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This paper seeks to answer the question, “Do parents really care about test scores
when choosing a place to live?” The answer could be no for two reasons. One, parents
do care about school quality, but test scores are a poor measure of school quality. Two,
parents do not care about school quality; all they care about are neighborhood
demographics. I compare the residential location choices of households with children to
households without children. I find that parents in the San Francisco Bay area do care
about test scores, but that the importance of test scores diminishes as other neighborhood
characteristics are considered.



Researchers have long noted that measuring the effect of school inputs on student
output via education production functions is difficult. High-quality schools, i.e., those
with high-quality inputs, should produce desirable student outcomes like high test scores.
The influential Coleman Report of 1966, however, found that teachers and other school
resources have no discernable effect on student outcomes. Hanushek (1986) observes
that increased costs and quality of school inputs have been unmatched by improvement in
student performance. Failure to find a clear relationship between school inputs and
student outputs is due in large part to flawed input and output measures.

In the last several years, researchers have looked to other methods of measuring
school quality. Revealed preference methods measure school quality by considering
housing prices and the migration patterns of the primary consumers of educational
services—students and their parents. The idea underlying these measures is that a school
that is perceived to be of high quality will attract students, increasing the price parents are
willing to pay to live in that school’s attendance zone. In addition, parents’ residential
choices will affect neighborhood composition and school demographics.

Revealed preference measures of school quality have roots in Tiebout’s (1956)
hypothesis that mobile consumer-voters reveal their preferences for local public goods by
voting with their feet. Tiebout’s hypothesis has been refined and extended by later
researchers, and more recently, applied to sorting models that incorporate school quality
as a determinant of residential location choice. These are called revealed preference

models of school quality.



Test scores are often used as the measure of school quality in revealed preference
models. This paper seeks to answer the question, “Do parents really care about test
scores when choosing a place to live?” The answer could be no for two reasons. One,
parents do care about school quality, but test scores are a poor measure of school quality.
Two, parents do not care about school quality; all they care about are neighborhood
demographics. 1 will investigate households’ response to test scores as well as to a
regression-based measure of school quality based on peer characteristics, parental
involvement, and student achievement variables such as percentage of students meeting
certain college entrance requirements.

In this paper, I compare the residential location choices of households with
children to households without children. The main contributions of this paper are that,
unlike previous researchers, I do not impose an equilibrium condition on my model of
household location choice. Instead, I consider households that have undergone a move-
inducing shock. In addition, I estimate both a conditional logit and a mixed logit model.
Inherent in the conditional logit model is the independence of irrelevant alternatives (I1A)
assumption. According to the IIA assumption, the odds of choosing j over j’ are
independent of the presence or characteristics of a third alternative. This assumption is
untenable in the context of household location choice. A mixed logit model does not
assume the independence of irrelevant alternatives. Finally, I compare results based on
different measures of school quality, test scores and a regression-based measure.
Preliminary findings suggest that parents in the San Francisco Bay area care about test
scores, but that their importance diminishes as additional neighborhood characteristics

are included.



The paper proceeds as follows. Section II contains a brief literature review.
Section III describes the multiple data sources used in this analysis. Section IV describes
the construction of the regression-based measure of school quality. Section V discusses
issues in modeling residential location choice, and Section VI contains estimation results.

Section VII concludes.

There is a sizeable literature that considers the effect of school choice on student
achievement. Hoxby (2000) is a notable example in that she explicitly studies the effect
of Tiebout sorting on test scores. In this paper, however, I look instead at the effect of
school quality on household location choice. This can be measured using revealed
preference models of school quality. Such models fall in one of two categories: hedonic
housing models and discrete choice models.

According to the hedonic hypothesis, goods are valued for their utility-bearing
attributes or characteristics (Rosen 1974). In hedonic housing models, a house is
represented by a vector of characteristics. One characteristic could be the quality of the
neighborhood school as measured by test scores. The price of the house is a function of
these characteristics. Black (1999) uses a hedonic model to analyze three Boston suburbs
and finds that an increase in elementary school test scores leads to a significant increase
in the marginal resident’s willingness to pay to live within that school’s attendance zone.

