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Abstract 
 
Standard measures of vertical inequity suggest that assessments are regressive in the sense that 
high-priced properties are often assessed at lower rates than low-priced properties. Conventional 
measures of measuring vertical inequality include a simple descriptive statistic—the price-related 
differential—and measures based on regressions. We show that regression-based procedures are 
seriously flawed, with a bias that tends to imply regressivity even when it is not present. To 
supplement the price-related differential, we propose three approaches that focus on the entire 
distribution of assessments rather than attempting to provide a single measure to characterize the 
entire assessment process. The first is to compare Gini coefficients for sales prices and 
assessments. These statistics directly measure vertical inequality by determining whether the 
distribution of assessments is not as skewed toward low-value properties as are sales prices. 
Second, we show that the Suits Index, which has been used to analyze tax progressivity, can be 
used to analyze whether assessments are progressive or regressive. The third approach is to test 
formally whether the distribution of log sales prices is statistically different overall from the 
distribution of log assessed values. We compute all of the measures using data on sales prices 
and assessments for 48 large central city counties. 
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Measures of Vertical Inequality in Assessments 
 
 

Introduction 
 
Whether the statutory assessment rate is 100 percent or a fraction of market value, assessments 
are supposed to rise in proportion to value in all jurisdictions in the United States. Although there 
is occasional debate whether sale price is the appropriate measure of market value in all 
circumstances, there is widespread agreement that a comparison of sales prices and assessments 
will establish whether there is a systematic tendency for assessment rates to vary with market 
value when there are a large number of arm’s length sales that take place in typical market 
conditions. A large empirical literature suggests that residential assessments tend to be regressive 
in the sense that higher-priced properties tend to have lower assessment rates than low-priced 
properties.1 The extensive literature on the subject is reviewed by Sirmans et al. (2008) and 
Carter (2016). 
 
The traditional measure of vertical inequality for assessments is the price-related differential 
(PRD), which is simply the ratio of the arithmetic mean assessment ratio to the value-weighted 
mean, where the assessment ratio is defined as assessed value divided by market value. The PRD 
will be greater than 1 when high-priced properties tend to have lower assessment ratios than low-
priced properties. Standards promulgated by the International Association of Assessing Officers 
(IAAO 2017) call for PRDs between 0.98 and 1.03, with values greater than 1.03 implying 
regressivity and values below 0.98 implying progressivity. A significant advantage of the PRD 
over other measures is its widespread use, which provides ample context for determining 
whether departures from the IAAO standards are a serious problem. A disadvantage is that the 
PRD can be influenced heavily by a small number of very high-priced properties. A simple 
reporting error that leads to a $1 million property being recorded as $10 million can affect the 
PRD significantly. 
 
Academic researchers tend to rely on regressions to evaluate vertical inequality. In an early 
study, Paglin and Fogarty (1972) regress assessments (A) on sales prices (P) and then test 
whether the intercept is significantly different from zero. Cheng (1974) regresses lnA on lnP and 
tests whether the coefficient on log sale price is significantly different from one. Clapp (1990) 
switches the dependent and explanatory variables and uses an instrumental variable in place of 
the actual value of lnA. The IAAO has recently promulgated a new measure, the price-related 
bias (PRB), which is constructed by regressing the percentage deviation of the assessment ratio 
from its median on a measure of market value that is based on the average of a property’s sale 
price and its assessed value.  
 
Regression-based approaches share the objective behind the PRD of having a single statistic that 
indicates the degree of vertical inequality. Although a simple summary measure is useful, it 
neglects a wealth of potentially interesting information that can be revealed by analyzing the full 

 

1 Some of the recent studies are Avenancio-León and Howard (2019), Berry (2021), McMillen and Singh (2020), 
and Quintos (2020). 
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distribution of assessments. McMillen (2011, 2013) uses kernel density and quantile approaches 
to show how the distribution of assessment ratios varies with sales prices. The approaches reveal 
a critical feature of assessment practices in the Chicago area that would not have been evident 
using traditional approaches: not only do assessment rates tend to be extremely high at very low 
sales prices, they also are much more variable. As sales prices increase, both the mean 
assessment rate and the variance decrease significantly. 
 
Our objective in this paper is threefold. First, we review existing measures of assessment 
regressivity and argue that the PRD is a much more useful measure than regression-based 
procedures. Second, we suggest three additional measures that provide additional information on 
the relationship between the assessment and sale price distributions. Third, we present estimates 
for all the approaches using data for the central counties of large cities across the United States. 
In the main text, we focus on the central counties of four representative cities: Birmingham, AL; 
Indianapolis, IN; St. Louis, MO; and Tucson, AZ. The results for the additional counties are 
presented in an appendix. 
 
Our conclusion is that the PRD remains a useful approach for measuring vertical inequality, 
while distribution-based procedures are helpful because they are not as sensitive to small 
numbers of very high-priced sales and they provide a more complete picture of how assessment 
rates vary across the full distribution of sales prices. In contrast, regression-based approaches 
have the serious shortcoming of being subject to significant statistical bias. 
 
 

Traditional Measures of Vertical Inequality 
 
There is a great deal of variation in assessment practices across the country. Real property is 
reassessed annually in some states, while in other states’ properties are reassessed less 
frequently. In some states, properties are supposed to be assessed at 100 percent of market value, 
while in others the statutory assessment rate is a fraction such as 35 percent (Ohio) or 19 percent 
(Missouri, for residential property). In some locations, statutory assessment rates vary by 
property class. For example, the statutory assessment rate is 7.2 percent for residential property 
in Colorado, but rates vary from 29 percent to 87.5 percent for other property classes. In other 
states, such as Massachusetts, all property is assessed at the same statutory rate, but the tax rate 
can vary by property class. In many states, counties are responsible for assessments, while other 
states rely on municipalities (Massachusetts), townships (most of Illinois), or other geographic 
units.2 State practices are reviewed in the Lincoln Institute of Land Policy online database 
Significant Features of the Property Tax.3  
 
Regardless of the statutory assessment rate, a well-performing assessment office will produce 
assessments that are close to the statutory proportion of market value on average. To evaluate 

 

2 Some counties have multiple taxing authorities. For example, Erie, NY, has a total of 28 separate assessing 
units. 
3 https://www.lincolninst.edu/research-data/data-toolkits/significant-features-property-tax 

https://www.lincolninst.edu/research-data/data-toolkits/significant-features-property-tax
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assessment performance, the standard practice for residential properties is to compare assessed 
values to sales prices using sales that take place near the assessment date. Letting A represent 
assessed value and P the sale price, the idea is to compare the assessment ratio R = A/P to the 
statutory rate. The median of the sample assessment ratios is typically used as the measure of 
central tendency due to the sensitivity of the arithmetic mean to extreme values of R, which are 
not uncommon, particularly at the upper end. Due to the emphasis on the median rather than the 
mean, the “coefficient of dispersion” (COD) replaces the standard deviation as the measure of 
variability: the statistic is defined as 𝐶𝐶𝐶𝐶𝐶𝐶 = 100

𝑛𝑛
× ∑ |𝑅𝑅𝑖𝑖 − 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅)|𝑛𝑛

𝑖𝑖=1 /𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅), i.e., the 
average percentage deviation of the assessment ratios from the median ratio. 
 
A value-weighted mean helps to determine whether assessment ratios tend to vary by sale price. 
The value-weighted mean is simply ∑ 𝑃𝑃𝑖𝑖𝑅𝑅𝑖𝑖𝑛𝑛

𝑖𝑖=1 /∑ 𝑃𝑃𝑖𝑖𝑛𝑛
𝑖𝑖=1 = 𝐴𝐴̅/𝑃𝑃�. The value-weighted mean will 

be higher than 𝑅𝑅� if high-priced properties tend to be assessed at higher rates than low-priced 
properties. The price-related differential (PRD) is a statistical measure of this tendency: 𝑃𝑃𝑅𝑅𝐶𝐶 =
 𝑅𝑅�/(𝐴𝐴̅/𝑃𝑃�). By IAAO (2017) standards for residential properties, a PRD exceeding 1.03 is 
evidence of assessment regressivity while a PRD below 0.98 is evidence that high-priced 
properties are assessed at especially high rates. 
 
By design, the PRD is heavily influenced by assessment ratios for high-priced properties. A $2 
million property gets 40 times the weight of a $50,000 property. The PRD will thus be much 
more influenced by departures from proportional assessments for even a small number of very 
high-priced properties than would be the case for a larger number of inaccurate assessments of 
low-priced properties. Nonetheless, it is a useful statistic that is easy to calculate while providing 
a simple summary of a tendency toward vertical inequality. 

 
 

Regression-Based Measures 
 
Regression-based measures are more problematic than traditional approaches. The main problem 
is that the explanatory variable is likely to be endogenous whether the regression has the 
assessment ratio as the dependent variable with sale price as the explanatory variable; sale price 
as the dependent variable with assessed value as the explanatory variable; or the reverse 
regression of assessed value on sale price. This endogeneity bias can potentially be avoided by 
using an instrument in place of the explanatory variable, as in Clapp (1990). It is also worth 
noting that the timing of the assessment process can help to reduce the bias. For example, in 
Cook County, IL, assessments are calculated using sale price regressions with data for a five-
year period prior to the formal assessment date. In this case, a regression of the log of sale price 
on the log of the assessed value is less likely to be subject to bias when sales are drawn from 
times after the assessment rather than before. 
 
