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Abstract 
Persistent racial wealth inequality in the United States is closely tied to differences in 
homeownership rates and property values. Racial inequality in property taxes contribute to this 
inequality yet remain an essential source of revenue for local governments.  

 

This dissertation investigates the mechanisms and extent of racial inequality in property tax burdens. 
It combines national quantitative analyses with interviews from county assessors in Washington 
State. The study uses administrative datasets, including Zillow’s ZTrax, mortgage application data 
sourced from the Home Mortgage Disclosure Act, and the American Community Survey. To 
analyze properties from a wider range of regions, the research imputes homeowner race using 
RAND’s Bayesian Improved First name-Surname Geocoding algorithm. The study also compares 
models that use imputed race with those that use self-reported race to clarify the strengths and 
limitations of each method. By integrating these methods with census-tract-level socioeconomic 
variables, the research estimates racial gaps in property assessment ratios. The analysis examines how 
sales volume, gentrification, and other neighborhood characteristics affect assessment equity for 
Black, Latino, Asian Pacific Islander, and American Indian/Alaska Native homeowners relative to 
White homeowners. 

 

The key findings show significant racial disparities in property tax assessments, with minority 
homeowners experiencing higher relative tax burdens in areas with lower housing market activity. In 
census tracts with high sales volume, these gaps are smaller or, in some cases, statistically insignificant 
for certain minority groups. This suggests that increased transaction data and market transparency 
can help reduce assessment inequities. 

 

Policy recommendations include improving local government data collection and analysis, such as 
using GIS for neighborhood amenities, and advocating for routine, high-quality property 
reassessment. The dissertation concludes that, with targeted interventions and more effective 
administrative procedures, property assessment equity is achievable. Future research should leverage 
natural experiments from changes in reassessment schedules and study homogeneous housing 
developments to better isolate the causal mechanisms behind racial disparities in property taxation.  
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Chapter One – Policy Problem and Background 

Policy Issue 
The United States’ history of slavery, Jim Crow, and inconsistent enforcement of civil rights law 
have produced and sustained racial wealth inequality. In 2022, The household wealth of the median 
White family was more than five-times that of the median Hispanic family and roughly seven-times 
the wealth of a median Black family according to work done by the Federal Reserve (Board of 
Governors of the Federal Reserve System, 2023). Differences in income stability and returns on 
investment in housing explains a large portion of this inequality (Kermani & Wong, 2021; Gyourko 
et al, 1999). According to the U.S. Census Bureau (2024) 74.3 percent of White Americans were 
homeowners, while only 49.5 percent of Hispanic Americans and 45.7 percent of Black Americans 
owned their homes. Further, the median value of a home owned by the typical White family was 
$310,000 in the same year, while the median value of homes owned by Black and Hispanic families 
were $150,000 and $200,000. Given that homes are the largest wealth building vehicles for most 
Americans, policymakers have long tried to address the wealth gap by closing racial gaps in 
homeownership rates. At the same time, property taxes are heavily relied on by local governments to 
fund key services (Urban Institute, 2022). While many of these services benefit homeowners, the 
taxes necessary to provide them are a nontrivial cost of homeownership, and regressivity in the 
property tax structure can disproportionately increase the financial burden of homeownership for 
low-income homeowners or would-be homeowners. 

 

Research by Christopher Berry shows that, on average, homes priced in the bottom decile incur an 
assessment level twice as high as homes priced in the top decile, meaning the property tax burden 
disproportionally falls on owners of low value homes. Similarly, in their 2022 work, Avenancio-León 
& Howard show that average assessment levels are systematically lower for White homeowners than 
they are for their Black and Hispanic neighbors even after controlling for relevant housing 
characteristics, resulting in a property tax burden that is 10-13 percent higher for homeowners of 
color. While the above research has substantially advanced our knowledge of inequalities in the 
property tax burden, it has yet to grapple with how the dynamics of local housing markets affect this 
inequality. Namely, the role of neighborhood socioeconomic change in mediating or exacerbating 
racial inequalities in the property tax burden, and whether greater frequency of home sales in a 
smaller geographic area, providing more accurate information to assessors on small-area market 
values, mitigates this inequality. Further, no studies to my knowledge exist exploring the political 
and practical constraints faced by property assessors, who are often elected officials, when addressing 
this inequality (see Literature Review below). Investigating these intricacies promises to improve 
policymakers’ understanding of racial inequalities in the property tax burden, which can lead to 
tractable policy solutions and, ultimately, more equitable funding for local governments. 
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Background 
General Information 
Taxes on land and structures owned by individuals or businesses have a long history. In the United 
States, some form of property tax existed even before the American Revolution (Wallis, undated). 
Early property taxes were not limited to real estate but also encompassed “personal property,” 
including physical assets such as machinery as well as financial assets like stocks and bonds 
(Youngman, 2016). However, the challenge of accurately assessing such a wide range of property 
types proved overwhelming for local and state governments, leading to reforms that gradually 
narrowed the property tax base to focus primarily on real estate and tangible personal property. To 
address the taxation of other forms of wealth, advocates promoted the adoption of state income taxes 
(Youngman, 2016). As a result, property taxes became the primary source of revenue for local 
governments, while states relied more heavily on income and other taxes (Youngman, 2016). 

 

Typically, property taxes account for 30 percent of local governments’ general revenue in the United 
States (Urban Institute, 2022). Levying and collecting property taxes starts with each taxing entity 
determining a level of public expenditure through the political process. After expenditure levels are 
set, a tax rate is determined by dividing the budgeted dollar amount by the aggregate value of taxable 
property in each jurisdiction. In most states, the responsibility for determining this value falls to 
county assessors’ offices, whose assessors must estimate the value of some state-determined-fraction 
of all residential and commercial property in their jurisdiction.1 In many states, assessors estimate 
100 percent of the “fair-market value”2 of each property they are responsible for, though this fraction 
differs across states and in some cases varies across counties, municipalities, or townships within a 
state.3  

 

Assessment Methods 
Methods for assessing property values vary across jurisdictions; however, generally an assessor 
chooses one of several methods sanctioned by the International Association of Assessing Officers 
(IAAO), an industry association with roughly 8,000 members worldwide. Given the large number of 
properties in most counties, it is most common for an assessor to use statistical tools as their primary 
method for estimating property values. Specifically, the sales comparison approach (hedonic 
regressions) is a popular method for estimating single-family residential property prices as outlined in 
technical guidance documents from the IAAO (IAAO, 2017). This technique treats the price of a 
home as the dependent variable and uses sales data from recent transactions in the area to estimate 

 
1 Key exceptions of this rule are many areas in New England and the State of New York. In these regions, authority for 
levying and collecting property taxes fall to townships and other non-county jurisdictions.  
2 “Fair-market value” is typically interpreted to mean what a willing buyer would pay an unencumbered seller for a 
property in an arms-length transaction. 
3 Some states that do not assess residential property at 100 percent of market value include Georgia, Florida, New York 
State, Colorado, any many more. 
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how various home features affect sales prices. Typically, assessors use only a select number of 
attributes for which there is consistent data collected. 

 

In addition to conducting mass appraisals, assessors are typically required by state constitutions to 
perform in-person visits to a subset of properties within their jurisdiction each year.4 To manage this 
process, jurisdictions are often divided into “regions,” with assessors rotating through a different 
region each year to physically inspect property conditions. The information gathered during these 
inspections is then used to refine and adjust the mass appraisal estimates. Once each property is 
assessed, public officials apply the predetermined tax rate to every property in their jurisdictions. A 
homeowner’s final property tax invoice is the sum of the rates applied by all overlapping tax 
jurisdictions in which their home is located applied to its assessed value. 

 

While this process is continuously underway for some subset of properties in an Assessor’s portfolio, 
it is not uncommon for tax rates to be applied to the same assessed value for multiple years until it is 
re-assessed with more timely data. In some cases, assessors may apply a city or county-wide average 
growth rate to an out-of-date assessment value and use this as the new taxable value for that property 
in a new fiscal year. To the extent that a given property’s value grows at a different rate than this 
average, this technique may introduce bias into property assessments. 

 

Auditing for Accuracy and Equity 
Guided by standards put forward by the IAAO, Assessors Offices typically perform internal audits of 
their work for evidence of systematic bias in property assessments. A primary concern for property 
assessors is the concept of vertical equity – making sure that homes priced in higher deciles are 
assessed at the same legally mandated percent of market value as homes in the lower deciles. To the 
extent that owning a more expensive home is correlated with higher net wealth, achieving vertical 
equity implies that property assessments are equalized in terms of wealth, but not necessarily by race. 
Further, since assessors do not systematically observe property owner race even when performing 
physical inspections, ensuring equity across racial groups is not possible. 

 

While Assessors may use various statistical techniques to test for vertical equity5, one of the most 
common (and the one advocated for use by the IAAO) is the price-related differential or PRD.  

 
4 Assessors limit their physical inspection to external building conditions. 
5 Other common methods used in ratio studies are measures of uniformity like the Coefficient of Dispersion (COD). 
The COD measures the percent deviation of a given ratio from the median ratio as calculated from a sample of 
properties in each jurisdiction. Audits may also use simple linear regressions in which a property’s assessed value is 
regressed on its transaction value, or vice versa. See Carter (2016) for a discussion on the history of these different 
methods and McMillen & Singh (2023) for a review of major limitations of these studies and newly proposed 
alternatives.  
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Developed by the U.S. Census Bureau in 1957, the PRD is calculated for properties in the assessing 
jurisdiction that have sold recently using the following equation: 

 

Equation 1 Price Related Differential 

PRD = = ∑ "##$##%$&'	)*'+,! &⁄
"
!#$

∑ "##$##$./*01$!"
!#$ ∑ 2*0$#34+5$!"

!#$6
 

 

 

𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡𝑅𝑎𝑡𝑖𝑜+ is the ratio of a property i’s assessed value to its sales price; 𝐴𝑠𝑠𝑒𝑠𝑠𝑒𝑑𝑉𝑎𝑙𝑢𝑒+ is 
property i’s assessed value and 𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+ is property i’s sales price. In other words, the PRD is a 
ratio of the average assessment ratio for a group of homes divided by a sales-price-weighted average 
of assessment ratios of the same group of homes (see Appendix A). It is important to highlight that 
the PRD cannot be calculated for specific homes, but is a statistic calculated for an entire sample of 
property assessments. 

 

Recognizing that measurement error is likely when estimating home values, the IAAO stipulates that 
vertical equity is achieved in a jurisdiction, if the PRD falls within the range of 0.98 and 1.03. Below 
this range, property assessments are considered progressive – that is lower valued homes are 
underassessed relative to higher value homes; above this threshold, property assessments are consider 
regressive with lower value homes being over assessed relative to higher value homes (IAAO, 2017). 
The latter is the primary concern of vertical equity tests.6   

 

While the PRD is easily calculated with data already collected by assessors, it is far from perfect. Its 
reliance on averages means that a substantial amount of information on variation among properties 
in a taxing jurisdiction is lost. Indeed, it is a fallacy to conclude that a PRD statistic within the 
prescribed range from the IAAO means that individual properties or even a subset of properties are 
not systematically over or underassessed relative to their market price. Consider the stylized example 
below. 

 

Price Related Differential 
In this example, I simulate a vertical equity study conducted by a fictional assessor’s office covering 
1,000 properties. Fair market values for this fictional jurisdiction are positively skewed with a mean 

 
6 When property prices are used as weights, the overall assessment ratio can be decomposed into distinct components, 
with higher-value properties exerting a greater influence on the final value in the denominator. If the value in the 
denominator is larger than the numerator, this suggests that higher-value properties have disproportionately higher 
assessment ratios, resulting in a PRD value below one. Conversely, if the denominator is smaller than the numerator, it 
indicates that lower-value properties are, on average, disproportionately over assessed. 
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value of approximately $120,000. The skewed distribution accurately reflects home values in a 
typical assessing jurisdiction, with most homes centered around the median value and a small 
number of high-value homes skewing the mean sales price upward. 

 

After generating fair market values, I simulate base level assessed values with the following two 
assumptions. First, I assume that assessors in this jurisdiction are statutorily required to assess 
properties at 100 percent of fair-market value; second, I assume that while error in assessed values 
occurs, assessments are generally accurate, on average. I operationalize this assumption by setting 
assessed values equal to the property’s fair market value plus a normally distributed error term with 
mean zero and a variance of $50,000.  

 

With base level assessed values calculated, I then run two Monte Carlo simulations to examine if the 
PRD is appropriately sensitive to increasing levels of inequality measured in two ways:  

 

1. An average overassessment of properties priced in the 25th percentile by five to 55 percent, 
and  
 

2. A fixed average overassessment of 15 percent for an increasing share of the total properties 
assessed, from those priced in or below the 15th percentile to those in or below the 60th 
percentile. 

 

 

Results of both simulations are presented in Figure 1. The upper panel plots the PRD as homes 
priced at or below the 25th percentile are over assessed at an increasing average rate; the bottom panel 
is the analogous graph when an increasing number of homes are over assessed by 15 percent, 
regardless of home price. To generate a representative relationship, each simulation was run one 
hundred times and the resulting PRDs for each sample averaged. 
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Figure 1 Price Related Differential Simulation 

 

 
Panel A demonstrates that, on average, the PRD statistic lies underneath the IAAO recommended 
maximum of 1.03 until homes priced in or below the 25th percentile are overassessed by an average 
of nearly 30 percent while homes above this percentile are, on average, not over assessed. This is a 
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significant level of systematic overassessment of low-value properties and would result in an 
inequitable property tax burden within this fictional jurisdiction, assuming each property faces the 
same tax rate.  

 

Similarly, Panel B plots the relationship between the PRD and a constant 15 percent over assessment 
of an increasing share of all properties in the jurisdiction – up to 60 percent of the entire sample. In 
this instance, the PRD statistic never passes its 1.03 threshold. This implies that, in this fictional 
jurisdiction, a large share of total properties could be over assessed without triggering concern from 
property assessors following relevant guidelines for auditing their own work. As with the first 
simulation, this also implies that – assuming wealth is correlated with home values – less prosperous 
homeowners are subsidizing high wealth individuals use of public services which property taxes fund. 

 

While this exercise says nothing about racial inequality in property taxes, it highlights how diligent 
assessors could miss substantial levels of inequality even when thoroughly auditing their work using 
conventional tests. Further, while the PRD is clearly not perfect, much literature exists on relative 
benefit to other available measures of vertical inequity (McMillen & Singh, 2023) and the 
difficulties of introducing conceptually superior metrics. Even in this broad literature, there are to 
my knowledge no studies examine the feasibility of practically implementing other kinds of statistical 
analysis at the local level to better identify property tax inequality along any socioeconomic 
dimension. 

 

Coefficient of Dispersion 
Beyond ensuring uniformity in central tendency across taxing jurisdictions, county assessors and 
state auditors also study measures of dispersion. The primary statistic used in this analysis is the 
coefficient of dispersion (COD), which represents the distance (in percentage terms) of each 
property’s assessment ratio from the median assessment ratio in an area. Equation 2 presents the 
formal equation for calculating the COD. A smaller COD value indicates that assessment ratios in a 
region are more uniform and is often considered desirable; however, if too low (often 4 percent or 
below according to the IAAO) state auditors may be wary. In such cases, “sales chasing” or selectively 
only reassessing properties that sold that cycle is a likely culprit.  
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Equation 2 Coefficient of Dispersion 

𝐶𝑂𝐷 = 100 × :
1
𝑛∑ |𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡	𝑅𝑎𝑡𝑖𝑜+ −𝑀𝑒𝑑𝑖𝑎𝑛	𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡	𝑅𝑎𝑡𝑖𝑜|7

+89

𝑀𝑒𝑑𝑖𝑎𝑛	𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡	𝑅𝑎𝑡𝑖𝑜 @ 

 

 

Contesting Property Assessments 
Beyond internal audits performed by county assessors, the legal system is another avenue for 
rectifying inaccurate or inequitable property assessments. Homeowners may appeal a property 
assessment if they find it too high. While the exact process may differ across states, the general 
process of contesting a property assessment is as follows. 

 

First, a homeowner receives notice that their property was reassessed which includes the new assessed 
value. If the homeowner disagrees with this assessed value, they contact their county (or municipal) 
assessor’s office to file a petition for a reevaluation. In this petition, the homeowner can propose a 
new assessment value, request copies of the information used by the assessor in estimating their 
home value and provide relevant evidence in support of their preferred value. If an agreement 
between the homeowner and the assessor’s office cannot be reached, the homeowner may then 
appeal to a board of equalization (a local board of assessment professionals) within a state-mandated 
timeline – again typically at the county level. The parties then present their evidence in an informal 
hearing in front of the board. After the board reaches a decision in favor or against the homeowner, 
either party may further appeal this verdict to a state board level of appeals and further to state 
superior court.  

 

Equalization and External Audits 
Equality across taxing jurisdictions is also necessary for state-wide property taxes, this ensures that 
certain localities do not subsidize others in funding important services. The process of adjusting 
jurisdiction-level assessments to achieve inter-jurisdiction equity is known as equalization. Unlike 
property assessments, this is typically the purview of the county boards or the state government.  

Literature Review 
Assessment Inequality 
There is a long history of minority property owners in the United States raising concerns that their 
property was over assessed relative to White residents in the same area. Kharl, (2016) chronicles how 
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purposely inflated property assessments were used to strip wealth from and displace Black 
landowners during Reconstruction and in the Jim Crow South.  In his book The Color of Law 
(2017), Rothstein provides accounts of how racial inequities in property taxes laid the foundation of 
numerous lawsuits brought against counties across the country in the mid nineteenth century.  

 

Increased litigation led dozens of states to dramatically upend their property tax assessment systems 
and corresponded with greater academic interest in the regressivity of property taxes and the use of 
more sophisticated statistical methods, such as hedonic price modeling and computers, to conduct 
mass appraisals (Baar, 1981). Along with these techniques came new measures of property tax equity, 
such as the PRD described above and the coefficient of dispersion, which measures variance in 
property assessments. The development of new assessment techniques continues today, as 
exemplified by McMillen & Singh (2023), whose recent work demonstrates that regression-based 
mass appraisal methods can be biased toward inducing regressivity, particularly if analysts do not 
account for endogeneity (see Appendix B). As shown by Avenancio-León & Howard (2022), Berry 
(2021), and others, inequalities in property assessments—and, by extension, property tax burdens—
remain a problematic issue, despite ongoing improvements in assessment practices and reforms over 
the last century, such as caps on rate increases and tax credits for seniors and veterans, among others. 

 

Several factors have been proposed as the key contributors to inequality in the racial property tax 
burden and the persistent problem of regressivity in property assessments more generally. Avenancio-
León & Howard (2022) demonstrate that half of their baseline estimates of racial inequality in 
assessments are explained by neighborhood (i.e., small geographic areas within a given taxing 
jurisdiction) characteristics that correlate with the demographic makeup of the area, such as the 
poverty rate and percent of the population receiving SNAP benefits. This suggests that assessed 
values are insufficiently sensitive to neighborhood factors that influence market prices in these areas.  

 

More recently, Holz et al. (2024) explore the relationship between appeal outcomes and race with 
two field experiments. The first study involved 1,844 homeowners in Indianapolis and the second 
involving county officials from more than 400 counties across six states understand the drivers of 
racial differences in appeals behavior and outcomes. The experiment tested the effect of one of three 
different interventions of varying intensity on a homeowner’s decision to appeal a property 
assessment.  

 

The first intervention simply provided participants with an informational pamphlet highlighting the 
expected benefits of appealing an assessment that a homeowner suspects is too high (i.e., the average 
success rate of an appeal and the average reduction in tax liability conditional on being successful). 
The second group received the same information and step-by-step instructions for submitting an 
appeal along with information on similar homes assessed at a lower value. Those who received this 
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treatment are equipped with all necessary documentation and evidence to file an appeal. The third 
intervention option offers participants “last-dollar” insurance on assessment appeals along with the 
informational pamphlet and appeals guide, thus increasing the expected return to appealing. Those 
who receive this treatment and choose to appeal are entered into a lottery with a 25 percent chance 
of winning $75.00 regardless of if their appeal is successful. Lastly, a control group receives neither 
detailed information, an appeals guide, or insurance but is reminded that the appeals process exists. 

 

The authors note a pronounced racial disparity in familiarity with the property assessment appeals 
process before treatment group assignment. Black and Latino (minority) homeowners surveyed were 
24 percentage points less likely to know they can contest a property assessment than White and 
Asian respondents, 64 percent of which knew they could appeal. Those minority homeowners who 
were aware of the appeals process were seven percentage points less likely than White homeowners to 
appeal. Conditional on appealing, the authors find that minority homeowners are 6 percentage 
points less likely to be successful than White respondents. The authors also survey respondents’ 
opinions of perceived discrimination in the appeals process. They find that only a small number of 
minority and White and Asian homeowners - nine percent and 14.5 percent- believe there is no 
racial discrimination in the appeals process.  

 

Among homeowners in the control group – who received a simple reminder of the appeals process – 
there is an observed 1.2 percentage point gap in choosing to appeal between minority and non-
minority study participants. This gap increases to 5.1 percentage points for homeowners in the first 
treatment group, driven by a statistically significant increase in non-minority homeowners choosing 
to appeal and a non-statistically significant difference in minority appeal behavior compared to those 
in the control group. Interestingly, the racial appeals gap is nearly identical among participants 
receiving both appeals information and guide, suggesting that simply understanding the potential 
benefits of appealing is enough to encourage an appeal and reduce the observed racial appeals gap 
observed at baseline.  

