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ABSTRACT 

 

This study examines the effects of educational submarkets — schools and 

districts — on house prices in the Tucson region.  The supposition that 

homebuyers will pay more to live in a better school district or school attendance 

area is examined, with the quality of education measured by per-student 

expenditures and academic achievement.  Traditional single-market modeling of 

the housing market finds that education submarkets have a small but significant 

effect on housing price.  Further modeling, taking explicit account of the spatial 

nature of the housing market, suggests that in the single-market approach, 

education submarkets act as proxies for other neighborhood effects and variables 

omitted from the model.  Incorporating the unique location coordinates of the 

properties and allowing marginal attribute- and location-effects to vary across 

geographic space in a trend surface approach produces more robust model 

results and allows the educational submarket effects to be isolated.  The results 

suggest that school districts have a small but significant price effect even after a 

fluid price surface has been developed, but that intra-district variation remains.  

These price effects have some relationship with district quality as measured by 

academic achievement, but the housing market does not reward per-student 

expenditures.  At the intra-district level, middle school quality does not appear 

to have a significant effect on housing price, at least in the Tucson Unified School 
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District.  However, the trend surface approach still proves to be a useful 

methodology for modeling small, local-scale variations.  The use of polynomial 

expansion and spatial- attribute variable interactions is successful: problems of 

variable omission are diminished, spatially autocorrelated error terms are 

reduced and removed, effects of multicollinearity are minimized, and the effects 

of the educational submarkets may be examined in isolation. 
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CHAPTER 1 

INTRODUCTION 

 

1.1  PROBLEM STATEMENT  

 

This study examines the effect of schools and school districts on housing prices, 

focusing on whether there is evidence that homebuyers are willing to pay a 

premium to live in an area associated with higher quality education.  Many 

studies have shown that education quality — as measured by variables such as 

test scores, dropout rates, student-teacher ratios, and educational expenditures 

— filters through to the housing market in the form of price effects.  Although an 

extensive literature exists that attempts to establish a causal relationship between 

house prices and education quality, the link is complicated by the fact that 

“better” schools and districts tend to be located in “better” neighborhoods.  

Therefore, before the effects of schools or districts can be determined, it is 

tremendously important that models account for neighborhood effects, or the 

effects of education will likely be overstated. 

 

A common approach to examining the effect of educational areas on housing 

prices is to develop a hedonic model of the housing market, the underlying 

rationale being the idea that housing may be thought of as a bundle of separately 
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measurable characteristics.  Thus, a hedonic house price function relates the price 

of a house to its structural and locational attributes.  In the early housing market 

literature it was assumed that there existed a single housing market where price 

was differentiated by distance and different sized units of homogeneous 

housing.  Over time, more complex models have been developed to examine 

different attribute effects using different specifications.  House-specific attributes 

such a square footage and building materials are fairly easy to measure.  

However, neighborhood variables, accessibility, and the effects of externalities —

attributes that are not explicitly priced but that indirectly affect housing values 

— are less easily identified and measured.   

 

The spatial nature of the housing market provides a set of problems that were 

not of concern when the hedonic approach was developed using aspatial goods.  

Spatial patterns in the housing market are usually due to a combination of spatial 

autocorrelation and spatial heterogeneity.  These concepts are key to an accurate 

understanding of the spatial nature of the housing market.  Briefly stated, spatial 

autocorrelation is the interdependence of observations across geographic space 

that can be attributed to relative location, whereas spatial heterogeneity refers to 

the variation in the sales price caused by the absolute location of the property.  

Theory suggests that if the model does not incorporate these issues then 
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inaccurate parameter estimates may result because the basic modeling 

assumptions of independent and homoscedastic errors are violated.   

 

A common method for dealing with spatial effects is to introduce submarkets, 

defined as area where the unit price of attributes is constant across the area.  

Submarkets may be developed by aggregating smaller areas or by imposing 

existing boundaries acknowledged to have commonality.  This approach has 

proven unsatisfactory in developing reliable results as it is generally agreed that 

incorrectly delineated submarkets will result in unreliable or incorrect inferences. 

 

 

1.2  RESEARCH APPROACH 

 

In an attempt to deal with the concerns caused by spatial autocorrelation, 

heterogeneity, and the difficulties inherent to submarket definition, this study 

takes a different approach.  Rather than attempting to incorporate a multitude of 

accessibility and proximity variables into a model, the unique X and Y location 

coordinates of the housing units are directly incorporated into the models as 

explanatory variables.  Although the location coordinates of a house are not 

direct determinants of housing price, they provide a useful control for the 

influence of location while avoiding the problem of selecting arbitrary measures 
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of accessibility and neighborhood features.  The approach has the advantage that 

it avoids the need for prior knowledge of neighborhood or submarket 

boundaries.   

 

To allow for nonlinear relationships of the house price surface across the city, 

spatial polynomial expansions of combinations of X and Y are introduced.  

Attribute variables are interacted with the spatial variables to allow the price of 

attributes to vary continuously across space.  Interaction of the structural 

variables with spatial location allows consideration of the spatial differences and 

similarities of different housing attributes across the city.  In the decision to 

purchase a house, site and structural attributes are generally inseparable from 

location.  Physical and location attributes are not independent, and housing 

value often reflects not only the individual house and lot but also the 

neighborhood in which it is located, accessibility, amenities, and so forth.   

 

Because of the inextricable interrelatedness of the property attributes and the 

general neighborhood characteristics, it is likely that the standard models that 

incorporate location variables simply as additive terms have some level of 

misspecification.  Together the steps taken in this study enable a fluid, 

continuous trend surface of housing price to be developed across the city with 

the price of attributes varying spatially; multicollinearity effects are minimized, 
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and spatial autocorrelation is removed from the residuals.  After controlling for 

the general trend surface of prices, the education-related submarkets (school 

districts or school attendance areas) are added to the models to determine 

whether an education-related effect remains.  Once structural and neighborhood 

effects have been accounted for, any significant improvement in the models 

manifested as a “jump” in price associated with educational submarket 

boundaries, is attributable to the submarkets.  In studies that fail to allow for 

spatially variable price effects of attributes it is likely that the effects of 

educational submarkets are overestimated. 

 

Rather than simply “throwing” all possible combinations of the polynomial 

expansion and interactance variables into a single model and analyzing the end 

result, the process is developed gradually.  To begin, a traditional, single-region, 

fixed-effects model is used to which school district submarkets are added.  At 

this stage, school districts are the only explicitly spatial element and they thus 

may partially proxy the spatial effects of other neighborhood variables.  Because 

school attendance areas and school districts may, in fact, proxy for other 

neighborhood variables — and because homebuyers are interested in 

neighborhood quality not location coordinates — it is worth examining the 

effects of the education submarkets at this broad level.  In addition to showing 

how schools or districts may act as surrogates for other elements of the housing 
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decision, the basic models provide a basis of comparison for the subsequent 

models that incorporate X and Y location, spatial polynomial expansion, and 

interactance variables. 

 

 

1.3  SUPPORTING LITERATURE 

 

The approach of this study brings together two distinct areas of research.  One is 

concerned with the effects of education on house prices and the other deals with 

methods of modeling the housing market, particularly with respect to handling 

the spatial components and dealing with the problems caused by variable 

omission.  The literature supports the methods and ideas behind this study and 

the study provides an intersection of the two literatures by using the polynomial 

expansion technique to isolate the education component.  A comprehensive 

review of the supporting literature is provided in Chapter 2. 

 

In an early study, Oates (1969) determined that the effective tax rate had a 

negative relationship with housing values, but that per student expenditures had 

a positive relationship with housing values.  Since then, many studies have 

explored this relationship and similar relationships using different school and 

district measures.  Controlling for socioeconomic and neighborhood effects, the 
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research shows that houses in highly performing school districts sell for higher 

prices than those in poorly performing districts (Hayes and Taylor, 1996; Black, 

1999; Brasington, 1999; Bogart and Cromwell, 2000; Clark and Herrin, 2000; 

Figlio and Lucas, 2001; Barrow and Rouse, 2002; Downes and Zabel, 2002; Hilber 

and Mayer, 2002; Kane, Staiger, and Samms, 2003).  A similar effect is seen at the 

school level, where a positive relationship between housing values and student 

test performance at the neighborhood school is evidenced (see, for example, 

Rosen and Fullerton, 1977; Jud and Watts, 1981; Walden, 1990).   

 

Brasington (1999) finds that the housing market values pass rates on tests, 

expenditures per pupil, and low student-teacher ratios; these are measures that 

are easily available to home buyers.  However, he also notes that the importance 

of other measures —such as average teacher salary and student attendance rates 

— often depends on whether the estimation technique takes into account spatial 

autocorrelation or uses traditional least squares techniques.  These findings 

provide support for the focus on expenditures and academic achievement in this 

study. 

 

The two literatures have some intersection in the recognition that failing to 

account for the spatial nature of the housing market will generally result in 

unreliable results and inferences.  The usual treatment is to develop a set of 
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distinct but interrelated submarkets across which the hedonic house price 

functions may vary.  However, the submarket approach may be problematic in 

itself, which prompts this study’s implementation of an alternative method. 

 

Casetti (1972) introduced the spatial expansion method to allow for continuous 

variation of attribute prices across space.  Jackson (1979) incorporated the 

Cartesian coordinates of the observations as variables.  The premises of Casetti 

(1972) and Jackson (1979) are key justifications for the procedures used in this 

study; incorporating absolute location removes the need to attempt to identify 

and account for the multitude of locational variables that influence housing 

prices, while the polynomial expansion approach allows variation in the 

marginal effects.  Using a variation of Casetti’s spatial expansion method, Can 

(1990, 1992) allowed model parameters to vary continuously over space and 

concluded that hedonic modeling should not rely on fixed coefficients across 

geographic space if robust, reliable conclusions are to be reached.  More recently, 

X and Y locations were used by Pavlov (2000), Clapp (2004), and Fik, Ling, and 

Mulligan (2003), and Theriault et al. (2003). 
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1.4  GEOGRAPHIC CONTEXT 

 

While much of the U.S. housing market research has tended to focus on cities in 

the Northeast and Midwest, today many of the nation's fastest growing 

metropolitan areas are located in the West.  With the different patterns that 

western growth and development patterns tend to display — automobile 

orientation, multicentricity, instead of a CBD-focused transportation-network 

growth pattern found in many older cities — now is an appropriate time to 

analyze the housing markets in the western U.S. context. 

 

Located in Pima County in southern Arizona, Tucson is 60 miles north of Mexico 

and about 240 miles from California.  With a population growth rate of 3.6 

percent, Arizona was the fastest growing state in the United States from July 1, 

2005 to July 1, 2006.  Pima County is also growing rapidly, reaching one million 

in late 2006 from 843,746 at the time of the 2000 Census.  Although the Census 

Bureau’s definition of the metropolitan area covers the entire county, the 

majority of the population is concentrated in the urbanized area in the eastern 

portion.  This study focuses on the urbanized area (see Fig 1.1).  The Tucson 

region’s population growth has far exceeded that of the nation over the last 30 

years.  Pima County’s population is expected to reach 1.08 million by 2010.  New 

residents moving to Tucson from other parts of the country primarily fuel this  
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Figure 1.1: Map of the Study in Area in Eastern Pima County, Arizona. 
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growth.  Affordable housing along with the desert climate (and the affordability 

of air conditioning) and the outdoor amenities has made the Tucson region a 

desirable location.   

 

Most recently the majority of new residents to Arizona are from California where 

housing values are considerably higher.  Although Arizona experienced a 

significant increase in housing costs during the recent housing boom, Pima 

County’s supply of affordable housing is one of the primary attractions for new 

residents.  With the recent population growth, much of the county’s housing 

stock is fairly new: more than 50 percent of the housing units were built after 

1980 and almost 60 percent of those in the last 15 years. 

 

The median sales price for existing single family homes reported by the National 

Association of Realtors for the second quarter of 2007 for Tucson is $250.1 

thousand.  This compares to Denver at $255.2 thousand, Phoenix at $264.8 

thousand, Portland at $298.3 thousand, Las Vegas at $307.9 thousand, and San 

Diego at $614.1 thousand.  Western Cities with lower reported median sales 

prices are Austin at $186.6 thousand, Albuquerque at $199.6 thousand, and Salt 

Lake City at $233.1 thousand. 
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Although a popular retirement destination, Arizona is one of the nation’s 

youngest states.  The region also experiences an influx of younger workers 

attracted by the economic opportunities.  With a younger population and 

migrants attracted by economic opportunities, the quality of the local education 

is a key issue.  Recent introduction of state-mandated testing in Arizona and 

strict budgetary constraints as a result of recent economic event make this an 

ideal time to examine the effects of education-related submarkets in housing 

prices. 

 

The urban area of Pima County provides a variety of choices for educational 

opportunities: public and private education, a variety of public school districts, 

offering a range of educational choices including magnet and charter schools, 

and both small schools and large.  The range of options should make 

examination of school-district effects an interesting study.  At the same time, 

recognition needs to be given to the heterogeneity of neighborhoods and schools 

within districts, particularly one as large as the Tucson Unified School District, 

which accounts for almost half the housing sales in the data set.  So, in addition 

to inter-district effects, examination will be given to intra-district variation: the 

possible effects of individual school attendance areas on house prices. 
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Given Tucson's rapid population growth in recent years, and the associated 

turnover in the housing market that this generates, as well as recent attention 

that being given to student and school performance with the controversial 

introduction of the AIMS test, now would appear to be a logical time to 

determine the effects of school districts on housing values.  In addition, this 

research contributes to the empirical literature on the present-day growth 

influences of rapidly growing western cities. 

 

 

1.5  STUDY ORGANIZATION 

 

This study is organized as follows:  Chapter 2 contains an overview of the 

pertinent housing market literature including the development of hedonic 

modeling to determine house prices, the spatial nature of the housing market 

and methods of dealing with spatial issues, and an overview of the education-

related variables that have been shown to affect property value.  Chapter 3 

describes the data set that will be used and outlines the methodology for the 

district-level analysis on house prices in eastern Pima County.  Chapter 4 

contains the results and analysis of the effect of school districts on house prices.  

Chapter 5 explores the intra-district effects of middle school attendance areas 

(MSAAs) in the Tucson Unified School District on house prices.  Chapter 6 
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provides an overview of the study, a summary of the findings, and presents the 

conclusions. 
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CHAPTER 2 

LITERATURE REVIEW 

 

2.1 INTRODUCTION 

 

This study draws on two distinct sets of literature:  The first is concerned with 

methods of modeling the housing market and dealing with the special 

circumstances and requirements for handling the spatial components.  The 

second deals with examining the effects of schools and districts on housing price, 

specifically with respect to whether “better” schools and districts command a 

price premium, and exactly which measures of education quality the housing 

market recognizes.  When these latter studies acknowledge and treat the spatial 

element the approach generally revolves around the recognition that the housing 

market comprises a set of distinct but interrelated submarkets across which 

hedonic housing price functions may differ.  Although the two literatures 

intersect with a proliferation of hedonic papers that include education-related 

dependent variables and investigation into desegmentation of the housing 

market along school and district boundaries, this study takes a somewhat 

different approach: a series of models are developed, beginning with a 

traditional single-market model, then incorporating the unique location of the 

housing observations, and eventually developing a house-price surface that 
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allows the marginal attribute effects to vary in a fluid, continuous manner across 

the city.  At each stage the school or district effects are analyzed for their 

contribution to the overall model and with respect to how the parameters 

correlate to measures of school and district quality.  Thus schools and districts 

are analyzed with respect to their role as proxies for other spatial variables and 

also in isolation once other spatial effects have been incorporated. 

 

This chapter provides an overview of the development of hedonic price models 

and the spatial considerations, as well as a discussion of the literature that 

analyzes the effects of education measures on house prices.  Thus, Section 2.2 

provides an overview of hedonic modeling and traditional housing market 

models.  This is followed by a discussion of the ways that accessibility- and 

proximity- variable effects may be incorporated and the problems of variable 

omission.  Section 2.3 outlines causes and problems associated with the spatial 

components of autocorrelation and heterogeneity and the reasons they need to 

be considered when modeling a spatial variable such as the housing market.  The 

methods of dealing with spatial effects through submarket recognition are 

described in Section 2.4 along with the problems and benefits associated with the 

submarket approach.  Section 2.5 follows with an overview of the alternative 

approach used in this study, whereby unique X and Y location coordinates of the 

housing observations are used to substitute for the multitude of neighborhood, 
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accessibility, and proximity variables that could feasibly affect housing price.  

Justification for a model that allows attribute prices to vary continuously across 

the region is provided.  Section 2.6 provides an overview of the literature that 

examines the effect of education quality on housing price; discussion of the 

different variables that are commonly used to measure education quality and 

their effects on housing price is included.  Section 2.7 briefly summarizes the 

findings with respect to this study. 

 

 

2.2 HEDONIC MODELING AND THE HOUSING MARKET 

 

Hedonic Modeling 

 

Hedonic price models were initially developed in an economic framework to 

study the marginal attribute effects of aspatial goods such as cars, refrigerators, 

and washing machines (Griliches, 1971).  Rosen (1974) demonstrates that the 

implicit prices of the characteristics of heterogeneous goods can be estimated by 

regressing the price of the good on its characteristics.  The underlying rationale 

of the housing market models is the idea that housing may be thought of as a 

bundle of separately measurable characteristics.  A hedonic house price function 

relates the price of a house to its structural and locational characteristics, through 
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which variation in housing prices may be derived and identified.  The implied 

marginal contribution of each characteristic yields an index of prices for the 

bundle of characteristics and the model represents an estimate of the prices that 

would have occurred if no variability existed in the included characteristics 

(Gatzlaff and Ling, 1994). 

 

Traditional Housing Models 

 

In the early urban housing literature it was generally assumed that there existed 

a single housing market where price was differentiated by distance and different 

sized units of homogeneous housing (Goodman and Thibodeau, 1998).  Thus, 

accessibility (as the major determinant of land value) was the most important 

measure of hedonic house price models.  Orford (1999) notes that much of the 

hedonic research built upon the monocentric models of Alonso (1964) and Evans 

(1973), which posited the importance of the CBD as the major influence of land 

value, where a bid-rent curve translates into a negative house price curve 

(distance decay).  Thus a standard urban economic, monocentric model for a 

single metropolitan area presupposes that land price is the main cause of 

variations in constant-quality housing.  Spatial variations in the unit price of land 

exist because of different levels of accessibility to the CBD (e.g., different 
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transportation costs) at the center of the metropolitan area.  So a typical land 

rental equation is: 

p(r) = Peα(r) 

where: 

 

 r= distance from the CBD, 

 

 P = agricultural land rent, 

 

α = a conversion parameter that depends on transportation costs 

per mile and community income  

 

Over time, more complex models have been developed with the exploration and 

addition of different variables and model components.  Orford (1999, p. 44-62) 

provides a thorough discussion of all aspects of hedonic model components in 

the housing market; he reviews the types of variables used in a wide cross-

section of studies, the theoretical underpinnings of the variables, and the 

empirical findings of many of the studies.   

 

Simply stated, a general specification where the market value of a property (sales 

price) is related to the set of characteristics that determine the value of the 

property may be given by: 
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P = f (S, L, N, A, E) 

where: 

P = the sales PRICE of the property, 

 

S = the variables that describe STRUCTURAL characteristics (living 

area, age of dwelling, presence of a basement/ attic, number 

of bedrooms and bathrooms, heating and cooling types, 

presence of a pool, fireplace, number of garages, brick 

exterior, and so forth), 

 

L = the variables that describe LOT characteristics (e.g., lot size, 

topography, site improvements), 

 

N = NEIGHBORHOOD variables (e.g., crime rates, social and racial 

composition, school test scores, emergency service response 

times), 

 

A = ACCESSIBILITY variables (e.g., distance to CBD, malls, 

highways, schools, railway and bus stations etc.), 

 

E = EXTERNALITIES (air and noise pollution levels, proximity to 

nonresidential activities such as parks or industry). 

 

Both lot and structural attributes are site-specific and descriptive of the physical 

nature of the property and the parcel.  Often these variables are tangible 

elements that are fairly easy to measure.  For instance, the number of bedrooms 
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and bathrooms are easy to count, the square footage can be measured, it is easy 

to determine if a house is made from brick, wood, stucco and frame, and so on.  

On the other hand, structural quality is more subjective and studies may use 

surrogates such as the presence of air conditioning (in climates where air 

conditioning is not deemed a necessity), or central heating systems, and other 

trappings of modern-day life. 

 

Whereas the house-specific attributes are relatively easy to measure, 

neighborhood variables, accessibility, and externality effects are generally less 

easily defined, identified, quantified, and measured.  These are all attributes of 

location that are not explicitly priced but that indirectly affect housing values 

(Pinch, 1985).  Pinch categorizes externality effects on the basis of whether they 

confer a cost or benefit to the homebuyer; Orford (1999, pp. 46-47) discusses 

these categories in detail. 

 

Accessibility and Externalities 

 

Traditional accessibility measures include such variables as distance to the CBD, 

to other employment centers, to highways, to malls, to major recreation facilities, 

and so on.  Accessibility is determined by the location of transportation network 

and the spatial distribution of major destinations such as schools, employment 
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centers, and malls.  The underlying assumption is that house prices and land 

values increase at a nonlinear rate with accessibility.  Theory suggests that prices 

increase as accessibility increases.  However, empirical studies produce 

conflicting results regarding the existence of intraurban house price variation 

and the size of the variation.  Some studies, for example, King (1973) and King 

and Mieszkowski (1973) suggest considerable intraurban price variation.  Berry 

(1976) and Daniels (1975) find a statistically significant relationship between 

accessibility and price, but the direction of the sign is counter to that of 

traditional theory.  Other studies, for example, Ridker and Henning (1967), Kane 

and Quigley (1970), Lapham (1971), Grether and Mieszkowski (1974), and 

Pollakowski (1974), fail to find a statistically significant relationship between 

accessibility and price.  It should be mentioned that accessibility and proximity 

are not necessarily measured by distance to a single point.  Other ways that 

accessibility is commonly operationalized include studies that take a threshold 

approach, such as locations within a mile of a park, or with a view of a golf 

course, and so on. 

 

Muth's (1969) study of the rent gradient in Chicago represents a significant 

milestone in the research when he attempts to control for variables that might 

affect the simple housing price gradient from the CBD.  Recognizing that the 

CBD is not the only important location for access, Muth lists other factors in 
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addition to housing characteristics and the CBD that may be important, 

including transportation routes, the racial composition of neighborhoods, parks, 

universities, and other employment centers outside the CBD.  Building upon this 

approach, more recent work recognizes that many cities today — including 

Tucson — do not have a dominant CBD, which has led to a rise in polycentric 

modeling.  For example, Gordon, Richardson, and Wong (1986) recognize that 

Los Angeles is a multicentric city with several population and employment 

centers although the CBD is still dominant as the most important node.  The 

multicentric city studies recognize that accessibility and location interactions are 

more complex than represented by the basic bid-rent gradient effect centered on 

the CBD, and that multiple house price gradients may exist within a single city.  

Sanchez (1993) describes urban patterns of land value that are no longer “center 

oriented” as a result of changes in transportation costs and technology, economic 

structures, and social patterns. 

 

Trend Surfaces 

 

Although there is likely an underlying trend in the accessibility surface, the 

empirical specification of this trend is difficult to determine, particularly in 

multicentric cities.  The complex relationships that interact to determine 

accessibility at any location are likely impossible to model without creating some 
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degree of spatial bias.  Instead of attempting to model an entire system with one 

or two accessibility variables, often selected for convenience, Jackson (1979) 

suggests an alternate specification that uses the XY Cartesian coordinates of the 

observations. Jackson’s study rationale is described in more detail below.  It has 

the advantage that it does not require an a priori specification of the locational 

influences on price.  Thus, it avoids the need to pick and choose from an almost 

unlimited number of potential variables that attempt to capture effects of specific 

location, possibly reducing reliance on the “…widely held belief that the 

selection of the right variables and their combination into suitable models is 

ultimately due to creative flair…” (Casetti, 1972, p.81).  Incorporating absolute 

location into hedonic models using polynomial expansion of parcel coordinates 

is intuitively attractive because it is simply not possible to separately identify and 

accurately specify all the locational influences that affect housing prices (Orford, 

1999).   

 

The premises of Casetti (1972) and Jackson (1979) are key justifications for the 

procedures used in this study.  The specific details of the methodology are 

outlined in Chapter 3, but the main tenet is that rather than attempting to 

explicitly incorporate the wide-range of neighborhood and externality effects 

that could possibly influence housing price across the Tucson region, the housing 

cost surface, composed of the attribute effects and location (in the form of X and 



 40 

Y location coordinates) will be modeled.  The X and Y coordinates and the 

polynomial expansions of X and Y are also interacted with the structural 

attributes to allow for a fluid cost surface, whereby the price of the attributes can 

vary by location.  Addition of schools or districts after location is considered 

allows any school or district effects to be isolated.  Without location variables, 

school- or district-related submarkets will likely proxy for omitted accessibility 

variables and it will likely be problematic to capture the school effects and 

distinguish them from the effects of omitted variables. 

 

 

2.3  THE SPATIAL ELEMENT AND HEDONIC MODELING 

 

Spatial Considerations: Autocorrelation and Heterogeneity 

 

Although the hedonic price model was developed to study aspatial commodities 

(Griliches, 1971, 1994), it has been used by planners, transportation modelers, 

policymakers, and others to develop land price models to study city structure 

and the influence of different characteristics in determining the price of land and 

housing.  The analysis of spatial commodities such as the housing market 

presents a set of issues that are not of concern with aspatial goods. 
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Spatial patterns in the housing market are usually due to a combination of spatial 

autocorrelation and spatial heterogeneity.  These concepts are key to an accurate 

understanding of the spatial nature of the housing market.  Briefly stated, spatial 

autocorrelation is the interdependence of observations across geographic space 

that can be attributed to relative location, whereas spatial heterogeneity refers to 

the variation in the sales price caused by the absolute location of the property.  

Theory suggests that if the model does not incorporate these issues then 

inaccurate parameter estimates may result because the basic modeling 

assumptions of independent and homoscedastic errors are violated.  As 

mentioned previously, although numerous studies have been published that fail 

to account for the spatial nature of the housing market (e.g., Cubbin, 1970; Kane 

and Quigley 1970a), violating the assumption on independence of the error 

structure may mean that the model is under specified because it is lacking the 

spatial information (Can, 1990).  The joint effects of autocorrelation and 

heterogeneity further complicate the spatial issue: the factors that cause spatial 

autocorrelation are also likely to create spatial heterogeneity (Anselin, 1988). 

 

Location is clearly an important factor in the home-buying decision, but the key 

spatial components of the housing market – spatial autocorrelation and spatial 

heterogeneity – have historically been neglected in hedonic applications.  Many 

early models were considered “location insensitive” (Ball, 1973; Wilkinson, 
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1973a) using structural and lot characteristics to explain house price differentials 

and ignoring geographic location as a price determinant (at least explicitly).  

Structural attributes were given the primary consideration in many studies, for 

example, Kane and Quigley (1970a, 1970b) and Wilkinson (1971, 1973b).  

Although such studies are described by Ball (1973) and Wilkinson (1973a) as 

locationally insensitive, this may not be strictly true: structural attributes — 

physical characteristics, property age, and so on — tend to be geographically 

related through historic and spatial growth patterns.  However, studies such as 

Cubbin (1970) and Kane and Quigley (1970a) show strong multicollinearity in the 

structural attributes and the results are unreliable due to spatial autocorrelation.  

The preponderance of research suggests a need to incorporate spatial issues if the 

model is to produce reliable, robust parameter estimates of the marginal attribute 

effects (see for example: Can, 1990, 1992; Dubin, 1992, 1998; Basu and Thibodeau, 

1998; Pace et al. 1998a, 1998b; Dubin et al., 1999).  The spatial effects should 

always be considered, even though it may not be necessary to explicitly 

incorporate the spatial element in each hedonic model as demonstrated by 

Bowen, Mikelbank, and Prestegaard (2001). 

 



 43 

Spatial Autocorrelation 

 

Spatial autocorrelation, also known as spatial dependency or spatial 

homogeneity, is a major consideration when modeling the housing market.  

House prices are generally highly correlated with each other for two primary 

reasons: An identifying characteristic of neighborhoods and subdivisions means 

that numerous homes with similar attributes tend to be built at the same time.  

Thus, it is likely that properties built at a certain time, of a particular size, and 

with similar design features will be located close to each other.  Furthermore, 

properties in the same geographic neighborhood share location amenities such as 

parks, emergency services, and school districts, and they have similar 

accessibility gradients across the city.  This means that when hedonic modeling is 

used to explain house price variations using structural and locational 

characteristics, the model residuals will often be spatially correlated. 

 

The value of a house at one location may be similar to that of a nearby house for 

reasons other than variables that are explicitly included in the model.  

Externalities in the housing market may cause there to be positive correlation 

between the price of housing at contiguous locations (Odland, 1985).  Regardless 

of whether the externalities are explicitly included in the model, they may still 

produce spatial dependence in the model error term.  If no attempt is made to 
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include the externality then its entire effect will be a component of the model 

error: because houses in the same neighborhood share the same neighborhood 

externalities there will be spatial dependence in the residuals.  If the model 

attempts to incorporate an externality effect explicitly any measurement error 

will likely be similar for houses in similar locations, so error in measurement will 

produce error-term spatial dependence (Dubin, 1992). 

 

The common practice of using local “comps” (comparable properties) in 

determining real estate prices on the part of buyer, seller, and real estate 

professionals likely also plays a role in producing and perpetuating spatial 

autocorrelation.  Realtors will commonly look at the sales prices of recent home 

sales in a neighborhood when advising a seller of the price point they may 

reasonably expect when pricing their home for sale.  Even in a real estate market 

where prices are falling, sellers may be reluctant to lower their price if they know 

a neighbor received a higher price for a similar home several months earlier.  

Similarly, buyers, brokers, and mortgage lenders will look at the prices at which 

homes in a neighborhood-of-interest have recently sold in order to get an idea of 

what the fair market value of a property in a particular neighborhood might be. 

 

This study will address spatial dependence of the error terms by examining the 

model residuals using stepwise regression analysis, where the residuals are 
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regressed on the polynomial expansions of X and Y to determine whether spatial 

dependency exists.  If the residuals are spatially autocorrelated the model will be 

modified to account for spatial effects until no autocorrelation remains.  This 

procedure is outlined in more detail in the methodology, Chapter 3. 

 

Spatial Heterogeneity  

 

Spatial heterogeneity refers to the variation in the sales price caused by the 

absolute location of the property.  If the mean and the variance of the sales price 

are constant throughout the geographic area under study then house prices are 

“stationary.”  However, if the mean and variance or covariance differ from 

location to location — that is, if they vary or “drift” over space — there is spatial 

heterogeneity in the housing market.  This is a common phenomenon because of 

the way that cities tend to develop.  Areas of the city close to the city center are 

likely to have mostly older homes, whereas the outskirts will be primarily newer 

homes.  Large, older homes tend to be in a different neighborhood than small, 

older homes or new and large homes.  Newer homes are more likely to have 

different attributes — for example, multi-car garages and air conditioning — 

than older homes.  The most expensive homes are likely concentrated in an area 

of the city away from the least expensive homes.  If the hedonic model produces 

smaller errors for lower priced housing and larger errors for higher priced 



 46 

housing, then very likely there will be a spatial pattern in the error.  Spatial 

patterns in the housing prices are likely to mean that the classical assumptions of 

the linear regression model — specifically, that the error terms are independent 

and homoscedastic — are violated. 

 

Housing stock is fixed in the short to medium term.  Thus, it is difficult for the 

market to react to changes in demand for features, so the supply of housing and 

neighborhood characteristics is highly inelastic (Schare and Struyk, 1976).  The 

nature of city growth means that the supply of particular characteristics is likely 

to vary by location and exhibit strong spatial patterns.  Older housing tends to be 

located close to the city center, with newer housing being more common in the 

suburbs.  The supply of older housing on the periphery will be limited or 

nonexistent.  Many newer houses tend to have air conditioning and at least a two 

vehicle garage as standard; these attributes may be less common in the central 

city.  Thus, there may be a large variation across a city, but less variation within a 

neighborhood with much variation between neighborhoods. 

 

Spatial imbalances between supply and demand will result in spatial 

heterogeneity within large housing markets as household preference for certain 

characteristics and features change.  For example, today’s buyer may be willing 

to exchange a longer commute for the opportunity to live in a larger, modern, 
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air-conditioned home with a three-car garage that may not be available (or 

affordable) in the central city.  Such a commute may not have been feasible for a 

buyer twenty- or thirty- years earlier, so the need (and thus the demand) for a 

three-car garage was likely lower.  Perhaps the centrally located house with the 

high garage capacity does exist, but its relative scarcity and greater competition 

for the attributes in high demand will likely result in higher marginal prices for 

those attributes. 

 

In a traditional economic model, buyers and sellers are perfectly mobile, so the 

price of a good is constant across space.  A traditional approach to modeling the 

housing market then suggests that after accounting for the cost of land, house 

prices will be constant, and nonconstant prices will be arbitraged away by the 

market.  However, more recent models of the housing market recognize that 

once a house is built it is stationary and cannot be moved.  Therefore, the supply 

side of the market is quite inflexible in terms of location (once the decision to 

build has been followed through) and thus supply is fairly inelastic.  This may be 

particularly so in certain geographic areas, where the supply of land is fixed and 

the number and type of housing are fixed (at least in the short-medium term) to 

what is there already.  Therefore, for example, housing may be considered fixed 

with no land available for further development in, say, a good school district, 

even though there may be more demand.  On the other hand, consumers may 
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demand a certain type of housing in a particular location.  This immobility of 

supply compared to different levels of demand across geographic space may 

lead to the creation of separate submarkets within a single housing market.  

Goodman and Thibodeau (1998), among others, dispute the validity of the 

assumption that a market can be characterized by a single price equation and 

make a case for more careful examination of housing markets.   

 

In this study, using polynomial expansion variables and allowing the structural 

and lot characteristics to vary with location means that the marginal prices of the 

housing attributes are allowed to vary across space.  Thus, for example, the cost 

of an additional vehicle space of garage capacity is allowed to reflect a higher 

price in areas of the city where land and garage capacity is relatively scarce and a 

lower price where land is cheap and multi-car garages are common. 

 

 

2.4  HOUSING SUBMARKETS 

 

Many empirical housing market models treat a large metropolitan area as a 

single unified market with the coefficients of the structural attributes being held 

constant across the entire area.  In reality, as outlined above, housing attributes 

will likely exhibit spatial heterogeneity across large areas caused by local or 
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neighborhood imbalances of supply and demand.  In a school district context, the 

supply of homes in a particular school district may be considered fixed, except in 

the long run.  Excess demand for housing in a popular school district may drive 

up prices within the district relative to similar homes elsewhere, creating a 

submarket effect within a region.  Thus a common approach is to create 

submarkets within a region and develop separate models for each, these 

submarket models may then be compared to the global region-wide model and 

to each other. 

 

It is generally agreed that housing submarkets exist when the price per unit of 

housing exhibits spatial variation after the structural characteristics of the 

properties have been accounted for (Goodman and Thibodeau, 1998).  To assume 

that structural attributes have the same fixed marginal implicit prices regardless 

of location implies that there is a single, homogeneous, competitive market.  This 

is clearly not the reality across large areas such as the nation, or even at a more 

local scale — such as within a metropolitan area that might be considered a 

single  housing market, but still has spatial differences and heterogeneity.  

 

That these spatial differences exist even within a "single" housing market, point 

to the existence of submarkets, and several researchers have demonstrated how 

housing prices may vary quite considerably within a (single) metropolitan 
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housing market (King and Mieszkowski, 1973; Schnare and Struyk, 1976; Ball 

and Kirwin, 1977; Goodman, 1978, 1978, 1981; Munro and Maclennan, 1987; 

Goodman and Thibodeau, 1998; Straszheim 1974, 1975; Bourassa, Hoesli, and 

Peng, 2003).  "Variation in housing characteristics and prices by location is a 

fundamental characteristic of the urban housing market," (Straszheim, 1975, p.28) 

and "the central problem in estimating hedonic equations involves the 

delineation of homogeneous submarkets" (Straszheim, 1974, p. 404). 

 

Where submarkets exist and are not accounted for in the hedonic modeling then 

the residuals will likely be correlated in a pattern that is consistent with the 

neighborhood or submarket structure.  Cliff and Ord (1981) identified the 

reasons for spatial autocorrelation in hedonic modeling.  First, uncaptured 

spatial effects may be captured in the model residuals and produce spatially 

autocorrelated error terms. For example, if linear distance to the CBD is used as a 

proxy for accessibility it may not reflect the actual accessibility or travel time 

from certain neighborhoods.  For example, if a neighborhood that is distant is 

served by a highway system, it may actually be more accessible than a closer 

neighborhood where congested surface streets.  As such, housing units in similar 

geographic areas may share similar characteristics such that their price effects 

and their residuals may be correlated.  Second, typically the true hedonic 

function is unknown and the residuals may be autocorrelated due to the 
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omission of nonlinear relationships between housing price and the explanatory 

variables.  In the context of submarkets, the house price variation across 

neighborhoods implies that the functional form will vary across neighborhoods 

and therefore a single, hedonic mean function of the region may not accurately 

model the neighborhood mean functions.  Errors caused by omission of 

nonlinear relationships are therefore likely correlated for housing units within a 

shared local submarket. 

