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Algorithmic fairness research often assumes a tradeoff between fairness and accuracy. Yet this tradeoff may not be universal.
We test this assumption in the context of U.S. property tax assessment—a setting in which the output of predictive algorithms
directly determines the distribution of tax obligations among homeowners. Currently, systematic assessment errors cause
owners of lower-valued properties to face disproportionately high tax burdens, creating regressivity in the property tax
system. Using data on 26 million property sales spanning 95% of U.S. counties, we conduct three complementary analyses.
First, we find that assessment accuracy and fairness—measured using domain-relevant metrics—are strongly correlated
across counties under status quo practices. Second, in simulated assessment models, we show that adding property features
improves accuracy in most cases, and that when accuracy improves, fairness almost always improves as well. Third, we
show that incorporating publicly available Census data into assessment models—a feasible reform in most counties—would
significantly improve both accuracy and fairness relative to status quo assessments. Together, these results challenge the
presumed universality of the fairness—accuracy tradeoff and demonstrate that well-designed modeling improvements can
advance both fairness and accuracy in large-scale public sector systems.
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1 Introduction

For the past decade, algorithmic fairness researchers have grappled with the fairness-accuracy tradeoff [21, 56, 65,
71], empirically identified across domains including criminal justice [1, 18], child welfare [19], hiring [73], and
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advertising [57]. The widespread presence of this tradeoff has led to an implicit assumption that it is inherent:
that, in most real-world settings, building fairer models means forfeiting accuracy [20].

Here, we present evidence from one domain—previously unstudied in the algorithmic fairness literature—where
improvements in accuracy are accompanied by systematic and substantial gains in fairness: property taxes. The
vast majority of Americans pay property taxes, which are an essential source of revenue for local governments
and are used to pay for public services and infrastructure like schools, roads, and fire departments [60]. To collect
a property tax, taxing jurisdictions (e.g., U.S. counties) assess properties by determining their fair market value,
and levy taxes in proportion to these assessed values less any caps, credits, or exemptions.'

While the property tax is intended to be a proportional tax [33], multiple studies have shown that it is regressive
in practice: individuals who own lower-valued properties pay a higher proportion of their values in taxes than
individuals who own higher-valued properties [4, 5, 12, 61]. Regressivity disproportionately penalizes non-white
Americans, who are more likely to own lower-valued properties due to both wealth inequality and historical
segregation in the housing market [41, 66]. Because regressive property taxes are not proportional to home value,
they violate the important tax policy principle of vertical equity, which requires that “different individuals be
treated appropriately differently” [15].

Regressivity has many potential causes [12]. In some cases, it is driven by corruption or malfeasance. For
example, assessors in Cook County, Illinois accepted bribes in exchange for reducing assessments of high-value
properties, prompting an FBI investigation and jail time for some conspirators [35-38, 74]. In other cases, legal
restrictions on assessments drive regressivity. For example, 17 U.S. states place caps on assessment increases
[8, 22—-24]. These caps are intended to protect individual homeowners from large hikes in tax bills, but also shift
tax obligations from homeowners whose properties have appreciated quickly to those whose values have grown
at slower rates [43, 75]. Regressivity has even been leveraged as a tool to suppress social movements. For example,
following boycotts and pickets organized by Black residents of Edwards, Mississippi in 1966, the local assessor
increased the assessed values of Black-owned homes by ten times as much as white-owned homes, with the
largest increases assigned to boycott participants and organizers. [53].

However, the most significant sources of assessment regressivity today are shortcomings in the data and models
used to assess properties [4, 12]. Most assessors conduct simplistic assessments based on data that can be collected
at scale [14]. In contrast, the fair market value of a property is defined according to its sale price in an arms-length
transaction.? In such transactions, buyers and sellers have access to a rich set of information, including in-person
tours, inspections, and appraisals, which they use to negotiate a sale price. Because most assessors rely on compar-
atively sparse data, their assessments can regress to the mean market values in their jurisdiction. This results in
low-value properties being, on average, over-assessed and over-taxed and high-value properties being, on average,
under-assessed and under-taxed. Thus, regressivity occurs even in the absence of corruption or legal restrictions.

