix
is block diagonal with the individual years’ weights on the diagonal blocks and
zeros in the rest of the elements.

The second column in Table 4 shows the estimates of the key variables from Table 3
in the OLS regression model with robust standard errors. The third column displays
the results for the key variables after correction for spatial correlation by model
(2).19 The SEM estimates of the coefficients on MAP and POSTMAP have the same
signs and significance and magnitude similar to those of the OLS. All else equal,
the homes within 1,000 feet of future MAP properties were sold for approximately

 The matrix is sparse in the sense that most of the entries are zero. Each row has only four nonzero ele-
ments associated with that observation’s neighbor. This sparsity makes it possible to use more efficient
computer algorithms than those that rely on dense matrix routines.

10 Regression reported in Table 4 and Table 3 includes the same set of variables in X, Z, and T.
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Table 4. MAP impact on sales prices for alternative specifications.

Dependent Variable: Log (Sales Price)

Variable OLS SEM-4 OLS SEM-4
MAP —0.0910%** —0.1227%**
(0.00502) (0.00476)
POSTMAP 0.00962** 0.0133%%*
(0.00436) (0.00363)
MAP_1 —0.0919%** —0.12127%%*
(0.00512) (0.00438)
MAP 2 —0.0865%** —0.1163%**
(0.0101) (0.0093)
MAP_3_4 —0.0781%%* —0.1094%%*
(0.00935) (0.0088)
MAP_5_10 —0.0873%x* —0.1205%**
(0.00908) (0.0089)
MAP_10 —0.101*** —0.1250%**
(0.0114) (0.0116)
POSTMAP_1 0.0208%** 0.0220%**
(0.00510) (0.0042)
POSTMAP_2 0.0156 0.0160*
(0.00964) (0.0085)
POSTMAP_3_4 —0.00463 0.0012
(0.00904) (0.0083)
POSTMAP_5_9 —0.00322 —0.0015
(0.00889) (0.0086)
POSTMAP_10 —-0.0189 —0.0249%**
(0.0115) (0.0116)
LAMBDA 0.4120%** 0.4069%**
(0.000) (0.001)
Constant 3.679%%* 4.3496%** 3.698%** 4.3573 %%
(0.0472) (0.000) (0.0474) (0.000)
Observations 95,148 95,148 95,148 95,148
R-squared 0.896 0.91 0.897 0.912

Robust standard errors in parentheses for OLS, standard errors in parentheses for SEM-4.
*Significant at 10 percent; **significant at 5 percent; ***significant at 1 percent.

12.3 percent less than similar homes that were more than 1,000 feet from future
MAPs even before MAP participants moved in. The prices of homes that were sold
within 1,000 feet of existing MAP properties are approximately 10.9 percent (—12.2
percent + 1.3 percent) less than similar homes that were more than 1,000 feet from
MAP. The estimate of LAMBDA is also statistically significant, indicating the pres-
ence of spatial autocorrelation and the existence of unobserved neighborhood fac-
tors. The estimate of MAP impact is around 1 percent with both the OLS and the
SEM. This implies that the spatial model helps address the unobserved neighbor-
hood attributes that lead to the correlation among nearby homes, but the correla-
tion is not necessarily related to MAP infusion.

Variation of Treatment Levels

So far, we have only tested whether property values are affected by the existence of
MAP in the neighborhood by including dummy variables that indicate the proxim-
ity and timing of the sales relative to MAP sales. We do not know whether the
impact is caused by one MAP property or several. A natural approach to measuring
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the impact of every additional MAP property infusion is to include the number of
MAP properties in the neighborhood and assume that the marginal impact of MAP
is constant in a linear specification. However, MAP infusion took place over 14
years of time. Replacing POSTMAP with the total number of existing MAPs in the
ring would only compare homes sold with various numbers of MAPs in the neigh-
borhood with homes sold without any MAPs in the neighborhood. There is a lack
of comparison of pretreatment groups for deriving marginal impacts of MAP at dif-
ferent levels.

To find out the marginal effects, we divide the sample into mutually exclusive
treatment groups and comparison groups for five levels of MAP concentration by
constructing additional dummy variables as follows: MAP_1 (equals 1 if there is
only 1 MAP property within 1,000 feet), POSTMAP_I (equals 1 if there is only 1
MAP property and the sale is after the occurrence of the MAP), MAP_2 (equals 1 if
there are two MAP properties within 1,000 feet of the sale), and POSTMAP_2
(equals 1 if there are just two MAP properties within 1,000 feet and the sale is after
the occurrence of the two MAP properties). Similarly, we use MAP_3_4,
POSTMAP_3_4, MAP_5_9, POSTMAP_5_9, MAP_10, and POSTMAP_10 to denote
treatments of three or four, five to nine, and ten or more MAP properties. This spec-
ification helps identify the incremental effects of MAP on the neighborhoods.