A more fundamental problem with regression-based procedures is that they are not only biased 
but actually can be constrained mathematically to a finding of vertical inequality. As an example, 
consider the Cook County case. Suppose that instead of using sales from the time after the 
assessment date to estimate the regressions, we used data from the same five-year period as was 
used when calculating the assessments originally. Let X represent the set of explanatory 
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variables for the regression used to calculate assessed values, and let y represent sale price. We 
consider the following cases: 
 
Approach Assessment Model Vertical Inequality Model  Citation 

(1) 𝑦𝑦 = 𝑋𝑋𝑋𝑋 + 𝑢𝑢,  𝐴𝐴 = 𝑋𝑋�̂�𝑋 𝐴𝐴 = 𝛿𝛿0 + 𝛿𝛿1𝑦𝑦 + 𝑚𝑚 Paglin-Fogarty (1972) 

(2) 𝑙𝑙𝑚𝑚𝑦𝑦 = 𝑋𝑋𝑋𝑋 + 𝑢𝑢,  𝑙𝑙𝑚𝑚𝐴𝐴 = 𝑋𝑋�̂�𝑋 𝑙𝑙𝑚𝑚𝐴𝐴 = 𝛿𝛿0 + 𝛿𝛿1𝑙𝑙𝑚𝑚𝑦𝑦 + 𝑚𝑚 Cheng (1974) 

(3) 𝑙𝑙𝑚𝑚𝑦𝑦 = 𝑋𝑋𝑋𝑋 + 𝑢𝑢,  𝑙𝑙𝑚𝑚𝐴𝐴 = 𝑋𝑋�̂�𝑋 𝑙𝑙𝑚𝑚(𝐴𝐴/𝑦𝑦) = 𝛿𝛿0 + 𝛿𝛿1𝑙𝑙𝑚𝑚𝑦𝑦 + 𝑚𝑚 Almy et al. (1978) 

 
In appendix A, we show that �̂�𝛿0 > 0 and �̂�𝛿1 < 1 by construction in case (1). The estimated 
coefficient �̂�𝛿1 is identical to the R2 from the original regression of sales prices on housing 
characteristics in case (1). The result is identical for case (2), which combines a hedonic model 
for assessments with a regression of 𝑙𝑙𝑚𝑚𝐴𝐴 on 𝑙𝑙𝑚𝑚𝑦𝑦 for the vertical inequality model. Again, the 
estimated coefficient �̂�𝛿1 is simply the R2 from the original regression of lny on x. In case (3), we 
have �̂�𝛿0 > 0 and �̂�𝛿1 = 𝑅𝑅2 − 1 ≤ 0. Thus, all three approaches automatically produce an 
implication of regressive assessments.  
 
These simple analytic relationships are broken if different samples are used for the original 
assessments and the subsequent vertical inequality model. The problem of endogeneity remains, 
although it can potentially be avoided using instrumental variable procedures. However, the 
validity of using regressions to evaluate assessments is dubious at best when regressions are also 
used to calculate the assessed values because there is a clear tendency toward an artificial finding 
of regressivity. 
 
A recent proposal by the IAAO, the PRB, or “price-related bias,” also is prone to endogeneity 
bias. The dependent variable is the percentage deviation of the assessment ratio from its median; 
i.e., �𝑅𝑅𝑖𝑖 − 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅)�/𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅). The explanatory variable is the log of the average of the 
sale price and the assessed value, divided by ln(2) so that the interpretation of the coefficient is 
the percentage response of the assessment ratio to a 1 percent increase in this measure of market 
value. The relationship between the dependent variable and the explanatory variable leads to 
endogeneity bias: since R = A/P and the dependent variable is a simple rescaling of ln(A+P), 
there is always a direct relationship between the two variables that cannot be altered by varying 
the timing of the assessments and sales data. 
 

 
Distribution-Based Approaches: A Simulation 

 
The PRD and the regression-based approaches share a common objective of reducing all 
differences between sales prices and assessed values to a single number. In this section, we 
discuss how distribution-based approaches can supplement more traditional approaches by 
revealing patterns of inequity across the distribution of sales prices. 
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A simple simulation exercise illustrates the advantages of alternative approaches. The exercise is 
meant to mimic a representative regression-based assessment process.4 House prices, P, are a 
simple linear function of square footage, x. Since the distribution of square footage is highly 
skewed in practice, with a long right tail of very large home sizes, we draw the values of lnx 
from a normal distribution with a mean of ln(1500) and a standard deviation of 0.4, and take the 
antilog to calculate x. We then calculate sale price as P = (300,000/1,500)*x + u, where u is a 
normally distributed error term with mean 0 and a standard deviation chosen to produce an R2 of 
approximately 0.9 for a regression of P on x. The number of observations is set to 10,000. The 
simulation produces a set of home prices that have a median of approximately $300,000, and a 
median for price per square foot of about $200. To trim assessment ratio outliers, we use a 
nonparametric procedure advocated by the IAAO. The trimming procedure drops observations 
that have assessment ratios outside the range [p.25 −3(p.75 −p.25), p.75 +3(p.75 −p.25)], where p.25 and 
p.75 represent the 25th and 75th percentiles of the variable. 
 
In the base case, assessed values are simply the predicted values from a regression of P on x. The 
results of this set of experiments are labeled “unbiased” in figure 1 because the regressions 
produce unbiased estimates of the assessed values. To introduce vertical inequality into the 
simulation, we conduct a set of exercises in which the assessed values are 𝐴𝐴 = 𝑃𝑃�𝜆𝜆, where 𝑃𝑃� is the 
set of predicted values from the regression of P on x. We vary λ between 0.94 and 1.06. λ = 1 
implies unbiased assessments, while λ < 1 implies regressive assessments and values of λ > 1 
imply progressive assessments. We then normalize A such that the mean value is equal to 𝑃𝑃�. 
This experimental design implies a mean assessment ratio of approximately 1, but when λ < 1, 
assessments are higher than an unbiased prediction of sales prices at low prices while they are 
lower at high prices, while the opposite patterns holds when λ > 1. Figure 1 shows the 
relationship between the assessed values across the two simulation exercises. The results for the 
set of experiments where λ = 0.98 is labeled “regressive” because the assessment rates are higher 
at lower sales prices. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

4 Some counties also use the cost or income approach for valuation, or some combination of the sales, cost 
and income approaches. 
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Figure 1: Simulated Assessed Values 
 

 
 
Table 1 shows the results for traditional statistics after 1,000 replications of the seven 
experiments, and table 2 shows the results of regression estimates. The PRD is within IAAO 
standards using the unbiased estimates, while it is significantly greater than 1.03 using the 
regressive assessments and less than 0.98 for progressive assessments. In contrast, all seven 
regression approaches imply significant regressivity for experiments with λ ≤ 1. Notice that the 
average coefficient estimate using a linear regression for the unbiased assessed values is 0.9128, 
which is approximately the R2 implied by the experimental design for the original regression of P 
on X. 
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 Table 1: Traditional Statistics for Experimental Data Set 
 

 0.94 0.96 0.98 1.00 1.02 1.04 1.06 

Mean 1.0986 1.0775 1.0504 1.0176 0.9733 0.9039 0.8496 

Std. Error 0.0057 0.0046 0.0038 0.0026 0.0020 0.0031 0.0028 

Median 1.0283 1.0164 1.0030 0.9973 0.9861 0.9462 0.8943 

Std. Error 0.0062 0.0055 0.0044 0.0033 0.0047 0.0068 0.0092 

Wgt. Mean 0.9900 0.9911 0.9926 0.9956 0.9996 1.0018 1.0193 

Std. Error 0.0022 0.0018 0.0016 0.0011 0.0004 0.0003 0.0013 

COD 23.1645 19.2776 15.0109 12.4656 16.4737 27.5136 41.3757 

Std. Error 0.6483 0.5424 0.4648 0.3891 0.3592 0.4471 0.4661 

 
  Table 2: Regression Measures for Experimental Data Set 
 

 0.94 0.96 0.98 1.00 1.02 1.04 1.06 

PRD 1.1097 1.0872 1.0582 1.0221 0.9738 0.9023 0.8335 

Std. Error 0.0041 0.0033 0.0026 0.0019 0.0020 0.0032 0.0037 

Linear 0.3959 0.5237 0.6926 0.9128 1.1907 1.5598 2.0053 

Std. Error 0.0021 0.0029 0.0040 0.0052 0.0058 0.0075 0.0093 

Log-Linear 0.3742 0.4925 0.6514 0.8631 1.1704 2.7558 5.9184 

Std. Error 0.0045 0.0059 0.0080 0.0106 0.0198 0.1567 0.2015 

Ratio -0.7213 -0.5785 -0.3918 -0.1595 0.1194 0.5186 0.8795 

Std. Error 0.0123 0.0116 0.0118 0.0126 0.0164 0.0223 0.0313 

PRB -0.6687 -0.4833 -0.2767 -0.0637 0.1412 0.3510 0.5040 

Std. Error 0.0153 0.0127 0.0104 0.0085 0.0085 0.0086 0.0099 

IV-Linear 0.4158 0.5489 0.724 0.9511 1.2372 1.6176 2.0644 
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Std. Error 0.0028 0.0037 0.0052 0.0063 0.0077 0.0097 0.0126 

IV-Log-Linear 0.4016 0.5302 0.7032 0.9370 1.2810 2.6504 6.2054 

Std. Error 0.0046 0.0059 0.0080 0.0098 0.0152 0.1173 0.1705 

IV-Ratio -0.6765 -0.5261 -0.3295 -0.0814 0.2278 0.6575 1.0931 

Std. Error 0.0103 0.0101 0.0107 0.0107 0.0122 0.0142 0.0159 

IV-PRB -0.664 -0.4757 -0.2696 -0.0587 0.1425 0.3509 0.5172 

Std. Error 0.0143 0.0120 0.0103 0.0080 0.0069 0.0060 0.0066 

 
Figure 2 shows the results of estimated kernel density functions for one simulation of the 
unbiased and regressive assessments. The black lines show the distribution of log sale price, 
while the red lines show the distribution of log assessed value. The kernel density functions for 
the regressive assessments show a very pronounced difference between the two densities. The 
sale price density is much higher than the assessment density at very low sales prices, and also is 
higher in the region of very high prices. The kernel density functions for the regressive estimates 
reveal that the assessed values are much less variable than sales prices. In contrast, the kernel 
density functions for sales prices and assessed values are very similar to each other for the set of 
unbiased assessments. 
 