A weakness of hedonic housing price models is that, though individual household
characteristics such as number of children influence parents’ willingness to pay for

school quality, such characteristics are not included in reduced-form hedonic regressions



of log price on house and neighborhood characteristics. Hedonic models do not look at
the location decisions of individual households; as such, they cannot include individual
household characteristics in the analysis.

Discrete choice models of household location allow the researcher to examine
how the effect of school quality on location choice differs with household characteristics.
Barrow (2002) directly considers the effect of school quality on households’ residential
location choices. Her identification strategy is to compare the location choices of
households with children to households without children, reasoning that nonschool
neighborhood characteristics will affect both types similarly, while only households with
children will care about school quality. Namely, she assumes that unobservable
neighborhood attributes are unlikely to be correlated with school quality interacted with
household child status.

Barrow (2002) considers households living in the Washington, D.C. Metropolitan
Statistical Area (MSA) in 1985 who continued to reside in the D.C. MSA in 1990
(though they may have moved within the MSA), and uses SAT scores as the measure of
school quality. Barrow (2002) finds that white households with children appear to
exercise school choice through location choice. Willingness to pay varies positively with
wealth, education, and age of household head. Among African-American households,
however, she does not find evidence that households with children locate in areas with
higher school quality than childless households, perhaps because some African-American
households encounter restricted neighborhood choice sets.

Bayer, Ferreira, and McMillan (2003) estimate household preferences over a

broad range of housing and neighborhood characteristics. They employ a two-part model



consisting of the household residential location decision problem and a market-clearing
condition. They find that households in the San Francisco Bay area are willing to pay an
additional one percent in house prices when the average performance of the local school
is increased by five percent.

Rothstein (2004) wonders if parents really do sort by school effectiveness, noting
that school choice may improve productivity if parents choose well-run, high-quality
schools, but not if parents choose schools primarily for their peer groups. He finds that
parents sort almost entirely by school demographic characteristics, implying that parents
do not value school effectiveness. This calls into question the findings of Black (1999),
Barrow (2002), and others—is the parental valuation of school quality that they find due
instead to peer effects? That is, do they control adequately for neighborhood
demographic characteristics, or do their measures of school quality reflect peer effects,

not school effectiveness?

In order to answer these questions, I compile data from several sources. I use the
2000 Census, 5% Public Use Microdata Sample to look at residents of six counties in the
San Francisco Bay Area. Like Bayer et al. (2003), I consider Alameda, Contra Costa,
Marin, San Mateo San Francisco, and Santa Clara counties. The Census contains data on
location, home characteristics, household characteristics, income, education,
occupation/employment status, migration/mobility status, and commute information.

Since Census data do not contain information on crime rates, I obtain the 1995-1999



average of county-wide violent crime rates per 100,000 people from the RAND
California crime rate database.

I restrict my sample to an area within California because school spending is not
directly related to local property tax rates as it is in many other states. The State Supreme
Court’s decision in the case Serrano v. Priest (1971) mitigates the problem of controlling
adequately for effective tax rates as they relate to school spending across regions. I
further restrict my sample to the San Francisco Bay area because this area is densely
populated and contains many different local jurisdictions. In addition, very few
commutes originating in this area end up outside the area, and few commutes ending up
in this area originate from outside the area (Bayer et al., 2003).

One weakness of the public use Census data is that household location is
identified at the Public Use Microdata Area (PUMA) level. PUMASs are areas of
approximately 100,000 people. In my analysis, neighborhood is synonymous with
PUMA. PUMAs, however, do not tend to line up with school district or attendance zone
boundaries, and several districts may be contained within one PUMA. As such, I have
had to compute PUMA-level averages of the school district data I describe below. ***
Add discussion of within- versus across-PUMA variation. ***

I use the entire San Francisco Bay area subsample to compute PUMA-level
demographic statistics, but my analysis focuses on households in which the heads have
moved from out of state in the previous five years. I look at out-of-state movers for two
reasons. One, they are less subject to Proposition 13 lock-in. California’s Proposition
13, passed in 1978, capped property tax rates at one percent of a home’s assessed value.