In this paper, we assess the hypothesis that more accurate assessments generally lead to fairer (i.e., less regres-
sive) property taxes—in other words, that property tax assessment is not typically subject to the fairness-accuracy
tradeoff. To examine this hypothesis, we take a holistic view of real-world assessment pipelines and consider
whether efforts to increase assessment accuracy generally lead to increases in fairness. In doing so, we make
the following key contributions:

o We describe the relationship between accuracy and regressivity in the context of property tax assessments
using real-world data on 26 million property sales and assessments spanning 95% of U.S. counties over five
years, finding that, across jurisdictions, assessment accuracy is positively associated with taxation fairness.

1 Assessments are distinct from appraisals, which are estimates of the fair market value of a property for non-tax purposes, such as real estate
transactions. However, both assessments and appraisals are estimates of market value—their key distinction lies in their application rather
than their objective. If a property is over-assessed, the resulting tax burden will exceed what policymakers intended even after exemptions
are applied. For this reason and consistent with prior literature, we evaluate accuracy and fairness relative to market value, defined as the
price a property actually sells for, and we discuss the limitations of this choice in S5.1

2An arms-length transaction is one where the buyer and seller are not known to one another.
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This pattern suggests that methodological improvements in assessment practice—of which machine-learned
approaches are a prominent example—may yield joint gains in accuracy and fairness.

e Using simulated assessment models, we find that adding additional property characteristics increases
assessment accuracy in most cases, and that accuracy and fairness gains coincide more than 99% of the
time.

e We propose simple and broadly applicable computational approaches to improve assessment accuracy
and fairness. In particular, we estimate that the addition of publicly available Census characteristics can
significantly improve the accuracy and fairness of existing assessments in hundreds of U.S. counties, and
can also reduce regressivity with respect to neighborhood-level race and income.

Our analysis builds on an established literature studying the distribution of assessment errors with respect
to property value [e.g., 4, 12, 45, 59], income [28, 62], and race [5]. Prior work has mostly explored the effects
of specific changes in assessment method on both accuracy and regressivity within a single jurisdiction [e.g.,
34, 47, 59].> We contribute to this literature by studying the relevance of fairness-accuracy tradeoffs in practice,
using data drawn from the universe of U.S. taxing jurisdictions and variation in algorithmic methods that are
realistic and feasible for jurisdictions to implement. We also identify the conditions under which gains in assess-
ment accuracy are likely to come at the expense of regressivity, and examine heterogeneity across counties in
accuracy and fairness responses to changes in assessment methodology.

We proceed as follows. In §2, we provide background on property tax assessments in the U.S. as well as on
the fairness-accuracy tradeoff. We outline our methods in §3 and describe our empirical results in §4. We close
by discussing the implications of our findings, avenues for future work, and limitations of our approach in §5.

2 Background and Related Work
2.1 The United States Property Tax Assessment System

In the U.S., property tax assessments are conducted at the local (e.g., county) level. Local assessors typically rely on
one of three approaches to estimate the fair market value of a property. The cost approach values properties accord-
ing to how much it would cost to reproduce them, less depreciation; the sales approach values properties in line
with similar, recently sold properties; and the income approach values commercial or rental properties according to
the income they produce [50, 58]. Local governments have discretion to conduct assessments as they see fit, subject
to state-level regulation of assessment processes or outcomes. For example, as of 2025, 17 states required that local
assessors cap year-over-year assessment increases; 27 states required that assessors conduct in-person property
inspections as part of their assessments; and 39 states imposed limits on the time between reassessments [8, 23, 24].