 

Finally, last dollar insurance induces a statistically significant effect above and beyond the 
information and appeal guide only for minority homeowners. Among minority homeowners offered 
insurance, the probability of choosing to appeal increases roughly 44 percentage points (p < 0.001) 
to 50 percent over those in the control group and 14 percentage points above receiving the appeal 
aid and information. No statistically significant difference in appeal rates is observed between non-
minority homeowners receiving the information and appeal guides and those also offered insurance. 
The authors interpret this difference as evidence that minority homeowners have less faith in the 
appeals process, though it may also reflect racial differences in the relative marginal value of the 
expected lottery. Non-minority homeowners may value the expected benefits of an appeal less than 
the opportunity cost of participating in the appeals process, particularly if they have higher incomes.  

 



 

11 

Holz et al, (2023) also report a statistically significant difference in the probability of a successful 
appeal between minority and non-minority homeowners in their experiment. Treatment is 
associated with an increase in the probability of a successful appeal only for non-minority 
participants, suggesting that the appeals process exacerbates racial inequality in property taxes. The 
authors explore whether this is due to differences in evidence quality provided by minority and non-
minority homeowners during the appeals process by providing a pre-compiled list of similar 
properties for a homeowner to use as evidence in their appeal. This list is shared with all treated 
homeowners. On average, minority and non-minority homeowners pick properties with similar 
specifications to their own homes with sales prices below their assessed value. No statistically 
significant difference in property characteristics of homes chosen as evidence of overassessment was 
observed across racial groups.  

 

Beyond the racial disparities described above, the authors also document racial differences in 
response rates from officials across 411 counties across six states to homeowners via a correspondence 
study using fictional racialized names. The authors simulated emails requesting information on how 
to appeal a property assessment in which the homeowner’s race was signaled using traditionally 
Black, Latino, and White names in the email. There was no observed difference in response rates for 
emails sent with Latino and White names; however, simulated emails using fictitious Black 
homeowner names were eight percentage points less likely to receive a response.   

 

Finally, Berry (2021) suggests that expensive properties with idiosyncratic features may be more 
difficult to accurately assess because of the lack of comparable properties in the area. A correlation 
between this lack of data and underassessment may help explain why more expensive homes are 
typically underassessed relative to homes with more common features. 

 

 

Gentrification 
Gentrification is generally defined as the process of wealthier and less socially marginalized 
populations moving into poorer neighborhoods with a large percentage of minority residents. Given 
findings from early research on the phenomena (Glass 1964; Marcuse 1986), gentrification is 
typically associated with rapid price increases in housing and other goods in the neighborhood 
resulting in the displacement of long-term residents. While contemporary research has painted a 
more complicated picture regarding displacement (Lee & Perkins, 2024), this association inspired 
numerous jurisdictions across the country to adopt caps on assessment increases or other policies 
meant to prevent displacement of long-time homeowners. Indeed, Immergluck, et al. (2022) shows 
that when controlling for census tract and year fixed effects, neighborhood racial composition, and 
borrower income, Black homeowners saw higher appreciation rates than White homeowners in 
metropolitan areas during the rapid housing price appreciation between 2012 and 2017. However, 
this pattern was reversed in metropolitan areas that struggled to recover after the Great Recession, 
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particularly those in the Rust Belt. Additionally, Avenancio-León & Howard (2022b) find that 
legislative caps on assessment growth rates reduced the racial inequality in the property tax burden 
they documented in prior work. 

 

While the works cited in the previous paragraph touch on interesting aspects of the intersection of 
gentrification, home price appreciation, and property tax equity, gentrification itself, an admittedly 
nebulous topic, was not a covariate of interest. This unexplored area of study is a key focus of this 
dissertation. 

 

Sales Volume 
Because property assessments are typically generated at least partially with data from sales of similar 
homes within the area, a large enough number of recent transactions are required to produce 
meaningful estimates. Weber & McMillen (2006) show that property assessments in Chicago are 
more accurate (meaning closer to the middle of the assessment-ratio distribution) for lower and 
higher quantile-priced properties when a larger sales volume is available to estimate assessed values. 
This results in a less regressive property tax burden.  

 

Hou et al (2023) compliment this work by using a difference-in-difference framework that leverages 
a legislated change to mandatory reassessment frequencies in Philadelphia to estimate the causal 
impact of that legislation on vertical equity. The authors find that, relative to a 15 peer-city control 
group that did not change assessment practices during the same period, several measures of accuracy 
improved in Philadelphia after the legislative reforms there. These findings suggest that more 
frequent assessments and larger datasets help improve the regressive nature of property taxes, though 
they do not consider other dimensions of equity, namely racial inequality 

 

Chapter Two – Main Data Sources and Assembly 
This dissertation requires the use of multiple data sources. Below I provide a description of each of 
the primary datasets used in this project along with an explanation of the two subsamples analyzed in 
this dissertation – self reported and imputed race.  

 

ZTrax 
Zillow’s ZTrax is the largest, freely available assessment and real estate transaction dataset for 
properties across the United States, containing more than 400 million public records sourced from 
county assessors and recorders offices. This is the primary data source used for my dissertation, and 
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from it I initially extract all assessment and transaction records for residential properties of 1-4 units 
for all states excluding California7 from 2004 through April 2022.  

 

The primary variables used in my analysis sourced from ZTrax include property longitudinal and 
latitudinal coordinates, its sales value, the most recently recorded assessed value prior to the sale, and 
year of sale. I leverage property coordinates to map each transaction to relevant taxing jurisdictions 
(the overlap of city, county and school district). Sales and assessed value are used to generate 
assessment ratios for each property. 

 

Through the data cleaning process, I discovered data issues with records from Vermont and West 
Virginia. As a result, those states are also excluded from my analysis. Further, temporal coverage is 
incomplete, thus I can only consider transactions from 2004 through 2015. 

Home Mortgage Disclosure Act 
Enacted by Congress in 1975, the Home Mortgage Disclosure Act (HMDA) requires financial 
institutions with total assets over an annually defined threshold that issued at least one federally 
insured home mortgages in the previous year to provide extensive information on all mortgage and 
home equity/refinance loan applications received annually (FFIEC, 2024). HMDA data is used by 
government agencies and academics for various purposes, including to study whether financial 
institutions discriminate based on race when issuing home mortgages.  

 

Merging Procedure (Self-Reported Race) 
Importantly, for my purposes, HMDA includes data on mortgage applicants’ race. Through a 
somewhat simple probabilistic merging technique using loan amount, census tract, and issuing 
institution name, I can combine HMDA records with ZTrax transaction records described above to 
learn the race of the homebuyer in each transaction. For all resulting future transactions of that 
property, I thus know the race of the homeowner, which as stated above, is the key covariate in my 
analysis. Still, this requires that all properties in my sample to be sold at least twice, once to learn the 
race of the homebuyer and a second time to test whether assessments are accurate. This may result in 
an analytic dataset too small to speak of smaller racial minority groups, like Asian Americans.  

 

 
7 Following in the footsteps of other work analyzing inequalities in the property tax burden, I omit California from my 
sample due to its unusual assessment regime imposed by Proposition 13. By law, in this state, residential property 
assessments may only increase a maximum of 2% annually, regardless of market dynamics. When a home is resold, the 
transaction price becomes the new assessed property value, which then can only grow at the same annual rate until the 
property is sold again. This divorcing of assessed and market values for homes in California makes it a unique case study 
but is not the focus of my present work. 
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In Chapter Six, I provide evidence that HMDA records with self-reported race may differ 
meaningfully from the general homebuyer population. These differences and their implications on 
my findings are explored in depth in that section. 

 

Imputed Neighborhood Characteristics  
Typically, researchers are limited to five-year averages for socioeconomic variables sourced from the 
US Census’ American Community Survey (ACS) (Avenancio-León & Howard, 2022; Lee & 
Perkins, 2023). The ACS is an ongoing survey conducted by the US Census Bureau that collects 
detailed demographic, social, economic, and housing information from a one percent sample of 
households across the United States each year (U.S. Census Bureau, American Community Survey, 
2025). Unlike the decennial census, which aims to count every resident every ten years, the ACS 
provides more timely and continuous data to help inform policy and community decisions. 

 

Census tract-level observations from the ACS are limited to five-year averages because the sample 
size for smaller geographic units, such as census tracts, is too small to produce reliable annual 
estimates. Additionally, the small sample sizes raise privacy concerns that respondents may be 
identified. By aggregating data over five years, the ACS ensures that estimates for these small areas 
are statistically robust and less prone to sampling error while making it more difficult to identifying 
respondents, providing more accurate, yet de-identified, information for researchers and 
policymakers.  

 

The drawback of this approach is that, by definition, year-over-year variation in census tract-level 
variables is lost in aggregation. The reduction in variation makes identifying potentially relevant 
associations with key outcome variables measured annually more difficult. Since my data are 
structured by transaction-year, I attempt to reintroduce relevant annual variation in socioeconomic 
controls using an approach inspired by the work of Bartik (1991) relating to the development of 
instrumental variables using a process of baseline allocation of weights and then a more global source 
of change in a measure or outcome. 

 

Bartik Instrument – Background and Applications 
Introduced by Bartik (1991) by applying national-level industry growth rates to local employment 
share distributions, the Bartik instrument (BI) is a popular instrumental variable used in 
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econometrics (Borusyak et al, 2022; Goldsmith-Pinkham et al, 2020).8 As with other instrumental 
variables, the main utility of the BI is in addressing potential endogeneity between explanatory 
variables and an outcome of interest – in Bartik’s (1991) case, the author used the BI to reduce the 
endogeneity between wage and employment growth in examining the impact of placed-based 
policies on economic development at the local level. As described by Goldsmith-Pinkham et al 
(2020), the BI is calculated as: 

 

Equation 3 Bartik Instrument 

𝑥0 =	B𝑧0:𝑔0:

;

:

, 

 

Keeping with Bartik’s original application, let 𝑥0 be the employment growth rate of industry 𝑘 in 
location 𝑙, 𝑧0:, is location 𝑙’s share of employment in industry 𝑘, and 𝑔0: is the growth rate of 
employment in industry 𝑘 in location 𝑙. 

 

𝑔0: may further be disaggregated into: 

 

Equation 4 Growth Rate Components 

𝑔0: =	𝑔: +	𝜀0: , 

Where 𝜀0: is a location-specific deviation from some higher geographic level’s observed growth rate 
in industry 𝑘. For my purposes, I am interested in estimating total changes in each socioeconomic 
control I included in my analysis. 

 

Equation 5 Change in Socioeconomic Control 

𝑔0:' =	𝑔:' +	𝜀0:', 

 
8 The articles cited here represent two distinct identification strategies developed by the authors that should be satisfied 
before using a BI as an instrumental variable. Borusyak et al’s approach requires that the “shifts” (i.e., growth rates or 𝑔% 
in Equation 4) be exogenous to the “share” (i.e., base value of local-level variable or 𝑧&% in Equation 3). Goldsmith-
Pinkham and coauthors, on the other hand, require that “shares” be as good as randomly distributed across locations 𝑙. 
Regardless of the identifying assumptions, the two strategies use the same mechanics in constructing their respective 
instrumental variables. 
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Where now 𝑔0:' is the change in gentrification component 𝑘 for census tract 𝑙 in year 𝑡, which is a 
function of the analogous growth rate of the same variable for the same year at the PUMA-level. 

 

My use of the BI is unrelated to endogeneity but instead is concerned with imputing annual census-
tract level socioeconomic variables when disaggregated annual data is unavailable. Due to survey 
practicalities and privacy concerns, one-year estimates at the census tract level are not published by 
the US Census Bureau; instead, five-year averages are reported as part of the American Community 
Survey. Socioeconomic variables are estimated for a given census tract by averaging survey responses 
across multiple years. This increases statistical power and prevents identification of survey 
respondents. Unfortunately, this provides – at best – a medium-run average of important variables, 
which may mask important annual variation.  

 

Variable Imputation Steps 
The following describes the process used to construct annual estimates for each component of my 
gentrification index at the census tract level.  

 

For years available, I downloaded the corresponding microdata for the US Census from IPUMS 
USA (Ruggles et al., IPUMS USA: Version 16.0 [ACS], 2021)9. Variables downloaded were race, 
ethnicity, educational attainment, total household income as a percent of the federal poverty level, 
an indicator for if the respondent owns or rents their home, total family income (nominal), and 
geographic identifiers extending down to the Public Use Microdata Area (PUMA) level. PUMAs are 
statistical geographic areas defined by the US Census Bureau that contain no fewer than 100,000 
people and are used for disseminating detailed population and housing data while preserving 
respondent confidentiality. 

 

 
9 A service of the University of Minnesota, IPUMS is a project that provides free, harmonized census and survey data 
from the United States and around the world. The IPUMS USA database offers individual-level records from U.S. 
decennial censuses and the American Community Survey, enabling researchers to analyze demographic, social, and 
economic trends over time. IPUMS standardizes variables and documentation to facilitate comparative research and 
broad data accessibility. 
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From the raw data, I generated an indicator variable for if the respondent is non-Hispanic White, if 
their household was under the federal poverty line, if they own their home, and whether they hold a 
bachelor’s degree or higher. After this, I collapsed observations to the consistent PUMA (CPUMA)-
level.10 CPUMAs represent the most granular geographic area in which data is consistently collected 
annually between 2000 and 2021, allowing me to develop reliable one-year estimates of key index 
components.  

 

The collapsed dataset is an unbalanced panel (i.e., no observations for 2001 through 2004) 
CPUMA-year observations containing the following variables: the percent of the CPUMA 
population that is non-Hispanic White, the percent of residents holding a bachelor’s degree or 
higher, the percent of households living in poverty, median total family income, and median home 
value unadjusted for inflation.  

 

Annual changes for these variables were calculated for each CPUMA where possible (i.e., 2005 – 
2021 because the uninterrupted time series began in 2004). These data were then reshaped from 
long to wide so that each CPUMA appeared once and had a variable representing the annual change 
of each of the socioeconomic variables described above for each year.  

 

I then merged tract-PUMA crosswalks sourced from The University of Missouri Census Data 
Center (IPUMS, undated) to a PUMA-CPUMA relationship file sourced from IPUMS (IPUMS, 
undated). The resulting crosswalk file was used to map census tracts to PUMAs, and as a result, 
CPUMAs.  

 

As my data span the years 2004 through 2022 and growth rates could only be calculated for 2005 
forward at the CPUMA-level, I used a simple linear regression to impute growth rates for all 
CPUMA-level variables described above for the years 2001 through 2004. I then sourced one-year 
tract-level estimates for the same socioeconomic variables from the 2000 Decennial Census. From 
these values, I applied the CPUMA-level growth rates (both observed and imputed) to construct a 
balanced panel of one-year variable estimates.  

 
10 This is a geographic definition unique to IPUMS. Each CPUMA consists of one or more PUMA as defined by the 
2010 Decennial Census. The variable is constructed using an algorithm that iteratively combines 2010 PUMAs together 
and compares the total population in this aggregated area to data on total populations from 2000 PUMAs. This step is 
repeated for each 2010-2000 PUMA pairs until the total populations are within one percent of each other. 
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Figure 2 Imputed Census Tract Gentrification Components Over Time 

 

Figure 2 displays trends in my imputed socioeconomic variables across all census tracts in the 
analysis over the study period. From 2005 to 2015, the average share of non-Hispanic White 
residents in a census tract declined by approximately five percentage points, falling to 70 percent. In 
contrast, the proportion of the population with a four-year college degree or higher increased by 
about five percentage points, reaching roughly 35 percent. The period of analysis encompasses the 
2007 subprime mortgage crisis and the subsequent recession, which is reflected in the volatility of 
poverty rates. The average proportion of households living in poverty rose sharply between 2005 and 
2010, then declined during the second half of the period. Overall, there was a net increase of about 
four percentage points, with 19 percent of households living in poverty by 2015. The observed 
relationship between poverty and real median household income is, perhaps surprisingly, positively 
correlated in the run-up to the financial crisis with both measures increasing. However, the 
relationship inverts dramatically in the aftermath of the financial crisis, presumably given Great 
Recession and slow economic recovery. Overall, real median income grew roughly $3,000 from 
2005 and 2015, though remained below the pre-financial crisis high of slightly more than $90,000. 

 

Average homeownership rates across census tracts in my sample declined slightly but steadily over 
the study period, dropping from just above 25 percent to around 22.5 percent. The most 
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pronounced decrease occurred during the height of the subprime mortgage crisis. In real terms, 
median home values mirrored the trend in real median household income, both exhibiting a wave-
like pattern: values peaked in 2007, fell sharply until 2012, and then grew steadily for the remainder 
of the period. However, by the end of the analysis, median home values remained approximately 
$100,000 lower than their 2005 levels in real terms. 

 

ZTrax data is geocoded using 2020 Decennial Census definitions, regardless of when the sale took 
place. Since CPUMA’s are only available for the 2000 and 2010 Decennial Census definitions, I 
recoded property locations to both 2000 and 2010 census tract definitions using the Zillow-provided 
longitude and latitude coordinates for each property. This ensured that I could merge imputed 
socioeconomic variables to my analytic dataset using the year and census tract variables.  

 

The final analytic dataset consists of roughly 22 million transactions spanning 18 years and more 
than 13 thousand census tracts. 1.4 million of these observations are repeat sales in which I have self-
reported race data. 
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Imputed Homeowner Race 

Bayesian Improved First Name Surname and Geocoding Method 
I leverage RAND’s Bayesian Improved First Name Surname and Geocoding (RAND, undated) 
method to impute the race of property sellers for each transaction from time t observed in my data, 
regardless of if the reported race of the homebuyer from time t-1 is observed. This dramatically 
increases my sample size allowing me to generate more precise, subnational estimates for small, 
minority populations.  

 

Developed by RAND Health Care, the BIFSG uses Bayes’ Theorem to update prior probabilities 
that an individual belongs to a certain race/ethnicity conditional on their first and last name and 
census block group of residence (Elliott, 2008). Formally, the algorithm calculates 

 

 

Equation 6 Posterior Probabilities of Individual Self-Identifying as Given Race 

𝑝(𝑟|𝑠, 𝑓, 𝑔) =
𝑝(𝑟|𝑠, 𝑓) × 𝑝(𝑔|𝑟)

∑ -𝑝(𝑟|𝑠, 𝑓) × 𝑝(𝑓|𝑟) × 𝑝(𝑔|𝑟).!
"#$

	, 

 

where 𝑝(𝑟|𝑠, 𝑓, 𝑔) is the updated probability that an individual self-identifies as a given race and 
ethnicity 𝑟 conditional on having surname 𝑠, a first name 𝑓 and living in census block group 𝑔. 
Equation 6 is a special case of Bayes’ Theorem when conditioning on joint events. The numerator is 
the joint probability of an individual with a first name 𝑓 and surname 𝑠 self-identifying as race and 
ethnicity 𝑟 and living in census block group 𝑟. The denominator is the total probability of observing 
a person with first name 𝑓, last name 𝑠 in location 𝑔. 

 

The algorithm calculates a vector of six cumulatively exhaustive probabilities for each observation. 
These probabilities correspond to the likelihood that an individual is non-Hispanic White, non-
Hispanic Black, Hispanic, Asian Pacific Islander (API), Multiracial, or American Indian / Alaska 
Native (AIAN).  

 

I adjust the probabilities using a supplemental algorithm from RAND to calibrate my estimates to 
the self-reported racial distribution in the HMDA dataset. This procedure uses a maximum-
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likelihood specification to regress self-reported race on the uncalibrated probabilities produced by 
the BIFSG algorithm. The estimated coefficients are then used to construct calibrated probabilities 
that more accurately match the observed racial distribution in the HMDA data. 

 

Naturally, one may be concerned with the accuracy BIFSG estimates. Techniques exist to measure 
the accuracy of imputed variables. One of these measures is the concordance statistic or “c-statistic”, 
Equation 7, which measures the probability that a randomly selected observation with a given 
condition has a higher predicted probability of having that condition than a randomly selected 
observation without the given condition. Relational pairs that satisfy this requirement are said to be 
concordant (Austin & Steyerberg, 2012). This unitless statistic ranges from zero, representing no 
predictive power and one, denoting perfect predicting power. A c-statistic of 0.90 or above is 
considered “excellent.” Calculated c-statistics for all imputed race categories are presented in Table 1.  

 

 

Equation 7 Concordance Statistic 

𝐶 = 	
#	𝑜𝑓	𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑡	𝑝𝑎𝑖𝑟𝑠

#	𝑜𝑓	𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑡	𝑝𝑎𝑖𝑟𝑠	 + 	#	𝑜𝑓	𝐷𝑖𝑠𝑐𝑜𝑛𝑐𝑜𝑟𝑑𝑒𝑛𝑡	𝑝𝑎𝑖𝑟𝑠 

 

 

For this dissertation, I calculated c-statistics for a subset of 368,694 observations for which the 
seller’s name associated with the property at time 𝑡	was the same as the buyer’s name in time 𝑡 − 1. I 
chose this process rather than using HMDA records because the BIFSG algorithm is only valid for 
estimating the race of individuals who live in a particular census block, not for those who apply for a 
mortgage for a property located in the block. Unless the prospective buyer already lives in the block 
of their new residence, the imputed probabilities would be biased. 