 

To account for spatial heterogeneity with a submarket approach, distinct 

geographic localities are defined and separate hedonic models are developed for 

each region (Schare and Struyk, 1976; Goodman, 1988, 1998; Michaels and Smith, 

1990; Bourassa et al., 2001; Bourassa, Hoesli, and Peng, 2003).  Since submarkets 

may be difficult to define and delineate in practice these neighborhoods are often 

defined as census tracts, block groups, zip codes, or some other artificial 

boundary, particularly for ease of data availability.  Cann (1992) uses census 

tracts as a proxy for neighborhood submarkets.  Mulligan, Franklin, and Esparza 

(2002) used Multiple Listing Service (MLS) districts in the City of Tucson, as did 

Fik, Ling, and Mulligan (2003).  Thibodeau (2003) reports that municipal and 

school district boundaries can serve very effectively as housing market 

boundaries.  
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In general, when submarkets and spatial heterogeneity are recognized as an 

important element in hedonic modeling, the submarket specification tends to be 

carried out on an ad hoc basis in that researchers will tend to treat submarkets by 

using existing subdivisions.  First they may stratify a sample based on their prior 

expectations of the neighborhood, for example, along the lines of school district 

or municipal boundaries, racial divisions, or housing type (Goodman and 

Thibodeau, 1998).  These studies will then use ‘switching regression’ (Can, 1992) 

where hedonic price models will be estimated for individually recognized 

submarkets as well as for the entire housing market.  Then usually, F-tests are 

used to determine whether the differences between the submarkets are 

significant, thus providing evidence of a fragmented housing market.  There are 

many examples of published work that include this type of methodology: 

Straszheim (1975), Schnare and Struyk (1976); Ball and Kirwan (1977), Palm 

(1978), Sonstelie and Porter (1980), Goodman (1981), Dale-Johnson (1982), Gabriel 

(1984), Rothenberg et al. (1991), Allen et al. (1996), Bourassa et al. (1999) among 

others.   

 

In constructing submarkets, some studies focus on supply-side determinants of 

house prices, considering the attributes of the housing stock such as (price per) 

square foot of living space, lot size, and so on.  Others emphasize demand side 

variables and develop submarkets based on socioeconomic characteristics such 
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as household income and racial composition.  In practice submarkets are likely 

defined by a combination of supply-side and demand-side factors; both 

structural and neighborhood characteristics, as well as income and racial 

composition.  In particular, higher income homebuyers may be willing to pay 

more (per unit) to maintain neighborhood homogeneity (Goodman and 

Thibodeau, 1998), whereas racial discrimination may produce separate housing 

submarkets for whites compared to minorities (King and Mieszkowski, 1973). 

 

A key influential paper that is frequently referenced in both the areas of 

submarket development and analysis and the effects of school districts and 

housing prices is that of Goodman and Thibodeau (1998).  They develop 

submarkets within a single school district in Dallas using hierarchical modeling 

to aggregate public elementary school attendance areas.  In addition to 

demonstrating the use of hierarchical modeling to develop submarkets, they find 

that the housing market is segmented by public education quality, as measured 

by student test performance.   

 

Alternatively, studies may assume that the boundaries coincide with those at the 

level at which the data is collected, such as the census tract or school district 

(Dubin, 1998).  However, in reality it is likely that the actual submarket reflects 

an aggregation of what individual homeowners and property buyers consider as 
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their neighborhood and its characteristics.  Although there may be physical 

boundaries to a submarket, such as a river or highway, there may be other 

characteristics that delineate the boundaries for individuals such as 

administrative boundaries (e.g., municipal boundaries, the school district 

boundaries), or even unofficial boundaries such as MLS districts.  When it comes 

to homebuyers and homeowners, although one individual may look at the crime 

rate of their zip-code as a reflection of neighborhood crime, another individual 

may view their neighborhood as consisting of all homes within a certain radius 

of their property.  Thus, different considerations may interact to provide fluid 

rather than fixed boundaries (see Strange, 1992). 

 

Although there appears to be agreement on the existence of submarkets, or at 

least agreement that a single, region-wide function is usually insufficient, 

unfortunately there is no consensus on the definition or identification of 

submarkets.  Some researchers have defined submarkets as housing units in a 

particular geographic area (e.g., Straszheim, 1975; Ball and Kirwan, 1977; Palm, 

1978; Sonstelie and Portney, 1980; Gabriel, 1984; Michaels and Smith, 1990), 

whereas others define submarkets as being housing units with similar 

characteristics that are reasonably close substitutes for potential homebuyers, 

regardless of their geographic location (e.g., Grigsby, 1963; Dale-Johnson, 1982; 

Bajic, 1985; Rothenberg et al., 1991; Allen, Springer, and Waller, 1995). 
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One of the earliest classifications of submarkets based on spatial areas is 

Straszheim’s (1975) study of San Francisco, where he aggregated neighborhood 

based on racial mix and dwelling types.  Schnare and Struyk (1976) and Ball and 

Kirwan (1977) used similar approaches with census boundaries acting as 

neighborhood proxies.  Some researchers have attempted to develop submarkets 

using empirical analysis: Goodman (1978, 1981) produced submarkets by 

aggregating municipal areas with similar characteristics into submarkets.  As 

mentioned previously, Goodman and Thibodeau (1998) aggregated elementary 

school attendance areas to demonstrate the use of hierarchical modeling to create 

submarkets.  Bourassa et al. (1999) used principal components analysis to 

identify the important characteristics of local government districts in Sydney and 

Melbourne, Australia.  They then used cluster analysis to determine the most 

appropriate groupings of districts. 

 

As a geographer, my initial reaction is that, of course, there should be spatial 

contiguity in the creation of submarkets.  This is not true of much of the 

economic literature.  However, when considered in a home-buying context it 

becomes apparent why housing attributes may become more important than 

spatial contiguity.  Consider a simplistic case of a high-income homebuyer who 

works in the CBD and would like to have a reasonably short commute.  

Neighborhood A is close to the CBD, has a high median income, and the houses 
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are in the price range the homebuyer is considering.  Nearby, Neighborhood B is 

the same distance from the CBD, but is a low-income stressed neighborhood.  

Residents of Neighborhood C have similar income and socio-economic 

characteristics as those of Neighborhood A, but C is located further from the 

CBD.  The spatial grouping of submarkets might group Neighborhoods A and B 

together on the basis of their spatial proximity to the CBD.  But a homebuyer 

considering Neighborhood A would likely not consider purchasing a home in 

Neighborhood B, whereas Neighborhood C may be a reasonably alternative 

possibility.  Thus, on the basis of neighborhood attributes, Neighborhoods A and 

C may feasibly be part of the same submarket because they present potential 

alternatives to the homebuyer, even though they are not spatially contiguous. 

 

Classification based on structural attributes, rather than spatial location, was 

used by Dale-Johnson (1982), who used factor analysis to group housing with 

similar characteristics.  Bajic (1985) used lot size and housing size to create 

submarkets.  Allen, Springer, and Waller (1995) based submarkets on the types of 

dwelling units, that is, single-family homes, apartments, and condominiums. 

 

Some submarket studies have recognized the importance of both structural and 

spatial characteristics in the creation of submarkets (e.g., Goodman, 1981; Adair 

et. al, 1996; Bourassa et al., 1999).  Adair et al. (1996) subdivided Belfast, 
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Northern Ireland, into inner-, middle-, and outer-city regions and then 

differentiated by terraced (row housing), semi-detached (duplexes), and 

detached housing within each area.   

 

The debate regarding the criteria for submarket construction, and particularly 

whether spatial contiguity is necessary, continues to the present.  Goodman and 

Thibodeau (2007) note that homebuyers do not limit their housing search to 

spatially adjacent areas, and may search for housing in similarly priced 

neighborhoods throughout a metropolitan area.  They present two alternative 

methods for delineating submarkets, one combining adjacent census block 

groups into areas and the other allowing spatial discontiguity.  The two 

alternatives are evaluated by comparing the accuracy of the hedonic house-price 

prediction.  They conclude that allowing spatial discontiguity may be an equally 

effective and perhaps more efficient way of modeling submarkets, particularly 

given the time-consuming nature of developing spatially contiguous submarkets.  

Thus,  

“delineating housing submarkets by dwelling size and per-square foot house 

price performs about as well as spatially concentrated submarkets that control for 

variation in public school quality and public safety.  In fact the “winner” of the 

competition depends on how performance is measured.  The spatially proximate 

submarket model yields more predictions within 10% of observed prices, but the 

predictions from this model have significantly higher mean-squared prediction 

error” (p. 231). 
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They point out that their results have important implications for the empirical 

modeling of submarkets: in their analysis, the delineation of submarkets using 

dwelling size and median block group income produces comparable results to 

the more time consuming and costly process of combining contiguous block 

groups into submarkets. 

 

Palm (1978) points out that submarkets should only be used in housing market 

analysis if the submarkets are carefully defined and reflect the true hedonic 

differences.  In reality, researchers typically take assumed boundaries such as 

census tracts (e.g., Ball and Kirwan, 1977), political jurisdiction (Straszheim, 1974; 

Thibodeau, 2003) and school districts (Thibodeau, 2003).  An alternative is to 

develop submarkets using statistical modeling techniques (e.g., Bourassa et al., 

1999).  However, even when submarkets are developed “from the ground-up” it 

is generally agreed that the results may not be optimal if the smallest units are 

imposed rather than modeled (Goodman and Thibodeau, 1998; Bourassa et al., 

1999).  There is considerable imprecision in the conceptualization, demarcation, 

and definition of submarkets that may limit the application of the submarket 

concept (Watkins, 2001).  However, the use of discrete boundaries does not allow 

the pricing mechanism to vary continuously, but implies a sharply defined 

boundary for the models. 
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The approach of this dissertation research allows the effects of the schools and 

districts to be examined, while also being aware of the possibility of spatially 

autocorrelated error terms, and the fact that school and districts may capture the 

effects of omitted variables.  A series of successive models incorporates more 

spatial elements of the fluid trend surface until schools or districts are added to 

models that shows no evidence of spatially autocorrelated residuals. 

 

 

2.5  POLYNOMIAL EXPANSION AND VARIABLE INTERACTIONS 

 

In this research, school districts (and later school attendance areas) are examined 

as potential submarkets and for their possible effects on housing prices within 

the Tucson metropolitan area.  However, the methodology allows the spatial 

location to be examined and used to estimate the hedonic functions rather than 

imposing an ad hoc selection of submarkets.  Instead of attempting to delineate 

any number of submarkets in the Tucson metro-region and then assessing the 

effect of school districts (or schools) as submarkets, this study takes a different 

approach.  First, a traditional single-market model is developed and the effects of 

adding the school or district submarkets are examined.  It is evident that schools 

and districts capture some of the spatial element of the housing market, but 

examination of the residuals shows autocorrelated error terms, thus violating the 
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underlying assumptions of regression analysis and suggesting that spatial effects 

are inadequately accounted for.  In successive models, spatial variables are 

added so that the housing market is ultimately examined with a trend surface 

approach rather than attempting to include numerous locational variables (such 

a distance to the CBD) and other neighborhood attributes that tend to introduce 

spatial autocorrelated residuals and spatial structural instability.  Using the 

polynomial expansion of the unique location of X and Y, the house price cost 

surface is developed (this approach is described in more detail in the data and 

methodology section).  Once the cost surface is developed the schools or districts 

are added and it is possible to determine whether a boundary effect at the district 

edges remains.  Thus X and Y location substitute for accessibility, but boundary 

(submarket) effects may remain.  The approach is outlined in more detail in the 

methodology of Chapter 3; but the justification and premise for the approach are 

provided by the literature, in particular, Casetti (1972), Jackson (1979), Can 

(1990), Fik, Ling, and Mulligan (2003), Parsons (1990), and Theriault et al.  (2003). 

 

In 1972, Casetti introduced the spatial expansion method to allow for continuous 

variation of attribute prices across space.  While noting that simple specifications 

were preferable, he demonstrated that higher-order polynomial specifications of 

expanded variables had the potential to produce more predictive models.  This 

was particularly true in cases where a “trendlike instability of the coefficients of 
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the initial model over the sample space existed, and if the expanded model 

corrected it” (Casetti, 1972, p. 86).  This technique is also be employed to 

demonstrate theoretical relationships with real world data and possible 

shortcomings of theoretical models.  In any case, the methodology allows 

parameters to vary over space by interacting the housing characteristics with 

locational information. 

 

Although commonly used in the physical and geological sciences, trend surface 

or polynomial expansion techniques are only used occasionally by economists 

and educational researchers.  However, the methodology has been used in 

migration and labor market studies and was first applied in a hedonic housing 

framework by Can (1990).  Allowing higher-order polynomial expansions of the 

variables allows nonlinear relationships to be incorporated into the model and 

reduces spatial autocorrelation of the residuals.  Thus rather than the hedonic 

function reflecting the regional effects and submarkets being identified through 

the residual, variations in attribute effects on price over geographic space are 

explicitly allowed in the model itself.  Any further effects of school districts or 

schools can then be examined by modeling the boundary effect after allowing 

spatial variation in attribute pricing effects.  Thus the approach avoids arbitrary 

imposition of submarkets, which, if delineated incorrectly, may result in 

misleading inferences.   
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Can (1990, 1992) used a variation of Casetti’s (1972, 1986) spatial expansion 

method and allowed the model parameters to be able to vary continuously over 

space as a result of neighborhood effects.  Her research illustrated that hedonic 

modeling should not rely on fixed coefficients across geographic space if robust, 

reliable conclusions are to be made.  The effects of attributes on housing prices 

are affected by variability in demand, which is turn is influenced by the differing 

distribution of household types and neighborhood effects across a region.  As 

such, it is necessary to test interactions between the structural characteristics and 

neighborhood location effects and to incorporate these interactions into the 

models. 

 

Jackson (1979) demonstrates the use of polynomial expansion of the XY 

coordinates in his study of rent differentials for Blacks and Whites in Milwaukee, 

Wisconsin.  The X and Y locations of the housing units are specified as variables 

in the model such that there is an accessibility trend A = f (X, Y) that represents 

the empirical relationship between accessibility and location.  If the function f is 

known, then evaluating the accessibility function f (Xi, Yi) may be used to 

determine the accessibility at each unique location (Xi, Yi).  Thus, according to 

Jackson, the effects of all the important accessibility influences are captured by 

this function implicitly and a trend surface of accessibility across a polycentric 

city is developed.  Consequently, by including the Cartesian coordinates the 
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model accounts for accessibility and neighborhood effects.    An advantage of 

this approach is that the methodology (a combination of R2 and F tests to 

determine the most efficient polynomial expansion) does not require any a priori 

specification of the locational influences on price.  Jackson determined that there 

was a fairly traditional accessibility effect for manufacturing employment with 

distance from the center with some distortion due to the transportation system 

and then increasing around the university and more peripheral manufacturing 

centers. 

 

Pavlov (2000) incorporates absolute X and Y location coordinates and allows the 

attribute variables to vary across space in his examination of the housing market 

of Los Angeles County.  This approach “mitigates one of the biggest deficiencies 

inherent in hedonic pricing models – omitted variables,” (2000, p. 249).  Clapp 

(2004) develops a similar approach that also considers absolute location as a 

determinant of housing price.  However, a deficiency of his study is that the 

coefficients of the other housing attributes are held constant across the region 

rather than allowing a continuous surface with changing marginal attribute 

effects.  As with Jackson (1979), the approaches of these studies have the 

advantage that prior knowledge of market submarkets is not required, and the 

danger of unwittingly imposing incorrect boundaries is avoided. 
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Fik, Ling, and Mulligan (2003) used a second-order polynomial expansion of 

housing attributes, XY coordinates of the house location, and dummy variables 

for submarkets.  The interactance between the absolute location variables and the 

structural attributes allows the coefficients to vary continuously over space.  The 

model outperforms stationary model specifications.  However, because the study 

only incorporates three housing attributes it is difficult to determine whether the 

observed spatial variation is due to intrinsic parameter variation or simply the 

effects of omitted variables and under specification.  Fik, Ling, and Mulligan 

(2003) argue that each real estate location has a unique “location value signature” 

because of unique absolute location, and therefore accessibility indices, distance 

gradients, and location dummy variables (such as census tracts or school 

districts) cannot completely account for absolute location in the housing market.  

Instead, taking the unique location of each housing sale allows the price of land 

to vary in a spatially continuous manner.  In addition to the XY coordinates that 

measure location the structural characteristics are interacted with the 

coordinates, which allows marginal attribute effects to vary across the city. 

 

Parsons (1990) asserts that locational attributes, but not structural attributes, 

should be weighted by lot size, at least to simulate long-run conditions.  He 

argues that structural attributes such a fireplaces may be provided to individual 

houses and benefit only the homeowners, but that all houses in a neighborhood 
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share access to amenities, the same air quality, and so on.  He argues that 

attribute price estimates will be biased if the locational attributes are 

unweighted; the size and direction of the bias being dependent on the correlation 

between the attributes and the lot size, lot size variance, and the lot size of the 

individual observations. 

 

Theriault et al. (2003) allows housing attributes to vary based on both 

accessibility and neighborhood attributes in an application to the Quebec 

housing market.  They conclude that including spatial interactions of the 

attributes is necessary to improve understanding of the complex linkages 

between housing prices and the sociodemographic evolution of cities; as well as 

having the benefit of reducing spatial autocorrelation of the residuals. 

 

 

2.6  SCHOOL AND DISTRICT EFFECTS 

 

The quality of a community’s schools is often cited as an important attribute of 

that community.  There is a general perception that houses in better school 

districts will cost more than comparable housing elsewhere.  That school district 

choice has an effect on housing price is an accepted fact in the real estate business 

in the United States.  Given two comparable houses (in terms of style, size, 
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quality, and so forth) in two different school districts most buyers would expect 

to pay more for the one in the better school district.  A public opinion poll 

conducted by the California Public Education Partnership indicates that 

"residents rank improvements in public education higher than such high profile 

issues as environmental quality and crime reduction,"  (Clark and Herrin, 2000, 

p. 385).  Because higher educational attainment of individuals and the general 

population are associated with lower levels of societal problems, such as crime 

and poverty, as well as with improved economic opportunity – and with 

companies being attracted to locations with an educated workforce — it is 

presumably beneficial for the entire community to emphasize education.  The 

quality of the public schools is increasingly included alongside factors such as 

climate, recreational amenities, and economic opportunity in considering a 

community’s general quality of life and attractiveness (see for instance, Segedy, 

1997; Burger, 1999; Love and Crompton, 1999; McGranahan, 2000, 2002; Florida, 

2002; Urban Land Institute, 2002; Salvesen and Renski, 2003).   

 

Boundary - Fixed Effects 

 

Probably the most common approach to the hedonic housing market literature is 

relating housing prices to structural and neighborhood characteristics using 

regression analysis and including school or district characteristics that are 
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considered to be indicators of overall quality.  Examining the causal effects of 

schools or districts on housing prices is complicated by the fact that better 

schools tend to be located in better neighborhoods.  Therefore it is tremendously 

important that studies sufficiently control for other neighborhood effects.  Some 

of the recent literature uses a “boundary-fixed effects” approach to isolate 

education-related geography effects, for example, Black (1999), Kane, Staiger and 

Samms (2003), and Clapp, Nanda, and Ross (2007). 

 

The boundary-fixed effects approach basically takes advantage of the fact that 

housing attributes are somewhat continuous across school district boundaries.  

Socioeconomic characteristics may be less continuous because given a high 

quality school district and a lower quality district, households of higher 

socioeconomic status will tend to exercise a preference for the higher quality 

district.  Once housing and neighborhood attributes have been accounted for, 

any remaining differences are generally attributed to the existence of the 

boundary.  This approach is particularly useful when data are available for 

before- and after- periods of boundary changes and any differences can be 

examined.  A source of concern with this approach is that because of the 

household sorting, if some other important explanatory variable is omitted then 

the effect of the omitted variable may be mistakenly attributed to the school or 
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district.  Thus it is possible that school and district effects may be over-stated in 

some studies.   

 

By using the Stress Index (which incorporates measures of housing quality and 

also socioeconomic variables) and later the X and Y location, it is anticipated that 

the likelihood of erroneously attributing the effects of other variables to schools 

and districts will be minimized.  In fact, in the preliminary models where the 

Stress Index is used but the model is a single market fixed effects model that does 

not incorporate location variables, it is possible to examine how schools and 

districts may proxy for unobserved or omitted variables, while being aware they 

may not be entirely due to education quality. 

 

Rather than correlating individual measures of school and district quality with 

housing values, Bogart and Cromwell (1997) compare houses in Cleveland that 

are located on the border of different school districts.  Since the houses are within 

the same municipal area they contend that any difference in value must be due to 

district effects and the perceived differences in district quality.  They find that 

both property vales and rents are higher in the better school districts, supporting 

the preponderance of evidence that people are willing to pay a premium to live 

in good school districts.   
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Black (1999) compares houses on opposite sides of attendance area boundaries, 

but close to the boundary, in an attempt to isolate the relationship between test 

scores and housing prices. After controlling for variations in property tax rates, 

school spending, and neighborhood differences, she finds that “… test scores 

make a discrete jump at attendance boundaries while neighborhoods continue to 

change in a discrete matter,” (1999, p. 578).  Thus providing support for the 

supposition that the test scores are providing an indicator of education quality in 

the housing market. 

 

Education Quality and the Housing Market 

 

The economic literature does not provide a simple definition of what constitutes 

a good quality school district or a high-performing school.  In general, however, 

quality and performance tend to be assessed by measurable input and outcome 

variables.  High performing schools and districts have socially desirable 

outcomes such as high graduation rates, low dropout rates, a high proportion of 

students going on to college, and high scores on standardized tests.  These are 

measures that are usually readily available to researchers, homebuyers, parents, 

and the general public.  Despite a vast literature in the fields of education and the 

economics of education that debates the less-than-straightforward relationships 

between educational inputs and student outcomes, measures such as low-



 70 

student teacher ratios, high per pupil expenditures, teacher qualification and 

experience are viewed as desirable traits of quality schools and districts in 

economic housing market studies.  Given that many states, including Arizona, 

have introduced legislation to equalize student funding, the perception of the 

general (voting) population must be that to some extent more equal funding 

translates into more equal educational opportunities and student outcomes, 

regardless of the empirical findings in the literature of the economics of 

education. 

 

On one hand, there is evidence that inputs such as low student-teacher ratios and 

more qualified teachers result in better student achievement, specifically higher 

test scores (Finn and Achilles, 1990; Card and Krueger, 1992; Angrist and Lavy, 

1999; Kruger, 1999).  School funding equalization seems to be an attempt to 

address input disparities; however Downes (1992) found that in California, 

school funding equalization legislation did not result in equality in public school 

amenities: donations from parents, grants, and even bake sales increased 

spending in property-rich districts. On the other hand, some researchers find that 

improvements in inputs, particularly expenditures, do not necessarily produce 

improved outcomes (Hanushek, 1986; Betts, 1995; Hanushek, Rivken, and Taylor, 

1996).  Although it follows intuitively that higher quality inputs would produce 

better outcomes, the relationships are not always as expected. 
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Regardless of other inputs, students in higher socioeconomic groups tend to 

perform better on standardized tests than poorer students; in this sense the 

students themselves may be viewed as a high quality input.  That rich school 

districts tend to have high performing schools is a widely recognized fact.  

However, whether the higher performance is due to better quality education 

inputs or is more due to the selective socioeconomic status of the students who 

live in these areas is controversial.  It is possible homebuyers are willing to pay 

for schools with good test scores because the scores indicate the socioeconomic 

characteristics of the students who live in those areas.  If this is the case then the 

premium associated with high test-scores may actually arise from the 

attractiveness of the neighbors rather than the performance of the neighborhood 

school.  However, Hayes and Taylor (1996) found that in examination of house 

price premiums associated with test scores on Dallas arose from the marginal 

effects of the schools and not from the characteristics of the student body.   

Brasington (1999) points out that parent and student traits are both important 

considerations: holding expenditures constant, the higher the proportion of 

students whose parents have no high school diploma or only a high school 

diploma, the lower the district performance. 

 

The research varies as to what characteristics homebuyers value, what variables 

comprise school quality, and therefore precisely which attributes affect property 
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values.  However, the link between schools and property values has been 

demonstrated in urban and suburban areas, in high- and low- income 

neighborhoods, and for homebuyers with and without children.  The research 

considers a wide-range of variables that may make up a “quality” school or 

districts: these variables range from school expenditures and student-teacher 

ratios (input variables) to test scores and measures of individual improvement 

over time (output variables).  According to Brasington (1999) the housing market 

values test pass rates, expenditures per pupil and low student-teacher ratios; 

these are measures that are easily available to home buyers.  However, he also 

notes that the importance of other measures — such as average teacher salary 

and student attendance rates — often depends on whether the estimation 

technique takes into account spatial autocorrelation or uses traditional least 

squares techniques. 

 

Educational Expenditures and House Prices 

 

As suggested above, there is some debate about the effects of school spending on 

student performance, particularly with regard to whether increasing spending 

results in improved student performance and thus school quality.  Much of the 

research concludes that efficient spending can increase student achievement 

(Ferguson, 1991; Hanushek, 1996; Hedges and Greenwald, 1996; Wenglinsky, 
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1997), whereas inefficiencies resulting from teachers unions (Hoxby, 1996) and 

other bureaucratic agencies (Chubb and Moe, 1990) prevent additional spending 

from improving student outcomes.   

 

One method of assessing whether schools use additional expenditures effectively 

is to determine whether there is a relationship between school spending and 

property values.  In many cases researchers believe that the housing market 

implicitly recognizes school expenditures — property values are higher in 

neighborhoods with higher spending schools (Oates, 1969; Sonstelie and Portney, 

1980; Bradbury, Case, and Mayer, 1995; Bogart and Cromwell, 1997; Black, 1999; 

Barrow and Rouse, 2004).   

 

Despite the controversy, increases in school expenditures have been shown time 

and time again to be related to increases in property values: for example, Black 

(1999), Brasington (1999), Dee (2000), and, Barrow and Rouse (2004).  Other 

researchers have find no relationship between property values and school 

spending: for example, Hayes and Taylor (1996).  Although the preponderance of 

evidence appears to weigh in favor of the housing market valuing school 

expenditures, it could also be the case that homeowners in good school districts 

may be encouraged to maintain high levels of school spending in order to retain 
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their high property values.  Perhaps this is why homeowners without children 

have been shown to favor high levels of taxation to support schools. 

 

Black (1999) finds that a $500 increase in per pupil expenditures increases 

average home prices by 2.2 percent in Massachusetts.  In Ohio, Brasington (1999) 

finds that the “housing market consistently rewards” high per pupil 

expenditures, even after taking into account socioeconomic status using parental 

education levels.  Research by Dee (2000) across school districts in 46 states 

showed substantial increases in housing values following court-mandated 

increases in educational expenditures.  Barrow and Rouse (2002) determine that 

each additional dollar of state education funding increase real estate values by 

$20. 

 

Taxes 

 

As far back as 1969, Oates used two-stage regression analysis to examine the 

effects of local public budgets on property values.  He determined that the 

effective tax rate had a negative relationship with housing values, but that per 

student expenditures had a positive relationship with housing values.  He 

suggested that if a community were to increase its tax rate to improve schools, 

then the increased benefits would offset the depressive effects of higher taxes.  
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Research shows that people are willing to pay more to live in neighborhoods 

with good schools even if it means also having to pay higher taxes (Hayes and 

Taylor, 1996; Bogart and Cromwell, 1997).   

 

Using data for Cleveland, Ohio, Bogart and Cromwell (1997), find that even 

childless homebuyers are willing to pay higher taxes for better schools because 

the resultant increase in property values is greater than the amount of the 

additional taxation.  Homes in districts with higher taxes command a higher 

sales price.   

 

In 1982 the state of Massachusetts implemented Proposition 2 ½, which places a 

limitation on the amount of revenue that a town or city may raise from local 

property taxes each year.  Following the proposition, Bradbury, Case, and Mayer 

(1998) determined that the demand for housing increased in the districts that had 

not reached their taxation limits.  That is, homebuyers preferred to live in 

districts that could support additional enrollment through increased taxation, 

than in districts where taxation was constrained. Their explanation is that 

homebuyers perceive that increased enrollment would likely lead to a reduction 

in educational quality in districts with tax constraints. 
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Based on an analysis of data covering all 50 states, Hilber and Mayer (2002) 

advocate increasing school expenditures in densely populated areas where land 

is scarce on the basis that these are the places where property values are most 

sensitive to characteristics such as school quality.  They conclude that even 

households that do not have children benefit from increased school expenditures 

that lead to better educational quality through higher property values.  They find 

that even elderly householders are supportive of school expenditure increases 

because they view good schools as being something that potential future buyers 

will require, recommend, and be willing to pay for.   

 

Test Scores and House Prices 

 

Holding all else constant, the research shows that houses in highly performing 

school districts sell for higher prices than those in poorly performing districts 

(Hayes and Taylor, 1996; Black, 1999; Brasington, 1999; Bogart and Cromwell, 

2000; Clark and Herrin, 2000; Figlio and Lucas, 2001; Barrow and Rouse, 2002; 

Downes and Zabel, 2002; Hilber and Mayer, 2002; Kane, Staiger, and Samms, 

2003).  A similar effect is seen at the school level, where a positive relationship 

between housing values and student test performance at the neighborhood 

school is evidenced (see, for example, Rosen and Fullerton, 1977; Jud and Watts, 

1981; Walden, 1990).   
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Using a model specification that includes property characteristics, crime rates, 

racial composition, and other MSA-level variables in Ohio, Haurin and 

Brasington (1996) find that school quality — as measured by test scores — is one 

of the most important determinants in house price variation.  

 

Black’s (1999) study of schools in suburban Boston and demonstrates that a 5-

percent increase in test scores leads to homebuyers being willing to pay 2.1 

percent more for homes in areas with those higher scores.  From this she infers 

that if Massachusetts test scores were to undergo a statewide increase of 1 

percent then the state’s real estate market would gain almost 70 million dollars.  

Others (e.g., Downes and Zabel, 2002; Dills, 2004; Brasington and Haurin, 2006) 

find that while the housing market recognizes high test scores in the form of a 

price premium, improvements in test scores do not necessarily have a significant 

effect on price. 

 

Brasington (1999) uses a standard hedonic price model to examine the effects of 

district test scores and other aspects of quality on house prices at the district 

level, such that: 

ln (priceij) = α + Hij β + Sj δ + εij 

where: 
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ln (priceij) is the natural logarithm of the house value for the ith 

house in the jth school district,  

 

H is a vector of house specific characteristics, and 

 

S is a vector of school district specific attributes 

 

Using this model, he tests the ability of different measures of educational inputs 

and outputs to explain spatial variation in prices across MSAs in Ohio.  He finds 

that rates of passing proficiency tests are positively associated with property 

values, and more specifically scores on the Ninth-Grade Proficiency Test appear 

to be the most important measure of school quality in the house-price equation.  

The input measures of per student expenditure and student-teacher ratios are 

also significant. 

 

For Fresno County, California (2000) Clark and Herrin find that house prices are 

positively associated with the number of students taking SAT and Advanced 

Placement (AP) examinations.  The proportions of students taking these tests are 

a readily available proxy for college preparation.  Homebuyers are willing to pay 

more to locate in school districts with high levels of students who continue on to 

college. The possibility that homebuyers with college-bound students may be 

more willing, or more able, to pay more does not appear to be considered.  
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Figlio and Lucus (2001) examine the relationship between Florida’s “Report 

Card” School Rating System and real estate values in Gainesville.  In this rating 

system schools are graded A through F based on test performance, with these 

scores being easily accessible to homebuyers.  Controlling for other factors such 

as student test scores, they find that medium sized homes attached to an “A” 

school are worth at least 7 percent more than when attached to a “B” school.  The 

premium for an “A” versus a “B” school increases to as much as 14 percent for 

larger homes in more expensive neighborhoods. 

 

Downes and Zabel (2002) examine the effect of test scores on housing values in 

Chicago and conclude that homebuyers are willing to pay more for a home close 

to a high performing school.  However, they also acknowledge that there may be 

an assumption that homebuyers have easy access to the information: that is, the 

availability and distribution of test scores will likely affect the weight that 

property buyers place on the scores.  Like Brasington (1999) they find that the 

output measure, test scores, is more important than the input measure, per 

student expenditure.  Further, they find that changes in test scores for a 

particular cohort are not significant.  They also find that school-level variables 

better explain house-price variation than district-level data, and that omitting 

neighborhood characteristics, such as the ethnic composition of school, creates a 

positive bias in the estimate effect of test scores 
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Kane, Staiger, and Samms (2003) examine how school test scores, changes in 

school test scores, and categorical ratings of schools (e.g., low performing to 

‘schools of excellence’) are related to housing values in Mecklenburg County, 

North Carolina.  Using a similar approach to Black (1999) they compare sales 

prices for homes assigned to different elementary schools that are within a few 

thousand feet of school boundaries.  Kane, Staiger, and Samms find a large, 

positive, and significant relationship between test performance and housing 

values.  However, annual changes in test scores did not result in concomitant 

fluctuations on house prices.  When evaluating house process in relation to ‘low 

performing schools’ there was no evidence of a decline in house prices; they 

theorize that buyers already know the low performing schools, even before state 

labeling.  This contrasts with the findings of Figlio and Lucas (2002), outlined 

previously, which concluded that the school grading system had large effects on 

house prices. 

 

Like Downes and Zabel (2002), Dills (2004) study of districts in Texas finds that 

improvements in test scores are not related to changes in housing values.  Like 

the Arizona AIMs test to be used in this study, the Texas Assessment of 

Academic Skills (TAAS) is required for high school graduation.  Dills’ results 

support the opinion of Holme (2002), that it is the reputation of a school or 

district that affects prices rather than concrete results that matter to homebuyers 
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(at least in the short term).  It may take time for test score improvement to filter 

into the perception of homebuyer, and improved scores may need to be seen 

over several years if the effects are to filter into the housing market. 

 

Following school district rezoning in Vancouver, Canada, Ries and Somerville 

(2004) find that secondary school quality, measured by test scores, has a greater 

effect on house prices than elementary school quality.  By analyzing houses that 

are moved across districts boundaries they control for time-invariant house and 

neighborhood characteristics, thus isolating the district effect. 

  

Brasington and Haurin (2006) find that average test scores and per student 

expenditures each contribute to explaining spatial price variations.  Again, 

however, like Downes and Zabel (2002) and Dills (2004), they find that 

improvements in scores over time are not significant.   Specifically, they report: 

“school quality is the most important cause of the variation in constant quality 

house price,” (p. 363).  In this case, school quality is measured by test scores and 

the finding is that a percentage point increase in the pass rate of ninth grade 

students on a statewide proficiency exam in Ohio increases house prices by 0.5 

percent of the mean house value.  Other variables found to be important include 

distance from the CBD, the crime rate, average household income, percentage 

non-white households, and recreational opportunities. 
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Marginal Test Scores 

 

Rather than examining student test scores by school or district, an economic 

perspective on school quality would be to view the important measure of 

performance as the school’s marginal effect on students (Hanushek, 1986).  That 

is, given a particular set of students, how much does a school or district improve 

the performance of those particular students?  Given that this measure is applied 

to the same set of students it ought to control for outside factors that influence 

performance – such as student socioeconomic status – and show how well a 

school is actually educating the students.  At the same time, given a set of schools 

with similar student composition, if one school significantly out-performs the 

others, presumably it is a “better” school in terms of educational performance.  

Thus, this measure tends to be favored by education economists, even though it 

is the measure least often found to be recognized by the housing market in terms 

of creating price effects. 

 

In their paper “Neighborhood School Characteristics: What Signals Quality to 

Homebuyers?” Hayes and Taylor (1996) used hedonic modeling to examine 

improvement in math achievement scores attributable to individual schools, 

rather than improvement seen across schools in a district, in relation to property 

values; this measure was termed the “marginal effect.”  Taking into count other 
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factors such as housing characteristics and neighborhood demographics (income, 

education level, age composition, and racial composition) they found that buyers 

are willing to pay both a higher sales price and higher taxes for attachment to a 

school with a high marginal effect, demonstrating a readiness to pay a premium 

for school quality.  In contrast to other studies they found no evidence that 

homebuyers will pay for changes in school expenditures or the characteristics of 

the student body.  This contrasts with the findings of other studies (for example, 

Downes and Zabel, 2002; Kane, Staiger, and Samms, 2003; Dills, 2004; and 

Brasington and Haurin, 2006) that determined that although test scores were 

reflected in the housing market, changes in marginal test scores were not in 

evidence.  

 

Class Size 

 

Clark and Herrin (2000) find that class size is one of the most significant factors 

influencing property values in Fresno, California, with smaller class sizes being 

strongly associated with higher house prices.  Brasington (1999) found a similar 

effect between student teacher ratios and house prices in Ohio.  However, the 

alternative possibility of a higher house prices, and thus higher school revenues, 

and the ability to pay for smaller class sizes should also be considered.  Clark 

and Herrin also found that while large schools have a positive effect on price 
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(perhaps because they can offer a wider range of subjects) large school districts 

adversely affect housing values compared to smaller districts.  This is perhaps 

related to inefficiencies in the expenditures that may arise in larger school 

districts, with higher levels of unionization and administration leading to higher 

expenditures that do not necessarily translate into better student outcomes 

(Hanushek, 1986).  

 

Perceptions and Availability of Information 

 

Although the preponderance of evidence supports a relationship between 

measures of school quality and property values, Holme (2002) argues that these 

relationships are not based on test scores, student expenditures, and other 

measures of quality.  After interviewing realtors and homebuyers regarding the 

effects of buyer’s perceptions of school quality on location decisions, she argues 

that the quality that homeowners purchase is generally based on their 

perceptions of quality rather than factual data.  More specifically, “high status” 

(white and affluent) parents perpetuate ideas about which are the better schools, 

whereas in reality their decisions are often based on racial and cultural 

stereotypes with regard to the level of student achievement, discipline, and 

violence in predominantly minority schools.  Thus, she contends that the 
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relationship is between high property values and neighborhoods that are 

perceived to have better education standards.   

 

Clapp, Nanda, and Ross (2007) use panel data from 1994-2004 to assess whether 

homebuyers in Connecticut actually pay for test scores or demographic 

composition.  They find that the percentage of Hispanics has a negative effect on 

house prices and mixed results regarding the effects of test scores.  However, 

they also find that the importance of the proportion of Hispanics has a declining 

effect on price over time, whereas the effect of test scores has increased in 

importance.  They further suggest that their results are consistent with recent 

work in housing market segregation, which suggests that whites do not explicitly 

care about racial composition in a neighborhood, but that they use it as a proxy 

for other aspects of neighborhood quality. 

 

Studies such as Holme (2002) assume that homebuyers do not have ready access 

to concrete information such as test scores, class sizes, or expenditures.  

However, in many states, including Arizona, not only is this information fairly 

easy to access, it is also regularly published in newspapers as a featured story.  In 

many cases realtors make school district information available through their 

websites, and anecdotally homebuyers will use this information when making a 

location decision.  Planning magazine (2000) interviews a realtor who describes 
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homebuyers in Madison Wisconsin as arriving in her office with “test scores in 

hand” wanting only to see homes in the best performing districts.  However, the 

idea of a perceived level of quality could explain why Downes and Zabel (2002), 

Kane, Staiger, and Samms (2003), Dills (2004), and Brasington and Haurin (2006), 

found that improvements in test scores, i.e., marginal test scores, did not cause a 

significant increase in house prices, whereas test scores were significantly related 

to variation in house pricing. 