It also limited the rate of growth of property taxes. Since then, housing values have



increased considerably in California, so homeowners who have owned a house for many
years in California have a disincentive to move as they would have to pay property taxes
on the new home’s higher assessed value.

The second reason I focus on out-of-state movers is that I assume that they have
undergone a move-inducing shock. It is important to address the following question. If
communities are in Tiebout equilibrium to begin with, why do people move? Kane,
Staiger, and Riegg (2004) and Figlio and Lucas (2004) analyze different regime changes
(the redrawing of attendance district boundaries and the introduction of state-assigned
school grades, respectively) that can be considered as shocks that might induce families
to re-sort. I look instead at households choosing to move to California after experiencing
a shock in their home state (job relocation, for example).

School district data come from two sources: the National Center for Education
Statistics (NCES) Common Core of Data (CCD), and the California Department of
Education (CDE). From the NCES CCD, I obtain data on pupil-teacher ratios and school
demographics.

From the CDE, I obtain California Standardized Testing and Reporting (STAR)
test scores. The STAR program requires students in grades two through eleven to take
the Stanford Achievement Test Series, Ninth Edition (Stanford 9) each year. Students in
grades two through eleven are tested in reading, language, and mathematics. Students in
grades two through eight are also tested in spelling, and students in grades nine through
eleven are tested in science and social science. The Stanford 9 was first administered to
students in grades two through eleven in California public schools during spring 1998. 1

use district-level 1998-1999 averages of reading and math scores. Averaging over two



years reduces year-to-year noise in test scores. In addition, I use CDE data on the
percentage of students in each district fulfilling University of California (UC) or
California State University (CSU) entrance requirements upon graduation, taking the
1995-1999 average. These requirements specify types and numbers of courses students
must complete with sufficiently high grades in high school in order to be eligible to
attend a UC or a state school.

*#* Add data source for parental involvement in the school district. ***

*** To be added ***

Barrow (2002) estimates a multinomial logit model of household location choice.
Other authors refer to this type of model as a random utility model or a conditional logit
model. In addition, since the model was introduced by McFadden (1974), some refer to it
as McFadden’s choice model. I will follow the convention of Wooldridge (2002) and use
the term conditional logit. According to Wooldridge (2002), the conditional logit model
is intended for problems in which consumer choices are at least partly based on
observable attributes of the alternatives under consideration, as they are in my analysis,
while the multinomial logit model is appropriate for problems where characteristics of the
alternatives are not important, or if data on these attributes are not available (p. 501).

According to the conditional logit model, households maximize indirect utility:

Uy =V +&ys (D



where h indexes households, j indexes neighborhoods, and
th = Xr:jﬂ . (2)

ghj

is independently and identically distributed as type 1 extreme value. X, contains
neighborhood characteristics, including school quality, and their interactions with
household characteristics.

The choice probability, or the probability that household h chooses community |,
is given by
_ eXp(th)

= ) 3)
Z eXp(th )

hj
where K denotes the total number of neighborhoods under consideration. The parameters
of this model are estimated using the method of maximum likelihood.

A problematic restriction of this model is that assuming that the error term 1is i.1.d.,
type 1 extreme value gives rise to the independence from irrelevant alternatives (IIA)
assumption. According to the IIA assumption, the odds of choosing j over |’ are
independent of the presence or characteristics of a third alternative. This assumption is
questionable in the context of household location choice, but it allows me to consider a
subset of the full set of neighborhood choices and focus on the San Francisco and
Oakland metropolitan areas. In addition, McFadden (1984) shows that even in cases
where the IIA assumption is implausible, the conditional logit model is robust as
measured by goodness-of-fit or prediction accuracy.

