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J.S. Cramer, Econometric applications of Maximum Likelihood methods,
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SUMMARY

Housing hedonic studies typically éssume that individuals or households are
similar enough to aggregate into a single demand equation for analysis, typically relying -
on 'o;dinary least squares‘(OLS) 'ci).r sérﬁé other single-line equation estimator. In these
models,.heterogeneit-y itself is managed by noh-spheriéal disturbancle corrections,
typically spéti:ai' _ahtoconé}ation or l;eteros_kedas'ticity in the single-line OLS estimate.
‘This paper tests whether households in the same néighborhood can be theoretically and
empirically treated as a singlé “type” or if households can be sorted into more than one
“type.”. va the latter, then a single equation estimate may not be the most appropriate
technique for a hedonic fnodel that structur&lly accounts for household diversity. My
techniqﬁe, the seemingly unreléted regression (SUR) model, allows for more than one
demand curve to represent housing demand and allowé several “types” to compete over a
fixed housing stock ina given residential neighborhood. As such, the SUR is the
empirical translation of a theory that different household “types” can coexist in the same
neighborhood. The results suggest the existence of multiple hedonic price surfaces in a
single neighborhoood; and that the method developed here should be considered by
professional city planners as one that should shape their often idealistic plans to

incorporate the intricacies of the local real estate market.



CHAPTER 1

URBAN ECONOMICS MODELS

1.1 Overview

Just as the exurban “white flight” movement ofl predominantly white people
occurred in the 1960s and ’197(.)s, the 19905 ushefed ina ﬁew physical movement of
residential and commercial infrastructure to the céntral city. While still underdeveloped
in many cases, urban areas are being reborn as new ccoﬁomic incentives encourage in-
town developments. The challenges that face plannefs and economists inclﬁde the
structuring'of incentives in such a way as to invite developers to enhance eXisting
infrastructure; what hinders this process are laws, investor intransigence, the challeng'és
of planning for one scale using data appropriate for another scale, and the ignorance of |
basic microeconomic theory. As these in-town developmenfs dccur, the urban landscape
changes, meaning the kinds of persons attracted to the area will also change. Households

will move into urban areas, for example, if they prefer urban cultural amenities and

relaxations of their commuting times [Roback (1982), Cohen (1990)]. Current residents
will stay or move depending‘ on their levels of satisfaction With these urban
infrastructures; their degreé of tolerance for new, often transient, ne_ighbors;. their
tolerance for certain levels of crime; and their desires for lcertain kinds of lifestyles. The
~model presented here seeks to find patterns in households’ preferences for certain local
features, such as their desires to be near public transportation and/or green space. Using
this model, one can reasonably predict the impact on neighbors’ dwellings’ sales prices if

a particular land parcel is designated for a particular use (i.e. a vacant parcel converted to



open space) and if the neighborhood is assumed to remain static (i.e. no households move
from or into the neighborhood).  Also, one can forecast the ‘ftypef’_of household most
likely to move into, say, a vacant house, in this neighborhood based on the dwelling

characteristics most preferred by households of certain characteristics.

1.2 Neighborhood Land Uses
The household location decision involves nurherous choices made
simultaneously. These choices include the household’s distance to work, distances to
shopping and recreatidn opportunities, and distances to other kinds of households. "A
household is usually assumed to consider any externalities that may affect its quality of
life at its pafticular Iocation, although the time that it takes these households to fully
realize the price response to these externalities varies. In one example, Kiel and McClain
(1995) find evidence that rumors of the siting of an incinerator caused a price response in
the local housing market, followed by another price respbnse at the groundbreaking. So,
while the time that it takes for a household to respond to local externalities varies
depending on the information available, if the land use particulars of nearby parcels
negatively affect the household, then these negative externalities (smog, foul odors from
water treatment plants, excessive noise from highways, and other factors that make the
par(;el less attractive to buyers) will cause the household to have a lower willinghess to
- pay for its dwelling, all else held constant. Conversely, other externalities (such as being
close to opén spaces, retail and commercial areas, improved access to.public services, and
environmental amenities), if perceived to be positive, will have an upward effect on the

selling prices of these houses. In other words, externalities, both positive and negative,



are reflected in the actual sales price that a household pays for a particular dwelling once
they are intemalized by each household. For policy analysts and local government
officials, this »is very importarrt information to know about aheighborhoOd as it provides
insight into the local tax base (which determines to a certain extent the funding potential
of local governments’ activities), the local amenities preferred by households (which a]so

_influences the local tax base),” and how these preferences provide the foundation for
targeted neighhorhood redevelopment.

In this sturly, information on household preferences is collected from a cross-
section survey of the Home Park neighborhood in Atlanta, Georgta, which will be
described in more detail at the end of this chapter. The problem with cross-sectional data
is that any generalized statement of household preferences of the neighborhood becomes
out-of-date as parcels change from one land use designation to another or as different
households move into the neighborhood. Cross-sectional data permits one to draw
conclusions about the current households in the neighborhood only as extrapolations to
other neighborhoods are not appropriate. When neighborhootl planners and economists
try to create “ideal;’ neighborhoods qsing the information provided by households,
rncremental land use changes in the Lindblom (1959) tradition most likely will not
accomplish the neighborh_ood’s economic and_ livability goals (Farmer 2003). To
effectively push a neighborhood toward its optimal *“‘sustainable” end, several key parcels
and their most appropriate land use designations should be identified and marketed

toward investors who will develop those sites in accordance with the wishes of local



résidents, city planner.s, and -local government ofﬁcial}s.1 Key first investments may
include designating open space parcels or locating well-stocked groceries, so private
owners will not insist upon constructing houses on these lots. First investors must have |
~ assurances (contractual or verbal agreements) that their neighbors will reihvest in their
own parcels in cohformity with the neighborhood’s long-range master plan. Otherwise,
first investors’ actions‘ will_ go unmatched by current residents, thus not creating the
maximum beﬁeﬁts for the neigﬁborhood.
As. an exarhple, if my next-door neighbor adds $10,000 of economic value to her -
house with the construction of an additional bedroom and full bath, the selling price of
my house (and others) is likely«tq incrga_ase -'di;e to‘ the,across-parcei impacts of land use
attributes and dwelling features. A second example would be the increasé in my sales
price due to the fact that my across-the-street neighbor has ~a well-manicured garden that
provides me joy as I leave my house to .work. In both examples, even though my
neighbor adds economic value to her house, she ;ﬂso""“loses” in the sense that her
proximal and surrounding neighbors are reaping benefits from the added value of her
‘house without necessarily ad&ing value themselves.:
Other types of housing externalities that are important to understand are those that
involve the 'competition for space. Externality intensive land uses, or those that strongly
impact the prices of other parcels, such as open space or key commercial sites, may be

“outbid” by less economically valuable uses such as multi-family residential housing if "

! From a policy design context, this sounds more like an incrementalist approach in the style of DeLeon
(1992), who warns that incrementalism in its original conception does not have the requirement of a clear
vision and statement of policy purpose. . v
2 While many economists would agree that housing is not a “zero-sum game”, the homeowner adding value
to her dwelling increases the sales prices of “nearby” dwellings (a positive externality). The reciprocation



the owners cannot capture the residual rents attributed to their parcel néighborhood-
wide.? In other words, if landowners canndt capture the rents from their parcel, they will
be less inclined to zone that land for uses (such as open space) that bring more benefit to
others than to themselves.

However, the competition for space does not necessarily suggest a cdordination
problem among investors. A self-interested investor, whose goal is to maximize profits
from the development and sale of a particular parcel, may choose to develop a property
without consulting the local neighborhood association. The potential problems with this
scenario include a lack of neighborhood support for the projeét and the development’s
lack of “assimilation” into the neighborhood. On the other hand, an investor with a long-
range vision that conforms to the visions of the neighborhood most likely will avoid the
problems faced by the self-interested investor; this means that the coordination of
investors whp might be intransigeﬁt,‘but have the start-up capital to locate grocerieé and
open spaces to areas that will 'pcrmit the capture of rents, is contingent. upon assurances
by neighbors that all will develop .their parcéls according to an agreed upon master plan,
which accounts for “the spatial dimension of _coor'dihated simultaneous investment”
(Farmer 2003). Neighborhood aéchiat_ioﬁs m conjunction with urban planners and other
economists can address these two concems and coofdin:éte first investments to jump-start

the envisioned neighborhood revital:ization process. *

(other households making home improvements that increase the sales prices of other “nearby” dwellings)
may not occur necessarily.
3 The hedonic model in Chapter 3 will determme the marginal prices of being near these open spaces,
brown industries, and commercial sites so one can see if externality intensive land uses are indeed outbid
by less intensive uses.

4 Overcoming investor intransigence (stubbornness or inflexibility) is not the focus of this research. But, it
is a phenomenon that must be overcome for neighborhoods to be redeveloped according to their master
plans.



Two implications arise from these reVitaliZation efforts. First, any‘ attempt to
redevelop an existing urban area should consider the current state and demographic
composition of the neighborhood, chrren_t land ﬁseé andclawsil, and an efficient way to
achieve simultaneously the goals of plannérs, economists, local government officials, and
néighbdrhood residehts. Second, in situ land uses cannot rise to their highest and “best”
uses .in isolation; the crqsslex»ternal_ities associated with various types of land uses and
various types of neighbors are impoftant féctors that contribute to the overail value of the
parcel of interest. ‘This suggests that tﬁe coordination of investors in a systematic way no
longer reinforces the land uses that impose negative externalities on neighboring parcels,
but fulfills the (homeowners’) goal to maximize total eco'nomic real estate vaﬂue
(aggregated selling prices) in an area by seizing gains from the positive extemalities

associated with the correct mix of land uses.

1.3 Reinvestment Obstacles

The biggest obstacles to reinvesting in the built city (and to achieving the correct
mix of land uses) are the ﬁxed cdsts of ;einyestment (i.e. capital outlays), traffic _and
population congestion, air andn01se pollution,othér :‘cc;)ntribution.s to quality of life
checking the benefits of urbaﬁ agglidmciafa:t;ion (Tol‘leyb 1974), the diverse characteristics of
an area’s residents, and investéfsi’ féé:rs:‘:that over-improved islands of development are
inconsistent with sustained growth planning schemes'(Farmer'2003). . These obstacles
have theA potential to dissuade résidénts and investors from supporting the land use
features thét may be “best” for thé mty For-example, a city may want to encourage more

open space and reduce ambient particulate matter, but current public policy dictates that



more monies be used for other services such as reducing the commuting costs of

congestion.’

This occurs because politicians and transportation authprities continue to
succumb to commuters’ desires f.or'more roads instéa;d of .ﬁsing these moniés to make
urban areas more livable or to enhance the city’s capacity for mass transit opportunities
(Ibid.). The decisions of these key policymakers have.caused “pﬂcing errors of the past
[to be] cast in brick and asphalt, [resulting in policies that] are very expensive and have
limited effectiveness” (Anas, Arnott, and Small 1998, p. 1457). Instead, if these key
policymakers had used road monies to redevelop the cgntrai city to include additional
green space, parks, passenger friendly mass transit, and other family friendly
infrastructure, suburban families would perceive an even greater advantage to living in
the central city, the result of which would be households willing to move to the urban
core. But, given the past decisions of policymakers, it seems that the use of federal and
state transportation funds to revitalize urban areas (and not road.s) is impossible, meaning

that some other fundraising method must be utilized to transform key parcels to a land

use that is consistent with the neighborhood’s long run master plan.6

Another problem that compllicates- the issues presented here is that all urban |
residents are different. Paul Samuélsion' (19545 étgﬁed that perfect househéld preference
revelation would occur only in'p‘rivate co@petifivé markets where consumers’ choices are
observed. Then, Tiebout (1956) suggested in contrast to Samuelson that households sort

‘into different homogeneous jurisdictions within a city in a “self-organization” process, a

5 The 2001 Urban Mobility Study conducted by the Texas Transportation Institute concludes that
metropolitan Atlanta commuters were stuck in traffic a total of 152.5 million hours in 1999, which costs
businesses and commuters approximately $2.62 billion in lost wages, lost time, vehicle depreciation, and
other commuting costs.



pfocess in which consumers reveal their true preferences for locally provided goods if an
infinite number of jurisdictions is available. Even if Tiebout’s assertion, thatb_a theoretical
and conceptual solution for the preference revelation problem exists, is correct, each |
resident’s motivation for locating to a certain neighborhood or community is different.
Some households choose to live in a particular juﬁsdiction because it has a nice view of
the city skyline, or because it is close to the household'members’ workplaces. At a more
disaggregate level, other households choose to live in a particular dwelling for itsblargev 7-
yard and/or bay window that affords them a view of the trees and street.

Despite the fact that householvds are different iﬁ multiple dimensions and choose
particular neighborhoods for different reasons, some dimensions might be similar enough
to generalize to different classes of households. For example, Glaeser, Kahn, and
Rappaport (1997) found that the rich and poof alike favor improvements in urban
transportation. One of the benefits of improved urban transportation is lower auto
emissions as a result of smarter intra-city logistics planning (bus and rail route
coordination). Simultaneously, some other benefits of improved urban transportation
planning may accrue to households with particular income levels. Kahn (1996) sayé that
the attraction of higher income in’-ihigfﬁhts (through improved transportation planning)
supports the decline of urban maﬁufa(;turing and the rise of environmentally frigndly
services through taxes and supp'c;rt of local "SericéS. " In a sense, higherv income
| households can support lowerv iniconie househblds (i.e. blue-collar workers) if the
transportation infrastructure aﬁd-avzjlilable amenities ére conducive to the needs of higher

income in-migrants.

¢ A key role that neighborhood associations could play is that of a neighborhood “bank.” Responsibilities



- Since these intra-city logistics improvements are tied to the deve}oping pattern of
real estate over a landscape, ene can argue that a “significant portion of congestion
pressures in many cities can be eased at the margin by unleashing self-interested

reinvestment activity rather | than by sponsoring capital intensive projects to allay
pollution and traffic pressures” (Farmer, Reiss, aﬁd Ditto 2000). This suggests that the
key to neighborhood transformations and urban livability is the use of economic
incentives to foster reinvestment activity among investors, developers, and area residents
instead of pouring. additional monies into more roads. Even Richard Moe, president of
the National Trust for Historic Preservatibn; and other Georgia historic preservationists
and economic developers agree that revitalizfng neighborhoods is key to curbing urban
sprawl, impreving quality -of 1ife, and reducing gridlo'cked highways (Minor 2002).
These reinvestment activities vw.ill 1) attract new residents that most prefer to reside in
these urban areas and 2) at the margin felieve traffic congestion, pollution, and support
start-up revitalization efforts of former urban manufacturing areas. What this means for
loeal policymakers is that a robust estimate of the economie impact of these acti;'ities is
needed. This paper' provides a way in which the implicit economic value. of certain
amenities for different classes of households within a single residential neighborhood can
be estimated. Then these estimates can be used to evaluate fhe change in the aggregate
sales prices of the houses in the neighborhood when a certain kind of change is made to

the local landscape.

could include having a revolving low-interest loan fund for fagade improvements, landscaping, and others.



1.4 Land Use Models

Revitalizing the ﬁrban lahdscape in accordance with consumers’ preferences is a
lofty goal, espgcially given the heterogeneity of consumers’ preferences. Clark et al.
(2002) argue that “a residential population of young professioﬁals with more education
and fewer children creates a social profile geared toward recreation and‘ consumption
‘concerns,” which values highly “a cultural center offering diverse, sophisticated and
cosmopolitan entertainment lacking elsewhere” (p. 500). Similarly, recént findings show
that cities with mdre gay men tend to have certain types of amenities than other cities,
and those amenities and gay men are some of the “strongest predictors of high-
technology job growth” (Black et al. 2002 and Florida 2002, quoted in Clark et al. 2002).
So, one can see the possibility that distinct types of citizens respond to distinct economic
development strategies in a givén area. - In other words, a well devised economic
development strategy can fail if urban planners do ﬁot install quite early the kinds of
amenities appropriate for the type of human capi}al and skilled persons they wish to
attract. This is important because the shape of the .ufban landscape, which attracts certain
citizen types, depends on thc.economc devclopment strategies employed by planners and
local government officials. | |

At the heart of this effort to revitalize the urban landscape accordihg to
preferences are the spatial relationships between households. Firms, which locate clbsé
to ¢omh10n labor pools in order to take advantage of scale economies from .production'
and to save on wages, exemplify the minimization of costs associated wifh production
(Farmer, Reis's, and Ditto 2000). These sorts of firm-level scale economies take various

forms, from a skilled work force specializing in a given industry that serves as a common

10



labor pool for several producers of similar goods, to “a joint, or congestible, set of
recreation and cultural services [that satisfy] a growing population under decliﬁing or flat
marginal costs” (Ibid., p. 3). In a similar ‘vein,> households locate close to desired
amenities and employment clusters to reduce the cos‘té (travel costs, congestion costs, and
others) associated with accessing these amenities and job locations.

The role of space énd externalifies suggests :;1 brief examination of the evolution
of land use theories. One of the first land use models w.as that of von Thiinen (1826),
who argued that an» exportjoriented economy drives efficient land use and causes land to
cluster into different zones (or concentric rings) around a town. In his model, the value
of agricultural land was determined by transportation costs from the particular farms to
the marketplace where agricultural goods were sold (Barlowe 1993). While all residents
. of an area were assumed to be farmers in the on'ginal model, variations of the original
von Thiinen model _have argued that a housing band was located between the city center
and agricultural land (Asami and Isard 1989, p. 514), and that higthnd commercial
activities would gravitate toward the city center while bulk services would locate within
the housing band. Therefore;? while von Thiinen’s model is not used explicitly today, it is
| worthwhile to see how it spuﬁed other land use theories over time.

The urban planning model of éDixit and Sﬁglitz (1977) and Krugman (1980, 1991,
1996) adds to the theory of vonThunen by in‘corplorating a second “sister-city” urban
clﬁster that develops as pressure frorrgl the burgeoning pbpulation in one city forces it and
the suburban perimeter to jéx’ﬁandﬁ until a closely related produgt center and its
manufacturing suppliers supp;rf this'jsecond cluster, fonhing a new city-size equilibrium.

Mayer and Somerville (2000) suppoﬁ the Dixit-Krugman model in their discussion of

11



residential constructioh; fhey argue that if a city expeﬂences a population inﬂqx, “the
demand for new residénces increases, land and house pﬁces rise, new construction
occurs, and the City increases in size to accommodate;the new residents” (p. 87). In other
words, Dixit and Krugman thought tha(t‘ a population influx toward the city center would
create a secoﬁd layer of von Thiinen charééteristics;
Next, thé Tiebout (1956) model predicts diversity among local jurisdictionsv in
which distinct citizen types suppbft distinct ;;ublic goods paékages that prevail in a given
- jurisdiction. Tiebout built ﬁpon previous thebry by adding hous‘ehold characteristics to
-urban planningvtheory. Instead of the focus being on kinds of industry clusters and
suburban expansion, his model focuses on how similar kinds of households relocate to
the same jurisdictions because they have similar preferences for the local public goods
found there. |
A fourth land use model] is that suggested by Alonso (1964) and Muth (1969).
| These models do not consider socioeconomic status or neighborhood quality as
determinants of residential location. They fundamentally argue that transportation costs
to the central business district (CBD) determine the spatial distribution of the land and
housing prices, land consurénpficv)jn:,; and spatial residents’ arrangements by income
(Coulson 1991, p. 299). While th1s seems to be a natural extension of the von Thiinen
model (which _in its original versiohf says that the value of agricultural land is determined
solely by transportation' costs), it actﬁally was a remarkable addition to land use theory to
conceive»that rﬁtﬂtiple land use layers could radiate from the CBD. Hypotheses of the
original Alonso-Muth models include négative rent gradients and increased land

consumption per household with increases in the distance to the CBD. As one example,

12



Wheaton (1977) tested empiricaily both hypotheses: for the Alonso-Muth spatial income
effect, he concluded that the “spatial income gradient in metropolitan areas would seem
to be more the result of social or racial externalities [in the Tiebout traditidn] and the
incentives produced by municipal decentralization” than purely incorhe effects (p. 621);
for fhe land consumption/income effect, he concluded that “spatial bidding for land of
different income groups looks almost identical” (p. 630).

One complication of the negative rent gradient hypothesis is that urban
submarkets may have their own rent gradients and/or rental milltipliefs, thus confounding
(overlapping) the market negative rent gradient and the market rental multipliers.” Given
this complication, Muth’s standard assumptions of identical incomes and preferences,
which Wheaton (1977) relaxed, are also relaxed in this paper. This relaxation of idénticzﬂ
incomes is particularly important because of the high i)éréentages of students (more than |
50% in the sample) and renters in the neighborhood (approximafely 65% for the sample).

As one can seé, land use theories have been posited and modified over time as
certain assumptions are relaxed. Most recently, Farmer (2003) integrated the Dixit-
Krugman and Tiebout models into a land use model that emphasized the following: 1)
housing near commercial and amenity .servi-ces increase in value compéred to housing
away from these areas; 2) multipurpose t_rips are niore signiﬁcaht than single-purpose

trips (due to time -constraints); and 3) pockets of agricultural land accommodate

7To estimate the market sales price for rental dwellings in this analysis, a rental multiplier of 120 is used
for the neighborhood after consulting several local real estate agents. This multiplier is used to estimate the
market sales price of a dwelling that is currently being rented. So, if a dwelling rents for $1,000 per month,
I estimate that it would sell for $120,000. This is how the dependent variable for rental dwellings is
determined. Also, Coy (2003), for example, uses the idea of rental multipliers to determine the financial
gains of buying versus renting a dwelling, but does not explicitly state the rental multiplier for Atlanta to
compare to the one used in this study.

13



independent centers of retail and/or amenity services and simultaneoﬁs convenience
shopping and professional éervices, which may compromise opportunities for amenity
and open space in the reinvestment process.

This paper focuses on the microeconomic behavior of individual households
operating in a finite neighborhood space. One goall here is to devise a method that can be
used to predict the degree of change in neighborhood composition (measured by the -
percentage of households of particular “types” that will . stay or move from the
neighborhood in response to a policy change). The method used to predict changes in
neighborhood composition differs from typical large-scale planning methods in fhat the
latter requires fundamental economic assumptions about individual household behavior.
Planners are forced to make these assumptions about households so that they can make
suggestions at a larger scalé as td what‘perce.nta;luge of I;nd ;should be designated as 6pen
space, retail, residential, etc. My discussion of the Georgia 400 corridor (please see
Chapter 6) suggests that such large-scale planning efforts and their required assumptions

about household behavior may be appropriate for large areas. However, when one

wishes to do neighborhood planning, the confines of a smaller space require that the
planner know more about each individual parcel and the households that inhabit them.
This research continues the work of Farmer (2003) by incorporating the following

features into an urban land use model that focuses on residential housing:

e Neighborhood diversity, or distinct citizen types that support neighborhood-

specific and dwelling-specific characteristic packages;
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e Endogenous groupings of households (defined by particular characteristics and
amenities) that mitigate the aggregation problem,;
e Socio-economic status and neighborhood amenities as location determinants; and

e Income diversity of neighborhood residents.

‘In this research, the central question to be addressed is “Do statistically
baggregable subgroups of households within a single neigﬁborhood have different
marginal prices fof the same local amenities and dwelling characteristics?”” If so, then the
full aggregation of households, or the assumption that all households in an ﬁrea are
énalyzable using. a single line equation method, masks some important distinctions
between different classes of households concerning the directional impacts of the same
-local amenities, disaménities, and dwelling structure characteristics on the sales prices of
different types of households. By separating households into different statistically
aggregable “types”, the empirical representation of the first-stage hedonic equation can
proceed thrdugh the simultanéoUsvanalysis of several typés of households, each with its
own distinct set of preferenceé that are different from other types.

To answer this central queSti;on, the subsequ:entilclhapters consider identification
Within hedonic pricing models (pl?ase see Chapter 2), past research on utility theoretic
frameworks (please see Chapter:;‘3?):, éﬁd the differel_lt empirical estimation methods used
to model the first-stage hedonic régression equation (please see Chaptér 3). Also, the
.central question motivates new technical questions about consumer preferences. For
-example, do dwelling and neighBorhood éharactéristics influence house sales prices

differently for different subgroups of households? While urban planning models assume
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that households are similar enough to be analyzed as a sihgle group, this research
establishes a method by which subgroups of Thouseholds can be differentiated from other
subgroups within the same neighborhood. The results rereal price differences across
statistically aggregable groups of hctuseholds (please see Chapter 4). For poiicymakers,
this means that neighborhood analyses must be eonducted using more detailed (maybe
vnon-public) data on househelds then'available from governmeht sources. To validate this
claim, statistical exercises are conducted (please see Chapter 5) that simulate the
‘household types that are likely to move out of or remain in the neighborhood when a
green space that currently exists (Home Park green space) is complemented with an
additional green space (the proposed park). Then, the data requirements for more macro-
scale analyses, the policy implications of this paper, the generalizability of results and

~methods, some recommendations for future research, and some implications for planners
and regional scientists conclude this paper (please see Chapter 6).

Finally, this paper rhakes progress toward a theory of household “types” for both
owner-occupied and rental dwellings that is empirically verified ih a single urban
neighborhood, Home Park. Hom_e Park, a neighborhood adjacent to the north part of the
Georgia Institute of Technology campus, .was founded in 1920 and was originally built
for the workers of the Atlanta Water Works plant and steel mill. Figure 1 shows the
geographic distribution of sales r)rices in Home Park as well as the location of several hey
parcels, including the Home Park green space, the proposed park, the 10™ Street
commercial strip, and the Meineke automobile service center. Over time, the original
owners have bequeathed the properties to widowed spouses and/or their children; as a

result, Home Park has a large percehtage of renters (approximately 65% of all
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hoﬁseho]ds).‘ Of all renter househo]ds, 65% are occupied by at least one college student;
of all owners, 7% have at least one college student.® Then, the next largest groups of
households contain younger couples and older single men with at ]¢_ast one person
employed full time. This, along “;irth‘the fact'thét Home Pérk is surrounded by highways,
commercial properties, and the university, which isolates it from other residential

neighborhoods, makes it an interesting study area.

® This statistic illustrates two interesting facts about the neighborhood — 1) some students choose to live in
owners’ spare bedrooms and 2) parents purchase dwellings for their children to live in while attending
college.
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Figure 1 — Geographic Distribution of Sales Prices (Black = Highest)
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Another interesting phenomenon that had an indirect effect on Home Park was tﬁe
redevelopment of several nearby neighborhoods for the 1996 Summer Olympics. As
millions of dollars were poured into these formerly dilapidated neighborhoods, public |
housing and other subsidized housing areas wére rebuilt to accommodate households of
all -income levels. | These changes have not ocbufred ‘in Home Park, though, as
redevelopment monies were not directed at this particular neighborhood. Yet, the
changes to nearby neighborhoods did inject more confidence into Home Park real estate

improvements, stabilizing the investment and resident diversity patterns noted.
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CHAPTER 2

HEDONICS MODELS

In this chapter, I discuss the strengths and weaknesses associated with hedonic
pricing as a method of estimating the “use” valué (as opposedAto the “non-use” value
estimated by other forms of non—markei valuation like contingent valuation) of certain
dwelling characteristics and neighborhood features. I start with a history of the method,

its application to housing markets, its weaknesses, and its recent applications.

2.1 The History of Hedonics Research

In the early 1900s, research that considered the selling price of a good as a
function of its characteristics was novel. This technique, the hedonic pricing method,
treats the price of a good as the dependent variable and the characteristics of a good as
the independent variables. Using regres\sion eql;ations_, slope coefﬁcienfs (which are
interpreted as unobserved, implicit prices) on each indgpendent -variable are estimated
that reflect the impact of 'a one-unit change iﬁ the independent .variable on the debendent
variable, holding ail other variables constant. This method is commonly used to model
thevdemand for goods that do not have traditional economic markets (e.g. air quality or
water clarity) uSing the prices of gqods.determined in other markets (e.g. the price of
~housing). Automobiles, water quality, trees, and ﬁéuses are only a few of the goods that
can be anal‘yzed using this method of ’valuation. |

Debates in the literature on the first use of this technique are common. Colweil

and Dilmore (1999) suggest that an overlooked monograph by G.C. Haas of the Division
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of Agricultural Economicsv at the University of Minnesota Agricultural Experimeot
Station in 1922 was the first hedonic study. This conclusion deﬁes those of Griliches
(1961) and Goodman (1998), who arguo thét A.T. Court conducted the first hedonic
study on automobiles in 193.9. Régardleos of its exact origins, Lancaster (1966) and
Rosen (1974), who developed early theories of consumer behavior, popularized the
“hedonic method as a useful and legitimate vaiuafion exercise. |
According to Rayinond Palmquist, the hedonic prici.ng methods are based on “the
_realization that some goods or factors of production are not Homogeneous and can differ
- in numerous characteristics” (ouoted in Bradenﬁ and Kolstad 1991).' Consumers purchase
different bundles of characteristics each time a buying decision is made. When
purchasing an automobile, for example, a consumer buys a specific type of engino,
steerihg coluom, body style, color, and other charécteristics. In this market, the
manufacturer is willing to sell the automobile at a specific price based on the labor, parts, |
and shipping costs of the automobile, whoreas the consumer is willing to pay a certain
price for the characteristics of the automobile in question. When this offer and bid are in
equilibrium, a transéotion between buyers and sellers occurs. The intersection of multiple
bid and offer curves forms the heoOnio price equation.’
The hedonic pricing metﬁo& ]oan be best illustrated through contrasting examples
of goods that do and do not have :trédifional economic markets. First, an example of a
good that does have a traditional ooononﬁc market is Nike shoes. Economists observe
.the quantities of shoes bought by :cionsumers at particular prices. Then, the estimation of

‘the demand for Nike shoes is straightforward- plot the prices and quantities on a graph.
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In. contrast, the estimation of the demand for a good that does not have an economic
market like water clarity or air quality is not as simple. . In the case of housing, which is a
heterogeneous .bundled good, researchers can use the heclonic pricing method to
determine the demand for houslhg characteristics such‘ as square footage of living space,
acreage, proximity to green space, etc. Houses are listed at a price determined by the -
owner and based on the sellers’ ch'aracteristics, the dwelling’s characteristics, the
dwelling’s amenities, the actual selling price of similar houses in the same neighborhood,
the types of land .use‘ (lesignations Silrroundillg the particular dwelling for sale, among
other factors. But, the actual sales price of the dwelling is determined by a negotiation
process that ultimately equates the purchaser’s willingness to pay for the characteristics
and amenities with the seller’s willingness to accept a certain level of compensation for
the house. This p‘roduces’ a buying/selling decision in the housing market, similar to that
in the market for Nike shoes. The difference is thét in the case of Nike shoes, each
component or Charactel'istic may have an explicit cost- i.e. a sole costs $5 of the total
cost. For a dwelling, one does not directly observe a separate price for the fireplace irl
the living room, for the bay lNindow in the kitchen, or for the bedroom on the main floor
of the dwelling;vregression analysis, if éoﬁducted properly, can reveal a robust estimate of
the marginzﬂ implicit price for dwelling structure characteristics, certain neighborhoodv
features, and other amenities that impact sales price. |

‘The motivation for using the hedonic pricing method is to separate the
contribution to total selling price of each of these charactgristics and amenilies. What is

the contribution to the total selling price (marginal price), holding all other characteristics

? Please see Freeman (1993) for a nice summary of the hedonic pricing method and its limitations (p. 124-
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and amenities fixed, of a bedroom? What is the marginal price of a square foot of living
space? Then, once these marginal implicit prices have been calculated, researchers can
estimate the demand for certain characteristics and amenities by aggregable demanders.
Obviously, the derivation of marginal implicit prices differs from that for goods with true
economic markets. But, hedonic marginal prices play the same role as do direct
observations on prices in standard demand theory (Freeman 1993).