If the neighborhoods ended up having more than one MAP property, the pretreat-
ment sales are grouped into the pretreatment group for the highest level of MAP.
This procedure of constructing the pretreatment group avoids using the same sales
multiple times for different levels of MAP. The comparisons of sales prices are
between homes with existing MAP properties with pretreatment sales in neighbor-
hoods with up to the same number of MAP properties. However, it reduced the
numbers of the pretreatment sales at lower levels. As Table 2 shows, 53.1 percent of
the sales are in the comparison group and 17.2 percent of the observations are ever
within 1,000 feet of just one MAP property (MAP_1 = 1), while 9.8 percent of the
sample is within 1,000 feet of an existing MAP property (MAP_I = 1 and
POSTMAP_I = 1). The pretreatment groups contain 659, 1,011, 1,349, and 786
observations for the treatment of two, three to four, five to nine, and ten or more
MAP properties, respectively. Correspondingly, the post-treatment groups contain
4,978, 6,996, 8,177, and 4,316 observations.

The results of the OLS model with robust standard errors and the SEM model for
various levels of MAP are reported in the fourth column of Table 4. As in the sim-
ple model of treatment presented in Table 3, the pretreatment MAP areas (MAP_1,
MAP_2, etc.) still display relatively low conditional mean prices. The coefficients on
the MAP dummies range from —0.109 to —0.125 in the SEM model, and all of them
are significant at conventional levels. Both the OLS and SEM coefficient estimates
are positive and significant on POSTMAP_I, and the SEM estimates are slightly big-
ger. For POSTMAP_2, the OLS estimate is not significant but the SEM estimate is
marginally significant and positive. The remaining POSTMAP estimates are not sig-
nificantly different from zero except the SEM estimate on POSTMAP_10, which is
negative and significant. These results suggest that scattered MAP properties do no
damage to neighborhood property values and may even be beneficial, but as con-
centrations rise beyond nine within 1,000 feet, or a density of approximately 78 per
square mile, we have some evidence from the SEM that home values fall.

The main threat to causal inference in our study is the possibility that the appear-
ance of MAP properties is correlated with some unobserved determinant of housing
prices. For example, new community development and crime prevention efforts
would both raise property values and attract MAP participants. If so, then the coef-
ficient estimates on POSTMAP would include the impact of the unobservable deter-
minant. We discount this possibility for a couple of reasons. First, the inclusion of
the lagged spatial averages of selling prices and the number of sales would have
picked up anything that makes local housing sales systematically deviate from overall
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trends and helps identify the influence of MAP. Any new development initiative
would move local housing prices in a positive direction relative to the overall trends.
But after controlling for the local trends, the influence of the initiative should not
confound the MAP impact. We see this in the variable treatment findings. The con-
centrations of MAP reverse the positive spillover effects of scattered MAPs on the
neighborhood, which seems unlikely if the results are driven by an unmeasured local
initiative. Second, any unobservables that are uncorrelated with the local trends in
home sales prices would confound the interpretation only if they systematically
coincide with MAP appearance. Considering that approximately 5,000 MAP proper-
ties appeared in 485 census block groups over a 16-year period, such a coincidence
is unlikely. Third, according to Dallas MAP administrators, the MAP program does
not drive the location decisions of participants. Rather, participants work with real-
tors and lenders to identify properties and then apply for the subsidy. In other words,
there does not appear to be a mechanism to cause MAP participants to locate in
places that are any different than non-MAP participants. Certainly, without experi-
mental control of the MAP program—such as randomization—we cannot formally
eliminate the possibility of a confounding factor.!' However, the spatial and tempo-
ral corrections along with anecdotes supported by the program administrators
greatly reduce the likelihood of misinterpreting the findings.

DISCUSSION

Realization of homeownership benefits is neither automatic nor immediate after
purchase. As more and more LMI households gain access to homeownership oppor-
tunities through a variety of innovative public or private home-financing products,
many challenges arise. Borrowers who can barely afford mortgages are not likely to
maintain their homes well, which may cause the decline of nearby property values.
In recent years, foreclosures associated with the subprime mortgage fallout have
been costly for almost all parties, especially neighbors of foreclosed homes. MAP
properties do not have unusually high foreclosure rates; hence it is possibly worth-
while to consider augmenting such programs in the wake of the recent financial
meltdown. Our analysis suggests that such an expansion may not harm nearby
properties unless subsidized properties concentrate at rates greater than nine
homes within 1,000 feet away or 78 per square mile. Moreover, when there are only
a few MAP properties in the neighborhood, the spillover effects can be positive.

Many perceived homeownership benefits are associated with mixed-income
neighborhoods, wherein residents experience a safe and diverse environment, bet-
ter services and amenities, and upward mobility, especially for youth. Unlike the
LMI renters in most public housing programs, participants in down payment assis-
tance programs have more flexibility in choosing their home’s location and are dis-
tributed in a more scattered pattern. With lower housing cost burden, they are more
likely to benefit from homeownership, even though the majority of MAP partici-
pants still reside in LMI census tracts where the affordable units are available. Their
successful homeownership would also benefit the neighborhoods in which they
choose to locate. Our results show that as long as subsidized properties do not clus-
ter in high density, these homeownership benefits will not be offset by negative spa-
tial externalities.

WENHUA DI is a Senior Economist with the Federal Reserve Bank of Dallas.
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11 See Hollister (2008), Nathan (2008), and the related discussion in Volumes 27(3) and 28(1) of the Jour-
nal of Policy Analysis and Management.
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