 

 

2.7  CONCLUSIONS 

 

The literature shows hedonic modeling to be a useful tool for examining the 

effects of individual characteristics on housing price, whether the characteristics 

are property specific or neighborhood attributes.  Clearly the spatial component 

of the housing market needs to be viewed as an important consideration if 

reliable inferences are to be made from the model results.  A common method of 

dealing with spatial autocorrelation and spatial heterogeneity is through the use 

of submarkets, which may be developed using modeling techniques or based on 

existing boundaries such as municipal boundaries, census tracts, or school 

districts.  However, submarkets are often difficult to delineate and approach can 

be problematic in that it may actually introduce spatial autocorrelation of the 
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error terms.  The trend surface approach is an effective and appropriate way to 

deal with the effects of spatial autocorrelation and heterogeneity that are present 

in regional housing markets.  Incorporating the unique X and Y location of the 

housing observations into the model allows the specific location to serve as a 

proxy for the innumerable proximity, accessibility, and neighborhood externality 

effects and mitigates error caused by variable omission.  It is also beneficial in 

that it avoids the need for prior knowledge of submarket boundaries.  Rather 

than assuming a fixed effect of location across the city, using polynomial 

expansions of the location effects allows the housing price surface to vary in a 

fluid, continuous manner, which is likely more reflective of the true market.  

Interaction of the attribute variables with location allows the marginal price 

effects of each attribute to vary across the city, again, likely more reflective of the 

true nature of the housing market.   

 

The housing market literature is replete with studies that show schools and 

districts to be significantly related to house price differentials.  Numerous 

education-related variables have been considered as indicators of education 

quality and have been investigated for their effects on housing price.  Of these 

variables, differences in expenditures and test scores across both schools and 

districts have repeatedly been shown as related to house price differentials and 

will therefore be the primary measures of school quality used in this study.  
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Although education economists believe value-added or marginal effects to be 

better measures of school quality, Downes and Zabel (2002) point out that “what 

should be included in the hedonic regression is the information on local schools 

that purchasers use when making their location decision,” (2002, p. 6). 

 

Through the development of a series of models, the effects of schools and 

districts on house price will be studied.  In the initial models a traditional single-

market model will allow the effects of schools and districts to be examined in 

light of how they serve as submarkets and proxy for omitted variables by 

capturing effects of other spatial effects omitted from the model.  Then as unique 

location is included, and a fluid, continuous price surface is developed in 

subsequent models, the school district effects can be examined in isolation to 

determine whether they are important price determinants once other spatial 

effects have been taken into account. 
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CHAPTER 3 

DATA AND METHODOLOGY:  

THE EFFECT OF SCHOOL DISTRICTS ON HOUSING PRICE 

 

3.1  INTRODUCTION 

 

In light of the literature findings, the effects of school districts on housing prices 

will be examined with special attention to the spatial nature of the housing 

market.  This chapter comprises nine sections in which the data and 

methodology are described and justified.  Section 3.2 contains an outline and 

summary of the dataset to be used in the study.  Section 3.3 describes the key lot 

and structural characteristics to be used in the modeling and a justification of the 

variable selection and methodology.  Section 3.4 describes the variables that will 

be used to address the spatial components of the housing market and a 

justification of this methodology in light of the evidence and support presented 

in the literature.  Section 3.5 contains a description of the school districts that will 

be used in the analysis and the variation in the housing characteristics by district.  

Section 3.6 outlines the measures of district quality that will be used in the 

analysis and discusses the suitability of these measures.  It also describes the 

methodology for relating the effect of school districts on house prices to the 

measures of district quality.  Section 3.7 presents an outline of the different 
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models that will be used to examine school district effects and the variation on 

the house-price surface across the city.  Section 3.8 contains the justification for 

the functional form of the models and describes how the models are evaluated 

for their effectiveness in providing significant explanatory power and dealing 

with the spatial effects of spatial autocorrelation.  Section 3.9 provides a brief 

summary of the chapter. 

 

 

3.2  THE DATASET  

 

The starting dataset was assembled from the Pima County Assessor’s Office files 

for property sales in 2004.  The Assessor compiles an annual database of real 

estate transactions for taxation purposes.  Single-family homes sales were 

extracted from the Assessor’s Affidavit of Sales file and joined with the housing 

attribute data from the multiple address files (MAS04.csv), which contains 

structural information for the homes.  Using GIS technology the sales records 

were geocoded to match a file of parcels in Pima County.  Sales occurring outside 

the urban area of eastern Pima County were removed.  This results in a database 

containing 9,649 single-family home sales and their associated housing 

characteristics.  The distribution of the housing observations and the spatial 

variation in house prices across the city are displayed in Figure 3.1. 
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Figure 3.1:  Map of the Sales Price of the Housing Observations in the Dataset.
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Properties with a sales price of over $850,000 – atypical of the Tucson market – 

were removed (approximately 1 percent of the database), as were those priced at 

below $50,000 (a further 1 percent).  Conforming with the approach of Fik, Ling, 

and Mulligan (2003) a further 20 observations with a property size of more than 

4,500 square feet were removed.  The Empire School District was also excluded 

from consideration because it contained only two observations and therefore 

could not be expected to yield a statistically significant result.  The modifications 

result in a final data set containing 9,441 observations.  Fik, Ling, and Mulligan 

also removed observations with a lot size of greater than one acre, but since this 

would result in the removal of a further 625 observations, it was decided they 

should remain and be incorporated into the model.   

 

Summary statistics of key variables in the dataset are shown in Table 3.1.  Initial 

analysis of the dataset shows that the median house sold in 2004 is a little over 

1,600 square feet on a 0.2-acre lot.  Built in 1985, it has six rooms, a covered patio, 

a two-car garage, and central air conditioning.   

 

The dataset mean house price is almost $198,000 with a large standard deviation 

of almost $116,000.  The homes range in price from $50,000 up to $860,000.  With 

a mean living area of 1,720 square feet, the average price per square foot is 

approximately $115.  The size of the homes in the dataset ranges from just 340 
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square feet to 4,448 square feet of living space.  Lot size ranges from less than 0.1 

acres to 17.8 acres, with an average of 0.39 acres.  Both the median and the modal 

lot sizes are 0.2 acres.   

 

Table 3.1:  Summary Statistics of Selected Key Variables in the Dataset. 

 

 

The year variable is taken from the Pima County Assessor’s file of housing 

characteristics (MAS04). It is important to note that the year given in the 

assessor’s data is an “effective date of construction” rather than the actual year a 

property was built.  The effective date of construction reflects any permitted 

improvements made after the home was built.  For example, a home built in 1960 

with a permitted addition in 1980 lists an effective construction date or year of 

1970.  Therefore this variable is likely to be a better reflection of the dwelling 

quality than the actual construction date because it should reflect major 

renovations. 

Sales Price 

($ thous)

Mean 197961 0.63 1.73 0.2 1.1 17.2 -0.211 1980.65

Std. Dev. 115729 0.483 0.809 0.722 0.739 6.06 0.253 18.505

Median 160500 1 2 0.2 1 16.03 -0.274 1985

Minimum 50000 0 0 0 0 3.4 -0.823 1891

Maximum 860000 1 6 17.8 6 44.48 1.235 2003

Variable AC Garage 

Capacity

Lot Size Patio 

Number

Sq. Ft 

('00)

Stress 

Index

Year
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Effective construction dates of houses in the dataset range between the years 

1891 and 2003, a 112-year period; most are newer with a mean of 1980 and 

median of 1985.  Almost three-quarters (73 percent) were constructed post-1970, 

with 29 percent of these in the 1990s, and a further 14 percent in the four-year 

period 2000–2003.  The modal year is 2001.  Thus, the dataset is typical of the 

local area because according to the 2000 census almost three-quarters of the 

housing stock of Pima County was built after 1970 and almost half after 1980 (see 

Table 3.2). 

Table 3.2:  Pima County Housing Stock, Year Built. 

Source: U.S. Bureau of the Census (2000) 

 

The majority of the homes (92 percent) are single-storey with an average of six 

rooms.  Only six percent of the homes have fewer than five rooms; a further three 

percent have ten or more.  Most of the homes (62 percent) have at least one patio 

Year Built

Number of 

Units Percent

pre 1940 11094 3.0

1940-1959 51713 14.1

1960-1969 42803 11.7

1970-1979 93996 25.6

1980-1989 82070 22.4

1990-1994 32126 8.8

1995-1998 39314 10.7

1999-March 2000 13621 3.7
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or porch, and this is usually covered (68 percent).  The average home has a two-

car garage (66 percent), a sign of the relatively new age of structures in Tucson.  

Only about a fifth of the houses have just a one-car garage, whereas eleven 

percent have space for three or more vehicles.  Twenty percent of the homes in 

the database have a pool. 

 

With an average daily high temperature of 98 degrees Fahrenheit in July, most of 

the homes sold in 2004 have central air conditioning (63 percent) or evaporative 

cooling (36 percent).  Only a small fraction (0.1 percent) of the homes are listed as 

not having any form of cooling system, and even those may have some type of 

cooling system such a window unit.  Desert nights can be chilly, particularly in 

the winter when the average low is 38 degrees Fahrenheit in December and 

January, so a heating system is another necessity.  Forced-air systems are most 

common, present in 95 percent of the homes in the dataset; less common types 

include floor or wall furnaces, gravity systems, and hot-water systems. 

 

More than half of the single-family homes have framed wood walls (54 percent), 

with the next most common material being slump (concrete) block (14 percent).  

Traditional adobe accounts for only six percent of the 2004 home sales.  Roofing 

tends to be built up (36 percent), asphalt (27 percent), or tile (27 percent). 
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3.3  VARIABLE SELECTION AND MODEL CHOICE 

 

The choice of variables to include in a hedonic model of the housing market 

seems almost limitless.1  Although there has been much hypothesizing and 

empirical research on the characteristics that affect housing prices, there is little 

theoretical guidance on what to include in the model (Ohsfeldt, 1988).  This is 

clearly evident in the literature where the lack of widespread agreement has 

resulted in a diverse range of variables being included in model specification 

(Orford, 1999). 

 

Variable Selection and Multicollinearity 

 

The initial data analysis began with variables representing 17 housing attributes, 

relating to structural and size characteristics, in addition to the sales price.  

Variables considered — but eventually excluded from the models — include: 

number of stories, number of rooms, number of bathroom fixtures, roofing and 

wall materials, pool area, and patio size. Although these variables are obviously 

important attributes, they exhibited high levels of multicollinearity, particularly 

among those relating to size. For example, the correlation coefficient between 

square footage and rooms is r=0.75, between square footage and bathroom 

                                                 
1
 See Orford (1999) for a thorough review. 
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fixture quantity r=0.77, between rooms and bath fixtures r=0.66, and between 

garage capacity and bathroom fixtures r=0.58.   

 

In light of the strong correlations among the variables a principal components 

analysis (PCA) was experimented with, with the resulting components being 

used in a regression model.  However, this approach, which considered all the 

housing attributes with the exception of square footage and lot size in the PCA, 

was eventually rejected because it did not yield results significantly superior to 

those produced by regression models incorporating a subset of the variables in 

their original form.  Although a couple of factors that clearly related to external 

attributes and size elements resulted from the PCA, others were more ambiguous 

and their interpretation unclear.  Given that the explanatory power of a model 

incorporating a PCA approach was very similar to a more easily interpreted 

model using a subset of the original variables it was decided that a non–PCA 

approach is clearly superior because it (a) facilitates interpretation of the 

resulting attribute coefficients on housing price and (b) avoids the complication 

of including categorical variables in a PCA model.  With a non–PCA approach 

the direction and magnitude of attribute effects can be seen without the 

complication of effects that are “muddied” by the interpretation of factors. 
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Stepwise Procedure 

 

Given that multicollinearity is a known element of the data set, the hedonic 

model was developed using stepwise regression.  Stepwise procedures select the 

most correlated independent variable first, and they remove the variance in the 

dependent variable.  Next they select the second independent variable that 

correlates most highly with the remaining variance in the dependent variable.  

This continues until selection of an additional independent variable does not 

produce any significant increase in the coefficient of variation.  A stepwise 

approach prevents the inclusion of collinear explanatory variables and retains 

only the variables that provide significant explanatory power.  After several 

model comparisons using different combinations of variables, the following 

explanatory variables were selected to serve as the base set of structural and lot 

attributes: living area in square feet, garage capacity, effective year built, number 

of patios, lot size, and a dummy variable for the presence of air conditioning. 

 

Base Variables Selected 

 

The final variables selected, a verbal description, and the expected nature of their 

effect on the housing sales price are shown in Table 3.3.  The structural and lot 

characteristics are expected to have a positive relationship with housing price.   



 

 

99 

 

Table 3.3:  Base Variable Description and Expected Relationship with Sales Price. 
 
 
Variable   Expected Effect  Variable 
Name   on Sales Price  Description 
 
AC    +  Air conditioning: Binary variable 
      1 = has central AC,  
      0 otherwise 
 
garageca    +  Garage capacity 

Number of vehicle spaces in garage 
 
lotsize    +  Size of lot, measured in acres 
 
pationu    +  Number of patios (covered and  uncovered)  
 
sqft100    +  Size of residential area (hundreds of square feet)  
 
stress00    -  The Stress Index 

positive value = more stressed than county 
average 
negative value = less stressed than county 
average 

      (see text for further detail) 
 
year    +  Effective year built., may differ from actual year 
      built.  (see text for further detail) 

 

Larger lot sizes, more square footage, central air conditioning, patios, and high 

garage capacity are associated with higher house prices.  Age of homes is 

generally used as a surrogate for quality (e.g., Li and Brown, 1980).  As such, the 

year variable would be expected to have a positive relationship with price — the 

expectation is that people will pay more for new, more modern homes.  Poor 

neighborhood quality, as measured by the Stress Index (described in the 

following section), is expected to have a negative price effect, with people being 

willing to pay more for homes in desirable neighborhoods.  
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3.4  ACCOUNTING FOR LOCATION 

 

Neighborhood Characteristics: The Stress Index 

 

The literature is replete with studies defining and measuring neighborhood 

quality in different ways using different variables.  Although the concept of 

neighborhood quality is somewhat subjective, typical proxy indicators include 

poverty levels, crime rates, and income levels.  Rather than subjectively selecting 

one or two variables from the many choices to measure neighborhood 

characteristics, a composite index of 27 census variables called the Stress Index is 

used to account for neighborhood quality in the model.  

 

The Stress Index was developed in the 1970s by David Taylor and staff of the 

Planning Department of the City of Tucson. The Index is an instrument used to 

assess neighborhood need across the city and identify areas requiring assistance.  

It produces a measure that scores each block group compared to the average 

condition of the county as a whole based on 27 characteristics that relate to 

socioeconomic status, housing costs and conditions, and thus to issues of 

possible social dependence.  Each variable is standardized to remove differences 

in scale and variation so that, for example, a score of 2.0 indicates that the block 

group’s score is two standard deviations greater than the mean score for the 
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County.  The overall composite score is the average of the 27 scores.  Thus high 

positive scores indicate high neighborhood stress; negative values indicate low 

stress.  Differing in its exact makeup based on the Census data collected each 

decade, the index is not comparable across time except to see if a neighborhood 

is more or less needy relative to other neighborhoods than previously.   

 

The Stress Index scores are mathematical indicators of the social, economic, and 

housing conditions of a neighborhood.  They do not reflect individual houses or 

households in a neighborhood, nor do they accurately predict political priorities 

of local governments and other agencies.  Areas with high scores indicative of 

need and dependency may have healthy households and homes in good 

condition.  Areas with low values may have other serious issues such as high 

crime or drug use that are not reflected in the index.  Despite these caveats the 

Stress Index provides a convenient and relatively sophisticated proxy for 

neighborhood quality. By encompassing a range of variables it removes the 

subjectivity of trying to select just one or two representative characteristics. 

 

For the 9,441 observations in the dataset the Stress Index has a range of 2.06, from 

a maximum of 1.24 to a minimum of –0.82.  The median score of -0.27 and the 

mean score of -0.21 indicate that the typical single family home purchased in 

2004 was in a relatively good neighborhood.  Only 17 percent (1,620 
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observations) have Stress Index scores of greater than zero.  This suggests that 

there may be a higher turnover of housing in higher socioeconomic (less 

stressed) neighborhoods, or at least that people tend to buy homes in less 

stressed areas.  In turn, this indicates that sales are more stagnant in stressed 

neighborhoods, possibly reducing the chances of these neighborhoods being 

regenerated or revitalized by an influx of new homeowners.  In general, people 

will pay a premium for a house in a good quality neighborhood: many realtors 

advise buying the worst house in the best quality neighborhood over the best 

house in a poorer neighborhood to gain the most appreciation on investment 

over time.  Thus, it is expected that high Stress Index values will be associated 

with a negative effect on price. 

 

Accessibility and Proximity: Treatment of the Spatial Elements  

 

Examination of the initial dataset, including of the extent of collinearity among 

the attribute variables, suggests that a simple but sufficient model could be 

developed from a subset of the lot and structural characteristics, using the Stress 

Index to measure neighborhood quality.  This model provides a sufficiently 

robust overview of the house price variation to which measures of school district 

may be added.  This basic model is fairly typical of some of the earlier models of 

the housing market in that it does not attempt to explicitly incorporate location 
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effects or address the potential spatial issues of spatial autocorrelation and 

spatial heterogeneity.  Thus, when school districts are added to this model they 

will likely attempt to capture some of the effects of broader scale externalities, 

neighborhood effects, and situational factors.  Recognizing that this simple 

model cannot adequately control for all locational effects, it will act as a base for 

comparison of models that explicitly include spatial variables and attempt to 

address locational effects. 

 

Accessibility variables are important in cities with a central core or CBD.  

However, in multi-centric Tucson there is no core area providing a concentration 

of entertainment, recreation, or employment as is common in northern and 

Midwestern cities where the accessibility variables have proven to be so 

important.  Conventional patterns of accessibility are fairly weak in Tucson.  The 

major malls are in different locations across the City; the major employers — 

Raytheon Missile Systems, the University of Arizona, City and County 

Governments — are in different areas of the city; there are state and national 

parks to the north, east, and west of the city, and all are located some distance 

from the downtown.  Because of the amorphous locational structure it was felt 

best to keep the initial base model fairly simple.  In addition, empirical support 

for this common-sense approach is provided by the work of Mulligan, Franklin, 
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and Esparza (2002) who successfully modeled the Tucson housing market 

without accessibility variables. 

 

Rather than attempting to determine some combination of accessibility measures 

— such as access to highways, malls, mountains, and so on — that may or may 

not prove to be appropriate for modeling the Tucson housing market, spatial 

modeling techniques will be used to more accurately model the cost surface of 

the city.  The prices of the housing attributes as they vary across the city will be 

modeled and the unique XY location of each housing unit will be explicitly 

incorporated into the models as a substitute for the almost limitless range of 

possible accessibility measures.  The spatial modeling approach using the X and 

Y location coordinates will produce a parsimonious model that reflects the price 

surface of the city and the varying costs of the important attributes as an 

alternative to simply adding additional explanatory variables for different 

potential effects. 

 

XY Location Variables 

 

The X and Y coordinates of each housing unit are calculated from a reference 

point to the south west of the city to the parcel centroids.  The X and Y locations 

are unique to each housing unit because no two properties can occupy the same 
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location. At the same time coordinates can act as a surrogate for the plethora of 

other accessibility and local amenity variables that combine to make up the most 

important factor in the housing market: “Location, Location, Location!”  Housing 

land, accessibility, proximity, and externalities are necessarily interrelated and 

jointly purchased.  Although the coordinates of a house are not direct 

determinants of house price, they provide a useful control for the influence of 

location.  At the same time, using coordinates avoids the problems associated 

with selecting somewhat arbitrary measures of accessibility and neighborhood 

features such as those that were examined in the literature review.  Incorporating 

absolute location into hedonic models using polynomial expansion of parcel 

coordinates is intuitively attractive because it is simply not possible to separately 

identify and accurately specify all the locational influences that affect housing 

prices (Orford, 1999). 

 

Polynomial Expansion of Location 

 

In addition to the simple X and Y location coordinate effects, location is 

examined with respect to polynomial expansions of X and Y.  The relationship 

between the log of house prices and housing location is not necessarily fully 

described with a simple linear specification.  Using stepwise analysis, a number 

of models were examined to identify an appropriate polynomial level, that is, 
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one that yielded the greatest number of statistically significant coefficients and 

the highest level of explanatory power in terms of the adjusted R2.  In this case, a 

fourth-order model was identified, where the sum of the implied exponents of 

variable interactions is less than or equal to four. 

 

Interactance Variables 

 

Interaction of the structural variables with spatial location allows consideration 

of the spatial differences and similarities of different housing attributes across 

the city.  In the decision to purchase a house, site and structural attributes are 

generally inseparable from location.  Physical and location attributes are not 

independent and housing value often reflects not only the individual house and 

lot but also the neighborhood in which it is located, accessibility, amenities, and 

so forth.  Because of the inextricable interrelatedness of the property attributes 

and the general neighborhood characteristics, it is likely that the standard models 

that incorporate location variables simply as additive terms have some level of 

misspecification.  An additive model specification of lot size, for example, means 

that the price of land is assumed to be constant across the metro area, whereas in 

reality the price of land usually varies with location. Other structural attributes 

also display clear spatial patterns and regularities that suggest the hedonic price 

of the attributes should be allowed to vary spatially. 
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In order to investigate the nature of the interrelationships, interactance variables 

were created with the base characteristic variables and the location variables.  

Interactive specifications allow the price of attributes to vary spatially, whereas 

additive specifications imply that the effects are constant across space.  If 

dwelling and lot-specific characteristic variables interacted with location are 

significant, support is provided for the supposition that site and structural 

characteristics are inseparable from location i.  Further, as explained by Johnson 

(1978), the interactive relationship between location and the base variables 

reduces the effects of multicollinearity, which can be problematic in trend surface 

models that use higher-order polynomials. 

 

The coefficients on the polynomial expansions of X and Y and the interactance 

variables cannot be interpreted on an individual basis; they must instead be 

analyzed collectively.  Together, the group of coefficients that involve a 

interaction between a base variable and the polynomial expansion of a location 

coordinate gives an estimate of the effect of that characteristic at any individual 

location.  For example, the coefficients on an interaction of lot size and location 

provide an estimate of the unit price of land at any given XY location. 

 

Models are developed that explore the unique effects of location in order to 

develop a price surface across the city whereby if price is differentiated with 
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respect to the X and Y location the result is the geographic slope of house price 

on the vicinity of an XY location along the X and Y axis.  On the other hand, if 

price is differentiated with respect to the attribute, the result is a location-specific 

rate of change with respect to a one-unit change in the attribute; for example, the 

value of an additional 100 square feet of living area, or the cost of an additional 

garage space.  Thus the model will show how attribute prices vary across the city 

and how, for example, the effect of additional square footage is higher in some 

areas than in others. 

 

 

3.5  SCHOOL DISTRICTS: DATA DESCRIPTION 

 

Arizona school districts are special districts with the power to tax and borrow 

funding for capital projects through bonds.  They also have the authority to set 

curricula within state guidelines.  There are seventeen school districts in Pima 

County, together responsible for educating more than 123,000 students.2 

Included in the study area are eleven districts that contain the majority of the 

school-aged population in the eastern Pima County metropolitan area of Tucson 

                                                 
2 Data source for general school district information given in this chapter is: “Know Your Pima 

County.  A Citizen’s Handbook of Tribal, County, and Municipal Governments, 2006.”  The League of 

Women Voters of Greater Tucson. 
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(see Figure 3.2).  There are a further 76 public charter schools with more than 

10,000 students. Although they are supported by public funds the charter schools 

operate independently of the public school system.  In addition, there are 

approximately 4,500 students attending private schools and an additional 3,000 

students being home-schooled. 

 

The school districts vary enormously in size, structure, and range of educational 

choice; from the Tucson Unified School District (TUSD) with 21 high school 

programs (including an online campus and 12 alternative education programs) 

and 18 magnet schools, to others such as Sahuarita and Flowing Wells, which 

each have only one high school.  The Empire Elementary District has already 

been excluded from the study because it contained just two of the housing sale 

observations; however, because it had not yet built any middle schools (or high 

schools) in 2004, it would have been problematic for inclusion.  The nature of the 

housing stock also varies across the districts, as described in the detailed 

description of each district below.  Summary statistics of the key variables at the 

district level are presented in Appendix A. 
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Figure 3.2: Map of the School Districts included in the Study. 

 

 

Altar Valley School District 

 

Although located in eastern Pima County and generally considered to be part of 

the metropolitan area, the Altar Valley school district, is more rural than other 

areas, incorporating the Tohono O’odham Nation’s San Xavier District.  Only 18 

of the housing unit sales in the dataset are in this school district.  Here, houses 

sell for much lower than the dataset average with a median price of only 

$104,500 and a mean of $127,600.  The houses have a slightly smaller average 
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square footage than in the overall metro-wide dataset, but a significantly larger 

lot size with a mean of 2.4 acres and a median of 1.4.  The smallest lot sold in this 

district was only 0.2 acres – the same as the median of the total dataset.  Median 

garage capacity in this area is one vehicle, compared to the study-area-wide 

norm of a two-vehicle capacity (this despite the houses being more recently built 

than those in the dataset overall).  The average Stress Index value in the district is 

positive, indicating that the area is of poorer quality than other areas of the 

county; this is likely to exert a downward pressure on house price relative to 

other areas. 

 

Amphitheater Unified School District 

 

The Amphitheater Unified School District covers much of northwest Tucson and 

has three high schools, one alternative high school, two K-8 schools, three middle 

schools, and eleven elementary schools.  This district contains 1,683 (17.8 percent) 

of the 2004 housing sales in the dataset. The median sales price of $209,500 

thousand dollars is 1.3 times higher than that of the dataset as a whole, as is the 

mean price.  In terms of both the mean and the median, these housing units are 

larger than the dataset average at 1,919 and 1,800 square feet, versus 1,702 and 

1,603 square feet, respectively.  Mean lot size is slightly higher than the dataset 

average, but for both this district and the metro-wide dataset the median lot size 
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is 0.2 acres.  As is typical across the metro area, the average home in the 

Amphitheater district has a two-car garage, a patio, and central air conditioning.  

The Stress Index exhibits a wide range of values in this school district, from a 

minimum of -0.82 to a maximum value of 0.61.  The mean and median stress 

values of -0.23 and -0.18, respectively, indicate that overall the homes in the 

Amphitheater district are in average and good quality neighborhoods. 

 

Catalina Foothills School District 

 

Catalina Foothills School District (Foothills) covers north central Tucson, 

including the affluent “foothills” community of the Santa Catalina Mountains.  It 

contains one pre school, four elementary schools, two middle schools, one high 

school, and one alternative high school.  This school district is generally 

considered to be the “best” in the county in terms of average scholastic 

achievement and ranks highest as measured by test scores; thus it will serve as 

the null value in the model against which the other districts will be measured. 

 

The Foothills School District contains almost four percent of the home sales in the 

dataset.  Here, the average house price is more than double that of the dataset as 

a whole with a median sales price of $395,000 dollars and mean of $434,000.  This 

district contains houses that are substantially larger than those typical of the 
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metro area as a whole, with an average dwelling area of 2,600 square feet; 

average lot size is also much larger at 0.7 acres.  The effective date of 

construction, year, ranges from 1935 to 2003, with the average being slightly 

newer than the metro-wide figure.  Neighborhood quality, as measured by the 

Stress Index is high — as expected given that this area has a reputation as one of 

the “better” areas of the city with relatively affluent homeowners who can afford 

to pay a premium for such attributes as mountain views.   

 

The Continental School District 

 

The Continental School District covers the Green Valley area and has one K-12 

school.  Almost three percent of the homes in the dataset are in the Continental 

school district.  The sales price here is lower than the metro-wide value with a 

median of $139,000 dollars and a mean of $17,000.  Lot sizes are comparable to 

those in the overall metro-wide dataset, whereas square footage is slightly 

smaller.  The effective date of construction ranges from 1964 to 2003, but on 

average the homes sold in this district are older than overall.  The average Stress 

Index value for the homes is positive, indicating that this school district contains 

some of the lower quality neighborhoods in the county. 
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Flowing Wells Unified School District 

 

Flowing Wells Unified School District covers the western and inner northwestern 

section of the urban area.  It operates a high school, an alternative high school, a 

junior high school, six elementary schools and a preschool.  Flowing Wells 

contains about three percent of the 2004 home sales.  The average home price in 

the district is lower than the average with a mean and a median of $146,000 and 

$130,000, respectively.  The homes here are generally smaller than those of the 

total dataset, as is the average lot size, although the median lot size is comparable 

at 0.2 acres.  The homes here tend to be slightly older and are less likely to have a 

patio and air-conditioning than in other areas of the city.  The Stress Index 

indicates that the average neighborhood quality is similar to that of the overall 

dataset.  With a mean of -0.23 and a median of -0.27 the neighborhoods where 

the housing sales are located are considered to be fairly good. 

 

Marana Unified School District 

 

Marana Unified School District covers the Town of Marana as well as north-

central Pima County.  It contains twelve elementary schools, one intermediate 

school, two middle schools, two high schools, an alternative high school, a career 

technical school, and a distance learning school.  The Marana school district 
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contains about 13 percent of the 2004 single-family home sales in the dataset.  

Although the mean price is slightly lower than that of the entire dataset, the 

homes generally mirror the overall dataset pattern in terms of median price, 

square footage, and lot size.  However, in general the homes here are newer, with 

a mean effective year built of 1992 and a median of 1995.  Being newer, these 

units are likely to have the modern “necessities” of air conditioning and a two-

car garage.  Neighborhood quality averages -0.36 and -0.37, indicating some of 

the better quality neighborhoods in the County. 

 

Sahuarita Unified School District  

 

Sahuarita Unified School District covers the Town of Sahuarita and the nearby 

unincorporated-county area to the south of Tucson.  It has one primary school 

(preschool through second grade), one elementary school, one intermediate 

school (grades 3-5), one middle school, and one high school.  This district 

contains fewer than 2 percent of the dataset sales.  With a range of prices from 

the minimum of $53,000 to $505,000 dollars, the mean is slightly lower than the 

metro-wide average, whereas the median is $17,000 higher.  On average, the 

homes are newer, larger, and on slightly larger lots than those in other areas of 

eastern Pima County.  The majority of the homes are in neighborhoods with 

negative stress values; indicative of good neighborhoods. 
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The Sunnyside School District 

 

Sunnyside School District covers the southern portion of the urban area.  It 

contains thirteen elementary schools, four middle schools, two high schools, and 

an alternative high school.  A little over three percent of the houses in the dataset 

are within the Sunnyside school district.  With an average price of only $100,000 

and a maximum of $215,000 these houses are valued significantly lower than in 

other areas of the Tucson region. Living areas average about 500 square feet 

smaller than overall, the lots are generally smaller, and the homes are 

significantly older.  Unlike the other urban school districts, the median garage 

capacity here is only one vehicle and the majority of homes (72 percent) do not 

have central air conditioning.  As might be expected in an older section of the 

city, the average Stress Index value indicates that the majority of the homes sold 

in 2004 are in block groups with lower neighborhood quality.  With a positive 

mean stress value of 0.22 and median of 0.28 this school district is considered 

stressed and in need of help compared to other areas of the county. 

 

Tanque Verde Unified School District 

 

Tanque Verde Unified School District covers eastern and northeastern Tucson.  It 

has two elementary schools and a junior high school.  Like the Foothills School 
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District, the homes in the Tanque Verde School District average more than 

double the price of the overall dataset: the mean price is $401,000 and the median 

$385,000.  The average square footage of more than 2,500 is significantly higher 

than average, as is lot size with both a mean and median of over 1 acre.  The 

homes in this district are highly likely to have air conditioning, a two-car garage, 

and at least one patio.  None of the homes sold in this school district are in a 

neighborhood with a positive Stress Index value.  With median and mean of -0.5, 

the neighborhoods in this school district are the best in the County. 

 

Tucson Unified School District 

 

Tucson Unified School District (TUSD) covering central Tucson is by far the 

biggest school district in the county with more than 62,000 registered students.  

The largest school district in Pima County, TUSD, contains almost half (48 

percent) of all the 2004 home sales in the dataset.  This district has the widest 

range of house prices from the dataset minimum of $50,000 to the maximum of 

$850,000.  Average sales price in the district is below that of the overall dataset, 

as is average lot size.  The average effective date of construction of these homes is 

1972, and as expected in older homes fewer have central air conditioning than 

across the rest of the region.  The Stress Index scores for the homes here average  

-0.17 for the mean and -0.2 for the median — normal quality neighborhoods. 
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Vail School District 

 

Vail School District covers the Vail area to the east and south east of Tucson.  It 

consists of six elementary schools, two middle schools, and two high schools. 

The 514 housing sales in the Vail school district make up 5.5 percent of the 

dataset.  The median price of $167,000 is slightly above the dataset median, 

whereas at $180,000 the mean is slightly lower.  The living area of the Vail homes 

is typical of the overall average square footage, as is the lot size.  With a 40-year 

range in the variable year from 1963 to 2003, the average effective date of 

construction, year, is much more recent than in other areas – a median of 1998 

and a mean of 1997.  The majority of the homes (85 percent) have at least one 

patio, have air conditioning (77 percent), and have at least a two-car garage (96 

percent).  The low Stress Index scores, mean -0.34 and median -0.39, indicate that 

the homes in the Vail school district are in good quality neighborhoods. 
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3.6  MEASURES OF SCHOOL DISTRICT QUALITY 

 

Data Source 

 

In light of the literature findings it was decided that two school district measures 

would be used as alternative methods to measure district quality: 1. per pupil 

expenditures (an input variable) and 2. test scores (an outcome).   

 

Although the argument may be made that test scores are perhaps more of an 

outcome, or at least a reflection, of the socioeconomic status (SES) of the majority 

of the students than of educational attainment, nonetheless the research shows 

that test scores are of interest to homebuyers and are consistently found to be 

related to housing price.  Recognizing that homebuyers of higher SES are likely 

to have more choice in the housing market and have access to higher priced 

homes creates an interesting feedback scenario:  Higher SES homebuyers with 

more choice can drive up housing prices in high demand areas, and also have 

children who are likely to be relatively successful academically.  This relates back 

to the work of Holme (2002) who determined that parents who thought they 

were selecting a school district for reputation and academic achievement were 

actually purchasing access to schools with high income, low minority students.  

Still the fact remains that the literature has consistently found that high test 
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scores are desirable for homebuyers and have been shown to be related to 

increases in market value.  Unfortunately, no marginal test score that measures 

in the improvement in the same cohort of students is available at the district 

level; considering the progress of students given their SES characteristics may be a 

more valuable measure of actually educational quality.  However, the literature 

has found that value-added test scores tend not to significantly affect housing 

values (Brasington, 1999; Downes and Zabel, 2002; Dills, 2004; Brasington and 

Haurin, 2006).  Further, given the size of some of the school districts in Pima 

County it is debatable whether a marginal test score would actually be 

meaningful in any case.   

 

The measures of district quality were obtained from the 2003 Arizona 

Department of Education School and District Report Cards.  These report cards 

are produced annually for each school district and public school in the State and 

contain such information as enrollment, expenditures, attendance, number of 

students in special programs, student-teacher ratios, and so on.  The data is 

readily available and easily accessible to homebuyers, homeowners, realtors, and 

parents. 
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Expenditures 

 

Two expenditure measures are considered: total per pupil expenditures and 

classroom expenditures per pupil, each measured in dollars for the 2003-04 

academic year.  Because school districts in eastern Pima County vary so much in 

terms of size, number of schools and students, and student body composition 

there is some doubt as to whether expenditures might be thought to reflect 

school district quality in the Tucson region, even though they have proven 

appropriate elsewhere (Oates, 1969; Sonstelie and Portney, 1980; Bradbury, Case, 

and Mayer, 1995; Bogart and Cromwell, 1997; Brasington, 1999; Barrow and 

Rouse, 2004).  In addition, because of the nature of the school funding system, 

described in more detail below, there is some doubt as to whether student 

expenditures in Arizona reflect the local housing market and property values (or 

the socioeconomic status of the people that live there), or reflect the positive 

relationships that might be expected between inputs and outputs.   

 

Like many states, in the 1980s Arizona faced legal challenges to its school 

funding system that financed education primarily on widely varying property 

taxes.  The system was overhauled in an attempt to equalize funding and a 

“foundation” system of financing was developed whereby a base level of 

funding per student is calculated.  The amount varies for each district depending 
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on the district’s characteristics and those of its students, but it represents the 

amount of education funding that the state determines should be available to 

each student.3  The State then provides “equalization assistance” to school 

districts that cannot generate a sufficient level of revenue to meet this minimum.  

Generally, the base equalization funding represents approximately half of a 

district’s total education funding; districts also receive nonequalized local, 

county, state, and federal funding that is not tied to the number of students 

(Murray and Aud, 2005).  All in all, the variation in district expenditures is 

unlikely to be as wide as would be expected in a “free market” system with local 

schools being funded by local property taxes.  Therefore, the expenditures are 

probably less likely to be reflected in the housing market. However, given that 

expenditures have proven to be an effective measure in other studies and that it 

is fairly easy for Arizona homebuyers to obtain the information, it was decided 

that the potential effects should at least be explored.   

                                                 
3 For a comprehensive review of Arizona’s school funding system, the weighting formulas used 

to calculate per student funding, and how the State determines a school district’s ability to 

generate local revenue see Murray and Aud (2005) A Guide to Understanding State Funding of 

Arizona’s Public School Students. 
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Academic Achievement: Test Scores 

 

The Arizona Instrument to Measure Standards (AIMS) tests are required tests for 

all Arizona students in Grades 2 through high school.  The purpose of the tests is 

to measure student proficiency in reading, writing, and mathematics.  For the 

purpose of this study, average school district test scores for eighth graders were 

obtained for all three subject-areas for the 2003 academic year. 