 

 

 

 

 

Table 1 Concordance Statistics for Calibrated Imputed Race Categories, BIFSG Algorithm 

  

Race C-Statistic 
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White 0.92 

Black 0.91 

Latino 0.94 

API 0.91 

AIAN 0.63 

  

 

 

As reflected in Table 1, all imputed categories but the American Indian / Alaska Native have a c-
statistic above the 0.90 “excellent” cutoff. Accurately identifying this category is known to be a major 
shortcoming for the BIFSG and as a result, I do not plan to present imputed estimates on this group. 

 

Chapter Three – Estimating Baseline Racial Assessment 
Gaps 

Motivation 
My dissertation quantifies racial inequalities in the effective tax burden among homeowners in a 
national sample of taxing jurisdictions. I extend previous research on White, Black, and Latino 
homeowners by including two groups that have remained unstudied in this context: API and AIAN 
homeowners. 

 

I apply the methodology developed by Avenancio-León & Howard (2022) and, crucially, contribute 
to the literature by introducing the BIFSG algorithm to this field of study. This approach enables 
me to analyze a broader universe of home transactions than previously possible, as my analysis is not 
limited to repeat transactions that can be merged with HMDA data. Furthermore, by partitioning 
my data into self-reported and imputed samples, I examine whether homeowners who disclose their 
race on mortgage applications differ from the general homeowner population. This dissertation also 
includes an analysis of the accuracy of the imputed racial probabilities, thereby evaluating the 
appropriateness of a population imputation strategy in this research area (see Chapter Six).  
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Assessment Ratios 
As discussed in Chapter Two, the assessment ratio, 𝑇+=', is the key measure analyzed by assessors and 
academics alike to determine if a subset of properties is over or under assessed. It is the simple ratio 
of the assessed value of property to its fair market sales price, or formally: 

 

Equation 8 Assessment Ratio 

𝑇+=' =
𝐴𝑠𝑠𝑒𝑠𝑠𝑒𝑑	𝑉𝑎𝑙𝑢𝑒+='
𝑀𝑎𝑟𝑘𝑒𝑡	𝑉𝑎𝑙𝑢𝑒+='

, 

 

where the subscript i is for a unique property, j represents a specific taxing jurisdiction, and t a given 
period. Each set of properties in a specific taxing jurisdiction and year should face the same level of 
intended taxation, which is decided by political leaders as described in Chapter Two. Any deviation 
from this intended ratio represents an over or under-evaluation of a given property, and 
consequently a potential opportunity for an inequitable tax burden across homeowners; however, 
given that assessments are an estimate, a certain level of inaccuracy is expected. If these inaccuracies 
are as good as randomly distributed across properties in each taxing jurisdiction, then any potential 
inequality in the property tax burden may be unfortunate, but not necessarily an equity issue. 
Additionally, any improvement in overall assessment estimates would also affect a random subsample 
of homeowners. If, on the other hand, these errors are highly correlated with the price of a home or 
the race of the homeowner, policymakers should be expected to intervene on equity grounds.  

 

Analytic Dataset 
My final analytic dataset contains more than 22 million transactions across nearly 30,000 taxing 
jurisdictions in 47 states and the District of Columbia. I exclude California due to Prop 13 (a law 
that limits annual assessments increases to 2% regardless of market conditions); Vermont and West 
Virginia because of data fidelity issues in ZTrax. Of these, 1.4 million transactions are linked to the 
relevant HMDA record and are sold more than once, thus allowing me to observe the race of the 
homeowner at the time of the sale directly; homeowner race of the remaining transactions are 



 

24 

imputed using the BIFSG algorithm. Figure 3 displays the geographic distribution of all observations 
at the county level.  

Figure 3 Geographic Distribution of Sample Properties 

 
Note 1 My analysis also includes Hawaii and Alaska, though not depicted here 

Table 2 lists means and standard deviations for important census-tract level socioeconomic controls 
central to my analysis in this dissertation. The average census tract in my sample is roughly 70% 
non-Hispanic White, ten percentage points higher than the national average of 57.8% (U.S. Census, 
2024). This discrepancy is partially because California is completely omitted from my analysis and 
Texas has a relatively small number of observations given that property transactions are not subject 
to mandatory disclosure in that state. The average real sales price of homes sold during the analysis 
period is approximately $329,681 (in 2024 dollars). In contrast, the average homeowner-reported 
median home values is much higher, at about $689,322. This large difference is mainly because the 
calculation uses the arithmetic mean of census tract-level median home values, which gives equal 
weight to each tract regardless of the number of transactions. As a result, a small number of census 
tracts with very high property values can significantly increase the overall average. For the same 
reason, the real average family median income is similarly skewed at $98,974. 

 

Approximately 37% of residents in the average census tract have a bachelor’s degree during the study 
period and 14% of residents live below the federal poverty line. Finally, the average annual number 
of properties sold across census tracts was 102 sales.  
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Table 2 Select Summary Statistics for Analytic Sample 

RealSalesPriceAmount $329,680.55 
 ($490,714.78) 
RealMedianIncome $98,974.19 
 ($46,392.02) 
RealMedianHomeValue $689,328.94 
 ($765,982.06) 
SalesVolume 101.96 
 (102.12) 
BA_Higher 0.37 
 (0.22) 
NH_White 0.70 
 (0.22) 
In_Poverty 0.14 
 (0.13) 
Observations 22,788,123 
  

 

 

Differences in Observables Between Samples 
I compare the self-reported and imputed race subsamples across important socioeconomic and 
geographic variables in   
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Table 3. Generally, the two samples are well balance across these dimensions – even statistically 
significant differences between real sales price, real median income, and real median home value and 
other variables are not economically meaningful. The self-reported sample is somewhat more urban 
than its imputed counterpart (RUC code of 1.43 vs 1.73). This is not surprising given that ZTrax 
data is more comprehensive in urban than rural areas (Zillow, 2022). Interestingly, the average 
census tract in the imputed sample has roughly ten more transactions than those in the self-reported 
sample. This may reflect the higher share of homeowners in suburban and rural areas (Mazur, 2016). 
Finally, the average census tract in the self-reported sample has a higher proportion of residents with 
a bachelor's degree or higher. Overall, the two samples are well balanced suggesting regression 
output using either should agree in substance. 
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Table 3 Balance Table – Self-Reported versus Imputed samples 

 Self-Reported Imputed 
RealSalesPriceAmount $328,414.14* $329,761.32 
 ($388,303.76) ($496,530.10) 
RealMedianIncomeT $101,937.50*** $98,785.20 
 (44513.77) (46502.83) 
RealMedianHomeValueT $653,156.23*** $691,635.91 
 ($591,205.55) ($775,736.97) 
SalesVolume 92.34*** 102.57 
 (79.87) (103.35) 
BAHigher 0.41*** 0.37 
 (0.23) (0.22) 
NHWhite 0.70 0.70 
 (0.21) (0.22) 
InPoverty 0.13*** 0.14 
 (0.12) (0.13) 
Observations 1,366,215 21,421,908 

* p < 0.05, ** p < 0.01, *** p < 0.001. T-tests, difference of means 
T  Equally-weighted median census tract values, thus larger values dominate 

 

Additional Steps for Imputed Race Data 
Imputed probabilities are incorporated into my econometric models as weights per guidance 
provided by RAND. To facilitate this process, I first create six copies of each observation, with each 
copy representing one of the six racial categories discussed in Chapter 2. I then generate a set of six 
indicator variables to assign each observation copy to its respective racial category. For the subset of 
observations with self-reported race information, I replace the imputed probability weights with a 
value of 1 for the individual's self-reported racial category and a zero for all other categories. This 
procedure, along with clustering standard errors at the individual level, ensures that inferential 
statistics are valid. 

 

Estimating Equation 
Because mass appraisal property assessments use statistical methods focused on averages, some level 
of error is expected. Regression analysis is a suitable tool for determining whether these errors are 
random or if they systematically differ based on the homeowner’s race, which could indicate racial 
inequalities in property taxation. The baseline estimate for inequality in the assessment ratio is 
modeled as follows: 
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Equation 9 Estimating Equation for Research Question One 

lnQ𝑇+='R = 	𝛾= + 𝛿' +	𝜃>𝑅𝑎𝑐𝑒+=' + 𝜀+=', 

 

where 𝑇+=' is defined as the assessment ratio for property 𝑖, in taxing jurisdiction 𝑗, sold in year 𝑡; 𝛾= 
is a vector of exhaustive taxing jurisdictions fixed-effects; 𝛿' is an analogous vector of year fixed-
effects; 𝑟𝑎𝑐𝑒+=' is a vector of indicator variables for whether a homeowner is Black, Latino, API, or 
AIAN with the omitted category being White, and 𝜀+=' is residual error. Should all the coefficients 
belonging to the racial indicator variables be positive and statistically significant, one could conclude 
that, on average, homes owned by minorities are overassessed relative to their true market rates 
compared to White homeowners in the same taxing jurisdiction. Of course, this is a simplistic 
specification that avoids controlling for potential confounders but still represent key evidence that 
the effective tax burden is inequitably distributed across race. 

 

Results 

Self-Reported Results 
Results for my base model estimates are displayed in Table 4. Self-reported race results are in the 
second column. In this specification, I regress the natural log of assessment ratios, lnQ𝑇+='R, on 
indicators of the homeowner’s race and fixed effects for taxing jurisdictions and year of sale. These 
results are broadly in line with previous work on racial inequality in property taxes. My regressions 
show that, on average, Black homeowners face a 14% higher tax burden than their White neighbors, 
while Latino homeowners incur an 8% higher tax burden. Both results are statistically significant at 
the 0.1% level. American Indian and Alaskan Native homeowners also face a higher tax burden than 
White homeowners in the same taxing jurisdiction, though to a lesser degree (2.6%).  
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Table 4 Baseline Racial Assessment Gap Estimates  

 
  Self-Reported Imputed 
Black 0.140*** 0.084*** 
 

(0.027) (0.011) 

API 0.009* 0.001 

  (0.004) (0.003) 

Latino 0.082*** 0.035*** 
  (0.012) (0.004) 

AIAN 0.032*** 0.015*** 

  (0.007) (0.002) 

Constant -0.886*** -0.889*** 

  (0.003) (0.001) 

Observations 1,364,056 19,962,848 
Clusters 10,501 35,673 

Taxing-jurisdiction-clustered standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
 
 

Imputed Results 
The third column of Table 4 presents baseline results of regressing the natural log of assessment 
ratios, lnQ𝑇+='R, on indicators of imputed race using the BIFSG estimates and year and taxing 
jurisdiction fixed effects. In this specification, the average Black-White assessment gap is 8.4% and 
statistically significant at the 0.001 level. I also find that Latino and AIAN homeowners experience 
statistically significant assessment gaps of 3.5% and 1.5% respectively, while the API assessment gap 
is smaller and not statistically significant. The results are smaller in magnitude from those of my self-
reported race sample, though the directions are consistent. One notable difference is that I find no 
evidence of a statistically significant assessment gap between API and White homeowners even after 
substantially increasing the sample size relative to my self-reported sample.    

 



 

30 

The relative difference in magnitudes of race indicator coefficients across the two models may arise 
for two reasons. First, it is possible the two samples differ systematically on important variables that 
covary with assessment inequality. Particularly, the imputed sample is pulled from a broader 
geographic distribution and does not rely on disclosure behaviors, which may differ by race. 
Additionally, the self-reported sample only includes homes that sell more than once during the 
analysis period. These properties may differ significantly from properties that only sell once. Second, 
because of measurement error in the imputed probabilities leading to classical measurement error 
and, by extension, attenuation bias. Both possibilities are explored in Chapter Six. 

 

Conclusion 
This chapter provides a comprehensive analysis of racial inequalities in the effective tax burden, 
building upon and extending existing literature. By applying a novel methodological approach that 
combines the Avenancio-León and Howard (2022) framework with the BIFSG algorithm, I analyze 
a significantly broader dataset of home transactions than previously possible. This methodological 
innovation not only allowed for the inclusion of two previously unstudied racial groups, API and 
AIAN homeowners, but also enabled a robust examination of potential differences between 
homeowners who self-report their race and the broader homeowner population. 

 

My findings, based on a dataset of over 22 million transactions (1.4 million of which include self-
reported race), reveal persistent and statistically significant racial disparities in property tax burdens. 
The analysis of self-reported data confirms previous findings, showing that the average Black 
homeowner faces a 14% higher tax burden than their White counterparts, and the average Latino 
homeowner incurs an 8% higher tax burden. Both of these results are statistically significant at the 
0.1% level. Furthermore, this study extends these findings by demonstrating that AIAN 
homeowners also face a higher tax burden, albeit to a lesser degree, at 2.6% above that of White 
homeowners. 

 

The analysis of the imputed race data, which substantially increases the sample size, reinforces the 
overall pattern of racial inequality. I find a statistically significant 8.4% assessment gap for Black 
homeowners, a 3.5% gap for Latino homeowners, and a 1.5% gap for AIAN homeowners. While 
these magnitudes are smaller than those found in the self-reported sample, the consistency in the 
direction of the findings across both datasets is notable. A key insight from the imputed data is that, 
unlike other groups, the assessment gap between API and White homeowners is not statistically 
significant, even with a much larger sample size. 
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This chapter provides evidence that property tax assessments are not race-neutral. The systematic 
errors in mass appraisal valuation disproportionately affect minority homeowners, leading to a higher 
effective tax burden for Black, Latino, and AIAN individuals. The application of the BIFSG 
algorithm not only broadened the scope of this research but also provided crucial insights into the 
potential for selection bias in samples based solely on self-reported data. The analysis presented here 
contributes to a deeper understanding of the mechanisms of racial inequality in property taxation 
and highlights the need for continued research and policy intervention to ensure equitable outcomes 
for all homeowners. 

 

Chapter Four – How do Racial Assessment Gaps Covary 
with Sales Volume and Gentrification? 
Beyond the baseline estimates presented in Chapter Three, I examine the role of housing market 
activity and of gentrification as mediating factors of the inequality in the property tax burden. Below 
I describe the importance of this research question and the additions to my baseline model in the 
previous chapter. Additionally, I provide a conceptual model of how I expect these factors to affect 
racial assessment gaps. 

 

Motivation 
Previous research on this topic overlooks a crucial factor in racial inequality: the lack of 
representative transaction data available to assessors. This chapter investigates whether a higher 
volume of property transactions at the census tract level is associated with more accurate assessments 
and if this disparity contributes significantly to the racial assessment gap within a taxing jurisdiction. 

 

Additionally, this chapter examines the role of neighborhood socioeconomic factors in assessment 
inequalities. While previous studies (Avenancio-León & Howard, 2022; Berry, 2021) have assumed 
these variables have a uniform effect on all homeowners, regardless of race, I relax this assumption. 
My analysis presents evidence of heterogeneous marginal effects, demonstrating how changes in 
these socioeconomic factors can have varying impacts on assessment inequalities across different 
racial groups. 
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Conceptual Models 

Sales Volume 
Whatever method of mass appraisal used by an assessor; the process typically requires recent local 
sales data (IAAO, 2017). For each property, the assessor must assemble information on properties 
with similar characteristics and quality that sold in recent years. Property assessments are estimates 
and this information is the input for any model producing assessments. Like all model-produced 
estimates, outputs are only as good as the information available to calibrate them. If data used to 
estimate market prices are not representative of the type of property in questions, estimates may be 
wildly inaccurate. Unfortunately, home sales are not random, thus collecting a truly random sample, 
as a good empiricist is inclined to do in such a situation, is not possible; however, a larger quantity of 
data will capture more relevant variation in model inputs. 

 

If minority homeowners tend to live in areas with fewer transactions, home assessments could suffer 
from larger error, which could help explain observed racial inequality in property assessments, 
particularly if, for example, due to selection sales are concentrated among higher-quality properties 
in a given small area. Similarly, to the extent that a greater number of transactions reflects higher 
demand, the denominator in the assessment ratio may have more room to grow for White 
homeowners in high-demand neighborhoods. As a result, the assessment ratio will be smaller for this 
group resulting in a reduced property tax burden. Therefore, controlling for sales volume in my 
empirical models should reduce observed racial inequality in property assessments. I hypothesize 
that, all else equal, more home transactions in a neighborhood will lead to greater accuracy in 
property assessments, as the higher sales volume provides more variation in relevant factors 
determining market value.  

 

My measure of sales volume is constructed specifically to test this hypothesis. For each census tract, 
𝑗, in my panel, I first count the number of transactions per year, 𝑡. I then divide this figure by the 
imputed number of owner-occupied housing units in the census tract during the same year I derive 
using the same method employed to estimate annual census tract socioeconomic variables discussed 
in Chapter Two. Formally,  

 

Equation 10: Sales Volume Construction 

𝑆𝑎𝑙𝑒𝑠	𝑉𝑜𝑙𝑢𝑚𝑒=' =	
𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠='

𝑇𝑜𝑡𝑎𝑙	𝑂𝑤𝑛𝑒𝑟	𝑂𝑐𝑐𝑢𝑝𝑖𝑒𝑑	𝑈𝑛𝑖𝑡𝑠='
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This measure may be interpreted as annual churn in local housing markets, or perhaps more 
appropriate for this analysis, the percent of total housing units in a census tract for which an assessor 
has data on potentially similar properties. Since the variable is calculated each year, this measure is 
robust to universal highs and lows in property sales (e.g., the lead of to the subprime mortgage crisis 
or the Great Recession) which both occur in my sample period and may skew results. 

 

Figure 4 presents preliminary evidence in support of this assumption. Among neighborhoods (census 
tracts) in Washington State - where assessors are legally mandated to target 100 percent of fair 
market value - the average (absolute) assessment error declines as the number of transactions 
increases. Most dramatically, the average assessment error among Black homeowners falls from 25 
percent at the mean sales volume to roughly 12 percent. 

 

Figure 4 Assessment Errors by Census Tract Sales Volume in Washington State 

Note 2 The peculiar positive correlation between sales volume assessment ratios observed for AIAN homeowners is 
primarily due to the limited sample size—only 23 observations across 15 census tracts with sales volumes two standard 
deviations above the annual average, and just 11 observations across five tracts with sales volumes more than three 
standard deviations above the average 
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Table 5 Summary Statistics for Covariates by Self-Reported Race 

 White Black API Latino AIAN 
      
RealMedianIncome $104,863.5 $80,154.7*** $120,072.4*** $87,443.7*** $98,568.6*** 
 ($44,392.4) ($36,242.5) ($53,131.7) ($37,770.8) ($40,904.0) 
      
RealMedianHomeValue $655,093.2 $463,370.3*** $928,340.0*** $672,936.9 $658,192.4 
 ($588,743.0) ($449,860.7) ($788,613.0) ($557,405.4) ($543,324.3) 
      
SalesVolume 90.42 91.13** 95.20*** 108.4*** 93.99** 
 (77.84) (76.69) (71.90) (99.36) (78.65) 
      
BAHigher 0.427 0.292*** 0.484*** 0.284*** 0.368*** 
 (0.234) (0.192) (0.248) (0.197) (0.220) 
      
NHWhite 0.742 0.587*** 0.628*** 0.515*** 0.678*** 
 (0.170) (0.287) (0.197) (0.245) (0.199) 
      
InPoverty 0.120 0.193*** 0.119 0.179*** 0.144*** 
 (0.106) (0.156) (0.111) (0.148) (0.120) 
      
Observations 1,069,861 107,778 58,246 125,965 4,384 

* p < 0.05, ** p < 0.01, *** p < 0.001. T-tests, difference of means relative to White homeowners. 
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Gentrification Components 

Changing socioeconomic and demographic compositions of urban neighborhoods over the past 
several decades also presents an opportunity to assess whether gentrification has a mediating effect on 
racial inequality in the property tax burden. Specifically, I propose leveraging these changes to 
explore whether the property tax burden grows more or less equitable as low-income, minority 
neighborhoods grow wealthier and Whiter. Evidence does not necessarily support the notion that 
gentrification displaces long-term residents of color, on average (Lee & Perkins, 2023; Ding, 
Hwang, and Divringi, 2016; Ellen & O’Regan, 2011). However, gentrification may introduce new 
levels of inequality in the property tax burden, even if residents stay in the neighborhood.  
 
 

In this analysis, I choose six socioeconomic variables broadly associated with gentrification – real 
median family income, real median home values, percent of the population who is Non-Hispanic 
White, percent holding at least a bachelor’s degree, percent of owner-occupied dwellings, and 
percent of households living in poverty. In Table 5, I present summary statistics for these variables 
stratified by self-identified race. 