To conclqde this section, I will briefly mention housing supply. It is clear that
housing supply is not studied in the literature as much as housing demand. Smith (1976)
argues that little empirical work on housing supply has been produced, citing the
“difficulty of contrblling simultaneously for housing quality and location amenities™ as a
contributing factor. For the purposes of this dissertation, the housing supply in Home
Park is assumed to be fixed. This is an appropriate assumption because little new
housing construction (new dwellings, not conversions or demolitions) is occurring in
Home Park, as evidenced by the six building permits issued in the neighborhood since

Janualy 2000 to construct new residences (mostly duplexes). It is also appropriate

because, at a basic level, an analysis of housing supply, particularly for different
statistically aggregable household types that I attempt to show in this paper, suggests that
different technologies might be used to construct housing for different household types.
One factor that shifts supply curves is a change in the state of technology of a given
economy. Since my s‘upply-side‘data are very limifed, aﬁd since I assume that the same
technologies are used to construct'housing; the estimation of the supply of housing is

omitted here.

131).
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' 2.2"I‘he Hedonic Pricing Method Applied to Housing Markets |

Dwéllings are differentiated, bundled goods comprised of various styles, sizes,
structure charac'teristiés, and amenities. 'Dweiling sales prices reflect the .particular
combinafion of structure features (age of the structure, living space square footage,
number. of bédrooms, etc.); neighborhood characteristics (proximity to public
transportatioh, nqise levels from traffic, level of tree cover, etc.); and recreatiénal
amenitiés (parks, other forms of open space, presencé of quality sidewalks, etc.). One of
the earliest attempts to model the housing market was Muth (1960), who introduced the
concept of “housing services”, thereby encouraging economists to treat” housing as
homogeneous; Put another way, Muth’s contribution was to use tools developed for
markets with homogeneous gdods to econometrically analyze housing markets.'®
However, the concept of housing services makgs difﬁcult the ‘recovery of the marginal
prices of particular housing attributes, such as a bedroom or a fireplace. Researchers
after Muth treated houses as differentiated goods (haviﬁg different characteristics and
amenities/diéamenities), as Lancaster (1966) first prOposed and Rosen (1974) then
popularized.

Traditionally, the first s’tagé of heddrﬁc analyses déri?és the marginal price
surface using the selling price of a house regresse;d on its structural characteristics
(number of rooms, baths, square footage, and others), parcel size (in actes), and nearby
amenities (parks or shopping opportunities) and disamenities (landfills or industrial

parks). Then, the second-stage hedonic equation uses the marginal price vector of

19 To deal with the difficulty of treating housing units of different technological and legal characteristics as
homogeneous, Muth suggests acceptance of the market’s judgment “to treat as identical those units of
‘housing’ which command identical prices” (p. 32).
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interest, say the marginal prices for the number of acres, and regresées it on the prices of
relevant substitutes and complements as well as “demand shifters”_ such as income, race,
and sex. The problem with the second-stage is that the derivation of the marginal price ~ |
surface (in the first-stage) is based on a number of variables that are then used to estimate
the demand for a particular characteristic, which creates an endégeneity problem. The
hedonics literature is replete with articles that attempf to resolve this endogeneity
problem [piease see Palmquist (1984) for a good discussion of this endogeneity problem].
This paper attempts to derive better first-stage hedonic estirﬁates. With so much
emphasis on the econometric identification problem in the second stage, this paper;s
focus on the first stage addresses a policy concern in hedonics, that single-line estimators
do not structurally capture the basic differences among households in a consistent Way.
These basic differences may include different willingness to pays (WTPs) for the same
dwelling structure characteristics and/or local amenities. Using inultiple—line estimators,
I hope to pinpoint the household “types” that .are. better off with the construction of the
new park (and who will continue to reside in the neighborhood); please see Chapter 5 for
a discussion of the welfare economic impacts of thjs p'aper; ‘-Also; to reduce the problems
associated with omitted variable b1as, ‘Ivexpl.icitly. incéirpqgate space into the hedonic

pricing model using a series of spatia] variables.

2.3 Problems Inherent to the Hedonic Methoa
Whether one is talking about the economic valuation of clean air (Sieg et al.
2000; Chay and Greenstone 2000), open spaéc (Benson et al. 1998; Bolitzer and Netusil

2000), or housing characteristics (Bourassa et al. 1999), the mitigation of the aggregation
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problem is a core concern. The aggregation problem is the assumption that unique
consumers (households in this case) with unique preferences can be grouped together for -
analysis purposes. To clarify, this is different than the “identification problem that
dominates discussion in the applied.v [hedonics] literature” described by Ekeland,
Heckman, and Nesheim ‘(2002, p- 304). The cggregation problem arises because
households’ unique preferences for cnique bundles of goodé cannot be measured
“uniquely;” .the hedonic identiﬁcation problem concerns the second-stage hedonic
equation, which I do not estimate here.

As an extreme hypothetical exémple of the aggregation problem, assume that each
household, if treated as a unique buying and selling decision .unto itself, requires its own
hedonic regression equation to perfectly measure its marginal prices for each
characteristic, neighborhood amenity, etc. In this extreme example, if regression analysis
permitted the estimation of coefficients on different dwelling structure characteristics and
local amenities, each househol-dv would have its marginal prices estimated from its own
regression equation. Obviously, degrees of freedom limitations prevent this estimatioq
from occurring. But, if this model could be estimated with a single observation, then tﬁe
estimates obtained for each individual equation would perfectly reflect the marginal
implicit prices of each dWelling characteristic and amenity for that household that
chooses to live in that dwelling. This means that a neighborhood with approximétcly 800

lhouseholds (like Home Park) would require a system of 800 different regression
equations to be estimated simultaneously to completely capture the vcontribution to sales
price of each unit of each characteristic, etc. The point is that this kind of simultaneous

estimation is impossible statistically and provides the researcher with no indication of
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housing demand by a class of demanders; it only confirms the heterogen¢ity of household
preferences. over time and space regardless of the researcher’s study area. In this
situation, the econometric invéstigator learns nothing about the demand for housing at the
neighborhood level. | |
At the other extreme, a single eduation used to reﬁresent all households in a
“community provides the researcher with general trends in‘ dwelling salés prices (e.g. a
one percent change in dwelling square feet leads to a .5 percent change in sales price at
_thé_ margin). If the researcher’s question focuses on the estimatioh of marginal prices
across a single community, then this extrezﬁe aggregation is appropriate. Howé_ver, if the
researcher’s question is slightly different, say to allow the possibility that different types
of households might systematically “value” these amenities and structure characteristics
differently, then full aggregation only tells the researcher that all households are similar
enough to analyze as a single group. Therefore, I assume that households can be allowed
to_soft into “types” based on their similarities in demographic characteristics, attitudes
toward the 'neighborhood, and marginal implicit prices. Then, if household-level
demographic and attitudinal data can be used to distinguish'households into ,th_ése “types”
kor aggregable subgroups, then the number of regression equations sufficient to mitigate'
the aggregation problem in a particular neighborhood will be less than the extreme
disaggregation (one equation per houséhold) and possibly greater than the extreme
aggregation pbsition (one equation per community or neighborhood).
A second and related problem with hedonics is the “incidental parameters”
problem, which says that attributes are sampled only once. First analyzed by Neyman

and Scott (1948) and later applied to congressional voting by Heckman and Snyder
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(1997), the incidental parameters problem involves the violation of the classical
regression assﬁmption of drawing repeated samples from the same population, which can
be .a problem in hedonics research as the “population” of houses and the attributes of
households changes with each new renter or homeowner. So, analyzing a cross-sectioned
sample (one time period) means that the population is held identical by fhe econometric
investigator for analyses- of that period of time. This assumption (no resident out-
migration) méané that any conclusions about the neighborhood are applicable only to the
current residents, .and that no absolute rule of how the demographic and economic
conipositions of this neighborhood change over time can be devised here. But, in a
sﬁbsequent chaptgr, I show how cross-sectional data can be used to simulate the change
in demographic composition and dwelling sales prices in the neighborhood if a paiticular
parcel is zoned to a different land use designation.

In choosing a particular dwelling'’, households pay (through the selling price) an
unobserved amount of monéy for each characteristic of the dwelling and amenities in the
neighborhood. For example, if a household narrowed its search to two identical (in
structure and locatioﬁ) hoﬁseé, one with a ﬁrep_lace and the other without, it would choose
the house with the fireplace if 1t (tjhe; hpusehbld) were willing to pay the difference in
sales prices between the house‘wit“h a ﬁreplace and the house without' a ﬁreplace.. In

other words, the household’s plifchésé of the house with a fireplace tells researchers that

1 A5 Rosen (1974) stated, households cannot “re-package” characteristics; they cannot buy one
characteristic from one house (i.e. garden size) and combine it with another characteristic from a different
house (i.e. number of rooms) (Hanley and Spash 1993). If this were the case, then the first-stage hedonic
price function (the selling price of a house regressed on a set of independent variables) would be linear,
which means that households would have similar marginal implicit prices for a particular good.
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this household’s preference for fireplaces can be measured through the difference in sales
prices between the otherwise identical houses. Extending this logic to the other dwelling
characteristics, a household is willing to pay a certain amount of money for each feature
and amenity related to that house.'? Therefore, researchers use regression analysis to
estimate these‘ unobserved marginal prices for house features and amenities.

Other ‘issues that complicate the hedonic pricing problem include the various
functional forms of the first-stage hedonic pricing equation, the introduction of new
policy variables, and different methods of identifyiﬁg neighborhood'effects. These‘ issues
do not ‘complicate my discussion of the aggregation problem, but are general concerns
that are addressed in the hedonics literature. Box and Cox (1964); Cropper, Deck, and
McConnell (1988); Halstead,'Bouvier, and Hansen (1997); and Lipscomb (2001) have
employed alternative Box-Cox functicnal form variaticns' to get the “best fit” of the
model. Sivitanidou (1995); Helmuth, Obata, & Kassabaum _et'al. (1_‘997); Morrell and Lu
(2000); and Lipscomb (2001) hcve used interesting policy variables like noise contours

and the distance to an airport in the hedonic price function. Other statistical techniques

such as method of moments (Bell and Bockstael 2000) principal components analysis
(Bourassa et al. 1999), smultaneous equatlons (Irwm and Bockstael 2001), and latent
variable approaches (Arguea an,d‘ H_smq 20()0) are recent additions to the hedonics
literature as weli.

The two main concerns of ﬁast hedonics reséarch that will be addressed here are

1) the uses of first-stage hedonic equations without a coherent theoretical motivation and

12 The recent incorporation of spatial variables (distances to shopping‘ opportunities, etc.) has complicated
the model specification and functional form issues involved with hedonic models (i.e. do households really
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~2) the ways in which neighborhood.effects have been modeled in previous studies.' First,
several recent studies (Halstead, Bouvier, and Hansen 1997; Bolitzer and Netusil 2000;
Tyrvainen and Miettinen 2000, Luttik 2000) have not used a utility theoretic framework
to derive the first-stage hedonic regress_ion‘equation. The motivation of the first-stage
hedonic. equation earlier in this chapter simultaneously complements a utility
maXinlization modél developed in Chapter 3. Second, previous studies have employed a
variety of methods for defining neighborhoods (Hughés, Jr. and Tumbdll 1996; Rapaport
1997; Bourassa et al. 1999; Immergluck 1999; Bolitzer and Netusil 2000; Sieg et al.
2000), using dummy variables to control for neighborhood or jurisdictional effects
(Thorsnes 2000 and Sieg et al. 2000), and allowing the error terms to absorb
neighborhood effects (Irwin and Bockstael 2002). This paper improves upon these
studies by using an endogenous process to sort households into distinguishable types.

The advantage of using‘an endogenous sorting process is that the researcher does

not dictate a priori how many household types (or subgroups) exist in the neighbprhood,

nor does s/he know the criteria that distinguish one type from another. For example, -

market segmentation (which Ialso ca}l :f‘Qigtingugsping'into household ‘types’”) is
commonly treated in the hedon;és litéfatﬁ:re ac‘-cordihg. tg sbmé spatial distinction, either
by school districts, cities, or ofher ’géjo grabhical boundaries. The limitatioﬁ here is that
geographical bpundaries may not represzeljilt frué distinctions in housing supply or
demand; households across several schooi districts may enjoy the same amenities and

dwelling structure characteristics but are grouped with other households based on

geography instead of revealed préfefences in the housing market. In this paper, I can,

take into account the tree cover around their dwelling when choosing where to live?; what is the

30



according to Luc Anselin, “let tﬁe data speék” because the spatiai théory is developed
well (quoted in Boyce, Nijkamp, and Shefer 1991). |
To conclude, the argument made here is that knowing all the linﬂtatio_ns of the
hedonic pricing method, including the role that aggregation plays .in these analyses,
informs my approach and allows me to extend the theory of hedonic pricing to allow for =
more than one type of household in a neighborhood;' This extehsion of current theory,
which involves the usé of a statisticvally-based sorting exercise and the use of a non-

standard estimator of the marginal implicit prices, is detailed in the next chapter.

appropriate functional form for the distance variables?).
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CHAPTER 3

MODEL TO MITIGATE AGGREGATION LIMITATIONS

In this chapter, I discues the theoretical model that aliews households in a single
neighborhood to be sorted into endogenous heusehold “types.” = The basis of this
discussion is the famous Samuelson (1954) — Tiebout (195v6) debate on how efficiently
househol(i preferences are revealed by their ehoice of jurisdiction in which to reside.
Then, I discuss the empirical translation of thié theory into a ‘sorting exercise using

econometric tools.

3.1 Overview

Urban economics models frequently assume that households within a particular
space are of a singular type, or similar enough in some way (usually unstated) that they
can be aggregated into a single group and then analyzed using single-line regression
models such as ordinary least squares (OLS) or generalized least squares (GLS). For
hedonic price models designed to analyze the value of a single amenity to localI real estate
markets, assinning that all heusehOlds are similar\ enough to be grouped into a single
analyzable group is essentiai? to‘f ijrairslate real estate value changes into reasonable
estimates of the impact of certeinf rieigiiborhood attributes. It is also common in hedonic
models to rnake assumptieris ali:out the error structlires to compensate for the
ileterdgeneity of preferences SO ther a proper GLS estimate can be made to infer efficient
~welfare change measurements fronij:changes in local amenity access. These economists

will be referred to as the aggregation “optimists,” or those who believe generally that
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households are similar ¢nough to aggfegate into a singlé type and analyze using a single-
line regression equation. These “optimists” i_ncludev Sieg et al. (2002), Ekeland,
Heckman, and Nesheim (2002), and others who treat household preference heterogeneity
through error term corrections to the first-stage hedonic equation.

Next, the aggregation “péssirnists” are very skepﬁcal that household diversity can
_be sufficiently captureci by the “one neighborhood, one type” assumption implicitly made
when single-line regression models are employed. - While no authors who might be
“pessimists"’ come to mind, the théoretical argument remains that “pessimists” argue that
the specification of a regression model that satisfies aggregability conditions for reliable
and valid welfare ahalyses from a hedonic price model is largely unattainable. The
“pessimists” appeal to strong heterogeneity, not only of household preferences, but of
real estate goods as well, as each hduSing unit is different from any other. To_them,
aggregation falls on the “one house, one type” assuﬁlption. So, what can be done to
appeése the extremists in both camps?

Tiebout (1956) suggests, in the extreme, that each citizen-type can find the

jurisdiction or community that exactly satisfies his/her preferences if the number of
jurisdictions and households is infinite. His examples of jurisdictions with eXpenditures
used to purchase private goods only and public goods onlf show the extreme positions on
the continuum of aggregation. With an infinite number of jurisdictions, all combination
bundleé of local government expenditures can be made available to an infinite number of
consumers able to express effective demand for particular bundles. In the original
Tiebout (1956) construction, some houééholds will be “discontented with the patterns of

their community” except when the system .is in equilibrium. But, with only a finite
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number of jurisdictions available; the decision of a particular household to reside in a
particular neighborhood and a particular dwelling within that neighborhood may not bé_
ideal. In this situation, a heterogeneous class of consumers may inhabit the same
neighborhood and differentiate themselves on the intensity with which they consume
different local. amenities, different retail purchases, and differeht bundles of dwelling
structural characteristics. Then, if patterns among these households can be revealed, then
the common assumption of a singular type neighborhood, school district, or other
classification of physical space is not sufficient to permit perfect aggregation of
household‘s for analysis purposes. |
Recently, Ekeland, Heckman, and Nesheim (2002) argue that the hedonic
identification problem (which I call the aggregation problem) can be mitigated
theoretically to permit the full aggregation of households into a single type. In this paper,
I argue that a statistically based method is also consistent with theory and can be used to
determine the number of differént hbusehold “types” that co-exist in a single space. This

classification scheme mitigates the aggregafioh problem that plagues hedonic analyses by

creating a model that accounts for heterogeneous p_vreferences‘among households that may
share a uniform array of locﬂ public services. This is accomplished by sorting
households into “types” based on ;théif demographic- characteristics and their attitudes
toward neighborhood features.

This sorting process presented' here is not equivalent to sorting based on
. preference heterogeneity; it is merely a way to determine if households, through a
systematic analysis of their demographic and attitudinal characteristics, are systematically

different in multiple dimensions. If more than one “type” is determined by the model,
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then it may be possible that multiple hedonis price lines exist in the same neighbprhood.
A deeper probe into this question will be the subject of future research. Nevertheless,
after the initial sorting process, I filter these potential differences through implicit price
vectors in an iterated hedonic framewofk to determine which Subgroups are statistically

distinct based on their dwellihg purchase choices.

3.2 Theoretically Justified Aggregation

The research question guides one’s empirics. Past research questions in hedonics
vhave focused on the estimation of marginal implicit prices (and sometimes the demand
for certain dwelling or neighborhood attributes) across a “community.” In this research, I
ask a slightly different question — is it possible that each household type could have its
own hedonic marginal price line if the data suggest that systematically different
households liv¢ in the neighbqrhood? Others have been interested in across-community
diversity as they assume a priori that all households in a particular neighborhood have
homogeneous preference orderings; these include Sieg et al. (2000), Murty, Gulati, and
Banerjee (2003), and others. While_the_ possibility of multiple hedonic price lines in a
single éorﬁmunity is debatali)leb(even though it seems on the surface to be a natural
extension of the market segmentation argument some make at the city level), I proceed to
show in the ngighborhood under study that a typology of household categories is still
orderly; each distinguishable group of households is aggregable, which permits the
estimatioh of plausible within-group welfare' change measures (please see Chapter 5).

It is easy to see that the choice of residence simultaneously determines the

distances that each household must travel in order to access all goods, including private
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consumption (eggs, milk, apples, etc.) and non-private consumption (green space,
national parks, etc.). Then, depending on the mode of transportation chosen by each
household to access these goods, the costs of traveling to the Sites'whefe these goods can ~ -
be purchased (or consumed) might be differeﬁf for each household. .That the household
location decision simultaneously det_ermine's'the distanees and costs of accessing Private '
and non-private goods suggests that different h'ouseholds. in different geographical areas
pay different prices for the same types of goods. But, in the single neighborﬁood
modeled here, it is reasonable thet | (on a mofe macre sclale) each household
approximately travels the same disténces to access groceries, entertainment; work, etc.
However, within this neighborhood, the distaﬁces_each household must travel to certain
neighborhood feefures (likev»the Home Park green space or to the Georgia Tech cainpus)
vary greatly, particularly when one considers the various modes of transportation |
available to local residents (students tend to walk to school whereas full-time employees
tend to drive to work) aﬁd the time required to travel thosedistances. This suggests that
households will react differently (i.e. have different marginal price reactions) to structuréi
changes in the local land use (altexjng tﬁe land use designations of particular parcels),
changes to the transportation infrastructure, and others. But, if these differences among
households are similar enough in many dimensions, then it is' possible that each
household can be aggregated into groups with other households that have similar
marginal prices.

To initially describe the aggregation problem, I start with a household but-ility
maximization model (with a Cobb-Doﬁglas utility specification) similar to that described

in Farmer (2003) in which the arguments of the utility function are assumed to be weakly
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separable (the marginal rate of substitution between two arguments is independent of the

quantities of all other goods)."

o)

MaxU,(x,,A ,sy4,L) = & Inx, +,8,.InAj~+7,.ln Sy +06,InL

st

Wl +W,glg +8; =P Xt Ry [SH,-,C(X;.-, A1, )’d(xci’A il )]

T=Lt YL+ Yo +3 e 5t Sidu* Ayt St * F A pI,)
J=(sl,usl) J=(s1.u;l) x=1 A=l M=1

This model says that households maximjze utility (saﬁsfactien and happiness) ihrough
the consumption of four items: 1) consumption other than housing space and
neighborhood amenities [xc]; 2) cultural and recreational amenities located outside the
neighborhood that are not Capitalized into the local housing market [A;]; 3) housing space
[sg] from which households receive services (including the monetary impacts of local -
amenities, such as sidewalk quality and proximity to open space); and 4) leisure time
- _. . o

The two main conStraiIits in the model are income (endogenously determined in
the model even though skill level is exogenously determined) and time (exogenous to the
model). In the income constraint, I assume that skilled-worker households [denoted .by

[13

the “sl” Subscﬁpt] and unskilled-worker households [denoted by the “usl” subscript]
work different amounts of time [I = (I, Ius)] fof different wage rates [w = (Wg, wug)l.

. This total household income [wI] is used to purchase a certain amount of housing space,

13 In this model, the assumption is made that o.= B =y= § = 1, which assumes increasing returns to scale.
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ameni_ties, consumables, and travel-related’goqu (car, gasoline, bus tickets, etc.). In the
case of retired persons and students who may not earn income in the same way as other
households, S; denotes saved monies (savings from work done in previous periods,
college loans, Social Security, other endowments, etc.) used to purchase consumable
goods, purchase housing space, travel to various neighborhood amenities, shopping
opportunities, etc., and purchase neighborhood amenities. On the right hand side of the
inceme constraint, households pay a price p. for goods eonsumed X.; which include non-
local, out-of-neigﬁborhood amenities for which households pay user or entrance fees.
They also pay a rental price RH' for a dwelling which is a functioﬁ of square feet of
housing space sy, a vector of costs ¢ associated with traveling distances d to consume
goods, to consume within-neighborhbod amenities Ay, and to work; Ry varies depending
upon the intensity with which each Ay is consumed or “accessed.”

In the time constraint, each household has only 24 houfs a day in which to
consume leisure L;; to work, to commute between work and home, to purchase goods, to
consume amenities, and to make multiple purpose trips, respectively. .t contains the times
required to travel distances d at costs of ¢ per unit of distance."’

Next, the Lagrangian formulation of the utility maximization model is
differentiated with respect to each argument in the utility function as well as the shadow

prices to yield the first-order conditions. Then, a rearrangement of the first-order

14 Anas, Arnott, and Small (1998), in their synthesis of the urban economics literature, argue that more

realistic models of urban areas require the derivation of the shadow value of time endogenously by “adding

leisure and a time budget to the model” (p. 1436). . This is consistent with the model presented here.

13 For simplicity, this paper assumes that trips to consume goods other than housing and/or amenities on the
-way to or on the way from work are negligible and will not be included in either constraint in the

econometric model. Also, ¢; vary because I assume that the monetary cost per unit of distance for short

trips is greater than the cost per unit of distance for longer distance trips. An example is the cost per unit of
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conditions yields the Marshallian demands, which are used to derive the indirect utility
function (IUF)16

@ . | |
VP Ry lc) CsCasCusty sty stastyysd;dydy,dy ], WET,S).

Equation 2 tells me that 1) utility is not aspatial and that 2) the purchase or rental of a
dwelling reflects the simultaneous determination of a household’s driving/walking times
to work, to shopping, to recreation, to entertainment, to health care services, and to
others; noisé from the nearest major foad; and bthérs. In other wofds, dwellings sales or
rental prices reflect the many distances and thus times and costs associated with traveling
those distances that are “chosen” by the household location decision.!”

Income in this_frameWork is not wholly exogenous; this is an important factor for
non-professional urban residents in particular. Where one lives sets in motion all sorts of
constraints on retail purchases, on recreation, and on available groceries. These

constraints of various travel distances affect many choices; even income tends to tip the

scale in favor of Tiebout-like similarity where residents, choosing from an array of

similar overlapping constraints, tend to cluster vis-a-vis more extreme Samuelson-like
markets where residents have very little in common beyond a few local amenities. But

these households, while they may have relatively similar incomes, cannot be

distance for a single-purpose trip to the local supermarket during rush-hour traffic versus the cost for a
multiple-purpose trip to the hair salon, grocery store, and the bank.

16 The specification of the IUF is consistent with the specifications of other IUFs that include the prices of
housing services and the prices of composite goods (Rapaport 1997), income (Ibid., Haab and Hicks 1997,
Sieg et al. 2000), household and community characteristics (Rapaport 1997 and Chattopadhyay 2000), and
Public and private goods (Rapaport 1997 and Sieg et al. 2000).

7 Individuals who maximize utility will rearrange their purchases of a particular commodity or urban
amenity until the marginal rate of substitution (or the slope of an indifference curve) between a composite
commodity and each desired characteristic of a dwelling is equal to the implicit price of that characteristic
(Hanley and Spash 1993).
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distinguished on a single dimension; this is the mistake made and realized by Rosen
(1974). Therefore, to model a neighborhood that questions the common v“one_
neighborhood, one type” assumption, I distinguish households into subgroups to segment
the housing market.

Segmentation of the housing market follows Freeman (1993) who says that either
supply or demand (or both) have to vary across market segments for multiple hedonic
pﬁce lines to exist. Similarly, Freeman argues that so-called “barriers to mobility” that
prevents arbitrage must exist so that one submarket is distinctly different from another.
From the list of potential barriers that may segment a single market, Home Park has
several seemingly important “barriers” in racial composition, geography, and income.

The question of how a household éan be excluded from participation in other
markets (and potentially purchase adequate housing at a lower cost) is paramount to the
concept of segmented markets. In ’Home Park, two distinct ethnic enclaves (Muslims and
Southeast‘ Asians) and an emerging third (Hispanics) live close togethér, reflecting the
importance of having a “community” in a potentially “foreign” country. This poses
potential_lirﬁitations on the housing stock that is available to households looking to locate
to Home Park. If race is a systematic'bar;‘ier that prevents otherwise qualified households
from purchasing in the neighborhood, tﬁen the housing market would be segmented by
race.

However, this -is not likely the only baﬁ*ier’ that segments the housing market.
Other barriers include geography and income. -From discussions with neighborhood

residents, there seems to be a mental barrier that separates those who live north of 14™

Street (North Home Park) from those who live south of 14™ Street (South Home Park).
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~ As an example, those who live in North Home Park and walk their pets do not seem to
cross into South Home Park on a consistent basis. As I explain in Chapter 5, this
phenomenon seems to favor the conversion of a vacant parcel in Home Park to a green
space opportunity for North Home Paik residents. And, for those who choose to cross
the 14" Street “barrier,” two green space opportunities may be available. |
As for income as a bérrier that suggests market segmentation, renters typically
have a certain kind of dwelling in mind given their budget constraints.. So, to argue
generally that renters and_' owners have access to .the 'sar'ne kinds of dwellings is
‘misguided. While it is possible for some renters and owners to be “in the market” for the
same kinds of dwellings, income is likely the main barrier that determines the kinds of
dwellings available to these households. Given these barriers that suggest market-
segmentation and the IUF as soeciﬁed, the possibility exists that each household may
face a different implicit marginal prioe for each good, including common market goods
~ like food and clothing. Then, if households exhibit similar implicit prices for the same
dwelling characteristic‘s and local amenities, it may be possible to specify more than one
hedonic price surface in a single neighborhood. : |
So, what if a city planner ;assumes Tiehout-like homogeneity in her work at the
neighborhood leyel (which translntes i_o V,.‘e,-é;,bo,;wod for full aggregation) when ac_tually
households can be distinguished into ‘different subgroups that are more homogeneous
than the entire sample of householdoj toornewhere between Vieighborhooa and V;)? This is
the essenoe of the aggregation proble?m; how. can unique households, which have unique
preferences for unique housing bundles, be modeled in a manner that implicitly assumes

that all households are similar enough in some way to be perfectly aggregated into a
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single group? The answer may be “by just assuming that TUFs are identical for eaéh
household in a given ‘type’ if my sorting process tells me so.” If thi.s is the case, then the
complexity of the housing purchase decision as a complex hedonic good lends. support to
both aggregation theories: perfect neighborhood aggrégability a la Tiebout (1956) at one
end of the continuum requires the researcher to have fuil inféﬁnétion on households, their
puréhasing behaviors, their travel habits, etc.; c;onversely, impénefrable disaggregation a
la Samuelson (1954) at the other end requires little information as all households are
different and must be modeled differently. Figure 2 illustratés the role that information

plays in these various degrees of aggregation.

Extreme Samuelson (1954) : Extreme Tiebout (1956)
No ﬁmctional form problems Large functional form problems
No information learned Full information learned

No household aggregability Full household aggregability

Figure 2 The Role of Information in Household Aggregation

3.3 Identifying Household “Types”
3.3.1 Data Requirements and Estlmators L

In the sorting process to be descﬁbéd later, households only face the exact same
set of margmal prices if they are sorted”mto the same type. If this occurs, then a single

type will emerge from the sorting process Whlle it is possible for all households to face

the same marginal prices for all mdependent variables in the hedonic regression model,
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my intuition tells me that households that systematically differ in multiple dimensions
will have different marginal prices for the majority of variables in the model.