 

AIMs tests are taken at a number of grade levels.  However, eighth-grade scores 

were selected as the focus of analysis in order to provide consistency with the 

intra-district level analysis of TUSD, which focuses on middle-school attendance 

areas.  Brasington (1999) found ninth-grade proficiency test scores to be the most 

important school quality measure in the house price equation.  Given the 

proliferation of tests that students face at different grade-levels, other tests and 

grade levels could easily have been selected.  However, it is felt that to analyze 

multiple grade scores or multiple types of test results would result in a loss of 

focus on the primary issue of assessing the effect of school districts on the 

housing market price surface.  Holding all else constant, a preponderance of 

research demonstrates that houses in high performing school districts sell for 

higher prices than those in low performing school districts (Hayes and Taylor, 
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1996; Black, 1999; Brasington, 1999; Bogart and Cromwell, 2000; Clark and 

Herrin, 2000; Figlio and Lucas, 2001; Barrow and Rouse, 2002; Downes and 

Zabel, 2002; Hilber and Mayer, 2002; Kane, Staiger, and Sams, 2003). 

 

It is felt that test scores are likely to be a more appropriate measure of school 

district quality than expenditures because they are a quantifiable performance 

outcome.  Regardless of the debate on the relationship between educational 

inputs and outcomes, high performance is usually the desired goal.  Although 

not without controversy, AIMS testing is very much in the public eye and the 

results are readily available to the public, even to the extent that many Tucson 

realtors provide links to test score results directly from their websites.  It is felt 

that the market will recognize school district quality and a premium will be paid 

for homes in the better-performing districts.  While recognizing that it is 

individual students that take tests rather than schools or districts, and also 

recognizing that more affluent students tend to perform better than poor 

students, the fact remains that homebuyers have been continually shown to seek 

out high-performing school districts and schools.  While controlling for other 

factors such as racial composition and income, researchers such as Haurin and 

Brasington (1996) find that school quality, as measured by test scores, is one of 

the most important determinants of house price variations. 
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Correlation between the Measures of School District Quality 

 

Table 3.4 shows the correlation coefficients between each pair of measures of 

school district quality.  Overall, the input and output measures do not conform 

in their ranking of quality districts: comparison of the measures of school district 

quality shows that there is little correlation between expenditures and academic 

achievement.  In fact, even the supposition that higher expenditures will result in 

better test scores does not hold true with a negative relationship between the 

input expenditures and the math and writing scores.  The weak and insignificant 

correlations between inputs and outputs are not unexpected given the debates in 

the education literature.  This supports my skepticism about the effectiveness of 

the expenditure measures as reflecting district quality at such a broad scale; 

particularly given the state-mandated education funding system in which 

expenditure differentials do not necessarily reflect the tax base differentials or — 

perhaps more importantly — the related-socioeconomic differences of 

homeowners and students in the districts. 
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Table 3.4:  Correlations between the Measures of School District Quality. 

 

 

 

 

 

 

 

 

 

 

Significance indicated in parentheses 

 

Concentrating on the output measures, which are expected to be a more reliable 

measure of quality: per pupil measures of classroom instructional expenditures 

and total expenditures are highly correlated (0.970).  There are also strong 

relationships between the test scores with the higher scoring districts tending to 

perform well in all three measures and the lower performing districts performing 

less well in all three measures.  The correlation coefficient between reading and 

writing is 0.908; between reading and math, 0.842; and between math and 

writing, 0.908.  

Instructional Total AIMs Score AIMs Score

Expenditure Expenditure Math Reading

Per Pupil Per Pupil

Total per pupil 0.97 --

Expenditures (0.000)

AIMs Score -0.073 -0.15 --

Math (-0.415) (-0.330)

AIMS Score 0.192 0.078 0.842 --

Reading (-0.286) (-0.410) (-0.001)

AIMS Score -0.039 -0.168 0.908 0.937

Writing (-0.455) (-0.311) (0.000) (0.000)
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3.7  MODEL OVERVIEW 

 

Using the simplest model, a traditional single-market model developed from the 

selected base variables as a starting point, a series of models are developed to 

isolate and examine the effects of school districts on housing price.  The study of 

school district effects contains three main sets of models.  Table 3.5 summarizes 

the models by numeric identifier and summary description. 

 

In the first set of models (Models 1-6) the school districts are represented as a set 

of dummy variables with the Catalina Foothills District being the excluded 

variable against which the others are measured.  The school district dummy 

coefficients represent a shift in the intercept of the regression equation, while the 

effect of a change in the other attribute variables, such as additional garage 

capacity or square footage, is assumed to have the same price effect throughout 

the entire city.  In reality, attributes will likely have different magnitudes of effect 

on price in different areas of the city.  For example, an increase in lot size or 

square footage may be valued more in the central city than on the outskirts 

where land is more plentiful.   

 

In the second set of models (Models 7 and 8) each school district is considered on 

an individual basis so that its effects may be compared against the average of  
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Table 3.5:  Model Summary for the School-District Level Analysis. 

 
  
Model    Descriptive Summary 
 
Model 1  Aspatial Base Model 
 
Model 2  Base Model with School District Dummy Variables 
 
Model 3  X and Y Unique Location Model 
 
Model 4  X and Y Unique Location Model with School District Dummy Variables 
 
Model 5  Spatial Expansion and Interactance Variables Model 
 
Model 6 Spatial Expansion and Interactance Variables Model With School District 

Dummy Variable 
 
Model 7  Single District Comparison Models, Base Variables Only 
7a   Amphitheater = 1, 0 otherwise 
7b   Altar Valley = 1, 0 otherwise 
7c   Catalina Foothills = 1, 0 otherwise 
7d   Continental = 1, 0 otherwise 
7e   Flowing Wells = 1, 0 otherwise 
7f   Marana = 1, 0 otherwise 
7g   Sahuarita = 1, 0 otherwise 
7h   Sunnyside = 1, 0 otherwise 
7i   Tanque Verde = 1, 0 otherwise 
7j   TUSD = 1, 0 otherwise 
7k   Vail = 1, 0 otherwise 
 
Model 8  Single District Comparison Models, Base Variables and XY Location 
8a   Amphitheater = 1, 0 otherwise 
8b   Altar Valley = 1, 0 otherwise 
8c   Catalina Foothills = 1, 0 otherwise 
8d   Continental = 1, 0 otherwise 
8e   Flowing Wells = 1, 0 otherwise 
8f   Marana = 1, 0 otherwise 
8g   Sahuarita = 1, 0 otherwise 
8h   Sunnyside = 1, 0 otherwise 
8i   Tanque Verde = 1, 0 otherwise 
8j   TUSD = 1, 0 otherwise 
8k   Vail = 1, 0 otherwise 
 
Model 9  Catalina Foothills Spatial Expansion Model 
 
Model 10  Catalina Foothills Spatial Expansion and Interactance Variable Model 
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those outside the district.  Evidence from the two sets of models indicated the 

presence of spatial differentials, not only between school districts but also within 

school districts.  As a result a third set of models is developed (Models 9 and 10) 

with the aim of examining the nature of the spatial element of the housing 

market within the Foothills district.  This set of models differs from the others in 

that it does not seek to compare the effects of school districts.  Rather the aim is 

to explore the unique spatial effects that exist even at a local level. 

 

The Base Models, Models 1 and 2 

 

Model 1 is the base model that contains only the selected set of household 

attribute information and no school district information.  The effects of the basic 

explanatory variables on housing price are analyzed and their explanatory 

power examined without school districts.  In Model 2 the school district dummy 

variables are added to the variables of Model 1.  The Catalina Foothills District, 

which is generally accepted as the premiere district in the Tucson area, serves as 

the null value.  Comparison of Model 1 with Model 2 allows the overall effect of 

adding the school districts to the list of explanatory variables to be examined.  

The relative effects of each individual school district with respect to the Foothills 

District are also be evaluated as the size of the coefficient associated with each 

district reflects a shift in the intercept, and thus a price effect for each district.  
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Since the Foothills District is generally viewed as one the highest performing 

districts in Arizona, it is expected that, ceteris paribus, the coefficients for the 

dummy variables representing other districts will be negative, with the worst 

performing districts having a larger negative coefficient (a lower price effect). 

 

Once the school district coefficients are obtained they are correlated with the 

measures of district quality.  Thus, it is expected that if the price effects reflected 

in the district coefficients also reflect district quality, as measured by per pupil 

expenditures and test scores, then there will be positive correlations.  That is, low 

scoring districts are expected to be associated with large negative coefficients, 

whereas high scoring districts are expected to be associated with smaller 

coefficients, reflecting the fact that people are expected to be willing to pay more 

for housing in the better quality districts. 

 

The X and Y Unique Location Models, Models 3 and 4 

 

Model 3 and 4 include the XY coordinates of location as variables.  Model 3 

extends the basic Model 1 by adding two variables that are attributes of the 

housing units: the X and Y coordinates of location.  As explained previously, the 

X and Y locations are unique to each housing unit and therefore the influence of 

the X and Y coordinates can be viewed as a surrogate for the multitude of 
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neighborhood, accessibility, amenity, and proximity variables that could possibly 

be selected to quantify the all important factor: location, location, location.  The 

addition of these variables will likely take away some of the explanatory power 

attributed to the school districts in Model 2 simply because the school districts 

were the only explicitly spatial variable in the earlier models.  However, the 

reliability of the overall model will likely be improved by a greater attention to 

the spatial element of the housing market. 

 

Model 4 is the equivalent of Model 2 and is an extension of Model 3 with the 

addition of school districts to the XY location model.  As with Models 1 and 2, 

the results are analyzed by comparing Models 3 and 4 to examine the school 

district effects with respect to the Catalina Foothills District.  In addition, the 

influence of including X and Y locations is examined by a comparison of Models 

3 and 4 with Models 1 and 2.  Again the school district coefficients are correlated 

with the measures of district quality. 

 

The Spatial Expansion and Interactance Variable Models, Models 5 and 6 

 

Model 5 extends Models 1 and 3 by incorporating the spatial XY coordinate 

polynomial expansion variables and the property attribute variables interacted 

with the polynomial expansion variables.  This specification allows the 
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interrelationships between the property-specific variable and the location 

variables to be examined.  It also allows for differential effects of location rather 

than assuming a simple, linear relationship between location and price.  Model 6 

is an expansion of 5 that adds in the school district variables.  Again, once the 

coefficients are obtained from the model they are correlated with the measure of 

school district quality and the nature of the relationships is examined. 

 

The Single District Comparison Models, Models 7a-k and 8a-k 

 

In this set of models (Models 7 and 8) each school district is examined on an 

individual basis.  Thus, each of the Models 7 and 8 are made up of eleven 

submodels (a-k), where in each submodel a different school district takes the 

value of one while the rest are zero.  For instance in Models 7a and 8a the Altar 

Valley District is examined using a dummy variable where all the properties in 

the Altar Valley District take the value of one and all others outside the district 

are set to zero.  In Models 7b and 7b the Amphitheater school district properties 

take on the dummy value of one and all properties in other districts take the 

value zero.  In this way the effects of each district may be compared against the 

average of all other districts.  This means that a negative school district 

coefficient indicates that on average a house is priced less than a comparable one 

elsewhere in the city, whereas a positive coefficient indicates that a price 
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premium is being paid above the average value for a house with the same 

characteristics located in another school district. 

 

The single district comparison Models 7a-k are analogous to the basic Model 1, 

containing the base attribute variables.  Models 8a-k are equivalent to Model 3 in 

that they also contain the X and Y location coordinates to take into account the 

spatial element. The school district coefficient values obtained from each of the 

models that comprise Model 7 are correlated with the measures of district quality 

to determine whether the price effects are reflected in the selected measures.  

Similarly, the coefficients obtained in Models 8a-k are correlated with the 

measures of district quality and the results are analyzed. 

 

The Catalina Foothills District Models, Models 9 and 10 

 

Models 9 and 10 focus on the Catalina Foothills School District and allow an 

examination of the within district spatial effects.  As with any discrete boundary 

classification system, school districts may produce significant discontinuities in 

the way housing is priced within a district.  There may be within district 

externalities that get averaged out across a district.  For example, homes in an 

otherwise similar neighborhood may back up to the state park, a lake, of a golf 

course, or have views that attract an additional premium over similar homes 
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located just across the street.  Other homes may have a view of power lines or a 

major arterial highway and attract a lower price than similar home s a few blocks 

away.  The possibility of this type of within-district variation prompts a closer 

look at the spatial variation in pricing within the Foothills District. 

 

The Foothills District was selected for closer examination because in all of the 

previous models it exhibited a strong, positive price effect.  Model 8c contained 

the base attribute variables along with the XY location coordinates and the 

Foothills dummy variable.  Model 9 builds on Model 8c through the additional 

inclusion of the third-order polynomial interactions of X and Y as well as the 

Foothills dummy variable interacted with the location variables.  Thus price 

effects across the city are allowed to vary, the “jump” in price associated with 

being located in the school district is evident, then spatial variability of price 

effects within the district can be examined.  The overall goal of the model is to 

examine the entire spatial variability in prices across the city, plus any disparate 

effects that may exist within the Foothills district. 

 

Model 10 builds on Model 9 through the inclusion of additional explanatory 

variables where the polynomial expansions of the location variables are 

interacted with the attribute variables across the entire city and not just within 

the Foothills District. 
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3.8  MODEL SPECIFICATION 

 

Functional Form 

 

All of the models in this study take a log-linear functional form.  In this section 

the justification of the specification is explained. 

 

Since Rosen's (1974) model researchers have examined a number of alternative 

specifications of the functional form, with linear, semi-log, log-linear, and inverse 

semi-logarithmic being commonly used in hedonic house price models (Basu and 

Thibodeau, 1998; Black, 1999; Gillen, Thibodeau, and Wachter, 2001;  Gillingham, 

1975; Palmquist, 1979; Thibodeau, 1989, 1992, 1996).  Because the hedonic price 

function is a reduced form equation that reflects both supply and demand 

mechanisms, theory does not suggest a particular functional form for the 

property characteristics (Orford, 1999).   The research clearly shows that the 

reliability of the results produced by a hedonic model heavily depends on the 

correct specification of the regression equation.  A frequent criticism of hedonic 

studies is that the functional form is often chosen on the basis of convenience 

rather than because of any theoretical underpinning (Halvorsen and 

Pollakowski, 1982). 
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Using the set of basic explanatory variables identified above, different functional 

forms for the model were evaluated.  The results of four of these are shown in 

Appendix B and summary statistics are given in Table 3.6.  Model B1 is a simple 

linear relationship between house prices and the explanatory variables (Table B.1 

in Appendix).  Model B2 is a log-linear or semi-logarithmic relationship where 

the log of house prices is regressed against the explanatory variables (Table B.2 in 

Appendix).  Model B3 is an inverse semi logarithmic form where house prices 

are regressed on transformations of the explanatory variables (Table B.3 in 

Appendix).  Model B4 has a log-log specification where the dependent variable, 

house prices, and the dependent variables are transformed (Table B.4 in 

Appendix). 

 
Table 3.6:  Determining Functional Form: Summary Statistics for Models B1-B4. 

R  R2 Adj. R2
F

Model B1 0.842 0.709 0.709 3281.825

Simple linear

Model B2 0.865 0.748 0.748 3996.664

Semi-logarithmic

Model B3 0.813 0.661 0.661 2632.426

Inverse semi-log

Model B4 0.863 0.745 0.745 3931.785

Log-log
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In each of the four functional forms of the model the explanatory variables are all  

highly significant.  However, in terms of model fit the semi-logarithmic 

specification performs best with an adjusted coefficient of determination of 0.748 

(F = 3996.664).  The log-linear and the log-log model forms are clearly superior to 

the linear form and the linear-log model performs poorly. 

 

Taking into account empirical examples in the literature and these preliminary 

models, the log-linear specification was selected as the most appropriate 

functional form.  In this form 

 

P = e Xß+ ε 

or 

log P = Xß+ ε 

 

where 

 P is a house price 

 X is a vector of (possibly transformed) housing characteristics 

 ß is a vector of unknown hedonic coefficients to be estimated 

 and ε is the model residuals 

 

In other words the logarithm of house prices is regressed on a linear combination 

of housing characteristics.  Basu and Thibodeau (1998, p.66) provide a rationale 
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for this functional form for both economic and statistical reasons: "On economic 

grounds, the semi-log functional form permits the dollar value of a particular 

characteristic to vary with other characteristics in the bundle.  On statistical 

grounds, the semi log function form corrects for heteroscedasticity between 

house value and the residual (prediction errors tend to be larger, in absolute 

value, as property values increase)" p.66.  Further justifications of the semi-log 

approach are listed in Thibodeau (1989).  The coefficients are simply interpreted 

as the percentage change in the sales price that can be attributed to a unit change 

in the independent variable. 

 

Spatial Autocorrelation: Examination of the Model Residuals 

 

Trend surface analysis of the residuals of each model is performed to test for 

spatial autocorrelation of the error terms.  Violating the assumption of an 

independent error structure suggests that a model is underspecified.  To 

determine whether the models may be lacking adequate spatial information the 

residuals of each model are regressed on the spatial location variables X, Y, XY, 

X2, Y2 XY2, X2Y, X3, and Y3 using stepwise analysis.  If any of the coefficient 

estimates are found to be significant it means that variation in the error terms can 

be explained by location variables.  Thus, the null hypothesis of spatial 

independence must be rejected, the evidence suggests there is spatial 
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dependence in the model residuals.  Ideally the models will include sufficient 

variables to account for spatial patterns in the housing market, yet remain 

parsimonious. 

 

Model Validation:  F Tests and Incremental R2 

 

Partial F tests and incremental R2 are used to validate the differences in the 

models and confirm that improvements in the explanatory power of the models 

are “real.”  In each case the nested or constrained model is compared with the 

unconstrained model.  For example, an unconstrained model includes the school 

district variables whereas the constrained version is the subset of variables that 

excludes the school districts. 

 

This is an appropriate methodology to assess the significance of a set of dummy 

variables where individual t-tests of the beta coefficients may be unreliable.  The 

test takes the form: 

 

(SSRc – SSRu) / r ~  F r, n-k-1 
SSRu / (n-k-1)  

 

where 
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SSRu = the sum of the squared residuals of the unconstrained model i.e., 

the amount of variation that remains unexplained by the 

unconstrained model 

SSRc = the sum of the squared residuals of the constrained model i.e., the 

amount of variation that remains unexplained by the constrained 

model 

n = the number of observations 

k = the number of covariates 

r = the number of constraints 

df SSRu = n-k-1 

df SSRc = n-k+r-1 

df SSRc – SSRu = r 

 

The general form of the hypothesis takes the form: 

H0: Including the additional variables in the model does not improve the 
goodness of fit and the β coefficients are equal to zero.  That is, the school 
districts have no significant effect on house prices.  
 
H1: H0 is not true. 

 

Therefore, rejecting the null hypothesis means that the amount of variation that 

can be explained by removing the constraints βk-r+1, …, βk = 0 is significantly 

different from zero and the unconstrained model is preferred to the constrained 

model. 
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3.9  SUMMARY 

 

The effects of school districts on housing price will be examined through hedonic 

modeling using stepwise regression techniques.  Evidence favors the use of a log-

linear functional form.  Models will consider lot and structural variables as well 

as unique XY coordinates of location and neighborhood attributes.  The school 

district coefficients developed by the modeling will be correlated with different 

measures of school district quality to examine whether the house prices and 

district quality are related.  Rather than attempting to incorporate any number of 

potential variables that may affect housing prices, the XY location of each 

housing unit is used to model the unique location in space.  Since change in the 

cost surface of the housing unit are unlikely to be fixed and linear across the city, 

polynomial expansions of X and Y will be examined, along with the interaction 

of the spatial variables with lot and structural characteristics. 
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CHAPTER 4 

SCHOOL DISTRICT ANALYSIS 

 

4.1  INTRODUCTION 

 

As outlined in the previous chapter, the basic approach to this study comprises 

three main steps: 

1. Develop a base model and analyze the effects of different variables on 

housing price; 

2. Add school district dummies to the model and analyze their effects; 

3. Correlate the school district coefficients with the measures of school 

district quality (test scores and expenditures) to assess the extent that 

school district quality is related to price. 

 

This analysis is made up of three sets of models.  Section 4.2 presents the first set 

of models (Models 1-6) in which the Catalina Foothills School District (CFSD) is 

taken as the null value, and shifts in the intercept due to the school district 

dummy variables are analyzed.  Section 4.3 contains the results of the second set 

of models (Models 7 and 8) in which individual districts are taken as the null 

values, and their effects versus the rest of the city are examined.  Section 4.4 

presents the results of the third set of models (Models 9 and 10) in which the 
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Foothills District is singled out for further examination of the effect of the spatial 

element on house prices.  Section 4.5 contains a summary and the conclusions. 

 

 

4.2  MULTI DISTRICT DUMMY VARIABLE APPROACH: MODELS 1-6  

 

The aim of the analysis is to develop a parsimonious, statistically robust model 

that accurately reflects the Tucson housing market; the initial model then serves 

as a base against which school district effects are measured.  The school districts, 

in the form of dummy variables, are added to the base model to determine 

whether they contribute any further to the explanatory power of the model; that 

is, do school districts provide any further insight into house price differentials? 

 

In the set of models that follow, the school district effect is assessed with respect 

to the Catalina Foothills School District, which is generally perceived to be the 

most prestigious district in Pima County.  The school district coefficients reflect a 

shift in the intercept of the regression equation compared to the Foothills District.  

Thus, it is expected that, ceteris paribus, prices of similar housing in terms of 

size, structure, and quality, will be lower in the other districts and have a 

negative district coefficient.  As school district quality declines the larger the 
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magnitude of the negative coefficient expected if the districts act as a depressant 

on price relative to the Foothills District. 

 

To determine whether district “quality” is related to housing price, the 

coefficients generated for each district are correlated with district expenditures 

and school district test scores.  Theoretically, if school district price effects are 

related to quality there will be a positive correlation with the input variables (per 

pupil expenditures) and a positive correlation with the output variables (test 

scores).   

 

THE BASE MODELS: MODELS 1 AND 2 

 

The Aspatial Base Model, Model 1 

 

The results of the stepwise regression analysis used to produce the base model 

(Model 1) are shown in Table 4.1.  As expected, each of the size-related structural 

and lot variables — additional square footage, larger lot sizes, additional patio 

space, higher garage capacity — is highly significant and of the expected sign, 

producing an increase in price.   On the other hand, the year variable produces a 

small decrease in price.  This negative sign is not as expected, but can perhaps be 

explained by the “scarcity” of older houses in the Tucson dataset and the usual 
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theory of supply and demand. Given that the majority of homes in the dataset 

were built in the last thirty years it is possible that the other structural 

characteristics — air conditioning and extra garage capacity that are fairly 

standard in modern homes — will account for much of the variation for which 

age might otherwise act as a proxy.  Although generally it is expected that people 

prefer newer homes and therefore age often performs as a substitute for quality, 

the relative short supply of older homes (with their unusual features and charm) 

may also mean that year may feasibly produce a negative price effect: older 

homes may have a vintage effect that attracts a premium price over the many 

“cookie cutter” California-style tract homes that have been built in recent years.  

Although the model is explicitly aspatial, or “locationally insensitive” (Ball, 1973; 

Wilkinson, 1973a), the housing and lot characteristics do exhibit some degree of 

spatial autocorrelation and heterogeneity based on the historic and spatial 

growth patterns of the city.  Thus, it is also possible that year is also picking up a 

premium associated with centrality and accessibility in the older areas of the city.   

 

As expected, the Stress Index exerts a negative effect on price: houses in more 

depressed, less-desirable neighborhoods with high stress values sell for less than 

those in attractive, desirable neighborhood with negative stress scores.  Given 

that the Stress Index is a composite of a range of socioeconomic variables as well 

as housing quality variables, this also helps to control for social effects whereby 
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people with high socioeconomic status are likely to choose, and have the ability 

to pay to live in neighborhoods with people of similar socioeconomic status. 

 

Table 4.1: Results of the Aspatial Base Model (Model 1). 

 

 

 

With the log-linear structure of the model, the coefficients may be interpreted as 

the percentage change in sales price attributable to a unit change in the 

independent variable.  Thus, ceteris paribus, on average an additional garage 

space increases sales price by approximately 7 percent, and having central air 

conditioning is worth approximately an additional 15 percent more than a 

similar home without central AC.  Conversely, a one-unit increase in the Stress 

SS df MS F Sig

Regression 1624.906 7 232.192 3996.66 0.000

Residual 547.876 9433 0.058

Total 2172.782 9440

coefficient standard error t -value

constant 7.662 0.375 20.425
sqft/100 0.049 0.001 91.183

stress00 -0.239 0.011 -21.97

AC 0.146 0.007 21.776
lotsize 0.088 0.004 23.603

patio# 0.045 0.004 12.347

garagecap 0.069 0.004 15.942

year -0.002 0.000 -9.733

R2 = 0.748

Adj. R2 = 0.748
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Index is associated with a price approximately 24 percent lower than a similar 

home in a better neighborhood. 

 

The overall model has an adjusted coefficient of determination (R2) of 0.748.  

Thus, the model accounts for 75 percent of the variance in the logarithm of sales 

price.  This result is in-line with other regression-based hedonic models of 

housing prices, including those in the Tucson housing market, which typically 

have an R2 in the 0.7 to 0.9 range (Li and Brown, 1980; Can, 1990; Dubin and 

Sung, 1990; Hach and Waddell, 1993; Mulligan, Franklin, and Esparza, 2002; Fik, 

Ling, and Mulligan 2003; Bitter, Mulligan, and Dall’erba, 2007). 

 

The Base Model with School District Effects, Model 2 

 

Adding the school districts to the model in the form of dummy variables with the 

Catalina Foothills School District as the null value produces the results shown in 

Table 4.2.  Overall, it appears that school districts have a small but highly 

significant effect on housing prices, as reflected by the increased coefficient of 

determination (adjusted R2) to 0.772.  Taken together, school districts contribute 

an additional 2.4 percent to the statistical power of the model in explaining 

variation in housing prices across eastern Pima County.   
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Table 4.2: Results of the Base Model with School District Effects (Model 2). 

 

 

As anticipated, with the Catalina Foothills school district as the null value all the 

school district dummy variables have a negative sign, indicating a downward 

effect on price, the effect being of differing magnitude depending on the district.  

SS df MS F Sig

Regression 1678.866 17 98.757 1884.098 0.000

Residual 493.916 9423 0.052

Total 2172.782 9440

coefficient standard error t -value

base model 

coefficient

constant 6.419 375.000 17.109 7.662
sqft/100 0.045 0.001 83.564 0.049
stress00 -0.188 0.012 -16.125 -0.239
AC 0.141 0.007 21.511 0.146
lotsize 0.092 0.004 24.985 0.088
patio # 0.043 0.003 12.257 0.045
garagecap 0.064 0.004 15.582 0.069
year -0.001 0.000 -5.432 -0.002

Altar Valley -0.703 0.057 -12.446
Amphi -0.215 0.014 -15.745
Continental -0.382 0.019 -19.590
Flowing Well s -0.337 0.020 -17.157
Marana -0.350 0.014 -24.481
Sahuarita -0.372 0.024 -15.252
Sunnyside -0.459 0.020 -23.315
Tanque Verde -0.145 0.022 -6.431
TUSD -0.296 0.013 -22.252
Vail -0.371 0.016 -22.763
CFSD 0.000

R2 = 0.773

All variables are significant at the 0.001 level

dummy variable, null value

Adj. R2 = 0.772



 

 

149

 

The Tanque Verde district exhibits the smallest price effect with a coefficient of    

-0.151; this is the district with the highest home prices and larger houses, which 

appeared most similar to the Catalina Foothills District in the descriptive 

statistics.  The largest coefficient is -0.698 for the Altar Valley School District.  

This is a somewhat rural district with large lots and small houses and is 

associated with high Stress Index values.  The next lowest coefficient is -0.443 in 

the Sunnyside School District – an urban district with older, smaller homes and 

high Stress Index values.  Comparison of the coefficients of the other model 

variables indicates that their expected relationships with housing price are 

maintained and have changed little in magnitude (note that even the year 

variable maintains its negative sign).  This gives further support to the 

robustness and specification of the initial base model and the variables selected 

for inclusion. 

 

Correlation of the Regression Coefficients and Measures of District Quality 

 

The results of the correlation between the school district coefficients generated by 

the base regression model are shown in Table 4.3.  It appears that house prices 

are very much related to school district quality as measured by the output 

measures: AIMS test scores.  The correlation coefficients calculated using the 

school district regression coefficients are positive and significant at the 0.001 
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level for both math and writing at 0.758 and 0.786, respectively.  The AIMS test 

scores for reading are also highly correlated with a coefficient of 0.669, a value 

that is significant at the 0.05 level.  These positive correlations indicate the 

expected relationship: ceteris paribus, houses in higher performing school 

districts have higher sales prices than those in districts with lower test scores.  

The results indicate that buyers are willing to pay a premium to live in good 

school districts when district quality is measured by test scores. 

 

Table 4.3: Correlations between the Measures of School District Quality and Regression 
Coefficients of the Aspatial Base Model (Model 2). 

 
 

 

 

 

 

 

Contrary to general expectation, although as discussed previously, perhaps not 

contrary to the expectations of education economists, the relationship between 

per pupil expenditures and housing values is negative.  That is, districts with 

high per pupil expenditures are associated with lower housing values.  This is 

perhaps, at least in part, due to the wide variation in the size and composition of 

correlation significance

coefficient (one-tailed)

AIMS TEST SCORES

Math 0.758 0.003

Reading 0.669 0.012

Writing 0.786 0.002

PER PUPIL EXPENDITURES

All Spending -0.537 0.044

Classroom Instruction -0.419 0.100
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the school districts in eastern Pima County, described earlier.  It is highly likely 

that it may simply be more expensive to provide services in the more rural areas 

than in the city proper.  Furthermore, large, diverse districts such as TUSD likely 

benefit from some economies of scale in a way that a smaller district containing, 

for example just a single elementary school cannot obtain.  The relationship 

between per pupil classroom instructional expenditure and house prices is also 

negative, but is not significant.  Thus, there cannot be said to be a relationship 

between instructional expenditures and house prices.  There is no evidence that 

buyers will pay extra for homes in districts with high student expenditures.  This 

is not surprising given the State of Arizona’s funding formula that effectively 

reduces per student expenditure variations. 

 

Spatial Independence of the Residuals of Models 1 and 2 

 

Visual examination of the residuals of Model 1 (Figure 4.1) suggests there may be 

some spatial dependence in the error terms.  In general, the large and positive 

residuals are to the north and northeast of the city, with the larger negative 

residuals being somewhat more dispersed but still somewhat concentrated in the 

south and west.  In particular, the Amphitheater, Tanque Verde, and Catalina 

Foothills Districts (to the north) contain predominantly large and positive 

residuals.  Within TUSD, there is a pattern with a cluster of positive residuals in
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Figure 4.1:  Residuals of the Base Model (Model 1). 
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the center, and the northern part of the district has primarily positive residuals, 

whereas the southern part of the district has more negative residuals. 

 

Visual examination of the residuals of Model 2 (Figure 4.2) suggests that the 

addition of the school district dummy variables helps to account for spatial 

effects on housing values.  Although there is still some clustering of large 

positive residuals in central Tucson (possibly caused by the University) the 

pattern seen earlier in Model 1 is less evident in the Amphitheater, Catalina 

Foothills, and Tanque Verde Districts. 

 

To test for spatial autocorrelation of the error terms a trend surface analysis of 

the model residuals was performed.  The residuals of Models 1 and 2 were 

regressed on the spatial location variables X, Y, XY, X2, Y2, X2Y, XY2, X3, and Y3 

using the stepwise procedure (see Table 4.4).  For Model 1, with the exception of 

X2Y, all of the coefficient estimates are significant at the 0.1 level of significance; 

indicating the presence of spatial heterogeneity in the prices of the attributes.  

Thus, the null hypothesis of spatial independence of the error terms must be 

rejected.  The evidence suggests there is spatial dependence in the model  

residuals.  The variation in the error terms can be largely explained by the 

location variables.  Violating the assumption of an independent error structure  

suggests that Model 1 lacks adequate spatial information and thus is
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Figure 4.2:  Residuals of the Base Model Plus School District Effects (Model 2).
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Table 4.4: Spatial Autocorrelation of the Residuals — Trend Surface Analysis, Models 1-6. 
 

* indicates significant relationship between model residuals and spatial variable at 0.1 level; 
thus,  the null hypothesis of spatial independence cannot be rejected. 

 

 

underspecified.  Model 2, with the additional school district dummies, performs 

significantly better, and the errors have little spatial trend.  In Model 2 the spatial 

variables provide little explanatory power for the residuals with only X2Y having 

a significant relationship.  Although the null hypothesis of spatial independence 

of the error terms cannot be rejected, school districts appear to account for much 

of the spatial differential in price effects.  The visual examination of the mapped 

residuals supports this conclusion through the spatial pattern of the residuals. 

 

Model X Y XY X 2 Y 2 X 3 Y 3 X 2 Y XY 2

1 * * * * * * * - *
2 -- - - - - - - * -
3 -- * - - - * - * -
4 - - - - - - - - -
5 - - - - - - - - -
6 - - - - - - - - -
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THE XY LOCATION MODELS:  MODELS 3 AND 4 

 

The second set of models, Models 3 and 4, takes the aspatial base model and 

adds to it two more explanatory variables – the X and Y coordinates of each 

housing unit.  As explained in earlier chapters, taking the unique XY location of 

each housing sale allows the price of land to vary in a spatially continuous 

manner and should account for the spatial nature of the housing market. 

 

The XY Location Model, Model 3 

 

The addition of the X and Y coordinates (Model 3) produces a model with an 

adjusted coefficient of determination (R2) of 0.766, which means that 76.6 percent 

of the variance in housing sales can be accounted for by the variance in the 

explanatory variables (see Table 4.5).  Adding the XY location to the analysis 

results in an additional 1.8 percent of statistical power over that of the aspatial 

base model.  Thus, the XY location makes a small but significant contribution to 

the explanation of house price differentials. 
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Table.4.5: Results of the XY Location Model (Model 3). 

 
 
R2 = 0.766 
Adj. R2 = 0.766  
All variables are significant at the 0.001 level 
 

 

The coefficients on the variables X and Y are positive, indicating a small rise in 

house prices across the city from the south west moving to the north and east.  

This is as might be expected because the more expensive homes in the Catalina 

Foothills are located to the north and east of the central city.  Although small, 

these coefficients are highly significant with t-values of 16.0 and 26.3 for X and Y, 

respectively.  Recall too that the residuals of the aspatial Model 1 increased to the 

north and east.  Even with the spatial component being included using the 

SS df MS F Sig

Regression 1664.432 9 184.937 3430.98 0.000

Residual 508.35 9431 0.054

Total 2172.782 9440

coefficient standard error t -value

constant 6.470 0.369 17.551
sqft/100 0.047 0.001 89.234

stress00 -0.136 0.011 -12.160

AC 0.151 0.006 23.300

lotsize 0.097 0.004 26.867

patio# 0.044 0.004 12.623

garagecap 0.066 0.004 15.724

year -0.001 0.000 -7.927

X 1.32E-06 0.000 16.000

Y 1.63E-06 0.000 26.294
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unique location, the year variable remains negative, but has a smaller effect on 

price: in Model 1, a one-year change had a two-percent price effect, whereas in 

Model 3 it is smaller at one percent. 

 

The XY Location Model with School District Effects, Model 4 

 

When the school districts are added to this XY location model the adjusted 

coefficient of determination increases from 0.766 to 0.790; an increase in the 

goodness-of-fit of 2.4 percent (see Table 4.6).  As when school districts were 

added to the base model, the regression coefficients of the base model 

explanatory variables retain their directionality and only change by a small 

amount. 

 

Examination of the school district regression coefficients shows that the majority 

of the district effects are negative as expected, but the Continental and Sahuarita 

Districts now have coefficients that are positive and significant at the 0.001 level.  

Although the coefficients for the Altar Valley and Sunnyside School Districts 

remain negative (at -0.300 and -0.248, respectively) they no longer have the 

largest effects:  Amphitheater has a regression coefficient of -0.329 and Marana 

has the largest coefficient at -0.427.  The overall change in the relative coefficient  
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Table 4.6: Results of the XY Location Model With School District Effects (Model 4). 
 

 
 
R2 = 0.790 
Adj. R2 = 0.790 
* indicates variable not significant at the 0.001 level, significance in parentheses 

 

 

SS df MS F Sig

Regression 1716.803 19 90.358 1866.890 0.000

Residual 455.979 9421 0.048

Total 2172.782 9440

coefficients standard error t-value coefficient Sig if >0.001

constant 4.960 0.365 13.573 6.470
sqft/100 0.043 0.001 83.055 0.047
stress00 -0.135 0.012 -11.725 -0.136
AC 0.116 0.006 18.172 0.151
lotsize 0.100 0.004 28.014 0.097
patio# 0.034 0.003 10.047 0.044
garagecap 0.061 0.004 15.238 0.066
year -0.001 0.000 -4.114 -0.001

X 4.52E-07 0.000 3.940 1.320E-06
Y 4.28E-06 0.000 27.360 1.630E-06

Altar Valley -0.300 0.057 -5.294
Amphi -0.329 0.014 -23.089
Continental 0.276 0.030 9.112
Flowing Wells -0.344 0.019 -17.721
Marana -0.427 0.016 -26.831
Sahuarita 0.220 0.031 7.018
Sunnyside -0.248 0.020 -12.292
Tanque Verde -0.090 0.022 -4.036
TUSD -0.179 0.013 -13.406
Vail -0.058 0.020 -2.866 * (.004)

CFSD 0.000 dummy variable, null value
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sizes combined with the changes in direction suggest that the relationship 

between the districts prices and the measures of district quality may not be as 

strong with the XY locations included as explanatory variables; an expected 

result given that school districts were the only explicitly spatial variable in earlier 

models.  However, if considered in the overall context of a citywide cost surface, 

there is still evidence of a “jump” in sales price at the district boundaries. 

 

Correlation of the Regression Coefficients and Measures of District Quality 

 

The correlation coefficients summarizing the relationships between the school 

district regression coefficients and the measures of district quality are shown in 

Table 4.7.  As expected from visually examining the regression coefficients, each 

correlation coefficient is smaller than the corresponding value in the base model.  