While researchers have repeatedly found that regression-based assessments, which are also referred to as
Automated Valuation Models (AVMs), outperform alternative methods of assessment [13, 25, 52, 72], a 2019
International Association of Assessing Officers (IAAO) survey found that just 16% of assessor’s offices use AVMs
[14].* The remainder rely on a combination of valuation tables, which estimate the marginal value of property
attributes (e.g. additional square footage or bedrooms) and are provided by states or purchased from private ven-
dors; individual property assessments using comparables selected by hand; or other methods. The low adoption
rate of AVMs has several causes. Roughly one in five IAAO survey respondents point to capacity concerns, such
as budget constraints or insufficient technical expertise. One in four cite difficulty explaining AVM predictions

3An important exception is an independent working paper by Amornsiripanitch [4], which studies how incorporating the housing price
index constructed by Bayer et al. [7] into property tax assessments affects regressivity and accuracy within a pooled sample of all U.S. taxing
jurisdictions.

4The vast majority of assessor’s offices do not release information about their assessment approaches to the public. Consequently, status quo as-
sessment practices are largely opaque, with the best data available coming from surveys conducted by the International Association of Assessing
Officers (IAAO). While these surveys are the best source of data for understanding the status quo, we caution that they are not representative.
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to taxpayers. However, the most-cited barrier to adoption is the belief that current approaches work just as well
as AVMs, if not better, despite considerable empirical evidence to the contrary [14].

Furthermore, according to a 2018 survey conducted by the IAAO, only one-third to one-half of local assessors
have incorporated fine-grained location or neighborhood features into their assessment analyses [3]. While
traditional assessment models focus only on characteristics of a property itself (e.g., size or age), incorporating
geographic data improves assessment by capturing location (e.g., proximity to schools) and neighborhood (e.g.,
sociodemographics of residents) information that is likely to affect a property’s market value [25].

2.2 The Fairness-Accuracy Tradeoff

Fair ML research often casts training fair models as a constrained optimization problem: the goal is to maximize ac-
curacy, usually operationalized as predictive error, subject to a fairness constraint, usually operationalized as differ-
ences in model error rates between groups [9, 18, 21, 32, 40, 54-56, 65, 82, 83]. This framing presumes the existence
of a fairness-accuracy tradeoff, except under unrealistic circumstances such as perfectly accurate models [56, 71].
Because perfect accuracy is unachievable in practice, even the best model produces incorrect predictions for some
instances. In theory, a tradeof is inevitable if the most accurate model produces different errors across groups: if
accuracy cannot be increased for the worst-off group, then the only way to achieve fairness is to reduce accuracy
for the better-off groups. However, counter to the prevailing assumption in the fair ML literature that accuracy
and fairness are mutually incompatible, an emerging strain of research has found that tradeoffs do not always
arise in practice [20]. For example, researchers have achieved simultaneous fairness and accuracy gains across
a variety of modeling tasks by collecting additional data [17] and by accounting for bias in existing data [27, 80].

2.3 Conceptual Framework

In theory, accuracy gains in property tax assessment guarantee neither fairness gains nor fairness losses. For ex-
ample, correcting errors in over-assessed low-value properties will generally reduce regressivity, while correcting
errors in under-assessed low-value properties will increase it.

For at least one pair of accuracy and fairness metrics, the relationship between accuracy and fairness depends
on the relative magnitudes of prediction variance and mean bias in a given assessment model. Formally, for two
assessment models (A and B), if accuracy is measured using mean squared error (MSE) between ground truth
sale price and predicted sale price, and fairness according to the Log Coeflicient regressivity metric described in
Table 1, then:

. . _ 1 .9 . 9
Fairnessg — Fairnesss = 2 [(VarB —Vary) + [(MeanBiasy, — MeanBiasg)] — [MSEg — MSEA]]

To see that the relationship between fairness and accuracy is ambiguous, assume that models A and B have the
same mean prediction (MeanBiasy = MeanBiasg) and that model B has lower MSE (MSEp < MSE,). Then, if
model B’s predictions are more variable than model A’s, accuracy and fairness will improve simultaneously. If
model B’s predictions are less variable than model A’s then, depending on the magnitude of the difference in
accuracy compared to the magnitude of the difference in variance, there may be a fairness-accuracy tradeoff.
A formal proof is provided in Appendix C.