The next step, then, is to devise a method that permifs one to use the detailed data
obtained from a household survey to aggregate households into “types,” allowing for the
- possibility that all households could sort into a‘single type thet requires single-line
equation analysis (for example, OLS or GLS‘models). Here I describe the process used
to find a common ground between these two extremes of the aggregability continuum so
that households can be sorted into statistically aggregable “types.”

Location theory tells me that households will lecate to jurisdictiohs that ﬁave the
best set of amenities and public goods among all alternative jurisdictions; this location
decision, though, does not guarantee a perfecf expression of preference orderings over all
goods and amenities. But, if “the provision of local public goods mirror[s] that of an
efficient private market”, then households sort efficiently into jurisdictions (Tiebout
1956)."® This suggests that when households have more neighborhoods from which to
choose, they can_.choose simultaneously the dwelling and neighborhood that provide the
best bundle of characteristics, services, fegtures, amenities, etc. over all others.

Housing hedonic studies that seek to estimate marginal implicit prices fof a
“community” generally have no cqnfcems about aggregation, as they are only interested
in marginal prices across a set of households regardless of their differences ih tastes,

which are. handled econometrically by corrections for heteroskedasticity or spatial

18 Goodman (1978) found significant differences in the mean attribute levels and mean attribute effects
across a single metropolitan area (New Haven, Connecticut Metropolitan Statistical Area), which supports
the existence of spatially segmented housing markets within a single area in the Tiebout tradition.
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weights matrix approaches. However, if I assume that households in a given study area
(neighborhood, school district, tax district, etc.) are not similar enough to fully aggregate
into a single group for analysis purposes, what am I supposed to do? Forego my theory
to satisfy those researchers who ask a different question? The answer is to identify the
groups of households, identify the data 'requiremehts for aggregating households, and
“choose an appropriate estimator.
First; to avoid the problems associated with a priori defined groups, household
“types” are defined endogenously through a sorting process. Defining types
endogenously permits households to sort themselves into groups based on the data
instead of arbitrary classification strategies by the researcher(s). Second, the data
required for this exercise are much more specific than those required for earlier hedonic
~ studies that assume that households have homogeneous preferences and/or that they live
in the same neighborhood or school district.  The data required to distinguish households
include households’ demographic . eharacteristics and attitudes toward certain
neighborhood features (data that Tiebout said could_} distinguish one jurisdiction from
another), which are used to support the claim that the location of a particullarty'pe of
household to a particular Jurrsdlctlon (or nelghborhood) does not mean automatlcally that
all households in that nelghborhood can be reasonably described by a single rubric, nor
that all households can be aggregated 11nto a smgle cmzen-type (or “consumer-voter”
according to Tiebout) for analysis purposes.
This study has relatively more detalled demographic and attitudinal information

‘than any other study that I found. The 1nformat10n is enough to permit the aggregation of

subgroups, but not enough to observe the implicit time and distance variables that would



allow different types to be fully aggrégated, even if all utility functions obeyed log-linear
substitutability. The data include variables that are important to the household location
decision, such as dwelling square footage, the number of bedrooms, the number of acres,
etc., as well as the distances to various local amenities, schools, grocery stores, and
shopping opportunities. If one rememberé that the household location decision affects
the implicit prices of all consﬁmable goods, how one spends her leisure time, the costs of
enjoying various a_rrienities, etc., she might argue that households with similar implicit
| prices for these goods and amenities will cluster together or share the approximate same -
neighborhood space. Most likely, though, households chooée to live in a particular
neighborhood for the amenities found there, the proximity to one’s workplace, and for the
neighbors who are “more like theh” than in other neighborhoods. So, within a single
neighborhood, my intuition tells me that it is reasonable to expect that households with
similar. demographic compositions are likely to have. similar attitudes towérd the same
neighborhood amenities and similar prefercnées for leisure time, goods consumed, local_
amenities, and housing space. While I have no formal test for this assertion, my intuition
would be disproved by a resﬁlt that ?ug’gests the prevalence of a single household type in
the neighborhood. In any case, the coefficient estimates derived from a regression model
that is the empirical translation c;f a theé"reticaily consiétent market segmentation exercise
for the Home Park housing market will be efficient.

‘Third, once household typés have been defined and data requirements identiﬁed‘,'
one must choose an approprjate estimator. In fhe case of a single houséhéld type, OLS
(or some GLS correction for heteroskedasticity) will be the appropriate estimator. In the_

case of multiple types, the location of these different types to individual neighborhood
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parcels suggests competition among them for the finite space in the neighborhood. This
competition between household types for various parcels is emblematic of the Seemingly

Unrelated Regression (SUR) estimator identified by Zellner (1962). The SUR estimator
is A+Er)= S Xry XS y* where f* is the estimated coefficient vector, £* is the
estimated error variance-covariance matrix, X* is the matrix of independent variables,

and y* is the vector of observations on the dependéht variable. Feasible GLS estimation

proceeds as the error variance-covariance matrix X * is estimated using OLS and then

used as a weight to obtain the coefficient vector B* (Greéne 2003, p. 342). Then, to

détermine whether the SUR estimator realizes. more efficiency gains than equation-by-
equation OLS, the off-diagonal elerﬁents of the error variance-covariance matrix are
tested for their statistical difference from zero with’a Breusch-Pagan test which, if
significant, means that tﬁe off-diagonal el‘evrhen:ts‘ are indéed non-zero and suggests that
the SUR estimator is more efficient than OLS. Without a lot of information about the
interrelationships between types, SUR has the advantage of correcting for an unmodelled

relationship between equation estimates, which makes it the most efficient estimator of

the two. In fact, as the correlatic?ns between the independent variables get stronger, the
SUR estimator provides ever mor%: efficient estimates than equation-by-equation OLS.
Two examples illustrate t%le uses of SUR. The first example appears in Zellner
(1962) and is réﬁned by Kmente{ (1986). In a monopolistically competitive mérket of
differentiated goods, the supply: deciéion of one firm is conditioned on the supply
movements of other distinct and imperfect substitutes. The same technology factors may

affect production at each firm, but the individual firm’s choice to accelerate production

requires that the movements in the other firms be tracked simultaneously. Without the
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full system estimation of the demaﬁd for each different product similar to that described
in Intriligator (1978), or a key substitution parameter provided exogenously (Krugman
and Smith_ 1994), the relétionship between output decision choices does not require (or
meet the rank conditions for) a full simultaneous systems estimation, yet the competitive
conditions between the purchasers mean that these seemingly independent choices are
indeed related. |
A second example is food demand 'systems whverelweak.ly separable groups of
food items cdmpete for Scérce budget resources. For example, fish, pork, beef, and
chicken serve as good types in a protein group that is considered weakly separable from,
say, food staples. Each demand equation appears independent as it responds to its own
price, to total expenditures over the group, and to the cross-prices of close substitutes
(other food items in the group). But, the unexplained portion of éach regression equation
is related to the unexplained pbrtion of every other equation. Similarly, in the housing
market modeled here, the household types active in the market individually demand a set
of attributes that makes a given space attractive. Yet as types bid for the same space,
competition dictates that the unexplained portion of revealed choice to purchasé a givén'
parcel at a given price is related to. the uhexplained portion of revealed choices by the
other active consumer types in that ma'rket. So, the competition for space among
different household types indicates ‘that the SUR method of system estimation is
appropriate for this exercise.
Tb my knowledge; this is the first paper that uses detailed household lev.el data to

identify statistically aggregable subgroups of households from the sample and then to
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estimate a marginal price schedule for each household type.” Tho data on Home Park
residents show that very different kinds of households (in terms'of income, why they
moved to the area, etc.) live in the neighborhood and share a bUndle of attributes that -
each values differently. So, I argue that different types of households can reside in the
same jurisdiction, neighborhood, or other defined spatial area, each with a certain set of
preferences for certain neighborhood features that entice them to locate to the
neighborhood. To determine whether different household types.exist in the same
neighborhood space, a sorting process -must be usedv to distinguish one “type” of
household from another. I do not claim a priori knowledgé of the number of household
types that are statistically aggregable in this neighborhood, so I limit the amount of bias
introduced into this process by iteratively estimating the number of endogenous

household types in the neighborhood.

3.3.2 The Iterative Household Sorting Process

The challenge to endogenize the definition of a household type flows from the
aggregation problem itself. Rosen (1974) holds in the limit that households cluster or
organize into distinct entities of oﬁe element only. Even if many households have similar
preferences and choose to purchaso rélutiyoly similar houses, the vector of characteristics
that induce the unique household:ito | purchase its individual dwelling .is unique'to that

household. Unlike uniform market‘goods, each dwelling is distinct and will, if sold, go to

19 The model presented by Hoyt and Rosehthal (1997) is close to what we model here. Their data from the
American Housing Survey, however, do not permit them to determine whether households sort efficiently
at the community level, but only at the street level. Despite this, their sample is comprised of clusters
around particular houses, not of households across a single contiguous space. :
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the household offering the highest bid for the particular bundle of characteristics
possessed by that dwelling. If a class of buyers that shares many common preferences
' pursues an artay of similar houses, then sorting household preferences (to the particular
houses best suited to those. preferences) becomes a restatement of the aggregation
problem itself, as similar households with similar preferences pursue similar bundles of
housing characteristics. In this way, the problem of full aggregation can be reduced if -
households can be sorted into types.
To start the household sortmg process, I assume that groups of households in
Home Park have similar enough charactenstlcs and att1tudes to be aggregated into
discrete and finitely numbered “types”. Just as Tiebout (1956) proposes and Goodman
(1978) empirically supports that homogeneous households would sort themselves into
jurisdictions based on sets of public goods, I argue at the intra-neighborhood level that
different types of statistically aggregable households can locate into a single
neighborhood, which can be perceived to contradict Tiebout (1956). I speculate that
some households will value oositively a local amenity viewed by others as negatively
related to sales price, and vice versa, but that as ahundle enough similarities exist to sort
~ households into statistically aggregable types I assume that aggregation problems do not
exist within types, implying common demand functlons among households of a particular
type..
To begin, I have a large set of potential .variables (75 of them) to explain sales
price variation, the ultimate goal df this exetcise. Given the sample size (n = 400), the
use of all 75 variables to explain sales price variation violates the minimum sample size

requirements determined by Griffiths ef al. (2002). Plus, I do not have a strong
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theorctical reason for including the demographic and attitudinal variables as explanatory
variables for sales price. So, to initiate the sorting process, I use principal cbmponents
analysis (PCA) to reduce the dimensionality of the data set and identify “groups” of
households wifh similaﬂﬁes in demographic characteristics and attitudes.?’ 'PCA creates
factors (subsets of a larger set of Avariables) of the demographic and attitudinal variables
found in Téble 1 that explain significant amounts of the correlation between variables, or
“clustering”ramong demdgraphic and attitudinai variables.?! Formally, the first principal

component y; is a linear ‘combination- of the set of variables x;

i=1

(yl =Gy X+ apX, o4, =5:al,.x,) ”such that the variance of the created factor is

maximized given the constraint that the sum of the squared weights is equal to one”

(i al = 1] (Dunteman 1989). Otherwise, the variance (ii a,.ajo;.j] of the linear

i=1 = A

composite(i a,.x,.J , where oy is the covariance between the i and j™ variables, is
i=1 ‘
made artificially large by the selection of large weights (Ibid.). In other words, PCA |

locates the weight vector (a) that maximizes the variance of the linear composite given

2 Other options to initiate the sorting process include factor analysis (also known as cluster analysis to
some) or logit models. Factor analysis has a key underlying assumption “that the i variable in the variable
set x; can be expressed as a linear combination of hypothetical unobservable common factors plus a factor
unique to that variable” (Dunteman 1989, p. 56). This, coupled with the fact that principal components
analysis focuses on the decomposition of the total variance of a set of variables, is why factor analysis is
not used. As for logit models, usually employed in the analysis of time-series data, the dependent variable
would be “types” (yes, no — are you classified as a Type A household?), which would be updated through
the sorting process instead of households sorting based on similarities in implicit prices for dwelling
structure characteristics and neighborhood features.

2L PCA is used regularly in other literatures (e.g. see Huettman and Diamond [2001] for an example of PCA
used to classify bird species by characteristics of birds). Generally, though, economists believe the use of
this technique is too arbitrary. Yet a search of EconLit on 3/5/2003 found 162 articles that use the
technique, 50 of them since Jan. 2000.
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the constraint that all squared weights must equal one. In this way I explain the most
amount of covariance or correlation between the variables using the fewest number of

components.
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Table 1: Variable List

Demographic and attitudinal variables (from housing survey) used in the PCA:
Total Household Income (IV); multinomial

Race of the respondent (IV); dichotomous (O=non-white, 1=white)

Number of adults in the household (IV); interval

Number of children in the household (IV); interval

Education level of the respondent (IV); multinomial

Age of the survey respondent (IV); continuous

Sex of the survey respondent (IV); dichotomous (O=female, _male)

Is the house owner-occupied? (IV); dichotomous (0=no, 1=yes)

Is some part of the house rented? (IV); dichotomous (O=no, 1=yes)

“What pamcular features attracted you to Home Park?” (Please see AppendzxA Jor the complete list of questions.)

Dwelling Charactertstzcs (from housing survey and Metropolitan Atlanta Multiple Listing Service) used in the SUR:
Rental/Selling price of house (DV); continuous in unadjusted dollars ‘ .

Square footage of the house (IV); continuous in square feet

Number of bedrooms (IV); discrete

Number of baths (IV); discrete

Year of last sale (IV); discrete;

Age of the structure (IV); continuous in years

Is the dwelling at or above street level? IV); dichotomous

Spatial features (from GIS) used in the SUR:

Road network distance to nearest brown industry (IV); continuous in meters

Road network distance to child care facility (IV); continuous in meters -

Road network distance to nearest church (IV); continuous in meters

Road network distance to Home Park, Piedmont Park) and playground (IV); continuous in meters
Road network distance to Piedmont Park (IV); continuous in meters

" Road network distance to nearest elementary school (IV); continuous in meters

Road network distance to local convenience and ethnic grocery stores (IV); continuous in meters
Road network distance to nearest retail opportunity (IV); continuous in meters

Road network distance to nearest commercial opportunity (IV); continuous in meters

Road network distance to nearest public transportation bus stop (IV); continuous in meters

Road network distance to Georgia Tech (IV); continuous in meters

Road network distance to Feminist Women’s Center (IV); continuous in meters

Adjacency Variables (Yes or No dichotomous variables created from GIS) used in the SUR:
“Do you live adjacent to a renter?”

“Do you live adjacent to a homeowner?”

“Do you live adjacent to a student?”

“Do you live adjacent to a college graduate?”

“Do you live adjacent to a household that wishes to move in the next two years?”

“Do you live adjacent to a household that wishes not to move in the next two years?”

“Do you live adjacent to a household of a different race than your own?”

“Do you live adjacent to a household that has made home improvements in the last two years?”
“Do you live adjacent to a household that chose Home Park for its proximity to Georgia Tech?”
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My a priori éontention is that households with similar démographic
characteristiés and similar attitudes toward the same neighborhood features are likely to
have similar implicit prices for the same neighborhood amenities, which means- that
implicit prices will be more efficient than those estimated via OLS given that the
households in each type are statistically aggregable and the true prices differ between
types’ markeis. Groups deterrhined using PCA allow the observations to sort into groups
with other households of demographic and attitudinal “similan’ty,” as will become
apparent throughout the sorting process. So, from the PCA, 24 principal components or
| factors f; are returned, meaning that 24 different orthogonal linear combinations of the
variables explain correlation clusters among the set of variables.”> Included in these
variables are some demand shift variables like income and the number of children; some
choice variables like education level and whether or not to be a renter or an owner; and
others. One of the caveats of using all of these variables is that the results might differ by
using the non-choice variables only. Preliminary runs of thé PCA model indicate that the
number of demographic and attitudinal variables used caused some but not discouraging
variation in the eigenvalues of the top eight factors.

The choice of the number of components to use is debatable. The concern is that
having too many groups of households prevents us from obtaining useful information
with such a small sarﬂple size (n = 400). Using the Kaiser (1960) criterion, all principal

components with an eigenvalue, A, greater than or equal to one would be retained; using

the Jolliffe (1972) criterion, factors with A = .7 would be retained; and using the Cattell

2 An equal number of components is created as there are variables. If a variable v, can be expressed as a
linear combination of other variables (v,, v3, v4) in the data set, only then is the dimensionality reduced by
. the number of variables on the righthand side (3). -
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(1966) criterion, a ;‘scree” graph of the eigenvalues is used to detérmine' arbitrarily tﬁe
“steepness” of the line that runs between two graphed eigenvalues, with “steeper” lines
corresponding to factors that are retained. To select the nﬁmber of factors to retain, Tuse
the eigenvalues and eigenvectors of the correlation matrix of demogréphic and attitudinal
variables along wifh Figure 3, a “scree” graph that diéplays the eigenvalues for the first -
14 principal components. Since eight factors have eigénvalues greater than one and
explain 65.4% of the variance of the total set of variables, and since the additional
variance explained by each subsequent factdr tends to dissipate between components 7
and 10, I feel confident in drawing a cut-off point at A > 1. These principal components

and their factor loadings are detailed in Tables 2a and 2b.

Eigenvalues

T T T
5 10 15
Number

o-

Figure 3 — Graph of Eigenvalues

2 Please note that the A used here to model eigenvalues is not the same A used to illustrate the shadow
prices in the utility maximization model.
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Table 2a — Statistics for the Principal Components

R’ value in

Compone | Eigenvalue Proportion of Cumulative Mean
nt Variance Variance (Standard SUR model
Explained Explained Deviation)
1 5.17 215 215 6.24e-10 .07
(2.27)
2 2.46 102 318 -2.39¢-09 A5
: (1.57)
3 1.63 .067 .386 -1.53¢-09 .07
' (1.27)
4 1.56 .065 451 -1.16e-09 .08
(1.25) »
5 1.37 .057 508 -1.08e-09 A2
(1.17)
6 1.24 .052 .560 - -1.95¢-09 .05
(1.11)
7 1.14 .047 . .608 3.03e-09 A1
(1.07)
8 1.09 045 .654 8.50e-10 .08
(1.04)
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Table 2b — Eigenvectors for Top 8 Principal Components

1 2 3 4 5 6 7 8
Renter/Owner .33 .02 .08 .06 .05 A9 |- 18 .08
#Adults -27 .04 -.04 -.08 .33 .39 -.01 .09
#Children .09 -11 27 .06 A7 19 -.30 -.07
#Adults Work -17 -12 -.03 -.05 47 42 -.00 .19
Respondent’s Age 32 .30 .02 .03 A0 -.09 -.07 .06
Respondent’s Sex -.02 -06 1 ;14 21 -12 16 54
Dwelling Tenure 23 41 .01 .04 .04 .09 -.06 .01
Race .21 -.00 -.24 -14 -.20 A7 -15 19
Employed Full Time .29 -35 | -.01 -.02 .00 .05 -.10 -.01
Student -.38 10 -.00 .01 -.04 .00 .08 -.04
‘Retired .14 .40 .04 .08 .08 -.16 .05 A8
Education Level .02 -27 | . .27 .20 .27 -.28 10 -.08
Income .32 -26 | ..10 .10 .08 -.00 .09 A1
Crime .00 -.00 .35 -.64 -.06 -.10 .23 17
Environment .06 -11 -.61 .00 .24 - 11 .05 -23
Education Issue - 10 -.07 18 .59 -.31 A5 -17 18
Social Security 07 | .32 .07 10 .27 A2 -22 -.24
Politics - -.00 -.09 -.04 A1 .35 -37 A1 -.00
Close to GT -.34 .02 A2 .06 -.05 --.05 .01 -.01
Investment .21 -.02 -.06 .08 -.00 .34 45 .03
Potential
Tree Cover -.02 -.03 -35 .02 .01 =22 -.26 48
Near Park .04 -11 -10 A7 -15 10 .38 -.24
Near MARTA -.02 .23 A0 A3 18 -.14 - .16 - 17
Near Work A3 -22 18 - 15 .09 .04 -.40 -21
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Using these eight factors, each household is assigned to the group that best
correlates the demographic and attitudinal variables for household j to the factor f;. The

process assigns each household into a group G based on the following statistic: G = i for

=i _Jil wherei=1,2,..., 8. The statistic is the absolute value of the normalized
s

Min fi- f’

i
difference between the éctual and the mean factor scores for each observation, where s; is
the standard deviation from‘ the mean. This initial assignment is the starting point for
further sorting into a typology‘ of hecionic deniands.

 However, the fact that eight different significant orthogonal principal components
emerge tells us nothing more than eight different linear combinations of the demographic
and atiitudinal variables explain signiﬁcant amounts of the covariance among these
variables. As a second step used to determine the number of household “types” that live
in Home Park, the additional information that I have on households (sales price,
structural characteristics, local amenities, etc.) is used in a seemingly unrelated regression

(SUR) model that accounts for information asymmetry (households looking to locate to

Home Park compete for the same space, but may not have full information on local
amenities or dwellings for rent or sale, which might reduce their perceived feasible set of
alternative housing sites), demand shocks that affect all households regardless of type,

and correlated error terms between the household types.

The aggregation problem alluded to earlier is not resolved simply by explaining:
the covariance among a set of demographic and attitudinal variables. The goal here is to
explain dwelling sales price variation among the groups of households in an alternative

way. To accomplish that goal, households are allowed to sort into “groups” via PCA and
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then iteratively re-sort into “types” based on the SUR model, so that households with
similar beta coefficient vectors (which reflect similar marginal prices for dwelling
characteristics and neighborhood features) are sorted into the same type. What this
suggests is a segmentation of the Home Park housing market in such a way that multiple
hedonic price surfaces exist in a single neighborhood. Given the previous discussion on
the competition for space émong households, it seems possible that a given space, say a
city, can accommodate different types of households. Then, the random selection of a
neighborhood from that city will reveal different sets of households that pay different

amounts implicitly for certain amenities provided publicly by the local government.

But, Tiebout (1956) homogeneity suggests that these households will be s'imilar,
but gives no indication of what “similar” means — does it mean similar in demdgraphic
terms, or similar in attitudes? It is likely that these households consume different

. amenities in the area with different intensities — some will walk‘ their pets everyday,
utilizing the city streets, sidewalks, and green space in the process, whereas others may

recreate in the green space once a month. The point is that his assumption of

homogeneity at the jurisdictional level never can be formally tested, just like I do not
have enough detailed data to determine the intensity with which households consume
local amenities. So, to 'extend theory, some assumptions must be made regarding the
meaning of homogeneity and similarity. This paper assumes that “similar” households
will have similar demographic characieristics, have similar attitudes toward certain
neighborhood features, and have. similar lévels of consumption intensity of local

amenities. If this occurs, then a first attempt to tease out the degree of similarity (in
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multiple dimensions) among a set of households in a particular neighborhood can be

accomplished.

- Some of the requirements for segmented markets across multiple cities include
different households in different markets (Palmquist 1984, Freeman 1993). This, albong
with a utility restriction (Ekéland, Heckman, and Nésheim 2002) or a segmentation of the
cos.t function (Freeman 1995), are the usual requirements for the identification of the
amenity demand function. In this paper, I assume that multiple markets exist (given the
“barriers” mentioned earlier in this chapter) and can be identified in a séparate analysis
before the first-stage hedonic regression model is conducted. This assurription seems
plausible due to several characteristics of the Home Park neighborhood. First, a high
percentage of renters (who also happen to be local university students) reside in the
neighborhood. Due to absentee homeowners and a prevalence of apartment units in the
neighborhood, the stock of rental housing is actually greater than the stock available to
homeowners. Also, it is unlikely that renters will be able to afford the same kinds of

dwellings as homeowners, who tend to havé households of larger sizes than renters that

require more living space and more bedrooms.

Second, related to the rer{tér/owner di;stin.ctibn,"income is Widely different among
‘households. Income, a kind of liquidity constraint, prevents renters from purchasing the
same kinds of dwellings as homeowners. Third, two Well known ethnic enclaves exist in
the Home Park neighborhood — a Muslim enclave in the central section and a Southeast
Asian enclave on the eastern section — and prefer to live near other households “like”
them. Finally,. zoning requirements imposed by the City of Atlanta limit the size of

parcels within the city limits. In a sense, PCA seems to be good mechanism by which the
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multiple differences between households are managed and seems to reflect the
consolidation of all of these different “barriers” into a coherent estimation of household

“groups” and then “types”.

Ekeland, Heckman, and Nesheim (2002) are quick to say, however, that -
theoretically consistent estimation does not presume segmented markets in the absence of
a “source of variation that makesv price functions differ when preferences, technology,
and the distribution of tastes and technology are common across markets” (p. 307). A
formal derivation of how a single market could attract multiple household types is
beyond the scope of this paper. In fact, no other paper in the hedonics literature has put
forth a formal proof of the existence of multiple hedonic nrice surfaces in a city, much
less a single neighborhood. Yet, space constraints imposed by the built environment,
coupled with the existing housing stock that caters to students and families, the old and
young, etc. provide enough motivation to informally ask the question if multiple

household types can exist in a single neighborhood.

Using the eight groups determined by PCA, an eight-line SUR model is run with

the log of selling prices of houses (from the housing survey) in a particular group
(predicted by PCA) regressed on tne same set of independent variables, which includes
structural characteristics of the dwellings (S), distances to various amenities such as open
spaces (D), and adjacency variables A (please see Table 1). Again, this particular model
is chosen because of the likelihood that the errorAterms from the system of equations (one
equation per household group estimated from the PCA) are correlated; alternatively, this
model is appropriate because small changes fo .a particular housing bundle may cause a

different type of household to occupy the: dwelling. Otherwise, one might naively run
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equation-by-equation OLS models on each type separately (see Kmenta [1986] for the
proof that OLS provides inconsistent coefficient estimates in the presence of correlated

error terms across equations). The formal SUR model (with eight equations) is

]nSP’.1 S,+D, +A, ’ e _ _ ﬁpé‘pW] 8:
B I B LR
In SP® : | : S;+D; + A, B b, | | &

Here, f, 6, and y are estimated parameters of S, D, and A, respectively. Also, the
expected yalue of the error varian.qe'-covaﬁarilcve matrix E(eiek') = oylr, where ¢g; is fhe
error term from the i™ equation, oy is the covariance of the error terms of the i and ™
equations, aﬁd It is an idenfify matrix of ord:er'i 400 x 400. Gréene’s (2003) proof, that
equation-by-equation OLS can be used to estimate the SUR model when the same.
independent variables are used fof each equation,.'vrests on the assumption that the
researcher has additional infomation on the relationship between each type of household
that can be used as “weights”, or using the variables to approximate the estimated
~ variance-covariance matrix of residuals. Therefore, a fully efficient GLS weight of an
OLS equation can approximate asymptotically the efficient SUR weights. Barring this
information, the SUR framework corrects for the rélationships between the three eguation '
estimates in an efﬁcienf and theoretically consisfent manner as a way to account for
cross-equation correlation of the error terms (where small changes to a housing bundle or
in infoﬁnation may cause a different type of household to occupy a particular dwelling).
Once the initial beta coefficient vectors have been estimated in the eight-line

model, the process re-sorts each observation into the household group category whose
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beta coefficient vectof best predicts the sales price for that observation. This process
sorts households ipto “types” based on the minimization of the absolute value of the
difference in the predicted and actual value§ of the dependent variable’(natural‘ log of
sales price) from the SUR ‘model, normalized by the standard error of the linear
prediction for each specified equation (which cén also be thought of as “the standard

“error of the predicted expected value or mean for the observation’s covariate pattem”

[Stata Reference Manual S-Z, p. 157); or Min I(ln P —1n P, )/ Gil’. i=1..8% In

essence, this statistic calculates the absolute noi‘malized diffévréhcé. between the beta
coefficient vector (and corresponding predicted dwelling sales privce) associated with a
particular group of households determined by PCA and the self-reported sales price of
dwellings. The importance of rescaling the absolute deviation statistic fof each
obsewation is analogous to the importance that a ¢ statistic plays for a regression
coefficient of .0001, which might be perceived as “insignificant” without normalizing it
by the standard error. |

It seems possible that the highest eigenvalues could become the basis for
household “types.” If this occurs, then thé PCA “groups” will transiate directly into SUR
“types” and I will see high R? values in the initial rounds of the SUR model. But, if these
PCA “groups” do not have similar implicit prices for dwelling structure characteristics
and amenities, then I might expect to see very low R? values. Also, while it seems

possible that grbups with large standard errors will fit “better,” this is ot the case; the

241 realize that the absolute value notation may distort the calculation of this statistic, as a negative number
‘subjected to absolute value will be different in natural log terms than a number that is positive before being
subjected to an absolute value transformation, a problem of nonlinearity. However, I am concerned with
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largest standard errors are associated with the largest eigenvalues from the PCA. But, the
two PCAs Witﬁ the largest eigenvalues do not become final household “types”, which
does not support that statistics with large standard errors will fit “better.” Please see
Table 2a for statistics on these principal components.

As an example of the process, say that a household is initially sorted into Type A
vbase'd on the principal components. Thén, after estimating the SUR model, say that same
household’s dwelling sales price is “best” prlained by the beta coefficient vector of
Type B households. As additional information (structural characteristics, etc.) is used in
the SUR process, households are permitted to re-sort into the types that best explain their
sales price so that the marginal implicit prices that emerge from the final SUR model are
consistent and more efficient than those obtained via OLS, a good proof of which can be
found in Kmenta (1986). After two iterations,.the model met the convergence criteria
(stop iterations when less than 1 percent of the households re-sort into a different type).
Table 3 shows the sorting process after the PCA stage and the SUR stage. The SUR do-

loop process sorted all but four households into the three final groups used to explain

sales price variation. These‘ four households were re-sorted into one of the final three
types. One interesting trend in Téble 3 is that the groups from PCA are ordered .from
highest to lowest eigenvalues. It.is interesting that the highest eigenvalues, which by
definition explain the largest am(;unt of variance in the demographic and attitudihal
van'ablés, do not become the “types” after the do-loop process. This suggests that the

principal components that explain the most demographic and attitudinal variance do not

raw differences between the predicted and actual sales prices, not necessarily the direction of those
differences. In future research, this is another area that will be explored.