Cumulative density functions display the same information as the density functions show in 
figure 2 in a slightly different way. The cumulative density functions are shown in figure 3 using 
the same set of experiments as in figure 2. Again, the pattern of regressivity is very pronounced 
for the set of biased assessed values. 
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Figure 2: Kernel Density Functions for Experimental Data Set 
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Figure 3: Cumulative Density Functions for Experimental Data Set 
 

 

The top panel of figure 2 reveals a region of low sales prices where the density of sales prices is 
higher than the density of assessed values. Although figure 2 only shows the results from a single 
set of experiments, we found that the pattern was consistent, which accounts for at least part of 
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the reason that the average of the PRD values across 1,000 experiments is 1.0229 rather than 1.0. 
Using even unbiased regressions to calculate assessments builds at least a small amount of 
regressivity into the assessed values because a regression-based approach automatically produces 
some regressivity. Although regression residuals are randomly distributed around the regression 
line (price on x), there will be a high percentage of negative residuals at low prices (𝑦𝑦� > 𝑦𝑦) and 
a high percentage of positive residuals at high prices (𝑦𝑦� < 𝑦𝑦).5 This mechanical relationship 
implies a tendency toward over-prediction at high prices and under-prediction at low prices, 
which in turn implies a tendency toward regressivity. 
 
Formal tests are available for testing whether two estimated kernel density functions are 
statistically different. Henderson and Parmeter (2015) provide a good review, and Henderson and 
Russell (2005) provide an example. The idea is simply to measure the distance between the two 
estimated kernel density functions. Formally, the test statistic, as developed by Li (1996, 1999) is 
based on the distance between the two density functions, which are represented by f(x) and g(x): 
KDE = ∫ [𝑓𝑓(𝑣𝑣)− 𝑔𝑔(𝑣𝑣)]2𝑚𝑚𝑣𝑣𝑣𝑣 , where v represents the x-axis in the figure 2 graphs. The test can 
be calculated using the kde.test command from the ks package in R. Like the PRD and the 
regression approach, the test reduces the question of vertical inequality to a simple summary 
measure: are the differences between the estimated kernel density functions statistically 
significant?  
 
A significant practical issue arises in implementing the KDE test: since the test directly compares 
the distribution of sales prices to the distribution of assessed values, it will automatically reject 
that the distributions are equal if properties are assessed at a fraction of market value, which is 
commonly the case. Even if all properties were assessed at precisely 98 percent of property value 
in a jurisdiction where properties are supposed to be assessed at full value, the KDE test would 
be likely to reject that the distributions are equal. This problem can be avoided by first adjusting 
assessed values by their sample median, and then comparing the distribution of A/median(A) to 
the distribution of P. This adjustment places the assessed values and sales prices on a similar 
level, and allows the KDE to focus on differences in the distributions that are not due solely to 
differences in scale. 
 
Although the KDE test indicates whether the difference between the estimated densities is 
statistically significant, it does not specifically address the issue of vertical inequality. Gini 
coefficients are a useful tool for addressing this issue. The Gini coefficient has a long history in 
the analysis of income inequality, where it is used to measure the difference in the share of 
income going to low-income versus high-income households. Gini coefficients are commonly 
used to measure the degree of income inequality across countries and over time. Examples 
include Kopczuk et al. (2010) and Chen (2009). McMillen and Singh (2020) proposed 
comparing Gini coefficients for sales prices and assessed values to measure vertical inequality. 
 

 

5 In our experimental design, the correlation between dependent variable, price, and the residuals turns out 
to be around 0.32. 
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The Gini coefficient is derived from the Lorenz curve, which shows the cumulative share 
associated with a variable when the values are ranked from lowest to highest. Figure 4 shows the 
Lorenz curves for the same set of experimental data set used to generate figures 2 and 3. 
Complete equality implies a 45 degree for the Lorenz curve, which is represented in blue in 
figure 4: the lowest 10th percentile of value accounts for 10 percent of total value, while the 
highest 10 percent also accounts for 10 percent of the total. Since prices are highly skewed, with 
many low-priced properties and a small number of very high-priced homes, the Lorenz curve for 
sales prices lies far below the 45-degree line. The greater the distance between the 45-degree line 
and the Lorenz curve, the more unequal is the price distribution.  
 
Figure 4: Lorenz Curves for Experimental Data Set 
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The Lorenz curve for assessed values would be identical to the Lorenz curve for sales prices if 
assessed values were proportional to assessments on average. In a regressive assessment system, 
assessed values are higher for low-priced properties, so the degree of inequality in the 
distribution of assessments is lower than the degree of inequality in sales prices. Thus, the 
Lorenz curve for assessments lies above the Lorenz curve for a regressive assessment system, 
while the opposite pattern holds for a progressive system. 
 
The Gini coefficient is the area between the Lorenz curve and the 45 degree line divided by the 
full area under the 45 degree line. A Gini coefficient equals 0 when all values of a variable are 
identical, while values closer to 1 imply a more unequal distribution. When the data are ordered 
from smallest to largest, the formula for the Gini coefficient for a variable x is 
𝐺𝐺 = 2(∑ 𝑚𝑚𝑥𝑥𝑖𝑖𝑛𝑛

𝑖𝑖=1 ) (𝑚𝑚 ∑ 𝑥𝑥𝑖𝑖𝑛𝑛
𝑖𝑖=1 )⁄ − (𝑚𝑚 + 1)/𝑚𝑚. The Gini coefficient for the sale price, Gp is the 

standard one; the Gini coefficient for assessed values, Ga, measures the difference between the 
45-degree line and the curve showing the share of assessed values, where assessed value is sorted 
on the basis of sales price. Ga will be less than Gp if assessment ratios are higher for low-priced 
properties than for high-priced properties, i.e., if assessments are regressive. 
 
To measure whether assessment practices are regressive, we also use the Suits Index, which is 
similar to the Gini ratio and is based on the Lorenz curve.6 The Suits Index is one of the most 
widely used measures of tax progressivity since Suits developed it in 1977. To measure the 
progressivity of tax, Suits (1977) used a figure similar to the Lorenz curve. Suits (1977) plotted 
the accumulated tax burden vertically (y-axis) against the accumulated percent of income on the 
horizontal (x-axis). To measure whether assessments are regressive, we modify the Suits Index 
and plot the accumulated percentage of assessed values vertically against the accumulated 
percentage of the sale price on the horizontal axis as depicted in figure 5. 
 
If assessed values are strictly proportional to sales prices, the homes whose sales prices comprise 
x percent of total sale price also account for x percent of total assessed value. Thus, the diagonal 
line curve represents the curve for proportional assessments (indicated as a dashed blue line in 
figure 5). If assessments are progressive, the homes whose sales prices account for x percent of 
total sale price account for less than x percent of total assessed value, in which case the curve 
sags below the diagonal line, as is the case for the green line in figure 5. In contrast, if the 
assessments are regressive, homes whose sales prices account for x percent of total sale price 
account for more than x percent of total assessed values, leading to a curve lying above the 
diagonal line, as is the case for the red line in figure 5. 
 
 
 
 
 
 
 
 

 

6 We are grateful to Chris Berry for suggesting the use of the Suits Index. 
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Figure 5: Lorenz Curves for Suits Index 
 

 

Similar to the Suits Index, we can now define the index of progressivity for assessment practices 
S in terms of K (the triangle below the 45-degree line) and L, the area contained between the 
Lorenz curve and the horizontal axis: 
 
S = (K-L)/L = 1- L/K 
 
If assessments are proportional—K=L—then the Suits Index equals zero. If assessments are 
progressive, then the curve lies below the diagonal, and the area L is smaller than K, which 
implies a positive value for the Suits Index. In contrast, the Lorenz curve arches above the 
diagonal line if assessments are regressive, and the area L is greater than area K, which implies a 
negative value for the Suits Index. 
 
To calculate the index, we use the methodology described in Suits (1977) and modify the 
notation slightly for our setting. After normalizing, the accumulated sale price, p, ranges from 0 
to 100. The y-axis of the Lorenz curve represents the accumulated percent of total assessed 
values, a(p). Thus, the area under the curve is given by 
 
L =  ∫ 𝑚𝑚(𝑝𝑝)𝑚𝑚𝑝𝑝100

0  ,  
 
and K is the area of the triangle under the diagonal. Since the triangle has a base and height of 
100, the area of the triangle (K) is 5,000. 
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Thus, the Suits Index is given by: 
 
S = 1 – L/K = 1-1/K ∫ 𝑚𝑚(𝑝𝑝)𝑚𝑚𝑝𝑝100

0  = 1-1/5000 ∫ 𝑚𝑚(𝑝𝑝)𝑚𝑚𝑝𝑝100
0  

 
We only have discrete values of the sale price (p) and the corresponding assessed values a(p) to 
calculate the area under the curve. More specifically, assessed values are available for p1, p2, p3 
,..., pn, and we normalize it to 0 for p0 = 0. 
 
The integral can be approximated as 
 

𝐿𝐿 =  � 𝑚𝑚(𝑝𝑝)𝑚𝑚𝑝𝑝
100

0
≈  �

1
2

𝑛𝑛

𝑖𝑖=1
[ 𝑚𝑚(𝑝𝑝𝑖𝑖) +  𝑚𝑚(𝑝𝑝𝑖𝑖−1)](𝑝𝑝𝑖𝑖 −  𝑝𝑝𝑖𝑖−1) 

 
Using the above equations, we calculate the Suits Index and use a bootstrap procedure to 
calculate the standard error for the Suits Index. 
 
Table 3 presents the means and standard deviations of the difference between Gini coefficients 
for the sales prices and assessed values from 1,000 replications. Table 3 also shows the 
percentage of times that the KDE test rejects the null hypothesis that the distribution of log sales 
prices and log assessed values are equal. The average Gini coefficient is much lower for assessed 
values when assessments are regressive, and the average of the difference in Gini coefficients is 
statistically different from zero. In contrast, the average Gini coefficient is much higher for 
assessed values when assessments are progressive. The Suits Index estimates are similar to that 
of the difference in Gini coefficient. The KDE test only very rarely rejects that the distribution of 
log sales prices and log assessed values are equal when assessments are unbiased, but it always 
rejects that the distributions are the same when assessments are regressive. 
 