As with other domains, a perfectly accurate model—one that sets the assessed value of each home equal to its
market value—is also perfectly fair, as it produces a proportional property tax. However, whether imperfect assess-
ment models eventually reach a Pareto frontier wherein accuracy gains can only be achieved with corresponding
decreases in fairness is an open question. In this work, we explore empirically whether the fairness-accuracy tradeoff
exists for property tax assessment, examining whether the types of accuracy improvements that are feasible in practice
improve or undermine fairness.
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3 Data and Methods
3.1 Data

Our data include property and transfer records purchased from the data broker Cotality.’ The unit of observation
is a property transfer, which we filter to include only arms-length sales of single-family homes. Consistent with
common practice, we exclude sales of distressed or foreclosed properties under the assumption that foreclosure
auctions do not reveal a property’s underlying market value. For each sale, we observe transaction data (e.g.,
type of deed, date of sale, sale amount). We then merge sale data with property characteristics (e.g., square
footage, number of bedrooms, year built), location data (e.g., county, census block group), and tax information
(e.g., assessed value at time of sale). Finally, we merge in publicly available socioeconomic data from the American
Community Survey (ACS) 5-year estimates. These data include block group-level neighborhood information (e.g.,
education levels, marital status, median age and income, unemployment rates, and share of households using
SNAP). Overall, this results in a dataset of 26M sales spanning the period 2018 to 2023 and covering transactions
in 2,844 out of 3,007 U.S. counties.

3.2 Counterfactual Assessment Models

Using the data described above, we build a suite of LASSO and random forest-based counterfactual AVMs. These
models use property and neighborhood data to predict property sale prices, simulating the assessment process.
Models are developed at the county level, using only within-county sales. We employ a chronological train-test
split, such that models are trained on historical sales data and tested using the most recent year of sales, in order
to align with real-world assessment practices [e.g., 68]. To preprocess the data, we first one-hot encode categorical
features, retaining only categories appearing in at least 5% of observations. We then drop features whose values
are missing for more than 50% of observations, and use multiple imputation by chained equations (MICE) [6] to
impute any remaining missing values. Finally, we winsorize all numeric features at the 1st and 99th percentiles and
subsequently normalize them. We conduct hyperparameter tuning using Bayesian optimization and five-fold cross
validation (CV), with mean absolute error between predicted and actual log sale price determining the CV score.

3.3 Evaluating Assessment Models

We evaluate each assessment model in terms of its accuracy and fairness, as measured on the held-out most
recent year of sales and assessment data for each county.

Accuracy. An accurate assessment is one that matches the true market value of a property, which is assumed to be
equal to the sale price of a property in an arms-length transaction. We therefore measure accuracy as the difference
between a property’s assessed value in a given year (as produced by an assessment model) and its actual sale price
in that year. As our primary accuracy metric, we use mean absolute percentage error (MAPE), because the percent-
age error between assessed and actual sale price is equivalent to the percentage difference between effective and
statutory tax rates in a simple setting with no exemptions or deductions to the tax (see Appendix B). To ensure ro-
bustness, we also evaluate model accuracy using root mean squared error (RMSE) and mean absolute error (MAE).

Fairness. We define fairness as the level of regressivity produced under a particular assessment model. Re-
gressivity occurs when a higher proportion of the tax burden falls on the owners of lower-valued properties. It
is commonly used within the field of economics to measure the vertical equity of tax systems [4, 15].We also
conduct a more typical group parity assessment which compares how aggregate levels of regressivity change as
the racial demographics or income of taxing jurisdictions change in §4.3.

Local governments, professional associations, and researchers have collectively promulgated several competing
regressivity metrics [61]. As we discuss in detail in §5, no metric is without shortcomings and individual metrics

SCotality was formerly called CoreLogic, and is widely used in economics research for research on property taxes and property transfers.
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Regressivity Metric

Metric Approach Formula Threshold  Source
Log Coefficient Regression- _ A <0
L0) Based B, where log(R) = fo + f11og(S) and R = <. (significantly) [4, 12]
1- I%, where L is the area under the curve produced by
... graphing the cumulative distribution of A against the
Suits Index (SI) BD;zterébutlon cumulative distribution of S and K is the area under an (<sioniﬁcantl ) [63, 76]
analogous curve produced by a perfectly proportional € Y
tax
Price-Related R . A -
— =, where R is th &, Ais th A, and .
Differential Ratio-Based 4/ Vhere s Tie average 5, 4 s e averoge & an >t1'0t31 [2]
(PRD) S is the average S (strictly)

Table 1. The regressivity metrics used in our analysis. Each metric compares the sale prices (S) and assessed values (A) of
properties within a given geographic area in a given year.