63



explain sales price variation well; these components only show similarities in households
froma demographic and attitudinal perspective that are used to obtain the initial baseline

beta vectors used in the updated sorting process.
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Table 3: Sorting Process in Various Stages

Types After SUR Iterative Process

Groups from

A B C Total
PCA -
I 4 14 19 37
2 4 13 11 28
3 19 29 16 64
4 16 .50 20 86
5 10 18 19 47
6 , 27 17 52
7 2 12 28 42
8 21 16 44
Total 70 184 146 400
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CHAPTER 4

DATA AND RESULTS

In this chapter, I describe the limitations of publicly available data that spufned,
the administration of a housing survey to the residents of Home Park (please see
Api)endix A). Then, I describe the quality of the data and proceed to estimate a model
that explains saies price while correcting for heferoskedasticity and potential spatial

effects.

4.1 Data Acquisition, Quality, and Description

Existing secondary data sources [including the 2000> Census and Metropolitan
Atlanta Multiple Listing Service (MLS)] do not provide the information required to
adequately complete a spatial housing hedonic exercise at thé household level. Data
acquired from the MLS include tax parcel identification numbers; house values used for
taxing purpdses (assessed values); house squar'e-footage; the size (in acres) of éach
parcel; date of construction; the last‘sal'cs price; and the date of the most recent sale. To
complete the hedonics exerciég% addigioﬁal :déta; were ¢ollected by 1) the administration of
a survey to the residents of Home Park and 2) the construction of spatial variables using
ArcView GIS (geographric information system). First, a housing survey (please see
‘Appendix A) was administered to each dwelling in the neighborhood in August 2002 to
September 2002, from which the demographic and attitudinal variables were colleéted.
Only one survey per household was recorded (the first one I receivéd), as some residents

received more than one survey. I received 273 completed surveys after Round 1
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(including the test round), another 127 surveys in Round 2, and the final 20 surveys (used
for the out-of-sample comparison) in Round 3. Then I obtained structure characteristics
data for dwellings in Home Park from the MLS through special internet access granted to |
me in October 2002. But, with an ever greater emphasis placed on the explicit
incorporation of space into hedonics models, I used resources ih th.e Georgia Tech Centér
for GIS (Subrahmanyam Muthukumar in particular) to generate the road network"
distances to various features, such as parké and commercial opportunities. The explicit
incorporation of space follows a current -trend in the literature (McLeod ' 1984;
Kulshreshtha and Gillies 1993; Benson et al. 1998; Irwm and Bockstael 2001 and 2002;
Paterson and Boyle 2002) to incorporate more GIS data inté hedonic property value
models. |

Another important research area is the role that amenities play in the household
location decision. Generally, households will éhoose a location that is “near” cultural
amenities, entertainment and recreation opportunities, and others. Clark et al. (2002)
argue that “a residential population of young professionals with more education and
fewer children creates a social profile geared toward recreation and consumption
concerns,” which values highly “a cultural center offering diverse, sophisticated and
cosmopolitan entertainment lacking elsewhere” (p. 500). Similarly, recent findings show
that cities with more gay men tend to have more amenities than other cities; and that
'arlnenities and gay men are some of the strongest predictors of high-technology job
growth (Black et al. 2002; Florida 2002). This is particularly important for the City of
Atlanta, which has a relatively large gay population, high-technology job growth, and

many families with relatively fewer children. For these reasons, the impécts‘of local
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amenities on the household location decision process are incorporated into the empirical
analysis via the attitudinal variables (please ’éee Table 1). In addition to attitudinal
variables, the other variables used for this study can be classified as dwelling features,
demographic variables, spatial variables, and neighborhood features. -

The response rate for this study was 51.2 percent (400/781). Of those who
responded, 64.5 percent are renters and 35.5 percent are owners. The descriptive
statibstics for tﬁe full salﬁple (Table 4a) show that the aver‘age household in Home Park
has 2.6 adults and‘0.13 children (only 33 households in the sample, or 8.2 percent, have
any children). The average survey respondent is 33 years old (the median age is 28), n.ot
surprising giVen the prevalence of college studenfs in the neighborhood clustered in the
20-25 age bracket and the percentage of retired personé in the rieighborhood (5 percent).
65 percent of respondents to the survey were male. The average resident has IiQed in
Home Park slightly longer than five years; is white, has at least an undergraduate devgree,
and makes between $25,000 and $34,999 per year. Approximately 34 percent, 26

percent, 32 percent, and 7 percent of Home Park residents feel that the most important

issue besides national security is crime, the environment, education, and Soci}abll Security,
respectively. This variable limits the responses only to one of these four options for’A
survey response rate reésons; so these possible answers may not necessarily be the single
most important issue to these househélds besides .national security. Overwhelmingly,
Home Park résidents (57.7 i)ercent of them) »chose to live in the area because of its
proximity to Georgia Tech. Also, more residents chose their particular dwellings based
~on the number of bedrooms (38 percent) than any other factor. Finally, 50.7 percent of

homeowners have made at least $10,000 in improvements to their homes over the last
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three years. This in part accounts for.the average markét price of homeowners’ dwellings
($223,917).

Block level Census data (for Census Tract 10, Block Group 2, and Cehsus Tract 6,
Block Group 1 that comprise Home Park and a few streets outside the neighborhood that
are comprised of mostly commercial and fetail enterprises) tell me that 82.2 percent of
individuals are renters,vthat 29.3 percent of residents are between the ages of 15 and 24,
that 40.6 peréent of residents are between the ages of 25 and 34, that 59.1 percent of
residents are white, and thatv29.4 percent of residents are Asian. In general, the Census
block group data suggest that I may have oversampled the owners in Home Park (who are
older on average than_ renters), the white persons in the neighborhood (as the white
roomﬁates may have completed the survey even though they havé roqmmates of other
races), and older households (which corresponds with oversampling the owners). This
may have occurred because of language barriers, particﬁlarly with the Muslim households
that do not understand the English language very well, and the possibility that younger

students may not see the merit in completing the survey.

In general, I believe these statistics have remained fairly stable since the 1996
Summer Olympic Games, When é large influx of dollars was directed at nearby
neighborhoods and Georgia Tech. Also, with the debates on school quality raging in
Georgia and throughéut the United States, I should point out that all Home Park
households are l‘ocated in the éame schopl district. ‘So, school quality does not vary and

would add nothirig to the analysis.
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Table 4a: Descriptive Statistics on Full Sample of Survey Respondents

Variable (400 obs.) Mean Standard Deviation

Rent/Own (Renter = 0, Owner = 1) .35 47

Current Market Value of Dwelling 148115 69400
High School Graduate (Yes = 1) .09 .29
College Graduate (Yes = 1)* .66 47
# of Adults in Household 2.62 1.51
# of Children in Household 13 Sl

Age of Survey Respondent 33.44 14.44
Sex (Female = 0, Male = 1) .65 47
Dwelling Tenure 5.09 10.21
Race (Non-white = 0, white = 1) 72 44
Employed Full Time (Yes = 1) 43 .49
Student (No =0, Yes = 1) 45 49
Undergraduate Student (Yes = 1) 23 42
Graduate Student (Yes = 1) .19 39
Retired (No =0, Yes = 1) .05 23
Dwelling Year of Last Sale 1992 6.59
Politically Conservative 21 40
Politically Moderate 47 .50
Politically Liberal 31 .46

* Note that “High School Graduate” denotes only those survey respondents who have a high school
education. If the question were the percentage of households with at least a high school education, the
answer would be approximately 80 percent.

4.2 Results

To réiterate, principal components analysis (PCA) performed on demographic and
attitudinal variables created factors (categorizations of residents) that were used to sort
households into types. These baseline types were ﬁsed as guides for the sorting process
that used the SUR iterative model._ Then, after the SUR iterative process, which Had two
itefations, households sorted into three types (némed A, B, and C from this point
forward), the descriptive statistics of which can be found in Table 4b. Also, Tables 4c
and 4d display summary statistics vfor‘ each household type by student status and by

owner/renter status.
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Table 4b: Descriptive Statistics by Type

Type A Type B » Type C
(70 observations) | (184 observations) | (146 observations)
‘Mean Std. Mean Std. Mean Std.
. Dev. Dev. Dev.
Rent/Own (Renter= 0 Owner= 1) 18- 39 26 44 . .55 49
Current Market Value of Dwelling | 126582 | 61120 | 134926 | 61173 | 175060 | 74680
High School Graduate (Yes = 1) .14 35 .07 .26 .09 29
College Graduate (Yes = 1)* 47 .50 .61 48 .80 40
Age of Survey Respondent 31.43 14.90 32.37 14.35 35.74 14.12
Sex (Female = 0, Male = 1) .63 47 .64 47 .67 46
Dwelling Tenure 4.02 8.21 5.34 11.62 5.28 9.16
Race (Non-white = 0, white = 1) .85 35 .73 44 .65 47
Employed Full Time (Yes = 1) 34 47 .36 48 54 49
Student (No =0, Yes = 1) .50 .50 52 .50 33 47
Undergraduate Student (Yes = 1) .35 48 28 45 .10 .30
Graduate Student (Yes = 1) A1 32 ".22 41 20 40
Retired (No=0, Yes = 1) .07 25 04 .20 .06 25
Dwelling Year of Last Sale 1992 6.30 1991 6.88 1993 6.30
Politically Conservative 28 45 21 41 17 37
Politically Moderate 40 .49 47 .50 .50 .50
Politically Liberal .31 46 30 46 32 46
R
Dwelling Square Footage 1299 474 1322 | 577 1361 496
Number of Beds 272 .86 2.15 .58 2.50 a7
Number of Baths 1.32 .50 1.26 49 1.39 .68
Number of Acres W17 09 22 .19 25 45
Distance to Nearest Commercial 528 169 596 216 477 .169
Distance to Home Park green space 446 289 545 234 556 280
Distance to Piedmont Park 2528 205 2514 244 2451 - 185
Distance to Georgia Tech 1293 196 1285 238 1314 210
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Table 4c: Selected Means by Type and Student Status

Type A Type B , TypeC
(70 observations) | (184 observations) (146 observations)
Student? (# of observations) Yes (35) | No(35) | Yes (96) | No(88) | Yes(49) | No (97)
Rent/Own (Renter= 0, Owner= 1) .05 31 .02 .52 12 a7
Current Market Value of 113485 | 139679 | 112406 | 159494 | 122946 201386
Dwelling
High School Graduate (Yes = 1) .00 28 .00 .16 .00 14 .
College Graduate (Yes = 1) 34 .60 48 .76 71 .84
Age of Survey Respondent 23.00 39.86 23.69 41.85 25.67 40.82
Sex (Female = 0, Male = 1) .66 .61 © .64 .65 73 .64
Dwelling Tenure .98 7.07 1.14 9.92 1.65 7.12
Race (Non-white = 0, white = 1) .82 .88 57 91 24 .86
Employed Full Time (Yes = 1) .00 .68 00 a7 .00 .82
Retired (No =0, Yes = 1) .00 .14 .00 .09 .00 .10
Dwelling Year of Last Sale 1992 1992 1991 1991 1992 1993
Politically Conservative 22 .34 18 23 18 .16
Politically Moderate 45 34 53 42 42 .54
Politically Liberal 31 31 28 34 .38 28
Table 4d: Selected Means by Type and Renter/Owner Status
Type A Type B Type C
(70 observations) | (184 observations) | (146 observations)
Rent/Own Status? (# of obs.) Renter | Owner | Renter | Owner | Renter | Owner
: (57) ~(13) (136) (48) (65) (81)
Current Market Value of 102314 | 232991 | 106411 | 215718 | 109938 | 227319
Dwelling
High School Graduate (Yes = 1) 12 23 .02 22 .06 a2
College Graduate (Yes = 1)* 43 .61 .60 .66 75 .84
Age of Survey Respondent 27.79 47.38 217.31 46.72 28.10 41.86
Sex (Female = 0, Male = 1) .59 .84 .67 .57 75 .61
Dwelling Tenure 1.93 13.19 1.58 15.98 1.73 8.14
Race (Non-white = 0, white = 1) .84 92 .64 97 38 .87
Employed Full Time (Yes = 1) 31 46 26 .66 .29 75
Student (No =0, Yes= 1) .56 15 .67 .04 .66 .08
Undergraduate Student (Yes = 1) 43 07 .38 .02 .18 .03
Graduate Student (Yes = 1) 13 07 29 .02 38 05 .
Retired (No =0, Yes = 1) .03 23 .007 14 .01 11
Dwelling Year of Last Sale 1992 1991 1991 1991 1990 1995
Politically Conservative .28 30 .18 29 .15 .18
Politically Moderate 42 .30 5 41 44 .55
Politically Liberal 29 38 31 .29 40 .25
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The three types of households predicted by the model are distinct, as one might
expect from a non-clustering, self-organization process in a particular neighborhood.
According to Table 4b, Type A households are generally white male student renters who
have lived in the area an average of four years. Type B households on average are mostly
renters comprised of white males in their early to rhiddle 30s who have livéd in the area
for an average of five years. Finally, Type C households on average are owners that also -
are the most racially diverse group of the three types. Generally speaking, though, Type
C households are mostly white (despite the racial diversity), employed full-time, and, as
expected, have the relatively highest éducation levels ahd dwelling sales prices of Home
Park residents (since they are primarily established homeowners). Note that the sorting
on demographic characteristics and attitudinal variables was used to provide a starting
point for the SUR iterative process instead of the atheorefical random assignment of
households to groups. Despite this, there may be a slight interpretation problem here, as
types of households were determined based on the “best” fitting hedonic price lines,
which implies that prices and housing attributes are the primary sorting criteria.
Nonetheless, these are the general characteristics of the three final types of households
that emerge from the SUR iterative process.

As everyone knows, starting points matter; this may be viewed as a fundamental
limitation of the approach used in this paper. In any case, the goal is to get beta
coefficient estimates that reasonably describe an aggregable group of households, defined
by demographic characteristics and attitudes toward certain neighborhood features. The
possibility exists that households in other PCA determined groups may not be classified

with other households that have similar implicit prices for the same dwelling structure
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characteristics. This is the feason that I re-sort households into the group whose |
corresponding beta coefﬁcient vector best minimizes the normalized difference in actual
and predicted sales prices. This method .assures me that the households within each of
the three final subgroups have identical (though nonlinear) implicit prices for cach of the
independent variables.

‘An interesting statistic I see here, moving from Type A to Type C households, is
the chaﬁge in the kind of student that sorts into each type. Type A households, 50
percent of which is students, contains 35 percent undergraduate and 11 percent graduate
- -students, respectively. Then, moving to Type C, I see that fhe percentage of
undergraduate students falls and the percentage of graduate students rises. Considering
the average tenures of each type, this result is consistent with thc fact that graduate
students tend to take longer to finish their degrees than undergraduates. This trend is
supported by contingency tables that sort households by type and student status (please
see Table 4c¢).

Another way to look at the demographic differences is to distinguish renters from

homeowners. Table 4d shows me that 59 percent of renter survey respondents in Type A
were male, compared with 67 percent and 75 perccnt in Types B and C, respectively.
Also, 84 percent of Type A renter respondents were white compared with 64 percent and
38 percent in Types B and C, respec.tively. Finally, 31 percent, 26 percent, and 29‘
percent of Types A, B, and C rentcr respondents, respectivcly, were emplcyed full-time;
‘and the trends conceming the type compositions of undefgraduate and graduate students
-also hold when statistics are examined by whether a household rents or owns its dwelling.

These statistics verify the trends at local universities- the majority of Home Park renters
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are non-white, male Georgia Tech gféduate students (mostly Asian) who consider their
- graduate assistantships to be part-time work. Also, the full-time émployment rates
illustrate the relvatively difficult financial situétions that undergraduates living off-campus
(especially out-of-state students) endure compared to graduate students, Who generally
have mofe financial support through felldwships and assistantships (either research or
teaching-oriented). |

Next, after using several joint F tests to eliminate insignificant explanatory
variables for the natﬁral log of sales price, a parsimonious regression model is
determined. The coefficient estimates from the parsimonious SUR model are displayed

in Table 5.2

% The variables used in the SUR iterative process but omitted from the final model include the year the
dwelling was constructed, the distances to two various churches in Home Park, the distance to the local
mosque, the distance to the four within-neighborhood grocery stores, a dummy variable that answers the
question “Are you living adjacent to someone who wishes to move out of the neighborhood in the next two
years?”, the distance to Centennial Elementary School (that services Home Park elementary school
students), the distance to the Feminist Women's Center, a dummy variable representing dwellings north of
14" Street, the distance to the Georgia Tech Student Athletic Center (currently under construction), and
several interaction variables. These variables were subjected to F tests that tested the restriction that all of
the coefficients on these variables across all three types were jointly equal to zero. Finally, a variable that
distinguishes renters from owners was not included as an explanatory variable for sales price because it was
used in the PCA; the use of that variable in both regressions would not be appropriate.
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Table 5: Final Iteration of SUR Estimates (double log specification)
[Dependent Variable: Natural log of Self-Reported Sales Price]

Type A Type B Type C
Coefficient Coefficient Coefficient
(Std. Error) (Std. Error) (Std. Error)
Constant 4.78 5.50 2.19
(9.90) (11.04) (9.60)
Structural Variables
Natural log of Dwelling Square Feet -1.28** .56 92
(.65) (77 (.72)
Natural log of Number of Beds 3.60*** ~4.93*** 1.40*
_ (68) _(81) (.76)
Natural log of Number of Baths -1.18* . -1.17 245%%*
(.69) (8D (77
Natural log of Number of Acres -19 -.64 72+
(.34) (.40) (.38)
Condominium (yes = 1) - - -17*
(09)
Spatial Variables
Ln Dist to 14" St. Commercial Site -40 1.60 -1.78
(1.48) (1.63) (1.44)
Ln Dist to Piedmont Park 44 -1.85%** 1.37%**
(37) (43) _(4n
Ln Dist to Meineke Service Station 1.85%* -3.97*+* 2.17***
(74) (.86) (.79)
-Ln Dist to Georgia Tech -1.76*** 4.00%** -2.52%%*
(.68) (.78) (.73)
Ln Dist to Home Park Green Space*HP <200m S50%** - -
: (10)
Ln Dist to Home Park Green Space*HP >200m*South Home A1 A -.02
Park (.10 (.11) (.09)
Ln Dist to Home Park Green Space*North Home Park --- S0x** --
.10) .
Is Dwelling Above Street Level? - -1.14%* -57 1.84*+*
s g (.45) (.53) (.50)
Located on State Street? 1.22 -6.23%*x* 5.00%**
SR (.96) (1.13) (1.07)
Above Street Level*State Street | -40 5.42%%x =527
; ‘ (1.40) (1.66) (1.55)
Adjacency Variables .
g
Lives Adjacent to a Renter 1.74%+ -2.29%+ 24
: . (.67) (719 (74)
Lives Adjacent to Undergrad Student 1.25** 1.39** -2.65%**
) : (.56) (.67) (.63)
Lives Adjacent to a College Ediicated person -19 -.82 1.17*
: (.63) (.75) (71)
Lives Adjacent to a Person of a Different Race Than You -1.92%** -2.69%** 4.58%**
1 47 (.55) (.52)
Lives Adjacent to a Dwelling that made Home Improvements 69 -3.98%** 3.61%**
(48) (57 (.53)
Lives Adjacent to Someone who Lives in Home Park Because it 1.47%** 2.61%** ~4,13%**
is Near Georgia Tech (.57) (.67) (.63)
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Table 5 continued

Other Statistics ’
112.87 245.56 312.12
¥ (p=.0000) | (p=.0000) | (p=.0000)
. 3.88 4.59 4.34
Root MSE
R .23 .38 43

*= Significant at .10 level; ** = Significant at .05 level; *** = Significant at .01 level

Knowing the characteristics of the three types of households provides me a more
rich interpretation of the first-stage hedonic‘ regression coefficients in Table 5.% I
rescaled each distance variable to be equal to the maximum distance of any dwelling in
Home Park from the landmark less the actual dis-tance to each landrﬁark. All variables
were rescaled so that the fartheys:tr dwelliﬁg from eég:h lanidmark wo‘uiid'ha\'/e'a distance
value of zero (which forces the price effect of a p%lrtic'ular landmark to zero at the
neighborhood boundaries); so, being located exactly at"-the same location as the landmark
would give that dwelling a distance equalj io;thF'ﬁlaximum distance to that landmark of
the farthest dwelling. In terms of _intelrpfetation, positive coefficients on distance

variables indicate that dwelling sales pricés increase at the margin as a household gets

28 The hedonics literature is clear on the use of dwelling structural characteristics and distance variables as
explanatory variables of sales prices, but vaguer on the proper use of adjacency variables and attitudes
toward certain neighborhood amenities and features. So, in the Tiebout spirit, I hypothesize that attitudinal
variables can be used to sort households into types, but cannot be used effectively to explain sales price
variation. Indeed, when attitudinal variables were included in the SUR model, very few were significant
predictors of sales price variation. In particular, the responses to the question regarding the most important
issue facing the country (crime, environment, education, or social security) show that different household
types view social issues differently, evidenced by the significant and changing signs on these coefficients.
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variables indicate that dwéllin'g ;ales prices'increa:se at the mar.gin. as a household géts
closer to the landmark, or equivalently if the landmark expands in size by one meter on a
four sides. Related to this, the specification of the model represented in Tablé 5 focuses
on the effects of the distance to the Home Park green space variéble; as these marginal
prices will be used to estimate the impact on aggregated sales prices of a change in each
household’s distance to the park as well as identifying the dwellings that will be occupied
by different household types if a particular vécant parcel is converted to a second green
space for the nei ghbofhood (please see Chapter 5).

Immediately, one can see that different independent variables explain significant -
amounts of sales price variation for different types of households. But, the signs are
different, which suggests that the neighborhood might be treated as having different
household types. The R statistics show that 23 percent, 38 percent, and 43 percent of the |
variation in sales prices for Type A, B, and C households, resbectively, is explained by
the model.

For the dwelling structure variables, I would expect that households, regardless of
type, would have positive marginal prices; that they would be willing to pay higher prices
for more living space, additioﬁal beds, additional bathrooms, and additional acreage.
Looking at the dwelling strﬁéture coefﬁciepts, I see several that are negative for Types A
and B. A literal interpretation of the coefficient on the natqral log of living space (square

-footage) means that a household at the margin is willing to pay 1.28 percent less in sales
price for each additional percentage change in square feet of living space. Besides béing
counterintuitive, it is not consistent with the goals of any rent-seeking landlord, to

provide more living space at lower prices. But, these coefficients do suggest that maybe
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different types of households are purchasing/renting their dwellings for particular
structural characteristics. For Type A households, I observe a positive marginal price for
the number of beds; for Type B hbuseholds, for living space; and for Type C, living |
space, beds, baths, and acres. - This suggests that Type A households may not have a
positive WTP for other dwelling features except the number of bedrooms. Since I know
from the physical addresses of Type A households that they are generally student renters
who live in two bedroom, one bath apartment units, that they have a positive WTP for
bedrooms is not surprising. I see a similar occurrence for Type B households, who have
a positive WTP for living space. Tﬁis result makes sense because Typé B hoﬁseholds
tend to be student renters who live in apartment units or houses with more non-bedroom
living space than Type A households. Finally, for Type C households, the dwelling
structure coefficient estimates are significant at the .10 level and support the theory that
additional living space, bedrooms, baths, or acres will command a higher sales pricé at
the margin. Also, Type C households that live in condominiums, as expected, have a

lower sales price at the margin than non-condominium residents, most likely due to the

fewer acres that they own. Overall, the estimates for dwelling structure characteriétics,
with the exception of Type C gestimates, are not cqnsistent with economic theory but
provide much insight into what particular types of households are willing to pay for
particular structure characteristics in the housing market. |

For the coefficients on the spati—al' variablés, one cém see that different variables
- significantly explain sales price variation across the three types. But, the signs of the
signiﬁcant coefficient estimétes are intriguing. There is a fairly equal mix of positive and

negative signs on the significant coefficient estimates in the SUR model. The variable
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“Above Street Level * Staté_St” equals one if a household lives in a dwelling that is
above street level qnd is located on State Street, a major access road between Home Park
north of 14" Street and 10™ Street. So, the significant and positive coefficient on this
variable for Type B households tells me that these households have higher sales or rental
. prices if they are above State Street level, all else held constant. This is interesting given
the coefficients on “Above Street Level” and “Located on State Street?”, which suggest
that all other households except those that are located above State Street level have lower
_sales prices at the fnargin. This might occur because of the proximity to the Home Park
green space of these State Street houses that are above street level, which afford these
houvseholds a better view of the-street and (in some cases) the park. _

Using the same coefficient for Type C households, I cannot definitely say what
the effect of topography is on State Street sales prices. One interpretation could be that
Type B dwellings have higher sales prices due to the owners that sorted into this type and
that the negative coefficient for Type C households is due to the renters that sorted into
Type C. The.other, more general interpretation is that Type B (Type C) households on
average have higher (lower) sales prices if they live on State Street and are logated above
street level, all else held constant. = Then, this coefficient is insignificantly negative for
Type A households.

Regarding the other spatial variables, the nﬁtural log of the distance to the local -
Meineke automobile repair sﬁop has sigﬁiﬁcantly positive',v negative, and positive effects
lon the selling prices of TypeslA, B, and C households, respectively. This illustrates the
~more detailed estimates of different household types that one can get when markets are

segmented. In addition, one can see that household types exhibit changing signs on all of
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the other Signiﬁcant distance variables (distance to the center of Georgia Tech, distance
to the 14™ Street commercial strip, and distance to Piedmoni Park). Regarding the |
coefficient magnitudes, nothing highly unusual piques my interest. The coefficient on
distance to Georgia Tech for Type B households can be strictly interpreted as the
following: a 1 percent decrease in the distance to Georgia Tech leads to a 4 percent
increase in sales price ait the.margin. This seems to be a little high, so I would be careful
to generalize this particular result to a different neighborhood. Regardles's, this empirical
evidence shows tile information learned By using the SUR model as the first-stage
hedonic estimator — that different types have different WTPs for the same local amenities.
The SUR estimator itself, I posit, is responsible for the changing coefficient signs. This
is likely given that the SUR iterative process described in Chapte_r 3 essentially provides
each observation from each regression equation the opportunity to re-sort to the group
whose coefficient vector best predicts its sales price. This movement of observations
from one group to another m bthe iter'citive process

Next, the édjacency variables are defined using street addresses. Since this is a
sample of households, it is imrealistic to expeci that all survey responses would come
from adjacent households. To _rémedy this, each household was assigned a “nearest
neighbor” oh the left and right sides of the dwelling (looking out the front door); in the
case of apartments in a complex, the nearest apartment unit was used as the neighbo.r.27

While these variables are problematic, particularly for the dwellings that do not have an

27 Using this method, one dwelling had a neighbor that was fifty street numbers away (approximately one-
tenth of a mile). Otherwise, more than half of the observations had an adjacent dwelling as a neighbor and
the other half averaged about fifteen street numbers away from their nearest neighbor on either side.
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immediate nearest neighbor, I use them to estimate the impacts of certain non-structural
attributes of thé households on their “neighboring” dwelling sales prices.

The coefficient estimates show me that Type A, B, and C households have ’higher,
lower, and higher sales prices if they live adjacent to other renters, respectively. This
relationship between sales price and renter édjacency for Type A households reflects the
implicit value that renters are willing to pay to live next to other renters (who happen to
be mostly students). A significant number of survey respondents (4 percent) wrote in that
they chose their particular dwelling because of néafby friends, which suggests that this
percentage is most likely higher, as the sufvey instrument did not provide “friends” as an
option. For Type B households, who tend to be more graduate students and young
homeowners, the negative and significant coefficient might signal the desire not to be
near renters, who happen to be mostly stﬁdents, who tend to socialize at night and on the
weekends. For Type C households, which are mostly owners, this positive coefficient
signals the higher sales prices associated with ‘mostly ownérs being near renters. This
might indicate a desire to be near younger renters for crime protection reasons or for
generally accessibility reasons (help with mowing the lawn, to watch the house during the
day, etc.) Also, being adjacent to a renter. could be interpreted as a proxy for
subneighborhood diversity, or the interaétion of generally older and younger folks.

The results also tell me that Typ‘e‘A;and B households have significantly higher
dWelling market values if they live adjaééﬁt io undergraduate students, as I would expect
given that Type A and B households ,ére mostly student renters. In preliminary
regressions, being adjacent to graduate students did not significantly affect selling prices,

most likely due to the fact that graduate students exhibit characteristics more like
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“homeowners than renters. Also, being adjacent to a dwelling that has at least one pollege
graduate is a significant and negative predictor for salesAprices for Type C households.
This, along with the coefficient estimates on the “adjacent to a college educated person”
variable, Suggests that owners generally prefer to be near college educated households,
and they may be willing to pay higher sales prices for that situation than to be near
undergraduate students. | |

Then, having neighbors of different races than one’s own lowers selling prices for
Type A and B householdé, all else held constant. It is likely that this variable is
signiﬁc'ant because of the fact that there are two geographically-defined Asian enclaves in
the neighborhood. The first is the Southeast Asian enclave in the east central part of
Home Park along Westshire Place; the other enclave, the majority of wh_ich are Muslim,
are located along Ethel Street in central Home Park near the Muslim school and mosque.
If the households that are sorted into Type B, for example, are mostly from the streets
known to be part of the Asian enclave, which traditionally have physically smaller, lower

priced dwellings than other sections of Home Park, then their selling prices might be

lower if they are located near other Asians. In this case, the physical addressés of Type B
hquseholds show that a significant percentage of households near both Asian enclaves
were sorted into Type B. This suggests that a definitive statement regarding the inverse
relationship between neighbors’ .races and one’s dwelling market value cannot be made.
However, one can interpret the significant and positive coefficient for all households as
their avefage value of racial diversity holding all else constant.

Next, being adjacent to owners who have made improvements to their dwellings

insignificantly increases the dwelling market value of Type A households, significantly
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decreases the dwelling market values for Type B households, and significantly increases
the market value of Type C households, all else held constant. To homeowners
(pa.rticularly shown by the significantly positive coefficient for Type C households),
having neighbors make home improvements simultaneously increases their dwelling’s
market value. This empirically supports the statément in Chapter l‘aboutv' housing
extemalitiés, that making home improvements at one dwelling increases the market value
of neighbors’ dwellings by some amount. Inv contrast, Type B households have
signiﬁcantly lower sales prices if their neighbors made home improvements, which
contradicts the assertion of pbsitive houéing improvement exfemalities. Héwever,
without a series of higher-ofder spatial lag variables that examines the home
improvement activities of the neighbors’ neighbors, etc., I cannqt discern the extent to
which these positive and negative externalities dissipate.