 
 
Figure 5 below illustrates two competing hypotheses I test in this dissertation. The left panel models 
the null hypothesis - that gentrification has no impact on racial property tax inequality. New higher-
socioeconomic White individuals (the green dots) locate uniformly across the neighborhood along 
with established, lower socioeconomic status minority individuals (the blue dots). In this scenario, 
there is no correlation between race and distance from an amenity (a popular park). Market prices, 
which Avenancio-León & Howard (2022) demonstrate are more sensitive to neighborhood 
characteristics, like amenities, than assessments, would not differ systematically by race. As a result, 
there would be no impact on the racial property tax inequality in this gentrifying neighborhood. The 
right panel models the alternative hypothesis - that new higher socioeconomic status White residents 
will cluster around an amenity and self-segregate away from minority residents. In this scenario, race 
is correlated with distance from an amenity and assessors would not appropriately account for how 
distance to the restaurant may impact home prices. Together, these factors would lead to relative 
underassessment of homes owned by White people and a corresponding overassessment of the 
homes owned by their minority neighbors.  
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Figure 5 Hypothesized Racial Distribution in a Gentrifying Neighborhood 

 

My empirical strategy, discussed below, measures gentrification's association with changes in 
assessment ratios. While it cannot directly address whether incoming White homeowners cluster 
around amenities, I still observe how inequalities change over time in areas experiencing an influx of 
White homeowners. I separately examine the role of racial clustering plays on racial assessment gaps 
around amenities in a supplementary analysis of properties near Seattle parks in a later section. 

 

Estimating Equations 
Equation 11 Estimating Equation for Research Question Two 

ln	(𝑇+=') = 	𝛾= + 𝛿' + 	𝜃>𝑅𝑎𝑐𝑒+=' + 	∅𝑆𝑎𝑙𝑒𝑠𝑉𝑜𝑙𝑢𝑚𝑒0' + 	𝜌>𝐺𝑒𝑛𝑡0' + 

𝜇𝑅𝑎𝑐𝑒+=' ∗ 𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠0' + 	𝜋>𝑅𝑎𝑐𝑒+=' ∗ 𝐺𝑒𝑛𝑡0'	 + 𝜀+=' 
 
 
The dependent variable and the first three variables on the right-hand side of Equation 11 are the 
same as the baseline model – i.e., ln	(𝑇+=') is the natural log of property 𝑖’s assessment ratio in taxing 
jurisdiction 𝑗 for year 𝑡; 	𝛾= is a fixed effect for taxing jurisdiction 𝑗; 𝛿' is the year 𝑡 fixed-effect; and 
𝜃>𝑅𝑎𝑐𝑒+=' is a vector of indicators for race of the owner of property 𝑖 located in taxing jurisdiction 𝑗 
in year 𝑡.  New terms include 𝑆𝑎𝑙𝑒𝑠𝑉𝑜𝑙𝑢𝑚𝑒0' - a standardized measure of the sales volume in census 
tract 𝑙 in year 𝑡, 𝐺𝑒𝑛𝑡0' – a similarly standardized vector of the socioeconomic controls associated 
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with gentrification as presented in my conceptual model for census tract 𝑙 in year 𝑡, and interaction 
terms for race and each of these new controls. Additional variation is once again captured by 𝜀+='. 
 

Interaction Terms 
Stata’s `margins` command is used to predict how minority-White assessment gaps vary with census 
tract sales volume and socioeconomic change (i.e., gentrification) for each racial group, using the 
estimated coefficients from equation 10. This approach allows for the association between 
neighborhood socioeconomic characteristics and housing market dynamics that may theoretically 
impact ratios to covary with homeowner race. While my analysis here cannot identify a causal link 
between these variables, it does allow for a more thorough exploration of the potential mechanics of 
racial assessment gaps and how they may vary by race. Ultimately, this helps policymakers cater 
effective policy interventions for their local context. 

 

Results 
While informative, the results in Table 4 from Chapter 3 are not robust to potential omitted variable 
bias. They follow previous work by Avenancio-León & Howard (2022) in demonstrating the 
existence of a racial property tax burden inequality but fall well short of establishing a causal link 
between property tax inequality and race of the homeowner. For instance, if the true culprit for 
inequality is a factor of location that is highly correlated with race, the above findings will overstate 
any true causal relationship between homeowner race and property tax burden – I examine that 
relationship in Chapter 6. Below I analyze additional theoretically relevant variables and examine 
how the coefficient on homeowner race changes. This analysis provides both a more accurate 
estimate of potential racial inequality and may help hint on relevant policy interventions for 
achieving a more equitable property tax base.  

 

Sales Volume 
Hedonic price models are a common tool employed by county assessors when conducting mass 
appraisals. These models are constructed using observed transactions in the assessor’s jurisdiction 
with the goal of predicting market values of all homes, regardless of whether they are sold or not. 
These predictions, with some adjustments, are used as assessed values. Like all regressions, the 
accuracy of this tool relies on a sufficiently large and representative data sample. If transacted 
properties differ systematically from those that do not – either overall or for select racial groups – 
assessed values produced this way will be biased and, potentially, contribute to racial inequality in 
assessments.  
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While not necessarily sufficient to guarantee a fully representative sample, all else equal a greater 
number of transactions reduces the probability of correlations between race and unobservable or 
difficult to observe local characteristics among transactions that may influence assessment 
inequalities across race. Figure 4 provide preliminary evidence of this relationship in Washington 
State – showing a reduction in assessment errors as census tract level sales volume increases. 

 

I examine the effect of increased sales volume on racial inequality in property taxes at the 
jurisdiction-level for both my self-reported and imputed race samples, by transforming my measure 
of sales volume described in the Conceptual Models section of this chapter into a z-score and 
including this as an estimate in my regression. As Table 6 demonstrates, among my self-reported 
sample (column two) a one standard deviation increase in sales volume is associated with an average 
overall reduction in assessment ratios of roughly 2.5 percent for a given tax jurisdiction, but the 
estimates of the White-Black and White-Latino assessment gaps are unchanged at roughly 14 
percent and 8 percent. 

 

Table 6 Sales Volume and Racial Assessment Inequalities 

 Self-Reported Imputed 
Black 0.139*** 0.085*** 
 (0.027) (0.011) 
API 0.011*** 0.004 
 (0.003) (0.003) 
Latino 0.082*** 0.035*** 
 (0.011) (0.004) 
AIAN 0.027*** 0.017*** 
 (0.007) (0.002) 
Sales Volume -0.025*** -0.024*** 
 (0.004) (0.003) 
Constant -0.885*** -0.889*** 
 (0.003) (0.001) 
Observations 1,361,471 99,615,487 
Clusters 10,508 35,677 

Taxing-jurisdiction-clustered standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

My results for the imputed sample, column three, are generally consistent with those from the self-
reported subsample. Specifically, a one standard deviation increase in sales volume at the census tract 
level is associated with an average reduction in assessment ratios of 2.4 percent when controlling for 
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year and taxing jurisdiction fixed effects. In both models, the results are highly statistically 
significant. Furthermore, there is little change in the estimated coefficients on homeowner race 
indicators. 

 
 

Gentrification Components 
A fundamental question of this dissertation is whether neighborhood change impacts assessment 
ratio inequality in a distinct way from sales volume.  As demonstrated in the stylized model on 
gentrification (Figure 5), the effect of high socioeconomic status (SES) groups moving into 
previously lower socioeconomic neighborhoods on assessment inequalities is conceptually 
ambiguous, and thus, an empirical question. Should higher SES individuals uniformly locate across a 
neighborhood among the original occupants, one would not expect to see the emergence of racial 
inequality in property taxes. This is because location-specific and property quality factors that may 
influence assessments and sales prices differently are essentially controlled for. However, if the new 
residents instead cluster around a local amenity, racial inequality may emerge to the extent that the 
amenity is capitalized in market prices but not assessed values that are estimated over a larger area.  

 

I empirically examine this relationship by controlling for socioeconomic variables broadly accepted 
as components of gentrification in my regression at the census tract level (Lee, 2023; Mujahid, 2019; 
Marcuse, 1986; Glass, 1964), including real median home value, real median income, percent of 
population non-Hispanic White, population with a Bachelor’s degree or higher, households living 
below the federal poverty level, and owner occupied homes. As discussed elsewhere (see Chapter 
Two) these variables are imputed from PUMA level trends.   

 

 

 

 

Table 7 Racial Assessment Gap, Sales Volume and Socioeconomic Controls 

 Self-Reported Imputed 
Black 0.115*** 0.062*** 
 (0.021) (0.007) 
API 0.009** 0.001 
 (0.003) (0.003) 
Latino 0.067*** 0.022*** 
 (0.008) (0.002) 
AIAN 0.021** 0.012*** 
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 (0.007) (0.001) 
SalesVolume -0.027*** -0.026*** 
 (0.005) (0.003) 
RealMedianHomeValue -0.010 -0.008* 
 (0.008) (0.003) 
RealMedianIncome 0.026*** 0.011* 
 (0.004) (0.004) 
NHWhite 0.009 -0.005 
 (0.008) (0.005) 
BAHigher -0.055*** -0.036*** 
 (0.008) (0.006) 
InPoverty 0.016*** 0.025*** 
 (0.003) (0.003) 
OwnHome -0.005 0.002 
 (0.004) (0.003) 
Constant -0.875*** -0.886*** 
 (0.002) (0.001) 
Observations 1,361,471 99,615,487 
Clusters 10,508 35,677 

Taxing-jurisdiction-clustered standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

 

In both samples, the estimated coefficients on homeowner race indicators change when controlling 
for variables associated with gentrification in the census tract where a property is located, while the 
estimated marginal effect of sales volume on overall assessment ratios is consistent (Table 7).  Under 
this specification, the self-reported Black-White and Latino-White assessment gap decline to roughly 
17 percent and 18 percent, though remain highly statistically and economically significant. Among 
the imputed sample, the Black-White estimate falls further, by roughly 27.6 percent, from baseline 
when including socioeconomic controls.  While the corresponding reductions in Latino-White and 
AIAN-White assessment gaps are larger in percentage terms for the imputed sample, this is partially 
because of the smaller starting values. The small, though statistically significant, API-White 
assessment gap observed in both the self-reported baseline model and after controlling for sales 
volume is still observed when controlling for socioeconomic variables. Among the imputed sample, 
this relationship was never statistically significant to begin with.  

 

Examining the coefficients on socioeconomic controls is also informative as they represent the 
association between these variables and overall assessment ratios within taxing jurisdictions and may 
help inform relevant policy interventions. Perhaps surprisingly, I find no meaningful relationship 
between the real median home values in the census tract a property sells in and assessment ratios in 
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its corresponding taxing jurisdiction within the self-reported sample, and only a small and 
marginally statistically significant finding was observed in the imputed sample. A negative 
relationship between assessment ratios and home values is a common finding in property assessment 
literature and is a primary concern of ongoing internal audits conducted by assessors’ offices 
nationwide. Within a taxing jurisdiction, real median family income at the census tract level is 
positively associated with assessment ratios at the 0.001 percent significance level in the self-reported 
race sample; specifically, a one standard deviation increase in census tract median income is 
associated with a 2.6 percent increase in assessment ratios. Surprisingly, given the positive 
relationship between median family income and assessment ratios, the percent of a population living 
in poverty is also positively associated with area assessment ratios. Furthermore, educational 
attainment (percent of census tract population with a bachelor’s degree or higher) is negatively 
associated with assessment ratios, while homeownership rates appear unrelated to average assessment 
ratios. 

 

In the imputed race model (column three) of Table 7, some of these socioeconomic relationships 
shift relative to what is observed in the self-reported model. While the coefficient for sales volume 
remains nearly identical between the two models, the coefficient for RealMedianHomeValue in the 
imputed model is roughly half the magnitude observed in the self-reported model. Further, this 
estimate is only marginally statistically significant at the five percent level in the latter iteration. The 
sensitivity to the share of residents with at least a bachelor’s degree and to neighborhood poverty 
differ across models: with educational attainment having a larger, negative impact on average 
assessment ratios in the self-reported model than the imputed model and increasing poverty rates 
more dramatically increasing assessment ratios in the imputed sample.  

This analysis highlights the remarkable consistency in average assessment gaps between minority and 
White homeowners when controlling for neighborhood socioeconomic factors. While interesting, 
these findings cannot speak to gentrification’s impact per se. Gentrification is, by definition, a 
phenomenon of change – specifically changes in neighborhood socioeconomic factors. Such analysis 
is provided in Chapter Five in this dissertation. 

 

Rurality 
Since the US government started collecting data on the topic in the 1960s, rural communities have 
consistently demonstrated higher poverty rates than their urban counterparts (USDA, 2024). The 
most recent figures find the average urban county has a poverty rate of 11.9 percent, while rural 
counties had an average poverty rate of 15.4 percent (USDA, 2024). There is also a rich source of 
empirical evidence that prevailing economic conditions of geography (e.g., county) has significant 
impacts on economic mobility of its population (Chetty et al., 2014).   
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American rural communities are also gaining population and growing more racially diverse after a 
decade of population loss. Driven by net in-migration to rural counties, particularly in the aftermath 
of the Covid-19 pandemic, population growth in rural counties has accelerated. As of 2023, an 
estimated 46 million people lived across roughly 2,000 counties classified as rural by the USDA. 

 

To differentiate between urban and rural counties in my analysis, I use the Rural-Urban Continuum 
(RUC) codes developed by the USDA. The RUC codes classify U.S. counties on a scale from 1 
(most urban) to 9 (most rural) based on population size and proximity to a primary metropolitan 
area (USDA, 2024). Among my data set, the overall mean RUC code value is 1.72 (1.43 for the self-
reported subsample and 1.73 for the imputed). This continuous measure allows for a more nuanced 
analysis of how county-level may impact property valuations and, by extension, racial inequality in 
property taxes. 

 

Increase in migration has also changed demographic composition of rural counties in recent years. 
For instance, ACS five-year estimates for the period ending in 2023 shows that the average rural 
county had a non-Hispanic White population of roughly 75 percent, a four-percentage point 
decrease of the same figure from the five years ending in 2013.  

 

Given the larger, wealthier populations, Urban counties typically have much more resources to fund 
social services than their rural counterparts. Data from the U.S. Census of Government Finances and 
the U.S. Department of Agriculture show that in 2021 the average urban county had an annual 
budget of $319.8 million, whereas the average rural county had an annual budget of only $30.6 
million. Further, property taxes constitute a larger share of total revenue for rural counties than for 
urban ones. Table 8 demonstrates this pattern with only some exceptions. For instance, property 
taxes accounted for an average of 43.6 percent of total revenue for the 394 most urbanized counties 
as classified by the USDA. On the other extreme, property taxes accounted for nearly 49.9 percent of 
revenue, on average, among the 568 most rural counties in the country. 

 

Table 8 Percent of Total County Revenue Sourced from Property Taxes by Degree of Urbanization 

      
 Min Mean Median Max n 
1 (Most Urban) 0.61 43.63 41.56 100.00 394 
2 2.74 45.26 44.23 100.00 365 



 

43 

3 1.46 45.45 44.26 100.00 340 
4 1.77 40.62 38.78 98.49 195 
5 0.73 44.22 41.14 98.35 72 
6 0.20 44.46 42.20 98.40 369 
7 0.93 39.77 37.25 99.66 237 
8 1.93 49.14 50.13 100.00 453 
9 (Most Rural) 1.15 49.87 50.08 100.00 568 

Author's calculations using U.S. Census of Government Finances and U.S. Department of Agriculture Rural-Urban 
Continuum County Classification. 
 
 
Changing racial composition and higher relative poverty rates in rural counties may have 
implications on inequality in property taxes both on a racial and class dimension. Further, 
homeownership is more common in rural than urban counties (Mazur, 2017), suggesting that racial 
tax inequality may be more relevant in those areas, despite typically having lower home values than 
their more urban counterparts.  Thus, it warrants examining this relationship empirically.  

 

I control for rurality by including fixed effects for each rural-urban county designation listed in 
Table 8, these results are presented in Table 9. Including rurality fixed effects has no discernable 
effect on racial indicator coefficients. This finding likely reflects the fact that 65 percent of my 
transaction volume in the self-reported sample are in counties with a rurality score of one (most 
urban). Further, Black homeowners, who experience the highest assessment gap relative to White 
homeowners in the same taxing jurisdiction, are heavily concentrated in urban counties. 
Approximately 77 percent of Black homeowners are in the most urban areas in the country. This 
heavily skewed distribution in rurality limits variation in my data making it particularly difficult to 
measure an economically or statistically significant effect of county designation on racial assessment 
gaps.  

 

Table 9 Racial Assessment Gap, Sales Volume, Socioeconomic and Rurality Fixed Effects 
 

 Self-Reported Imputed 
Black 0.114*** 0.062*** 
 (0.021) (0.007) 
API 0.009* 0.001 
 (0.003) (0.003) 
Latino 0.066*** 0.022*** 
 (0.008) (0.002) 
AIAN 0.026*** 0.011*** 
 (0.006) (0.001) 
SalesVolume -0.028*** -0.027*** 
 (0.005) (0.003) 
RealMedianHomeValue -0.010 -0.008* 
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 (0.009) (0.003) 
RealMedianIncome 0.025*** 0.011* 
 (0.004) (0.004) 
NH_White 0.009 -0.005 
 (0.008) (0.005) 
BA_Higher -0.056*** -0.036*** 
 (0.008) (0.006) 
In_Poverty 0.013*** 0.025*** 
 (0.003) (0.003) 
OwnHome -0.006 0.002 
 (0.004) (0.003) 
Constant -0.876*** -0.886*** 
 (0.002) (0.001) 
Observations 1,361,723 99,615,444 
Clusters 10,501 35,675 

Taxing-jurisdiction-clustered standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

 

 

 

 

 

For completeness, I also capture how variation in rurality affects assessment ratios in the imputed 
specification by adding county RUC codes (the third column in Table 9). As with the self-reported 
model iteration, county rurality has no statistically or economic significant effect on assessment racial 
assessment gaps.  
 

 

Interactions Between Transactions, Gentrification, and Race 
While informative, the model specifications in the previous section imply sales volume and 
gentrification components have the same marginal effect on assessment ratios for all homeowners, 
regardless of race. Given the readily observed differences in economic and health outcomes by race in 
the United States, this assumption is likely inappropriate (Macias-Konstantopoulos et al., 2023; 
Board of Governors of the Federal Reserve System, 2023). I relax this assumption by introducing a 
new model in which the marginal effect of these controls varies with the race of the homeowner.  
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Sales Volume 
Assessors rely on transaction data to both estimate property values and to determine the accuracy of 
their own work through internal audits. Information conveyed through this data is crucial to 
maintaining an accurate and equitable property tax base. For example, without recent sales of 
comparable homes, an assessor may struggle to accurately predict a property's fair market value. In 
the above models, I examine whether more home sales in a hyper-local area (i.e., census tract) is 
associated with reduced racial property tax inequality. Further, I explore whether this effect differs by 
race of homeowner using a regression with a series of interaction terms.  

 

Figure 6 displays the results of the regression analysis, highlighting evidence of a heterogeneous and 
nonlinear relationship between sales volume and racial disparities in property assessments, as 
reported by the homeowners' self-identified race. Output is produced using Stata’s `margins` 
command. The x-axis represents the percent of total housing stock purchased measured in standard 
deviations above the mean, while the y-axis shows the predicted assessment gap between minority 
homeowner groups and White homeowners within the same taxing jurisdiction. After controlling for 
all other neighborhood socioeconomic factors, the findings indicate that Black, Latino, API, and 
AIAN homeowners tend to face statistically higher property assessments compared to White 
homeowners in census tracts with mean sales volume. Black homeowners are the most over assessed 
at 9.4 percent, followed by Latino homeowners at 5.8 percent, AIAN homeowners at 1.8 percent, 
and API homeowners at 0.2 percent. These findings are unsurprising given the previously discussed 
models; however, the observed racial inequality changes meaningfully as sales volume increases, 
albeit in a non-uniform way across minority groups.   

 

The Black-White assessment gap (displayed in orange) exhibits the largest reduction as census-tract 
sales volume increases. At one standard deviation above the mean, the original assessment gap is 
nearly cut in half, at roughly before three standard deviations, it is statistically indistinguishable from 
zero – though some of this may be to smaller sample size. While the assessment gaps for the API-
White (purple) and AIAN-White (gray) groups also decrease inversely with sales volume, the 
magnitude of this change is much smaller compared to the Black-White measure. Furthermore, 
within each comparison group, the point estimates across different sales volume levels are statistically 
indistinguishable at the five percent confidence level. 

 

Interestingly, this relationship does not hold for the Latino-White assessment gap (teal). As census-
tract level sales volume increases, the average Latino-White assessment gap also grows; however, these 
point estimates are not significantly different from baseline estimates at a five percent significance 
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level. It is possible that this unique result is influenced by an over-sampling of Latino homeowners 
from a specific region where housing market dynamics or assessment practices differ significantly 
from the national average. For example, regions with high concentrations of Latino homeowners 
may also exhibit unique transaction patterns, property valuation methods, or socioeconomic factors 
that exacerbate disparities as sales volume rises. To explore this possibility, I examine how these racial 
groups, including Latino homeowners, are distributed across the country and whether geographic 
clustering contributes to the observed differences of the effect of sales volume on the racial property 
tax gap. 

 

Figure 6 Predicted Assessment Gaps - Sales Volume by Self-Reported Race 

 

 

Figure 7 displays predicted assessment gaps relative to White homeowners at different values of 
census-tract-level sales volume for all minority groups analyzed using the imputed race subset. As 
before, the Black-White gap is orange, the API-White gap is blue, the Latino-White gap is teal, and 
the AIAN-White gap is grey. These findings are generally consistent with those from the self-
reported subsample. At the mean sales volume, the Black-White assessment gap is largest, followed 
by the Latino-White and AIAN-White gaps. There is no statistically significant assessment gap 
between API and White homeowners. Notably, the Black-White assessment gap becomes statistically 
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insignificant at two standard deviations above the average sales volume – sooner than in the self-
reported model, while the Latino-White gap remains significant across the sales volume range.  