Table 3: Distribution-Based Measures for Experimental Data Set 
 

 0.94 0.96 0.98 1.00 1.02 1.04 1.06 

Gini -0.1368 -0.1085 -0.0714 -0.0236 0.0376 0.1207 0.2106 

Std. Error 0.0022 0.0019 0.0018 0.0017 0.0017 0.0025 0.0026 

Suits -0.1359 -0.1073 -0.0699 -0.0215 0.0412 0.1261 0.2204 

Std. Error 0.0022 0.0019 0.0017 0.0016 0.0016 0.0024 0.0026 

KDE 5 % 1 1 1 0.0050 0 1 1 

Std. Error 0 0 0 0.0706 0 0 0 

KDE 10 % 1 1 1 0.0050 0 1 1 
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Std. Error 0 0 0 0.0706 0 0 0 

 
The combination of kernel density functions, Gini coefficients, Suits Index, and the KDE test 
provides a useful set of information for evaluating vertical inequality. The estimated density 
functions reveal regions where assessed values tend to be higher than sales prices, while the 
KDE test provides a rigorous statistical test for differences in the distribution. Gini coefficients 
show whether a difference in the distributions is a result of regressivity or progressivity. In 
contrast to regression-based methods, distribution-based approaches are not biased toward a 
finding of regressivity, and they provide a more complete picture than the PRD of any implied 
patterns of vertical inequality. 
 
 

Results for Birmingham, Indianapolis, St. Louis, and Tucson 
 
We use sale and assessment data from CoreLogic to calculate traditional statistics, regression-
based measures, and distribution-based measures for the central counties of 48 large U.S. cities. 
The complete set of results is reported in appendix B. In this section, we focus on four cities—
Birmingham, Indianapolis, St. Louis, and Tucson—that illustrate differences between traditional 
measures of regressivity and the distribution-based procedures. For all of the cities, we use sales 
that took place within one year of the assessment year. 
 
To ensure that the samples include arm’s length, residential sales, we drop foreclosures, sales 
between family members, multiple-property transactions, and sales with unusual deeds (such as 
quitclaim deeds, timeshare, construction loan, seller carryback, mortgage refinancing, etc.). Next, 
we merge the deed information with assessment data using a unique parcel identification number 
for each parcel in the county. The merging of the deeds data with the annual tax record results in 
a many to one merge; we restrict our analysis to sales transactions that have taken place within a 
year of the tax year. We further restrict our sample to single-family residences to ensure that all 
properties in a county have the same property class and hence are assessed at the same ratio. Our 
final sample includes transactions of single-family residences that took place within a year of the 
tax year 
 
The assessment ratio is simply the sale price divided by the assessed value. We use a 
nonparametric trimming procedure advocated by the IAAO to trim outliers. For a variable x, the 
trimming procedure drops observations that are outside the range [𝑝𝑝.25 − 3(𝑝𝑝.75 − 𝑝𝑝.25),𝑝𝑝.75 +
3(𝑝𝑝.75 − 𝑝𝑝.25)], where 𝑝𝑝.25 and 𝑝𝑝.75 represent the 25th and 75th percentile of the values of x. We 
apply the trimming procedure to the log of sale price, the log of the assessed value, and the 
assessment ratio. 
 
Table 4 presents the means, medians, value-weighted means, and coefficients of dispersion for 
the assessment ratios in the central counties of Birmingham, Indianapolis, St. Louis, and Tucson. 
The results for the full set of 48 central city counties are presented in table B.2 of appendix B. 
Standard errors are calculated using a simple bootstrap resampling procedure: we draw randomly 
with replacement from the assessment ratios for each county to construct a new sample with the 
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same number of observations as the original, and then re-calculate each of the statistics. After 
drawing 1,000 bootstrap samples, the estimated standard errors are simply the standard 
deviations of the 1,000 estimates. 
 
Table 4: Descriptive Statistics 
 

City Mean Median Value-Weighted 
Mean 

COD 

Birmingham (obs = 15,414) 0.1058 0.0978 0.0931 22.2057 

Std. Error 0.0004 0.0001 0.0005 0.3259 

Indianapolis (obs = 25,752) 0.9106 0.9081 0.8853 16.6721 

Std. Error 0.0013 0.0014 0.0016 0.0966 

St. Louis (obs = 5,437) 0.1784 0.1673 0.1592 29.7121 

Std. Error 0.0010 0.0007 0.0008 0.4316 

Tucson (obs = 36,142) 0.0756 0.0744 0.0752 15.2536 

Std. Error 0.0001 0.0001 0.0001 0.0786 

Note. Standard errors are calculated using a bootstrap resampling procedure with 1,000 replications. 

Table 5 presents the results from regressions of A/P on P and lnA on lnP, along with the PRB for 
the illustrative set of four central city counties. Table 5 also shows the results of instrumental 
variable regressions. The instruments are calculated using the procedure proposed by Clapp 
(1990). The instrument equals –1 if both the explanatory variable and the dependent variable are 
in the lowest third of their distributions; it equals 1 if they both lie in the top third of their 
distributions; and it equals 0 otherwise. Table 5 suggests that using an instrument in place of the 
actual value of the explanatory variables can have a very large effect on all three of the 
regression measures, sometimes to the point of completely reversing a finding of regressivity. 
The results for the full set of 48 central city counties are presented in table B.3 of appendix B. 
 

 

 

 

 

 



 

 

18 

Table 5: Regression-Based Measures 
 

City 

OLS Instrumental Variables 

A/P on P LnA on LnP PRB A/P on P LnA on LnP PRB 

Birmingham -0.0053 0.7406 -0.2550 0.0097 0.8564 0.1800 

T-value -38.1202 -89.9738 -91.6148 16.2448 -37.1593 16.3159 

Indianapolis -0.0390 0.8868 -0.0756 0.2092 0.9832 0.2745 

T-value -32.8353 -38.1883 -41.7190 67.9406 -4.0608 67.9406 

St. Louis -0.0180 0.8216 -0.1457 0.0527 0.9360 0.2777 

T-value -24.5176 -26.6899 -38.9461 20.7256 -6.9255 20.7256 

Tucson -0.0004 0.9783 -0.0260 0.0129 1.0686 0.2763 

T-value -7.2172 -10.6776 -18.7048 110.1979 20.7787 110.3130 

Note. For the regression of lnA on lnP, the t-value indicates whether the coefficient is statistically different from 
one; for the other regressions, the null hypothesis is that the coefficient equals zero. 

Table 6 presents the estimated Gini coefficients for Birmingham, Indianapolis, St. Louis, and 
Tucson. Table 6 also presents tests for the difference between the Gini coefficients and Suits 
Index, along with tests that the PRD equals 1 and the KDE equals 0. The Gini coefficients for the 
full set of 48 central city counties are presented in table B.4 of appendix B. Several places stand 
out among the full set of central city counties. The Gini coefficient for sale price exceeds the 
Gini coefficient for assessed value by more than 0.05 in Birmingham, which implies an 
especially high degree of regressivity. The PRD exceeds 1.03 in 18 of the 48 cities, while it 
never is less than 0.98. The difference between the Gini coefficients (Ga – Gp) is negative and 
statistically different from zero at the 5 percent level for 40 cities. The difference is positive and 
significantly different from zero at the 5 percent level in six cities. The KDE test rejects that the 
entire distributions of assessed values and sales prices are equal at the 5 percent level in 27 of 
these 48 cities. 
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Table 6: Gini Coefficients and Regressivity Measures 
 

City 
Gini Coefficients Regressivity Measures 

Price Assessment Gini, A-P Suits PRD KDE 

Birmingham 0.3870 0.3291 -0.0579** -0.0611** 1.1366** 0.0126** 

Std. Error 0.0032 0.0024 0.0028 0.0044 0.0059 0.0018 

Indianapolis 0.2943 0.2660 -0.0284** -0.0278** 1.0286 0.0052 

Std. Error 0.0012 0.0015 0.0010 0.0013 0.0011 0.0061 

St. Louis 0.4030 0.3517 -0.0512** -0.0507** 1.1204** 0.0065 

Std. Error 0.0038 0.0047 0.0029 0.0038 0.0050 0.0353 

Tucson 0.3052 0.3070 0.0018** 0.0021** 1.0052 0.0111** 

Std. Error 0.0012 0.0014 0.0007 0.0009 0.0008 0.0041 

Note. Standard errors are calculated using a bootstrap resampling procedure with 1,000 replications. For the 
regressivity measures, significance at the 5 percent and 10 percent level is indicated by “**” and “*”. For the PRD, 
the asterisks indicate whether the value is statistically greater than 1.03; for the other two tests statistics, the null 
hypothesis is that the test statistic equals zero. 

Birmingham, Indianapolis, St. Louis, and Tucson were chosen for special focus because their 
combinations of kernel density functions and Lorenz curves help to illustrate the differences 
between the approaches. First, consider the case of Birmingham, AL, which all of the measures 
agree has highly regressive assessments. Figure 6 shows the kernel density functions for log sale 
price and log assessed value and the Lorenz curves for the levels. There clearly are far fewer low 
assessed values than implied by the distribution of sales prices. The upper ends of the 
distributions are not much different. Instead, there is a clear shift of the left side of the assessed 
value distribution to the middle, which results in significant degrees of regressivity by all the 
measures. The Lorenz curve for assessments lies well above the curve for sales prices, and 
therefore the Gini coefficient for assessed values is significantly less than the Gini coefficient for 
sale prices. 
 