Finally, Type A and B households have positive vaiuafions of being adjacent to
households that located in Home Park because of its proximity to Georgia Tech. Type C
households (who are mostly owners), in contfast, view adjacency to households‘that _
located in Home Park because of its proximity to Georgia Tech as a negative impact on
their dwelling sales prices, all else held constant. First, the positive>impact on sales price
for Type A and B households is api)arenf, as these types are comprised mostly of student
renters (and researchers) who attend (work for) Georgia Tech. Type C households
(mostly owners), it seems, view Georgia Tech-attracted neighbors negatively, as several
survey respondents expressed ih the dpén-response. questiori ‘in the survey. This
coefficient for Type C households is erly to be picking lip similar effects captured in the

coefficient on adjacency to undergraduate students.
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At first glance, the explanatory power of the SUR model is not very high
compared to other housing hedonics models, some of which report R% values in the .90 to
.96 range. The primary difference between other hedonics research and this research is
that others have used OLS or GLS models for the first-stage hedonic equation. So, it is
misleading to argue that other models are “better” sblely based on explanatory power. To
compare the differences between the two models, Table 6 shows the pooled OLS
estimates (with all independent variables from the three-equation SUR model) and the
estimates by household type (using the same model specifications as in Table 5). One
~ can see that the majority of explanatory variables are insignificant predicfors of dwelling
sales prices in the pooled model and especially in the OLS models by household type.
This might occur because the independent variables were eliminated fhrough joint F tests
in an SUR model setting as well»as high collinearity among the distance variables.

It is possible that the elimination of insignificant variables starting with an OLS
framework would result in the same model specification as the SUR. However, the

theory for each estimator is different: SUR is used to model the competition between

types for a limited amount of space whereas no competition can be structurally modeled
‘using the OLS model, unless one counts discrete type variables (are you a Type A
household?) as “structually modeling competition between types.” In any case, as a
statistical validation of the theory of multiple types, the Breusch-Pagan (1980) statistic in
Table 5 indicates that the van'ance—covafiance matrix of the error terms is not diagonal
(i.e. the off-diagonal elements of the error covariance matrix are non-zero). As Greene
(1993) points out, “the greater thé correlation of the‘ .di.sturbances, the greater the

efficiency gain accruing to GLS” (p. 489). So, this means that the use of an OLS
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estimator, while consistent, doés not provide as efficient estimates as th§3 SUR system Qf
equations. In terms of unbiasedness, according to Kakwani (1967), the feasible GLS
estimator of the beta coefficient vcctdr is unbiased regardless of which divisor is used in
the consistent estimation of error variance-covariance matrix.”® Third, when two of the
three discrete “Type”” variables are included in'the pooled OLS model in Table 6 with the
hypothesis that at least oné type would be a significant predictor of sales price, I find that
systematic differences in those households’ prices are captured, evidenced by t = -3.61
for Type A and t f=' -2.51 for Type B hoﬁseholds. These Type yariables explain additional
variation in sales prices (i.e. price changes in response to type diﬁ‘erenées), which indicate
some systemétic variation in households that OLS does not capture.

To conclude this section, I want to compare the estimates between Tables 5 and 6.
Frofn econometrics I know that the (féasiblc) SUR estimator differs from the OLS
estimator by a weighting mechanism, the estimated erfor variance-covariance matrix,

which is used as a weight to obtain the coefficient vector; this is why the SUR

coefficients and standard errors in Table 5 are larger than those in Table 6. However,
theofetically, the SUR is more app_roptiété to analyzé fnultiple household types than OLS,
as I have demonstrated through Jthe:‘caorfe]ation‘ matrix of the SUR residuals as well as the
significant Breusch-Pagan (1980) test IfI couid conclude from the Breusch-Pagan test
that the off-diagonal elements of :tfhej cﬁor covariance matrix were not significantly
different than zerb, then equatioﬁ-ﬁy-equation OLS would be the appropriate estimator,

as the gain in efficiency from SUR is negligible. These results, along with the similar

2 The Stata “sureg” command uses the number of sample observations (n = 400 in this case) as the divisor
in computing the covariance matrix for the residuals; this estimator is “asymptotically justified” (p. 156).
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coefficient magnitudes to those already in the hedonics literature, assure me that the SUR
estimates are correct and accurately estimate the effects on sales price of marginal

changes in neighborhood features and dwelling structural characteristics.
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Table 6: OLS Regression Models (Pooled and by Type)

Pooled OLS Type A Type B Type C
(400 obs.) (70 obs.) (184 obs.) (146 obs.)
Coefficient Coefficient Coefficient Coefficient
(Std. Error) (Std. Error) __(S1d. Error) (Std. Error)
Constant 8.35%** 5.30 8.65%** 12.33***
(1.46) (5.97 (1.46) (1.53)
Structural
Variables
Natural log of 24%*x 21 39%** -.07
Dwelling Square (.06) (.18) (.08) 11
Feet
Natural log of 09 17 A1 -.03
Number of Beds (.06) (19) (.09) 413)
Natural log of .08 -17 -.05
Number of Baths (.06) (.18) (.10) ( 1 1)
Natural log of C o 12Kk 28* S 23k -.08
Number of Acres (.03) (.16) (.04) (.05)
Condominium -.16* -—- - - 37%%x
(yes=1) .09 (.13)
Spatial
Variables
Ln Dist to 14" St. 33 1.42 .03 32*
Commercial Site 27) 9D (23) (.18)
Ln Dist to -.02 -44 -01 -29
Piedmont Park (.03) (28 (.03) (.18)
Ln Dist to -14 -79 -.05 -48%*
Meineke Service (.09) (.50) (.10) (.19)
Station
Ln Dist to 17 49 .03 49**
Georgia Tech (.13) (.60) (.08) (.20)
Ln Dist to Home -13 .005 - L eee
Park Green (.16) (.10)
Space*HP
<200m
Ln Dist to Home -.14 -.02 -.02 -.02%
Park Green (.16) .09) .03) (.01)
Space*HP
>200m*South
Home Park
Ln Dist to Home -11 - -.005 -—-
Park Green ( 15) (.03)
Space*North
Home Park
Is Dwelling 1k 13 .07 .04
Above Street .04) (.14) (.05) 07
Level?
Located on State .04 25 -01 - 43**
Street? (.09) (249) (.15) (.18)
Above Street -22 - =69%* -.28 .30
Level*State (.13) T (.32) (.23) (29)
Street
Adjacency
Variables
Lives Adjacent to ) L 19 SN b -26%*
a Renter (.06) (. 34) 0N (.12)
Lives Adjacent to -02 .004 -14
Undergrad (.05) ( 13) (€)) (.15)
Student
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Table 6[continﬁed ;

Lives Adjacent to 4% .01 ) A3 -15
a College (.06) (.16) 07 (@k))
Educated person - .
Lives Adjacent to -.04 -.02 - 12% -.15*%
a Person of a (.04) (.16) (.06) (17)
Different Race
Than You
Lives Adjacent to SR 38** 28%** 36***
a Dwelling that (.04) (.16) .07 .07
made Home
Improvements
Lives Adjacent to | -.05 =33 .06 -.000
Someone who ©(.05) (.24) (.08) (..08)

Lives in Home
Park Because it
is Near Georgia

Tech

Other Statistics

9.32 (p=.0000) 1.21 7.12 5.33
F (p = .2900) (p = .0000) (p = .0000)
37 42 33 : 34
Root MSE
Adjusted R’ .30 .05 .38 .36

*= Significant at .10 level; ** = Significant at .05 level; *** = Significant at .01 level
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4.3 Limitations of Spatial Weights Matrix Approaches

The inclusion of spatial variables in the SUR model does not guaranteé that all of -
the possiblé spatial effects that may influence sales prices in urban .neighborhoods are
accounted for. Therefore, one must check for the presence of additionél spatial B
dependence that has not been: captured by the spatial 'variébles already in the model. In
the literature on spatial econometrics, the most common approach used to accounf for
.unobserved spatial effects is the use of a spatial weights matrix, which is used to specify
the “neighbors” of each unit of observation. Figure 4 shows the’ph_ysical stfucture and
resulting weights matrix W* (which is then typically row-standardized, called W from

here on) for a hypothetical neighborhood.

0 1 0 1
A B ‘ . 1 0 1 0
translates into W#* =
0 1 0 0
1 0 0 0
D ‘ C

Figure 4: Illustration of Spatial Weights Matrix

Two types of niodels emerge from the use of a spatial weights matrix. First,
‘spatial lag models, which are roughly analogous to lags in time-series estimation, permit
the use of one’s “neighbors” in a spatial weights matrix, to lend weight to observations
that are spatially more proximate to‘the. observation of interest than others. Traditionally,

these models take the form of y = pWy + X} + €, where y is an n x I vector of
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observations on the dependent variable, W fs annxn row-standardized spatial weights
matrix that formalizes the structure of neighborhqod influences, p is the spatial
autoregressive lag parameter to be estimated, X is an n x k matrix of observations on the
exogenous variables, B is the k x 1 regression coefficient vector, and € is a n x I vector of
random error terms. Then, after making the rel.evant simplifications, the spatial lag
model simplifies to y = (I- pW)" XB + (I- pW)"' &, where (I- pW) is called the “spatial
multiplier.” This showé that the dependent variable y; “is determined by the error terms
at all locations in the system, and not just the error at i. This simultaneity [italics-in
original] makes the spatially lagged Wy variable endogenous, whilch necessitates
specialized -estimation techniques, such as maximum likelihood estimation or
instrumental variables approaches...” (Anselin 2002, p. 249).

Second, spatial error models incorporate the spatial weights matrix differently
than the spatial lag models. Whereaé in the spatial lag model the weights matrix was
used to introduce a spatial lag of the dependent vaﬁable, a spatial error model introduces

spatial dependence through the error terms. According to Kim, Phipps, and Anselin

(2003), the spatial error model is “based on the assumption that there is one or more
omitted variables in the hedonicfi);'iée équatiori aﬁd that the omitted variable(s) vary |
spatially. Due to this spatial .pzéltem. in the omitted variables, the error term of the
hedonic price equation tends to b_e:s‘patially autocorrelated.” Empirically, the spatial error
model is y = XB + ¢, where € = AWe + . Here, 7\.‘ is the spatial autoregressive coefﬁcient |
and [ is an independently and identi(.;ally distributed (i.i.d.) vector of error terms. This
model, which is a special case c')f} a regression equation with a non-spherical error

variance-covariance matrix, provides consistent, unbiased, but inefficient OLS estimates.
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Therefore, estimation must be based on either maximum likelihood or a geheralized
moments approach in the Kelejian and Prucha (1999) style.

‘As one -can see, the conceptualization of the spatial weights matrix is very
important‘ in spatial econometrics models, as it determines the extent to which neighbors
influence the sales prices of dwellings. But, the determination of “who is my neighbor”
with a simple relationship (yes or no), represented by zeros and ones in the spatial
weights matrix, does not capfure the actual influences between “neighboring” households
Ain terms of actual characteristics, actual attitudes, and others that exist between them.
With the effort spent in this analysis to obtain the number of spatial and attitudinal
variables that I have at the hougehold level, simply arguing that a 0,1 based spatial
weights matrix can captufe the spillovers or interdependencies between households seems
to waste the valuable data collected‘. Insteod of asking “Are you my neighbor, yes or
no?” to describe “neighborliness,” I ask the question “Are you my neighbor? If so, then
what is your square footage? What part of your sales price is not expléined by the
model?” So, instead of zeros and. ones describing 'rhy influence on my neighbors, the -
actual values of dwelling structure characteristics, etc. are used to measure,tho influence
of neighbors.

The theory developed in Chapter 3 suggests that subgroup identification (the three
types of households) does not necessérily oliminate the need to use a spatial weights .
matrix or an error term correction to handle household heterogeneity. Instead of relying
.on a spatial weights matrix to determine neighbors’ effects on parcels of interest, I argue
that a GLS-like correction to the error terms is possible through an analysis of the

residuals from the SUR model described in Table 5. The goal is to correct for
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heteroskedasticity in the error terms, not household heterogeneity. In this correction, I
assume that the ‘characte_ristics of neighboring parcels and dwellings, as well as some of
the attitudinal information I collected on households, can be used to explain thé

unexplained variation in sales price from the SUR model described in Table 5. The next

section describes this alternative estimator.

44 Spatial Dépend_ence Checks and Efficient Spatial Estimator

To check for additionalbspatial dependence in the error terms from the SUR
model, I set up a structural model (simultaneous equations ﬁodel) to determine the
appropriate weights that can be used in a White-style (1980) heteroskedasticity correction
of the .SUR model estimated 'pre..vic')usly.30 To accomplish this, I follow the tradition of
Guilkey and Schmidt (1973), who devise an efficient estimator for SUR models With
vector autoregressive errors that uses a transformatioﬁ matrix R to weight both sides of
the equation. While their oﬁginal article was intended for time-series data; Guilkey and
Schmidt’s method is fairly translatable to cross-sectional data where one wishes to model
the simultaneous dependeﬁcies of error terms in a type of spatial conditional

_heteroskedasticity error approach.31 In this structural model, I expect that at least one of

%0 Generally, autocorrelation is a problem in time-series data while heteroskedasticity is a problem in cross-
sectional data. For autocorrelation and heteroskedasticity corrections, Kmenta (1986, p. 296) suggests that
the residuals and residuals squared, respectively, be used in the calculation of the weights to be employed
in a weighted least squares approach similar to White (1980). However, a White test (as described in
Gujarati) suggests that no pure heteroskedasticity exists in the model. So, I fit different forms of the
residuals before settling on the residuals squared as the appropriate dependent variables in the structural
model.

3! Other spatial lag variables were tested and rejected as insignificant predictors of the squared residual
system. These variables included the nearest neighbor’s living space, nearest neighbor’s distances to
various neighborhood attributes, and others. Including these characteristics of nearest neighbors seems like
a spatial weights matrix approach. The difference is that these variables are included as explanatory
variables directly, whereas the use of this information in a spatial weights matrix would also include the
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the unexplained variations (residuals) of the nearest households of all three types to a -

| particular households will be a significant predictor of the residuals of a parcel of interest.

If this occurs, this will demonstrate that the residuals of “neighbors” regardless of type

are indeed related, suggesting that additional spatial dependence can be captured using

the structural model. Then, the incorporation of this additional information into the

transformation matrix R will result in more efficient estimates of the marginal prices for

each household type.

To test that no additional spatial dependence is present in the residuals from the

basic SUR model, I model six simultaneous equations in the style of Guilkey and

Schmidt (1973) and Hendry (1971)*%:

(7a)
(7b)
(7c)

(7d)

(7e)

(79

2 2 2 2
€1 = Op + 0 *EpiaDs + 02*EiADy + O3*Esiapy ~ + C*Z + Wy;

2_ *e,. 2 KA. 2 K. 2, *Z .
€ = 05 + Og*€1;,Apy ~ + O7*Egj ADy ~ + Olg*E3jApy ~ + Olo* L + Llo;

2= * 2 * 2 * 2 *7,
€3 = Qo + O 1*€1j,AD)~ + O2*Egiapy ~ + QU13*E35aD) ~ + Ola* L+ U3
In (distance to Muslim school) =

*.2*.2.{_.*.2*.2 .2 *02:2 L1

Yo + YVi*€1iaps ~ + Vo*€ziaDs Tt Ys*EsiaDs T+ Va*E€yi + Ys*Eg” + Ye*Esi + Ly
In (distance to 14" Street commercial strip) =
Bo + By*€gaps° + B*€g Ay > + W3*Esiapy - + B4*E + Ws*ey” + Weres” + Ls;

o+ W1*€13ap5 + W2*E5apy ~ + W3*E3japy ~ + Wg*€yi” + Ws*Ey;~ + We*Esi™ + LUs;
In (distance to Home Park green space) =

2 2 2 2 2 2
o + Or*€13aD1 " + 2*Eiapy * + P3*€siaps T + a*EL” + Os*Ey” + Pe*Esi” + e

~ multiplication of the matrix W times the error term in the spatial multiplier. The implications of this
approach versus the spatial weights matrix approach will be the subject of future research.

32 Simultaneous equation and SUR models are similar statistically. The reasons for using simultaneous
equations here are to model the endogeneity of the dependent variables in equations 7d-7f in a more
_straightforward way, to assume zero correlations among the error terms unlike SUR which assumes
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" In this model, which maintains themarket segmentation of households Types A, B‘, and C
(equations 7a, 7b, and 7¢)33, Z>= [Natural log of distance to Muslim school; Natural log of
distance to Home Park; yes/no — Are you politically conservative?; yes/nd — Did you
choose to. live in Home Park because i.t. is near public fransportation?; yes/no — Did you
purchase/rent your particular dwelling because of its windows?; and yes/no - Did you
purchase/rent your particulan dwelling because of its proximity to entertainment
opportunities?]. Also, eliz___83i2 are the squared residuals from the basic SUR model,
corresponding to Types A, B, and C, respectively; €; aps 2,_.e3i, ADJ 2 are the squared
'residuais of the ciosest neighboring households of Types A, B, and C;** Z are vectors of
spatial and attitudinal variables that are hypothesized to explain the squared residuals
(determined through a series of F tests where each spatial and attitudinal variable was
tested for joint significance across the three equations at the .10 Ievel); and Mii...3 are
independently and identically distributed error terms with no assumed correlation
between them.® I hypothesize in lines a-c that the. squared residuals can be explained by

the squared residuals of the neighboring households as well as certain spatial variables.

correlation among the error terms, and to get con51stent estimates of the parameters a la Guilkey and
Schmidt (1973). : P

33 Remember that the determination of household types A, B, and C was not a completely aspatial process,
as distance variables were used in the SUR 1terat1ve process that generated the types.

34 Most spatial econometrics models deﬁne contlguous parcels based on vertex adjacency, side adjacency,
or both (called rook, bishop, and queen adjacency, respectively). Here, I assume that households on either
side (left or right) or across the street (stralght or diagonally) are considered “neighbors.” I assume that
backyard neighbors have no mﬂuence on'the households on other streets. While this might seem
problematic in practice, other variables c0n51dered to explain sales price, like whether a household
perceives crime as a problem in the nelghborhood were insignificant in earlier runs of the SUR model.

35 The structural model uses the re51duals from the SUR model reported in Table 5. Earller SUR iterations
used distance and other spatial variables to account for the influence of space in the neighborhood. The
role of the structural model correctlon is to test for any additional spatial dependence that was not captured
in the original SUR model and to correct for any endogeneity that might arise due to the location and
development of the Home Park green space, the Muslim day school, or the 14™ Street commercial strlp
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Then, llines d-f are used to model the othef potentially endogenous land uses in Honﬁe
Park through the distance to the Muslim day school, distance to the 14™ Street
commercial strip, and distance to the Home Park green space. These three variables are
treated endogenously in the residual system because they are not predétermined factors in
the neighborhood. The Muslim day school was constructed in reaction to the higﬁ '
concentration of Muslim residénts in the neighborhood, wﬁich then caused’anoth_er influx
of Muslim residents; the commercial strip was built as residents moved‘ into the
neighborhood and required nearby restaurants and shopping opportunities; and Home
Park (green space) was built as a place fof local residents to waik their peté and enjoy
-recreational opportunities without having to travel se\}'eral miles to other green spéces like
Piedmont Park. Therefore, since the exact locations of these three neighborhood fcatures
were not predetermined before the construction of the neighborhood in 1920, they are
modeled as variables in the residual equations. As an examplé, suppose that a Type A
household lives in an area surrounded by households of other types. The ﬁrst line‘ in
Equation 7 says that the unexplained sales price variation of this Type A household is
dependent on the unexplained sales price variation of ;the adjacent households of all
types, including other Type _A'"households, and on! Sther variables (Z) that are
hypothesizgd to influence the residua]s; AN

Thé main concern with the structural model is to make sure that order and rank
‘conditions are satisfied, meaning that each equatioﬁ in the model can be identified. The
literature on the identification problem tells me that the order condition is the lﬁrst
concern econometrically. Harvey (1990) says that “Fortunately, the order condition is

usually sufficient to ensure identifiability, and although it is important to be aware of the
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rank condition, a failure to verify it will rarely result in disaster” (p. 328). So, the fact
that the model depicted in Equation 7 is exactly identified in equations a-c-and
overidentified in equations d-f adequately satisfies the order condition.

The first round of results provides little evidence for the endogeneity of the
dependent variables in Equations 7d, 7e, and 7f. sting a Hauéman (1978) exogeneity
test, I discover that I have weak instruments for the dependent variables in Equations 7d-
7f, mostly due to high multicollinearity between the independent variables in lines d-f.
But, as expected, the predicted values from lines a-c that are included in equations d-fin
the simultaneous equations model are significantly different from zero,'suggesting that
the dependent variables from the other eéuations are endogénous. But, since Hausman
tests reveal the weakness of the instruments for therdepenrdent variables in Equations 7d-
71, I choose to eliminate lines d-f from the structural model, with the residual estimation
via 3SLS to include only the first three lines of the original structural model, whére ¢ach
of the independent variables is treated as exégenous td the system. Another reason that
this isvapprOpriate is because the modeling of the distances to the Muslim school, 14™
Street commercial stﬁp, and thg que Park green space, when a functional form and
specification were found that 'gavfé me p:c>sitive R? values for all six equations, did not
improve the estimates of the first three lines of the structural model in a likelihood raﬁo

(LR) test. The final residual model estimatés are reported in Table 7.
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Table 7: Residual Analysis in a Structural Model

Dependent Variables
Type A Type B Type C
Residuals® | Residuals® Residuals’®
Constant 46.21%** 10.12 31.24%%*
(11.61) (12.91) (10.91)
Independent Variables .
Residuals® of Nearest Type 35wk .02 .06
A .07) (.11) (.09)
Ln Dist to Home Park -5.62%%* 2.15 -1.72
- o (1.86) (2.07) - (1.75)
Conservative Politically? 5.56%+* 2.54 -2.30
.77 (3.08) (2.60)
Near Public 8.94** -4.11 -1.74
Transportation? (3.65) (4.06) (3.43)
Windows? -5.53* -8.96%** -5.17%
(3.16) (3.51) (2.96)
Near Entertainment 1.94 -4.82 -3.26
Opportunities? (2.78) (3.10) (2.61)
Other Statistics
42.06 11.59 . 821
Ay (p=.00) (p=.07) (p=.22)
Root MSE 2243 24.95 21.08
R .09 02 02
F(3,390)= | F(3,390)= | F(3,390)=
Durbin-Wu-Hausman tests 3.23 .97 3.55
of endogeneity# (p=.02) (p=.40) (p=.01)

*= Signihicant at .10 Ievel; ** = Significant at .05 Tevel; ¥*¥ = Sigmficant at .OT Tevel

# In this final version of the model (squared residuals of the nearest Type B and C households were also
included in preliminary runs of the structural model), Durbin-Wu-Hausman tests of endogeneity for the
first three lines of the structural model include the following explanatory variables in an OLS model: the
original independent variables shown in Table 7 plus the saved residuals from an auxiliary 3SLS regression
model of only the last three lines of the structural model. Then, I test the joint significance of the three
predicted residual variables; all three jointly are significantly different from zero, meaning that an OLS
regression of the SUR residuals on the adjacent residuals, etc., gives inconsistent estimates, meaning that
either maximum likelihood or generalized moments estimation is required. Similar tests of endogeneity for
the last three lines of the structural model, which are reported in Table 7, show the joint significance of the
coefficients on the residuals from the Muslim equation (7d) and coefficients on the residuals from the
commercial equation (7e) in two of the three equations, suggesting that OLS provides inconsistent
estimates.
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 Since 3SLS and. SUR provide identical estimates in this case, lines a-c in Equation
7 are treated as seemingly unrelated. The Breusch-Pagan test statistic of 304 (probability _
=.0000) tells us that the error term covariance rﬁatﬁx of seefningly unrelated equations is
not diagonal (i.e. there are non-zero elements in the off-diagonal elements), whiéh
indicates significant dependence among the error terms in this regression; indeed the
“residuals of the residuals” are dependent on each other. Treating equations a-c as
seemingly unrel‘ated, I get coefficient estimates and o'ther statistics in Table 7. Now, the
queStion is which functional form should be used to analyze the residuals. Using' the
likelihood ratio (LR) test as the basis for this decision, I start with the full set of
independent variables described in Equation 7 and test the explanatory power of different
functional form speciﬁcations., settling on those variables reported in Table 7.

In Table 7, I see fhat this choice of independent variables explains 13 percent, 3
percent, and 6 percent of the variation in the squared residuals for Type A, B, and C
househdlds, respectively. The basis fbr choosing this functional fprm was to increase the
explanatory power of the model for Type A households, as it had the weakest explanatory
power of the three types in Table 5. I see that the kindependent variables significantly
explain variation in the residuals of all three types even though the focus was on Type A
residuals. So, in the spirit of Guilkey and Schmidt (1973), the square root of the
predicted values of the dependent variables will.be usgd as weighfs in the original FSUR :

model as a White-étyle heteroskedasticity correction. So, the transformation matrix R
1
takes the form (,/éf, )_ , where j =1 to 3, and will be used.to weight both sides of the

SUR model as a GLS correction for heteroskedasticity.
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I should note here that these “spatial” weights are based on an earlier iterative
sorting process that is not weighted, at least not different from the “weighting” done by
the feasible GLS estimator. By controlling for nonspherical errors in this way and not
earlier in the sorting process itself, I may have carried some bias into the structural model
by not accounting for spatial interdependencies in earlier sorting stages. However, as I
mentioned before, the spatial information I had on individual households (disténce
variables, whether a dwellihg was above street level, etc.) was used to sort households
into types. I am not sure if the results would differ greatly if the information on
“neighbors” were used earlier in the process.

Nonetheless, the weighted SUR estimates are reported in Table 8. Compared to
Table 5, I see that the standard error estimates have dropped across the model. Also, no
significant coefficient in Table 5 maintains significance and changes signs in Table 8,
which shows the ability of the residual structural model to correct the standard errors (a
second GLS correction if you will that adds efficiency without affecting the consistency
of estimates) but not change the directions of influence of the independent variables on
sales prices. Additional evidence, such as the generally higher xz statistics and lower
Root Mean Square Errors, indicétes the strength of the model and efficiency of the
estimates.

From these results, one can see that non-spherical disturbances associated with
spatial autocorrelation do not appear. And, only -a modest form of heteroskedasticity
appears, which suggests that the model | summarized in Table 5 is an efficient
representation of the characteristics that describe sales pric;es in this neighborhood. All of

the spatial weighting that occurs in an Anselin-like process designed to correct for spatial
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" autocorrelation is left up to t‘hev researcher’s discretion, making it possible for the
researcher to miss subtle relationships between various local landmarks and dwelling
sales prices or to miss thé form of the heteroskedasticity co.rrection that is built into thel
SUR estimator. In this case, the gain iq .efﬁciency in the coefficient estimates through the
simultaneous équations model followed a very exhaustive non-spherical disturbance

correction exploration.
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Table 8: Weighted SUR Estimates (double log specification)

Type A TypeB . Type C
Coefficient Coefficient Coefficient
(Std. Error) (Std. Error) (Std. Error)
Constant - =01 -01 -
(.02) (.02) (.04)
Structural Variables
Natural log of Dwelling Square Feet =12 1.49%** 30
(.39) (.57) (.59)
Natural log of Number of Beds 5.60*** -6.19%** 1.01
(.50) (.68) (.70)
Natural log of Number of Baths -1.25%* -1.43*%* 2.27%**
(49) (.63) (.69)
Natural log of Number of Acres -.05 -87*%* J79**
' (23) (.35) (.33)
Condominium (yes = 1) - - 25
: (44)
Spatial Variables
Ln Dist to 14" St. Commercial Site ©-1.13%* - 2.46%** -1.01
(.50) - (.89) (.84)
Ln Dist to Piedmont Park S50** -2.60%** 1.04%xx*
(23) 47 (41)
Ln Dist to Meineke Service Station 3.30%** -5.34%*x* 1.95%**
(49) (78) . (71)
Ln Dist to Georgia Tech =320 4.78*** -2.32%**
47 (71) (.68)
Ln Dist to Home Park Green Space*HP <200m B1¥xx - -
: (.16)
Ln Dist to Home Park Green Space*HP 5% 74%%* -.09
>200m*South Home Park (.06) .09) (.07
Ln Dist to Home Park Green Space*North Home - 86%** -
Park (.09) :
Is Dwelling Above Street Level? -44 -.74*% 1.50%**
(.28) - (42) (45)
Located on State Street? - =42 -4 55%** 4.57%%*
(.69) 97) (.98)
Above Street Level*State Street =37 5.69%** =5.22%%%
L (1.43) (1.33) (1.48)
Adjacency Variables
Lives Adjacent to a Renter . 1,12%* 2.04*** 34
L (45) (.65) (.66)
Lives Adjacent to Undergrad Student 2.66*** .01 -2.26%**
. : L (.38) (.58) (.56)
Lives Adjacent to a College Educated person -.69 -1.00* 1.53**
i - (45) (.58) (.61)
Lives Adjacent to a Person of a Different Race Than -1.71%** -3.38*** 5.16%**
You : (31) (.46) (48)
Lives Adjacent to a Dwelling that made Home TJ2xx -4,05%** 3.63%*x
Improvements i (29) (:45) (47)
Lives Adjacent to Someone who Lives in Home Park 1.19%** 3.62%%* -4.90%**
Because it is Near Georgia Tech (.33) (.52) (.54)
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Table 8 éontinued

Other Statistics
) ‘ 446.11 (p =.00) 753.04 (p=.00) |- 534.81 (p=.00) :
*x2 o e . o
30 22 23
Root MSE :
Adjusted R’ 32 Sl .50

*= Significant at .10 level; ** = Significant at {05'level; *** = Significant at .01 level
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4.5 Sorting Process Checks

In the oﬁginal SUR iteration process that allowed households to fe-sort,
approximately 50 independent variables were used to explain sales price §aria‘tion. Now,
to check how well the sorting procéss works, I use the.19 explanatdry variables in each
equation of the unweighted SUR models (vinstead of the 50 explanatory variables from the

“original iteration) in an alternative run of the iterative process used to determiﬁe the
number of household types that emerge' when the best functional form of the model is
used. Remember that this houseﬁoid sorting prbcess has two barts: the PCA run on
demographic and attitudinal variables and the SUR iteration -process that allows
households to re-sort into the groups that best explain the sales price of particular
dwellings. Here, I take the PCA run as given and start at the SUR iteration process. The
only difference in this second run is that the variables used to explain sales price variation
are only the 19> unweighted variables from the model represented in Table 5, not the full
set of 50 explanatory variables used fﬁe first time. This process is identical to our first
run ‘that gave me three distinct household types except that only the variébles from the
model described in Table 5 are used as the re-sorting criteria after the PCA.