 

There are also important differences between the imputed and self-reported models regarding the 
race-specific effects of sales volume. First, unlike the self-reported models, the average API-White 
assessment gap becomes negative starting at two standard deviation above the average sales volume, 
whereas it was never statistically significant in either direction in the self-reported model. Similarly, 
imputed results indicate that AIAN homeowners are underassessed compared to White homeowners 
starting at three standard deviations above average sales volumes. In the self-reported models, point 
estimates for the AIAN-White gap were positive and only statistically significant at the mean and 
one standard deviation above the mean. However, results involving the AIAN group should be 
interpreted with caution, as the BIFSG algorithm has documented limitations in accurately 
predicting race for AIAN individuals, as indicated by the c-statistics and discussed in the literature. 

 

Figure 7 Predicted Assessment Gaps - Sales Volume by Imputed Race 
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Gentrification Components 
Figure 8 presents race-specific marginal effects for the neighborhood socioeconomic covariates 
included in my fully specified, self-reported model – i.e., percent of owner-occupied dwellings, 
percent of households below the poverty level, percent of the population with a BA or higher, 
median household income, and median home value.  

 

While sales volume has a statistically significant effect on the predicted Black-White assessment gap, 
changes in most socioeconomic variables show remarkably little impact on this inequality, with 
notable exceptions such as percent living in poverty and median income. Socioeconomic factors like, 
educational attainment, median home value, and the White population at the census tract level do 
not exhibit statistically significant effects on the Black-White assessment gap. Percent owner-
occupied dwellings only meaningfully reduce this gap at three standard deviations above the mean. 

 

This insensitivity to socioeconomic variables is also observed in the Latino-White and AIAN-White 
assessment gaps. However, the API-White assessment gap, the smallest across all races considered in 
this analysis, exhibits distinct behavior, responding differently to changes in these socioeconomic 
dimensions. For instance, the gap in property assessments between API and White homeowners 
narrows significantly as the proportion of White residents increases. Notably, in census tracts where 
the Non-Hispanic White population exceeds the average by two standard deviations, API 
homeowners tend to be under-assessed compared to White homeowners. A similar relationship is 
observed between the API-White assessment gap for census tract median income – in census tracts 
with median incomes at least 2 standard deviations above the average, API homeowners are under 
assessed relative to White homeowners.  

 

These results are simple associations and are not evidence of the causal effect of neighborhood 
characteristics on racial assessment inequality. While a formal causal analysis is beyond the scope of 
this dissertation, I provide preliminary evidence of how these variables affect observed assessment 
inequalities in areas where the share of White homeowners and median income increased 
significantly over the period examined in my data (Chapter Five).  An additional interesting result is 
the divorce between median income and median home value with respect to racial assessment gaps. 
In both samples, racial assessment gaps decline further as neighborhood median income increases 
than when median home values increase. While the reason for this disparity is not examined 
presently, it may have meaningful implications for policy development and is a promising topic for 
future research.
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Figure 8  Predicted Assessment Gaps - Neighborhood Socioeconomic Controls by Self-Reported Race 
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Figure 9 Predicted Assessment Gaps - Neighborhood Socioeconomic Controls by Imputed Race 
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I next examine the race-specific effects of socioeconomic controls on the four assessment gaps 
considered in my analysis. Results depicted in Figure 9 are similar to the self-reported model. The 
notable exception being the effect of increasing median home values on the Black-White assessment 
gap. In the current model, a three standard deviation increase in neighborhood median home values 
from the mean is associated with assessment parity between Black and White homeowners. This 
relationship was not observed in the self-reported model. In fact, no statistically significant difference 
in the Black-White assessment gap was found across the different points of the median home value 
distribution.  

 

Conclusion 
Using self-reported and imputed homeowner race, this chapter investigated national racial inequality 
in property tax burdens, analyzing how housing market and socioeconomic factors change initial 
estimates explored in Chapter Three. Adding controls for sales volume, socioeconomic factors 
associated with gentrification to the baseline specification modestly reduced these gaps, though the 
largest initial disparities remained highly statistically and economically significant. For instance, even 
with these controls, the White-Black and White-Latino assessment gaps as measured in the self-
reported sample declined only to roughly 12 percent and 7 percent, respectively. This indicates that 
the observed racial property tax estimates are remarkably consistent and are not fully explained by 
these broad controls. 

  

Further analysis examined race-specific effects and how the marginal effect of sales volume and 
socioeconomic controls varied by homeowner race. I found that increased sales volume 
disproportionately reduces the Black-White assessment gap, to the point of being statistically 
indistinguishable from zero at three standard deviations above the mean for both samples. This 
suggests that a more active housing market may help mitigate some biases affecting Black 
homeowners, possibly because a higher number of sales leads to more accurate assessments.  
However, across samples, this relationship is not exhibited in the Latino-White assessment gap 
estimates, which increases with census-tract level sales volume, albeit not by a statistically significant 
amount. This warrants further investigation into regional housing market dynamics and assessment 
practices for this group. In contrast to sales volume, most socioeconomic variables showed 
remarkably little impact on the Black-White, Latino-White, and AIAN-White assessment gaps, with 
the notable exceptions of percent of poverty rates and median income. The API-White assessment 
gap, though the smallest considered in my analysis, was interestingly consisted across control 
variables. In sum, this chapter confirms the presence of significant racial disparities in property tax 
burdens, with fundamental inequalities persisting despite various controls; my work is the first to 
provide evidence that higher sales volume may decrease racial inequality in assessments by increasing 
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the observation of fair market prices for more properties in an area. This larger transaction pool 
reduces the likelihood of missing relevant informational variation that may be correlated with the 
race of the homeowner, thus ultimately improving mass appraisal accuracy. Furthermore, my work is 
the first to examine the race-specific effects of these covariates, thereby offering a path forward to 
improving property assessments by exploring potential reasons for the existence of these disparities. 

 

Chapter Five – Alternative Gentrification Analysis 

Motivation 
My previous models address the effect of neighborhood socioeconomic change on the racial 
assessment gap by simply including imputed census-tract-level covariates associated with 
gentrification. While informative, that specification has two drawbacks. First, it cannot distinguish 
between low socioeconomic neighborhoods that saw an influx of higher socioeconomic residents and 
already wealthy neighborhoods that grew wealthier and Whiter. Second, while the model includes 
time fixed effects, the output cannot be used to analyze trends in assessment gaps. Given that 
gentrification is a process that occurs over time, change in assessment gaps over the analysis period is 
important to consider. In this chapter, I supplement my previous analysis with a new model 
specification that addresses the former’s empirical shortcomings.   

 

Gentrification is a complex and often contentious subject, with varying definitions and 
interpretations depending on the context (Zuk et al., 2017). For the purposes of this dissertation, I 
follow a similar methodology as Lee & Perkins (2023) and define gentrification as simultaneous 
increase the increase in proportion of White homebuyers and median family income in census tracts 
with median income that fell below the corresponding statistic for relevant metropolitan statistical 
area (MSA). This working definition provides a focused lens for analyzing demographic and 
economic shifts in neighborhoods, helping to clarify the phenomenon within the scope of this 
research. While the authors focus on census tracts with a median income below the MSA average 
that experienced a significant change in the share of its population with a bachelor’s degree or 
higher, the nature of my dissertation question requires I consider changes in racial composition of 
the area. Further, I focus on changes in White homeownership rather than demographic shifts in the 
overall population as assessment inequality is strictly a homeowner phenomenon.  
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Empirical Strategy 
I operationalize the above definition as follows. First, using the same data as in the primary analysis, 
I merge median family income at both the census tract and metropolitan statistical area (MSA) levels 
from the 2000 decennial census to each observation, relying on 2000 census tract definitions, the last 
year for which one-year estimates are available for all MSAs. I then create an indicator variable that 
equals one if an observation is located in a census tract with a median family income below the 
corresponding MSA median in 2000. These census tracts are classified as “at risk” of gentrification. 

 

Second, I calculate the share of all homes purchased in a given census tract and year by White 
residents; an increase in this share over time indicates an influx of White residents to the area. To 
classify a census tract as having gentrified, the observed increase in the proportion of homebuyers 
who are White must exceed the average observed change across the sample, and the same census tract 
must also exhibit an increase in real median income above the sample average. My dataset is an 
unbalanced panel, with transactions observed in a given census tract only in certain years. To address 
this, I generate two indicator variables—one for the first year and one for the last year that a census 
tract appears in the data—allowing for straightforward comparisons between the start and end of the 
gentrification period, regardless of when transactions occur. 

 

I further restrict my sample to census tracts with more than ten transactions in both the first and last 
year of their appearance in the panel. This helps to avoid misinterpreting small absolute changes in 
the number of White homebuyers as meaningful demographic shifts. Finally, I limit the sample to 
census tracts where the time between the first and last year of observation is five years or greater, 
ensuring that jurisdictions had sufficient time to reassess most properties in the sample. 

 

Table 10 presents summary statistics for census tracts in current analytic sample. The first two 
columns display estimated means and standard errors for key variables in at-risk census tracts that 
did not gentrify, with the first column representing their first year of observation and the second 
column representing their last year of observation. The third and fourth columns provide the 
analogous information for at-risk census tracts that ultimately did gentrify, with means and standard 
errors shown for the first and last years these tracts are observed in the data 
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Table 10 Select Summary Statistics of At Risk and Gentrified Census Tracts – First Year Versus Last Year of Panel 

 At Risk, did 
not Gentrify - 

First Year 

At Risk, did 
not Gentrify - 

Last Year 

Gentrified - 
First Year 

Gentrified - Last 
Year 

RealMedianIncome $81,036.98 $77,395.32 $76,790.10*** $89,141.92*** 
 (17954.32) (20074.10) (15446.32) (18598.07) 
RealMedianHomeValue $594,792.77 $544,544.17 $614,558.07*** $639,995.53*** 
 (454023.36) (354010.08) (341891.31) (291330.08) 
BAHigher 0.31 0.36 0.32 0.41*** 
 (0.18) (0.21) (0.20) (0.24) 
NHWhite 0.67 0.61 0.69* 0.66*** 
 (0.20) (0.21) (0.19) (0.18) 
InPoverty 0.14 0.19 0.21*** 0.19 
 (0.08) (0.12) (0.15) (0.10) 
OwnHome 0.24 0.22 0.23 0.23*** 
 (0.06) (0.06) (0.05) (0.06) 
BuyersPercentWhite 0.13 0.13 0.11*** 0.18*** 
 (0.07) (0.06) (0.05) (0.06) 
Year 2005.19 2014.14 2005.30 2014.23 
 (1.27) (0.62) (1.33) (0.61) 
PanelDuration  9.05  9.12*** 
  (1.47)  (1.53) 
Observations 2350 5928 476 1809 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001, difference relative to non-gentrified census tracts in the year 
 

Clearly, there are important differences regarding socioeconomic characteristics between census 
tracts that were at risk to gentrify but did not over the period and those that did. Some of this is a 
product of my definition of gentrification – i.e., magnitude of change in share of White homebuyers 
and real median income. Besides this, Table 10 highlights other meaningful (and statistically 
significant) differences. Properties in gentrified census tracts appreciate by 4.1 percent over the time 
period, despite the subprime mortgage crisis and Great Recession, while homes in at-risk but non-
gentrifying areas depreciated by an average 8.4%. Similarly, the share of residents with a bachelor’s 
degree or higher grew roughly nine percentage points in gentrified areas – nearly twice as fast as at-
risk only census tracts. Real median income in gentrified census tracts also grew by an average of 
approximately $13,000 over the timer period, while the corresponding change in at-risk tracts was a 
decline of about $4,000. Finally, gentrified tracts experienced an average increase in the share of 
White homebuyers of roughly seven percentage points over the period, whereas non gentrified tracts 
saw no change in their share of White home purchases. 
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Estimating Equation 
I use the following model to measure the marginal impact of gentrification on racial assessment gaps: 

 

Equation 12 Alternative Estimating Equation for Research Question Two 

lnQ𝑇+='R = 𝛾= +	𝛿' +	𝜃>𝑅𝑎𝑐𝑒+=' + 𝛤𝐺𝑒𝑛𝑡𝑟𝑖𝑓𝑖𝑒𝑑0 + 	∅𝑆𝑎𝑙𝑒𝑠𝑉𝑜𝑙𝑢𝑚𝑒0' + 	𝜌𝑆𝑜𝑐𝑖𝑜0' + 

𝜋𝑅𝑎𝑐𝑒+0' ∗ 𝐺𝑒𝑛𝑡𝑟𝑖𝑓𝑖𝑒𝑑0'	 + 𝜀+=', 

 

where, once again, the dependent variable is the log assessment ratio lnQ𝑇+='R for property 𝑖 in taxing 
jurisdiction j and year 𝑡 and the rest of the model follows a similar specification to the one used to 
estimate the main effects of neighborhood sales volume and socioeconomic characteristics on 
assessment gaps where 𝛾= is taxing jurisdiction fixed effects, 𝛿' is year fixed effects, 𝑅𝑎𝑐𝑒+=', is a 
vector of racial indicators of the owner of property 𝑖 in taxing jurisdiction 𝑗 during year 𝑡,  
𝑆𝑎𝑙𝑒𝑠𝑉𝑜𝑙𝑢𝑚𝑒0' is my normalized measure of sales volume in census tract 𝑙 during year 𝑡, and  
𝑆𝑜𝑐𝑖𝑜0' is a vector of normalized measures of imputed census tract-level socioeconomic variables. 
The key difference is the inclusion of 𝐺𝑒𝑛𝑡𝑟𝑖𝑓𝑖𝑒𝑑= which indicates whether the property is in a 
census tract that gentrified or was at-risk of gentrification but did not during the analysis period. 
𝑅𝑎𝑐𝑒+=' ∗ 𝐺𝑒𝑛𝑡𝑟𝑖𝑓𝑖𝑒𝑑=' is a vector of interaction terms between each homeowner race analyzed in 
this dissertation and whether the home is in a gentrified area. Given the model specification, this 
addition is necessary to measure differences in racial assessment gaps between gentrified and at-risk, 
but not gentrified neighborhoods.  

 

Interaction terms 
Table 11 presents output from equation x estimated with 67,693 repeat property transactions with 
valid self-reported homeowner race data across 683 different taxing jurisdictions. Among at-risk 
census tracts, average minority-White assessment gaps are slightly larger for Latino, API, and AIAN 
homeowners than I find in my full, self-reported race dataset. Conversely, the Black-White 
assessment gap is meaningfully smaller - 8.1 percent versus 11.8 percent. 

 

The primary coefficients of interest in this model are those on the race and gentrification interaction 
terms, which measures the estimated average difference in the minority-White assessment gap 
between gentrified and at-risk census tracts, and – to a less extent, the on 𝐺𝑒𝑛𝑡𝑟𝑖𝑓𝑖𝑒𝑑, which 
examines average differences in assessment ratios for White homeowners in these areas. My results 
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suggest that gentrification does not have a statistically significant impact on either White assessment 
ratios or minority-White assessment gaps when controlling for Sales Volume and relevant census 
tract socioeconomic variables.  

 

Covariates 
Coefficients on socioeconomic controls represent the average estimated effect of one standard 
deviation increase of these variables on all assessment ratios census tracts at-risk of gentrification. As 
compared to the full self-reported sample, Sales Volume has a larger, negative impact on assessment 
ratios in at-risk census tracts. A one standard deviation increase in home sales, reduces average 
assessment ratios by 7.1 percent - more than three times larger than the estimated impact in my 
national sample. The coefficient, however, is less precisely measured and only statistically significant 
at the 5 percent level. The larger relative magnitude may reflect weaker housing demand in poorer 
areas, which limits the information available to assessors when estimating home values. As home 
sales begin to increase in these areas, the resulting improvement in assessment accuracy is more 
pronounced than in the national sample. A higher share of census tract population with at least a 
bachelor’s degree is also associated with lower average assessment ratios among this subsample – a 
one standard deviation increase reduces average overall assessment ratios by 5.8 percent. The 
estimate is nearly one-fifth that of the national sample and only statistically significant at the 1 
percent level – though likely because of the smaller sample size. While highly statistically significant, 
the estimated average effect of a one standard deviation in average inflation-adjusted sales price of 
homes in the census tract is not economically meaningful. I find no evidence of a relationship 
between assessment ratios and the other socioeconomic controls.  

 

Results 
Table 11 presents output from Equation 12 estimated with 67,693 repeat property transactions with 
valid self-reported homeowner race data across 683 different taxing jurisdictions. Among at-risk 
census tracts, average minority-White assessment gaps are slightly larger for Latino, API, and AIAN 
homeowners than I find in my full, self-reported race dataset. Conversely, the Black-White 
assessment gap is meaningfully smaller - 8.1 percent versus 11.8 percent. 

 

The primary coefficients of interest in this model are those on the race and gentrification interaction 
terms, which measures the estimated average difference in the minority-White assessment gap 
between gentrified and at-risk census tracts, and – to a less extent, the on 𝐺𝑒𝑛𝑡𝑟𝑖𝑓𝑖𝑒𝑑, which 
examines average differences in assessment ratios for White homeowners in these areas. My results 
suggest that splitting the sample by census tract gentrification status, as defined above, does not have 
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a statistically significant impact on either White assessment ratios or minority-White assessment gaps 
when controlling for Sales Volume and relevant census tract socioeconomic variables. 

 

Coefficients on socioeconomic controls represent the average estimated effect of one standard 
deviation increase of these variables on all assessment ratios census tracts at-risk of gentrification. As 
compared to the full self-reported sample, sales volume has a larger, negative impact on assessment 
ratios in at-risk census tracts. A one standard deviation increase in home sales, reduces average 
assessment ratios by 6.2 percent - nearly three times larger than the estimated impact in my national 
sample. The coefficient, however, is less precisely measured and only statistically significant at the 5 
percent level. The larger relative magnitude may reflect weaker housing demand in poorer areas, 
which limits the information available to assessors when estimating home values. As home sales 
begin to increase in these areas, the resulting improvement in assessment accuracy is more 
pronounced than in the national sample. A higher share of census tract population with at least a 
bachelor’s degree is also associated with lower average assessment ratios among this subsample – a 
one standard deviation increase reduces average overall assessment ratios by 2.6 percent. The 
estimate is nearly one-fifth that of the national sample and only statistically significant at the 1 
percent level – though likely because of the smaller sample size. The estimate is about one-fifth the 
size of that found in the national sample and is statistically significant only at the 1 percent level, 
likely due to the smaller sample size.  Additionally, I find no evidence of any relationship between 
assessment ratios and the other socioeconomic variables examined. 
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Table 11 Racial Assessment Gaps in Gentrified and At-Risk Areas 

 ln(AR) 
Black 0.088* 
 (0.044) 
API 0.012 
 (0.016) 
Latino 0.097*** 
 (0.019) 
AIAN 0.056** 
 (0.022) 
Gentrified -0.017 
 (0.033) 
Back X Gentrified -0.033 
 (0.052) 
API X Gentrified 0.001 
 (0.025) 
Latino X Gentrified 0.000 
 (0.018) 
AIAN X Gentrified -0.124 
 (0.073) 
SalesVolume -0.062* 
 (0.030) 
RealMedianIncome -0.041 
 (0.022) 
RealMedianHomeValue -0.008 
 (0.020) 
BAHigher -0.026* 
 (0.012) 
NHWhite 0.036 
 (0.023) 
InPoverty -0.031 
 (0.031) 
OwnHome -0.019 
 (0.020) 
Constant -0.950*** 
 (0.012) 
Observations 47,613 
Clusters 388 

Taxing jurisdiction clustered standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

Conclusion 
This chapter refined the analysis of the racial assessment gap by introducing a new model 
specification to address previous empirical shortcomings, particularly the inability to distinguish 
between different types of neighborhood socioeconomic change. I define gentrification as an increase 
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in the proportion of White homebuyers in census tracts with a median income below the 
corresponding MSA median, a definition focused on the racial composition given the dissertation's 
nature and the focus on homeownership due to assessment inequality being a homeowner 
phenomenon. The empirical strategy involved identifying "at risk" census tracts, tracking changes in 
the share of White homebuyers, and restricting the sample to ensure sufficient data and time for 
property reassessments. Summary statistics revealed meaningful socioeconomic differences between 
gentrified and non-gentrified at-risk tracts, with gentrified areas having less expensive properties, 
slightly lower education and income levels, higher Sales Volumes, and an average observed increase 
of 8 percentage points in White homebuyers between the first and last year a census tract is observed. 

 

The core findings of this analysis aimed to shed light on two hypotheses regarding gentrification's 
impact on racial assessment gaps. Hypothesis One posited that new, higher socioeconomic residents 
purchase homes uniformly distributed throughout gentrified areas, while Hypothesis Two suggested 
they cluster away from existing, lower-socioeconomic status residents. The present analysis combined 
with my race-specific analysis indicates that gentrification does not have a statistically significant 
impact on racial assessment gaps when controlling for Sales Volume and other socioeconomic 
variables. This provides weak evidence suggesting that Hypothesis One, where new residents are 
uniformly distributed, is more plausible than Hypothesis Two. Still, I do not directly examine 
whether new residents cluster around existing amenities given present data limitations. 