The highest correlation coefficient is for reading test scores at 0.381, followed by 

math at 0.344.  However, none of the correlation coefficients are significant at the 

0.05 level.  From having the strongest correlation in the base model, writing test 

scores now have the weakest correlation coefficient at 0.150.  Of interest, the 

direction of the correlation between the district coefficients and expenditure 

measures is now positive, but these results are not significant at the 0.05 level.  
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Table 4.7: Correlations between the Measures of School District Quality and the Regression 
Coefficients of the XY Location Model (Model 4). 

 
 
 
 
 
 
 

 

 

 

 

Spatial Independence of the Residuals of Models 3 and 4 

 

Visual examination of the residuals of Model 3 (Figure 4.3) shows that even with 

the X and Y location variables included in the model, there appears to be some 

spatial trend remaining.  This trend appears less strong when the residuals of 

Model 4 are examined (Figure 4.4): providing support for the supposition that 

school districts are a significant factor in explaining house price variations.  

correlation significance

coefficient (one-tailed)

AIMS TEST SCORES

Math 0.344 0.150

Reading 0.381 0.124

Writing 0.150 0.330

PER PUPIL EXPENDITURES

All Spending 0.232 0.246

Classroom Instruction 0.193 0.285
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Figure 4.3:  Residuals of the XY Location Model (Model 3).  
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Figure 4.4: Residuals of the XY Location Model with School District Effects (Model 4).
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Stepwise regression of the model residuals on the nine spatial location variables 

(X, Y, XY, X2, Y2, X2Y, XY2, X3, Y3) supports the visual evidence provided by the 

maps (see Table 4.4).  For Model 3 the coefficient estimates of Y, X3, and X2Y are 

significant at the 0.001 level of significance and therefore the null hypothesis of 

spatial independence of the error terms is rejected.  That is, the evidence suggests 

that the model that includes X and Y locations, but excludes the school district 

dummies, still lacks some spatial explanatory information.  However, for the 

residuals of Model 4 none of the spatial location explanatory variables are 

significant and thus the null hypothesis of spatial independence of the error 

terms cannot be rejected.  In other words, when the X and Y location values are 

included in the base model along with the school district dummy variables the 

error terms are spatially independent.  Trend surface analysis of the residuals 

shows no evidence of spatial autocorrelation. 

 

THE SPATIAL EXPANSION AND INTERACTANCE VARIABLE MODELS: MODELS 5 

AND 6 

 

The Spatial Expansion and Interactance Variable Models, Model 5 
 

As described in earlier chapters, the third set of models adds a spatial 

polynomial expansion component and variable interactions between the base 

variables and the X and Y location values.  As previously, this model structure 
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incorporates the base variables (lot and structural features of the sales house and 

the associated Stress Index of the neighborhood), as well as the location of each 

parcel in the form of the X and Y coordinates. In addition, interaction of the 

structural variables with spatial location allows consideration of the spatial 

differences and similarities of the features across the city.  The interactive 

relationship between location and the base variables reduces the effects of 

multicollinearity, which can be a problem in trend surface models that 

incorporate higher order polynomials (Johnson, 1978). 

 

To conform to standard mathematical practice each of the variables that forms 

part of a new interactance variable are included in the model in their original 

“stand-alone” (uninteracted) form.  The results of the model runs before the 

inclusion of the school district variables are shown in Table 4.8.  The result is a 

model with an adjusted coefficient variation (R2) of 0.794.  This is higher than 

both the base models and the XY location models even after school districts are 

incorporated.  Almost 80 percent of the variance in sales price can be explained 

by the independent variables.  The resultant model contains 27 variables, 

including 6 of the 7 original base variables.   
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Table 4.8: Results of the Spatial Expansion and Interactance Variable Model (Model 5). 
 
 
 
 

SS df MS F Sig

Regression 1725.867 27 63.921 1346.315 0.000

Residual 446.915 9413 0.047

Total 2172.782

coefficient standard error t-value * (sig. if > .001)

constant 5.575 0.469 11.882
sqft/100 0.086 0.009 9.421

stress00 -0.133 0.011 -11.835

AC 0.136 0.006 21.840

lotsize excl

patio# 0.025 0.028 0.894 *(.371)

garagecap 0.058 0.004 14.547

year -0.002 0.000 -6.433

X excl

Y 3.36E-06 0.000 1.990 *(.047)

Y 2
7.19E-11 0.000 10.490

X 3
-2.28E-16 0.000 -8.594

Y 3
-2.09E-16 0.000 -14.605

XY -1.19E-07 0.000 -8.273

lot 2 -0.044 0.003 -15.382

lot 3 0.002 0.000 13.946

lot*(sqft/100) -0.004 0.003 -7.904

lot*year 0.000 0.000 19.300

lot *X *Y 2
9.07E-18 0.000 5.529

patio#*Y 1.08E-06 0.000 3.033

patio#*Y 2
-4.32E-12 0.000 -4.002

patio# *X 2
-1.68E-12 0.000 -3.788

(sqft/100) 2 0.001 0.000 4.473

(sqft/100) 3 -2.28E-05 0.000 -5.403

(sqft/100)*X -2.41E-07 0.000 -7.916

(sqft/100)*Y -3.27E-07 0.000 -9.449

(sqft/100)*X*Y 2
6.520 0.000 8.217
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Table 4.8 continued. 
 
 
 
 
 
 
 
R2 =0.794 
Adj. R2 = 0.794 
* indicates variable not significant at the 0.001 level, significance in parentheses 

 

The effects of the polynomial expansions of X and Y and the interactance 

variables cannot be interpreted on the basis of the individual coefficients, but are 

analyzed collectively.  Overall, the coefficients that involve an interaction 

between a base variable and the polynomial expansion of X and Y give an 

estimate of the effect of that characteristic at any individual location.  That is, the 

coefficients on the interaction between lot size and the location expansion give an 

estimate of the unit price of land at any given XY location. 

 

The base variable of lot size is no longer significant in the model as an 

uninteracted variable.  This makes sense, given that lot size tends to be correlated 

with other attributes such as square footage of the residence and also tends to 

exhibit spatial correlation.  Fairly homogeneous lot sizes are found together 

within small areas such as neighborhoods, but are highly variable across the city 

as a whole.  Similarly, lot size is associated with housing age in a manner similar 

coefficient standard error t-value * (sig. if > .001)

year*X 2
3.920 0.000 6.719

year*X*Y 2
1.14E-19 0.000 5.205
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to space — houses built at the same point in time, particularly in same 

neighborhood or subdivision, tend to be of similar size.  Note too, that the 

coefficient on patios is no longer significant as an uninteracted variable, although 

moving eastward tends to produce a slight increase in price associated with patio 

space when the spatial effect is considered. 

 

The coefficient on the effective year of construction retains its negative price 

effect; however, notice the positive effect of year when interacted with location.  

This suggests that the age of the homes is not really separable from location as a 

predictor of sales price.  Similarly, lot size is also highly interactive with year.  

The overall effect of year has the positive effect on price that was expected a 

priori; whereby year acts as a proxy for housing condition. 

 

Overall, as suggested by the literature, lot size and square footage are also 

interrelated over space.  These results support the supposition that site and 

structural attributes and their effects are inseparable from location and its effects. 
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Spatial Expansion and Interactance Model with School District Effects,  

Model 6 

 

When school districts are added to the model, they result in an overall increase in 

the coefficient of determination of 1.2 percent, a small but significant 

contribution to the model fit (see Table 4.9).  Overall, this model accounts for 

about 81 percent of the variance in sales price.  Examination of the regression 

coefficients shows that the Continental and Sahuarita Districts are again positive, 

as in the XY location model.  The direction of the coefficient signs for the Altar 

Valley and Vail Districts are also positive, although these coefficients are not 

significant.  In addition, although negative, the regression coefficient for the 

Tanque Verde District is also not significant.  Overall, it appears that the 

relationship between the housing process and the measures of school district 

quality will be weaker than in the previous models, even though the overall 

model performs better in terms of explanatory power. 
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Table 4.9: Results of the Spatial Expansion and Interactance Variable Model with School 
District Effects (Model 6). 

 
 
 

SS df MS F Sig

Regression 1753.832 37 47.401 1063.678 0.000

Residual 418.950 9403 0.045

Total 2172.782 9440

coefficients standard error t-value * (sig. if > .001)

constant 2.075 0.55 3.776

sqft/100 0.077 0.009 8.638

stress00 -0.088 0.012 -7.642

AC 0.109 0.006 17.567

lotsize 0.306 0.016 18.663

patio# 0.006 0.029 0.226 * (.821)

garagecap 0.058 0.004 15.117

year 0.00 0.000 -1.134 * (.257)

X 1.41E-05 0.000 7.644

Y 8.03E-06 0.000 3.998

Y 2
7.58E-11 0.000 9.257

X 3
-1.69E-16 0.000 -5.434

Y 3
-2.26E-16 0.000 -14.085

XY -1.26E-10 0.000 -7.97

lot 2 -0.04 0.003 -14.31

lot 3 0.002 0.000 12.578

lot*(sqft/100) -0.003 0.000 -6.498

lot*year excl

lot*X*Y 2
5.70E-18 0.000 3.431

patio#*Y 9.52E-07 0.000 2.675 * (.007)

patio#*Y 2
-3.53E-12 0.000 -3.299

patio#*X 2
-1.36E-12 0.000 -3.164 * (.002)

(sqft/100) 2 0.001 0.000 2.967 * (.003)

(sqft/100) 3 -1.64E-05 0.000 -3.999

(sqft/100)*X -1.73E-07 0.000 -5.804

(sqft/100)*Y -2.38E-07 0.000 -7.007

(sqft/100)*X*Y 2
4.65E-18 0.000 5.968
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Table  4.9 continued 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
R2 = 0.807 
Adj. R2 = 0.806 
* indicates not significant at the 0.001 level, significance in parentheses 

 

 

Correlation of the Regression Coefficients and Measure of District Quality 

 

Examination of the correlation coefficients that result from the regression 

coefficients and the measures of district quality show that there are no significant 

relationships (Table 4.10).  The test scores have weak correlations of 0.345 for 

reading, 0.264 for math, and 0.136 for writing; none of which are significant at the 

standard levels.  The per-pupil-expenditure measures of district quality perform 

even worse, with insignificant correlations even at the 0.1 level. 

coefficients standard error t-value * (sig. if > .001)

year*X excl

year*X 2
2.35E-14 0.000 3.754

year*X*Y 2
1.06E-19 0.000 4.514

Altar Valley 0.162 0.076 2.125 * (.034)

Amphi -0.268 0.015 -17.877

Continental 0.414 0.044 9.349

Flowing Wells -0.311 0.020 -15.639

Marana -0.347 0.020 -17.788

Sahuarita 0.401 0.040 10.027

Sunnyside -0.139 0.021 -6.687

Tanque Verde -0.009 0.024 -0.370 * (.711)

Tucson Unified -0.093 0.014 -6.595

Vail 0.046 0.024 1.882 * (.060)

CFSD 0.000 dummy variable, null value
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Table 4.10: Correlations between the Measures of School District Quality and the Regression 
Coefficients of the Spatial Expansion and  Interactance Variable Model ( Model 6). 

 
 
 
 
 
 
 
 
 

 

 

These results suggest that when interactance and polynomial expansions of the 

spatial variables are included in the model the school district effects appear 

weaker.  School districts are a type of spatial subregion, with variation being 

associated with those subregions.  Therefore it makes sense that when other 

location variables are introduced they will incorporate some of that spatial 

variation.  In this case the XY and interactance variables soak up enough of the 

geographic variation before the school districts are included that introduction of 

the school districts makes the residual relationship with test scores entirely 

insignificant.  That is, this set of models has sufficient geographic detail that it 

accounts for variation in house prices and eliminates the significant differences in 

school district quality. 

 

 

 

correlation significance

coefficient (one-tailed)

AIMS TEST SCORES

Math 0.264 0.217

Reading 0.345 0.149

Writing 0.136 0.345

PER PUPIL EXPENDITURES

All Spending 0.098 0.387

Classroom Instruction 0.026 0.469
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Spatial Independence of the Residuals of Models 5 and 6 

 

Visual examination of the mapped residuals of Models 5 and 6 (Figures 4.5 and 

4.6, respectively) shows little evidence of spatial autocorrelation.  Again, a trend 

surface analysis using stepwise regression procedures was performed on the 

residuals of Models 5 and 6.  In each case, none of the coefficient estimates are 

significant at the 0.1 level of significance (see Table 4.4); thus, the null hypothesis 

of spatial independence on the error terms cannot be rejected 
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Figure 4.5: Residuals of the Spatial Expansion and Interactance Variable Model (Model 5). 
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Figure 4.6: Residuals of the Spatial Expansion and Interactance Variable Model with School District Effects (Model 6). 
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MODEL VALIDITY 

 

The incremental R2 and the results of the partial F tests for Models 1-6 are 

examined to confirm that the model “improvements” in terms of goodness-of-fit 

are “real” effects when new variables are added (see Table 4.11).  When the 

constrained models that exclude school districts (Models 1, 3, and 5) are 

compared with the unconstrained models that include the school district 

dummies (Models 2, 4, and 6) the results confirm that school districts make a 

significant contribution to the goodness-of-fit over the constrained equivalent.  

The evidence suggests that school districts have a significant role in explaining 

variation in house prices across Tucson, particularly in the basic and simple XY 

models.  Comparison of the Models 1, 3, and 5 confirms that the addition of the 

spatial component is warranted, and further that the interaction variables have a 

significant effect.  Moreover, comparison of the three models that contain the set 

of district dummies (Models 2, 4, and 6) show that the spatial and interaction 

effects are important model elements, but even with these additional variables, 

school districts still increase goodness-of-fit although they do not explain the 

spatial trend entirely by themselves.  The addition of the X and Y variables to the 

basic model is particularly important, regardless of whether school districts have 

already been considered. 
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Table 4.11: Partial F-Test Results for Models 1-6. 
  

 

 

Evidence of school districts acting as tangible elements of neighborhood quality 

and being a measure of price surfaces across the city can be seen by comparing 

the predicted vales of the three models (with and without the district effects), see 

Table 4.12.  The predicted values of the base model with school districts included 

are highly correlated with the predicted values of the XY location model and the 

interactance model; 0.988 and 0.970, respectively.  This suggests that school 

districts act as a simple spatial surrogate for the more complex spatial 

relationships across the city.  Although the interactance model has a higher 

goodness-of-fit overall, the basic model that includes school districts does a 

reasonably good job of accounting for the spatial variation in house prices.  If a 

simple, easy-to-understand, but parsimonious model is desirable, then perhaps 

the basic and XY location models may even be considered preferable to the 

interactance versions.  Support for this perspective is provided by considering 

Constrained 

Model

Unconstrained 

Model Partial F Test       Incremental R2

1 vs. 2 102.95 0.025

3 vs. 4 108.20 0.024

5 vs. 6 62.77 0.013

1 vs. 3 366.65 0.018

1 vs. 5 106.32 0.045

3 vs. 5 71.89 0.026

2 vs. 4 391.91 0.017

2 vs. 6 84.13 0.033
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the proportion of the observations where the predicted value falls within ten 

percent of the observed value (Table 4.13).   

 

Table 4.12: Correlations between the Predicted Values of the Models. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 4.13: Model Fit – Adjusted R2 and Proportion of Predicted Values within 10 Percent of 
Observed Value. 

 

Model Adjusted R2

Number of 

Obervations 

within 10%

Proportion of 

Observations 

within 10%

1 0.748 9028 95.63

2 0.772 9070 96.07

3 0.766 9059 95.95

4 0.790 9113 96.53

5 0.794 9109 96.48

6 0.806 9125 96.65

Log Price 

(thous) Model 1 Model 2 Model 3 Model 4 Model 5

Model 1 0.865 --

Model 2 0.879 0.984 --

Model 3 0.875 0.988 0.985 --

Model 4 0.889 0.973 0.989 0.985 --

Model 5 0.891 0.970 0.979 0.982 0.980 --

Model 6 0.898 0.963 0.978 0.974 0.989 0.992
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Model 1 is clearly the most poorly performing model in terms of goodness-of-fit 

(adjusted R2 = 0.748), but even so, 95.6 percent of the predicted values lie within 

10 percent of the actual value.  In comparison, Model 6 has the best goodness-of-

fit (adjusted R2 = 0.806); this model predicts 96.7 percent of the observations 

within 10 percent of the actual value.  Completely excluding the spatial element 

in Model 1 may mean the model is under-specified and the resulting coefficients 

may be biased and unreliable, perhaps the specification in Model 2 may be 

sufficient in that it adequately accounts for spatial effects and also has clearly 

understandable effects that may be explained in relation to buyer behavior.  In 

each case, including school district effects is clearly beneficial over excluding 

them, with Model 2 performing better than Model 3, and even Model 4 

performing better than Model 5. 

 

 

4.3  SINGLE DISTRICT COMPARISON MODELS: MODELS 7a-k AND 8a-k 

 

In the previous analysis comprising Models 1-6, Tucson is considered to be a 

single housing market where the effects of the non-district variables are assumed 

to be constant across the entire metropolitan area.  That is, the school district 

dummy variables represent a shift of the intercept of the regression equation, 

while the effect of an increase in square footage, for example, is assumed to have 
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the same price effect throughout the city.  In reality is likely that the covariates 

will have different magnitudes in different areas of the city.  In the following sets 

of models each school district is considered individually so that its effects may be 

compared to the average of all others.  This contrasts with the previous analysis 

where each district was measured in comparison to the Foothills district, which 

was the defined null category. 

 

Aspatial Single District Comparison Models, Models 7a-k 
 

Table 4.14 shows the results of Model 1, the basic aspatial model, and the effects 

of adding each school district to this model (Models 7a through 7k).  In this way 

each school district can be examined individually with respect to the rest of the 

city.  Comparison of the models shows little variation in the size of the 

coefficients on the housing attribute effects but variation in the direction and 

magnitude of school district coefficients.  Of the 11 school districts, the Catalina 

Foothills district has the largest individual effect with a coefficient of 0.273 

(Model 7c).  This means that homebuyers pay a premium equal to almost 30 

percent of the sales price to live in the Foothills School District.  The Foothills 

District produces a significant change in the F statistics and the coefficient of  
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Table 4.14:  Results of the Single District Comparison Models 7a-k. 
 

 

 

coefficient t -value coefficient t -value coefficient t -value coefficient t -value

constant 7.662 20.425 7.526 20.079 7.994 21.443 7.241 19.706

Stress00 -0.239 -21.97 -0.235 -21.628 -0.248 -22.951 -0.224 -20.982

Sqft100 0.049 91.183 0.049 91.174 0.049 90.713 0.047 86.41

GarageCap 0.069 15.942 0.068 15.678 0.066 15.445 0.069 16.42

Year -0.002 -9.733 -0.002 -9.37 -0.002 -10.679 -0.002 -8.698

Pationum 0.045 12.347 0.045 12.358 0.045 12.574 0.043 12.029

Lotsize 0.088 23.603 0.092 24.357 0.089 24.048 0.09 24.613

AC 0.146 21.776 0.146 21.818 0.142 21.362 0.141 21.564

District Coefficient           .. -0.387 -6.74 0.085 12.898 0.273 20.725

RSS 1624.906 1627.532 1634.401 1648.768

ESS 547.876 545.25 538.381 524.014

TSS 2172.782 2172.782 2172.782 2172.782

F 3996.644 3519.233 3579.177 3709.63

R 0.867 0.865 0.867 0.871

R2
0.748 0.749 0.752 0.759

R2Adj 0.748 0.749 0.752 0.759

Sig of district 

coefficient            .. 0.000 0.000 0.000

Change R2
          .. 0.001 0.004 0.011

Incremental F           .. 45.434 166.353 429.508

Sig F change           .. 0.000 0.000 0.000

Model 1 7b Amphitheater7a Altar Valley 7c Catalina Foothills
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Table 4.14 continued. 

 

 

coefficient t -value coefficient t -value coefficient t -value coefficient t -value

constant 7.702 20.572 7.646 20.373 7.096 18.77 7.574 20.155

Stress00 -0.218 -19.289 -0.24 -22.014 -0.259 -23.501 -0.238 -21.881

Sqft100 0.049 91.147 0.049 91.094 0.048 89.328 0.049 91.196

GarageCap 0.07 16.25 0.069 15.992 0.069 16.04 0.069 15.927

Year -0.002 -9.857 -0.002 -9.68 -0.002 -8.132 -0.002 -9.48

Pationum 0.047 12.821 0.045 12.26 0.045 12.497 0.045 12.423

Lotsize 0.089 23.784 0.088 23.596 0.089 23.957 0.089 23.674

AC 0.152 22.532 0.145 21.373 0.147 22.067 0.146 21.826

District Coefficient -0.098 -6.396 -0.024 -1.527 -0.074 -9.85 -0.078 -3.525

RSS 1627.272 1625.041 1630.121 1625.627

ESS 545.51 547.741 542.661 547.155

TSS 2172.782 2172.782 2172.782 2172.782

F 3516.991 3497.867 3541.642 3502.869

R 0.865 0.865 0.866 0.865

R2
0.749 0.748 0.75 0.748

R2Adj 0.749 0.748 0.75 0.748

Sig of district 

coefficient 0.000 0.127 0.000 0.000

Change R2
0.001 0.000 0.002 0.000

Incremental F 40.911 2.333 90.638 12.423

Sig F change 0.000 0.127 0.000 0.000

7d Continental 7e Flowing Wells 7f Marana 7g Sahuarita
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Table 4.14 continued. 

coefficient t -value coefficient t -value coefficient t -value coefficient t -value

constant 7.329 19.509 7.586 20.226 7.883 20.263 7.298 19.372

Stress00 -0.211 -18.711 -0.234 -21.454 -0.24 -22.028 -0.247 -22.665

Sqft100 0.049 91.276 0.049 90.949 0.049 91.216 0.049 90.534

GarageCap 0.068 15.826 0.068 15.76 0.068 15.806 0.068 15.777

Year -0.002 -8.792 -0.002 -9.522 -0.002 -9.985 -0.002 -8.71

Pationum 0.044 12.05 0.045 12.385 0.045 12.37 0.044 12.054

Lotsize 0.089 23.913 0.084 22.103 0.088 23.28 0.089 23.908

AC 0.141 21.044 0.146 21.818 0.145 21.531 0.15 22.431

District Coefficient -0.13 -8.658 0.097 4.737 -0.012 -2.137 -0.09 -7.953

RSS 1629.226 1626.206 1625.171 1628.555

ESS 543.556 546.576 547.611 544.227

TSS 2172.782 2172.782 2172.782 2172.782

F 3533.872 3507.833 3498.974 3528.063

R 0.866 0.865 0.865 0.866

R2
0.75 0.748 0.748 0.75

R2Adj 0.75 0.748 0.748 0.749

Sig of district 

coefficient 0.000 0.000 0.033 0.000

Change R2
0.002 0.001 0.000 0.002

Incremental F 74.964 22.436 4.565 63.246

Sig F change 0.000 0.000 0.033 0.000

7h Sunnyside 7i Tanque Verde 7j TUSD 7k Vail
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determination.  The Amphitheater (Model 7a) and the Tanque Verde (Model 7i) 

Districts are also associated with positive price effects.  The remaining eight 

districts have negative coefficients of varying magnitudes, indicating that, on 

average, houses in these districts sell for lower prices than comparable houses 

across the city as a whole.  The largest negative price effect is seen in the Altar 

Valley School District (Model 7b).  Given that this set of models is primarily 

aspatial (the only spatial variable being the district dummy), it is likely that the 

district coefficient is “soaking up” some of the locational characteristics (more 

rural, less accessible) that are missing from the model and may be more 

accurately reflected by the inclusion of the X and Y location attributes.  The next 

largest negative coefficient occurs in the Sunnyside Model (Model 7h) with a 

value of 0.13.  Again, this is not unexpected with Sunnyside being an older 

residential area in the urban core. 

 

Correlation of the Regression Coefficients and Measures of District Quality 

 

As in the earlier analysis the regression coefficients for each school district are 

correlated with the indicators of school quality.  The results (Table 4.15) show a 

weak association between the district price effects and the results of the AIMS 

tests for reading, writing, and math.  The strongest association of the output 

variables is with math scores, which have a correlation coefficient of 0.525 and a 
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significance of 0.049.  The relationship between the district coefficients and the 

district expenditures is also weak. 

 

Table 4.15: Correlations between the Measures of School District Quality and the Regression 
Coefficients of Models 7 and 8. 

 

 

Spatial Independence of the Residuals of Model 7 

 

As with the previous models, a trend surface analysis of the model residuals was 

performed.  The spatial explanatory variables are regressed on the residuals of 

each model and a summary of the results is shown in Table 4.16.  For each of the 

Models 7a-k at least one of the location variables is significant at the 0.1 level, so 

the null hypothesis of spatial independence of the error terms is rejected.  The 

number of significant spatial variables that are significant in the trend surface 

analysis varies from model to model.  For example, in Model 7h, which contains 

the Sunnyside District, only X, X3 and XY2 are significant.  In contrast, in Model 

correlation significance correlation significance

coefficient (one-tailed) coefficient (one-tailed)

AIMS TEST SCORES

Math 0.525 0.049 0.574 0.032
Reading 0.344 0.150 0.530 0.047
Writing 0.385 0.121 0.352 0.144

PER PUPIL EXPENDITURES

All Spending 0.197 0.281 0.367 0.134

Classroom Instruction 0.286 0.197 0.360 0.138

Models 7 Models 8
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7f, Marana, all of the spatial variables are significant.  Overall, the results suggest 

that each of the models is underspecified to some degree because they lack the 

spatial explanatory variables.  Clearly, when considered on an individual basis 

the school district dummy variables cannot adequately account for spatial 

variation across the entire city and more spatial explanation is needed if the 

models are to be correctly specified. 

 

Table 4.16: Spatial Autocorrelation of the Residuals – Trend Surface Analysis, Models 7a-k 

* indicates significant relationship between model residuals and spatial variable at 0.1 level of 
significance indicating the null hypothesis if spatial independence cannot be rejected. 
 

Model X Y XY X 2 Y 2 X 3 Y 3 X 2 Y XY 2

7a * * * - * * * * *
7b - * * * * * * * *
7c * - * - - * - - *
7d * * * * * * * * *
7e * * * * * * * - *
7f * * * * * * * * *
7g - * - * - * - - *
7h * - - - - * - - *
7i * * * * * * * - *
7j * * * * * * * - *
7k * * * * - * * - *
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Single-District Comparison Models with XY Location, Models 8a-8k 

 

The analysis so far provides strong support for the inclusion of the spatial 

element in the models:  In Model 8 the school districts were added to the XY 

model on an individual basis, Table 4.17.  Even with the XY location included in 

the model each of the districts has a price effect; the effects are of differing 

magnitudes (see map of district coefficients).  Again, the Foothills District (Model 

8c) has the largest effect with a coefficient of 0.246 indicating that on average 

buyers pay a premium of about 25 percent of the sales price for a home in the 

district over the price of a comparable home elsewhere in the city.   

 

In addition to the positive premium for the Catalina Foothills District, four other 

districts have a positive effect: Amphitheater (Model 8a), Continental (Model 8d), 

Sahuarita (Model 8g), and Tanque Verde (Model 8i).  Again, as in the aspatial 

models the Altar Valley (Model 8a) and the Sunnyside Districts (Model 8h) have 

the largest positive coefficients at -0.18 and -0.12, respectively.  It is notable that 

adding XY coefficients to the Altar Valley model reduces the negative price effect 

of the district that was likely a result of model under specification in the aspatial 

model.



 

 

188

 

Table 4.17:  Results of the Single District Comparison with XY Location Models 8a-k. 

 

coefficient t -value coefficient t -value coefficient t -value coefficient t -value

constant 6.470 17.551 6.445 17.487 6.541 17.687 6.208 17.155

Stress00 -0.136 -12.160 -0.136 -12.169 -0.142 -12.380 -0.128 -11.714

Sqft100 0.047 89.234 0.047 89.279 0.047 89.115 0.045 85.159

GarageCap 0.066 15.724 0.065 15.588 0.065 15.632 0.066 16.176

Year -0.001 -7.927 -0.001 -7.830 -0.002 -8.066 -0.001 -7.175

Pationum 0.044 12.623 0.044 12.628 0.044 12.648 0.042 12.335

Lotsize 0.097 26.867 0.099 27.076 0.097 26.847 0.098 27.661

AC 0.151 23.300 0.150 23.296 0.150 23.099 1.460 23.057

X 1.32E-006 16.000 1.27E-006 15.266 1.32E-006 15.993 1.19E-006 14.622

Y 1.63E-006 26.294 1.61E-006 25.772 1.55E-006 21.873 1.55E-006 25.381

District Coefficient           .. -0.182 -3.241 0.017 2.341 0.246 19.234

RSS 1664.432 1664.997 1664.727 1683.623

ESS 508.350 507.785 508.055 489.159

TSS 2172.782 2172.782 2172.782 2172.782

F 3430.980 3092.044 3089.897 3245.684

R 0.875 0.875 0.875 0.880
R2

0.766 0.766 0.766 0.775
R2Adj 0.766 0.766 0.766 0.775
Sig of district 

coefficient           .. 0.001 0.019 0.000
Change R2

          .. 0.000 0.000 0.000

Incremental F           .. 10.503 5.479 369.962

Sig F change           .. 0.001 0.019 0.000

8a Altar Valley 8c Catalina FoothillsModel 3 8b Amphitheater
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Table 4.17 continued. 

 

coefficient t -value coefficient t -value coefficient t -value coefficient t -value

constant 6.074 16.531 6.467 17.543 6.107 16.644 6.549 17.801

Stress00 -0.149 -13.359 -0.136 -12.219 -0.170 -14.869 -0.127 -11.384

Sqft100 0.046 88.849 0.047 89.181 0.046 87.561 0.047 89.037

GarageCap 0.062 14.830 0.066 15.777 0.065 15.757 0.065 15.726

Year -0.001 -7.264 -0.001 -7.911 -0.001 -6.781 -0.002 -8.273

Pationum 0.040 11.489 0.044 12.533 0.045 12.977 0.044 12.485

Lotsize 0.099 27.494 0.097 26.852 0.098 27.190 0.098 27.043

AC 0.138 21.164 0.149 22.863 0.153 23.817 0.150 23.351

X 1.65E-006 19.118 1.30E-006 15.684 7.46E-007 7.934 1.43E-006 17.058

Y 2.18E-006 28.339 1.64E-006 26.340 1.77E-006 28.225 1.80E-006 27.029

District Coefficient 0.219 11.903 -0.025 -1.645 -0.113 -12.301 0.157 6.876

RSS 1671.957 1664.578 1672.460 1666.968

ESS 500.825 508.204 500.322 505.814

TSS 2172.782 2172.782 2172.782 2172.782

F 3148.114 3088.712 3152.227 3107.764

R 0.877 0.875 0.877 0.876
R2

0.770 0.766 0.770 0.767
R2Adj 0.769 0.766 0.769 0.767

Sig of district 

coefficient 0.000 0.100 0.000 0.000
Change R2

0.003 0.000 0.004 0.001

Incremental F 141.686 2.707 151.308 47.281

Sig F change 0.000 0.100 0.000 0.000

8f Marana 8g Sahuarita8d Continental 8e Flowing Wells
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Table 4.17 continued. 

 

coefficient t -value coefficient t -value coefficient t -value coefficient t -value

constant 6.167 16.696 6.473 17.563 6.644 17.563 6.074 16.160

Stress00 -0.112 -9.752 -0.135 -12.045 -0.136 -12.203 -0.143 -12.759

Sqft100 0.047 89.320 0.047 89.192 0.047 89.220 0.047 88.370

GarageCap 0.065 15.626 0.065 15.625 0.065 15.598 0.065 15.648

Year -0.001 -7.041 -0.001 -7.915 -0.002 -8.184 -0.001 -6.713

Pationum 0.043 12.343 0.044 12.644 0.044 12.637 0.043 12.348

Lotsize 0.098 27.138 0.095 25.635 0.097 26.561 0.098 27.085

AC 0.146 22.602 0.151 23.309 0.149 23.028 0.154 23.706

X 1.33E-006 16.151 1.27E-006 15.038 1.37E-006 15.926 1.47E-006 16.852

Y 1.61E-006 25.973 1.63E-006 26.159 1.62E-006 25.958 1.54E-006 23.909

District Coefficient -0.115 -7.956 0.045 2.196 -0.012 -2.043 -0.065 -5.233

RSS 1667.821 1664.692 1664.657 1665.900

ESS 504.961 508.090 508.125 506.878

TSS 2172.782 2172.782 2172.782 2172.782

F 3114.608 3089.616 3089.339 3099.260

R 0.876 0.875 0.875 0.876
R2

0.768 0.766 0.766 0.767
R2Adj 0.768 0.766 0.766 0.766

Sig of district 

coefficient 0.000 0.028 0.041 0.000
Change R2

0.002 0.000 0.000 0.001

Incremental F 4.823 4.823 4.173 27.386

Sig F change 0.028 0.028 0.041 0.000

8j TUSD 8k Vail8h Sunnyside 8i Tanque Verde
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Correlation of the Regression Coefficients and Measures of District Quality 

 

The correlation coefficients that result from comparing the district coefficients of 

Models 8a-k with the measures of district quality are shown in Table 4.15.  It is 

interesting to observe that adding the spatial element in the form of the X and Y 

coordinates results in school district coefficients that correlate more highly with 

the quality measures than do those of the spatial models.  In terms of the input 

variables, the result is a weak but positive correlation between the district 

expenditures.  When the output variables are considered, reading and math have 

correlation coefficients of 0.530 and 0.547, respectively; the coefficients are 

significant at the 0.05 level. 

 

Spatial Independence of the Residuals of Model 8 
 

Results of the trend surface analysis on the error terms for Models 8a-k are 

shown in Table 4.18.  Adding the X and Y location to the base attribute variables 

has improved the model performance in many cases; but the results of the 

residual analysis show that many of the polynomial expansions of the spatial 

variables are still significant explanatory components of the residuals.  Thus, the 

null hypothesis of spatial independence of the error terms is rejected for this set 

of models overall.  Further examination of the spatial element is needed to 
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supplement the school districts if a reliable and unbiased model is to be 

developed.  The location coefficients X and Y, and the school districts, are still 

insufficient to account for the spatial effects across the city and the models 

appear to be underspecified because spatial autocorrelation remains in the error 

terms. 

 

Table 4.18: Spatial Autocorrelation of the Residuals – Trend Surface Analysis, Models 8a-k 
 

* indicates significant relationship between model residuals and spatial variable at 0.1 level of 

significance indicating the null hypothesis if spatial independence cannot be rejected. 

 

 

Model X Y XY X 2 Y 2 X 3 Y 3 X 2 Y XY 2

8a * * * * * * * * *
8b * * - - - - - - *
8c * * * - * * * * *
8d - - - * - * - - -
8e - * - - - * - - *
8f - * - * * * * - -
8g - * * * * * * *
8h * * * * * * * * *
8i - * - - - * - - *
8j * * * * * * * * *
8k - * - - - * - - *
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4.4  FOOTHILLS MODELS: MODELS 9 AND 10 

 

Thus far, the analysis suggests that school districts are an important component 

of price differentials across the housing market.  It is equally clear that school 

districts as submarkets do not account for the entire spatial effect and it is 

beneficial to include the X and Y location effects if models are to be correctly 

specified.  Furthermore, the relationship between the logarithm of house prices 

and the housing location is not entirely described by the simple linear 

specification: polynomial expansions of location variables are desirable.  With 

this in mind, and given the clear dominance of the Foothills District, it was 

decided that further examination of the spatial patterns across the city and also 

within the Foothills District is desirable to explore the unique location effects.  

Concentrating on the Foothills District allows exploration of the spatial effects 

without allowing the number of regressors developed from the interactive 

specification to grow too unwieldy.  Thus, in Models 9 and 10 the Foothills 

District is examined with respect to possible various interaction effects between 

the spatial and location attributes effects, while the non-Foothills observations 

serve as the base or default case. 

 

These models follow a methodology similar to that of Fik, Ling, and Mulligan 

(2003) in exploring the unique location effects and developing a price surface 
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across the city.  If price is differentiated with respect to the X or Y location, the 

result is the geographic slope of house price on the vicinity of an XY location 

along the X or Y axis.  It is therefore possible to simulate a price surface across 

the city.  Alternatively, if price is differentiated with respect to one of the 

attribute variables, such as square footage or garage capacity, the result is a 

location-specific rate of change in price with respect to a one-unit change in the 

attribute.  Thus, the results model how attribute prices vary throughout the city.  

For example, the effect of additional square footage or extra garage space is 

higher in some areas of the city and lower in other areas. 

 

In the following set of models, the Foothills effect is examined further.  Model 8c 

serves as the benchmark for comparison of the other models.  This model 

contains the basic attribute variables, X and Y location, and the Foothills 

Dummy.  To recap, the model has an adjusted coefficient of determination of 

0.775, with the Foothills dummy variable having a coefficient of 0.246.  The 

Foothills dummy is responsible for an incremental increase in the R2 of 0.009 and 

a change in the F statistic of 369.962 over a constrained model that excludes the 

district dummy variable (Model 3).  Model 8c accounts for the premium paid to 

live in the Foothills District and the location-specific trend is picked up by the X 

and Y location coordinates.  However, when the spatial polynomial expansion 

variables are regressed on the residuals of the model, stepwise analysis shows 
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that only Y and X2 are not significant at the 0.1 level of significance (Table 4.18).  

Thus the null hypothesis of spatial independence is rejected.  Figure 4.7 provides 

visual support of this: The positive residuals noticeably dominate the 

Amphitheater and Catalina Foothills Districts as well as the north and east of 

TUSD; negative residuals are more likely to be found in the Marana and 

Sunnyside Districts, as well as to the south and west of TUSD. 

 

Foothills Spatial Expansion Model, Model 9 

 

Model 9 (see Table 4.19) is the result of a stepwise analysis of the variables where 

the pool of input variables includes those variables considered previously in 

Model 8c (basic attributes, X and Y location effects) plus the third-order 

polynomial interactions of X and Y, as well as Foothills-location interactions with 

the third-order polynomials.  Thus the goal is to model the entire spatial effect 

across the city, plus any disparate spatial effect that may exist within the 

Foothills District.   

 

In the resulting model the Foothills Dummy variable remains significant, and a 

new Foothills variable, CFSD*Y3, is also significant.  There is an additional price 

effect on XY2: as one travels across Tucson, price effects increase as one moves  
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Figure 4.7: Residuals of the Catalina Foothills School District Model, Submodel 8c. 
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Table 4.19: Results of the Foothills Spatial Expansion Model (Model 9). 