My a priori expectation is that even though the model described in Table 5 is
parsimonious, it may not be the model that most accurately sorts households into types,
as many explanatory variables are omitted in the parsimonious model. While I can think
of no formal way to test this expectation, preliminary runs of the model suggest that small
changes in the number of variables used to sort households have major impacts on the
outcome. The résults, in fact, show thét thc 1V9'variables from the unweighted model,

when run through the SUR iteration, yield two primary household types (48 and 352
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observations, resp<=:ctively).3‘5 This outcome shows me that, with fewer explanatory
variables, tﬁe nuanced differences that make these types seemingly unrelated are muted.
‘In fact, I see no clear spatial clustering of the two main new types in the neighborhood.
But, unlike before, there is no clear distinction between renters and owners in fhe new
types (i.e. households that rent their dwellings are not mostly concentfatéd in one
particular type anymoré).

Table 9 repofts how the sorting process differs when the full set of variables is
used versus the parsimdnious set. “Initial Types” in Table 9 are the original TypeS A, B,
and C using the full set of explanatory variables in the SUR iterative process; “Types
After the Second Iterativ_e Process” are the types that emerge after the second run of the
iteration using 21 of the original 5A0 variables. If the second run of the iterative process
had given me identical results, I would see all of the numbers in Table 9 on the main

diagonal.

Table 9: Initial Types (full indepcndent variable set) vs. New Types (parsimonious set)

Types After Second Iterative Process
Initial Types 1 2 Total
A 22 48 70
B 11 173 184
C 15 131 146
Total 48 352 400

36 Only eight households sorted into the other six PCA determined groups. Only after allowing these eight
households to sort into one of the two major groups do I get the result reported here.
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Since the sorting criteria differ (I started with different sets of independent
variables used to explain sales price variation), it is not surprising to see observations soft
into other types. In Table 9, one can see that a majority of original Type A, B, and C
households were sorted into the new Type 2. One might conclude that fewer explanatory
* variables fér sales price tend to deemphasize the differences among households at the
margin, which leads to fewer statistically aggregable types than if additional variables

were included that emphasiied more differences between households. One might argue
also that, wiFh fewer exblanatory variables for sales price (or if PCA-stage variables
sorted households into a single group where a single price vector dominates), researchers
using this technique may reject the SUR model in favor of OLS if such a high percentage
of households is sorted into a single type. But, the significant Breusch-Pagan (1980) test
‘provides strong evidence of three distinct household types that are not aggregable into a
single type. |

One might conclude that fhe pérsimonious model might not sort households as
well as the full set of variables. The analogous situation of variable omission bias in mis-

specified regression models suggests that the full set of explanatory variables will provide
a more accurate sorting of hoﬁSeholdS vint(V) types. This is éxpected because Types A, B,
and C emerge from R*sy space, whereas in the second run Types 1, 2, and 3 are allowed
to emerge from R*1o. In the first run, the iterative pfocess is allowed to update based on a
set of approximately 50 explanatory - i:fariables, Whereas in the second run only 19
variables are used in the update process. So, it is not surprising that I get two different
sorts when I use two different sets of explanatory variables, even if it is the parsimonious

set of independent variables used to explain sales price variation.
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Next, I test whetﬁer these alternative type categorizations using a smallef set of
independent variables make a difference in the explanation of saleslpr.ices. If the t tests
for either or both of these discrete variables are signiﬁc_ant, then I can conclude that this
second fun of the SUR iterative pro(ces's‘ sorts households into groups that explain
additional éigniﬁcant variation in sales prices unaccounted for in the previbus models. I
include a dummy variable for Type 2 in each equation in the model described in Table 5.
The results, omitted here, tell me that this second sorting process does give me
categorizations‘ of households that significantly explain additional sales price variation for
the first two equations in Table 5. There is a significant and negative effect on sales
prices for Type A households explained by Type 2 (t = -3.79), holding all else constant.
Also, for Type B households, there is a significant and positive effect on sales prices
explained by households that sorted ihto Type 2 (t =2.48), all else held constant. This
tells me that the re-sorting proécss has characterized households in a different significant
way than the original sorting process. But, the changes in explanatory power of the
model are very small. The original RMSEs for Types A, B, and C are 3.88, 4.59, and
4.34; with the new type variable, t_hq RMSEs become 3.85, 4.59, and 4.34, respectively.
This, along with an across-equation joint F test of the Type 2 coefficient (x2 = 18.75,
prob. = .OOO3),V shows a significant improvement to the model. -But, the coefficient
estimates do not change that much from those reported in Table 5 when the discrete Type
~ 2 variable is included in the model. Therefore, I conclude that Table 5 contains the best

coefficient estimates given the limitations of the data and the sorting process.
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4.6 Other Data Validity Checks

4.6.1 Validation of Self-Reported Dwelling Market Values

Since the inflation of sales prices is arbitrary, and since house appreciation rates

for the City of Atlanta may not best describe the appreciation in Home Park, a logistic
growth cu.rve was used to update Multiple Listing'Sérvice sales data to their estimated
current market values. Figure 5 shows the sales prices by year of ‘last’ sale for each
dwelling in the sample, whether it is currently owner-occupied or rented. One can. see
that sales prices in Home Park have steadily increased throughbut the 1970s through the
early 2000s. Using a logistic growth curve® in the style-of Conrad and Clark (1987), I

estimate the following equation:
8) SPmis = K/[1 +exp(-a * (x-b))]

Using Equation 8, which says that the sales price at the time of the last sale for each
homeowner (because I do not have complete data on ac.tual market prices of rental
dwellings) is equal to the right—hahd side function, the actual sales price graphed in
Figure 5 are forecasted up to the 'year 2002. K is an estimated coﬁstant that reflects the
highest possible sales price'of a dwelling in Home Park for this sample; x is the time
between the yéar of last sale and the year fbr which the update is calculated (2002) for

‘each dwelling; and a and b are parameters to be estimated. After running this model, K is

37 A logistic growth curve is used to update sales prices because it allows for nonlinearities as well as
different rates of growth over time. For example, Figure 5 shows fluctuations in sales price increases, then
a sharp increase in the middle to late 1990s. This, coupled with the current economic slowdown, which
means upcoming slower rates of increase in sales prices, warrants a technique that can handle these
fluctuations. '
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estimated by the model to be $347,900, while a and b are estimated to be 16.2139 and
2.9072, respectively. Then, a 3-4 percent difference -(at the mean) was calculated for self-
reported market values from owners only and projected market values from MLS data.
The mean and standard deviation of owners’ self-reported market values ($226,405 and
$58,419, respectively, for 112 owners) are differént than those of the MLS update via
logistic growth curve for the same group of owners ($219,240 and $88,038, respectively),
but not different enough to discourage the use of this variable. Therefore, self-reported

sales price is used as the dependent variable.
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4.6.2 Validation of Self-Reported Dwelling Improvements

Building permit summaries (which show information on new startllps and
upgrades to existing buildings)'from Jan. 2000 to Jan. 2005 were requisitioned from the
Fulton County Building Inspectors Office. This information was used to verify
respondents’ answers to the stlrvey question pertatining to residential upgrades in the last
three years. Ifind that 98 different households in Home Park received permits between
Jan. 2000 and Jan. 2003. In our survey, ‘73 homeowners responded that more than $10K
worth of upgrades was made. Since renters were not asked about upgrades to their
dwellings, tlte building permits only verify homeowners’ responses to this survey
. question. For the responses that seemed strange, several households had requested
permits after the survey was administered; and for several, building houses front scratch

did not constitute “upgrades” in their mind.

4.6.3 Out of Sampls Comparisons

Twenty sufveys were administered to Home Park residents to determine if an out-
of-sample bias is present in these results. Given the emphasis here on data
disaggregation to learn more abbut different types of households, the only comparison of
the out-of-sample group to the satmple households is through descriptive statistics. Table
10 shows the descriptive statistics and difference of means tests for this group. The main
concern here is to verify if any statistical different:es exist between the full sample with
400 observations and the out-of-sample group of 20 observations. A series of difference
of msans tests shows that only dwelling sales price and gender are significantly different

between the two samples. After checking the self-reported sales prices of the dwellings
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by type for the main sample, I find that Type A househoids have the lowest average sales
price of $126,582. So, the out-of-sample dwelling sales price average of $111,321
suggests that the additional households sampied either lived in dwellings of relatively
lower quality or those sampled lived in dwellings with unusually low rental fees (for
example, renters who shére part of a dwelling with the owner). Then, for the significant
differences in gender between the samples, one must be careful when interpreting this
variable. Thé gender variable represents the gender of the survey respondent, which may
ot necessarily.reﬂect the gender composition of the household. It is possible‘for the
only male in a household to fill out the survey when actually the household is comprised
“mostly of women, and vice versa. So, a careful interpretation is required. Nonetheless,
this ,si‘gn'iﬁcant -gender differeﬂce between the samples is not surprising given the
significant difference in dwelling sales prices (because of income and status differehces

across the sexes).

Table 10: Out-of-sainple Descriptive Statistics

Mean | Std Dev T statistic for No. of
difference of Observations in
means test Out-of-sample
" ' » ‘ group
Renter/Owner (Renter = 0, Owner = 1) 35 - 48 0 20
Dwelling Sales Price 111321 46687 2.84 14
Age of Respondent | 37.82 18.59 -95 17
Gender (Female = 0, Male = 1) 35 .49 2.48 17
Dwelling Tenure 5.94 9.71 33 17
Race (Non-white = 0, White = 1) 53 44 1.74 17
Full Time Employee? .35 48 12 - 20
Student? ‘ : . 41 47 - 37 ' 20

Note: Null hypothesis = no statistical difference between the two samples. All tests are two-tailed using a
.95 level of significance, so the critical threshold t statistic = 1.96.
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CHAPTER 5
ESTIMATING THE IMPACTS OF
LAND USE DESIGNATION CHANGE
Welfare economic theory warns that the improper specification of the first-stage
hedonic équation (or equivalently the poor segmentation of markets) can lead to very
high R? statistics and compromised welfare estimates. Changes in household welfare
must be measured with care, so as to prevent value judgments from entering intb the
interpretations. This chapter briefly reviews the welfare economic implications of any‘
econometric estimates and then estimafes the aggregate marginal willingness to pay for
two different land use designations. The first, the Hofne Park green space, is an existing
amenity whose value has been fully capitalized into the Home Park housing market. The
second, a vacant parcel in North Home Park adjacent to the new Atlantic Station
development, is simulated as a “pbcket pé.r ” that will provide an additional green space

opportunity for all Home Park residents, particularly those north of 14™ Street.

5.1 Welfare Economic Implications

On a basic level, welfare economics is the branch of economics that measures the
impacts on an aggregable group of households of certain institutional changes. These
changes may include a policy change mandated by the federal government or the
transformation of a particular land parcel from one use to another. Underlying these
policy prescriptions is a series of value judgments that are generally accepted by

economists. . These value judgments, based on the welfare economist’s focus on
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“economic efficiency, aré .social‘ordervingvbésed on individual preferences and the- Pareto
principle (Boadway‘ and Bruce 1984). First, _so,cial'ordering is the idea that consumers
will rank alternative ;‘states,” or bundles of goods at a pérticular time, according to a set
of preference orderings; vwhét makes the orderihg of preferences “social” is a series of
assumptions that permit individual orderings to be fully aggregated up to the level of a
society. Some of the assumptions that have been used to make preference orderings
“social” (while they are not necessary for preference ordering aggregation among
individuals) include identicél preferences and optimal income distributions.

Second, the Pareto principle, named after Italian economist Vilfredo Pareto, in its
strictest form says that “if state A is ranked higher than state B for one person, and all
other persons rank A at least as high as B, then A should be ranked higher than B in the
social ordeﬁng” (Ibid. 2). However, if a situation occurs where more than one household
ranks state A higher than B and at least one household ranks state B higher than A, a
Pareto non-comparable situatiqn arises, meaning that states are rankable..only if

additional value judgments are made by the researcher.

The point of this discussion is to illustrate the kinds of questions that policy
analysts need to think about when deciding how to resolve market imperfections (which
in this paper may include cross complementarities between households and spillovers
between different land use types). Which hoﬁseholds have a negative WTP for additidnal
proximity to the Home Park green space? Which households might move outside of
Home Pérk if a new park. is built? These questions focus on the identification of who

- benefits from particular changes to the neighborhood and who loses.
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Recall that when researchers discuss welfare changé, they only know én
individual houséhold’s ranking of states. To measure welfare change, an indefinitely
lafge number Qf measuring or numbering schemes can.be applied that pfeserve the
ordering of the social states. The latter provides economists With the advantage of
measuring welfare changes based on the changes in Iharket pricés and quantities; this is
bec-ause the price of a good, even unobserved prices in the case of non-market valuation,
measures the marginal benefit to a consumer. But, marginal changes in real estate vélue
alone do not establish a welfare gain! Neither do higher niarginal implicit prices for
some households indicate more welfare gain than other households! So, as.I will
elaborate in the next section, the objective of this chapter is to simulate the households
that remain in or exit from the neighborhood in response to marginal changes in
households’ distances to the Home Park green space and the proposed park. I use a
variation of Freeman’s (1995) aggregate marginal WTP calcuiation to approximate the
aggregate changes in sales prices when a new park is cbnstructed. Then, and more
importantly for policy analysts, the SUR estimates in Table 5 cén be used to estimate the
percentage of dwellings that wi}l he occupied by households of different types if a new
park is constructed in North Horhe Park as well as the ;elative value of the vacant parcel
designated as open space,. which can he compared to other deéignations such as

commercial and retail uses.
5.2 The Theory of Utility Maximization and its Empirical Applications

What one learns from welfare economics is that changes in household welfare

must have normative significance in the sense that if aggregate welfare (estimated by
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compensating variation [CV] or equivalent variation [EV]) rises, neighborhood residents
are better off. Typically, estimates of consumer surplus (the aréa under the Marshallian
demand curve but above the market clearing price) are used to approximate CV and/or
EV. Here, I use the marginal implicit prices from Table 5 as measures of the marginal
WTP for changes in each independent variable.‘ For éxample, for Type A and C
households in Table 5, living further from the Home Park green space, all else held
constant, translates into a marginally lower dwelling sales price. On some level, this
might indicate that Type A and C households value living near the Home Park green
space. In hedonic pricing, the assumf)tion of housing market equilibriuin suggésts that
the marginal implicit prices associated with the housing bundle must equal the
household’s marginal willingness to pay (MWTP) for those characteristics (Freeman
1995, p. 675). One difficulty with marginal implicit prices is that they, albng with the
quantities of characteristics, are eﬁdogenous in the model, suggesting that each individual
chooses one point from a price schedule that simultaneously determines that individual’s

MWTP and quantity of the characteristic. According to Freeman (1995), the most

reliable approach for solving the identification problem related to this endogeneity is to
find cases where the marginal prices of charactéristics vary éufﬁciently independently of
other demand shift variables; or where individuals with the same preferences, income,
etc. face different marginal prices. This suggests that markét segmentation is one vehicle
that can be used to achieve this objective. In essence, this is what the iterative process
does — it segments the demand side of the housing market by categorizing households
into groups, each of which is treated as a separate line in a SUR model that has its own

estimable marginal implicit price vector.
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5.3 Impact Assessment 1: Impéct of Home Park on Housing Market

'Before I calculate the impact of the existing park on the housing market, I should
note that, according to welfare economics, that these impact estimates have no clear
interpretation. These estimates, which follow Fréeman’s (1995)‘ method to signal at the

first stage whether an amenity is something valuable enough to be policy relevant, are

used simply to. determine 1) whether open spaée is a significant contributor to the sales
prices of lbcal dwéllings and 2) if open space is a viable alternative to other land use
designations such as retail and commercial. This is measured throﬁgh the simulated
mévements of households into and out of the neighborhood.

The SUR model results in Chapter 4 show that all household types do not have a
positive WTP to be closer to the Home Park green space (i.e. view it as an amenity). But,
city planners, local officials, and local residents would like to know whether the overall
impact of the park on dwelling sales prices is positive or negative, and the magnitude of
that impact. Earlier a double log functional form was specified for the first-stage hedonic
equation, the results of which can be found in Table 5. To illustrate oﬁe way of
determining the impact of Home Park on neighborhood-wide dwelling sales prices, I

rewrite the three-line SUR model as:

)
InSPA| [XA,mp2 - e onBs] |0t
mSP® |=| i+ X7t i |ep By |+ 0]
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Heré, In SP’} is the natural log of the sales price, X.fJ (G = A, B, C) represents all
independent variables in the SUR model except the vaﬁables that seek fo identify the
impacts of the distance to the Home Park green space (hp) on sales prices, ¢ is a vector |
of coefficients on X,j, 5 is a vector of coefficient estimates for the distance to Home Park
variables‘(hp,j), and 7/ is a 3 x I vector of error terms.

To calculate the marginal price of increasing the size of the Home Park green
space by one meter on all sides (or equivalently moving each dwelling one meter closer
to the park), I treat each line of the SUR modél as independent in the calculatioﬁ of the
marginal prices:

(10) ,

51% = [ﬁm;r_yp(SP/DIST _HpP)|

Here, marginal prices are calculatqd by housghold typé and by distance to Home Park in
meters DIST_HP. For eXample, for Tybe A households, the marginal price of the
distance to the Home Park green space depends on each household’s distance to the park.
For households within 200 meters of the pafk, their marginal prices are calculated using S
= .50; for households more than 200 meters from the park. but still within South Home
Park (south of 14™ Street), B =.11. These coefficients are multiplied by the ratio of sales
price to distance to Home Park for each household and are summed across each type to
yield the aggregate marginal WTP for each type, which are reported in Table 11. One:
can see that Typé A and B households have a positive marginal WTP t(‘)- be closer to the
Home Park green space, all else held constant. Cumulatively, the marginal monetary

value of the park capitalized into the Home Park housing market,. according to the SUR
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model results, is approxirriately‘$1.0,000. Hc;we.\;er, és ‘I ﬁofed in the sections on welfare
economics, these estimates have no strict interpretation beyond the fact that this is a
significant impact that shows alli‘welfare gain té ihe neighborhood if the park’s size
increases by one meter on all sides or if each dwelling were located one meter closer to
the green space. Another caveat that sheds additional light on the welfare impacts of the
green space is that this estimate of marginal WTP doés not include any observations. on
the new condominium complex located at 401 Tenth Street, where each condo on the
north side of the building has a view overlooking the Home Park green space. If these
condominium residents are of the same type as other condo owners in the neighborhood
(Type C), then the negative marginal WTP for Type C households might be offset (andk
potentially become positive) by the location of Type C households closer to the park>than
the average Type C household currently. Also, the impacts reported in Table 11 are for
the sample only; since there are approximately 800 households in the neighborhood, the
estimated impact on all households in Home Park would be tche those reported here.

Also note that the 95 percent confidence intervals tell me that in repeated sampling, 95

times out of 10() the aggregate MWTP would be between $933.91 and $20,098.16.

118



Table 11: Estimated Aggregate MWTP for Home Park: Summary

Aggregate MWTP 95% c.i.
TypeA - 3162941 $75.97/
$3,562.94
Type B '$8696.58 $3,913.46/
| $13,479.70
Type C -$339.50 $-3,055.52/
" $3,055.52
GRAND TOTAL 39986.49 $933.91/
| $20,098.16

5.4 Impact Assessment 2: The Effect of a Vacant Parcel Transformation on Types
Next, I use the coefficients estimated for the distance to the Home Park green
space variable to simulate the change in the types of households that occupy dwellings if

a currently vacant parcel is transformed into a public green spacé. Using the distances to

fhis proposed park and the reasonable (i.e. consistent with the hedonics literature)
coefficient magnitudes in Table 5, I believe .thé impact of a new park on household
behavior (to stay or leave the neighborhood) can be estimated robustly and api)lied to the
entire neighborhood.

Since the impact of this proposed park is simulated, several assumptions rhust be
made. First, I assume that the organization/entity that purchases the vacant parcel (the
City of Atlanta or the Home Park Community Imﬁrdvement Association) does not affect

the price at which the vacant land is sold on the existing real estate market that zones the
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property as fee simple resident.ial’use. Secohd, I‘ assume that the directional impacts bf
the proposed park on housing prices for each household type are the same as those for the
Home Park green space, meaning that the same positiye and negative coefﬁciénts on thé o
logged distance to Home Park variable are directly translatable to the proposed park.

Third, it is important also to treat the coefﬁciehts from the dis_tahce to the Home
Park green space variable (and the resulting estimates of aggregate MWTP) as upper
bounds; the average North Home Park household’s distance to the proposed park is much
less (572 meters) than its average distance to Home Park (81-8 meters). If one uses the
same coefficients from the distance to Home Park variable to simulate the impact of the
proposed park, one must realize that in essence another independent variable is being
added to the right-hand side of the model without adding anything to the left-hand side
dependent yariable, which can exaggerate the average impact of the proposed park on
sales price given that no other coefficients are altered in thé simulation. Also, as a
substitute for the Home Park green space, this new park is likely to decrease the marginal
prices of the other park covariates, which may have a substantial effect on which types of
households locate to the neighborhood.

Fourth, the double-log functional form of the first-stage hedonic equation is one
of many that can be used to estimate the impact of a new park on the composition of a
neighborhood and on the sales prices of Home Park dwellings. Other functional forms,
-such as Box-Cox regression, semi-log, and quadratic forms, are plausible for the first-
stage hedonic equation. _In this paper, the double-log form ié used here to scale dowﬁ the
differences in the numerical values of variables. between households and to ease the

interpretation of regression coefficients (as elasticity or percent change estimates). |
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To estimate the dwellings that will be occupied ﬁy different household types, I
save the predicted sales prices from the SUR model (Table 5). Then, assuming that
households of particular types will have the same marginal prices for the new park as for
the Home Park green space (at the various distances of less than 200 meters, 200 meters
or more, etc.), holding all other estimated coefﬁciénts constant, I add the prodlict of the

~ estimated coefficient and the actual logged distance to the new park to the predicted sales -

prices from the SUR model: ¥,"*¥ =Y,*"® +b* LNDIST _ NEWPARK ,. So, for Type A

households that are 200 meters or less to the new park, b = .51; for Type A households
that are mdre than 200 meters away from the néw park, b =1 138 for Typé B households,
- b= 41 for those 200 meters or less fo the new park and b = .50 for those more than 500
meters away from thé park; for Type C households, b = -.02 for households located more

than 200 meters from the new park. Then, a similar statistic to that used earlier to

determine statistically aggregable types, Minl(ln SP, - YNV )/ 0',.| , is used to determine the

types that will occupy dwellings after the new park is constructed.

Adding another independent variable (and SUR-estimated coefficient) to the
model without changing the dependent variable presents a problem, that the price' vectors
for Types A and B are increased-and for Type C decreased. This suggests that Type A -
and B households might be “knocked” into a “higher?’ pl‘iéefvector that better explains

~sales prices; the empirical results that would support this idea include a drop in the

number of Type A and B households, which might occur as Type B and Type C price

38 T assume here that all Type A households that are more than 200 meters from the new park have a .11
coefficient, whether they live in North or South Home Park.
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vectors»better explain sales prices. But, since an accurate estiﬁate of th¢ coefﬁcients on
the distance to the‘new park is not possible (since the park does not exist and its value in
the local real estate market has not been capitalized), this exercise serves only as a “proof |
of the concept” of estimating ’Fhe dwellings that might be occupied by different househdld

types. So, I only present the changes in types that occupy dwellings in Table 12.

Table 12: Esti.matedvlmpact of Proposed Park: Summary

% Change Sorting
Types Based on
| Néw Park
(A,B,C)
Full value of 32% 5,283,112
coejﬁciénts
Half value of 29% 6,256,138
co.eﬁ‘ic‘ieht.s o

Note: The original iterative process sorted 70, 184, and 146
households int¢ Types A, B, and C, respectively
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As one can see ‘here, I estimate that between 29 percent — 32 percent of dwellings
will be occupied by different types of households if the new park is constructed. Given
that approximately 92 percent of survey réspondents report that they wish to move from
tﬁeir current dwelling in the next two years, this estimate suggests strongly that a high
percentage of dwellingé willlbe occupied by the same types of households as reside their
current]y.39 S.o, Table 13 shows the distribution of household Types under different
éoefﬁcient values. As I predicted, the majority of dwellings currenily occupied by vape
A households become occupied by othef household types, mostly Type B households.
But, contrary to the prediction, 53 and 37 of the 146 dwellings originally occupied by
Type C households (the “highest;’ price vector because of the large number of
homeowners) become occupied'by Type B households (a “lower” price vector relative to
Type C) under different coefficient structures. In one éense, this result suggests that the
pﬁce vector associated with Type B “attracts” a large share of households away from the
price vectors of Types A and C, as households preference orderings do not change in this
analysis. Also, one can see tﬁat as the coefficient values get lower (i.e. approach the
initial SUR estimates where this new park vériable and hypothesized coefficient did not
exist), households tend to distribute more closely to the original Types (70 in A, 184 in B,
and 146 in C). |
In summary, re-sorting occurs because households are allowed to align with other -

households that have similar implicit price vectors. Non-economists should care about

% Interestingly, from the housing survey, one learns that every household in the sample that lives south of
14™ Street wishes to move from its current dwelling in the next three years, whereas 69 percent of residents
in North Home Park wish to move in the same period. :
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whether households will move from or stay in the neighborhood in response tb anew
park; identifying households that value certain land use deéignations positively is
important for planners and policymakers to know if they attempt to attract a certain
“type” of resident to an area. Matching the incentives that accompany urban
redevelopment efforts with the types of households that respond well té those incentives
will make for better policy and planrﬁng endeavors that avoid the problems with policy

implementation well documented in that literature.

Table 13: Distribution of Household Types with Different Park Coefficients

(a) Full value of coefficients

Types after Construction of New Park

Initial Types | Type A Type B Type C Total
Type A 4 55 11 70
Type B 175 8 184

1
[ TypeC 0 53 03 146
! Total 5 | 283 | 112 I 400 ]

(b) Half value of coefficients

Types after Construction of New Park

Initial Types | Type A Type B Type C Total
Type A 5 49 16 70
Type B 1 170 13 184
Type C 0 . 37 109 146
Total 6 256 138 400
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5.5 Marginal WTP Estimates
The key feature that makes marginal changes in WTP analogous to marginal
welfare chahge is that the coefficients on the natural log of the distance to Home Park
variable ére a reasonable estimate of the value of the coefficients on the new park if it
were cohstm‘éted. It is likely that the actual estimated coefficients on distance to the new
park are lower as 1) the propbsed park is approximately one-half the size of the Home
Park green space, 2) the average distance for all Home Park residents to the proposed
park is highef thén the év.erage-distan(:e to the Home Park green space, and 3) the
addition of la new park adds interesting substitution effects as residents have two green
spaces from which to choose. An earlier sensitivity analysis showed that the percentage
change in dwellings that are occupied by a different type of household is estimated to be
between 29. perceht and 32 percent. The significance of this change is in what one can
say about the neighborhood and its residents. Holding all else constant, if I assume that
each household of a particular Type has a marginal WTP for new park proximity (one -
meter change) that is identical to the marginal WTP for ‘a one meter change in the
distance to the Home Park green space (presented in Table 11 as MWTP per household
of a particular Type), then the aggregate marginal WTPs for the neighborhood Type
compositions (under different coefficient structures) after the new park is constructed are
$2,753,720 and $2,494,282, which provide a rough estimate of the variability in
aggregate marginal WTP when the coefficients change. In this case, both coefficient
stmcture§ reflect a welfare gain to the households in Home Park if the nev& park is
constructed. This is an éxtremely impdrtant point - because bare land zoned for

commercial or industrial uses usually commands the highest price in real estate markets.
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AWith this information, this parcel zoned as green space deﬁnitely trumps the
“value added” by residential and may be a viable economic altema_tive to retail use. In
other words, changing this parcel into a green space could pdtentially increése Qvefall o
welfare more than other uses for the same land. In future reseérch, ihope to conduct a
similar analysis of the commercial and industrial _sectdrs to estimate the bare land value
of real estate in the same geographical area.

To conclude this chapter, one can look at the geographical distribution of
household types in Home Park in different scenarios. - Fi'gure 6, which shows the
distribution of the original household typologies, can be compared to Figure 7, which
shows the simulated distribqtion of household types if a new park is constructed in North
Home Park (using the full coefficient values). Here I see no clear clustering of household
typés with the single exception of the condominium owners at 287 14™ Street, who all |
remain classified as Type C households in the original tyfology and the typology
simulated after the new park is constructed. It seems from these figures that no obvious

spatial clustering patterns exists in Home Park currently or after the new park is built.
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CHAPTER 6

POLICY IMPLICATIONS AND CONCLUSIONS

~ In this final chapter, 1 discuss some policy implications of the results from
Chapters 4 and 5. The extent to which implications reflect the actual estimates in
Chapters 4 and 5 are briefly discussed in the section on welfare estimation. Next, after a
description of how planning decisions occur in the real world, I discuss the ways in which
my method of neighborhood economic redevelopment is better than current planning
methods. Then, I discuss the generalizability of my results and methods in terms of
benefits transfer and model replication. Next, I discuss several land-use development
scenarios in metropolitan Atlanta and the data requirements necessary to produce results
similar to those presented in this paper. Then I close With some implications for planners

and regional scientists.

6.1 A Brief Summary of the Implications for Welfare Estimation

Tiebout argued that households “vote with their feet” and soft themselves into
neighborhoods that most satisfied their preferences for public goods. vTh’is self-
organization process, in its original rendition at the limit, does not allow for multiple
household types to coexist in the same neighborhood space. My idea, that
neighborhoods, however defined, simultaneously can accommodate households with
different statistically aggregable sets of preferences, is perfectly analogéus to Tiebout’s
argument at.the inter-neighborhood level that certain citizen-types tend to “cluster” in

specific neighborhoods within a metropolitan area. The difference is that I argue for a
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Tiebout-style treatment of neighborhoods at a different scaie than the original work, at
the within-neighborhood levei in wﬁich I address housing supply diversity in dwelling
features and local amenities. I acknowledge that in one sense my work contradicts
Tiebout’s conclusions. But, my paper is written in fhe “Tiebout spirit” because of my
application of Tiebout-style principles to an urban model of a single neighborhood,
specifically the incorporation of socioeconomic characteristics and preferences for certain
neighborhood amenities into the household sorting process. Modeling households in this
way reveals, more accurately I hope, the commonalities in preferences of certain fypés of
households within a single neighborhood. In doing so, the aggregation problem is
mitigated enough to permit the household sorting exercise describod in earlier chapters;
as a consequence, I side-step some of the theoretical and empirical challenges of so-
called second stage hedonic estimation.