 

However, Sales Volume showed a larger negative impact on assessment ratios in at-risk census tracts 
compared to the national sample, suggesting that increased sales can improve assessment accuracy in 
these areas. Though I find no evidence that gentrification, as currently defined, impacts, this analysis 
provides further evidence that Sales Volume is an important factor for conducting successful mass 
appraisals.  

Chapter Six – Discussion on Differences Between Self-
Reported and Imputed Race Samples 

Motivation 

Point estimates for racial assessment gaps presented in Chapters 4 and 5 differ for the imputed and 
self-reported subsamples. Generally, estimates produced using self-reported race data are larger than 
those for imputed race. 
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Table 12 Baseline Racial Assessment Gap Estimates (Repeated) 

 
  Self-Reported Imputed 
Black 0.140*** 0.084*** 
 

(0.027) (0.011) 

API 0.009* 0.001 

  (0.004) (0.003) 

Latino 0.082*** 0.035*** 
  (0.012) (0.004) 

AIAN 0.032*** 0.015*** 

  (0.007) (0.002) 

Constant -0.886*** -0.889*** 

  (0.003) (0.001) 

Observations 1,364,056 19,962,848 
Clusters 10,501 35,673 

Taxing-jurisdiction-clustered standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

These differences may arise for several reasons. Two possible culprits are that one or both subsamples 
are non-random. While they were sufficiently similar across select summary statistics (see   
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Table 3), the samples could nonetheless differ across other, non-observable dimensions. For instance, 
the self-reported sample consists of properties that 1) I was able to match to HMDA records and 2) 
sold more than once. While the HMDA data is available nationally and for each year examined in 
this dissertation, it is possible that home mortgage applicants who choose to disclose their race are 
systematically different than the general population of homeowners. I explore this question in the 
next section. Similarly, if homes that sell more than once during the panel are non-randomly 
distributed geographically or share idiosyncratic physical characteristics distinct from the overall 
population, this may bias my estimates. Another plausible reason is measurement error in the BIFSG 
algorithm imputed race probabilities. Although they are calibrated, fundamental limitations to the 
how the algorithm works – relying on surname dictionaries and reported geographic distributions of 
race across the country, may limit accuracy in this setting especially for less common, racialized 
surnames or less segregated parts of the country.  

 

This chapter delves deeper into these issues in an effort to both help explain the observed differences 
in my results and illuminate strengths and drawbacks of using these data sources when conducting 
research into various aspects of homeownership.  

 

 

Self-Reported Sample Analysis 

This section explores potential selection bias issues among the 1.3 million observations in my self-
reported race sample through simple review of summary statistics. I do this in two ways. First, by 
comparing the observed racial composition of homebuyers in this sample to published nationally 
representative statistics from the National Association of Realtors’ Profile of Home Buyers and Sellers 
(HBS) annual survey. Second, I visually inspect the geographic distribution of minority homeowners 
in my sample to examine whether regional clustering may explain observed differences in findings on 
the negative association between Sales Volume and racial assessment gaps for Latino homeowners 
compared to other minority groups. While this is a simplistic analysis, it provides an important 
preliminary check for potential sources of disagreements between my self-reported and imputed 
results.  
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Observed Racial Composition 

Table 13 compares estimates of the racial composition of homebuyers from 2004 to 2015, using two 
sources: the National Association of Realtors’ Profile of Home Buyers and Sellers (HBS) in column 
one, and self-reported race data from HMDA in column two. One methodology difference between 
the two sources to note is that HBS respondents could choose more than one race, whereas mortgage 
applicants covered in the HMDA data could choose only one. Further, HBS does not report 
information on AIAN homebuyers, but includes this in an “Other” category. As a result, I omit that 
category here.  

 

Over this 11-year period, the HBS estimated that an average of 84 percent of homebuyers were 
White, with annual shares fluctuating between a low of 81 percent before the subprime mortgage 
crisis and a high of 86 percent in 2013. This trend is broadly consistent with the self-reported 
HMDA data, though the average share of White homebuyers in that dataset was notably lower at 
70.3 percent. If we assume the HBS estimates are unbiased, this suggests that White homebuyers are 
under-represented in the self-reported HMDA sample, which could introduce bias into the results. 
Conversely, the HBS data shows a lower average share of homebuyers who identified as Black or 
Latino (5.6 percent and 5.8 percent, respectively) compared to the HMDA data (7.1 percent and 8.7 
percent). The observed drop in percent of HMDA respondents self-identifying as Black may be 
partially related to increasing interest in individuals self-reporting as multi-racial, a category I do not 
include in my self-reported analysis (Jones et al., 2021). This suggests that these racial groups are 
over-represented in the self-reported dataset. Interestingly, the two sources are much closer in their 
estimates for Asian and Pacific Islander (API) homebuyers. The HBS reported an average share of 
4.6 percent over the period, while the self-reported HMDA sample showed a similar figure of 4.3 
percent.  
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Table 13 Racial Distribution of Homebuyers 

 (1) 
Profile of Homebuyers and Sellers 

 (2) 
Self-Reported Sample 

       
Year White Black Latino API  White Black Latino API  
2004 84 % 6 % 5 % 3 %  69 % 13 % 10 % 4 %  
2005 83 % 7 % 6 % 5 %  68 % 10 % 11 % 5 %  
2006 81 % 7 % 5 % 6 %  66 % 11 % 11 % 5 %  
2007 83 % 7 % 6 % 5 %  66 % 9 % 7 % 4 %  
2008 84 % 6 % 6 % 4 %  71 % 7 % 8 % 3 %  
2009 85 % 5 % 5 % 5 %  71 % 6 % 7 % 4 %  
2010 82 % 6 % 6 % 5 %  70 % 6 % 8 % 4 %  
2011 85 % 6 % 6 % 4 %  73 % 5 % 8 % 4 %  
2012 85 % 6 % 7 % 4 %  73 % 5 % 8 % 4 %  
2013 86 % 4 % 6 % 5 %  74 % 4 % 7 % 5 %  
2014 85 % 5 % 5 % 5 %  73 % 5 % 8 % 5 %  
2015 85 % 5 % 6 % 5 %  69 % 4 % 11 % 5 %  
Average 84 % 5.6 % 5.8 % 4.6 %  70.3 % 7.1 % 8.7 % 4.3 %  
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Table 13 presents output from a simple bivariate model in which I regress a property’s inflation-
adjusted sales price on an indicator for if the buyer chose to disclose his or her race on the mortgage 
application. On average, properties purchased by buyers who do not disclose their race on the 
accompanying mortgage application are roughly $64,000 (17.4%) more expensive than those 
purchased by buyers who do report their race. This difference is highly statistically significant (p < 
0.001). The results provide further evidence that buyers who choose to self-report their race on 
mortgage applications differ systematically from the general home-buying population. 

 

Table 14 Difference in Sales Price by Race Disclosure Status 

 Real Sales Price 
Race Not Disclosed $63,939.7*** 
 ($801.9) 
Constant $366,958.3*** 
 ($201.6) 
Observations 4,134,932 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 
 

Table 15 shows that the average real home purchase price, based on the race of mortgage applicants 
reported in HMDA, is significantly higher for buyers who self-identify as White or API compared to 
other minority groups. Taken together, Tables 14, 15, and 16 suggest that wealthier homebuyers—
especially those who are White—may be under-reported in HMDA data. This under-reporting 
could affect estimates of the minority-White assessment gap, but the direction of the bias depends 
on where these non-reporters live. If they reside in segregated, amenity-rich areas within diverse 
taxing jurisdictions, assessment gap estimates based on self-reported race may be biased downward, 
since White homeowners in more expensive homes may have lower assessment ratios when property 
prices reflect local amenities not captured in assessed values. On the other hand, if these non-
reporters live in non-segregated neighborhoods with uniform housing and amenities, the assessment 
gap estimates may be biased upward. 

 

 

 

Table 15 Mean and Standard Deviations of Real Sales Price by Race of Mortgage Holder (HMDA) 

 White Black API Latino AIAN 
RealSalesPriceAmount $374,484.9 $261,088.8 $512,497.4 $312,707.0 $337,416.3 
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 ($373,727.0) ($250,076.9) ($508,435.7) ($273,448.2) ($279,533.2) 
Observations 2,763,889 253,290 163,865 339,200 11,073 

 

 

The observed differences in the imputed and self-reported results may be partially explained by the 
non-reporting issue described above. This is because the imputed results rely on property owner 
names from county records—a broader data source that does not depend on self-identification and, 
therefore, avoids self-selection bias. An under-reporting of wealthier, Whiter homeowners, would 
not, however, explain why the relationship between a census tract's sales volume and racial 
assessment inequality is strongly negative for Black homeowners, but not for Latino homeowners in 
both samples. To further explore this issue, I will next examine the geospatial concentration of 
minority homeowners to see if specific groups live in distinct regions of the country. Such a 
concentration could help to explain the differences in race-specific effects for covariates in my 
models, such as sales volume. 

 

Geospatial Clustering 
Should Latino homeowners live in a distinct select few regions in the country, this may explain the 
distinct lack of correlation between sales volume and racial assessment gaps for this group. Despite 
living in census tracts with the largest average sales volume, my results from Chapter 4 show the 
Latino-White assessment gap is highly insensitive to sales volume. This is in mark contrast to the 
Black-White assessment gap, which statistically disappears at two standard deviations above the 
average census tract sales volume.  

 

I examine the possibility of geospatial clustering among Latino and other minority races by plotting 
properties in my self-reported race sample on a map of the United States. I then partition the 
contiguous United States into interlocking hexagons each with an area of 20,000 square meters (or 
roughly 12.4 square miles), allowing me to count the number of homes owned by each racial group 
within a hexagon. Using these figures, I determine which minority racial group is most frequently 
observed within each hexagon and color them based on this metric. Figure 10 shows a plot where the 
opacity of each hexagon represents the number of transactions within its borders, with darker 
hexagons indicating more transactions. 

 

In Figure 10, Black homeowners are predominantly located in the eastern half of the country, 
particularly in the South, the Mid-Atlantic and Midwest. Latino homeowners, while also present in 
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the American East, are more uniformly distributed across regions with transaction data, with sizable 
pockets in the Southwest, Mountain West, and the Pacific Northwest (Again, California is omitted 
from this analysis)11. API homeowners are primarily concentrated in the coastal areas and the twin 
cities. There are also uniquely diverse areas visible in Figure 10. These are, unsurprisingly, in large 
metropolitan centers – particularly the greater New York City, Washington, D.C., and Philadelphia 
region.  

 

OLS regression coefficient estimates of national minority-White assessment gaps presented in 
Chapters Three, Four, and Five, are weighted averages of taxing jurisdiction-level differences. 
Weights are a function of the number of taxing jurisdictions in a region, with areas with more taxing 
jurisdictions contributing more to national estimates. This means regional racial composition maters 
– if regions with a larger number of taxing jurisdictions are not representative of the national 
population’s racial composition, then the national estimates may be biased. This same logic extends 
to interactions between racial indicators and covariates, like sales volume, and may explain the 
differences in race-specific effects described above. 

 

 
11 Readers may notice a surprising lack of transaction records in Texas where there is large Latino population. This is 
because Texas is a “non-disclosure” state, meaning prices paid for homes is not public record. As ZTrax is sourced from 
public data, coverage in Texas is limited.   
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Figure 10 Self-Reported Minority Homeowner Concentration 

Note 3 States with Gray Striped Fill are Excluded from Analysis 
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Figure 11 Imputed Minority Homeowner Concentration 

Note 4 States with Gray Striped Fill are Excluded from Analysis 
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Imputed Sample Analysis 
 

Geospatial Clustering 
I perform a similar geospatial analysis for my imputed race sample to examine geographic racial 
concentration among that group. In this exercise, I again partition the contiguous United States into 
interlocking hexagons of the same area. However, since race is no longer measured as a binary 
variable but instead as a vector of probabilities, I find the average value of each probability that a 
homeowner identifies as a specific race for all homes within each hexagon. I then generate six plots, 
one for each racial category used in my analysis, which are presented in Figure 11. These plots 
display the predicted racial concentration of my imputed sample using a choropleth map in which 
lighter colors (i.e., yellow) represent a lower average probability of homeowners self-identifying as a 
given race and darker colors (i.e., purple) represent a higher probability of self-identifying. 

 

As with the self-reported race sample, Black homeowners in my imputed sample are predominantly 
located in the South and Mid-Atlantic regions of the country. Latino homeowners are more 
dispersed but mostly located across the West. There are also notably high concentrations along the 
U.S.-Mexican border and in Southern Florida. While this group is also present in the Mid-Atlantic, 
the concentration in my imputed sample appears weaker than in the self-reported sample. API 
homeowners are once again primarily concentrated in large, urban areas in my imputed sample; 
however, in this case, they are located beyond just coastal regions, with large, predicted 
concentrations in the urban areas in the Midwest, Mountain West, and Southwest. AIAN 
homeowners are highly concentrated in Oklahoma, which has one of the largest concentration of 
AIAN people in the country overall (U.S. Department of Justice, 2024).   

 

Assuming imputed race probabilities accurate (an unlikely assumption—see the Classical 
Measurement Error discussion immediately following this section), the geographically broader 
coverage of the imputed sample may explain the observed differences between results from the self-
reported and imputed samples. For example, if average assessment inequality is positively and 
spatially correlated with the probability that individuals self-report their race on mortgage 
applications, this could account for why estimates from the self-reported sample are higher than 
those from the imputed sample. While I do not formally test this hypothesis in here, it is a 
possibility and opportunity for further analysis. 

 



 

70 

Classical Measurement Error 
Imputed race variables are, by definition, estimates of a homeowner’s self-reported race. Like any 
covariate measured with error, these probabilities are likely to introduce bias into my regressions 
using imputed race data. As Spearman (1904) demonstrates, when an explanatory variable (𝑥) in a 
linear regression is measured with error, 𝑢, that error is incorporated into the model’s error term (𝜀), 
creating endogeneity between 𝑥 and 𝜀 and violating the assumption that 𝜀 has a mean of zero. 

 

In the same paper, Spearman (1904) coins this attenuation bias and shows that it biases the 

coefficient on 𝑥 toward zero by a factor of 𝜆, where 𝜆 = 	 ?'(

?'(@	?)(
. Note, that these components (the 

standard deviations of the true value of 𝑥 and its measurement error 𝑢 are unobservable in practice, 
so the exact reduction in magnitude is unknown.  

 

Coefficients on my racial indicators in my imputed models from Chapter 4 show signs of 
attenuation bias – each is smaller in magnitude than the corresponding estimates from the self-
reported models in Chapter 3. Combined with the relative consistency in geographical racial 
concentration between subsamples as evident in Figure 10 and Figure 11, the smaller coefficients in 
my imputed models highly suggests they are subject to attenuation bias and under-estimate the true 
racial inequality in assessment ratios.  

 

While the exact magnitude of the likely downward bias in my imputed racial coefficients is 
unknown, I further explore the accuracy of the BIFSG algorithm’s predicted race probabilities 
another way. In Table 16, I present results from estimating Equation 9 using imputed race 
probabilities on the self-reported sample. This approach allows for a direct comparison of 
coefficients from both specifications and an examination of whether they are statistically different. 
The first column presents results using imputed weights on the self-reported sample and the second 
column are the original results from Equation 9 using self-reported race indicators. For ease of 
comparison, I present confidence intervals in place of standard errors. As discussed in Chapter Four, 
imputed racial probabilities enter my regression as probabilities weights (pweights in Stata). To 
facilitate this, I make five copies of each observation and generate an indicator variable that takes on 
a value of one for each racial category included in my analysis. Coefficients on racial indicators in my 
results are then generated as probability weighted averages of each observation. 

The coefficients on Black, Latino, and AIAN from the imputed probability regression are smaller 
than those estimated using the original, self-reported race indicators; however, only the coefficient 
on Latino is statistically different across models. This suggests that, although downward bias is 
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present, the differences between the imputed and self-reported results presented in Chapters Three 
and Four are not explained entirely by attenuation bias introduced by the BIFSG algorithm. This 
suggests that while substantial differences between the imputed and self-reported samples exist, 
conclusions on racial assessment inequality drawn from both are generally consistent. Interestingly, 
the coefficients on the API indicator differ in the inverse way – the estimated coefficient using the 
imputed probabilities is roughly twice as large than the self-reported estimated (1.8 percent versus 0.9 
percent). As with the Latino case, the API coefficients differ statistically across models. 
Unfortunately, the present analysis does not provide clear evidence of why these differences exist. 
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Table 16 Assessment Gap Estimates Imputed Weights on Self-Reported Sample 

 Imputed Original Self-Reported 
Black 0.120*** 0.14*** 
 [0.074,0.165] [0.087,0.193] 
API 0.018*** 0.009* 
 [0.011,0.025] [0.0002,0.0167] 
Latino 0.042*** 0.082*** 
 [0.030,0.054] [0.059,0.105] 
AIAN 0.024*** 0.032*** 
 [0.017,0.030] [0.018,0.045] 
Constant -0.880*** -0.886*** 
 [-0.884,-0.875] [-0.892,-0.879] 
Observations 6,831,160 1,364,056 
Clusters 12,669 10,501 

95 percent confidence intervals in brackets 
* p < 0.05, ** p < 0.01, *** p < 0.001 
Note 1: Original self-reported API estimates are shown to four decimal places to avoid rounding to zero.  
Note 2: The number of observations in column 1 is higher because imputing racial probabilities requires creating  
multiple copies per observation. The ratio between columns is not exactly five due to some self-reported race 
records lacking complete name data 

 

 

Conclusion 
In this chapter, I examine possible sources of divergence between point estimates of racial assessment 
gaps in self-reported and imputed race data. While attenuation bias resulting from measurement 
error imputed race probabilities would partially explains why coefficients from imputed models are 
smaller in magnitude, other factors—such as sample selection and regional clustering—likely also 
contribute to the observed discrepancies. Self-reported samples may under- or over-represent certain 
racial groups due to differences in disclosure behavior, and imputed samples, though more 
geographically comprehensive, carry their own limitations in assigning race for less common or less 
segregated names – resulting in attenuation bias. Nevertheless, findings on racial assessment 
inequality are consistent in direction across both self-reported and imputed subsamples, reaffirming 
the robustness of the overall conclusion that minority homeowners face a greater effective property 
tax burden compared to White homeowners. The chapter suggests that while technical measurement 
limitations and sample differences warrant caution, the patterns observed in both approaches 
support the broader narrative of persistent inequities in the property tax system. 
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Chapter Seven – Neighborhood Amenities and Racial 
Assessment Inequality 

Motivation 
One suggested explanation for racial inequality in property taxes is that assessed values do not fully 
reflect market values with respect to neighborhood characteristics and amenities that are often 
correlated with homeowner race (Avenancio-León & Howard, 2022). Market home prices respond 
to both the physical features of a home and to neighborhood factors, including amenities like parks 
and local demographic composition (Avenancio-León & Howard, 2022; Lei et al., 2015; Brander & 
Koetse, 2011; Bayer et al., 2007). When assessment methods fail to capture these neighborhood 
amenities systematic measurement error can occur, which may contribute to racial disparities in 
property tax burdens. 

 

While prior work has primarily focused on the role of neighborhood socioeconomic characteristics in 
explaining racial inequality in assessments, there has, to my knowledge, been little analysis of the 
effects of physical amenities such as parks. This distinction matters because guidance from the 
International Association of Assessing Officers (IAAO) makes no mention of considering 
socioeconomic characteristics when conducting mass-appraisals (IAA0, 2017). As such, an analysis of 
physical amenities—which are directly observable and permissible for use in assessments—offers a 
novel lens for understanding the drivers of assessment inequity which may inform tractable policy 
solutions to the issue. 

 

To this end, I examine how the presence of parks affects observed racial inequality in property 
assessments, leveraging a subsample of home sales in Seattle for which spatial data on the exact 
location and size of city parks is available. This approach provides a unique opportunity to assess the 
role of neighborhood physical amenities—distinct from socioeconomic context—in shaping racial 
disparities in property valuation and tax burdens. 

 

Amenities Capitalized in Home Values 
Home prices reflect not only the buyer’s willingness to pay for the property’s physical attributes but 
also the value the buyer places on neighborhood characteristics, such as local amenities like parks and 
schools (Bayer et al., 2007, Brander & Koetse, 2011). In discussions with county assessors in 
Washington State (see Chapter Eight), I learned that specific neighborhood amenities are not 
directly accounted for when estimating fair market prices. Instead, assessors typically 'adjust' for 
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neighborhood-specific price movements by either including neighborhood fixed effects in a hedonic 
regression framework or applying the observed average home value increase uniformly to all homes 
in the neighborhood.  