* indicates not significant at the 0.001 level, significance in parentheses 

 

 

north and east.  This spatial pattern is clearly evident in the map of predicted 

values (Figure 4.8).  Then at the Catalina Foothills School District boundary the 

effect increases further with a “jump” in the price premium (a shift in the 

intercept), the effect of which is exacerbated the further north one moves in the 

District.  Hence, there is a premium for being in the Foothills district and an 

additional premium for housing located further north within the district.  

SS df MS F Sig

Regression 1692.125 10 169.212 3319.775 0.000

Residual 480.657 9430 0.051

Total 2172.782

coefficient standard error t -value* (sig. if > .001)

constant 6.277 0.354 17.755

sqft/100 0.044 0.001 84.062

stress00 -0.143 0.011 -13.491

AC 0.141 0.006 22.503

lotsize 0.099 0.004 28.100

patio# 0.040 0.003 11.833

garagecap 0.064 0.004 15.808

year -0.001 0.208 -6.722

XY 2
3.95E-17 0.000 28.968

CFSD*Y 3
7.33E-17 0.000 3.736

CFSD -0.549 0.208 -2.635 *(.008)

R = 0.882

R2 = 0.779

Adj. R2 = 0.779
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Figure 4.8: Map of the Predicted Values of the Foothills Spatial Expansion Model (Model 9). 
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Basically, as one moves northward across the district, the housing premium 

increases.  This make intuitive sense as it is likely that house prices rise as one 

gets closer to the Santa Catalina mountains with people paying a premium to be 

at a higher elevation and for better views of the mountains and across the city.  

Figure 4.9 shows the Foothills effects in isolation.  Keeping all else constant the 

price premium can be seen to increase significantly as one moves northward.  

Overall, the model has an adjusted R2 of 0.779, a significant improvement in the 

goodness-of-fit over the constrained Model 8c. 

 

The trend analysis was conducted on the residuals of Model 9 using the nine 

polynomial expansions of the location variables.  None of the variables are 

significant, thus the null hypothesis of spatial independence cannot be rejected.  

That is, Model 9 appears to adequately account for spatial autocorrelation in 

housing values. 

 

Foothills Expansion and Interactance Variable Model, Model 10 

 

Model 10 (see Table 4.20) builds upon Model 9 in that it is the result of a stepwise 

analysis that draws from an additional pool of explanatory variables, namely the 

interactions between the polynomial expansion variables and the attribute 

variables across the city and not just within the Foothills district.  The adjusted R2  
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Figure 4.9: Catalina Foothills School District Effects (Model 9).
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of 0.779 shows a significant improvement in the overall goodness-of-fit over each 

of the prior models, including Model 9.  Trend surface analysis on the residuals 

suggests that the model adequately accounts for spatial autocorrelation in the 

housing market: the null hypothesis of spatial independence of the error terms 

cannot be rejected at the 0.1 level of significance. 

 

Overall, the results show that housing values are simultaneously related to both 

site and absolute location and not simply to those attributes within various 

submarkets or to a premium based on location within a given submarket.  Year, 

lot size, and number of patios are all significant in an interaction with location, 

but not alone.  This supports the supposition that site and structural attributes 

are inseparable from location.  AC, square footage, and garage capacity appear as 

stand-alone variables, but are also shown to be significantly related to location 

through the interactance variables.  Even with the new larger pool of explanatory 

variables, the CFSD*Y3 effect is still evident, and the Foothills premium is still 

significant, although not at the 0.001 level.  The price surface of the Foothills 

District is shown in Figure 4.10.  Holding all else constant, there is clearly a 

premium for housing in this district, the size of the premium being greater the 

further north one moves.  
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Table 4.20: Results of the Foothills Spatial Expansion and Interactance Variable Model 
 (Model 10). 

 

 
 

SS df MS F Sig

Regression 1720.305 29 59.321 1233.806 0.000

Residual 452.477 9411 0.048

Total 2172.782 9440

coefficient standard error t- value * (sig. > .001)

constant 2.001 0.141 14.175
sqft/100 0.031 0.002 14.285

stress00 -0.151 0.011 -13.285

AC 0.373 0.04 9.435

garagecap 0.559 0.057 9.713

Y 1.69E-18 0.000 12.422

XY -1.876 0.000 -9.885

Y 3
-1.45E-16 0.000 -11.851

XY 2
1.04E-15 0.000 9.205

X 2*sqft/100 2.316 0.000 7.688

X 3*sqft/100 -1.12E-17 0.000 -8.204

XY*AC -2.32E-11 0.000 -4.970

Y 3*AC 9.25E-18 0.000 3.098 *(.002)

X 2Y*AC 7.76E-17 0.000 4.193

XY*lotsize 1.82E-11 0.000 10.035

XY 2*lotsize -2.41E-17 0.000 5.667

X 2Y*lotsize -2.709 0.000 -7.051

Y*patio 7.377 0.000 8.572

X 3*patio# -8.75E-18 0.000 -4.251

Y 3*patio# -1.067 0.000 -7.027

X*garagecap -1.592 0.000 -2.542 *(.011)

Y*garagecap -5.28E-06 0.000 -7.964

X 2*garagecap 8.00E-12 0.000 3.448

Y 2*garagecap 1.83E-11 0.000 4.666

Y 3*garagecap -1.603 0.000 -2.046 *(.041)
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Table 4.20 continued. 
 

 
R =0.890 
R2 = 0.792 
Adj. R2 = 0.791 
* indicates not significant at the .001 level, significance in parentheses 

 

 

The majority of the significant explanatory variables in the model have a spatial 

interaction component, supporting the contention that site and structural 

attributes are inseparable from location.  Physical and locational attributes are 

not independent of each other, and the price of each house is clearly linked to 

both the physical and locational attributes in such a way that the effects are 

inseparable. 

 

 

4.5  CONCLUSIONS 

 

Clearly school districts have a significant effect on housing values across eastern 

Pima County.  At the same time the analysis shows that they do not entirely 

account for spatial differentials in house prices.  If a robust, reliable model is a  

coefficient standard error t- value * (sig. > .001)

X*year 6.87E-09 0.000 10.096

XY2*year -2.55E-19 0.000 -5.852

X 2Y*year 3.80E-20 0.000 3.218

CFSD*Y 3
7.22E-17 0.000 3.771

CFSD -0.603 0.203 -2.965 *(.003)
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Figure 4.10: Catalina Foothills School District Effects (Model 10). 
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desired outcome, then at the very least the X and Y coordinates of the housing-

stock-locations should be incorporated into the model.  Although a parcel’s 

coordinates are not a direct determinant of housing prices, they do help account 

for the influence of location.  From a methodological standpoint, this spatial 

component approach has the advantage of allowing the researcher to investigate 

the important component of the housing market but avoids the problem of 

attempting to select from an almost infinite number of variables and possibly not 

choosing the “correct” ones that would result in a robust, unbiased model.   

 

The results suggest there needs to be a recognition of the house price differential 

across the city, particularly the strong latitudinal effect along the north-south 

axis.  The models with spatial interaction and polynomial expansion effects show 

how the price surface varies across the city, yet there are still significant “jumps” 

at the school district boundaries. School districts serve as a useful proxy for 

subdividing the city, and the boundary effects are significant.  They act as a tool 

for describing price differentials across the region.  At the same time, one should 

remain aware that at a more local level, within-district effects are important too.  

The school-district dummy variables cannot adequately account for spatial 

variation across the entire city, and more spatial explanation is needed if the 

models are to be correctly specified. 
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Although the spatial interactance models show no relationship between the 

measures of school district quality and housing values, this does not mean school 

districts are not an important element of house price values.  School districts 

heavily influence home prices, and the perceived quality of those districts affects 

the price that homebuyers are willing to pay.   

 

Homebuyers do not investigate XY coordinates on a cost surface when looking 

for somewhere to live, but rather at the actual characteristics associated with 

each location: they evaluate the elements of their decision by whether they can 

walk to the park, how long it will take them to get to work, whether their 

children will get a good education locally, whether their belongings be safe from 

crime, and so on.  School districts are important units in themselves, and they 

also act as convenient surrogates for other elements of the housing decision.  

Academic researchers may find that XY coordinate interactions quantify location 

variation created by qualitative differences in school districts, and other location 

or neighborhood variables, but homebuyers do not buy XY locations.  As such, 

school districts account for a significant portion of the spatial variation in house 

prices — people are clearly willing to pay more to live in a good school district 

than in a lower-performing district. 
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CHAPTER 5  

SCHOOL LEVEL ANALYSIS: TUSD CASE STUDY 

 

5.1 INTRODUCTION 

 

This chapter examines whether the quality of individual schools within a single 

school district — the Tucson Unified School District — has a significant effect on 

house prices; and if so, how that price effect varies across the district and within 

school-attendance areas.  In Chapter 4, the effect of school districts on house 

prices was examined: school districts were found to act as a surrogate for 

neighborhood and locational effects.  The cost surface of the city was seen to vary 

from location-to-location, with significant jumps in evidence at the school district 

boundaries.  Using a similar approach to that used for school districts, housing 

sales within the Tucson Unified School District (TUSD) will be examined using 

regression analysis to determine whether assignment to different middle schools 

helps account for price differentials.  The resulting regression coefficients 

associated with each middle school will be correlated with measures of school 

quality to determine whether the housing market recognizes middle-school 

quality as defined by the school-level variables. 
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This chapter is organized as follows:  Section 5.2 describes the TUSD dataset and 

outlines the series of models that will be used.  Section 5.3 presents the analysis 

of the models that incorporate multiple dummy variables to examine the effects 

of middle school attendance areas on housing price (Models 11-18).  Section 5.4 

presents the results of the single attendance area approach (Model 19).  Section 

5.5 presents the summary and conclusions. 

 

5.2  THE TUSD DATASET 

 

The Tucson Unified School District is the largest school district in Pima County 

and one of the largest in Arizona. Therefore, it is likely that there will be much 

intra-district heterogeneity in terms of housing attributes, and also in 

neighborhood effects and socioeconomic status of the residents. 

 

Using a shapefile of middle school boundaries (obtained from Pima County 

Department of Transportation, Geographic Information Services Division) 4,529 

housing sales that occurred in 2004 within TUSD were allocated to their assigned 

middle school attendance areas (MSAAs).  These middle school attendance areas 

and the distribution of housing sales can be seen in Figure 5.1 
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Figure 5.1: TUSD Middle School Attendance Areas and Sales Price of the Housing Observations. 
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As reviewed in the literature, other studies have found schools to have an 

important effect on house price variation (Rosen and Fullerton, 1977; Jud and 

Watts, 1981; Walden, 1990).  However, at least as far as I am aware, the literature 

provides no guidance on whether the effects vary for elementary schools versus 

middle schools versus high schools.  It would be interesting to examine any 

differences in future study.  For this study, middle schools were selected as the 

unit of analysis primarily because of their number – seventeen – in relation to 

housing sales and the spatial extent of the district.  It was felt that the large 

number of elementary schools (76) may mean too few housing sales in some of 

the attendance areas to allow statistically significant results. In TUSD, high 

schools would likely not permit a detailed analysis because students can usually 

attend the high school of their choice within the district as long as there is space 

available.  There is a strong magnet-school program and students are not 

restricted to the high school attendance area associated with their place of 

residence.  In fact, in recent years an “open enrollment” policy whereby students 

are encouraged to select their high school has been widely publicized as an 

incentive to encourage higher enrollment in TUSD. 
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DATA DESCRIPTION: STRUCTURAL AND NEIGHBORHOOD CHARACTERISTICS 

 

The basic variables to be included in the model are those used in the school 

district study.  These variables and their expected relationship with house prices 

are shown in Table 5.1.  In addition to the variables used in the metro-wide study 

a new dummy variable, UAzone, is included to account for premium pricing 

close to the University of Arizona.  In addition to having approximately 36,000 

students, the University is the second largest employer in the county, thus there 

is an elevated demand for housing in close proximity to campus. 

 

To account for this atypical demand relative to other areas of the city a zone of 

approximately four square miles was established (see Figure 5.1).  The housing 

observations in this zone were disproportionately likely to have positive 

residuals in Models 1-10, even after taking into account location and school 

district effects.  The zone boundaries are defined by arterial streets.  In the minds 

of Tucson residents arterial roads tend to delineate neighborhoods of the city.  

Therefore, it makes sense to use them rather than creating a more artificial zone 

using, for example, a circular distance radiating from campus.  An alternative 

option would have been to establish a directional variable of distance to campus 

that would have had the advantage of accounting for differential effects in 

different directions from campus.  However, given that the study explores the 
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price surface in terms of the polynomial expansions of X and Y location, it was 

decided that the simple dummy variable was sufficient for the purpose of taking 

the university into account.  As established, the university zone contains 225 

observations; approximately 5 percent of the dataset.  

 

Table 5.1: Base Variable Description and Expected Relationship with Sales Price. 
 

 
Variable   Expected Effect  Variable 
Name   on Sales Price  Description 
 
AC    +  Air conditioning: Binary variable 
      1 = has central AC,  
      0 otherwise 
 
garageca    +  Garage capacity 

Number of vehicle spaces in garage 
 
lotsize    +  Size of lot, measured in acres 
 
pationu    +  Number of patios (covered and  uncovered)  
 
sqft100    +  Size of residential area (hundreds of square feet)  
 
stress00    -  The Stress Index 

positive value = more stressed than county 
average 
negative value = less stressed than county 
average 

      (see text for further detail) 
 
year    +  Effective year built.  May differ from actual year  
      built.  (see text for further detail) 
 
UA    +  Close to University of Arizona: Binary variable 
      1 = within U of A zone (see Figure 5.1) 
      0 = otherwise 
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Summary statistics for the TUSD dataset are shown in Table 5.2.  Examination of 

the data shows that the mean housing value in TUSD is $175,000, somewhat 

higher than the median of $155,000.  This differential between the mean and the 

median is not unexpected given the wide range in housing values, from the 

minimum of $50,000 to the maximum of $850,000.  The modal housing value is 

also $155,000.  Figure 5.2 shows a box-whisker plot of the sales prices of the 

housing units by middle school attendance areas.  Clearly there is much within-

district variation in T.U.S.D. and the different school attendance areas have very 

different price averages and ranges: for example, compare the housing prices of 

Townsend MSAA, where the majority are above the district median, with 

Wakefield MSAA, where all are below the district median. 
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Table 5.2: Summary Statistics of Selected Key Variables in the TUSD Dataset. 
 

 
 
 
 

Sales Price AC

Garage 

Capacity lot size

Pation 

Number

Sq. Ft. 

('00s)

Stress 

Index Year UAzone

Mean 175003 0.47 1.46 0.317 1.09 15.95 -0.1709 1972.32 0.05

Median 147500 0 2 0.2 1 15.04 -0.2033 1972 0

Mode 155000 0 2 0.2 1 multiple -0.0796 2001 0

Minimum 50000 0 0 0.1 0 3.79 -0.6312 1891 0

Maximum 850000 1 6 7.5 6 43.31 1.2355 2003 1

Standard 

Deviation 97747.745 0.499 0.834 0.5135 0.779 5.607 0.2511 19.785 0.217
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Figure 5.2: Box Plot of Sales Price by MSAA. 

 

 

Analysis of the dataset shows that the median house in TUSD is 1,504 square feet 

on 0.2 acres of land.  It has a two-car garage and a patio and was built in 1972.  

Thus, the homes in TUSD are slightly smaller and significantly older than across 

the metro region as a whole.  Just under half of the homes have central AC; this is 

low on a region-wide basis, but is not too surprising given the age of the homes, 

and it is likely that most have evaporative cooling. 
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The homes in the TUSD subset generally show less variation in their 

characteristics than across the dataset of the entire metro area.  This makes sense 

given that spatial autocorrelation effects are in evidence across the region, with 

similar houses tending to be built at particular time periods in certain geographic 

areas of the city, and given that TUSD was observed to act as a submarket in the 

previous chapter.  At the same time there is still significant internal variation in 

house prices and characteristics, which will be examined in this section.  

Summary statistics of the base variables by middle school attendance area can be 

found in Appendix C.  Analysis of these statistics demonstrates the variability in 

characteristics within the school districts. 

 

Overall the mean square footage of 1,595 is higher than the median 0f 1,504, and 

there is a large range from a minimum of only 379 to 4,300 square feet.  Within 

the district definite spatial patterns are in evidence (see Figure 5.3).  The Naylor, 

Safford, and Wakefield MSAAs generally have much smaller homes than 

average; in contrast, the Magee and Townsend MSAAs have larger homes than 

average.  Whereas the size of the dwelling space varies tremendously, the lot 

sizes are more similar; although lot size varies from 0.1 to 7.7 acres across the 

district, both the median and modal lot sizes are 0.2 acres. 
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Figure 5.3: Box Plot of Living Area by MSAA. 

 

 

With an average effective year built of 1972, homes in TUSD are generally older 

compared to the metro-wide average age.  Again, however, there is much 

internal variation, both within the district and also within the MSAAs.  Figure 5.4 

demonstrates the variability.  For example, Safford MSAA contains the oldest 

home in the dataset but also contains homes built in 2003.  More than half the 
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homes in this MSAA were built prior to 1960 and, overall, the homes here are 

older than those in any other MSAA.  Other MSAAs also have older than average 

homes, including Booth-Fickett, Naylor, Utterback, Vail, and Wakefield.  In 

contrast, almost half the homes in the Hohokam MSAA and more than half in the 

Gridley, Pistor, and Secrist MSAAs are newer than average.  Thus, the 

heterogeneity associated with the different MSAAs is suggestive of that 

associated with the existence of submarkets.   
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Figure 5.4:  Box Plot of the Effective Year of Construction by MSAA. 
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Examination of the categorical variables further demonstrates the within-district 

variation in characteristics.  Central air-conditioning is found in 47 percent of the 

housing units in TUSD, but in the Wakefield MSAA only 3 percent of the units 

have AC, in contrast with the Magee MSAA where 69 percent have AC.  Eighty-

five percent of the housing units in the TUSD dataset have a garage, and the 

majority of those have a two-vehicle capacity.  Again, there is internal variation, 

from the Safford MSAA where 57 percent of the units do not have a garage, to 

the Secrist MSAA where only 3 percent have no garage capacity.  The majority 

(80 percent) of the housing unit observations have at least one patio; however, 

there is still inter-MSAA contrast whereby 45 percent of the observations in the 

Pistor MSAA do not have a patio, whereas in the Gridley and Magee MSAAs 

only 6 percent and 8 percent, respectively, do not.  Only two of the MSAAs 

overlap the UA zone: Doolen, where 152 out of the 549 housing observations are 

located in the zone (27.7 percent) and Mansfeld, where 73 out of 562 housing 

observations are located in the zone (12.9 percent). 

 

The Stress Index in TUSD ranges from –0.63 (least stressed) to 1.24 (most 

stressed) with the majority of the homes in the dataset being in low stress areas, 

as is the case in the metro-wide study.  In general, people tend to buy homes in 

less stressed areas.  However, there is still spatial variation associated with the 
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MSAAs (see Figure 5.5); most notably, all of the observations in the Wakefield 

MSAA have positive stress values, as do most in the Safford MSAA. 
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Figure 5.5: Box Plot of the Stress Index values by MSAA. 

 

MEASURES OF SCHOOL QUALITY 

 

In this within-district analysis, three main types of measures of school quality are 

used: academic achievement (test scores), expenditures, and attendance rates.  As 
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in the metro-wide study, test scores pertain to the eighth-grade level.  

Attendance rates and expenditures are for the entire school. 

 

Academic Achievement 

 

Three different test scores were obtained and are used to compare with the 

model coefficients: The Arizona Instrument to Measure Standards (AIMs), The 

Stanford Achievement Test, Ninth Edition (Stanford 9), and Arizona’s Measure 

of Academic Progress (MAP) scores.   

 

As described in more detail in an earlier chapter, the AIMs is a state-mandated 

test for all Arizona Public school students.  AIMS tests are required for all 

Arizona students in Grades 2 through high school.  The purpose is to measure 

student proficiency in reading, writing, and mathematics.  For this study, 

average school test scores for eighth graders were obtained for all three subject-

areas for the 2003 academic year. 

 

The Stanford 9 test is a nationally norm-referenced test that is required of 

students in grades 2-9.  To provide comparability with the AIMs scores, eighth-

grade scores are used.   
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The third measure of academic achievement is Arizona’s Measure of Academic 

Progress (MAP), which is an indicator of academic growth from one year to the 

next.  Thus, it is a measure that follows progress of individual students from one 

year to the next.  The results are based on Stanford 9 tests administered in 2001 

and 2002 and only includes students who were tested in both years in 

consecutive grade levels at the same school (or who started the year in the same 

school in which they were tested in 2002).  Individual students are considered to 

have achieved One Year’s Growth (OYG) if they remain in the same Stanine or 

advance a Stanine from one year to the next.  (Stanines are normalized, standard 

scores that range from 1 (low) to 9 (high), with 5 indicating average performance.  

national Stanines indicate a student’s standard relative to the national norm 

group).  The MAP score used here is the percentage of students achieving OYG 

at the school for reading and math. 

 

Although the housing market appears to consistently recognize student test 

scores in the form of higher prices, education economists argue that better 

measures of student achievement are those that reflect the improvement made by 

individual students and cohorts, i.e., the value-added by the schools or the 

marginal improvements in test scores over years of schooling.  Students of higher 

socioeconomic status tend to perform better on standardized tests than those of 

lower socioeconomic status.  Therefore, the idea is that the “better” schools and 



 

 

223

districts may not be the ones with the highest test score, but the ones that show 

the most improvement.  However, with the notable exception of Hayes and 

Taylor (1996), the majority of studies find that the housing market is less likely to 

be affected by marginal scores than by the actual scores.  Because MAP scores are 

easily available for schools it was decided they would be included in the study, 

even though the preponderance of research has determined that it is not usually 

recognized in housing price. 

 

Attendance Rates 

 

School attendance rates were obtained for each school from the Arizona School 

Report Cards.  It is expected that high attendance should translate into high 

academic achievement; that is, that it is a positive outcome that will be of interest 

to homebuyers. 

 

Expenditures 

 

Expenditure information was obtained from the Arizona School Report Cards for 

each middle school.  The specific measures used are the same as in the metro-

wide school district level analysis: per pupil total expenditure and per pupil 

instructional expenditure.  Again, because of the Arizona school funding formula 
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it is expected that this measure may not be reflected in the housing market even 

though it has proven important elsewhere.  However, since the information is 

easy to obtain and readily available to homebuyers, it is included. 

 

Correlation Between the Measures of School Quality 

 

Table 5.3 shows the correlation coefficients between each pair of measures of 

school quality.  As expected, the AIMs and Stanford 9 test scores are significantly 

and highly correlated, with values in the range of 0.8 to 0.9.  However, 

interestingly, the MAP scores have only low negative correlations with the other 

test scores, and the correlations are not significant.  Possibly this reflects the fact 

that schools and scores tend to vary by the socioeconomic status of the students.  

If students in higher socioeconomic groups tend to score high on tests in general 

there may be little room for them move up Stanines.  Thus marginal test scores 

might tend to reflect the fact that those with low test scores have more potential 

for upward than downward movement or progress, whereas students with 

initially high performing students do not have the same potential for 

improvement. 
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Table 5.3:  Correlations between the Measures of School Quality. 

AIMS 

Score 

Reading

AIMS 

Score 

Writing

Stanford 9 

Reading

Stanford 9 

Language

Stanford 9 

Math

MAP 

Reading MAP Math

Total 

Expenditure 

per Pupil

Classroom 

Expenditure 

per Pupil

AIMS Score 0.847 0.882 0.854 0.839 0.936 -0.238 0.068 -0.364 -0.188

    Math (0.000) (0.000) (0.000) (0.000) (0.000) (0.178) (0.398) (0.075) (.235)

AIMS Score -- 0.937 0.961 0.950 0.897 -0.389 -0.126 -0.164 0.045

    Reading -- (0.000) (0.000) (0.000) (0.000) -0.062 -0.315 -0.265 -0.431

AIMS Score 0.937 -- 0.959 0.919 0.905 -0.337 -0.151 -0.317 -0.122

    Writing (0.000) -- (0.000) (0.000) (0.000) -0.093 0.281 0.107 0.321

Stanford 9 0.961 0.959 -- 0.953 0.914 -0.304 -0.184 -0.286 -0.102

    Reading (0.000) (0.000) -- (0.000) (0.000) 0.118 0.24 0.132 0.348

Stanford 9 0.950 0.919 0.953 -- 0.917 -0.364 -0.142 -0.208 -0.042

    Language (0.000) (0.000) (0.000) -- (0.000) 0.076 0.293 0.212 0.437

Stanford 9 0.897 0.905 0.914 0.917 -- -0.382 0.063 -0.365 -0.222

    Math (0.000) (0.000) (0.000) (0.000) -- 0.065 0.405 0.075 0.196

MAP -0.389 -0.337 -0.304 -0.364 -0.382 -- 0.299 -0.078 -0.073

    Reading (0.062) (0.093) (0.118) (0.076) (0.065) -- 0.122 0.383 0.39

MAP -0.126 -0.151 -0.184 -0.142 0.063 0.299 -- -0.295 -0.334

    Math (0.315) (0.281) (0.240) (0.293) (0.405) (0.122) -- 0.125 0.095

Total Expenditure -0.164 -0.317 -0.286 -0.208 -0.365 -0.078 -0.295 -- 0.940

    per Pupil (0.265) (0.107) (0.132) (0.212) (0.075) (0.383) (0.125) -- (0.000)

Class. Expenditure 0.045 -0.122 -0.102 -0.042 -0.222 -0.073 -0.334 0.940 --

    per Pupil (0.431) (0.321) (0.348) (0.437) (0.196) (0.390) (0.095) (0.000) --

Attendance 0.792 0.873 0.874 0.869 0.797 -0.287 -0.172 -0.089 0.084

    Rate (0.000) (0.000) (0.000) (0.000) (0.000) (0.132) (0.255) (0.367) (0.374)

 
225 



 

 

226

In general, attendance rates are positively and significantly correlated with the 

standard test measures, AIMs and Stanford 9, but are not with the MAP scores.  

Thus the expectation is that the model coefficients will be positively related to 

the attendance rates and test scores other than MAP if the housing market 

recognized school attendance areas as an important factor in house pricing.  

Since the MAP scores are in opposition to the other measures it initially seems 

that the housing market would either not recognize this measure or would 

exhibit a negative relationship.  However, after allowing for the socioeconomic 

status of students (which is indirectly achieved through the Stress Index) a 

higher performing middle school with a similar socioeconomic status to a lower 

performing school, should be recognized by the housing market. 

 

As was seen at the district level, and likely for the same reasons involving the 

state-mandated school funding formula, the expenditure measures are not 

significantly correlated with the measures of academic achievement; nor are they 

correlated with attendance rates.  Given that it would not make sense for 

homebuyers to prefer higher school expenditures if they are not associated with 

higher levels of academic achievement, in the subsequent analysis most 

emphasis is placed on the relationship between the regression coefficients and 

the attendance rates, AIMs, and Stanford 9 scores.   
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MODEL OVERVIEW 

 

The models in the TUSD-level analysis are developed using a similar approach to 

that of the district-level analysis.  Table 5.4 provides a summary of the series of 

models used in this chapter.  Beginning with the simple, traditional single-

market model of base variables, the succession of models examine and then 

isolate the effects of MSAAs on housing price.  Models 11-18 take a multi MSAA 

dummy variable approach (analogous to the approach of Models 1-6 in the 

previous chapter) and Model 19 is a single MSAA comparison model consisting 

of a set of submodels, one submodel for each MSAA (similar to Models 7 and 8). 
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Table 5.4:  Model Summary for the MSAA-Level Analysis. 

  
Model    Descriptive Summary 
 
Model 11  Aspatial Base Model 
 
Model 12  Base Model with MSAA Dummy Variables 
 
Model 13  X and Y Unique Location Model 
 
Model 14  X and Y Unique Location Model with MSAA Dummy Variables 
 
Model 15  X and Y Unique Location Model with University of Arizona Effects 
 
Model 16 X and Y Unique Location Model with University of Arizona Effects and 

MSAA Dummy variables 
 
Model 17  Spatial Expansion and Interactance Variables Model 
 
Model 18 Spatial Expansion and Interactance Variables Model with MSAA 

Dummy Variable 
 
Model 19 Single District Comparison Models, Spatial Expansion and Interactance 

Variable Effects 
19a   Alice Vail = 1, 0 otherwise 
19b   Booth-Fickett = 1, 0 otherwise 
19c   Carson = 1, 0 otherwise 
19d   Doolen = 1, 0 otherwise 
19e   Gridley = 1, 0 otherwise 
19f   Hohokam = 1, 0 otherwise 
19g   Magee = 1, 0 otherwise 
19h   Mansfeld = 1, 0 otherwise 
19i   Maxwell = 1, 0 otherwise 
19j   Naylor = 1, 0 otherwise 
19k   Pistor = 1, 0 otherwise 
19l   Safford = 1, 0 otherwise 
19m   Secrist = 1, 0 otherwise 
19n   Townsend = 1, 0 otherwise 
19o   Utterback = 1, 0 otherwise 
19p   Valencia = 1, 0 otherwise 
19q   Wakefield = 1, 0 otherwise 
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5.3  MULTI MSAA DUMMY VARIABLE APPROACH: MODELS 11-18 

 

THE BASE MODELS: MODELS 11 AND 12 

 

The Aspatial Base Model, Model 11 

 

The results of the single-market model incorporating the base variables (Model 

11) are shown in Table 5.5.  As expected, the size-related structural and lot 

variables have a highly significant and positive relationship with the housing 

price.  The year has a significant and negative relationship, as it did in the metro-

wide school district study.  However, in this case, the negative directionality is 

not unexpected: The TUSD area covers much of the central city of Tucson and the 

housing is generally much older than across the entire metropolitan region.  The 

district includes a large number of well-built and well-maintained older 

properties with a definite vintage effect.  Many of the most expensive, historic 

neighborhoods in the city are located within TUSD, for example, West 

University, El Encanto Estates, Colonia Solana, and the Sam Hughes 

neighborhood that adjoins the University to the east.  Given this situation, it is 

less likely that age will serve as a proxy for the presence of modern amenities 

than it may across the wider region, particularly given that AC and garage 

capacity are included as stand-alone variables.  As expected, there is a negative 
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relationship between the Stress Index and price.  Houses in less desirable 

neighborhoods sell for less than similar houses elsewhere.  Ceteris paribus, a one 

unit increase in the Stress Index would result in a price 29 percent lower than a 

similar home in a better neighborhood. 

 

Table 5.5: Results of the Aspatial Base Model (Model 11). 

 

 
R2 = 0.713 
Adj. R2 = 0.712 
All variables are significant at the 0.001 level 

 

 

Overall, the basic model has an adjusted coefficient of determination of 0.712.  

That is, the basic model accounts for 71 percent of the variance in the logarithm 

of the housing sales prices.  This is slightly lower than when the same model was 

applied to the metropolitan areas, but is still in-line with other hedonic models of 

SS df MS F Sig

Regression 651.050 7 93.007 1601.813 0.000

Residual 262.506 4521 0.058

Total 913.555 4528

coefficient standard error t -value

constant 10.934 0.481 22.725
sqft/100 0.047 0.001 56.600

stress00 -0.294 0.016 -18.148

AC 0.166 0.009 18.660

lot size 0.099 0.008 12.918

patio# 0.050 0.005 10.050

garagecap 0.062 0.006 10.838

year -0.004 0.000 -14.277
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housing prices (For example, Li and Brown, 1980; Can, 1990; Dubin and Sung, 

1990; Hach and Waddell, 1993; Mulligan, Franklin, and Esparza, 2002; Fik, Ling, 

and Mulligan 2003; Bitter, Mulligan, and Dall’erba, 2007). 

 

The Base Model with MSAAs, Model 12 

 

In Model 12, the MSAAs are added to the basic model in the form of dummy 

variables (with Gridley as the null value).  The overall explanatory power of the 

model increases to 0.757, see Table 5.6.  Thus the inclusion of middle schools 

results in an increase in the explanatory power from 71 to 76 percent.  That is, 

middle school attendance zones make a significant contribution to explaining 

house-price variation. 

 

Gridley was selected as the null value school because it appeared to be one of the 

higher quality middle schools in terms of the different measures available, 

generally scoring high on attendance rates and test scores.  Thus it is expected 

that if the housing market recognizes Gridley as a good school, then a house 

located within its attendance area should attract a premium relative a house in 

another school-attendance area.  Therefore, it is expected that the other MSAAs 

will have negative coefficients, with the magnitude varying by school quality 

(although the coefficients for Booth-Fickett and Townsend middle schools are not  
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Table 5.6: Results of the Base Model with MSAA Effects (Model 12). 

 
R2 = 0.758 
Adj. R2 = 0.757 
* indicates variable not significant at the 0.01 level, significance in parentheses 

 

SS df MS F Sig
Regression 692.516 23 30.109 613.659 0.000
Residual 221.039 4505 0.049
Total 913.555 4528

coefficients standard error t -value Sig. if > .01

constant 6.000 0.510 11.768
sqft/100 0.046 0.001 58.184
stress00 -0.261 0.018 -14.653
AC 0.117 0.008 13.898
lot size 0.092 0.007 12.573
patio# 0.032 0.005 7.037
garagecap 0.064 0.005 12.066
year -0.001 0.000 -3.834

Alice Vail 0.035 0.018 1.904
Booth Fickett -0.007 0.019 -0.392 *-0.695
Carson -0.051 0.017 -3.000
Doolen 0.217 0.016 13.339
Hohokam -0.185 0.022 -8.571
Magee 0.084 0.016 5.118
Mansfeld 0.111 0.015 7.273
Maxwell 0.034 0.020 1.688
Naylor -0.069 0.024 -2.873
Pistor -0.144 0.018 -7.848
Safford 0.153 0.037 4.126
Secrist -0.046 0.018 -2.603
Townsend 0.128 0.017 7.452
Utterback 0.017 0.019 0.894 *-0.372
Valencia -0.079 0.026 -3.036
Wakefeld -0.140 0.032 -4.356

Gridley 0.000 dummy variable, null value
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significant).  In fact, of the other 16 schools, 8 have positive coefficients and 8 

have negative coefficients.  This does not provide strong support that the 

housing market recognizes school quality, as least in relation to Gridley as the 

best-performing school.  However, the price effects shown by the coefficients will 

next be examined with respect to the measures of quality. 

 

Correlation of the Regression Coefficients and Measures of School Quality, 

Model 12 

 

The correlation coefficients summarizing the relationships between the house-

price coefficients of the schools and the measures of school quality are shown in 

Table 5.7.  Overall there is some support for the idea that the measures of school 

quality influence housing values.  The AIMs writing score has a correlation with 

the school coefficients of 0.418, which is reasonably high and is significant at the 

0.05 level.  AIMs reading, with a correlation coefficient of 0.396 is significant at 

the 0.1 percent level.  Stanford 9 scores for reading and language have 

correlations of 0.402 and 0.307, respectively, although only reading is 

significantly different from zero at the 0.1 level.  When the MAP performance is 

considered there are negative correlations with the school district coefficients, 

however only MAPmath is significant at the 0.1 level.  Overall, there is some 

evidence that housing values are related to school quality, but the relationship is 
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not as strong as anticipated.  However, given that middle school test scores are 

perhaps not as crucial as other output variables such as high school test scores or 

the proportion of students that eventually go on to enter college, this is not 

completely unexpected. 

 

Table 5.7: Correlations between the Measures of School Quality and Regression Coefficients 
of the Schools in the Aspatial Base Model (Model 12). 

 

 
* Significant at the 0.05 level 

 

 

Spatial Independence of the Residuals of Models 11 and 12 

 

For a formal test of spatial autocorrelation of the error terms, a trend surface 

analysis of the model residuals was performed.  The residuals of the aspatial base 

Quality correlation significance

Measure coefficient (one-tailed)

AIMS TEST SCORES

Math 0.147 0.287

Reading 0.396 0.058

Writing .148* 0.048

STANFORD 9 SCORES

Math 0.085 0.239

Reading 0.402 0.055

Language 0.307 0.115

MAP

MAP math -0.383 0.065

MAP read -0.219 0.199

PER PUPIL EXPENDITURES

Classroom Expenditures 0.402 0.055

Total Expenditures 0.331 0.097

ATTENDANCE RATES 0.335 0.094
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model, Model 11, and the aspatial base model with school dummy variables, 

Model 12, were regressed on the spatial location variables X, Y, XY, X2, Y2, X2Y, 

XY2, X3, and Y3 using stepwise regression analysis.  Table 5.8 shows which of the 

spatial location variables have a significant relationship with the model 

residuals, and thus which models do not have an independent error structure. 

 

Table 5.8: Spatial Autocorrelation of the Residuals —Trend Surface Analysis, Models 11-16. 
 

* indicates significant relationship between model residuals and spatial variable at 0.1 level of 

significance indicating the null hypothesis if spatial independence cannot be rejected. 

 

For Model 11, the XY, Y2, X3, and X2Y estimates are significant at the 0.1 level of 

significance.  Thus the null hypothesis of spatial independence of the error terms 

must be rejected.  That is, there is evidence to suggest spatial dependence 

remains in the error terms.  Violating the assumption of an independent error 

Model X Y XY X 2 Y 2 X 3 Y 3 X 2 Y XY 2

11 - - * - * - - * -
12 - - * - - * - *
13 - - - - - * - * -
14 - - - - - - - - -
15 - - - - - - - - -
16 - - - - - - - - -
17 - - - - - - - - -
18 - - - - - - - - -
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structure suggests that Model 11 lacks adequate spatial information and is 

therefore underspecified.  Examination of the correlation of the residuals with 

the spatial component shows that there appears to be a larger spatial trend that 

needs to be explained, particularly in the north-south direction.  This north-south 

pattern is confirmed by the visual evidence in the maps of the residuals of Model 

11 (Figure 5.6): A strong spatial pattern is evident with the majority of the 

positive residuals being found in the central and northern sections of the district 

and negative residuals dominating the southern portions.  Note, however, that 

the level of pattern that remains in the residuals is less apparent than that 

remaining when the base model was applied across the city at the school district 

level.  This is perhaps indicative that TUSD acts as a submarket of the 

metropolitan region, even though some internal spatial pattern remains. 