 
 
 
 
 
 
 
 



 

 

20 

Figure 6: Birmingham 

 

Indianapolis is much different than Birmingham. The PRD is slightly lower than 1.03, and the 
KDE does not reject the null hypothesis that the distributions of log sales prices and log 
assessments are the same. However, the results for the Gini coefficient and the Suits Index do 
imply regressivity. Figure 7 shows the kernel density functions and Lorenz curves. In both 
graphs, the functions for sale prices and assessments are virtually identical. Overall, the results 
suggest that assessments in Indianapolis are at most mildly regressive. 
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Figure 7: Indianapolis 

 

 
Now consider the case of St. Louis. The PRD of 1.1204 implies a high degree of regressivity, 
and the Gini coefficients and Suits Index support this conclusion. The kernel density functions 
shown in figure 8 suggest that there is indeed some tendency toward a lower density of high 
assessed values than is the case for sales prices. But the difference is modest, and not enough to 
lead to a rejection of the hypotheses that the kernel density functions are the same. The results 
imply regressivity. 
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Figure 8: St. Louis

 
The situation for Tucson is somewhat different. The PRD is 1.0052, which implies an absence of 
vertical inequality. However, the KDE test indicates that the kernel density functions for log sale 
price and log assessed value are statistically different, and the difference in the Gini coefficients 
is positive. Though the point estimate is statistically significant, the economic magnitude is very 
small. The reason for this pattern is clear from figure 9. The kernel density functions imply that 
there is a relatively high number of low assessments. However, the density functions are nearly 
the same for log sale price and log assessed value at high sales prices. The Lorenz curves 
confirm that the curve for assessed values is almost the same as the curve for sales prices, and 
hence the difference in the Gini coefficient is very small. 
 
The corresponding Lorenz curves for the four cities are shown in figure 10. 
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Figure 9: Tucson 

  



 

 

24 

Figure 10: Lorenz Curve 
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Conclusion 
 
Traditional approaches to measuring the degree of vertical inequality in assessments reduce all 
differences between assessed values to a single statistic. The traditional approach, the PRD, is 
sensitive to high-priced properties, while placing very little weight on deviations between sales 
prices and assessments for low-priced properties. The PRD can thus imply an absence of 
regressivity if low-priced properties are assessed at relatively high rates as long as high-priced 
properties are assessed accurately. 
 
Regression-based approaches are prone to endogeneity bias that tends to lead to an indication of 
regressivity even when assessment rates are not systematically higher for low-priced properties. 
Indeed, we show that the regression coefficients that are used to measure inequality simply 
reproduce information that is already contained in the R2 of the regression that is used to 
calculate assessments when the same sample is used in the assessment process and in the 
subsequent review. For example, when a linear regression of sales prices on housing 
characteristics is used to calculate assessments and the measure of regressivity is the coefficient 
on sale price in a regression with the assessed value as the dependent variable and sale price as 
the explanatory variable, the measure of regressivity—the coefficient on sale price—is identical 
to the R2 from the original assessment regression. Since an R2 can never be greater than 1, the 
regression automatically implies regressivity. Similar results apply for other commonly used 
regressions, and all are subject to endogeneity bias. 
 
We suggest that a combination of kernel density functions, Gini coefficients, Suits Index, and the 
KDE test provides more useful information concerning the degree of vertical inequality. Like the 
PRD and regression-based approaches, the Gini coefficient provides a single number that 
measures the degree to which the overall distribution of assessed values differs from sales prices. 
Unlike the PRD, which is heavily influenced by departures from equality at the upper end of the 
price distribution, the Gini coefficient places equal weight on vertical inequity that takes place at 
any part of the price distribution. And unlike regression-based procedures, the Gini coefficient 
and the Suits Index are not biased toward a finding of inequality. Following an analysis of these 
results, density functions provide visual evidence of regions where assessed values tend to be 
higher or lower than sales prices. In addition, a KDE test indicates whether the entire distribution 
of assessments differs significantly from the distribution of sales price, while Gini coefficients 
show whether a difference in the distributions is a result of regressivity or progressivity. 
 
The potential advantages of the distribution-based approaches are evident in our analysis of 
assessments for 48 central counties for large cities in the United States. In our detailed analysis 
of results for four cities, we find that all of the measures agree that assessments are regressive in 
Birmingham, AL and neither regressive nor progressive in Indianapolis, IN. The results for 
Indianapolis and St. Louis are more mixed. The PRD for Indianapolis is slightly below 1.03 and 
the KDE test does not reject the null hypothesis that the distributions of log sales prices and log 
assessments are the same, but the Gini coefficients and the Suits Index imply regressivity. For St. 
Louis, the PRD and Gini coefficients indicate regressivity, but the KDE test does not reject the 
null hypothesis that the distributions are the same overall. An analysis of the full set of test 
statistics combined with visual inspection of the kernel density functions provides a wealth of 
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information about the relationship between sales prices and assessments that helps to reveal the 
extent of any pattern of regressivity, along with regions of sales prices where discrepancies are 
most severe.
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Appendix A 
 
Suppose that the same data are used for calculating the regressions used to measure vertical 
inequality as were used to calculate the assessed values originally. To be consistent with standard 
econometric notation, Let y represent sale price rather than P, and let X represent the set of 
housing characteristics used as explanatory variables for the sale price regressions. The assessed 
value, A, is then the predicted value from a regression of y on X. We consider two prototypical 
cases—linear regression of y on X and a log-linear regression of ln 𝑦𝑦 on ln𝑋𝑋. We also consider 
the case of a regression of A/y on y. 
 
Linearity 
 
The assessed value is constructed by regressing y on X, so 𝐴𝐴 = 𝑋𝑋(𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑦𝑦. Now suppose we 
attempt to evaluate the degree of vertical inequality by regressing assessed values on sales prices, 
as in Paglin and Fogarty (1972). Under the assumption that the true sale price model is 𝑦𝑦 =
𝑋𝑋𝑋𝑋 + 𝑢𝑢, the estimated coefficients from the regression used to evaluate vertical inequality are 
�̂�𝛿 = (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′[1,𝐴𝐴]. The intercept is simply �̂�𝛿0 = ∑𝑦𝑦 /∑𝑦𝑦2, which is clearly greater than zero 
by construction as sales prices are always positive.  
 
The slope is �̂�𝛿1 = (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′(𝑋𝑋(𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑦𝑦) = (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′(𝑋𝑋𝑋𝑋 + (𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑢𝑢). Using 
conventional notation for the projection matrix, M = (𝐼𝐼 −  (𝑋𝑋′𝑋𝑋)−1𝑋𝑋′)𝑢𝑢, we have �̂�𝛿1 =
(𝑦𝑦′𝑦𝑦)−1𝑦𝑦′(𝑋𝑋𝑋𝑋 + 𝑢𝑢 −𝑀𝑀𝑢𝑢) = (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′(𝑦𝑦 −𝑀𝑀𝑢𝑢) = 1 − (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′𝑀𝑀𝑢𝑢 =  1 −
(𝑦𝑦′𝑦𝑦)−1(𝑋𝑋′𝑋𝑋 + 𝑢𝑢′)𝑀𝑀𝑢𝑢. One of the properties of the projection matrix is that XM = 0 by 
construction, while 𝑢𝑢′𝑀𝑀𝑢𝑢 =  𝑢𝑢�′𝑀𝑀𝑢𝑢� . Thus, �̂�𝛿1 = 1 − 𝑢𝑢′𝑀𝑀𝑢𝑢/(𝑦𝑦′𝑦𝑦)−1, which is one of the 
definitions of the 𝑅𝑅2 for the regression of y on X. Thus, the coefficient on sale price will imply 
regressivity, by construction.  
 
The reverse regression of y on A produces an estimated slope coefficient of 1, again by 
construction. Together, these results suggest that there is no need to estimate the regression 
because the implied pattern of vertical inequality is known beforehand. 
 
Logarithmic Model 
 
In this case, we have 𝑙𝑙𝑚𝑚𝐴𝐴 = 𝑋𝑋(𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑙𝑙𝑚𝑚𝑦𝑦, in which case the vertical inequality regression 
would presumably have lnA as the dependent variable and lny as the explanatory variable, as in 
Cheng (1974). The conclusion is identical to the linear case: the intercept is positive by 
construction, and the coefficient on lny is identical to the 𝑅𝑅2 for the original regression of lny on 
X. Regressivity is implied by construction. The reverse regression will produce a coefficient of 1 
on lny. 
 
Assessment Ratios and Sales Prices 
 
Almy et al. (1978) suggest regressing A/P on P and then testing whether the coefficient on P is 
different from zero. The coefficient is clearly biased downward since the explanatory variable 
also appears in the denominator of the dependent variable. A more explicit analytic expression 
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can be obtained by considering the logarithmic form—a regression of ln(𝐴𝐴 𝑃𝑃⁄ ) on lnP. If the 
underlying model for assessments is 𝑙𝑙𝑚𝑚𝑦𝑦 = 𝑋𝑋𝑋𝑋 + 𝑢𝑢, then 𝑙𝑙𝑚𝑚𝐴𝐴 =  𝑋𝑋(𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑙𝑙𝑚𝑚 𝑦𝑦 and 
ln(𝐴𝐴 𝑃𝑃⁄ ) =  𝑋𝑋(𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑢𝑢 − 𝑢𝑢 =  −𝑀𝑀𝑢𝑢 =  𝑦𝑦� − 𝑦𝑦. If we then regress ln(𝐴𝐴 𝑃𝑃⁄ ) on y = lnP, we 
have �̂�𝛿 = (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′[1, (𝑦𝑦� − 𝑦𝑦)]. The estimated intercept is clearly positive, while the slope is 
(𝑦𝑦′𝑦𝑦)−1𝑦𝑦′(𝑦𝑦� − 𝑦𝑦) = (𝑦𝑦′𝑦𝑦)−1𝑦𝑦′𝑦𝑦� − 1 =  𝑅𝑅2 − 1. With a positive intercept and a negative slope, 
the regression implies regressivity by construction. 
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Appendix B: Tables 
 