Bayer et al. (2003) model residential location choice using a conditional logit
model. In addition, they include an equilibrium condition which is a set of residential

location choices and prices such that the housing market clears and each household
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makes its optimal choice given the decisions of all other households. They also utilize
the school attendance zone boundary fixed effect method pioneered by Black (1999) in
order to address the correlation between school quality and unobserved neighborhood
characteristics. Instead of positing that the San Francisco Bay area housing market is in
equilibrium, I restrict my sample to households that have undergone a move-inducing
shock. I am unable to employ the boundary fixed effect method of Black (1999) and
Bayer et al. (2003) because I use public-use Census data. Like Barrow (2002), therefore,
I consider households with children and households without children separately in order
to address correlation between school quality and unobserved neighborhood
characteristics, reasoning that unobserved neighborhood characteristics affect both types
similarly, while school quality has a greater impact on households with children.

Though it is worthwhile to estimate a conditional logit model in order to compare
my results to those of previous researchers, the IIA assumption is troublesome. The
following example illustrates how the IIA assumption could be violated in the context of
my analysis of household location choice. The city of San Francisco consists of seven
PUMASs. The two southernmost San Francisco PUMAs, 02206 and 02207, border the
two northernmost San Mateo County PUMAs, 02301 and 02302. I, a household head
and out-of-state mover, am considering one house in PUMA 02206 and one in PUMA
02207. Perhaps the house in PUMA 02207 is closer to my new job, but more expensive
than the house in PUMA 02206. Say there is a 60% chance I choose the home in PUMA
02207 over the home in 02206. All of a sudden, a house becomes available in PUMA
02302 in San Mateo County. This house is also close to my new job, but is less

expensive than the house in PUMA 02207. It is unreasonable to assume that the
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availability of a house in San Mateo County would not change the odds that I would pick
PUMA 02207 over PUMA 02206. In this example, the odds that I would pick PUMA
02207 over PUMA 02206 would most likely decrease.

In order to avoid restrictions caused by the IIA assumptions, one can use the
mixed logit model which allows the error components of different alternatives to be
correlated in the following manner:

Uhj =th + 1+ €y - 4)

Here, & is independently and identically distributed as type 1 extreme value, but the
distribution of 7, depends on h and j. In the mixed logit model,

Vi = X8, - (5)

Notice that £ is allowed to vary across households.
The conditional probability that household h chooses community j is

Vij + 77y
Ly, (:Bh|77hj)= Kexp( M ) ) (6)

z eXp (th + )
k=1

while the unconditional choice probability is
Phj (:Bh |Q) = Lh_ th (:Bh |77hj )f (77hj |Q)77hj > (7)

where Q contains the fixed parameters of the distribution of 7, .

The integral on the right-hand side of (7) has no closed-form solution and must be
approximated through simulation. This gives rise to a simulated likelihood function
which can be maximized using quadratic hill climbing or gradient methods (Hensher and

Greene 2003).
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The advantage of the mixed logit model is that 7, can be specified in different

ways depending on how the i.i.d. assumption of the conditional logit model is violated.
The conditional logit i.i.d. assumption could be violated because of unobserved attributes;
that 1s, because alternatives share unobserved attributes that influence choice, or because
of random taste variation; that is, because unobserved characteristics of the household
influence how observed household and alternative characteristics interact (Glasgow
2001). Both types of violations are most likely present in analyses of household location
using discrete choice models. Thus it is important to compare results obtained via

conditional logit to those obtained via mixed logit to assess the robustness of the results.