 

Examination of the residuals of Model 12, the aspatial base model with the 

MSAA dummy variable included, shows that although there is some spatial 

trend remaining, much of it has been accounted for by the school dummy 

variables.  Stepwise analysis of the residuals using the spatial polynomial  

variables produces an adjusted coefficient of determination of only 0.010 

compared to 0.120 for Model 11 without the school dummy variables.  Although 

the null hypothesis of spatial independence of the error terms cannot be rejected 

because XY, XY2, and Y3 are significant, middle schools do appear to account for  
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Figure 5.6:  Residuals of the Base Model (Model 11).

 
237 
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much of the spatial differential in price effects, see Table 5.8.  Visual examination 

of the mapped residuals of Model 12 (Figure 5.7) further supports this 

conclusion: the residuals of Model 12 show less pattern than those of Model 11.  

Schools have clearly made a good contribution to explaining variation in housing 

prices, however some clusters of positive and negative residuals remain that 

would be desirable to explain. 
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Figure 5.7: Residuals of the Base Model with MSAA Effects (Model 12).
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THE X AND Y UNIQUE LOCATION MODELS: MODELS 13 AND 14 

 

The XY Location Model, Model 13 

 

Given the evidence that spatial effects remain in the residuals of the base model 

even when the MSAA dummies are added in Model 13, the XY coordinates of 

each housing unit are added to the other explanatory variables.  The addition of 

the X and Y unique location coordinates to the basic variables (Model 13) 

produces an adjusted coefficient of determination of 0.756: an increase of 4.4 

percent in the goodness-of-fit over the aspatial base model of Model 11 (see Table  

5.9).  The regression coefficients of the basic variables retain their direction and 

change only slightly in magnitude.  The X coefficient has a negative price effect—

prices decrease as one moves away from the downtown in an east-west direction, 

ceteris paribus.  In the Tucson context this makes sense because cheaper land is 

found to the outskirts of the city in these directions.  However, the X effect is 

fairly weak and is not significantly different from zero at standard levels.  The Y 

coefficient is highly significant and has a positive effect that also makes sense in 

the Tucson context with more expensive homes being located further away from 

the central city, particularly in a northern direction towards the foothills of the 

Santa Catalina Mountains. 
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Table 5.9: Results of the XY Location Model (Model 13). 
 

 
R2 = 0.757 
Adj. R2 = 0.757 
* indicates variable not significant at the0.01 level, significance in parentheses 

 

 

The XY Location Model with MSAA Effects, Model 14 

 

When the school dummy variables are added to the model containing the unique 

location values, the adjusted coefficient of determination increases from 0.756 to 

0.767; an increase in the goodness-of-fit of 1.1 percent (see Table 5.10).  Thus, 

schools again make a small but significant contribution to the explanatory power 

of the model.  The base variable coefficients retain their directionality, with only  

SS df MS F Sig

Regression 691.189 9 76.799 1560.73 0.000

Residual 222.366 4519 0.049

Total 913.555 4528

coefficient standard error t-value sig if > 0.01

constant 5.732 0.481 22.725
sqft/100 0.044 0.001 56.402

stress00 -0.217 0.016 -13.775

AC 0.120 0.008 14.352

lotsize 0.081 0.007 11.085

patio# 0.028 0.005 6.048

garagecap 0.058 0.005 10.894

year -0.002 0.000 -6.314

X -1.60E-07 0.000 -1.248 *(0.212)

Y 7.49E-06 0.000 28.494
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Table 5.10: Results of the XY Location Model with MSAA Effects (Model 14). 
 

 
R2 = 0.768 
Adj. R2 = 0.767 
* indicates not significant at the 0.01 level, significance in parentheses 

SS df MS F Sig

Regression 701.588 25 28.064 596.178 0.000

Residual 211.967 4503 0.047

Total 913.555 4528

coefficients standard error t -value sig if > 0.01

constant 3.864 0.530 7.291
sqft/100 0.044 0.001 56.764

stress00 -0.218 0.018 -12.207

AC 0.110 0.008 13.334

lotsize 0.089 0.007 12.320

patio# 0.026 0.005 5.821

garagecap 0.060 0.005 11.425

year -0.001 0.000 -3.244

X 3.40E-06 0.000 9.032

Y 6.90E-06 0.000 11.874

Alice Vail 0.148 0.023 6.510

Booth Fickett 0.052 0.020 2.616

Carson 0.066 0.019 0.038

Doolen 0.268 0.025 10.902

Hohokam 0.316 0.044 7.252

Magee 0.026 0.017 1.519* -0.129

Mansfeld 0.262 0.027 9.545

Maxwell 0.260 0.033 7.820

Naylor 0.052 0.026 1.964

Pistor 0.252 0.036 7.015

Safford 0.316 0.043 7.376

Secrist 0.022 0.018 1.205* -0.228

Townsend 0.108 0.021 5.192

Utterback 0.120 0.022 5.447

Valencia 0.292 0.041 7.040

Wakefeld 0.120 0.040 3.018

Gridley 0.000 dummy variable, null value
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very small changes in magnitude.  However, note that the X location variable 

changes in both direction and size, and also becomes highly significant. 

 

With the exceptions of the Magee and Secrist schools, all the school dummy 

variables are significant.  However, unexpectedly all of the dummy coefficients 

are positive compared to Gridley Middle School.  The MSAA dummy variables 

must be picking up an effect created by a variable omitted from the current 

model structure, because it does not make sense to conclude that homebuyers are 

intentionally paying a premium for lower-performing schools.  This highlights 

the importance of ensuring that model specification is correct and that 

submarkets are not selected purely for convenience along existing boundaries.  

Clearly, analysis of the statistical results without consideration of the context 

would result in seriously incorrect inferences. 

 

Correlation of the Regression Coefficients and Measures of School Quality 

 

With the change in the sign on the coefficients, the nature of the relationships 

between the school dummy coefficients and test scores has also changed, see 

Table 5.11.  The negative sign on all measures of quality except for the MAP 

scores implies that homebuyers are paying a premium to live in school areas 

with lower test scores, which clearly does not make sense.  Thus, one must 
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Table 5.11:  Correlations between Measures of School Quality and Regression Coefficients of 
the XY Location Model (Model 14). 
 

* indicates significant at the 0.05 level 
** indicates significant at the 0.01 level 

 

 

conclude that adding the XY location coefficients to the model along with schools 

as dummy variables results in the model capturing some other neighborhood 

effect not explicitly considered.  Despite the results of the correlation it does not 

seem appropriate to conclude that the housing market rewards poor performing 

schools.  Further analysis of the spatial effects is needed if the MSAAs are 

capturing some other effects when the X and Y location values are included in 

the model. 

Quality correlation significance

Measure coefficient (one-tailed)

AIMS TEST SCORES

Math -.503* 0.020

Reading -.523* 0.016

Writing -.541* 0.013

STANFORD 9 SCORES

Math -.598** 0.006

Reading -.601** 0.005

Language -.634** 0.003

MAP

MAP math 0.163 0.266

MAP read 0.118 0.325

PER PUPIL EXPENDITURES

Classroom Expenditures 0.141 0.294

Total Expenditures 0.178 0.247

ATTENDANCE RATES -.708** 0.001
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Spatial Independence of the Residuals of Models 13 and 14 

 

Visual examination of the residuals of Model 13 shows that even with the X and 

Y location variables included in the model, there appears to be some spatial trend 

remaining, see Figure 5.8.  Particularly noticeable is a cluster of large positive 

residuals in central Tucson and a concentration of large negative residuals west 

of the highway and also to the far east of the city.  It appears that even with X 

and Y locations explicitly included, the model does not adequately capture the 

differences between the central city and the outskirts: that is, the differences that 

may be thought of as being related to traditional accessibility measures, with 

distance from the CBD being important.  In comparison, when MSAAs are added 

to the model, Model 14, the clustering of large and positive residuals remain (see 

Figure 5.9), but the areas of large negative residuals are less apparent.  Still it 

appears that overall the X and Y locations do not adequately control for spatial 

effects, and the MSAAs are attempting to capture other variables not included in 

the model. 

 

Stepwise regression of the residuals of Models 13 and 14 support the visual 

evidence (see Table 5.8).  For Model 13, the coefficient estimates of X3 and X2Y 

are significant.  Therefore, the null hypothesis of spatial independence of the 

error terms is rejected.  That is, the evidence suggests that the model that 
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Figure 5.8: Residuals of the XY Location Model (Model 13). 
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247

Figure 5.9: Residuals of the XY Location Model with MSAA Effects (Model 14). 
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includes X and Y locations but excludes the MSAA dummies, still lacks some 

spatial information. 

 

For the residuals of Model 14, none of the spatial location explanatory variables 

are significant at standard levels; thus the null hypothesis of spatial 

independence of the error terms cannot be rejected.  In other words, when the X 

and Y location values are included in the base model along with the MSAA 

dummy variables, the error terms are spatially independent.   

 

Despite the residuals showing no formal evidence of spatial autocorrelation, 

Model 14 does not appear to adequately account for variation in house prices.  

The relationship between the MSAA coefficients and the measures of school 

quality appear to point to homeowners paying more to live in MSAAs associated 

with poor academic performance.  Rather than providing support for a 

conclusion that does not makes sense, this suggest that the current model is 

misspecified and further analysis is needed to investigate both spatial patterns 

and any possible role of middle school quality. 
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MODELS ACCOUNTING FOR XY LOCATION AND PROXIMITY TO THE UNIVERSITY 

OF ARIZONA: MODELS 15 AND 16 

 

The analysis so far suggests that the current models may be misspecified even 

with the X and Y coordinates of the housing units being included in the models.  

Visual examination of the model residuals clearly shows a concentration of large, 

positive residuals in the central city.  To attempt to develop a better model of the 

housing market within TUSD a new variable, UAzone, is added to the model.  As 

described previously, this is a binary variable that takes the value of one for 

housing units within the zone and a value of zero otherwise.  It is expected that 

this variable will have a positive relationship with housing price. 

 

Accounting for XY Location the University of Arizona, Model 15 

 

Model 15 is a stepwise regression model of the basic structural and lot 

characteristics of the housing units, the unique XY locations, plus the UAzone 

variable.  The results are displayed in Table 5.12.  Addition of the UAzone 

variable produces a model with an adjusted coefficient of determination of 0.784, 

indicating that 78 percent of the variance in the housing sales can be accounted 

for the variance in the explanatory variables.  Adding the UAzone increases the 

explanatory power over that of Model 13 by 1.8 percent.  Clearly, the inclusion of 
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the variable to take into account the presence of the University of Arizona is 

beneficial in explaining house prices. 

 

Table 5.12: Results of the XY Location Model with University of Arizona Effects (Model 15). 

 
R2 = 0.758 
Adj. R2 = 0.784 
* indicates not significant at the 0.001 level, significance in parentheses 

 

 

The UAzone coefficient has a strong positive effect, indicating that ceteris paribus 

housing units close the University can command a premium of about 37 percent 

above the price of the same home outside the university area.  In actuality, this 

value is likely an overestimate for many of the homes close to the University; 

SS df MS F Sig

Regression 716.964 10 71.696 1647.706 0.000

Residual 196.591 4518 0.044

Total 913.555 4528

coefficient standard error t -value sig. If >0.001

constant 2.348 0.473 4.962
sqft/100 0.044 0.001 60.404

stress00 -0.166 0.015 -11.111

AC 0.093 0.008 11.658

lotsize 0.095 0.007 13.887

patio# 0.026 0.004 6.102

garagecap 0.057 0.005 11.389

year 0.000 0.000 0.867 *-0.386

X 3.85E-07 0.000 3.066

Y 7.16E-06 0.000 28.885

UA 0.378 0.016 24.338
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there is a great deal of heterogeneity even within the small zone and the 

proximity effect is not the same in all directions, particularly with respect to high 

priced housing in the Sam Hughes neighborhood to the east of the University. 

 

In general, the coefficients on the lot and structural variables retain their 

expected directionality, magnitude, and significance.  The exception is the 

effective year of construction, which shows a coefficient of zero that is not 

statistically significant.  This may likely be explained by the fact that the UA zone 

covers much of the oldest areas of the city. 

 

Accounting for XY Location and the University of Arizona with MSAA Effects, 

Model 16 

 

Adding the MSAA dummy variables to Model 15 produces the results shown in 

Table 5.13, for Model 16.  Overall it appears that middle schools have a small but 

highly significant effect on housing prices, as reflected by the increased 

coefficient of determination (adjusted R2) to 0.791.  This model has the highest 

level of explanatory power of any presented so far for the TUSD housing sales.  

However, as in Model 14, the coefficients associated with the MSAAs are all 

positive.  Consequently any relationship with school quality are nonsensical (see 

Table 5.14).  The evidence suggests that the MSAA dummy variable is picking up  
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Table 5.13:  Results of the XY Location Model with University of Arizona and MSAA Effects 
(Model 16). 

 
R2 = 0.792 
Adj. R2 =0.791 
* indicates not significant at the 0.01 level, significance in parentheses 

SS df MS F Sig

Regression 701.588 25 28.064 596.178 0.000

Residual 211.967 4503 0.047

Total 913.555 4528

coefficients standard error t-value sig if > 0.01

constant 3.864 0.530 7.291

sqft/100 0.044 0.001 56.764
stress00 -0.218 0.018 -12.207
AC 0.110 0.008 13.334
lotsize 0.089 0.007 12.320
patio# 0.026 0.005 5.821
garagecap 0.060 0.005 11.425
year -0.001 0.000 -3.244

X 3.40E-06 0.000 9.032
Y 6.90E-06 0.000 11.874

Alice Vail 0.148 0.023 6.510
Booth Fickett 0.052 0.020 2.616
Carson 0.066 0.019 0.038
Doolen 0.268 0.025 10.902
Hohokam 0.316 0.044 7.252
Magee 0.026 0.017 1.519* -0.129
Mansfeld 0.262 0.027 9.545
Maxwell 0.260 0.033 7.820
Naylor 0.052 0.026 1.964
Pistor 0.252 0.036 7.015
Safford 0.316 0.043 7.376
Secrist 0.022 0.018 1.205* -0.228
Townsend 0.108 0.021 5.192
Utterback 0.120 0.022 5.447
Valencia 0.292 0.041 7.040
Wakefeld 0.120 0.040 3.018

Gridley 0.000 dummy variable, null value
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Table 5.14: Correlations between the Measures of School Quality and the Regression 
Coefficients of the XY Location Model with University of Arizona and MSAA Effects 

 (Model 16). 

* indicates significant at the 0.05 level 

** indicates significant at the 0.01 level 

 

 

some effect other than school quality and that the current spatial model is 

misspecified. 

 

The formal tests for spatial autocorrelation were performed and the residuals 

showed no evidence of spatial dependency.  The combination of X and Y location 

coefficients, the University proximity variable, and the MSAAs appear to 

adequately produce independent residuals, but the MSAA effects are not only in 

opposition to the expected effect, but do not make sense.  The results so far 

Quality correlation significance

Measure coefficient (one-tailed)

AIMS TEST SCORES

Math -.367 .074

Reading -.417 .048

Writing -.489* .023

STANFORD 9 SCORES

Math -.480* .026

Reading -.526 .015

Language -.509 .019

MAP

MAP math .158 .272

MAP read -.005 .272

PER PUPIL EXPENDITURES

Classroom Expenditures .145 .289

Total Expenditures .163 .266

ATTENDANCE RATES -.617** .004
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support further examination of the spatial effects in particular.  At present the 

model structure does not adequately or accurately reflect the Tucson housing 

market — the spatial nature of the housing market needs to be examined in more 

detail if any satisfactory conclusions are to be reached. 

 

SPATIAL EXPANSION AND INTERACTANCE VARIABLE MODELS: MODELS 17  

AND 18 

 

The analysis so far suggests that the models are underspecified.  Inclusion of the 

MSAAs suggests that they are possibly attempting to pick up the effects of other 

variable or variables not explicitly included in the models.  It is anticipated that 

more detailed modeling of the spatial component that allows the price of the 

housing characteristics to vary across space and explicitly accounts for location 

through the polynomial expansion of X and Y coordinates will remedy the under 

specification. 

 

In the next set of models, a spatial polynomial expansion component and 

variable interactions between the base variables and the spatial variables are 

added.  Of the initial base variables, only the Stress Index is not interacted with 

any other variables.  This decision was made on the basis of it already being a 

neighborhood variable (block-group level) and also a composite variable.  
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Interactance of the structural variables with spatial location allows consideration 

of the spatial differences and similarities of features across the city.  The previous 

models have failed to provide a robust model of the TUSD housing market.  It is 

anticipated that developing a cost surface that allows the price of the model 

elements to vary over space will produce more accurate and reliable results. 

Furthermore, as pointed out by Johnson (1978), the interactive relationship 

between the location and base variables reduces the problem of multicollinearity 

that can occur with trend surface models that contain higher order polynomials. 

 

The Spatial Expansion and Interactance Model, Model 17 

 

Stepwise regression analysis was used to produce Model 17 (Table 5.15).  The 

resultant model contains 22 significant variables.  The model performs 

significantly better than the earlier TUSD models (Models 11-16) with an 

adjusted coefficient of determination of 0.798; that is, almost 80 percent of the 

variance in the sales price of the housing can be explained by the independent 

variables. 
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Table 5.15: Results of the Spatial Expansion and Interactance Variables Model (Model 17). 

R2 = 0.799 
Adj. R2 = 0.798 

SS df MS F Sig
Regression 730.212 22 33.191 815.741 0.000
Residual 183.343 4506 0.041
Total 913.555 4528

coefficients standard error t -value sig.if > 0.001

constant 4.664 0.135 34.563
sqft/100 excluded stepwise

stress00 -0.171 0.016 -10.870

AC excluded stepwise

lotsize excluded stepwise

patio# 0.044 0.008 5.729

garagecap -3.581 0.331 -10.826

year excluded stepwise

UAzone 0.357 0.015 23.278

X 2Y -1.20E-15 0.000 -9.635

XY 2
1.50E-15 0.000 10.830

lot *Y 3
-1.21E-17 0.000 -2.887 -0.004

lot*XY 2
1.70E-17 0.000 3.595

lot*(sqft/100) -0.006 -7.373

lot*year 0.000 0.000 7.971

(sqft/100)*X 3
-3.30E-18 0.000

(sqft/100)*Y 2
1.06E-11 0.000 10.983

(sqft/100)*Y 3
-3.66E-17 0.000 -10.518

(sqft/100)*AC 0.005 0.000 10.509

(sqft/100)*yea r -3.84E-05 0.000 -6.641

garage*X 2
-2.18E+11 0.000 -8.066

garage*Y 3
-9.94E-17 0.000 -10.104

garage*XY 2
1.92E-16 0.000 9.143

garage* year 0.002 0.000 11.290

garage*patio -0.015 0.005 -3.274

yearX 2
1.38E-13 0.000 10.035

year*XY -1.72E-13 0.000 -9.869
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The Stress Index and the zone around the University of Arizona are included in 

the variables that remain in the model following the stepwise analysis.  Both 

have important and significant effects on housing prices in TUSD. 

 

The effects of the polynomial expansions of X and Y and the interactance 

variables cannot be interpreted on the basis of individual coefficients, and, 

instead, are analyzed collectively.  The overall effect of the coefficients that 

involve an interaction between one of the base variables and one of the spatial 

XY variables give an estimate of the effect of that characteristic at any individual 

location.  For example, the interaction between square footage and the locational 

expansion of X and Y gives an estimate of the cost of additional 100 square feet of 

living space at any XY location. 

 

The base variable sqft/100 is no longer significant in the model as an uninteracted 

variable.  This is expected because the value of additional living space generally 

is known to vary by location in most cities, and Tucson is no exception.  This 

goes back to traditional accessibility measures with more expensive land tending 

to be more accessible (and therefore more expensive in terms of cost per square 

foot for housing).  Square footage tends to be correlated with other variables such 

as lot size, and it also tends to exhibit spatial autocorrelation: similar sized 

housing is built within small areas such as neighborhoods, but tends to be more 
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heterogeneous across larger areas.  In addition to lot size, housing size is linked 

to the age of the housing and the presence of AC.  Again this makes sense 

intuitively as the average size of homes in the U.S. has increased over time.   

 

As with square footage, lot size is no longer significant in the model as an 

uninteracted variable.  Again, this is expected given that lot size tends to be 

correlated with other structural characteristics and is also spatially 

autocorrelated. 

 

Given the nature of city development it is unsurprising that the date of 

construction, year, is linked to square footage, lot size, and even garage capacity, 

as well as having a spatial link (with both X2 and XY).  Garage capacity also has a 

significant effect when intersected with the polynomial expansions of X and Y: 

again, likely related to how, when, and where the city developed over time.   

 

Clearly, many of the structural variables are not separable from location when 

predicting sales price.  Nor, given the multicollinearity that exists between them, 

are they really separable from one another.  Using the polynomial expansion 

effects as the interactance variables allows the interrelated variables to be 

modeled in a more realistic way.  The results strongly support the supposition 
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that site and structural attributes and their effects are inseparable from location 

and its effects. 

 

Given that spatial effects are explicitly incorporated into the model using the 

polynomial expansions of X and Y, there should be no spatial autocorrelation 

remaining in the residuals.  This was confirmed using stepwise regression.  

Overall, this model performs better than any of the TUSD models presented so 

far.  This is supported by visual examination of the residuals (Figure 5.10) 
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Figure 5.10: Residuals of the Spatial Expansion and Interactance Variables Model (Model 17). 

 
260 
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The Spatial Expansion and Interactance Model with the MSAA Effects, Model 

18 

 

When the MSAA dummy variables are added to Model 17, they result in an 

overall increase in the coefficient of determination of only 0.3 percent, see Table 

5.16, although the overall model accounts for more than 80 percent of the 

variation in the logarithm of housing sales — the best-performing model 

developed for TUSD.  

 

When the coefficients are examined it is apparent that only 10 of the 17 MSAA 

effects are significantly different from zero.  Correlation of the MSAA regression 

coefficients with the measure of school quality does not produce any statistically 

significant results (Table 5.17).   
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Table 5.16: Results of the Spatial Expansion and Interactance Variables Model with MSAA 
Effects (Model 18). 
 

 

SS df MS F Sig

Regression 732.905 32 22.903 570.014 0.000

Residual 180.650 4496 0.040

Total 913.555 4528

coefficients standard error t-value sig. if > .001

constant 4.609 0.15 30.737

sqft/100 excluded stepwise

stress00 -0.154 0.017 -8.996

AC excluded stepwise

lotsize excluded stepwise

patio# 0.045 0.008 0.078

garagecap -3.698 0.346 -10.677

year excluded stepwise

UAzone 0.362 0.015 23.336

X 2Y -2.32E-11 0.000 -8.374

XY 2
1.50E-15 0.000 10.18

lot *Y 3
-1.34E-17 0.000 -3.192

lot*XY 2
1.70E-17 0.000 3.616

lot*(sqft/100) -0.006 -7.493

lot*year 0.000 0.000 8.263

(sqft/100)*X 3
-3.37E-18 0.000 -8.151

(sqft/100)*Y 2
1.05E-11 0.000 10.153

(sqft/100)*Y 3
-3.62E-17 0.000 -9.714

(sqft/100)*AC 0.005 0.00 9.986

(sqft/100)*yea r -3.82E-05 0.000 -6.163

garage*X 2
-2.32E-11 0.000 -8.374

garage*Y 3
-1.05E-16 0.000 -10.142

garage*XY 2
2.04E-16 0.000 9.409

garage* year 0.002 0.000 11.132

garage*patio -0.015 0.005 -3.421

yearX 2
-1.22E-15 0.000 -9.374

year*XY -1.72E-13 0.000 -9.166
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Table 5.16 continued. 
 

 
R2 = 0.802 
Adj. R2 = 0.801 
 

Overall, the evidence suggests that, at least at the middle school level, the school 

quality is not really an important factor in house pricing.  Once a homebuyer is 

located within a particular school district, the middle school attendance area 

appears to be less important.  Despite this finding, the evidence clearly suggests 

that even at small levels of geography (within a school district) the price of 

housing characteristics varies and should be modeled.  Explicitly allowing the 

cost surface to vary is beneficial and produces a reliable and robust model, 

whereas arbitrarily selecting submarkets on the basis of the availability of data is 

insufficient.  Furthermore, given the multicollinearity that exists in housing 

coefficients standard error t-value sig. if > .001

Alice Vail 0.051 0.014 3.702

Booth Fickett 0.005 0.014 0.335 -0.738

Carson excluded stepwise

Doolen excluded stepwise

Hohokam 0.067 0.024 2.806 -0.005

Magee excluded stepwise

Mansfeld 0.050 0.012 4.240

Maxwell excluded stepwise

Naylor -0.035 0.020 -1.791 -0.073

Pistor excluded stepwise

Safford 0.105 0.032 3.321

Secrist 0.009 0.015 0.574 -0.566

Townsend excluded stepwise

Utterback 0.012 0.014 0.862 -0.389

Valencia 0.008 0.024 0.324 -0.746

Wakefeld -0.068 0.027 -2.477 -0.013

Gridley 0.000 dummy variable, null value
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characteristics, it is important to explicitly model the interaction between 

characteristics across and within geographic space. 

 

Table 5.17: Correlations between the Measures of School Quality and the Regression 
Coefficients of the Spatial Expansion and Interactance Variables Model with MSAA Effects 

(Model 18). 
 

* indicates significant at the 0.05 level 
** indicates significant at the 0.01 level 

 

 

5.4  SINGLE MSAA COMPARISON MODELS, MODELS 19a-q 

 

In the preceding analysis, Models 11-18, TUSD is considered to be a single 

submarket where the effects of the MSAA are assumed constant across the 

district.  That is, the MSAA dummy variables represent a shift in the intercept of 

Quality correlation significance

Measure coefficient (one-tailed)

AIMS TEST SCORES

Math -0.143 0.292

Reading 0.084 0.374

Writing 0.048 0.427

STANFORD 9 SCORES

Math -0.100 0.352

Reading 0.022 0.467

Language 0.021 0.468

MAP

MAP math -0.375 0.069

MAP read -0.426 0.144

Per Pupil Expenditures

Classroom Expenditures 0.327 0.100

Total Expenditures 0.307 0.115

ATTENDANCE RATES -0.167 0.261
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the regression equation relative to the Gridley MSAA.  In the following set of 

models each MSAA is considered individually so that its effects may be 

compared to the district as a whole on an individual basis.  Using stepwise 

analysis, each district dummy variable was added to the set of potential variables 

that could be included in the model (structural, lot, neighborhood, spatial 

expansion, and interactance variables).  It is already apparent that any reliable 

model of TUSD should include spatial effects and allow the interactance of the 

structural and spatial variables; thus each of these variables is included in the 

model.  The complete results of the 17 submodels that comprise Model 19 are 

presented in Appendix D. Table 5.18 shows the selected key statistics that 

demonstrate the effects of the MSAAs. 

 

All of the submodels, a-q, contain the same attribute, spatial, and interactance 

variables as Model 17.  The main difference is the addition of the MSAA dummy 

variables.  The results suggest that 10 of the 17 MSAA dummy variables are 

statistically significant at the 0.1 level of significance, with the coefficients 

varying in size and direction.  In general, the significant MSAAs produce only a 

small increase in the adjusted R2 (about 0.001), suggesting only a small influence 

on housing price, even when the effects exists. 
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When the coefficients from the regression equations, 19a-q, are correlated with 

the measures of school quality, there are no significant relationships (Table 5.19).  

Thus, the evidence suggests that school quality — at least at the middle school 

level — is not a particularly important factor in house-price variation at the intra- 

district level.  However, the results strongly support the use of spatial effects and 

interaction effects, a finding that is discussed in more detail in the conclusions.
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Table 5.18: Selected Results of the Single-MSAA Comparison Submodels (Model 19). 

 

 

 

Model MSAA

MSAA 

Coefficient

t -value of 

coefficient Sig Coeff RSS ESS F

Adjusted 

R2 R2change

Incremental 

F

19a Alice Vail 0.045 3.465 0.001 730.70 182.86 782.70 0.799 0.001 12.009

19b Booth-Fickett -0.005 -0.334 0.782 730.22 183.34 720.13 0.798 0.000 0.112

19c Carson -0.026 -0.015 0.081 730.34 183.22 780.76 0.798 0.000 3.053

19d Doolen -0.022 -1.731 0.084 730.33 183.22 780.75 0.798 0.000 2.997

19e Gridley 0.007 0.511 0.610 730.22 183.33 780.16 0.798 0.000 0.261

19f Hohokham 0.081 3.492 0.001 730.71 182.85 782.74 0.799 0.001 12.196

19g Magee -0.043 -3.096 0.002 730.60 182.95 782.18 0.799 0.000 9.584

29h Mansfeld 0.015 3.963 0.000 730.85 182.71 783.50 0.799 0.001 15.704

19i Maxwell -0.016 -0.987 0.324 730.25 183.30 780.31 0.798 0.000 0.974

29j Naylor -0.049 -2.572 0.010 730.48 183.07 781.53 0.799 0.000 6.613

19k Pistor 0.007 0.470 0.638 730.22 183.33 780.15 0.798 0.000 0.222

19l Safford 0.101 3.272 0.001 730.65 182.91 782.42 0.799 0.000 10.706

19m Secrist 0.007 0.448 0.654 730.22 183.34 780.14 0.798 0.000 0.201

19n Townsend -0.026 -1.850 0.064 730.35 183.20 780.84 0.798 0.000 3.421

19o Utterback 0.006 0.044 0.660 730.22 183.34 780.14 0.798 0.000 0.193

19p Valencia -0.022 -0.960 0.337 730.25 193.31 780.30 0.798 0.000 0.921

19q Wakefield -0.095 -3.591 0.000 730.74 182.82 782.90 0.799 0.001 12.896

267 



 

 

268

Table 5.19: Correlations between the Measures of School Quality and the Regression 
Coefficients of the Single MSAA Comparison Submodels (Model 19). 

 
* indicates significant at the 0.05 level 

** indicates significant at the 0.01 level 

 

 

5.5  CONCLUSIONS  

 

Overall, the evidence suggests that — at least at the middle school level — school 

quality is not an important factor in house pricing.  Once a homebuyer is located 

within a particular school district, the school attendance area is less important.  

In TUSD this is likely due to the presence of an extensive charter school system 

as well as a strong magnet school program that allows students to attend any 

school of their choice as long as there are vacancies after students residing within 

Quality correlation significance

Measure coefficient (one-tailed)

AIMS TEST SCORES

Math -0.092 0.363

Reading 0.059 0.411

Writing -0.092 0.362

STANFORD 9 SCORES

Math -0.079 0.381

Reading 0.004 0.495

Language 0.014 0.478

MAP

MAP math -0.328 0.099

MAP read -0.417 0.148

PER PUPIL EXPENDITURES

Classroom Expenditures 0.210 0.209

Total Expenditures 0.208 0.211

ATTENDANCE RATES -0.186 0.238
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the attendance areas have been placed.  Thus, it appears that (middle) school 

attendance areas do not have much of an effect on house price variations. 

 

Despite this finding, the evidence clearly suggests that even at small levels of 

geography (within a school district) the price of housing characteristics varies 

and should be modeled.  Explicitly allowing the cost surface to vary is beneficial 

to producing a reliable and robust model, arbitrarily selecting submarkets on the 

basis of the availability of data is insufficient.  When prices are fixed across space 

the model is less able to represent the spatial effects.  Similarly, given the 

multicollinearity that exists among housing characteristics, it is important to 

explicitly model the interaction between characteristics across and within 

geographic space. 

 

All in all, the preponderance of evidence suggests that, at the intra-district level, 

middle schools are not an important factor in housing prices, especially when the 

model adequately accounts for spatial effects and the housing characteristics are 

interacted with the spatial effects.  Models 17, 18, and 19 allow a more real-world 

perspective because in reality locational and structural characteristics are 

inextricably interrelated: the housing stock is fixed except in the very long run.  

The results here demonstrate that when the model does not adequately account 

for spatial effects, middle schools, as the primary spatial variable, will spuriously 
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capture other price effects.  Even with the unique X and Y locations (Models 13-

16) the models are insufficient because they cannot adequately control for 

nonlinear spatial effects. 

 

Admittedly middle schools were selected (rather than high schools or elementary 

schools) as the unit for examination of the intra-district effects more for 

convenience in terms of their quantity, rather than because of any theoretically 

driven motivation.  In fact, it could be argued that middle schools are the least 

likely of schools to affect housing prices.  Homebuyers with children may be 

more likely to choose their home based on the elementary school to give their 

child a good start in their education.  On the other hand, perhaps parents might 

be interested in high school outcomes on the basis that high school performance 

may have long-term tangible effects on their child’s future in terms of job 

prospects, college attendance, and so forth.  

 

In retrospect, perhaps elementary schools or high schools would have produced 

different results.  Regardless, the problem of selecting from a pool of potentially 

important variables remains and is highlighted by these results.  Thus, overall, 

the evidence supports the use of the spatial expansion of location effects as an 

approach.  The methodology allows price differences that exist over space to be 

modeled by the combinations of X and Y in a nonlinear fashion, and by allowing 
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standard characteristics to interact over space the market can be modeled more 

effectively. 
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CHAPTER 6 

CONCLUSIONS 

 

6.1  OVERVIEW 

 

This study has examined the effects of educational submarkets –- as delimited by 

school districts and middle school attendance zones –- on house prices in the 

Tucson region.  The supposition that homebuyers will pay more to live in a 

better school district or school attendance area was examined, with educational 

quality measured by per-student expenditures and academic achievement.   

 

The traditional single-market modeling of the housing market determined that 

education submarkets have a small but significant effect on housing price.  

Further modeling, taking explicit account of the spatial nature of the housing 

market, suggested that in the single-market approach, education submarkets 

likely act as proxies for other neighborhood effects and omitted variables.  

Incorporating the unique location coordinates of the properties and allowing 

marginal attribute- and location-effects to vary across geographic space in a 

trend surface approach produced more robust model results and allowed the 

educational submarket effects to be isolated.  The results suggest that school 

districts have a small but significant price effect even after a fluid, continuous 
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price surface was developed, but that intra-district variation remained.  At the 

intra-district level, middle school quality does not appear to have a significant 

effect on housing price, at least in the Tucson Unified School District.  However, 

the trend surface approach still proves to be a useful methodology for modeling 

small, local-scale variations. 

 

 

6.2  DISCUSSION 

 

School District Effects 

 

Clearly school districts have a significant effect on housing values across eastern 

Pima County.  At the same time the analysis suggests that they do not entirely 

account for spatial differentials in house prices.  If a robust, reliable model is a 

desired outcome, then at the very least the X and Y coordinates of the property 

should be incorporated into the model.  Although a parcel’s coordinates are not a 

direct determinant of housing prices, they do help account for the influence of 

location.  From a methodological standpoint, this spatial component approach 

has the advantage of allowing the researcher to investigate the important 

component of the housing market but avoids the problem of attempting to select 
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from an almost infinite number of variables and possibly not choosing the 

“correct” ones that would result in a robust, unbiased model.   

 

The models with spatial interaction and polynomial expansion effects 

demonstrated how the price surface varies across the city, yet there are still 

significant “jumps” at the school district boundaries. School districts serve as a 

useful proxy for subdividing the city, and the boundary effects are significant.  

They act as a useful tool for describing price differentials across the region.  At 

the same time, one should remain aware that at a more local level, within-district 

effects are important too.  The school-district dummy variables cannot 

adequately account for spatial variation across the entire city, and more spatial 

explanation is needed if the models are to be correctly specified. 

 

Although the spatial interactance models showed no relationship between the 

measures of school district quality and housing values, these results do not mean 

school districts are not an important element of house price values.  School 

districts heavily influence home prices, and the perceived quality of those 

districts affects the price that homebuyers are willing to pay.  

 

Homebuyers do not investigate XY coordinates on a cost surface when looking 

for somewhere to live, but rather at the actual characteristics associated with 
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each location: they evaluate the elements of their decision by whether they can 

walk to the park, how long it will take them to get to work, whether their 

children will get a good education locally, whether their belongings be safe from 

crime, and so on.  School districts are important units in themselves, and they act 

as convenient surrogates for other elements of the housing decision.  Academic 

researchers may find that the XY coordinate interactions quantify location 

variation created by qualitative differences in school districts, and other location 

or neighborhood variables, but homebuyers do not buy XY locations.  As such, 

school districts account for a significant portion of the spatial variation in house 

prices — people are clearly willing to pay more to live in a good school district 

than in a lower-performing district. 

 

Middle School Attendance Area Effects 

 

At least at the middle school level, the overall evidence suggests that school 

quality is not really an important factor in house pricing in the Tucson Unified 

School District.  Once a homebuyer is located within a particular school district, 

the school attendance area appears to be less important.  In TUSD this is likely 

due to the presence of an extensive charter school system as well as a strong 

magnet school program that allows students to attend any school of their choice 

as long as there are vacancies after students residing within the attendance areas 
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have been placed.  Thus it appears that (middle) schools do not have much of an 

effect on house price variations. 

 

Despite this finding, the evidence clearly suggests that even at small levels of 

geography (within a school district) the price of housing characteristics varies 

and should be modeled.  Explicitly allowing the cost surface to vary is beneficial 

to producing a reliable and robust model: arbitrarily selecting submarkets on the 

basis of the availability of data is insufficient.  When prices are fixed across space 

the model is less able to represent the spatial effects.  Similarly, given the 

multicollinearity that exists among housing characteristics, it is important to 

explicitly model the interaction between characteristics across and within 

geographic space. 

 

All in all, the preponderance of evidence suggests that, at the intra-district level, 

middle schools are not a particularly important factor in housing process, 

especially when the model adequately accounts for spatial effects and the 

housing characteristics are allowed to interact with the spatial effects.  The 

polynomial expansion and variable interaction models (Models 17, 18, and 19) 

allow a more real-world perspective because in reality locational and structural 

characteristics are inextricably interrelated: the housing stock is fixed except in 

the very long run.  The results here demonstrate that when the model does not 
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adequately account for spatial effects, middle schools, as the primary spatial 

variable, will spuriously capture other price effects.  Even with the unique X and 

Y locations (Models 13-16) the models are insufficient because they cannot 

adequately control for nonlinear spatial effects. 