Table B.1: Cities, Tax Years, and Number of Observations 
 

City FIPS Tax Year Obs City FIPS Tax Year Obs 
Albuquerque 35001 2016 11287 Miami 12025 2016 55641 
Atlanta 13121 2016 6879 Milwaukee 55079 2016 17682 
Birmingham 1073 2016 15414 Minneapolis 27053 2017 41263 
Boston 25025 2017 2234 Nashville 47037 2016 26197 
Buffalo 36029 2016 18375 New Orleans 22071 2017 4187 
Charlotte 37119 2016 49703 Oklahoma City 40109 2016 15502 
Cincinnati 39061 2016 18886 Orlando 12095 2016 53114 
Columbia 45079 2016 11652 Phoenix 4013 2016 193385 
Columbus 39049 2016 28612 Pittsburgh 42003 2017 19404 
Dallas 48113 2017 34921 Portland, ME 23005 2016 5356 
Dayton 39113 2016 12690 Portland, OR 41051 2016 26487 
DC 11001 2017 6559 Providence 44007 2016.88 4566 
Des Moines 19153 2016 13809 Raleigh 37183 2016 28804 
Detroit 26163 2016 40261 Richmond 51760 2017 2513 
Hartford 9003 2016.92 11800 Rochester 36055 2016 20524 
Houston 48201 2016 99033 Salt Lake City 49035 2016 22049 
Indianapolis 18097 2016 25752 San Antonio 48029 2017 35991 
Jacksonville 12031 2016 35094 Seattle 53033 2017 72028 
Kansas City 29095 2016 12251 St. Louis 29510 2016 5437 
Knoxville 47093 2016 16897 Tampa 12057 2016 60203 
Las Vegas 32003 2017 26860 Tucson 4019 2016 36142 
Louisville 21111 2016 24850 Tulsa 40143 2016 12874 
Madison 55025 2016 16036 Wichita 20173 2016 9953 
Memphis 47157 2016 19023 Winston-Salem 37067 2016 7606 
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  Table B.2: Descriptive Statistics 
 

City Mean Median Value-Weighted Mean COD 
Albuquerque 0.3006 0.2960 0.2962 16.7206 

Std. Error 0.0006 0.0007 0.0008 0.1450 
Atlanta 0.3389 0.3830 0.3372 20.1934 

Std. Error 0.0013 0.0038 0.0034 0.3969 
Birmingham 0.1058 0.0978 0.0931 22.2057 

Std. Error 0.0004 0.0001 0.0005 0.3259 
Boston 0.8306 0.8170 0.8012 15.5177 

Std. Error 0.0035 0.0037 0.0041 0.3043 
Buffalo 0.7194 0.7417 0.6828 33.8354 

Std. Error 0.0023 0.0039 0.0024 0.2791 
Charlotte 0.7846 0.7973 0.7559 17.4687 

Std. Error 0.0009 0.0007 0.0013 0.0836 
Cincinnati 0.3083 0.3088 0.2958 19.5176 

Std. Error 0.0006 0.0005 0.0009 0.1412 
Columbia 0.9388 0.9998 0.9281 10.4984 

Std. Error 0.0014 0.0006 0.0016 0.1153 
Columbus 0.2915 0.2882 0.2856 14.0208 

Std. Error 0.0003 0.0003 0.0004 0.0821 
Dallas 0.9093 0.9228 0.9109 16.2153 

Std. Error 0.0011 0.0015 0.0015 0.0861 
Dayton 0.3154 0.3051 0.3022 16.2793 

Std. Error 0.0007 0.0006 0.0006 0.1460 
DC 0.8825 0.8912 0.8687 14.6604 

Std. Error 0.0021 0.0020 0.0026 0.1716 
Des Moines 0.9675 0.9655 0.9595 8.4810 

Std. Error 0.0010 0.0009 0.0010 0.0741 
Detroit 0.4656 0.4503 0.4460 23.2607 

Std. Error 0.0007 0.0006 0.0008 0.1157 
Hartford 0.6775 0.6665 0.6699 14.0220 

Std. Error 0.0012 0.0011 0.0012 0.1348 
Houston 0.9182 0.9256 0.9164 15.7769 

Std. Error 0.0006 0.0007 0.0010 0.0489 
Indianapolis 0.9106 0.9081 0.8853 16.6721 

Std. Error 0.0013 0.0014 0.0016 0.0966 
Jacksonville 0.7873 0.8033 0.7347 23.1013 

Std. Error 0.0014 0.0010 0.0019 0.1339 
Kansas City 0.1536 0.1545 0.1455 22.9949 

Std. Error 0.0005 0.0004 0.0006 0.2089 
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Continued on next page 
  Table B.2 – Continued from previous page 

City Mean Median Value-Weighted Mean COD 
Knoxville 0.2279 0.2268 0.2227 16.9389 

Std. Error 0.0004 0.0003 0.0004 0.1268 
Las Vegas 0.2566 0.2755 0.2538 21.9333 

Std. Error 0.0005 0.0005 0.0007 0.1521 
Louisville 0.9412 1.0000 0.9319 9.5269 

Std. Error 0.0008 0.0001 0.0010 0.0731 
Madison 0.9316 0.9457 0.9234 9.2863 

Std. Error 0.0010 0.0013 0.0011 0.0717 
Memphis 0.2491 0.2476 0.2462 10.2173 

Std. Error 0.0003 0.0001 0.0002 0.0837 
Miami 0.6932 0.7153 0.6671 27.4153 

Std. Error 0.0011 0.0013 0.0013 0.1192 
Milwaukee 0.9989 0.9738 0.9567 14.2339 

Std. Error 0.0015 0.0012 0.0014 0.1134 
Minneapolis 0.8594 0.8600 0.8691 14.0143 

Std. Error 0.0008 0.0008 0.0010 0.0633 
Nashville 0.1828 0.1863 0.1772 21.6417 

Std. Error 0.0003 0.0003 0.0005 0.1409 
New Orleans 0.0857 0.0896 0.0805 22.8769 

Std. Error 0.0005 0.0005 0.0005 0.4132 
Oklahoma City 0.1094 0.1095 0.1091 5.3264 

Std. Error 0.0001 0.0001 0.0001 0.0464 
Orlando 0.7415 0.7903 0.7090 23.8846 

Std. Error 0.0011 0.0010 0.0014 0.1127 
Phoenix 0.0733 0.0733 0.0744 13.3088 

Std. Error 0.0000 0.0000 0.0000 0.0279 
Pittsburgh 0.7578 0.7244 0.7188 25.4281 

Std. Error 0.0019 0.0018 0.0019 0.1954 
Portland, ME 0.8449 0.8198 0.8318 19.8855 

Std. Error 0.0030 0.0032 0.0033 0.2623 
Portland, OR 0.5359 0.5230 0.5091 29.4497 

Std. Error 0.0012 0.0015 0.0013 0.1566 
Providence 0.9045 0.8892 0.8882 14.4720 

Std. Error 0.0026 0.0025 0.0025 0.2033 
Raleigh 0.9209 0.9177 0.9266 8.1976 

Std. Error 0.0006 0.0006 0.0008 0.0468 
Richmond 0.9116 0.9116 0.8399 22.4274 

Std. Error 0.0060 0.0040 0.0070 0.5196 
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  Table B.2 – Continued from previous page 
City Mean Median Value-Weighted Mean COD 
Rochester 0.9433 0.9500 0.9316 10.1670 

Std. Error 0.0009 0.0011 0.0010 0.0663 
Salt Lake City 0.9247 0.9217 0.9058 14.4297 

Std. Error 0.0012 0.0013 0.0013 0.0939 
San Antonio 0.9479 0.9580 0.9418 13.2271 

Std. Error 0.0010 0.0008 0.0011 0.0690 
Seattle 0.8667 0.8671 0.8489 14.5686 

Std. Error 0.0006 0.0007 0.0009 0.0499 
St. Louis 0.1784 0.1673 0.1592 29.7121 

Std. Error 0.0010 0.0007 0.0008 0.4316 
Tampa 0.7119 0.7265 0.6856 23.5543 

Std. Error 0.0009 0.0010 0.0011 0.0927 
Tucson 0.0756 0.0744 0.0752 15.2536 

Std. Error 0.0001 0.0001 0.0001 0.0786 
Tulsa 0.1083 0.1100 0.1083 2.3145 

Std. Error 0.0000 0.0000 0.0001 0.0400 
Wichita 0.1059 0.1050 0.1039 13.9998 

Std. Error 0.0002 0.0002 0.0002 0.1325 
Winston-Salem 0.9788 0.9793 0.9725 9.4783 

Std. Error 0.0015 0.0013 0.0015 0.1070 
Note. Standard errors are calculated using a bootstrap resampling procedure with 1,000 
replications.  
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Table B.3: Regression-Based Measures 
 

  OLS  Instrumental Variables 

City A/P on P LnA on 
LnP 

PRB A/P on P LnA on 
LnP 

PRB 

Albuquerque -0.0066 0.9061 -0.0599 0.0535 1.0274 0.3180 
T-value -13.4094 -19.3946 -18.4861 49.1467 4.3720 49.2213 

Atlanta -0.0003 1.0187 0.0019 0.0522 1.1015 0.2371 
T-value -1.0256 3.5515 0.8220 53.0648 14.4255 53.1144 

Birmingham -0.0053 0.7406 -0.2550 0.0097 0.8564 0.1800 
T-value -38.1202 -89.9738 -91.6148 16.2448 -37.1593 16.3159 

Boston -0.0144 0.8270 -0.1229 0.0556 0.9392 0.2863 
T-value -13.9204 -18.9002 -19.7540 15.8154 -4.4292 15.9012 

Buffalo -0.0464 0.7578 -0.1541 0.2391 1.1654 0.4374 
T-value -24.3046 -35.2844 -43.8398 50.5617 22.1924 50.8395 

Charlotte -0.0153 0.8710 -0.0750 0.0888 0.9952 0.2263 
T-value -39.4148 -51.0626 -62.2477 81.8321 -1.5227 82.0997 