# &
Table 1 contains results from three specifications of a conditional logit model of

household location choice.
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% & # b )

Dependent variable: indicator for location choice

@) 2 3)
School-quality measures and interactions
. -0.017 -0.010 -0.003
Average of reading and math scores (0.001)** (0.001)*** (0.001)***
. . . 0.023 0.023 0.008
Avg. score-child 18 or under interaction (0.001)*** (0.001)*** (0.002)#*
Regression-based measure To be included | To be included | To be included
Regression-based measure-child interaction To be included | To be included | To be included
Neighborhood characteristics
0.001 0.001
Average house payment (rent or mortgage) (0.000)*** (0.000)***
. 0.954 0.960
Population (100,000) (0.060)*** (0.062)***
. 1.913 1.812
Percent white (0.121)%* (0.126)%**
Unemployment rate 4.727 >-361
ploy (1.243)%%* (1.255)%**
-0.009 0.015
Average age of household heads (0.007) (0.007)%*
Percent homeowners -3.14 -3.700
(0.209)*** (0.239)***
. 0.000 0.000
Average household income (0.000) (0.000)
Average commuting time -0.013 -0.028
& & (0.005)%** (0.005)***
County crime rate 0.000 0.000
y (0.000)*** (0.000)***
Neighborhood characteristic-household interactions
. o . 4.596
Percent children 18 or under-child interaction (0.224)%
Percent less than HS-head less than HS interaction 4.200
(0.333)%**
Percent HS grad-head HS grad interaction 6.812
£ & (0.649)***
Percent some college-head some college interaction 3.840
& £ (0.444)***
Percent college grad-head college grad interaction (Oééglo)i**
Percent grad degree-head grad degree interaction 4.704
g g g g (0.250)**

Notes: Number of households = 6,967. Number of PUMAS (neighborhood choices) = 33. * denotes
significance at the 10% level, ** at the 5% level, and *** at the 1% level. These results are from the
following five counties only: Alameda, Contra Costa, Marin, San Francisco, San Mateo.

Specification 1 includes school quality measures and their interactions only. The
coeffiecient on average test scores is negative and statistically significant in this

specification. Households with children, however, appear to locate in areas with higher
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average test scores than households without children. Since this school quality measure
are likely to be correlated with other neighborhood characteristics, specifications 2 and 3
contain controls for other location characteristics.

Specification 2 includes neighborhood characteristics such as cost of housing,
population, percent white, unemployment rate, average age of household heads, percent
homeowners, average household income, average commuting time, and county crime
rate. In addition, specification 3 includes neighborhood -characteristic-household
interactions; i.e., percent of population less than or equal to 18 interacted with an
indicator for child 18 or under and head’s education level interacted with percent of
population with that education level.

Across specifications 2 and 3, the effects of neighborhood characteristics are
generally consistent with expectations, though the positive and significant coefficient on
the housing cost variable suggests that there are some unobserved neighborhood
characteristics not captured in these specifications. In addition, the coefficients on the
unemployment rate and percent homeowners suggest some class segregation in the San
Francisco Bay area. All of the household-neighborhood interactions are positive and
significant, indicating that people choose to live near others like them.

The coefficients of interest are the coefficient on average test score and its
interaction with household child status. As more covariates are added, the average test
score coefficient grows slowly but remains negative. The sign is likely due to the
correlation of test scores with unobserved neighborhood characteristics. The average

score-child interaction coefficient is positive but shrinking. This indicates that parents in
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the San Francisco Bay area do care about test scores, but that the importance of test

scores diminishes as other neighborhood characteristics are considered.

. (

My results show that the importance of test scores diminishes as other
neighborhood characteristics are added, providing evidence that unobserved
neighborhood characteristics are important. This justifies estimating a mixed logit model
that controls for unobserved neighborhood characteristics. I plan to do this as a further
extension to this paper.

In addition, I will develop a regression-based measure of school quality by
regressing test scores on peer characteristics, parental involvement, and achievement
measures such as percentage of students meeting UC/CSU entrance requirements.
Comparing the coefficients on this measure and its interaction with child status to those
using test scores will tell me if school quality is important to parents even though test

scores may be a poor measure of quality.
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