The importance of identifying household types lies in the welfare estimates one
can make. Traditionally, researchers make simplifying assumptions about error
structures in first-stage hedonic sfudies to compensate for preference heterogeneity.v In
this way, a proper goneralized least sciuares (GLS) estimate can be made to infer efficient
welfare change measurements from'changes in local amenity access. Common welfare
measurements such as consumers’ and producers’ surplus require 1) estimates of demand
and supply at the ﬁrst-stago (Hanley and Spash 1993) and 2) the assumption that the
hedonic price schedule (the intersection of all bid and offer curves) is estimated
consistently (Chay and Greenstone 2000) if a second-stage estimate is necessary. Then, a
change to the physical structure of the neighborhood, such as the construction of a new

park, alters the market equilibrium price and equilibrium quantity such that overall
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welfare_ to the demanders and suppliers of the particular' good ch.anges.' The implicit
assumption is that ali demanders are similar enough in sorne respect to be perfectly
aggregable, that all demanders lhave identical preferences - or equivaiently that
differences are tractable énough to manage in a GLS-corrected ﬁfsf—stage hedonic or
orderly enough to allow for a consistent second-stage eétimate. |

This paper shows that a policy change like the new park in one neighborhood will
indeed have different impacts on diffenent classes 'of households, impacts that would not
be noticeable if I had not allowed households to sort a‘n‘d re-sort into statistically
aggregable types within the ‘same neighborhood. So, oniy in the case of perfect nr near
perfect household aggfegability can a single market inverse demand curve be estimated to
extract implicit marginal prices for a dWelling characteristic or a neighborhood
amenity/disamenity. This single market demand curve, to reiterate, masks important |
information revealed in this research: accounting for prefefence heterogeneity in a
structurally coherent 'way permits the full power of welfare economic estimates to be

used to interpret the changes to dwelling values in the neighborhood.

6.2 Current Planning and Economic Development Decisions -

From the planning literatnre on how decisions are made and who makes them, it
is clear that even the most seasoned planners do not ha\(é a clearly defined role in the
planning design procesé. According »Ato Babcock (1966), planning is cnmprehensive
;‘ﬁscal, economic, and physical development” (p. 60) within which zoning is the

planner’s most important tool. But, the planner’s impact on the actual physical
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development of areas remains limited, as shown by Babcock’s comment that “despite the
rulen, the private citizen is still the catalyst of most changes to a landscape” (p. 41).
Peiser (1990) echoes this sentiment when he says that “Planners are the.police of
~ contemporary urban America. They enforce the rules, they regulate the process, they
- stop thé offenders. But their influence in effecting éhangc isin recéssion” (p. 496). Evén
though planners “no longer create the grand design” (Ibid. 496), their power in the "
planning process is not completely impotent. Generally, planners serve the interests of
the public whereas developers serve private interests; and each tends to view the other as
an obstacle to the completion of their desired tasks. Despite thesé tensions, Peisen (1990)
defends that developers will need to rely on planners more than ever given the changing
state of cities, particularly the fiscal crises in many areas that‘ limit upgrades to
infrastructures necessary for developers’ new construction projects [which is a timely
concern given the fiscal crises in state and local gonemments in the late 1990s and eafly
2000s - see Jenny (2002)], the amount of impact fees charged to developers, the increase

in power and influence in homeowner and community associations, traffic and

environmental concerns, and thc inc;easing complexity in the development process. A
related point is tnat while the local planning process tends to be “costly, conservative,
non-innovative, and highly subjlective,” it “should not become the basis for regulation
under the state’s police power” (DiMento 1980, 'p.' 262). Yet, comprehensive plans do
provide, in terms of the law, “the Court with a yardstick by which to measure the
reasonableness and fairness of the particular action taken by the local authority” (Ibid. p.
262).

So, how is planning actually done? The latest guide available to planners with
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“smart growth” in mind is the Growing Smart Legislative Guidebook. Since my concern
is the local level, t_his analysis will focus only on local neighbérhood planning concerns.
According to the Guidebook, the planner first should analyze the existing institutional
framework, then design a local comprehensive plan, and finally implement it. At some
point in this process a land market monitoring system can be created to track thé supply
and demand for “buildable” land as well as to identify parcels that may be important to
acquire for future transportation projects. Common ingredients of local plans at any scale
_include Census Bureau demographic data (with the most disaggregate scale being the
block group), transportation related data (the street network, 'measufes of vehicle
occupancy and congestion, etc.), and economic data (Multiple Listing Service data on
dwelling sales prices, dwelling structural characteristics, etc.). The problem with this
kind of data in light of the results in this paper is that it is not specific enough to each
household (one household per parcel) to permit a coherent impact analysis whenever the
individual household is the unit of analysis (who wins and who loses in terms of
economic welfare). The planner’s demographic data are not specific to each household,
only to some group of households in the same area.

To illustrate the differences between the outcomes predicted by my model versus
that of the plénner/economic developer, one only needs to look at Home Park. In
creating the Home Park Master Plan; the economic development firm EDAW, Inc.
wanted to provide “community members an organizatioﬁal framework that can guide
lland use and development decisions within a dynamic urban context (Greater Home Park
‘Master Plan 2001, p. 3). To do.this, EDAW 4collected previously published reports,

conducted site visits, and collected data from secondary sources. Of particular interest
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are these secondary data sources, which include the 2000 Census and CACI Marketing
Systems Group. Data gleaned frorh hhe 2000 Census in.clude demographic characteristics
(based on four block groups that cover approximately the same area as Home Park),' age
composition, and existing and future kinds of land uses; data from CACI include income
trends and distribution across households. In this Master Plan one can see that land use
" recommendations are hased on trends over time (trends that are usually based on data |
collected at large intervals such as the 1990 Census énd 2000 Census) and gross averages
over a two to three year period prior to the time of the study. At no point in this Master

Plan are demographic characteristics and attitudes of current Home Park residents

analyzed or combined with information on the dwelling features that attracted each
household to its particular dwelling. This, combined with the fact that EDAW, Inc. used
previous neighborhood studies and the demographic characteristics from the 1990 Census
block groups to creete a Master Plan for Home Park, shows that the planner cannot
ascribe a certain set of characteristics to each household (this is an ecological fallacy).

Therefore, the conclusions that EDAW, Inc. can make about Home Park are limited to

groups of households/parcels, not individual households/parcels; eveh these conclusions
are suspect.

In contrast, the data collected for this paper af the household level can be used to
determine the best land-use designation fof individual parcels. From more detailed data
on households as well as the local real estate market, I learn in this research that:

o different types of households reveal different willingnesses-to-payAfor the same
dwelling structure characteristics

e Type A and C households have a positive willingness-to-pay to be closer to
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Piedmont Park, a green space oﬁtside vof the neighborhood but seemingly
influential on residential sales prices; it is possible that the effort to triangulate
sales prices is responsible for the significance of this variable
"~ o Different “submarkefs” with respect to Home Park green space proximity within

each type are able to be identified through more detailed household data

e Type B households located above State Street level reside in dwellings with
significantly higher sales prices than State Street households on street level — this
might be a decent first approximation of the value of a view of the City of Atlanta
skyline

e Occupants of dwellings want to ‘move from the neighborhood (mc;re than 90 .
percent in the survey), a claim supported by the simulation in Chapter 5 that
suggests that approximately 30 percent of current dwellings will be occupied by a
household of a different type; of course, maybe the addition of a green space that
complements the existing green space will entice current residénts to remain in
their_current dwellings, thus the lower percentage in the simulation

e The Home Park green space, with some evidence from Chapter 5, is likely the
‘.‘highest and best use” of that particﬁlar land parcel; as for the parcel that may
accommodate a new park, green space may be outbid by retail or commercial

uses.
Through discussions with the Home Park Community Improvement Association

(HPCIA), key issues and concerns were identified through focus groups and used to

inform the construction of the housing survey administered in August 2002. This led to
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the collection of more speciﬁc data relevant to this neighborhood, which in turn resulted
in more specific conclueions about the neighborhood generally to assess which land use
designations are likely to fit well within the overal]l design plan of Home Park
specifically. The focus is not only the physical boundary of Home Park. Indeed the
motivations for this paper were external neighborhood changes, a growing Georgia Tech
campus, a redeveloped West End area, and of course a multiple-use redevelopment of a
140-acre former steel mill.

The insights offered .by my method (neighborhood-specific data and type-specific
regression models) over those of the traditional planner are many, but the policy goals are
the same. Compared to the data collected by planners who must confront neighborhood
planning, my data describe more specific differences between households than would be
captured in more macro-le\}el data collected by planners. More household-specific data
translates into better decision-making on specific conflicts and tensions within the Home
Park heighborhood. For example, in the case of which land-use designationl is most
appropriate for the vacant parcel discussed in Chapter 5, traditional planning methods
most likely would result in that parcel being zoned for a commercial or retail use that
Would either complement or_cohipete agaiost similar establishments in Atlantic Station.
The model developed in this paper suggests that open space should be considered as a
viable land-use alternative for this vacant parcelv.‘ Also, this method offers a way to
empiricize the movement of certain “types” of households into and out of the
neighborﬁood and to rationalize community ':input “as ah'i important factor in the
determination of “types.” Thereforc,‘ this economic optimization approach to land-use

planning complements the zoning-:driven methods of the planner by including greater
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involvement of and consultation and dialogue with local residenté. :

To reiterate, changes in real estate value alone do not establish a welfare gain. So
from a policy perspective, the importance of collectiﬁg household level data for this study
is not to assess or plan aggregate land-use zoning changes at the city level, but to
reasonably predictv the types of households (and evehtually businesses) that are most
likely to move into and out of the neighborhood. Zoning officials may care about
aggregate land-use zoning changes for taxation purposes (Fischel 1995), but I care about
economic welfare changes. Unfortunately, simple real ¢staté value changes nor simplg '
OLS estimation answers a primary planning question — “is the Home Park green spéce, in
the greater context of the neighborhood, the best use of that particular parcel of land?”
The range of marginal WTP estimates (approximately $933.91 to $20,098.16) for the
green space in Chapter 5 is quite wide. But, in this policy context, it is enough io suggest |

that the Home Park green space is very likely the appropriate use of that parcel.

6.3 Generalizability of Methods and Results

To assure that one’s methods are not suspect, Oné can‘ check for threats to internal
and external validity. Internal validity is present when no other causes can be used to
explain why something changes. In this case, internal vélidity exists if the SUR model is
specified correctly — that no other independent variable that fnﬂuences sales price has
‘been excluded from the model. 'fhe SUR mbdel specification iﬁ Chapter 3 is consistent
with the hedonics literature and adds a few more spatial variables that are less commoh in
the hedonics literature. The primary purpose for the spatial variableé that are within the

neighborhood (distance to Home Park green space, distance to the Muslim school, etc.) is
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to identify “submarkets”; the primary purpoSe of the spatial variables that measure
distances to landmarks outside the neighborhood boundaries (particularly the distance to
Piedmont Park) is to triangulate sales p'rices‘ - tovﬁ‘nd.a-ny 6tfier directional changes in the
hedonic price surfaces. For this reason, the coefficients on these variables are not
interpreted strictly as the coefficients on struct‘ure.'characteristics' such as the number of
acres or number of bedrooms. So, for the spatial variables outside the neighborhood, one
might say that I have internal validity but not construct validity.

In terms of generalizability (or external validity) of the methods and results to
other neighborhoods, some cayéats apply. First, the generalizability of the methods used
in this paper (the use of focus groups to identify key issues in the neighborhood, the
housing survey design, the theory and econometric method déveloped) to other
neighborhoods is very high. It is my experience that residents generally care about the
livability of their neighborhood and wish to know their neighbors. Unlike existing
planning models often saddled with the same data from neighborhood to ﬁeighborhood,
the approach here would clearly tailor concerns of interest to the neighborhood directly -
into the survey instrument. Also, the theory and empirical translation of that theory
developed in this paper are generalizable to other qeighborhoods seeking to determine the
“highest and best use” of particular land parcels.

The generalizability of the particular implicit price results to other neighborhodds‘

| is more difficult. For neighborhoods in the City of Atlanta that have similar
infrastructure features (sidewalks, green space, good access to public transportation, and
nearby shopping opportunities) and similar demographic and economic compositions,

some of the coefficients can be used to estimate welfare gains if certain kinds of
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development activity enter the neighborhood in the spirit of “benefits transfer”; and it
remains to be determined how far analysts can go. However, as other neighborhoods
become more different from Home Park in multiple dimensioﬁs, the generalizability of
éoefﬁcients bécomes more suspect for all the reasons that motivate this study. For
| example, the use of theb coefficients on dwelling structure features in the Bankhead
»'neighborhood (in West Atlanta) may be appropriate across household “types.” However,
the use of thé coefficients on distance tov the nearest brown industry (Meineke -
l'establishment in Home' Park) Would be highly suspect due to the prevalence of brown
industries in the Bankhead neighborhood. Again, with respect to the ‘distance variables,
the point of triangulation is to discern a statistically significant 'spatial pattern in sales
prices. Therefore, these coefficients are unlikely to translate well to other neighborhoods.
Next, at the city scale, the generalizability of the methods and results are even
more suspect. The method proposed in this paper _is‘ geared toward neighborhood
planning, not city or regional planning. Planning on a more aggregate, city scale requires
different dafa, such as decennial Census data aggregated by ZIP code or Census tract, that
answer more large-scale questions about land-use mixes. Large-scale planning captures
the “macro-market” effects of new emplo;fment clusters, new road infrastructure, etc. on
neighborhoods, tracts, and ZIP codes genérally. But, this brings up the original question
of planning appropriateness, estimation feasibility, and implementation underscored by
Babcock (1966), Babcock and Siemon (1985), and Peisef (1990), which seem almost
Bereft of references to the literature and warnings of policy implementation in public |
~management and policy highlighted by Pressman and Wildavsky (1984), Majone (1989),

Sabatier and Jenkins-Smith (1993), Grin and Van De Graaf (1996), and Farmer,
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Lipscomb, and McCarthy (2003). Ir; contrast, my apbroach better captures the “micro-
market” effects of new parks, new public transpoftation access‘points, new commercial
strips, among others. To analyze én entire city using my apprdach, the data requirements
alone would take several years and millions of dollars to complete. Then, the calibration
of an econometric model that follows the one developed in this paper would likely
exhaust the total degrées of freedom if one were to include all of the theoretically
relevant indépend_ent variables. An even more _paréimonious model with fewer
vindependent varia_bles than the one presénted in this paper would not capture the
differences that might classify a household as a different type. This kind of model
misspecification repeated throughout a city would produce suspect results that might lead
to horrific outcomes. For these reasons, my model is strictly geared toward analyses of
neighborhoods; but the ideas from the model can be used to complement city planning
models through the incorpofation of ‘real estate marketrinform.ation (i.e. implicit prices for
various dwelling structure characteristics and local amenities) otherwise not included in
planning models.

To conclude this ‘section, I briefly discuss the concept of ‘generalizability to
theory. Yin (i994) says that while studies do qot neéessaﬁly need a minimum number of
cases, or randomly selected: cases, researchers should work with the situatioﬁ that
presents itself. Then, the researcher should structure the best possible study given the
data. In this paper, data on a random sample of 400 Home Park households were
collected énd analyzed using various quantitative methods (basic descriptiQe statistics to
regression analysis). Variables that are theoretically consistent with the literature 'we;e

used to sort households into multiple types, each of which was analyzed as a separate line
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in a seemingly unrelated regression model. The variables used to explain sales price in
the SUR model were consiStent with the hedonics literature, including the spatizﬂ
variables. Then, these results were used to simulate changes in dwelling occupancy if a
new park were constructed in the neighborhood, the resulfs of which were consistent with

descriptive statistics.

6.4 Assessment of Urban Planning Alternatives

In this section, I_assess three urban planniﬁg alternatives in the Atlanta
| metropolitan area: the a priori zoning rules for Georgia 400 (a toll road); the propoéed
Northern Arc that will connect Interstate 75 to Interstate 85 between Cartersville and
Gwinnett County; and the .widening of Northsidé Drive to connect Atlantic Station with
the Georgia Aquarium and Centennial Olympic ?ark. The idea here is to showcase the
usefulness of my model in light of these road projects. The use of road projects, I
believe, best shows how the model presented in this paper can be used to enhance current
planning models and lead to more desirable outcomes for transportation officials and

planners.

6.4.1 Georgia 400 Corridor

. ' e .
Georgia 400, a north-south corridor that connects downtown Atlanta with the

northern Fulton County suburbs, was deSigjr:lcd to alleviate traffic from the Interstate 285

perimeter and provide an easier commute: ifor residents in the northern Fulton County

suburbs. However, Georgia 400 is now rédogriized as a p]anﬁing failure in that the land

nearest to the corridor was incorrectly zoned as commercial, which causes much traffic
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“ congestion during daylight hours, but particularly the “rush hours” during the week.

- Using the e){act_model developed in this paper would not be appropriate for a
land-use analysis of the Georgia 400 corridor. A slightly different form of the model that
would bé appropriate for an analysis»of the Georgia 400 corridor would include the
folloWiﬁg data: general demographic characteristics of households within two or three
miles of the prbpbsed corridor (no information on individual households is required);
general economic data on households within two or three miles of the proposed corridor
(again, no information of individual households is required); data on the price per square’
foot of space zoned retail, commercial, and residential (with the price per square foot in
space zoned residential determined from a regression model similar to that developed in
this papér that uses mostly publicly available Multiple Listing Service data); and data on
the prices o.f square feet of space for each land-use designation (retail, commercial, and
residential) if they are adjacent to one of the other land-use designations (to account for
cross market complementarities in the real estate market). Then, this data can be used to
determine the economically efficient land use patterns for parcels designated to be within
the Georgia 400 corridor.

The_ use of my model develdped in this paper to analyze the Georgia 400 corridor
would suggest a different land-use pattern than exists currently. Similar to the land-use
pattems in Home Park, my model wouid suggest that mostly residential housing
(interspersed with retail and commercial establishments) locate closest to Georgia 400 as
a buffer fhat separates thé highway from the retail and commercial districts. In this
situation, traffic whose destination is a particular interchange off of Georgia 400 is

allowed to drive through a residential district before it encounters typically traffic
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intensive retail and commercial‘ parcels. - This situation avoids the bottleneck conditioﬁs
emblematic of planning and zoning decisions that p.lace retail and commércial parcels
| very close to highway interchanges. |

The counter-argument here is that placing residential housing closest to the
highway and major arterial road only will shift the congéstion ’burd,en from retail and |
commercial establishments té the residential housing sector. While this is a valid
argument, road congestion arises when too many traffic intensive destinations are placed
very close to one another. The residential housing “buffer” is appropriate as it limits the
number of destinations for households that seek retail and commercial_destinations. Also,
my model would suggest that public transportation is a viable alternative that maintains
traffic dispersion instead of traffic attraction. However, the availability of public
transportation was fairly uniform throughout Home Park and therefore was not
considered to vary enough from household to household to entef the model directly.‘

The key to urban redevelopment, as I stated in Chapter 1, is to reinvest funds in
the city — make the city as attractive in terms of amenities as suburban areas. Only then
will traffic congestion problems and the development of blighted areas (i.e. bro;vnﬁelds
are included here) truly be ablé to: be solved. Then, once these general land-use
designations for an area have been established, one can use a model (and the more
detailed household-level data) vefy similar to the one presented in this paper to determine
the "highest and best use" of each individual parcel. In the case of Georgia 400
interchanges, it is possible that some of the results frdm the econometric model preseﬁted
in this paper, such as the coefficient estimates for being near green space, are transferable

to other neighborhoods. Others, however, like the coefficient estimates for distance to
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the Georgia Institute of Technology or 'th_e' distance to the nearest brown industry, may
not have the transferability capabilities as other coefficients for estimation purposes. The
degree of coefficient transferability depends'on the physical design of the neighborhood,

to some extent the racial composition, and the distribution of income across households.

6.4.2 The Northern Arc

The Northern Arc is a proposed intercounty highway that will havé one
interchange per county. Its primary objective is to reduce commuting times for those
who travel between Interstate 75 in Eartow County, Cherokee County, Georgia 400, and
Interstate. 85 in Gwinnett County. In addition to the interesting eminent domain issues
that have taken place over the past six years (the State of Georgia has taken possession of
many acres within the proposed corridor), proponents of the Northern Arc argue that the
;oad is a necessary step to alleviate traffic »congestion on nearby interstate highways.
Critics of the Northern Arc disagree on grounds that alleviation in traffic congestion will
be short-lived compared to the urban sprawl that will encroach on the areas near the
Northern Arc a few years aft_er its development. Both sides have made very good points
on the subject. However, as of this writing (Noyember 2003), the Northern Arc is not
under consideration by Governt)fr Sonny Perdue. |

vS(.), what data are reQuifed to determine the "winners" and "losers" in terms of
welfare gains if the Northern Arc is eventually constructed? As with each scenario
described here, the key is that simple aggregate increases in sdles prices do not imply
that all households are "winners" or experience welfare gains! To measure who

achieves welfare gains/losses, a model similar to the one described in this paper must be
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constructed. Earlier in this chapter I stated that my model was iess than appropriate
beyond the neighborhood scale. For an analysis of the Northern Arc, I am suggesting
that the same kind of econometric methods (PCA and SUR) can be used, but tﬁe data
requirements will bs less intensive. In fact, I see the data requirements for a Northern
Arc analysis to be very similar to those for an. analysis of the Georgia 400 corridbr
(please see the previous section). Georgia 400 is a road with many interchanges that
perrﬁit commuters and other travelers relativeiy easy access to retail, commercial, and
residential parcels.r The Northern Arc is different in that it is intended as a limited access
road with a single exit per county, which suggests that only landowners in the proposed
path of the road and the parcels immediately near the proposed interchanges should be
included in a determination of “winners” and “iosers.” |

The estimation of welfare changes in this scenario can be accomplished in at least
two ways. First, recipients of welfare gains can be determined through a change in sales
price approach where current market values are estimated before the construction of the

Northern Arc [which also accounts for anticipatory changes in sales prices - see Kiel and

McClain (1995)] and compared to the estimated market values of the same dwellings
after the Northern Arc is built. In this case, an increase in sales price holding all elss _
constant would suggest that the presenCé of the Northern Arc increases sales prices for
certain classes of residents. The aggregation problem in this situation might be mitigated
by identifying two household “fypes:” those who will be forced to move due to eminent
‘domain reasons and those who do not move. Then, overall welfare gains to all
‘households affected by the Northern Arc's construction can be determined by the sales

price increases to households who are not forced to move; if the sum of these sales price
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increases is greater than‘ the qosts inéurred by those hoﬁseholds' forced to move, then a
potential Pareto improvement situation arises where all households can be made off
better. This approach, however, requires a lot of data on individual households.

A less data-intensive way td estimate the impact of the Arc on households is to
randomly survey landowners and other residents near the path of the Northern Arc
development for their willingnes's ‘to pay (WTP) for the constructi(’)n» of the road or
willingness td accept (WTA) compensation for the road that “injures” them in some way.
The data requirements for this option are less stringent than the first option, but the
estimates are of WTP or WTA, not true changes in welfare. In any case, these
WTP/WTA numbers are directly revealed (as opposed to indirectly revealed calculations
of hedonic marginal prices) through survey responses, but do not rely' on actual market

data (market sales price) to estimate the impact of the Northern Arc.

6.4.3 Northside Driye Corridor

A project dgsignedv to widen Northside Drive between Atlantic Station and the
Georgia Aquarium would réquire household-level data (demographic, attitudinal, and
ec‘onornic) very similar to that collected in this paper for eacﬁ neighborhood along the
Northside Drive corridor. Since Northside Drive is a major State highway that
tangentially services several neighborhoods (Underwood Hills, Berkeley Park, Home
Park, Marietta Street, Vine City, etc.), and sinée each of these neighborhoods is different
in terms of residential composition and local amenities, a more detailéd analysis is
required to determine those households likely to prefer a wideﬁed Northside Drive. In

addition to data on households, an analysis of Northside Drive would not be complete
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without additional data on local retail and commerciél establishments. In fact, Northside
Drive itself is not adjacent to many residential parcels. So, compared to a study of Home
Park in isolation, an analysis of Northside Drive must contain information on the cost per
square foot of retail and commercial space, data on other establishments that are
complementary (e. g.‘ the location of an ink supplier close to a prinﬁng establishment), and
data on the reasons for porticular establishments to locate to their particular parcels. In
summary, resolts on a neighborhood-by-neighborhood basis are required to discern the
“winners” and “losers” in terms of welfare gain.

The planning implication of this “winner/loser” designation is that “winning”
households might be made by law to compensate the “losing” households in a (potential)
Pareto improvement scenario. One option, although it seems fraught with difficulty,
might be to charge higher property taxes to the “winners” and lower property taxes to the
“losers” in amounts such that the “losers” are not made worse off by the widening of
Northside Drive. A second option might be the assessment of “impact fees” on users of
Northside Drive. To avoid congestion issues 'aséociated with the collection of fees at.the
point of “impact,” these fees mjght bo paid on a yoarly basis at the saino time as property
taxes. This is definitely the most oconomically efficient way to pay for the widening of
Northside Drive, as well as a good woy to' identify fhose who beneﬁt from the use of the
road. This method makes it difficult for a household to "‘mask” its true values of
Northside Drive.v So, while the details of assessinbg these impact fees is beyond the scope
of this paper, the idea of households “baying for what they use” in teﬁns of rood usage is

appealing and, if prices are adjusted high enough to discourage certain classes of

travellers (single occupancy vehicles, for example), then public transportation access on
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“Northside Drive may become a viable alternative to travellers between Interstate _75 and
the Marietfa Street and Centennial Olympic Park corridors.

To conclude this section, this papér' suggests several approaches beyond
traditional planning techniques to infprm Idcal neighborhood economic development.
First, whereas planners concern themselves with devising comprehensive plans that
preserve a certain set of social values baséd on one scale (such as the city level),
households in this paper are allowed to express: their social values or preferehces for
certain local community features through their answers to a neighborhood housing
survey. Again,> more specific data about households permit the drawing of finer
distinctions between households that locate to a particular neighborhood; and the
econometric model accounts for the fact that small changes in demographic
characteristics or attitudes toward éertain neighborhood features can cause a household to
be classified as a different “type.” This paper suggests that there is more diversity within
a single neighborhood thap one might think originally, and certainly more than Tiebout

(1956) homogeneity predicts. This in itself is a significant finding, especially when one

considers that all current research known to me indicates that no one is looking at
demographic characteristics and attitudes of individual households to motivate the market
' segmentatioﬁ argument.

In addi_tion, the fact that households have different preferencés suggests that one
might learn in this research how and why households vary in their preferences. One
suggestio‘n for whj preferences differ can be seen in the coefficients on dwelling structure
variables in Table 5. The suggestion that'Typc A households prefer more bedrooms

(liberal interpretation of a positive coefficient) to additional square feet of living space or
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‘the number of baths (liberal interpretation of a negative _coefﬁ‘ci.ent)l is an important
disco;'ery about thése households. That’Typé A households might be dissuaded from the
renf or purchase of a dwelling that has fewer bedrooms but more living spéce 1s very
important to real estate agents and absentee landlords. This kind of information
throughout Table 5 can be used to identify those households that are more likely to prefer |
living in a given dwelling.

Second, the form of land-ué.e planning (based on economic optimization)
described in this paper parallels the effort of the real estate market to ascribe certain land-
use designations to particular parcels. Whereas traditional planning can be viewed as a
set of institutional constraints (e.g. 20 percent of all land within the city must be
designated as open space) that may or may not mitigate the externalities associated with
the real estate market (which in the extreme case may ailocéte ail land to the use that
commands the highest price, like industrial uses), my method does not account for these
institutional constraints. Instead, my method takes the existing land-use configuration

and determines the value of a particular vacant parcel if instead it were designated as

open space. By extension, if I collected data on the local commercial, retail, and
industrial real estate markets, I could determine (with some confidence) the kind of land
use that is most likely to consume a vacant parcel given the‘current land-use scheme in
the neighborhood. As a result, local neighborhood planning is enhanced as externalities
are accounted for directly in the econometric model instead of arbitrarily imposed by

local planners.
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6.5 Implications fof the HPCIA and Pianners
6.5.1 HPCIA

The results suggest some implications for the neighborhood. First, HPCIA can
target its fundraising efforts ‘bet‘ter once it knéws which households are likely to value
proximity to green space more than others. Thé results tell'me_that Type A and B
households ﬁave a positive marginal WTP for proximity to the Home Park green space.
‘Assuming that the direction (and maybe the magnitude) of the influence remains the
same for the néw park, one can say that these households are more likely to contribute
funds to purchase the land designatéd for the new pafk than Type C hbusehol&s, who
with such a small negative aggregate marginal WTP for proximity to the Home Park
green space, may merely ha\./e an existence value for both parks; Type C households may
not be willing to pay to be closer to the green space or the new park. But, having the
parks “available” may entice some Type C households to contribute funds to the purchase
of the land designated forrthe new pgrk.’ In practical terms, there 'is always a problem

with taking a result for a group of people and attributing it to all of the members of that

group. The targeting of certain households for fundraising contributions is a general
scheme that can be followed by those seeking funds if one chooses to follow the
coefficient signs derived from this model. Otherwise, one may blindly solicit funds from
the eﬁtirc neighborhood without knowing which households are more likely to support an
additional green space, for example. So, if the HPCIA can raise enough funds to
purchase the vacant parcel for an amount less than the total increases in sales prices of the
Home Park dwellings, the total consumer surplus of the neighborhood incréases with this

parcel transformation. An added benefit of this arrangement is that HPCIA, not the City
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of Atlanta, controls the destiny of this green space, which provides more local control
over this particular parcel.