 

By not accounting for specific observable characteristics of neighborhoods when estimating market 
values, assessors may overlook important information that homebuyers consider, which ultimately 
influences the realized sales price. If the quality and type of physical neighborhood amenities are 
correlated with homeowner race—a correlation often exacerbated by persistent neighborhood 
segregation—failing to account for these amenities could lead to systematic over- or under-
assessments for specific racial groups. Indeed, neighborhoods in the United States remain highly 
segregated by race. Table 1 presents dissimilarity index values – a standard measure of segregation 
used by social scientists – calculated from ACS five-year estimates of population counts at the census 
block group level for Black, Latino, API, and AIAN populations relative to the White population. 
Index values range from 0 to 100 and are interpreted as the percent of total population of each racial 
group that would need to move to achieve no segregation. For instance, roughly 70 percent of Black 
(White) population would need to relocate to achieve uniform distribution with White (Black) 
population. Among minority populations considered in this dissertation, AIAN individuals are the 
most segregated from the White population, and Latinos are least segregated from the White 
population. Overall, the index values demonstrate the United States remains acutely segregated along 
racial lines – more than half of each minority population would need to relocate to reach complete 
integration with the county’s White population.   

 

Equation 13 Dissimilarity Index 
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Equation 13 aggregates data across Census Block Groups, 𝑏, to compute index values for minority 
racial group, 𝑚, and the White population, 𝑤. The denominator in each fraction represents the total 
population of the minority, 𝑀, racial group and the White population, 𝑊, respectively. 
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Table 17 Dissimilarity Index by Minority Race, Census Block Group 

 Index Value 

Black 0.704 

Latino 0.638 

AIAN 0.859 

Asian 0.670 

Author's calculations using 2019-2023 five-year ACS figures 
 

Avenancio-León & Howard (2022) find that home assessments inadequately account for 
neighborhood socioeconomic characteristics that influence observed transaction values. Specifically, 
the authors demonstrate that market prices exhibit a stronger negative correlation with the share of 
the Black and Latino population, the unemployment rate, and the percentage of the population 
receiving food stamps compared to assessed values. However, their estimates do not directly consider 
neighborhood amenities, whether observable or not, as they only included fixed effects at the taxing 
jurisdiction level. Additionally, specific physical neighborhood characteristics, such as the presence of 
parks or school quality, are excluded from their model. In contrast, when controlling for 
unobservable neighborhood factors, Bayer et al. (2007) find that the initial estimated coefficient on 
the minority share of a neighborhood population—measuring its effect on home prices—drops from 
-$100 per one percentage point increase to $0, and it also loses statistical significance. These findings 
are consistent with past research analyzing the effect of increasing minority populations on 
neighborhood home prices (Bayer et al., 2017, Card et al., 2007). 

 

Empirical Strategy 
I examine whether the presence of physical amenities (i.e., parks) explains observed racial inequality 
in property assessments in Seattle, WA using a subset of my dataset from the city and publicly 
available Geographic Information System (GIS) data on city parks. For each property that 1) is sold 
more than once during my study period and 2) self-reported homeowner race is available, I calculate 
the non-Euclidean distance (in meters) from each property in my sample to the nearest city park 
using ArcGIS Pro’s Near tool.  

 

To analyze how the presence and proximity of parks impacts racial inequality in property 
assessments, I use the following model: 
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Equation 14 Estimating Equation for Assessment Inequality and Distance to Park 

lnQ𝑇+A'R = 𝜑A +	𝛿' +	𝜃>𝑅𝑎𝑐𝑒+A' + 𝛽>𝐵𝑎𝑛𝑑A + 𝜀+A' 

 

As before, the dependent variable is the logged assessment ratio, lnQ𝑇+A'R, for property 𝑖 in year 𝑡. 
However, instead of assigning the home to a taxing jurisdiction 𝑗, I now assign it based on proximity 
to park 𝑝. In this model, 𝜑A represents a fixed effect unique to each park, while 𝛿' accounts for fixed 
effects for each year. I then control for homeowner race with a series of indicator variables, 
represented by 𝑅𝑎𝑐𝑒+A'. To compare homes based on their distance to park 𝑝, I create indicator 
variables that group each property into deciles based on its distance to the nearest park. These 
distance deciles are represented by 𝑏𝑎𝑛𝑑A with the omitted category being less than 54 meters from 
the park. Finally, 𝜀+A' denotes the property-specific error term. 

 

Seattle is home to more than 6,600 acres of parks and green spaces, accounting for roughly 12 
percent of the city’s total land area (Seattle Parks and Recreation, 2025). Additionally, 99 percent of 
residents live within a ten-minute walk of public green space. While the widespread availability of 
parks is a hallmark of the city, it poses challenges for assessing the impact of park presence and 
proximity on racial inequality in property assessment ratios.  
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Figure 12 Cumulative Distribution of Park Area 

 
Note 5 Park area is top coded at 3,500,000 square meters. This category includes ten out of the 471 Seattle parks 
included in my analysis 

For example, as the distance between a property and one park increases, the property’s proximity to 
another park often decreases. Furthermore, park quality likely varies significantly, with larger, more 
popular parks receiving greater investment than smaller, less frequented ones. These differences in 
investment are relevant because well-maintained parks may drive higher home prices in nearby areas. 
To address these issues, this analysis focuses exclusively on parks with an area of 106,300.9 square 
meters or larger, representing the median park size in Seattle. As one may imagine, the park size 
distribution is right skewed making the median a more appropriate measure of central tendency for 
this analysis. Figure 12 plots the cumulative distribution of park area, highlighting that on a select 
few parks (2.1 percent) have an area of 3.5 million square meters or larger.  Figure 13 provides a 
visual of all Seattle parks and green spaces. Those in red have an area less than the observed median 
and are dropped in my analysis. 
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Figure 13 Seattle Parks by Area Cutoff 

 
Note 6 Green areas represent parks and green space included in this analysis. Red areas are parks excluded due to size. 

 
Table 7 provides the average square area and average distance to the 456 parks included in my 
analysis by homeowner race. Among my sample, API and White homeowners live closest to 
neighborhood parks, on average, followed by Latino homeowners and Black homeowners. AIAN 
homeowners locate, on average, furthest away from the closest, large neighborhood park. As 
indicated by asterisks, the difference in average park area is statistically significant at the five percent 
level for White and API homeowners, whereas average distance to the average park is statistically 
significant for White and Black homeowners.   
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Table 18 Select Summary Statistics on Nearest City Park by Homeowner Race 

 White Black API Latino AIAN Total 
Park Area (meters 
squared) 

458,762.5 500,473.5 398,968.5* 457,889.4 533,871.4 452,947.2 

Distance to Nearest 
Park (meters) 

231.5 247.6* 228.1 237.2 261.3 231.7 

Observations 20,849 494 2,898 683 103 25,027 
* p < 0.05, ** p < 0.01, *** p < 0.001.  
P-values from student t-test on difference in means between a given minority group and White. 
 
 

Results 
Average racial assessment gaps are substantially smaller in Seattle than the county overall.   
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Table 19 shows results from a simple model in which the natural log of assessment ratios is regressed 
on indicators of homeowner race and year fixed effects. Standard errors are clustered at the park 
level, though this model does not include park-specific fixed effects. Unlike national estimates, only 
the White-Black assessment gap is statistically significant. Even so, the gap is roughly only one-third 
of the national estimate.   
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Table 19 Baseline Specification, Racial Assessment Gap (Seattle, WA) 

 ln(AR) 
Black 0.048** 
 (0.016) 
API 0.005 
 (0.010) 
Latino 0.002 
 (0.015) 
AIAN -0.011 
 (0.033) 
Constant -0.186*** 
 (0.005) 
Observations 25,021 
Clusters 456 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 
 
Following the procedure Chapter Four in this dissertation, I next incorporate my measure of 
transaction volume at the census tract level into my estimating model. Results are presented in   
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Table 20. Interestingly, and in contrast to my national estimates, I find that a one standard deviation 
increase in sales volume within a given census tract is associated with an average 0.8 percent increase 
in assessment ratios for homes in that area, though this estimate is not statistically significant. 
Including this variable has little effect on the coefficients for homeowner race indicators: all remain 
statistically insignificant except for the coefficient for Black homeowners, which also increases in 
magnitude by only 0.01 percentage points. 
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Table 20 Seattle's Racial Assessment Gap Association with Sales Volume 
 

 ln(AR) 
Black 0.049** 
 (0.016) 
API 0.006 
 (0.010) 
Latino 0.003 
 (0.015) 
AIAN -0.011 
 (0.033) 
SalesVolume 0.008 
 (0.005) 
Constant -0.187*** 
 (0.005) 
Observations 25,021 
Clusters 456 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

I next add census tract-specific socioeconomic variables (  
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Table 21). This does not lead to substantive change in magnitude or statistical significance on racial 
indicator coefficients. 
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Table 21 Seattle's Racial Assessment Gap, Sales Volume and Socioeconomic Controls 

 ln(AR) 
Black 0.047** 
 (0.016) 
API 0.007 
 (0.010) 
Latino 0.003 
 (0.015) 
AIAN -0.015 
 (0.033) 
SalesVolume 0.008 
 (0.006) 
RealMedianHomeValue 0.010 
 (0.009) 
RealMedianIncome -0.014 
 (0.010) 
NHWhite 0.004 
 (0.009) 
BAHigher -0.009 
 (0.011) 
InPoverty -0.006 
 (0.007) 
OwnHome 0.006 
 (0.011) 
Constant -0.186*** 
 (0.005) 
Observations 25,021 
Clusters 456 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

Results from Equation 14 are presented in  

Table 22. Including park distance to my baseline model results in an 10.4 percent decrease in the 
observed average Black-White assessment gap – from a baseline of 4.8 percent to 4.3 percent. 
Notably, however, including fixed effects for park distance decile (coefficients labeled with a “_p” 
suffix in Table 22) has no additional statistically significant impact on observed inequalities. This 
implies that accounting for the presence of a neighborhood park reduces racial assessment gaps, at 
least between Black and White homeowners; however, the exact distance to one of these parks is not 
important. 
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Table 22 Seattle's Assessment Gap Controlling for Park Fixed Effects and Distance to Nearest Park 

 ln(AR) 
Black 0.043** 
 (0.016) 
API -0.002 
 (0.009) 
Latino 0.008 
 (0.015) 
AIAN -0.028 
 (0.033) 
20th P -0.003 
 (0.014) 
30th P -0.001 
 (0.017) 
40th P -0.003 
 (0.019) 
50th P -0.006 
 (0.017) 
60th P -0.002 
 (0.016) 
70th P -0.009 
 (0.018) 
80th P 0.009 
 (0.015) 
90th P 0.007 
 (0.018) 
Constant -0.188*** 
 (0.012) 
Observations 25,015 
Clusters 445 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

 

Limitations 
While informative, my analysis in this chapter has important limitations that should be considered, 
especially by policymakers. First, although I restrict the analysis to larger parks, I lack a quantifiable 
measure of park quality, and thus all parks and green spaces are treated as equivalent. Prior research 
suggests this is likely inappropriate, as poorly maintained green areas can have a negative impact on 
home prices (Holt & Borsuk, 2020; Kaung, 2017). If minority homeowners in Seattle tend, on 
average, to live nearer to lower-quality green spaces compared to White homeowners, this limitation 
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could bias my results downward. Second, each property is matched to a single park based solely on 
physical distance, without accounting for factors such as topography, accessibility, or traffic patterns. 
While proximity may be necessary for a park to influence home prices, it is not always sufficient. As 
a result, some properties may be incorrectly paired with the most relevant park, introducing 
measurement error into the estimates. Additionally, this one-to-one matching assumes that the 
distance to other nearby parks does not affect home prices. Given Seattle’s abundance of parks and 
green spaces, this assumption may not hold, since moving farther from one park may bring a 
property closer to another. Finally, this analysis does not account for other important neighborhood 
amenities, such as proximity to public transit or high-performing schools, which can also influence 
home prices (Bayer et al., 2007; Gibbons & Manchin). If these amenities are correlated with the 
presence of parks and green spaces, my regression estimates could be biased upward. 
 

Conclusion 
This chapter presents evidence that incorporating hyper-local physical amenities, specifically the 
presence of parks, into property assessment models can help reduce racial inequality in property 
taxes. The analysis supports previous research suggesting that assessed values often fail to fully 
capture the value of neighborhood amenities reflected in market prices, contributing to observed 
disparities in assessment ratios by race. Notably, the approach taken—leveraging widely available 
GIS data to control for proximity to parks—is relatively straightforward to implement for assessors 
and is thus a possible tractable policy solution.  
 
 

Chapter Eight – Policy Recommendations and 
Considerations 
The evidence presented in this dissertation and related literature are an important foundation for 
developing policy interventions to reduce racial inequality in property taxes.  I emphasize that racial 
inequality is not an intractable problem – inequality declines as census-tract-level sales volume 
increases. On average, the property tax burden between White and Black homeowners is statistically 
indistinguishable in census tracts that experience property sales volumes three standard deviations 
above the national average for that year. While policymakers cannot force more homes to sell in an 
area, this finding suggests that information matters and policies that help improve data collection 
and analysis practices of local governments may help reduce the racial inequality in property taxes.  

 

Bridging the gap between empirical findings and practical policy requires careful consideration of the 
operational realities faced by assessors. Budgetary, legal/political, and practical constraints must be 
integrated into policy design to ensure a durable solution.  
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Expert Interviews Informing Policy Recommendations 
To ensure the parameters discussed in the previous section were accounted for when making policy 
recommendations in this dissertation, I conducted semi-structured, expert interviews with 
representatives of six (out of 39) county assessor’s offices across Washington State. The initial goal 
for this analysis was to conduct ten interviews. As part of the solicitation process, I sent a 
standardized email to 11 county assessors’ offices (see Appendix C) explaining the goals of the 
analysis and inviting someone from their office to participate. Among the offices contacted, a 
representative from one declined to participate and five did not respond after a two-week follow-up 
email. While a small monetary incentive for participation was offered (an Amazon gift card), all six 
eventual interviewees declined the offer.  

 

The interviews were conducted and recorded using Microsoft Teams, and subsequently transcribed 
with RAND’s proprietary transcription software, Whisper. During transcription, all personally 
identifiable information related to either the interviewees or their offices was removed. After 
transcription, the recordings were destroyed. I then reviewed the six transcripts for common themes 
to inform policy recommendations that emerged from the six-question interview protocol (see 
Appendix C). 

 

While the six counties represented in the interviews were not randomly selected and account for only 
about 15 percent of all counties in the state, I sought to ensure the interviewees reflected a broad 
spectrum of residential markets—both urban and rural. Notably, these counties collectively represent 
approximately 55 percent of Washington State’s total population.  

 

The qualitative component of my research illuminates this challenge, particularly regarding the 
proposed data-driven fixes by Avenancio-León & Howard (2022). These authors find that applying 
growth rates of Zillow’s freely available zip-code-level home price indices (Zestimates) to baseline 
home values (either observed or assessed) help reduce average observed racial inequality in property 
taxes by 50 to 70 percent. While the Zillow data is extensive – covering roughly 84 percent of the 
United States population for the past 25 years (Avenancio-León  & Howard, 2022) – zip codes have 
an average area of 40.7 square miles, which is insufficiently granular to pick up on important 
neighborhood-specific trends in housing prices. This is problematic in less densely populated 
communities in which zip code areas are typically larger. Further, this method requires a base value 
for all properties in a county. If the property has not sold in the past 25 years, this requires assessors 
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to use an existing mass appraisal method to impute the price, which may result in the very 
inequalities explored in this dissertation and in the broader literature.  

 

The authors also uncover another potential quantitative fix in showing that assessed values are less 
sensitive to neighborhood socioeconomic characteristics than market prices. Because these 
socioeconomic characteristics are correlated with race of the homeowners, the difference in how they 
are capitalized into sales price and assessed values introduces inequality in property taxes – i.e., 
assessed values deviate from fair market values.  As estimates of these socioeconomic characteristics 
are readily available from the U.S. Census at a granular level, one could conclude that controlling for 
them in the hedonic regressions used to impute assessed values is a viable policy fix. Unfortunately, 
through interviews with county assessors, I find that such changes are discouraged by the IAAO:  

 

But ultimately, USPAP, the Uniform Standards of Professional Appraisal Practice 
[maintained by the IAAO], if you look at their ethics provision 
appraisers can't consider any of the race, religion, ethnicity, or any of that stuff in our 
evaluation process. So, while we have neighborhoods that their boundaries are generally 
defined based on natural, manmade, and governmental boundaries like school districts, 
cities, towns, that sort of thing, with some adjustments from time to time, you know, we 
try to basically say, well, even if we thought we could get a better result by including 
some of that stuff, we would never do that because it's prohibited. We would never 
include information that's based on race or ethnicity or sexual orientation. – 
Representative of a county assessor’s office in Washington State 

 

The IAAO policy is understandable given the long history of the pervasive and inaccurate belief that 
home prices are negatively affected by the mere presence of people of color (Immergluck et al., 2019; 
Rothstein, 2017; Bayer et al., 2017 Card et al., 2017). This process also assumes that hedonic 
regressions are the primary mass appraisal method used by county assessors. Again, my qualitative 
work demonstrates that this assumption is incorrect: 

 

So we've looked at regression [analysis]. I think with that, you need a lot of data and you 
need a lot of sales to back up that data. And [name removed] County is… we're a mid-
sized county, but we're extremely diverse. We have oceanfront, we have lakefront, we 
have riverfront, we have views. Just the topography of [name removed] County goes from 
sea level to close to 10,000 feet. So, we have a lot of areas that we don't have enough sales 
to really do regression on all those data points. –  Representative of a county assessor’s 
office in Washington State 
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As illustrated in the quote above, even midsized counties often lack sufficient recent sales to provide 
the large and representative samples needed for conducting regression analysis at a granular 
geographic level. 

 

In other cases, assessors used regression analysis in their mass appraisal process but lacked access to 
the necessary GIS software to incorporate information about physical neighborhood amenities—
such as parks or school attendance zones—that may be correlated with homeowner race. 
Incorporating this type of spatial data offers a promising approach to reducing bias in property 
valuations and would not violate IAAO standards of mass appraisals. In response to a question on 
the feasibility of incorporating these amenities in regression-based mass appraisals, one interviewee 
responded: 

 

No, so we haven't really used much locational stuff like how close to the near school park, 
fire district, police station, all those kind of things. Mainly because our software that we 
use, our actual assessment and taxation software is 30 years old. And our GIS software is 
also 30 years old. So like we don't have real good, we don't have a real good ability to 
even do that. We're working with a company right now that was looking at some of our 
data. –  Representative of a county assessor’s office in Washington State 

 

While newer versions of both mass appraisal and GIS software are readily available for 
purchase, some interviewees mentioned increasingly tight fiscal environments faced by 
Washington State counties as a barrier to improving assessment practices in their offices. 
Specifically, one interviewee from a larger county in the state offered:  

 

And that's, you know, Kelsey, the, the budgets are getting tighter and tighter all the time. 
Right. So it is getting more and more difficult to be able to gather all the data that you 
want to have for your analysis. And it may continue on to the future. My office is pretty 
lean, but we've taken advantage of technology solutions to allow us to do a lot of what we 
did... So, so my staff to parcel count to staff  is fairly it's lean, but I'm getting squeezed 
again. And the more we get squeezed, the less time I have to be able to pick up those 
pieces of data that we really want. And that's… that's frustrating and a little concerning. 
–  Representative of a county assessor’s office in Washington State 

 

Beyond technical and budgetary considerations, policy interventions should be politically feasible 
and robust to potential legal challenges. Finally, one must be mindful that property taxes offer a vital 
and stable source of revenue for local governments across the country. (Youngman, 2016). Any 
policy change that undermined this quality could result in significant fiscal challenges for localities 
and risk cuts in the provision of key services provided by the state and local governments. For these 
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reasons, my primary policy recommendations focus on legislative changes over econometric fixes to 
address racial inequality in property taxes demonstrated in this dissertation and past work. Below is a 
menu of policy suggestions for potential decision makers informed by both my quantitative work 
and discussion with county assessors across Washington State. They vary in complexity and level of 
resources required but satisfy the policy considerations mentioned above.  

 

Expanding Property Tax Circuit Breakers 
Background 
Most states offer some income-restricted property tax reliefs to homeowners already. Known as 
Circuit Breakers, such policies provide state-funded (rather than locality-funded) tax credits to 
homeowners whose property tax bill to income ratio is above some specified threshold (IAAO, 
2020). Among states with circuit breakers, more than half limit this assistance to seniors, who often 
live on fixed-incomes and may have trouble affording property tax bills. This is particularly true in 
areas with rapid home price appreciation (ITEP, 2023).  

 

Individual tax credit amounts are typically set so that no qualified homeowner pays more than a 
legislatively mandated threshold of his or her income (IAAO, 2020). Since property taxes are 
regressive in nature, meaning that lower income homeowners pay a higher share of their total 
income in property taxes than wealthier homeowners, tax credit amounts are progressively 
administered. Some states go beyond this design and have multiple thresholds which decrease 
negatively in proportion to income – meaning the lower-income homeowners are expected to pay a 
lower proportion of their income to property taxes than higher-earners. 

 

While circuit breaker expenditure is tied to income and thus rise and fall with economic cycles, they 
are funded nearly exclusively at the state level, rather than at the local level. This may help isolate 
localities from destabilizing swings in an important revenue source. Since states often have distinct, 
albeit correlated, labor markets and a larger tax base to draw on than localities, they are more secure 
from specific local economic downturns and thus a more appropriate funding source in terms of 
financial stability.  