Cincinnati -0.0067 0.9045 -0.0703 0.0469 0.9903 0.2357 
T-value -22.0784 -28.2810 -37.2966 53.5771 -2.0399 53.7585 

Columbia -0.0126 0.9654 -0.0269 0.1558 1.0157 0.2046 
T-value -11.7804 -12.9148 -16.4707 53.9301 3.0000 54.0652 

Columbus -0.0060 0.9265 -0.0594 0.0367 0.9814 0.1990 
T-value -26.1289 -36.6087 -45.2297 70.9064 -5.3754 71.5966 

Dallas 0.0005 1.0113 0.0020 0.0921 1.0639 0.2273 
T-value 1.4909 5.4670 1.5923 109.2060 17.4167 109.4139 

Dayton -0.0228 0.8467 -0.1192 0.0629 0.9181 0.2180 
T-value -35.1721 -44.0519 -52.2205 31.7866 -16.7826 32.1178 

DC -0.0032 0.9454 -0.0424 0.0342 1.0130 0.2099 
T-value -8.5809 -12.8539 -15.5084 38.2358 1.8428 38.2358 

Des Moines -0.0127 0.9616 -0.0303 0.1015 0.9971 0.1504 
T-value -14.7922 -18.7139 -21.7854 52.8851 -0.6329 52.8767 

Detroit -0.0175 0.9024 -0.0892 0.1108 1.0226 0.2623 
T-value -31.5133 -38.9755 -61.7518 79.7550 7.1010 80.8065 

Hartford -0.0090 0.9518 -0.0496 0.0850 1.0159 0.2536 
T-value -10.9951 -12.3681 -19.6617 51.4742 2.6321 51.6450 

Houston -0.0009 0.9927 -0.0038 0.1101 1.0691 0.2449 
T-value -3.3131 -5.3862 -4.6939 179.0326 31.2822 179.2246 

Indianapolis -0.0390 0.8868 -0.0756 0.2092 0.9832 0.2745 
T-value -32.8353 -38.1883 -41.7190 67.9406 -4.0608 67.9406 

Jacksonville -0.0377 0.7830 -0.1340 0.1533 0.9888 0.2865 
T-value -46.8161 -57.4581 -77.8015 56.3976 -2.5640 56.9965 
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Continued on next page 
Table B.3 – Continued from previous page 

City OLS Instrumental Variables 

A/P on P LnA on 
LnP 

A/P on P LnA on 
LnP 

A/P on P LnA on 
LnP 

Kansas City -0.0098 0.7883 -0.1013 0.0378 1.0305 0.3015 
T-value -29.0434 -30.4695 -31.6868 44.1379 4.0683 44.1504 

Knoxville -0.0050 0.9210 -0.0647 0.0372 1.0103 0.2450 
T-value -18.5203 -24.7997 -31.5008 56.4063 2.2571 57.0562 

Las Vegas -0.0038 0.8420 -0.0426 0.0504 1.2615 0.3507 
T-value -10.7281 -24.0910 -14.9688 72.8828 35.9661 73.0850 

Louisville -0.0088 0.9641 -0.0249 0.1162 0.9961 0.1758 
T-value -15.3976 -22.4932 -25.6295 67.3103 -1.0705 67.4739 

Madison -0.0117 0.9536 -0.0337 0.0883 0.9961 0.1878 
T-value -18.0209 -19.7083 -21.9652 56.9516 -0.7820 57.1714 

Memphis -0.0026 0.9712 -0.0273 0.0274 1.0003 0.1464 
T-value -14.2809 -17.0681 -23.3732 62.7763 0.0893 63.0460 

Miami -0.0096 0.8621 -0.0930 0.0978 1.0762 0.3614 
T-value -26.8352 -38.2387 -57.1857 92.2801 17.3481 93.8963 

Milwaukee -0.0543 0.8499 -0.1186 0.1534 0.8991 0.2047 
T-value -46.0177 -62.5762 -68.7251 34.1244 -24.1390 34.4694 

Minneapolis 0.0063 1.0262 0.0168 0.0790 1.1176 0.2210 
T-value 17.5597 13.5102 13.7695 125.0296 36.2536 125.3337 

Nashville -0.0029 0.8609 -0.0819 0.0244 1.0351 0.2852 
T-value -20.0213 -33.1138 -39.3708 62.2601 6.8148 62.4896 

New Orleans -0.0023 0.8765 -0.0981 0.0099 0.9798 0.2155 
T-value -13.3336 -13.3530 -22.1921 19.7558 -1.8223 19.8076 

Oklahoma City -0.0002 0.9926 -0.0062 0.0070 1.0046 0.0875 
T-value -5.4971 -6.8548 -8.5728 62.7970 1.0353 63.1014 

Orlando -0.0223 0.7755 -0.0982 0.1316 1.1003 0.3147 
T-value -40.1144 -55.8740 -60.7376 85.7304 22.5299 85.8739 

Phoenix 0.0008 1.0571 0.0330 0.0091 1.1399 0.2540 
T-value 53.6205 68.7423 60.7412 323.7031 91.9999 326.4330 

Pittsburgh -0.0282 0.8660 -0.1205 0.1304 0.9902 0.2617 
T-value -25.4293 -36.6621 -53.1719 47.9579 -2.0894 48.1382 

Portland, ME -0.0170 0.8852 -0.0852 0.1373 1.0714 0.3915 
T-value -8.7376 -13.4437 -14.3139 32.2239 6.7318 32.2717 

Portland, OR -0.0248 0.6747 -0.2205 0.0871 1.0163 0.5348 
T-value -45.0828 -61.6622 -67.1799 53.4981 2.7019 54.3477 

Providence -0.0255 0.8823 -0.0932 0.1211 0.9896 0.2672 
T-value -12.5283 -18.1798 -20.6502 24.3498 -1.0932 24.9696 
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 OLS Instrumental Variables 

City A/P on P LnA on 
LnP 

A/P on P LnA on 
LnP 

A/P on P LnA on 
LnP 

Raleigh 0.0058 1.0152 0.0095 0.0612 1.0428 0.1461 
T-value 16.5604 11.3560 10.3435 105.8300 13.2781 106.7065 

Richmond -0.0345 0.8187 -0.1323 0.1320 0.9384 0.2557 
T-value -13.8473 -14.6191 -24.9343 13.0630 -4.1263 13.2155 

Rochester -0.0207 0.9429 -0.0419 0.1248 0.9741 0.1627 
T-value -22.7877 -29.7954 -32.6641 56.7796 -6.5834 57.8198 

Salt Lake City -0.0311 0.8419 -0.1053 0.1252 0.9594 0.3313 
T-value -37.3936 -44.1081 -45.8640 55.5327 -9.1341 55.6510 

San Antonio -0.0083 0.9791 -0.0180 0.1495 1.0496 0.2440 
T-value -11.7112 -9.5278 -13.1765 101.5007 14.5434 101.5510 

Seattle -0.0056 0.9175 -0.0533 0.0415 0.9936 0.2231 
T-value -40.7456 -55.1589 -59.0932 112.2955 -2.8174 113.4514 

St. Louis -0.0180 0.8216 -0.1457 0.0527 0.9360 0.2777 
T-value -24.5176 -26.6899 -38.9461 20.7256 -6.9255 20.7256 

Tampa -0.0189 0.8662 -0.0859 0.1408 1.0587 0.3172 
T-value -37.2003 -48.2124 -61.0635 98.6140 18.1530 98.9246 

Tucson -0.0004 0.9783 -0.0260 0.0129 1.0686 0.2763 
T-value -7.2172 -10.6776 -18.7048 110.1979 20.7787 110.3130 

Tulsa 0.0000 0.9988 -0.0010 0.0061 1.0036 0.0820 
T-value 1.2357 -1.5484 -1.8442 56.3122 0.6964 57.6292 

Wichita -0.0030 0.9317 -0.0519 0.0203 0.9898 0.2290 
T-value -16.0265 -19.8953 -22.0203 44.1156 -1.8124 44.2132 

Winston-Salem -0.0073 0.9792 -0.0185 0.1135 1.0070 0.1614 
T-value -6.4158 -7.2831 -9.6357 43.6928 0.9674 44.1722 

Note. For the regression of lnA on lnP, the t-value indicates whether the coefficient is statistically different from 
one; for the other regressions, the null hypothesis is that the coefficient equals zero.  
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Table B.4: Gini Coefficients 
 

City Assessment Price City Assessment Price 
Albuquerque 0.2440 0.2597 Miami 0.3453 0.3667 

Std. Error 0.0021 0.0016 Std. Error 0.0019 0.0015 
Atlanta 0.4821 0.4839 Milwaukee 0.2694 0.3061 

Std. Error 0.0049 0.0070 Std. Error 0.0016 0.0016 
Birmingham 0.3291 0.3870 Minneapolis 0.3243 0.3090 

Std. Error 0.0024 0.0032 Std. Error 0.0014 0.0012 
Boston 0.2304 0.2692 Nashville 0.3285 0.3481 

Std. Error 0.0050 0.0047 Std. Error 0.0024 0.0020 
Buffalo 0.2889 0.3194 New Orleans 0.3745 0.4036 

Std. Error 0.0026 0.0015 Std. Error 0.0056 0.0045 
Charlotte 0.3339 0.3606 Oklahoma City 0.3336 0.3349 

Std. Error 0.0016 0.0014 Std. Error 0.0022 0.0022 
Cincinnati 0.3792 0.4035 Orlando 0.2856 0.3229 

Std. Error 0.0029 0.0027 Std. Error 0.0016 0.0012 
Columbia 0.3115 0.3192 Phoenix 0.3149 0.2957 

Std. Error 0.0021 0.0020 Std. Error 0.0006 0.0006 
Columbus 0.3087 0.3215 Pittsburgh 0.3632 0.3816 

Std. Error 0.0015 0.0013 Std. Error 0.0025 0.0021 
Dallas 0.3929 0.3913 Portland, ME 0.2281 0.2415 