‘Second,  regarding the political climate in Home Park, two neigﬁborhood
associations pfevail. The _que Park Community Improvement Association (HPCIA),
comprised of mostly homeoWners, is the City of Atlanta’s officially designated

~metropolitan 'planning organization (MPO) for the Home Park neighborhood. The other
group, the Noﬁh Home Park‘ Coalition (NHPC), is anothér policy voice that desirés to
maintain the sectibn of Home Park that is north of 14™ Street as a purely “residential,”
community. NHPC believes that Atlantic Station (a large mixed-use pfoject scheduled to
be completed in_the summer of 2004) poses a great threat to the relatively quiet
residential atmosphere of Home Park. In particular, this group believes that a south
entrance (exit) to (from) Atlantic Station through the Home Park commun'ity (via State
Street, Atlantic Drive, Holly Street, Barnes Street, and/_or Francis Street) will cauée an
unacceptable amount of noise pollution and greater escape access for criminals. NHPC
favors cul-de-sacs being placed at the proposed entrances.to the Atlantic Station site, so
that areas in Home Park north of 14™ Street retain their residential flavor. HPCIA, in
contrast, opposes these cul-de-sacs because they limit access to Atlantic Station from the
south. Easy access to Atlantic Station, argues HPCIA, will offset potential increases in
crime with higher home vélues and higher rentai fees that encourage higher-income
households to locate in Home Park. In the language of economists, HPCIA desires to
'maximize rents by eliminating cul-de-éécs in hlopesAof driving up the home values in
'Home Park, which happen to be owned by a significant number of HPCIA members.

However, the problem with higher rental fees is that the current population of students
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that resides in Home Park is likely to be displaced. As a result, other neighborhoods near
Home Park (i.e. Berkeley Park, Collier Hills, Underwood Hills, and Loring Heights) are
likely to accommodate more students if rental fees increase after Atlantic Station dpens.

Third, the SUR estimates in Chapter 4 suggest that different household types will
perceive different sales price impacts of a. physical change to Home Park parcels if that
change alters the numericgl value of one of its independent variables (e.g. if the
construction 6f the new park décreases the distance a particular household would have to
travel in order to access a green space). In the case of the cul-de-sac issue in North Home
Park, I expect the approval or disapproval of cul-de-sacs to have a significant impact on
sales prices and the types of households that will move into Home Park. The
constrﬁction of cul-de-sacs will simultaneously 1) provide one less outlet for criminals
looking for escape access from the neighborhood, 2) increase the driving distances from
these North Home Park residences to Atlantic Station énd all other points north, and vice
versa, .3) impose physical and mental “barriers” that separate North Home Park from
Atlantic Station, among others. Therefore, once the cul-de-sacs have been constructed
and capitalized into the hou‘sing market; the change in sales prices at the margin will
depend on the degree to which'thegé thrpe factors and others are viewed as benefits or
liabilities to current neighborhood rcsidénfé. Uhfortunately,‘ welfare economics says that
net benefits of changes to the neighborhood can be estimated only if one assumes that the
neighborhood is static, that no one moves ffom or moves into the neighborhood.

Fourth, what Should HPCIA do to vacant lots? As mentioned ’in.the literature
review, a particular type of land use for a particular vacant lot would maximize the total

dwelling values of surrounding homes/apartments in their current state; one goal could be
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to find that particular land use that maximizes total Qalue across the neighborhood. The
aggregate marginal WTP in Chapter 5 shoWs 6ne way in which an econometric model
can be used to determine the “highest and best use” of a particular parcel under the
assumption of neighl')orhoo_d stasis. Then, in essence, one can do incrementalist city
planning in the Lindblom style according to a set of rules established by planners, real
estate developers, local government officials, and neighborhood residents. These rules
might look like the maximization of an objective function (i.e. maximizé the total sales
prices of all parcéls in Hérﬁe Park) subject to somé constraints, such as the current land
use designations, the amount of green space in the neighborhdod, planning rules, local
laws, etc. Then, one can model the changes to the existing land use pattern if a change to
a particular parcel is made. While these estimates limit the amount of analysis and
implementation that can be done without knoWing more about the cross-market
relationships between different land use designations (i.e. residential versus commercial,
commercial versus industrial, residential versus industrial), a good start has been made.
These estimates are valuable data that can be used by local decision-makers in tﬁeir

policy decisions.*

6.5.2 Implications for Planners

Planners generally operate at scales larger than a single neighborhood. Their

“ The problems here are not new and echo concerns for benefits transfer in other non-market valuation
(NMV) studies, such as Bingham et al. (1992), Lampietti (1995), and others. The most comprehensive
study I found is by Rosenberger and Loomis (2001), who present guidelines for the use of particular
estimates from past NMV studies to analyze current management and policy actions. In their report,
benefits estimates for 21 recreational activities are summarized for studies published between 1967 and
1998.
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' planning attempts seek tn identify an appropriate mix of land uses across some physical
space. Usually some kind of stakeholdc_;r analysis (focué groups, statisiics‘about the
neighborhood, etc.) is uséd to gauge the kinds nf land uses that might fit wel]‘ in the
overall planning scheme. Typical]y, though, the data used to formulate those plans do
not permit a systematic assessment of households’ preferences for certain kinds of-
developmenté, nor do they identify any value of willingness to pay for particular local
amenities. This is a problem because planners cannot devise a plan that achieves the
basic objective of planning — creating the optimal zoning mix - Vi'ithout having some
’knowledge about the right mix of amenities that will attraci the desired households to a
neighborhood. One result from this paper, that different household types perceive
different impacts on sales price of thev same dwelling structure characte_ristics, etc.,
suggests that current planning is not as effective as it could be if planners could identify
those who benefit and those who lose (in terms of welfare) when certain policy changes
occur; policy changes include zoning changes that re-designate particular parcels from
one use tn another. So, until an econometric analysis like this one is conducted to link
. changes in sales prices at the margin to proximity to certain kinds of land use, planners
will continue to guéss about what inixes of land uses are most appropriate in an area and
the dynamics of what types of honéeholds are likely to be enticed to the neighborhood.
The ngxt logical question is what happens if I estimate welfare changes across
multiple urban neighborhoods as in the case of the Northside Drive corridor described
earlier? Similar to “benefits transfer,” households of one type can be compared only to
households of the same or similar type. To compare one type of household to a different

type is to violate the aggregability conditions defined throughout the sorting process.
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True welfare economic compariéqns caﬁ be made only on the same group of households
whether one is studying a one or more neighborhoods. If some‘ hous_ehqlds_ of a particular
type move out of a neighborhood, then estimates of welfare change will no.t be based
upon the same set of households; in other words, ex ante and ex post dWelling sales prices
are ‘not comparable unless the neigﬁborhood is assumed fo bve in a period of stasis (all
households remain in the neighborhood); yet the violation 6f this assumption is almost an
object of urban redevelopment itself where households are classified into different
“types” or the mix of residences changes. This makes striét corﬁparisons of welfare
changes related to changes in amenities/disamenities invalid. So, for the prdposed park
in North Home Park, one can only estimate the changes in welfare for the neighborhood
as it is currently inhabited and then report demographic shifts. The establishment of the
new park will certainly entice new residents and force out others, meaning that the reach
of welfare economics as a tool for measuring neighborhood eéonomic value change is
limited but not impotent. This is because the welfare estimates. for one set of households
_afe unique to that set of households, and that a change to that set causes changes in
neighborhood composition and the f‘Way’f that yvelfare estimates are calculated.

While fhe reach of welfare econoﬁqics does not extend beyond the neighborhood’s
ability to remain static, the p'ower of welfare economic estimates should not be dismissed.
The estimates obtained from the first-stage hedonic equation illustrate households’
different marginal WTPs to have more or less of the local amenities and dwelling
characteristics and thé potential difficulties associated with bringing together‘ the
appropriate stakeholders. The fact that ‘households are systematically different in

multiple dimensions indicates that some common policy ground for future neighborhood
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redevelopment may be a challenge. But, with open discourse and a commitment to
compromise, the path chosen for neighborhood redevelopment will be palatable to all
parties involved.

The results presented above also suggest that making large, capital-intensive
neighborhood redevelopment plans based on estimates at a different scale (a different
level of aggregation than that on which the redevelopment is to oecur) is very risky.
. Often one will hear of attempts to solve a problem at one scale, say the housenold level,
using estimates based on another scale, say, the city level. In the case of eingle
neighborhood redevelopment, the apnropriate scale or unit of analysis is the household.
Therefore, data to be collected and analyzed should reflect household preferences at the
household level. Since the smallest scale of publicly available data .is the block group,
one must collect data at the household level when attempting this level of detailed
neighborhood analysis. This suggests that any conclusions drawn from this research are
Speciﬁc to the Home Park neighborhood, are mildly generalizable to other nearby
residential neighborhoods, and are very suspect to generalization to the city level. Yet,
the approach itself is replicable to othef neighborhoods and cities.

Welfare estimates for Home l%afk are also affected by other land-nse designations
(commercial, industrial, and retail) \iavithin the neighborhood and in neighboring areos.
The externalities between households and other land use designations within the same

| neighborhood have been captured in the hedonic pricing model presented above, where
the distances to commercial/retail enterprises and the local orown industry explain sales
price variation. Positive and negativeooefﬁcients on these explanatory variables indicate

whether households perceive these local features as negatively or positively affecting
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sales. price, all else held constant. While intra-neighborhood externalities betwéen
parcels have been captured in the model in various ways, most inter-neighborhood
externalities, particuiarly between the residential housing sectors of multiple
neighborhoods, remain unmodeled. Given Home Park’s relative isolation from other
residential neighborhoods, an immediate incorporation of the externalities between
“neighborhoods is beyond the‘scope of this research largely because retail and commercial
units serve consumers in several adjacent néighborhoods. In the future, however, data on
another local neigﬁborhbod will be collécted, Which permits a similar analysis across two
neighborhoods in Atlanta along the Northside Drive corridor. To have such micro-level
data for two 'neighborhoods makes for interesting analyses over the ne*t several years.
Even though this current research focuses.on one neighborhood, the econometric analysis
is easily extended to multiple neighborhoods in the same metropolitan area where an
SUR model of households would remain an appropriate econometric analysis tool.
Ideally, if I could get price data for ce_rtain kinds of land uses (commercial, retail,
and industrial), I could account for the cross-market effects of being adjacent to or near
these other land use designations in a systé'métic way to model the land use battems of
non-residential sectors as well. In this case, a full system of simultaneous equations may’
be possible rather than the unmode'led causes of correlation between equations in the
SUR model. In addition, ﬁsing Home Park data as well as data on the neighborhood to
the north (Berkeley Park), I can test the urban economic éssumption of moﬁocentﬁcity
.(that prices decrease with increased distance to the central business dis_trict [CBD])), test
‘the difference between two vncighborhood.s ‘with similar percentages of renters and

homeowners, and estimate true welfare gains in each neighborhood for activities such as
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the construction of a major road that increases eaéh neighborhood’s accessibility
(however defined) to certaiﬁ kinds of activities and physical places. The main caveat
with across-neighborhood analys:eS, as alludéd to earlier, is that households must be of a
similar enough “type” for one to draw any static comparisons.

- One final implication for plénners is that they generally do not seerﬁ as concerned
about issues related t§ po]icy implementation as they do their traditional planning
methods. By'implementation I mean “to ensure actual fulfillment of concrete measures”
‘(Merriam Webster Dictionary 4<http://Www.m-’w.com/cgi-bin/dictionary>). The policy
implementation literature is replete with examples of gbod planning but bad
implementation, barrigrs to successful implementation in different contexts, among
others. This literature also in part suggests that planning, implementation, and evaluation
are virtually co-temporal, non-separable activities.. Planners seem to assume that the
problems associated with the implementation procesé are either not there or will not
hinder their plan. The evidence of this includes planners’ citations of very few (if any)

key articles and books on policy implementation. If anything, planners should be reading

this literature and be aware of the implementation concerns of others working on similar
projects. The potential hurdles (mainly political, bureaucratic, and/or financial) that may
hinder the implementation of a plan should be considered early in the planning process.
This new approach to planning (i.e. the consideration of barriers to implementatioﬁ) has a
positive aspect in that planners will be mo‘re knowledgeable of what works and what
types of plannihg designs raise suspiqion to politicians, local govemnient officials,
developers, and other parties. The negative aspect of this is that planning schernes

formerly designed in relative “isolation” is lost, as planners who are aware of the pblicy
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implementation literature will plan “around” these known implementation barriers.

6.6 Implications for Policy Analysts and’Regional Scientists

In addition to the same policy implementation is"sues_that face planners, other
implications face policy analysfs and regional scientists. First, the results indicate for
policy ana]SIsts and regional scientists that the theoretical full aggregation of households
(all households assumed to be similar enough to be analyzed using a single-line
regression method like OLS) is not appropriate unless the empirical sorting process
results in a single household type. While the two-stage do-loop process is not the only
way to sort households, it is a reasonable first approach that assures that households with
similarities in several dimensions, including similariﬁes in marginal prices for certain
dwelling and/or neighborhood features, are grouped together for analysis purposes. In
addition, the Breusch-Pagan (1980) test (null hypothesis is that the variance-covariance
error matrix is diagonal) described earlier provides a decision rule regarding the
hypothesis of full aggregation.

Second, regional scientists and geographers need to question the assumptions that
are made when using the spatial weights matrix approach. At certain levels of
aggregation, the spatial weights matrix approach makes sense. However, when one has
data on individual households, spatial weights matrices do not necessarily need to be used
to ‘model spatial dependency. Once the extent of one’s neighbors (who are my neighbors)
has been determined, eithér by assumption of through the direct questioning of residents,
variables that describe across-parcel externalities or some kind of clustering can be

constructed and used directly in the analysis as independent variables to explain sales
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price variation. The cdmmon- dichotomous variable approach used to détermine a
household’s neighbors éan be foregohe when one has data at the household level. To my
knowledgg, no other houéing hedonic study can offer the level of detailed estimates of
dwelling-ébeciﬁc, spatial, and adjacenéy variables on the sales prices of subgroups of a
single sample as those found here.'.

To conclude, this paper theoretically and empirically supports the idea of multiple
hedonic price lines in a single urban neighborhood. Some conceptual issues remain to be
addressed in future work. In the meantime, I reasonably can say that the spatial thebry'
'developed here, complemented with the incorporation of detailed household-level
dwelling and spatial data, provides a powerful tool for economic develdpers and planners
who wish to perform neighborhood-level planning and economic redevelopment. The
power of the tool lies in its distinction of multiple household types, each of which has
different marginal WTPs for dwelling structure characteristics, for being “near” certain

neighborhood landmarks, and for being “near”” households with certain characteristics.
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APPENDIX A: HOME PARK HOUS ING SURVEY

Dear Home Park Resident:

You have been randomly selected to complete a survey that will be used to
implement the Home Park Master Plan. If you are a renter, please complete
the “I AM A RENTER?” survey only. If you own your home, please
complete the “I1 AM A HOMEOWNER?” survey only.

Timothy State, President of the Home Park Community Improvement
Association, Inc., approved this survey. You will not be paid and there is no
cost to you to participate. As our way of saying thank you, please find an
enclosed stick of gum that will last longer than this five-minute survey.
There is no direct benefit or foreseeable risk to you to participate in this
survey. If you have questions about your rights as a research subject please
contact the Office of Research Compliance at 404-894-6944.

After completing the survey, please return it to me using the self-addressed
stamped envelope enclosed.

We need your help. All information that identifies you and your dwelling is
confidential and will be purged upon completion of this study. Your answers
will not be provided to any companies for any reason. If you have questions
about the survey please contact Dr. Michael Farmer at 404-894-6458 or Cliff
Lipscomb at 770-387-2518.

The Home Park Community Improvement Association will receive a
summary report from this research. Your contribution is very useful to us,
but no information on individual households will be shared with outside
sources.

Your participation is completely voluntary. There are no right or
wrong answers; we only want your opinion if you want to provide it to us.

Thank you in advance for your time in completing this survey- the Home
Park Community Improvement Association and I very much appreciate your
help.

Cliff Lipscomb, Ph.D. Candidate
Georgia Tech School of Public Policy
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1AM A HOMEOWNER

1.How many adults (18 years old or older) live in your dwelling?
2.How many children (under 18 years of age) live in your dwelling? ____
3.How many adults in your dwelling are employed (including self-

employed adults)?
4.How old are you? years
5.What is your gender? ___ Female ___Male

6.Which best describes your living situation:
___Town the house, live in it, and do not rent any of it.
T own the house, live in it, and rent part of it.
7. Approx1mate1y how long have you lived in your current dwe]lmg"

years
8.Which best describes your race?
__ African-American ___ White ___Other -
___Hispanic ___Asian
9.Check the ONE statement that best describes YOU. I am:
___unemployed. ____astudent.
___ahomemaker. __ retired.
—__employed full-time. ___employed part-time (non-student).

10.If you are currently employed (self-employment is included here),
which statement that best describes YOU:
T am the highest wage earner in the dwelling.
_ Another household resident is the highest wage earner.
—__ All residents who work make approximately the same wages.
11.Which of these best describes YOU (please check only one):
I did not complete high school.
___T'am a high school graduate.
T am currently an undergraduate student.
__I'have an undergraduate degree.
—_Tam currently a graduate student.
—_I'have a graduate degree.
12. Which category best describes your total annual income before taxes (include all sources of income, including
fellowships, alimony, retirement income, etc.)?

__ Less than $15,000 ___ $50,000 to $69,999
—_$15,000 to $24,999 __$70,000 to $89,999
__$25,000 to $34,999 __$90,000 or more
—$35,000 to $49,999
13. Which one issue besides national security is more 1mportant to you?
_—__Crime _ Education
___Environment ___Social Security
14. Politically speakmg, do you generally consider yourself (check one only)
— Conservative —_Liberal ___Moderate
(over)
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15. ~ What is the approximate market value of your house today?

(Check only one.)
—$90,000 to $149,999 —_$225,000 to $249,999
___$150,000 to $174,999 _—_$250,000 to $274,999
___$175,000 to $199,999 — $275,000 to $299,999
__$200,000 to $224,999 ____More than $300,000

16. From the list below, please check the two most important factors in your decision to live in the Home Park
neighborhood. .
___Close to religious facilities __ Tree cover
____Close to Georgia Tech — Crime rate

- ___Afeeling of community =~ __ Noise levels

___Diversity of residents __Close to parks
__Investment potential — Close to your workplace
___Close to entertainment ___Close to public transportation

17. From the list below, please check the two most important factors in your decision to live in your particular
house. '
___Kitchen ___Lots of windows
— Number of bathrooms —__ Hardwood floors
____Views of the neighborhood ___Internet connection
__Recent renovations to the house ___ Other

__ Number of bedrooms

18. To your knowledge, have total improvements to your home over the last three
years exceeded $10,000? ___ Yes __No
19. ‘Which statement best describes you: “In the next two years...”

I do not wish to move.
__ I want to move inside Home Park.
____I want to move outside Home Park.

20. (optional) Feel free to add any of your own comments concerning what you
like or do not like about the Home Park neighborhood and/or your house.

Thank you for your help!
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I AM A RENTER

. 1.How many adults (18 years old or older) live in your dwelling?
2.How many children (under 18 years of age) live in your dwelling?
3.How many adults in your dwelling are employed (including self-

employed adults)? : :
4.How old are you? years
5.What is your gender? ___ Female ___Male
6.Which best describes your living situation:

____Trent an entire house or apartment.

___Trent a unit in an apartment complex.

___Irent aroom in a house owned by someone else.
7.Approximately how long have you lived in your current dwelling?

, years
8.Which best describes your race?
___ African-American ___ White __ Other
___Hispanic " ___Asian
9.Check the ONE statement that best describes YOU. Iam:
____unemployed. ___astudent.
___ahomemaker. ___retired.
___employed full-time. ___employed part-time (non-student).

10.If you are currently employed (self-employment is included here),

which statement that best describes YOU:

___Tam the highest wage earner in the dwelling.

— Another roommate is the highest wage earner.

— All roommates who work make approximately the same wages.
11.Which of these best describes YOU (please check only one):

—_1did not complete high school.

—_T'am a high school graduate. ‘

___Tam currently an undergraduate student.

—T'have an undergraduate degree.

___Tam currently a graduate student.

—_Thave a graduate degree. .
12.Which category best describes your total annual income before taxes

(include all sources of income such as fellowships, retirement income, etc.)?

__Less than $15,000 — $50,000 to $69,999
—$15,000 to $24,999 ___$70,000 to $89,999
___$25,000 to $34,999 - __$90,000 or more

___$35,000 to $49,999 ,
13.Which one issue besides national security is more important to you?

_ Crime —_Education
___Environment — Social Security

14.Politically speaking, do you generally consider yourself (check one only):
__ Conservative __Liberal . ___Moderate

(over)
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15. How much do you and your roommates pay fotal for your’
rented dwelling each month?

___$400 to $499 —_$800to $899
—__$500 to $599 —$900 to $999
3600 to $699 _ More than $1,000
—__$700to0 $799
16. From the list below, please check the two most important factors in your
decision to live in the Home Park neighborhood.
___Close to religious facilities __ Tree cover
___Close to Georgia Tech ___Crime rate
A feeling of community ___Noise levels
___Diversity of residents __Close to parks
__Investment potential _ Close to your workplace
___Close to entertainment ___Close to public transportation
17. From the list below, please check the two most important factors in your decision to live in your particular
rental unit.
__Kitchen __Lots of windows
___ Number of bathrooms ___Hardwood floors
____Views of the neighborhood ___Internet connection
___Recent renovations to the house ___Other
—_ Number of bedrooms
18. Which ONE statement best describes you: “In the next two years...

____Tdo not wish to move.
___ I want to move inside Home Park.
I want to move outside Home Park.

19. (optional) Feel free to add any of your own comments concerning
what you like or do not like about the Home Park neighborhood and/or
your rental unit.

Thank you for your help!
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APPENDIX B: DERIVATION OF THE SUR MODEL

Under the assumptions of the classical linear regression model, the least squares
estimators of the fegression coefﬁciehts are unbiased and efficient. This assumes, of
course, that ALL of the iﬁformatior; known .about the relationships between the
.independent and dependent variables is known and accounted for in the model.
However, if some other piebe of information about these relationships is known but not
included in the model, then the least squares estimators are no longer establishéd
theoretically. If this other,piece of information is knowledge concerning the correlation
of the error term from one equation with the error term from a different equaﬁon, then we
have violated the classical assumptions of the linear regression model, namely the
expected value of € = 0 and E(€n€m’) = G’““‘I,T = Q. Instead, when the error terms of
different equations are correlated, we get E(€En€p’) = Omplr (M, p =1, 2, ..., M). This is
the imponaht subtle link that makes a system of M equations seemingly unrelated
- (Kmenta 1986).
For. our purposes heré, a SUR system of M équations (when compressed) looks

like the following:

B1) sp,i Bo+a,S+8D+y A £

: | = : +
sp .M B +ayS+6,D+y, A £y

On pagé 247 in Breusch and Pagan ( 1980), the B-P test for independence, a form of the
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Lagrangian multiplier test, wés first derived. It tests the diagonality of thé error
covariance matrix in a seemingly unrelated equation (SUE) model.\ Under the null
hypothesis, thei Breuscﬁ-Pagan test says the variance-covariance matrix ié diagonal, -
meaning that the error terms are not correlated betwe-en equations, evidenced by z_éros in
all of the off-diagonal elements and Nol;k'lcu'l on the principal diagonal. Here, N is the
number of observations and oy oy” is the inverse of the terms that comprise the
variance-covariance matrix. Then, the Lagrangian mﬁltiplier test that determines the

diagonality of the error covariance matrix is:

. . m 1
(B2) NY 3 r
i=1 1

In Equation B2, rj; is N'l(ckkou)'llzu;’u;, where u; are the error terms from the system of -

equations. The statistic has a x2 distribution with (m/2 x (m-l)) degrees of freedom.
Therefore, if the null hypothésis is confirmed, a syétem of equations will reduce to a ,
single-line OLS regression equation. Otherwise, a rejection of the null Hypothesis means
the system of equations is dependent, meéning that the errof terms between equations ére

correlated.
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APPENDIX C: HUMAN CAPITAL CROSS-MARKET EFFECTS

Problems exist with modelé that burport to compare the results of one household
- type to énother household type. As articulated earlier, only households of the same type
can be compared. The aggregability céhditioné here do not permit houséhold estimates
for one type to be compared to estimates of another type. Aggregation impiies a certain
re]ationshfp between a particular -type of hoﬁsehold »and the inter-neighborhood
externalities that impact the cstimates of that particular type. In fact, if one had identiéal
data on an adjacent neighi)orhbod, estirﬁates éould be4compared only if the same type
' appeared.in the other neighborhood, because they would be of the same statvistica]]y
aggregable type. This sorting process, which mitigates the specification and aggregatibn
problems, does not simply map the area based on household level data. Distinguishing
between -household types also identifies the direcfiona] impact of éross;neighborhood
market effects. Immediately one can see this in some of the independent variables (with
significant coefficients of different signs) that reflect the impéct of certain outside-the-
neighborhood land uses on Home Park sales prices.

| These externalities are not limited to factors outside the neighborhood; other non-
parcel-specific factors within Home Park influence sales prices as well. These include
the college education levels of one’s neighbors, the home improvements made by one’s
neighbors, the racial composition of one’s neighbors; and others. In particular, I focus on
the neighbors’ education levels as an indication for the impact of “human capital

externalities” on sales prices.
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. A relatively small literature examines the idea that human capital externalities
(measured here by the education level of my 'neighbors) play a role in determining -
~ whether or not households afe attracted to certain neighborhoods. The theory, from
Rauch (1.991) and Zhang (2002), is that new hopseholds want to 56 near other households
. that are “like” them in some respect. Rauch (1991) qsed rent gradients to explain how
living near educated people éan enhance one’s prodilctivity. For example, a person with
a Méster’s degree or Ph.D. may choose to locafe to an area based on the general level of
knowledge exhibited by his/her future neighbors. This person may prgfer educated
neighbors because he/she cares about his/her intellectual health; interacting with similarly
educated and/or intelligent persons keeps that person sharp intellectually, exposes that
person to the ideas of others, and provides that person immediate assimilation into a type
of social network.
In the labor market, Rauch concludes that wages in high human capital cities
should be relatively higher. Assuming a fixed housing supply, as a more highly educated

and technical workforce, which commands higher wages, moves into an area, one will

“see an increase in dWelling sales prices. Several effects (direct and indirect‘).cau‘se this
increase in sales prices: higher wages (households with higher education levels earn more
income); higher house premiums (households will pay more to live near other households
with higher levels of education); and firms wanting to be near other high-tech firms. To
separate the effects of houseﬁolds that command higher wages from the effects of cross-
‘market human capital externalities on sales prices, the analyst needs information on 1) the
local real estate market (includihg residential, retail, and commercial), on 2) the

relationships between particular real estate sectors (i.e. the value of residential land
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loéated adjacent to commerciai, etc.), 3) firm-level wage data, 4) whether a firm is “low-
technology” or “high-technology,” and others. In the real estaté market only, a positive
effect of human capital will trénslate into higher sales prices of houses, particularly if one
assumes that avhousehold would be willing to pay a higher sales price for.being “near”
éducated neighbors. The “type” concepf can be I.JSed to differentiate the impacf of
educated neighbors on different sﬁbsets of the Home Park sémple. At the establishment
level, increasés:in wages that correlate with increases in formal employee‘educa'tion can
be used as an indicétof of the “high-technology capacity” of firms. .

Part of this théory, that human capital externalities influence household location
decisions, can be tested empirically by looking at the marginal imp_licit prices of being
adjacent to college educated households. My theory suggests that households will be
willing to pay a higher premium to live near 'households that have higher education
attainment levels. This suggests that clusters of humaﬁ capital exist in the neighborhood.
Data from the housing sufvey follow this theory of clusters in that 33.5 percent of
households in Home Park located to Homé Park because it was near thf;ir workplace(s)
and 57.7 percent located thére because their chosen dwelling was near Georgia Tech.
Since theory suggests that neighbors’ characte;istics influence the household location
decision, then an examination of ‘neighbor characteristics in the housing hedonic model
will provide a decent first approximation of the willingness to pay for a particular class of
residen_fs to live near households with certain characteristics, holding all else constant. )
Given the specification of the first-stage hedonic model in Table 5, I argﬁe that certain
adjacency variables measure the impact of neighbors’ attributes/cﬁaracteﬁstics on the

sales price of a particular dwelling. Those estimates are located in Table 14.
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Table 14: Iterated SUR Estimates from Table 5 (abbreviated)

Adjacency Variables Type A Type B Type C
Are you Adjacent to a Renter? | 1.74%** -2.20% % 24
(.67) (.79) (74
Are you Adjacent to 1.25%* 1.39** -2.65%**
Undergrad Student? (.56) (.67) (.63)
Are you Adjacent to a College -19 -82 1.17*
Educated person? (.63) (.75) 7D
Are you Adjacent to a Person | -1.92*%** | .2,60%** 4.58%**
of a Different Race Than (-47) (.55) (.52)
You?
Are you Adjacent to a .69 -3.98%** 3.61%**
Dwelling that made Home (48) 57 (.53)
Improvements?
Are you Adjacent to Someone 1.47%** 2.61%** -4,13%*x
who Lives in Home Park 57 .67) (.63)
Because it is Near Georgia .
Tech?

As an example of the ir-npactv of a “social” externality on sales prices, the
estimates in Table 14 show that Type A households at the margin have a 1.92 percent
decrease in sales price if their neighbors are of a different race than them, all else held
constant. Similarly for Type B and C households, the marginal percentage changes in
sales prices decrease by 2.69 percent and increase by 4.58 percent when households of

~other races are neighbors, respectively. So, we see here that Type C households have a

positive rharginal valuation for neighbors of different racial backgrounds than their own.
This provides a rough estimate for the value of neighborhood diversity.

Another interesting and counterintuitive result is that Type A households (mostly
student renters) are not willing to pay to near other college educated persons (who
already have a degree), but are willing to pay to be near other renters. Strangely, Type B
households (mostly renters) have a significant and negative WTP for being near renters
and Typo C households an insignificant and positive WTP. Given that Type A

households are comprised of 35 percent undergraduate and 11 percent graduate students,
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the positive coefficients o.n “adjacent to renters” and “adjacent to undergraduate students”
are not surprising. Then, Type B households are comprised of 28 peréent undgrgraduate
and 22 percent 'gradﬁate students. The negative and significant coefficient on renter
adjacency but positive and significant coefficient for undergraduate adjacency for Type B
households is a likely }signal of the value households place on being near folks who are
pursuing their formal educatidn. Then, for Type C households, of which 55 percent is
homeowners, a positive and insignificant marginal sales price for adjacent renters and a
negative and Signiﬁcant mérginal WTP for adjacent undergraduate studénts reflects the
general perceptioh that older renters are mindful of how their actions impact others and
that less-educated students (underclassmen) make lots of noise on Weekend nights and do
not keep up their yards (as several survey respondents noted), adding to the stigma placed

on students by Home Park owners.
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