 

Application for Racial Property Tax Inequality 
Income and race are highly correlated in the United States, (Himmelstein et al., 2022). For instance, 
the most recent figures from the U.S. Census, finds the probability of a White adult living in poverty 
was 13 percent. The corresponding figure for Black adults was 23 percent. (U.S. Census, 2024). 
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This implies that expanding income-targeted property tax breaks beyond seniors could reduce the 
disproportionate racial tax burden, particularly for Black homeowners who are over assessed the 
most.  

 

Since most states already offer some form of circuit breakers tied to income, expanding the program 
beyond seniors would be relatively easy to do. States could leverage existing infrastructure to collect 
homeowner income and property tax estimates. Their precedent also suggests that circuit breakers 
can withstand legal scrutiny, an increasingly important quality given the new scrutiny of race-
conscious policies (Harper V. Moore, 2023). 

 

Retroactive Tax Relief 
Beyond altering existing policies, states could consider new retroactive tax relief in cases of 
documented overassessment. This could be operationalized so that if a property’s fair market price is 
revealed through a transaction to be higher (or lower12) than the most recent assessed value, the state 
could issue a rebate to the seller. This rebate could be a one-time lump payment or credit on future 
property taxes, depending on if the seller is transitioning to a new home or not. It is up to 
policymakers to consider additional parameters, like whether the reimbursement or tax credit is 
calculated of the most recent assessment or applied retroactively over the entire ownership duration. 
An important consideration in this case is whether assessments were always off by the documented 
magnitude.13  

 

Informational Campaign Coupled with Appeal Audits 
Evidence provided by Holz et al. (2023) suggests a significant gap in homeowners’ awareness that 
they can appeal their property assessments. For policymakers seeking to address this information 
asymmetry, a logical response would be to improve outreach and education efforts. However, as also 
shown by Holz et al. (2023), this may exacerbate existing racial assessment inequality if White 
homeowners are more likely to win their appeals and receive larger reductions in assessments—

 
12 Though likely highly politically untenable, states could also request additional tax payments from homeowners who 
were substantially underassessed. This theoretically could reduce racial inequality in property taxes more dramatically as 
White homeowners are more likely to live in higher-valued properties, which are typically underassessed.  
13 An important caveat for policymakers considering broader eligibility for circuit breakers or retroactive tax relief for 
over assessed property owners as strategies to address racial assessment inequality should be noted. Both policies affect the 
nominal tax bills paid by homeowners but may not alter recorded assessed property values. Therefore, analyses that rely 
solely on assessment ratios—rather than actual tax burdens, as in this dissertation—may not detect reductions in racial 
inequality. In such cases, the tax bill itself would be a more appropriate dependent variable. 
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conditional on winning—even after controlling for the quality of evidence in support of an 
overassessment provided by a homeowner. Policymakers wishing to pursue such a campaign may 
mitigate the risk of worsening assessment gaps by coupling informational campaigns with internal 
audits to statistically test if appeal outcomes differ by race. As discussed in Chapter One, many states 
already audit assessment offices to ensure equity across jurisdictions. While this audit would focus on 
appeal outcomes, which are only partially handled by assessors (refer to Chapter One for a detailed 
discussion on the appeals process), most relevant information for this analysis is already 
systematically collected. The only additional data requirement would be recording the appellant’s 
race. As with equalization studies, audit results for each assessing jurisdiction could be made publicly 
available to promote transparency and uniformity. 

 

A Role for Technology: Automated Valuation Models and Federal 
Agencies and the Private Sector 
Although the previous two subsections focused primarily on legislative changes to state-level 
property tax relief programs and the appeals process, technology, federal regulators and the private 
sector can also play important roles in reducing assessment inequality. 

 

Automated Valuation Models (AVMs) are relatively new, sophisticated statistical algorithms that use 
large datasets to appraise property values and are widely employed by financial institutions during 
the mortgage application process (Zhu et al., 2022).14 While far from perfect, AVMs have been 
shown to reduce appraisal error correlated with race relative to estimates by individual appraisers 
(Williamson & Palim, 2022). Still, as with all models, AVM predictive accuracy is limited by the 
availability of quality data. Because of this, federal banking regulators recently adopted a set of 
“principle-based” best-practices to ensure AVMs used by mortgage-issuing institutions adhere to 
basic data integrity guidelines to mitigate inaccuracies, including racially correlated appraiser errors 
while still granting methodological flexibility necessary to foster innovation (Federal Register, 2024). 
Principles include:  

 

(1) ensure a high level of confidence in the estimates produced by automated valuation 
models; (2) protect against the manipulation of data; (3) seek to avoid conflicts of 
interest; (4) require random sample testing and reviews; and (5) account for any other 
such factor that the agencies. . . determine to be appropriate. – Federal Register, 2024 

 
14 Zillow Zestimates, discussed previously in this chapter, are an example of widely available AVM-produced data at the 
zip code level. 
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While perhaps not prescriptive enough to encourage the rapid adoption of AVMs by 
county assessors, the new rule symbolizes a promising development in accurate mass 
appraisal methodology. Further, these models can be maintained outside of specific 
assessor’s offices – either by third party firms or, potentially even federal agencies 
themselves, which may reduce barriers to adopting by resource-constrained counties. 

 

Bridging the gap between principles to practice, the IAAO has also recently developed 
standards on AVM use (IAAO, 2018). Beyond providing its own, principle-based best 
practices, the IAAO’s guidance includes detailed discussions on the merits and 
limitations of various AVM models as well as in what situations they are recommended 
for use. 

 

To further ease the adoption of high-quality AVM models at the local level, federal agencies (such as 
the Department of Housing and Urban Development) or private real estate technology firms could 
either make validated AVMs available to county assessors or offer a subscription-based service. Both 
entities are well positioned to leverage economies of scale and proprietary data on local housing 
markets to produce timely property assessment data. 

 

Chapter Nine – Limitations, Future Research, and 
Conclusion 
This dissertation provides additional evidence that minority homeowners are taxed at a higher 
proportion relative to their property’s fair-market value than White owners in the same taxing 
jurisdiction. I go beyond existing literature by exploring the role of census tract sales volume, 
demographic change, and neighborhood amenities (i.e., parks) in accounting for these inequalities. 
Further, I examine heterogenous racial effects of these factors on racial inequality in property taxes, 
which is, to my knowledge, a first in this area. Such analysis relaxes the assumption that these 
inequalities change uniformly across all racial groups and may help identify distinct variations of the 
racial assessment gap across the country. 

 

I find that all things equal, sales volume helps reduce assessment error overall across all races and 
helps explain a sizeable portion of minority-White inequality for specific racial groups. My work in 
Chapter Four shows that the observed Black-White assessment gap is statistically indistinguishable 
from zero beyond two standard deviations above mean sales volume. A similar negative relationship 
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between inequality magnitude and sales volume is also observed for API and AIAN homeowners; 
interestingly, this relationship does not hold for the Latino-White assessment gap. Chapters Four 
and Five provide evidence that gentrification – measured in two different ways – has no statistically 
or economically significant impact on racial property tax inequality. In Chapter Seven, I present 
preliminary evidence that accounting for the presence of neighborhood parks—a practice not 
commonly used but feasible in mass appraisals—can help reduce racial assessment inequalities, based 
on an analysis of a subset of properties in Seattle, WA. While my work provides important new 
evidence to inform tractable policy solutions (as explored in Chapter Eight), there are several 
limitations that should be considered and provide an opportunity for future research.  

 

The primary limitation is the associative nature of the present work. While this is not unique to my 
dissertation (Avenancio-León & Howard, 2022), this work, at best, identifies simple correlations 
between racial inequality in property taxes and select covariates. This is an important first step but 
falls well short of identifying the reason for racial inequality in property taxes. To accomplish this, I 
propose two additional studies that could provide closer approximation of the causes of these 
inequalities.    

 

First, to better estimate the causal effect of transaction data quality on racial property tax inequality, 
I propose leveraging an exogenous shock to property tax reassessment schedules and a difference-in-
differences study design, rather than relying solely on a simple count of census tract property sales 
volume as a proxy. Similar to what Hou et al, 2023 do in analyzing the casual effect of more 
frequent reassessment schedules on vertical equity in Philadelphia, this could be accomplished using 
the 2009 Washington State law that mandated all counties switch to an annual reassessment 
schedule by 2014.  While counties adopted this new re-assessment schedule at different times, recent 
advances in econometrics (Roth et al., 2023) allow analysts to estimate an unbiased treatment effect 
in such situations. A second promising study would repeat this analysis but on a unique subset of 
properties in either newly constructed housing developments or multi-family condominiums. Such 
an analysis could be easily conducted using the same data and would implicitly control for structure 
condition, which may be correlated by homeowner race even at the neighborhood level. This is a 
closer examination of an ideal experiment where minority and White homeowners live in identical 
properties in the same neighborhood. More importantly, it may further shed light on the driving 
mechanisms behind observed racial inequality in property taxes, a continuation of a theme from 
Chapter Seven of this dissertation. 

 

As discussed in Chapter Fours and Five, a widely accepted definition of gentrification remains 
allusive. While I run two models each using distinct definitions in this dissertation, my chosen 
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metrics may not be applicable in every situation gentrification is suspected to be occurring. I caution 
readers and policymakers to uncritically conclude that gentrification has no meaningful effect on 
racial assessment inequality, despite my findings here. Further, my results on the association between 
gentrification and assessment inequality implicitly leaves no room for differences in regional 
manifestation of gentrification (Lee & Perkins, 2023). Future research could relax this assumption 
and/or expand the covariates used to measure gentrification.   
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Appendices 

Appendix A. Denominator of PRD is Price-Weighted Average of 
Assessment Ratios. 
The denominator of the PRD as displayed in equation 1 is: 

 

∑ 𝐴𝑠𝑠𝑒𝑠𝑠𝑒𝑑𝑉𝑎𝑙𝑢𝑒+&
+89
∑ 𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+&
+89

 

 

Multiplying the numerator by 2*0$#34+5$!
2*0$#34+5$!

 yields 

 

∑ 𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+(
𝐴𝑠𝑠𝑒𝑠𝑠𝑒𝑑𝑉𝑎𝑙𝑢𝑒+
𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+

)&
+89

∑ 𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+&
+89

 

 

Recall that "##$##$./*01$!
2*0$#34+5$!

 is defined as property 𝑖’s Assessment Ratio. Thus, the expression becomes 

∑ 𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡𝑅𝑎𝑡𝑖𝑜+&
+89

∑ 𝑆𝑎𝑙𝑒𝑠𝑃𝑟𝑖𝑐𝑒+&
+89

 

 

The expression may be rewritten to more clearly show that it is a price-weighted average of 
assessment ratios. Let 𝑃+ now represent property 𝑖’s sales price and 𝑇+ denote its assessment ratio. 
Then we have 

𝑃9𝑇9 + 𝑃B𝑇B +⋯+	𝑃&C9𝑇&C9 +	𝑃&𝑇&	
𝑃9 +	𝑃B +⋯+	𝑃&C9 +	𝑃&

, 

 

Which weights each assessment ratio by its relative contribution to total property values (as 
measured by sales price) within the jurisdiction. 
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Appendix B. Regression-based tests for vertical inequity are biased 
This appendix walks the reader through a proof by McMillen and Singh (2023) demonstrating that 
use of a linear regression model instead of the PRD statistic to test for vertical equity is biased toward 
finding evidence of regressivity – that is, that average property assessment values decline with home 
values.  

 

A typical hedonic property assessment model is of the form: 

 

(i) 𝑌+ = 𝛼 +	𝛽>𝑋+ +	𝜖+ 
 

Where 𝑌+ is an estimated value for property i, 𝛼 is the intercept, and 𝑋+ is a vector of property 
characteristics, and ∈+ is a normally distributed error term.  

 

Should an assessor perform a vertical equity analysis on a set of assessments using corresponding 
market values for properties in his or her jurisdiction, he or she would likely regress assessed values 
on known market prices, i.e.,  

 

(ii) 𝐴+ = 𝛿D +	𝜃𝑌+ +	𝑉+ 
 

Where 𝐴+ is property i’s assessed valued – note that this is equal to 𝑌El , as calculated in equation (i) -  
𝛿D is the intercept, 𝑌+ is the observed sales value for property i, and 𝑉+ is an error term. As with all 
coefficients calculated using an OLS framework, 𝜃 is equal to the cov(𝐴+𝑌+) / var(𝑌+), or  

 

(iii) 𝜃 = 	∑ (G!CGH)("!C	"̅)
"
!
∑ ("! G!CGH)

   

In the case when assessed values and transactions values are from the same period (i.e., 𝐴+was 
estimated from 𝑌+), 𝐴+ =	𝑌m+ and 𝐴̅ = 𝑌o . Therefore,  

 

𝜃 = 	
∑ (𝑌+ − 𝑌o)(𝑌El −	𝑌o)&
+

∑ (&+ 𝑌+ − 𝑌o)B
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Since we know that 𝑌+ =	𝑌El +	𝜖+, we can rewrite equation (iii) as 

 

𝜃 = 	
∑ (𝑌m+ +	𝜖+ − 𝑌o)(𝑌El −	𝑌o)&
+

∑ (&+ 𝑌+ − 𝑌o)B
 

 

Further simplifying equation (iii) yields  

 

𝜃 = 	
∑ Q𝑌m+ − 𝑌oR +	∑ (𝜖+(𝑌El −	𝑌o))&

+
&
+

∑ (&+ 𝑌+ − 𝑌o)B
 

 

Now, by the Zero Conditional Mean assumption of simple OLS regression, the second term in the 
numerator goes to zero in expectation, leaving 

 

𝜃 = 	
∑ Q𝑌m+ − 𝑌oR&
+

∑ (&+ 𝑌+ − 𝑌o)B
 

 

By definition, 𝜃 is equal to the 𝑅Bof the OLS regression of property assessed value on transaction 
value. Since 0	 ≤ 𝑅B 	≤ 1 this means that 𝜃 must be positive and less than or equal to one. In all 
cases aside from a perfect fit, 𝜃 will be less than one.  

 

To illustrate the implications of having 0 ≤ 𝜃	 < 1, consider Figure B1 below which plots assessed 
and transaction property values in a fictional jurisdiction. In a perfect world, assessed values would 
exactly equal sales price, this is signified by the dashed, blue line labeled “Line of Perfect Equity.” 
Given that assessed values are predictions, they deviate from this ideal, this is denoted by the red line 

labeled “Assessed Value.”  In this example, the slope of the red line is fixed at 𝜃 = 9
B
 .  As evident 

from Figure B1, the red line is entirely above the dashed line for low-value properties and entirely 
below the dashed line for high-value properties. Since the dashed line would indicate perfect 
assessment accuracy (i.e. all assessed values are exactly equal to their market price) this implies that 
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lower-value properties are over assessed relative to their market value and higher-value properties are 
underassessed.  

 

Figure B1 

 

  



 

101 

Appendix C. Interview protocol and consent sheet for qualitative interviews 

Interview Protocol  
 

Introduction 

Hello, my name is Kelsey O’Hollaren, and I am a Ph.D. candidate and Assistant Policy Researcher at the 
Pardee RAND Graduate School. Thank you for agreeing to be interviewed for my dissertation on racial 
inequalities in property taxes. First, I would like to confirm that you have received and read the Consent 
Statement I sent to your office and use this time to answer any further questions you may have regarding the 
study as described in the document. Additionally, I want to confirm that you can accept the Amazon Gift 
Card code mentioned in the Consent Statement or if there is a preferred alternative as a thank you for your 
participation. 

I would like to take this opportunity to reiterate that your participation in this interview is completely 
voluntary and that you may skip questions you may not feel comfortable answering or end the interview at 
any time for any reason. I also want to reiterate that there is no “right or wrong” answer. This is an exploratory 
study. I’m not here to make normative judgements. Is this clear? 

[Wait for response and provide clarification if necessary] 

Question 1: Can you please confirm that you are an employee of [State County Name} County Assessors’ 
Office, state your title and time in this position, and briefly describe your position? 

[Wait for response and provide clarification if necessary] 

Do I have your permission to record? 

[Wait for response. If permission is granted, start recording. If not, end the interview] 

Question 2: I’d like to know what mass-appraisal methods your office uses when conducting reassessments. 
Can you speak to this? 

{follow up for if they describe multiple methods: 

You mentioned METHOD 1 and METHOD 2.  I’m interested in understanding how and in what circumstances 
they are applied.} 

Question 3: How big of a priority (measured by time and resources allocated) is ensuring equity within 
property assessments at your office. Can you describe how this is done, ratio-studies, etc.? Across what 
dimensions is equity considered? Has this changed over time?  

Question 4: Does your office include neighborhood-level characteristics in your mass appraisal models when 
assessing properties? For instance, the presence of parks, restaurants, or neighborhood socioeconomic 
information? Why or why not? 

Question 5: Can you describe a time when your office implemented a new method or tool for conducting 
mass appraisals?  Where there any frictions to making these changes? What were they?  

Closing 
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That’s all the questions I have for you. Thank you again for taking the time to talk with me. This was really 
helpful, and I’m excited to include your perspectives in my dissertation. Should any questions or concerns 
arise later, please don’t hesitate to reach out to me. 

 

Participant Information and Consent Form 
 

Title: Neighborhood Change, Housing Market Dynamics, and Racial Inequality in Property Taxes 

WHO IS CONDUCTING THIS STUDY? 

Principal Investigator: Kelsey O’Hollaren, M.Phil. PhD Candidate RAND Corporation  

Study Contact Phone number at RAND: 310-393-0411 ext. 8247; kelseyo@rand.org  

 

WHAT IS THE PURPOSE OF THIS STUDY? 

This study is part of my dissertation to better understand the techniques county assessors use to conduct 
property assessments and the practical and legal challenges faced by assessors when attempting to improve the 
accuracy of property assessments in the state of Washington. The proposed objectives of this dissertation are: 
1) quantify inequalities in the property tax burden between White homeowners and a broader set of 
homeowners of color in the United States in a broader manner than previous research on this topic; 2) use 
causal estimation approaches to study relationship between this inequality and composite measures of 
gentrification and local housing market strength; 3) supplement these findings with expert interviews in one 
case study state (Washington) to identify promising avenues for policy interventions to reduce or eliminate 
this inequality. I plan to interview representatives from at least 10 of Washington State’s 39 counties, 
including both urban and rural regions, to inform tractable policy recommendations that are appropriate 
for assessors from a diverse set of counties and are consistent with existing state and federal law.    

WHY AM I BEING ASKED TO PARTICIPATE? 

You are being asked to take part in an in-depth interview related to assessment practices in Washington State 
because of your role in either executing property assessments using mass appraisal methods in your county or 
conducting vertical equity analyses of data collected by your department.  

HOW MANY PEOPLE WILL PARTICIPATE? 

This study seeks to interview at least one county assessors’ office representative from a representative sample of 
ten counties across Washington State. An anticipated minimum of ten interviews will be conducted. 

HOW LONG WILL I BE IN THE STUDY? 

This interview will last no longer than one hour.  

WHAT STUDY PROCEDURES ARE INVOLVED? 

We will meet remotely (via Teams or Zoom) or by telephone to conduct our semi-structured interview.  

mailto:kelseyo@rand.org
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Questions are open-ended and there are no right or wrong answers. Still, if you feel uncomfortable answering 
any question, you may decline to do so. Declining to answer a question will not be noted in the analysis.  

WHAT ARE THE POSSIBLE RISKS OR DISCOMFORTS? 

Although all questions you are asked will refer specifically to your role as administrative leadership or as an 
assessor, it is possible that some questions asked in the interview may make you feel uncomfortable or 
embarrassed.  You are not required to respond to any question that you do not wish to answer in the 
interview.  

ARE THERE DIRECT BENEFITS IN TAKING PART IN THE STUDY? 

You should not expect to benefit directly from taking part in this study, but you may learn of new scholarly 
research on residential property assessments.  

HOW CAN MY PARTICIPATION BENEFIT OTHERS?  

We hope the information learned from this study will aid assessors throughout the country conduct property 
assessments equitably. 

ARE THERE ANY OTHER OPTIONS? 

Your participation is voluntary, and you can choose to not participate in this study.   

HOW WILL MY PRIVATE INFORMATION BE KEPT CONFIDENTIAL? 

Your interview will be audio-recorded and transcribed. We will keep the recordings and their transcription on 
a secure website with access limited to designated researchers.  Although your transcript will be linked to 
county of work for tracking purposes, we will not report any information that could identify you or your 
organization. We will destroy recordings and transcripts upon completion of the study. 

WHAT ARE THE COSTS OF TAKING PART IN THIS STUDY? 

There is no cost to participate in this research study. 

WILL I BE PAID? 

You will be offered a 50-$100 Amazon electronic gift card via email after completing interview.  If your 
organization does not allow reimbursement for study participation, you will have the option of gifting your 
card to someone else.  

WHAT IF I HAVE QUESTIONS OR PROBLEMS? 

If you have questions or concerns about this research, please contact the Principal Investigator listed under 
“Who is conducting this research study?” on the first page of this consent sheet.   

If you have questions about your rights as a research participant or need to report a research-related injury or 
concern, you can contact RAND's Human Subjects Protection Committee (HSPC) toll-free at (866) 697-
5620 or by emailing hspcinfo@ rand.org . In your correspondence, please make reference to study ID 2024-
N0394. 
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