Std. Error 0.0023 0.0021 Std. Error 0.0031 0.0021 
Dayton 0.2791 0.3125 Portland, OR 0.1957 0.2558 

Std. Error 0.0019 0.0016 Std. Error 0.0018 0.0009 
DC 0.3301 0.3375 Providence 0.2280 0.2448 

Std. Error 0.0036 0.0032 Std. Error 0.0029 0.0024 
Des Moines 0.2685 0.2747 Raleigh 0.2883 0.2793 

Std. Error 0.0015 0.0014 Std. Error 0.0011 0.0010 
Detroit 0.3781 0.3943 Richmond 0.3565 0.3920 

Std. Error 0.0017 0.0015 Std. Error 0.0067 0.0066 
Hartford 0.2706 0.2795 Rochester 0.2712 0.2828 

Std. Error 0.0019 0.0015 Std. Error 0.0013 0.0012 
Houston 0.3515 0.3524 Salt Lake City 0.1904 0.2193 

Std. Error 0.0012 0.0011 Std. Error 0.0011 0.0008 
Indianapolis 0.2660 0.2943 San Antonio 0.2676 0.2747 

Std. Error 0.0015 0.0012 Std. Error 0.0011 0.0009 
Jacksonville 0.3052 0.3508 Seattle 0.2978 0.3160 

Std. Error 0.0020 0.0017 Std. Error 0.0011 0.0010 
Kansas City 0.2702 0.3188 St. Louis 0.3517 0.4030 

Std. Error 0.0025 0.0018 Std. Error 0.0047 0.0038 
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Continued on next page 
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City Assessment Price City Assessment Price 
Knoxville 0.3127 0.3260 Tampa 0.3158 0.3399 

Std. Error 0.0020 0.0018 Std. Error 0.0014 0.0011 
Las Vegas 0.2299 0.2468 Tucson 0.3070 0.3052 

Std. Error 0.0019 0.0010 Std. Error 0.0014 0.0012 
Louisville 0.3257 0.3318 Tulsa 0.3156 0.3147 

Std. Error 0.0016 0.0015 Std. Error 0.0021 0.0021 
Madison 0.2332 0.2430 Wichita 0.2840 0.2987 

Std. Error 0.0013 0.0012 Std. Error 0.0021 0.0018 
Memphis 0.3481 0.3544 Winston-Salem 0.3023 0.3077 

Std. Error 0.0018 0.0017 Std. Error 0.0027 0.0026 
Note. Standard errors are calculated using a bootstrap resampling procedure with 1,000 replications.  
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    Table B.5: Regressivity Measures 
 

City PRD KDE Gini, A-P Suits 
Albuquerque 1.0151 0.0063 -0.0157** -0.0140** 

Std. Error 0.0016 0.0113 0.0016 0.0020 
Atlanta 1.0050 0.0100 -0.0018 -0.0121 

Std. Error 0.0097 0.0067 0.0058 0.0095 
Birmingham 1.1366** 0.0126** -0.0579** -0.0611** 

Std. Error 0.0059 0.0018 0.0028 0.0044 
Boston 1.0367** 0.0103 -0.0389** -0.0378** 

Std. Error 0.0032 0.1529 0.0029 0.0036 
Buffalo 1.0536** 0.0652** -0.0305** -0.0234** 

Std. Error 0.0024 0.0044 0.0021 0.0024 
Charlotte 1.0379** 0.0065** -0.0267** -0.0249** 

Std. Error 0.0012 0.0024 0.0009 0.0012 
Cincinnati 1.0425** 0.0080 -0.0243** -0.0222** 

Std. Error 0.0024 0.0086 0.0017 0.0023 
Columbia 1.0116 0.0109 -0.0076** -0.0083** 

Std. Error 0.0012 0.0072 0.0010 0.0012 
Columbus 1.0204 0.0069** -0.0129** -0.0104** 

Std. Error 0.0009 0.0017 0.0007 0.0009 
Dallas 0.9983 0.0222** 0.0017** 0.0025** 

Std. Error 0.0012 0.0034 0.0010 0.0012 
Dayton 1.0436** 0.0110** -0.0335** -0.0306** 

Std. Error 0.0014 0.0037 0.0011 0.0014 
DC 1.0158 0.0260** -0.0075** -0.0070** 

Std. Error 0.0021 0.0059 0.0018 0.0022 
Des Moines 1.0083 0.0037 -0.0062** -0.0056** 

Std. Error 0.0006 0.0026 0.0006 0.0007 
Detroit 1.0439** 0.0125** -0.0162** -0.0141** 

Std. Error 0.0015 0.0019 0.0010 0.0013 
Hartford 1.0113 0.0107** -0.0090** -0.0057** 

Std. Error 0.0011 0.0045 0.0010 0.0013 
Houston 1.0020 0.0110* -0.0008 -0.0008 

Std. Error 0.0007 0.0058 0.0006 0.0008 
Indianapolis 1.0286 0.0052 -0.0284** -0.0278** 

Std. Error 0.0011 0.0061 0.0010 0.0013 
Jacksonville 1.0716** 0.0111** -0.0457** -0.0448** 

Std. Error 0.0020 0.0020 0.0014 0.0019 
Kansas City 1.0556** 0.0065** -0.0486** -0.0534** 

Std. Error 0.0030 0.0031 0.0025 0.0032 
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Continued on next page 
    Table B.5 – Continued from previous page 

City PRD KDE Gini, A-P Suits 
Knoxville 1.0233 0.0046 -0.0133** -0.0113** 

Std. Error 0.0014 0.0055 0.0011 0.0014 
Las Vegas 1.0111 0.0535** -0.0169** -0.0162** 

Std. Error 0.0013 0.0060 0.0015 0.0018 
Louisville 1.0100 0.0092** -0.0061** -0.0049** 

Std. Error 0.0007 0.0041 0.0006 0.0007 
Madison 1.0089 0.0088 -0.0098** -0.0094** 

Std. Error 0.0006 0.0086 0.0006 0.0008 
Memphis 1.0116 0.0017 -0.0063** -0.0057** 

Std. Error 0.0007 0.0015 0.0006 0.0007 
Miami 1.0392** 0.0251** -0.0214** -0.0160** 

Std. Error 0.0014 0.0007 0.0011 0.0013 
Milwaukee 1.0442** 0.0120 -0.0367** -0.0344** 

Std. Error 0.0010 0.0103 0.0008 0.0010 
Minneapolis 0.9888 0.0139** 0.0153** 0.0160** 

Std. Error 0.0007 0.0061 0.0007 0.0008 
Nashville 1.0314 0.0138** -0.0196** -0.0147** 

Std. Error 0.0019 0.0048 0.0015 0.0020 
New Orleans 1.0643** 0.0111** -0.0291** -0.0251** 

Std. Error 0.0051 0.0049 0.0033 0.0043 
Oklahoma City 1.0026 0.0015 -0.0013** -0.0015** 

Std. Error 0.0005 0.0221 0.0004 0.0005 
Orlando 1.0459** 0.0234** -0.0372** -0.0363** 

Std. Error 0.0014 0.0029 0.0012 0.0014 
Phoenix 0.9858 0.0143** 0.0191** 0.0184** 

Std. Error 0.0003 0.0027 0.0003 0.0004 
Pittsburgh 1.0543** 0.0080** -0.0184** -0.0118** 

Std. Error 0.0024 0.0005 0.0015 0.0020 
Portland, ME 1.0158 0.0217 -0.0135** -0.0097** 

Std. Error 0.0022 0.0174 0.0023 0.0027 
Portland, OR 1.0526** 0.0117** -0.0601** -0.0512** 

Std. Error 0.0013 0.0038 0.0014 0.0017 
Providence 1.0183 0.0218 -0.0168** -0.0132** 

Std. Error 0.0017 0.0203 0.0016 0.0021 
Raleigh 0.9939 0.0051** 0.0090** 0.0106** 

Std. Error 0.0005 0.0020 0.0005 0.0006 
Richmond 1.0854** 0.0196 -0.0355** -0.0325** 

Std. Error 0.0078 0.0159 0.0048 0.0068 
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    Table B.5 – Continued from previous page 
City PRD KDE Gini, A-P Suits 
Rochester 1.0126 0.0080 -0.0116** -0.0101** 

Std. Error 0.0006 0.0093 0.0006 0.0007 
Salt Lake City 1.0209 0.0133** -0.0289** -0.0277** 

Std. Error 0.0006 0.0058 0.0008 0.0009 
San Antonio 1.0065 0.0043 -0.0071** -0.0075** 

Std. Error 0.0006 0.0047 0.0007 0.0008 
Seattle 1.0210 0.0063** -0.0182** -0.0178** 

Std. Error 0.0006 0.0010 0.0006 0.0007 
St. Louis 1.1204** 0.0065 -0.0512** -0.0507** 

Std. Error 0.0050 0.0353 0.0029 0.0038 
Tampa 1.0384** 0.0109** -0.0241** -0.0225** 

Std. Error 0.0011 0.0006 0.0009 0.0011 
Tucson 1.0052 0.0111** 0.0018** 0.0021** 

Std. Error 0.0008 0.0041 0.0007 0.0009 
Tulsa 0.9996 0.0014 0.0009** 0.0013** 

Std. Error 0.0003 0.0115 0.0003 0.0003 
Wichita 1.0186 0.0055 -0.0147** -0.0142** 

Std. Error 0.0012 0.0071 0.0012 0.0014 
Winston-Salem 1.0065 0.0039 -0.0053** -0.0048** 

Std. Error 0.0010 0.0862 0.0009 0.0011 
Note. Standard errors are calculated using a bootstrap resampling procedure with 1,000 
replications. Significance at the 5 percent and 10 percent level is indicated by “**” and “*”. 
For the PRD, the asterisks indicate whether the value is statistically greater than 1.03; for the 
other two tests statistics, the null hypothesis is that the test statistic equals zero. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