 

Admittedly middle schools were selected (rather than high schools or elementary 

schools) as the unit for examination of the intra-district effects more for 

convenience in terms of their quantity, rather than because of any theoretically 

driven motivation.  Homebuyers with children may be more likely to choose 

their residence based on the elementary school to give their child a good start in 

their education.  On the other hand, perhaps parents might be interested in high 

school outcomes on the basis that high school performance may have long-term 

tangible effects on their child’s future in terms of job prospects, college 

attendance, and so forth.  A good middle school education is presumably a 

desirable prerequisite for high school success, but the middle school performance 

in itself does not provide the immediately tangible outcomes of high school. 

 

In retrospect, perhaps elementary schools or high schools would have produced 

different results.  Regardless, the problem of selecting from a pool of potentially 

important variables remains and is highlighted by this analysis.  Overall, the 

evidence supports the use of the spatial expansion of location effects as an 
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approach.  The methodology allowed price differences that exist over space to be 

modeled by the combinations of X and Y in a nonlinear fashion, and by allowing 

standard characteristics to interact over space the market can be modeled more 

effectively. 

 

 

6.3  DIRECTIONS FOR FURTHER RESEARCH  

 

The results of this study suggest a number of new research directions.  Clearly, at 

the intra-district level it might be useful to examine whether high schools or 

elementary schools produce price effects.   

 

Although high school attendance areas and high school quality measures are 

unlikely to be significant in TUSD because of the emphasis on education choice, 

this may not be the case for all districts.  A district-by-district look at the effect of 

schools is beyond the scope of this study, and the results from TUSD are likely 

not transferable across other districts.   

 

The large number of elementary schools in TUSD prohibits examination of 

elementary schools with this dataset, however a larger dataset comprising 

several years’ worth of housing sales may make it feasible.  In addition, given the 
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effectiveness of the trend surface approach in allowing educational effects to be 

isolated, it may be interesting to determine if elementary school attendance areas 

may be reasonably aggregated to submarkets after the trend surface has been 

developed. 

 

As a composite of different socioeconomic and housing characteristics, the Stress 

Index is a useful measure for controlling for neighborhood quality and 

socioeconomic status of the residents, thus avoiding the need for a somewhat 

arbitrary selection of a few variables that may reflect neighborhood effects with 

varying degrees of success.  However, examination of some of the Index 

components may prove useful to determine if the composite is necessary or if it 

might feasibly be replaced by other variables.  This is a particularly pertinent 

area of research at the moment because there 2010 Census will not include a 

“long form” to collect the individual variables that make up the Stress Index.  

Although the American Community Survey (ACS) will provide similar 

information, the sample size is smaller and rather than being a snapshot at one 

point in time, the information for small geographic areas will be a five-year 

average.  The margin of error associated with the survey sample will almost 

inevitably be too large to allow the Stress Index to be calculated at the block 

group level.  It is possible that the Stress Index may still be feasible at the tract 

level, but this is a topic needing further research.  An important indicator that is 
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missing from the Stress Index is a measure of neighborhood crime.  Although the 

combination of the Stress Index and unique location coordinates adequately 

addresses neighborhood quality for the purposes of this study, the effects of 

crime would be interesting to examine. 

 

In the inter-district study, the dummy variable, UAzone, variable proved to be a 

simple way to account for the price premium associated with close proximity to 

the University of Arizona.  Given that the effects of the University were not the 

focus of the study, the simple measure was adequate.  However, alternative 

measures such as distance and direction from the University may provide a more 

realistic measure given that proximity effects are not the same in all directions.  

Analysis of changes to the trend surface as a result of changing the way the 

University effect is incorporated may be useful to develop more understanding 

of the unique location effects. 

 

The use of polynomial expansion and spatial- attribute variable interactions were 

clearly successful: problems of variable omission were diminished, spatially 

autocorrelated error terms were reduced and removed, effects of 

multicollinearity were minimized and the effects of the educational submarkets 

could be examined in isolation.  It would be interesting to compare the results 

using this technique with the results produced by other methods of dealing with 
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the spatial component such as geographically weighted regression, kriging, and 

even submarket development.  Comparison of models using each technique both 

in terms of overall performance and results, and in terms of the resulting 

inferences about education submarkets would provide further insight into the 

methods used in this study and the conclusions reached. 

 

 

6.4  SUMMARY 

 

The aim of this study was to determine the effects of educational submarkets — 

schools and districts — on property values in the Tucson region of eastern Pima 

County.  Incorporating the unique location coordinates of the properties and 

allowing the marginal location and structural effects to vary in a nonlinear 

fashion allowed the influence of the educational submarkets to be examined in 

isolation, avoiding bias caused by omitted variable effects or spatial 

autocorrelation of the error terms.  By drawing support from two distinct 

literatures, this study acts as a bridge by examining education submarket effects 

using polynomial expansion and interactance techniques. 

 

Much of the housing research in the United States has concentrated on the 

northern and eastern portions of the country and large cities in Texas and 
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California.  In addition to the methodological contribution, this study makes a 

contribution to the examination of smaller, but rapidly-growing, western cities.  
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APPENDIX A 

SUMMARY STATISTICS OF SELECTED VARIABLES BY 

 SCHOOL DISTRICT 

 
 
 

Table A.1: Sales Price. 

 

 
 

 
Table A.2: The Stress Index. 

 

 

Mean Std Dev Median Minimum Maximum

All 197691 115729 160500 50000 860000

Altar Valley 127621 55965 104500 64500 240000

Amphitheater 236121 115517 209500 50000 80000

Foothills 434749 168554 395000 525000 860000

Continental 170051 83098 139000 74500 465000

Flowing Wells 146111 64293 129950 50000 580000

Marana 183049 75928 160000 55000 800000

Sahuarita 193207 77732 177700 52500 505000

Sunnyside 100524 21574 100000 50000 215000

Tanque Verde 401104 132144 385000 131500 765000

TUSD 174473 96585 147500 50000 850000

Vail 180268 52110 167250 55000 484000

Mean Std Dev Median Minimum Maximum

All -0.211 0.253 -0.274 -0.823 1.235

Altar Valley 0.076 0.096 0.117 -0.133 0.117

Amphitheater -0.227 0.225 -0.182 -0.823 0.618

Foothills -0.398 0.096 -0.384 -0.577 0.020

Continental 0.148 0.174 0.144 -0.114 0.563

Flowing Wells -0.232 0.230 -0.271 -0.545 0.395

Marana -0.362 0.097 -0.377 -0.631 0.264

Sahuarita -0.214 0.096 -0.251 -0.283 0.161

Sunnyside 0.221 0.321 0.283 -0.361 1.008

Tanque Verde -0.502 0.083 -0.491 -0.625 -0.181

TUSD -0.174 0.249 -0.203 -0.631 1.235

Vail -0.347 0.084 -0.387 -0.387 0.004
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Table A.3:  Living Area (’00 sq. ft.). 
 

 
 
 

Table A.4: Lot Size (acres). 

 

 

Mean Std Dev Median Minimum Maximum

All 17.20 6.06 16.03 3.40 44.48

Altar Valley 16.08 4.61 15.81 8.37 24.00

Amphitheater 19.19 6.38 18.00 3.64 43.55

Foothills 25.98 6.27 25.59 12.56 44.48

Continental 16.85 4.73 15.91 9.61 42.56

Flowing Wells 14.46 4.43 13.49 3.40 39.90

Marana 17.03 4.74 16.15 6.60 43.09

Sahuarita 18.38 5.16 18.43 5.88 33.90

Sunnyside 12.22 2.74 11.74 6.41 24.40

Tanque Verde 25.52 6.32 25.58 5.10 41.27

TUSD 15.95 5.58 15.07 3.79 43.31

Vail 17.45 4.27 16.41 7.02 33.44

Mean Std Dev Median Minimum Maximum

All 0.392 0.722 0.20 0.0 17.8

Altar Valley 2.394 2.308 1.35 0.2 9.9

Amphitheater 0.416 0.670 0.20 0.0 10.0

Foothills 0.721 0.530 0.70 0.0 4.7

Continental 0.378 0.573 0.20 0.1 4.7

Flowing Wells 0.283 0.442 0.20 0.1 4.2

Marana 0.387 0.972 0.20 0.1 17.8

Sahuarita 0.486 1.074 0.20 0.1 10.5

Sunnyside 0.236 0.543 0.20 0.1 7.7

Tanque Verde 1.862 1.430 1.10 0.3 7.4

TUSD 0.314 0.508 0.20 0.1 7.5

Vail 0.395 0.975 0.20 0.1 9.7
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Table A.5: Effective Year Built. 

 
 
 

Table A.6: Garage Capacity. 

 
 
 

Mean Std Dev Median Minimum Maximum

All 1980.60 18.505 1985 1891 2003

Altar Valley 1985.33 10.868 1986 1968 2002

Amphitheater 1987.74 15.197 1994 1905 2003

Foothills 1985.46 11.705 1987 1935 2003

Continental 1981.11 11.699 1978 1964 2003

Flowing Wells 1978.62 13.446 1981 1933 2002

Marana 1992.26 8.310 1995 1948 2003

Sahuarita 1993.95 11.849 1999 1965 2003

Sunnyside 1976.42 17.503 1974 1915 2003

Tanque Verde 1984.24 11.855 1983 1952 2003

TUSD 1972.42 19.665 1972 1891 2003

Vail 1996.75 5.639 1998 1963 2003

Mean Std Dev Median Minimum Maximum

All 1.73 0.809 2 0 6

Altar Valley 1.06 1.110 1 0 3

Amphitheater 2.03 0.731 2 0 4

Foothills 2.25 0.564 2 0 4

Continental 1.81 0.608 2 0 4

Flowing Wells 1.65 0.770 2 0 4

Marana 2.03 0.550 2 0 4

Sahuarita 2.03 0.403 2 0 3

Sunnyside 1.17 0.806 1 0 4

Tanque Verde 2.39 0.970 2 0 6

TUSD 1.46 0.830 2 0 6

Vail 2.09 0.476 2 0 4
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Table A.7: Number of Patios. 
 

 
 

Table A.8: Air Conditioning (Dummy Variable). 

 

 
 

Mean Std Dev Median Minimum Maximum

All 1.10 0.739 1 0 6

Altar Valley 1.06 0.802 1 0 2

Amphitheater 1.13 0.642 1 0 5

Foothills 1.57 0.879 1 0 6

Continental 1.40 0.752 1 0 4

Flowing Wells 0.73 0.666 1 0 3

Marana 1.05 0.616 1 0 4

Sahuarita 1.18 0.900 1 0 6

Sunnyside 0.67 0.650 1 0 3

Tanque Verde 1.55 0.779 1 0 4

TUSD 1.09 0.779 1 0 6

Vail 0.92 0.464 1 0 3

Mean Std Dev Median Minimum Maximum

All 0.63 0.483 1 0 1

Altar Valley 0.5 0.514 0 0 1

Amphitheater 0.8 0.398 1 0 1

Foothills 0.94 0.237 1 0 1

Continental 0.96 0.185 1 0 1

Flowing Wells 0.24 0.427 0 0 1

Marana 0.8 0.403 1 0 1

Sahuarita 0.86 0.348 1 0 1

Sunnyside 0.28 0.45 0 0 1

Tanque Verde 0.8 0.401 1 0 1

TUSD 0.47 0.499 0 0 1

Vail 0.96 0.207 1 0 1
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APPENDIX B 

SELECTING THE FUNCTIONAL FORM — MODEL RESULTS 

 

Table B.1:  Results of Simple Linear Regression Model 

 

 

 
 

SS df MS F Sig

Regression 89628110 7 12804015.73 3281.825 0.000

Residual 3680002785 9433 3901.493

Total 1.30E+08 9440

coefficient standard error t -value

constant 1085.429 97.229 11.164

stress00 -16.540 2.819 -5.867
sqft/100 12.822 0.140 91.899
garagecap 14.334 1.121 12.785
year -0.590 0.050 -11.895
lotsize 8.354 0.944 8.850
patio# 28.172 0.970 29.055
AC 20.102 1.737 11.570

R2 = 0.709

Adj. R2 = 0.709
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Table B.2:  Results of Semilogarithmic Model. 
 
 

 
 
 
 
 

SS df MS F Sig

Regression 1624.906 7 232.13 3996.664 0.000

Residual 547.876 9433 0.058

Total 2.17E+03 9440

coefficient standard error t -value

constant 7.662 0.375 20.425

stress00 -0.239 0.011 -21.970
sqft/100 0.049 0.001 91.183
garagecap 0.069 0.004 15.942
year -0.002 0.000 -9.733
lotsize 0.045 0.004 12.347
patio# 0.088 0.004 23.603
AC 0.146 0.007 21.776

R2 = 0.748

Adj. R2 = 0.748
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Table B.3:  Results of Inverse Semilogarithmic Model. 
 

 
 
 
 
 
 

 
 
 

SS df MS F Sig

Regression 83574336 7 11939190.84 2632.436 0.000

Residual 42773505 9431 4535.416

Total 1.30E+08 9438

coefficient standard error t -value

constant 4417.631 810.885 5.448

logstress00 -25.449 8.612 -2.955
logsqft/100 177.815 2.875 61.838
loggaragecap 26.921 2.530 10.642
logyear -619.352 107.136 -5.781
loglotsize 18.595 2.060 9.027
logpatio# 43.428 4.005 43.207
logAC 40.282 2.725 14.780

R2 = 0.661

Adj. R2 = 0.661
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Table B.4.  Log-Log Model Results. 
 

 

 
 

SS df MS F Sig

Regression 1614.439 7 231.06 3931.785 0.000

Residual 554.24 9431 0.059

Total 2.17E+03 9438

coefficient standard error t -value

constant 21.156 2.919 7.248

stress00 -0.529 0.031 -17.053
sqft/100 0.777 0.010 75.108
garagecap 0.130 0.009 14.274
year -2.387 0.386 -6.189
lotsize 0.101 0.007 13.587
patio# 0.137 0.004 37.778
AC 0.227 0.010 23.156

R2 = 0.745

Adj. R2 = 0.745
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APPENDIX C 

SUMMARY STATISTICS OF SELECTED VARIABLES BY MIDDLE 

SCHOOL ATTENDANCE AREA 

 
 

Table C.1: Booth-Fickett MSAA Summary Statistics. 
 

 
 
 

Table C.2: Carson MSAA Summary Statistics. 
 

 
 
 
 

Mean Std Dev Median Minimum Maximum

stress00 -0.209 0.174 -0.253 -0.460 0.400

sqft/100 16.426 5.350 15.300 9.12 39.58

garage capacity 1.19 0.785 1 0 4

patio number 1.21 0.758 1 0 4

lot size 0.257 0.142 0.2 0.2 1.2

year 1959.13 4.542 1958 1952 1981

AC 0.35 0.477 0 0 1

UAzone 0 0 0 0 0

X 160790.65 2236.639 160880 154660 165220

Y 184560.23 6887.606 182939 175745 201563

Mean Std Dev Median Minimum Maximum

stress00 -0.258 0.136 -0.321 -0.422 0.121

sqft/100 13.863 2.818 13.330 800028 25.28

garage capacity 1.410 0.650 1 0 3

patio number 0.86 0.614 1 0 2

lot size 0.186 0.049 2 0.1 0.4

year 1978.82 12.438 1973 1959 2003

AC 0.32 0.465 0 0 1

UAzone 0 0 0 0 0

X 168860.5 3957.255 16777 163106 176005

Y 171317.4 4169.297 171666 164859 180152
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Table C.3: Doolen MSAA Summary Statistics. 
 

 
 

 
 

Table C.4: Gridley MSAA Summary Statistics. 
 

 
 
 
 

Mean Std Dev Median Minimum Maximum

stress00 -0.091 0.216 -0.114 0.452 0.482

sqft/100 13.987 5.517 12.830 0.379 39.01

garage capacity 1 0.823 1 0 4

patio number 1.320 0.869 1 0 5

lot size 0.278 0.374 0.2 0.1 4.4

year 1955.36 17.7 1952 1914 2003

AC 0.36 0.482 0 0 1

Uazone 0.28 0.448 0 0 1

X 134925.2 5971.181 134845 120829 146518

Y 197217.7 4623.956 195788 190965 211968

Mean Std Dev Median Minimum Maximum

stress00 -0.341 0.101 0.340 -0.523 0.156

sqft/100 18.225 4.496 17.360 8.72 32.27

garage capacity 1.92 0.658 2 0 4

patio number 1.22 0.691 1 0 5

lot size 0.26 0.319 0.2 0.1 3.6

year 1982.24 13.248 1985 1952 2002

AC 0.61 0.487 1 0 1

UAzone 0 0 0 0 0

X 179752.4 5456.168 180433 167452 188953

Y 185278.1 3214.603 184950 175988 191148
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Table C.5: Hohokam MSAA Summary Statistics. 
 

 
 
 

Table C.6: Magee MSAA Summary Statistics. 
 

 
 

Mean Std Dev Median Minimum Maximum

stress00 -0.192 0.232 -0.208 -0.440 0.397

sqft/100 14.793 4.098 13.940 7.69 26.3

garage capacity 1.72 0.700 2 0 3

patio number 0.66 0.699 1 0 5

lot size 0.234 0.224 0.2 0.1 1.8

year 1988.75 8.417 1986 1971 2003

AC 0.46 0.500 0 0 1

UAzone 0 0 0 0 0

X 100446.0 8300.747 102744 74504 107319

Y 149117.5 1754.670 148763 145511 153786

Mean Std Dev Median Minimum Maximum

stress00 -0.308 0.151 -0.284 -0.631 0.262

sqft/100 19.869 5.751 18.720 9.53 43.31

garage capacity 1.99 0.718 2 0 6

patio number 1.27 0.666 1 0 4

lot size 0.437 0.619 0.2 0.1 4.3

year 1982.87 12.983 1981 1951 2003

AC 0.69 0.464 1 0 1

UAzone 0 0 0 0 0

X 172906.7 5729.081 172723 163957 183243

Y 197331.9 6608.232 195880 186575 215501
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Table C.7: Manfeld MSAA Summary Statistics. 

 

 
 
 

Table C.8: Maxwell MSAA Summary Statistics. 
 

 
 
 
 

Mean Std Dev Median Minimum Maximum

stress00 -0.201 0.237 -0.132 -0.631 0.684

sqft/100 16.020 6.505 14.830 5.6 42.3

garage capacity 1.46 0.871 2 0 4

patio number 1.13 0.839 1 0 6

lot size 0.434 0.776 0.2 0.1 5.5

year 1971.01 24.825 1972 1903 2003

AC 0.55 0.498 1 0 1

UAzone 0.13 0.336 0 0 1

X 118214.0 17780.624 124465 84807 141231

Y 192071.3 10090.088 190365 175885 216074

Mean Std Dev Median Minimum Maximum

stress00 -0.109 0.302 -0.203 -0.631 0.455

sqft/100 16.598 6.245 14.960 5.080 38.600

garage capacity 1.65 0.901 2 0 4

patio number 1.05 0.727 1 0 3

lot size 0.404 0.664 0.2 0.1 5.7

year 1979.81 18.183 1981 1919 2003

AC 0.56 0.498 1 0 1

UAzone 0 0 0 0 0

X 7733.5 6404.819 106854 89846 118673

Y 185875.25 5607.768 186613 176146 195820
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Table C.9: Naylor MSAA Summary Statistics. 
 

 
 
 

Table C.10: Pistor MSAA Summary Statistics. 
 

 
 

Mean Std Dev Median Minimum Maximum

stress00 -0.050 0.179 -0.079 -0.428 0.362

sqft/100 11.771 2.809 11.040 7.23 20.54

garage capacity 0.8699187 0.600 1 0 4

patio number 1 0.724 1 0 3

lot size 0.202439 0.015 0.2 0.2 0.3

year 1958.5203 3.966 1958 1954 1985

AC 0.0894309 0.287 0 0 1

UAzone 0 0 0 0 0

X 150861.7 4751.299 151842 141991 157380

Y 177894.1 1215.406 178202 175393 180112

Mean Std Dev Median Minimum Maximum

stress00 -0.060 0.101 -0.080 -0.344 0.187

sqft/100 15.101 3.860 15.120 4.48 32.33

garage capacity 1.6725979 0.670 2 0 4

patio number 0.6298932 0.670 1 0 4

lot size 0.2298932 0.374 0.2 0.1 3.4

year 1987.7829 12.930 1991 1954 2003

AC 0.4626335 0.499 0 0 1

UAzone 0 0 0 0 0

X 110695.0 4038.283 112352 96427 115895

Y 158519.2 2752.264 158564 150758 165866
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Table C.11: Safford MSAA Summary Statistics. 
 

 
 
 

Table C.12: Secrist MSAA Summary Statistics. 
 

 
 
 

Mean Std Dev Median Minimum Maximum

stress00 0.443 0.289 0.362 -0.057 0.982

sqft/100 12.427 4.521 11.440 6.24 31.54

garage capacity 0.4680851 0.584 0 0 2

patio number 0.9574468 0.751 1 0 2

lot size 0.1851064 0.140 0.2 0.1 1

year 1944.4255 32.017 1940 1891 2003

AC 0.1489362 0.360 0 0 1

UAzone 0 0 0 0 0

X 122939.7 2633.819 122657 117834 128565

Y 182607.5 4083.932 181139 177359 190636

Mean Std Dev Median Minimum Maximum

stress00 -0.336 0.099 -0.386 -0.449 -0.036

sqft/100 16.683 3.468 16.300 10.15 31.42

garage capacity 1.8637993 0.532 2 0 4

patio number 0.9569892 0.514 1 0 3

lot size 0.2476703 0.492 0.2 0.1 7.5

year 1983.7885 12.714 1980 1961 2003

AC 0.5770609 0.495 1 0 1

UAzone 0 0 0 0 0

X 179071.3 3927.677 179377 170546 187988

Y 175123.9 3711.401 175672 164963 180542
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Table C.13: Townsend MSAA Summary Statistics. 
 

 
 
 

Table C.14: Utterback MSAA Summary Statistics. 
 

 
 

Mean Std Dev Median Minimum Maximum

stress00 -0.296 0.235 -0.437 -0.482 0.470

sqft/100 20.482 7.150 19.650 6.23 42.94

garage capacity 1.716129 0.846 2 0 4

patio number 1.4354839 0.836 1 0 5

lot size 0.5348387 0.605 0.3 0.1 3.8

year 1975.371 16.386 1975 1942 2003

AC 0.6645161 0.473 1 0 1

UAzone 0 0 0 0 0

X 154667.7 10319.990 152336.5 131184 171948

Y 201184.2 9300.114 203217 171242 212266

Mean Std Dev Median Minimum Maximum

stress00 0.052 0.288 0.036 -0.387 1.236

sqft/100 13.887 4.307 12.780 5.4 32.22

garage capacity 1.1803922 0.709 1 0 4

patio number 1 0.768 1 0 4

lot size 0.1933333 0.086 0.2 0.1 0.8

year 1967.549 15.197 1963 1938 2003

AC 0.345098 0.476 0 0 1

UAzone 0 0 0 0 0

X 150930.5 12281.936 154755 123664 162693

Y 180531.9 10576.797 176074 164598 196260
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Table C.15: Vail MSAA Summary Statistics. 
 

 
 
 

Table C.16: Valencia MSAA Summary Statistics. 
 

 

Mean Std Dev Median Minimum Maximum

stress00 -0.127 0.213 -0.170 -0.628 0.470

sqft/100 14.198 4.338 13.830 6 31.46

garage capacity 1.041958 0.705 1 0 3

patio number 1.0629371 0.810 1 0 4

lot size 0.2216783 0.100 0.2 0.1 1.3

year 1957.2972 14.730 1953 1931 2002

AC 0.3601399 0.481 0 0 1

UAzone 0 0 0 0 0

X 145195.7 7392.949 145848.5 129422 157038

Y 183301.3 3980.867 183377 175203 190714

Mean Std Dev Median Minimum Maximum

stress00 -0.040 0.208 -0.072 -0.344 0.585

sqft/100 15.796 5.021 15.380 8.08 33.05

garage capacity 1.4040404 0.807 2 0 3

patio number 0.969697 0.775 1 0 4

lot size 0.8393939 1.429 0.2 0.1 5.4

year 1981.7778 17.881 1981 1948 2003

AC 0.4545455 0.500 0 0 1

UAzone 0 0 0 0 0

X 97846.7 14609.775 95420 62841 116141

Y 168921.1 5420.598 169923 153536 177028
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Table C.17: Wakefield MSAA Summary Statistics. 
 

 

Mean Std Dev Median Minimum Maximum

stress00 0.483 0.204 0.520 0.147 0.829

sqft/100 11.983 3.464 11.160 7.13 21.84

garage capacity 0.6811594 0.717 1 0 3

patio number 0.8695652 0.784 1 0 4

lot size 0.1956522 0.101 0.2 0.1 0.7

year 1955.8696 12.559 1953 1937 2003

AC 0.0289855 0.169 0 0 1

UAzone 0 0 0 0 0

X 120795.2 1607.476 121014 117002 123983

Y 168899.1 3181.763 168223 164625 179487
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APPENDIX D 

RESULTS OF MODEL 19 

 

 

 

 



Table D.1:  Results of Model 19, Submodels a-d. 
 

Model 19a Carson 19b Doolen 19c Fickett 19d Gridley

coefficent t -value coefficent t -value coefficent t -value coefficent t -value

(Constant) 4.68E+00 34.59 4.67E+00 34.58 4.66E+00 34.51 4.66E+00 34.48

Y 2 sqft 1.07E-11 11.05 1.05E-11 10.86 1.06E-11 10.99 1.06E-11 10.90

UAZone 3.56E-01 23.26 3.63E-01 22.98 3.56E-01 23.20 3.56E-01 23.22

year.gar 1.95E-03 11.38 1.93E-03 11.30 1.93E-03 11.16 1.93E-03 11.21

stress00 -1.72E-01 -10.93 -1.69E-01 -10.70 -1.71E-01 -10.87 -1.71E-01 -10.85

lot.year 1.33E-04 8.01 1.32E-04 7.93 1.32E-04 7.97 1.33E-04 7.98

pationum 4.38E-02 5.75 4.36E-02 5.72 4.37E-02 5.73 4.36E-02 5.73

sqft.lot -6.28E-03 -7.39 -6.12E-03 -7.16 -6.27E-03 -7.37 -6.27E-03 -7.37

Y 3 lot -1.24E-17 -2.96 -1.24E-17 -2.97 -1.21E-17 -2.88 -1.23E-17 -2.92

pat.gar -1.49E-02 -3.29 -1.47E-02 -3.23 -1.48E-02 -3.27 -1.49E-02 -3.28

garageca -3.61E+00 -10.90 -3.58E+00 -10.81 -3.57E+00 -10.69 -3.56E+00 -10.73

XYsq 1.57E-15 10.90 1.59E-15 10.78 1.50E-15 10.77 1.51E-15 10.77

Y 3 sqft -3.68E-17 -10.57 -3.64E-17 -10.45 -3.66E-17 -10.52 -3.64E-17 -10.43

X 3 sqft -3.37E-18 -8.10 -3.28E-18 -7.92 -3.30E-18 -7.98 -3.32E-18 -7.98

XYsqlot 1.73E-17 3.67 1.69E-17 3.58 1.70E-17 3.59 1.72E-17 3.63

Y 3 garage -1.04E-16 -10.23 -1.03E-16 -10.25 -9.93E-17 -10.09 -1.01E-16 -9.97

sqft.ac 4.95E-03 10.44 4.96E-03 10.47 4.99E-03 10.51 4.99E-03 10.51

XY 2 garage 2.02E-16 9.29 1.96E-16 9.29 1.92E-16 9.14 1.94E-16 9.04

sqft.year -3.89E-05 -6.72 -3.75E-05 -6.45 -3.84E-05 -6.65 -3.81E-05 -6.58

XYyear -1.80E-13 -10.00 -1.80E-13 -9.99 -1.72E-13 -9.83 -1.73E-13 -9.87

X 2 year 1.47E-13 9.99 1.45E-13 10.10 1.37E-13 9.99 1.39E-13 9.90

X 2 Y -1.29E-15 -9.60 -1.29E-15 -9.61 -1.20E-15 -9.58 -1.22E-15 -9.41

X 2 garage -2.31E-11 -8.24 -2.22E-11 -8.20 -2.18E-11 -8.07 -2.21E-11 -7.99

MSAA -2.60E-02 -1.75 -2.23E-02 -1.73 -4.58E-03 -0.33 6.93E-03 0.51
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Table D.1 continued:  Results of Model 19, Submodels e-h.. 
 

 
 

Model 19e Hohokham 19f Magee 19g Mansfeld 19h Maxwell

coefficent t -value coefficent t -value coefficent t -value coefficent t -value

(Constant) 4.56E+00 32.97 4.69E+00 34.72 4.68E+00 34.72 4.68E+00 34.43

Y 2 sqft 1.18E-11 11.53 1.07E-11 11.03 1.02E-11 10.57 1.09E-11 10.76

UAZone 3.56E-01 23.25 3.58E-01 23.40 3.52E-01 22.95 3.55E-01 23.02

year.gar 1.97E-03 11.52 2.02E-03 11.64 1.95E-03 11.39 1.97E-03 11.25

stress00 -1.65E-01 -10.49 -1.69E-01 -10.77 -1.64E-01 -10.41 -1.71E-01 -10.90

lot.year 1.37E-04 8.25 1.32E-04 7.92 1.34E-04 8.09 1.32E-04 7.93

pationum 4.37E-02 5.74 4.39E-02 5.77 4.40E-02 5.78 4.35E-02 5.71

sqft.lot -6.42E-03 -7.55 -6.29E-03 -7.41 -6.22E-03 -7.33 -6.26E-03 -7.36

Y 3 lot -1.26E-17 -3.01 -1.14E-17 -2.72 -1.26E-17 -3.02 -1.21E-17 -2.89

pat.gar -1.51E-02 -3.33 -1.55E-02 -3.43 -1.50E-02 -3.31 -1.48E-02 -3.26

garageca -3.68E+00 -11.09 -3.75E+00 -11.19 -3.59E+00 -10.87 -3.65E+00 -10.80

XYsq 1.48E-15 10.66 1.45E-15 10.41 1.54E-15 11.10 1.51E-15 10.87

Y 3 sqft -4.07E-17 -11.09 -3.68E-17 -10.58 -3.53E-17 -10.13 -3.77E-17 -10.32

X 3 sqft -3.35E-18 -8.09 -3.29E-18 -7.94 -3.39E-18 -8.19 -3.32E-18 -8.01

XYsqlot 1.73E-17 3.66 1.66E-17 3.52 1.68E-17 3.57 1.73E-17 3.64

Y 3 garage -9.60E-17 -9.73 -9.87E-17 -10.05 -1.09E-16 -10.76 -1.00E-16 -10.15

sqft.ac 4.91E-03 10.35 4.92E-03 10.37 4.94E-03 10.43 4.98E-03 10.49

XY 2 garage 1.87E-16 8.92 1.92E-16 9.17 2.08E-16 9.73 1.93E-16 9.19

sqft.year -4.51E-05 -7.41 -3.85E-05 -6.67 -3.60E-05 -6.20 -4.01E-05 -6.64

XYyear -1.66E-13 -9.48 -1.69E-13 -9.67 -1.78E-13 -10.17 -1.74E-13 -9.92

X 2 year 1.38E-13 10.05 1.30E-13 9.35 1.41E-13 10.28 1.38E-13 10.07

X 2 Y -1.23E-15 -9.84 -1.11E-15 -8.65 -1.22E-15 -9.79 -1.21E-15 -9.67

X 2 garage -2.11E-11 -7.83 -2.18E-11 -8.10 -2.36E-11 -8.63 -2.20E-11 -8.12

MSAA 8.09E-02 3.49 -4.34E-02 -3.10 4.50E-02 3.96 -1.63E-02 -0.99
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Table D.1 continued:  Results of Model 19, Submodels i-l.. 
 

 

Model 19i Pistor 19j Safford 19k Secrist 19l Townsend

coefficent t -value coefficent t -value coefficent t -value coefficent t -value

(Constant) 4.67E+00 34.41 4.61E+00 33.98 4.66E+00 34.35 4.64E+00 34.30

Y 2 sqft 1.07E-11 10.84 1.03E-11 10.64 1.06E-11 10.98 1.02E-11 10.39

UAZone 3.57E-01 23.27 3.59E-01 23.44 3.57E-01 23.28 3.54E-01 23.00

year.gar 1.94E-03 11.30 1.90E-03 11.07 1.93E-03 11.28 1.91E-03 11.16

stress00 -1.70E-01 -10.83 -1.81E-01 -11.32 -1.71E-01 -10.87 -1.72E-01 -10.96

lot.year 1.33E-04 7.98 1.33E-04 8.02 1.32E-04 7.97 1.35E-04 8.09

pationum 4.36E-02 5.72 4.37E-02 5.75 4.36E-02 5.73 4.33E-02 5.69

sqft.lot -6.25E-03 -7.36 -6.27E-03 -7.38 -6.27E-03 -7.38 -6.32E-03 -7.43

Y 3 lot -1.22E-17 -2.91 -1.20E-17 -2.88 -1.20E-17 -2.87 -1.28E-17 -3.05

pat.gar -1.48E-02 -3.25 -1.49E-02 -3.28 -1.48E-02 -3.27 -1.46E-02 -3.23

garageca -3.59E+00 -10.84 -3.51E+00 -10.59 -3.58E+00 -10.81 -3.54E+00 -10.68

XYsq 1.51E-15 10.75 1.47E-15 10.57 1.49E-15 10.54 1.50E-15 10.86

Y 3 sqft -3.69E-17 -10.40 -3.56E-17 -10.19 -3.66E-17 -10.51 -3.52E-17 -9.87

X 3 sqft -3.30E-18 -7.98 -3.28E-18 -7.94 -3.31E-18 -7.98 -3.31E-18 -7.98

XYsqlot 1.69E-17 3.58 1.67E-17 3.53 1.69E-17 3.58 1.73E-17 3.66

Y 3 garage -9.94E-17 -10.10 -9.82E-17 -9.99 -9.95E-17 -10.11 -1.02E-16 -10.27

sqft.ac 5.00E-03 10.52 4.97E-03 10.48 4.98E-03 10.50 4.98E-03 10.51

XY 2 garage 1.92E-16 9.15 1.89E-16 9.02 1.92E-16 9.15 1.97E-16 9.31

sqft.year -3.90E-05 -6.59 -3.66E-05 -6.32 -3.84E-05 -6.64 -3.66E-05 -6.25

XYyear -1.74E-13 -9.81 -1.67E-13 -9.56 -1.71E-13 -9.63 -1.72E-13 -9.84

X 2 year 1.39E-13 9.98 1.35E-13 9.81 1.36E-13 9.74 1.39E-13 10.10

X 2 Y -1.21E-15 -9.60 -1.18E-15 -9.47 -1.19E-15 -9.35 -1.22E-15 -9.75

X 2 garage -2.18E-11 -8.08 -2.16E-11 -8.01 -2.18E-11 -8.08 -2.23E-11 -8.22

MSAA 7.35E-03 0.47 1.01E-01 3.27 6.85E-03 0.45 -2.64E-02 -1.85
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Table D.1 continued:  Results of Model 19, Submodels m-q.  
 

 

Model 19m Utterback 10n Vail 19o Valencia 19p Wakefield

coefficent t -value coefficent t -value coefficent t -value coefficent t -value

(Constant) 4.67E+00 34.40 4.74E+00 34.70 4.69E+00 33.89 4.68E+00 34.70

Y 2 sqft 1.06E-11 10.99 1.05E-11 10.86 1.08E-11 11.00 1.05E-11 10.86

UAZone 3.57E-01 23.28 3.63E-01 23.56 3.56E-01 23.24 3.57E-01 23.34

year.gar 1.94E-03 11.29 2.02E-03 11.67 1.96E-03 11.31 1.90E-03 11.12

stress00 -1.72E-01 -10.77 -1.64E-01 -10.38 -1.70E-01 -10.84 -1.56E-01 -9.58

lot.year 1.32E-04 7.97 1.33E-04 8.04 1.36E-04 8.00 1.33E-04 8.00

pationum 4.36E-02 5.73 4.40E-02 5.78 4.37E-02 5.73 4.42E-02 5.81

sqft.lot -6.26E-03 -7.37 -6.24E-03 -7.35 -6.30E-03 -7.40 -6.32E-03 -7.45

Y 3 lot -1.21E-17 -2.89 -1.25E-17 -2.99 -1.26E-17 -2.99 -1.22E-17 -2.91

pat.gar -1.48E-02 -3.27 -1.50E-02 -3.31 -1.49E-02 -3.28 -1.50E-02 -3.31

garageca -3.59E+00 -10.83 -3.74E+00 -11.21 -3.63E+00 -10.85 -3.53E+00 -10.69

XYsq 1.51E-15 10.83 1.57E-15 11.23 1.51E-15 10.86 1.46E-15 10.51

Y 3 sqft -3.67E-17 -10.53 -3.61E-17 -10.38 -3.71E-17 -10.54 -3.61E-17 -10.37

X 3 sqft -3.29E-18 -7.94 -3.28E-18 -7.92 -3.31E-18 -7.99 -3.28E-18 -7.92

XYsqlot 1.70E-17 3.60 1.69E-17 3.59 1.68E-17 3.54 1.73E-17 3.67

Y 3 garage -9.96E-17 -10.11 -1.01E-16 -10.29 -1.00E-16 -10.15 -9.66E-17 -9.80

sqft.ac 4.98E-03 10.49 4.91E-03 10.34 4.99E-03 10.52 4.98E-03 10.52

XY 2 garage 1.92E-16 9.15 1.96E-16 9.34 1.93E-16 9.19 1.88E-16 8.97

sqft.year -3.85E-05 -6.65 -3.78E-05 -6.54 -3.93E-05 -6.71 -3.80E-05 -6.59

XYyear -1.73E-13 -9.87 -1.82E-13 -10.32 -1.74E-13 -9.92 -1.68E-13 -9.65

X 2 year 1.38E-13 10.04 1.44E-13 10.42 1.38E-13 10.05 1.34E-13 9.78

X 2Y -1.21E-15 -9.64 -1.25E-15 -9.94 -1.20E-15 -9.58 -1.17E-15 -9.34

X 2 garage -2.18E-11 -8.07 -2.23E-11 -8.26 -2.19E-11 -8.11 -2.12E-11 -7.84

MSAA 6.00E-03 0.44 4.54E-02 3.47 -2.23E-02 -0.96 -9.50E-02 -3.59
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