Accuracy ° Accuracy ° Accuracy °

Fairness Fairness Fairness

(a) Current State (b) Pareto Frontier (c) Pareto Point
Fig. 1. We evaluate model performance
using a Pareto framework. Each point represents a model. When model accuracy and fairness are low (point A), as
is currently the case in property tax assessments, simultaneous improvements in accuracy and fairness (point B) are possible.

This holds regardless of whether B represents a point on the Pareto frontier or is a uniquely best-performing Pareto point.

may not always agree with one another. Therefore, we rely on three separate regressivity metrics throughout
this analysis which together cover the primary approaches currently in use. We describe each metric briefly in
Table 1, and in detail in Appendix A.

Pareto Frontier Framework. To evaluate model performance, we use the framework of the Pareto frontier. In multi-
objective optimization problems, it is often the case that objectives are in tension with one another and cannot be si-
multaneously maximized. The tradeoffs among the best-performing models trace out a frontier (Fig. 1b). Outcomes
along the frontier are Pareto optimal, in the sense that no other outcome is possible which offers improvements with
respect to both objectives. If no tradeoff exists between the two objectives, then the Pareto frontier collapses to a
single point, corresponding to a unique model that strictly outperforms all other models (Fig. 1c). Such a model con-
stitutes a Pareto improvement over previous models, as it offers simultaneous gains with respect to both objectives.

Empirically, we examine whether counterfactual assessment models offer Pareto improvements—simultaneous
gains in fairness and accuracy—relative to baseline predictions from either status quo assessments or other
counterfactual models. If these modeling adjustments yield Pareto improvements relative to these baselines, then
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Fig. 2. Higher accuracy (as measured by MAPE) in property tax assessments is correlated with higher fairness. The figures
show scatterplots of fairness and accuracy by county-year between 2018 and 2023, binned across 100 quantiles of
county-level MAPE.

we posit that this is evidence against the practical importance of a fairness-accuracy tradeoff in property tax
assessments.®

4 Results

In this section, we characterize the status quo relationship between accuracy and fairness in property tax as-
sessment, finding that even though the relationship between accuracy and fairness is theoretically ambiguous,
in practice the two measures are closely related. We first show that counties with more accurate status quo
assessments also tend to have more equitable assessments (§4.1). Next, we find that adding more information
to hypothetical assessment models leads to accuracy gains in a majority of cases, and accuracy gains coincide
with fairness gains over 99% of the time. Finally, we show that, by incorporating publicly available census data
in assessment models, simultaneous accuracy and fairness gains are possible relative to status-quo assessments
in 14.4% of U.S. counties without caps on annual assessment growth (§4.2).

4.1 The Accuracy-Fairness Relationship

4.1.1  Assessment Accuracy and Fairness are Highly Correlated, and Both are Low for Many Counties. As shown in
Fig. 2, accuracy and fairness in property tax assessment are strongly correlated, and the relationship is robust across
fairness metrics. In general, counties with a higher median and average sale price (R = —0.23 and R = —0.17, re-
spectively), sale volume (R = —0.19), housing stock (R = —0.18), and population (R = —0.17) have lower status quo
assessment errors (p < 0.001 in all cases). As a result, average county-level accuracy varies across states: states with
a higher proportion of rural counties such as Oklahoma, Arkansas, and Missouri tend to have higher assessment
error on average. Somewhat surprisingly, county-level variance in sale price is not associated with assessment ac-
curacy, implying that more homogeneous housing markets do not, on average, produce higher-quality assessments.
Almost all counties—98% between 2018 and 2023—had regressive assessments as measured by LC (i.e., LC < 0).

4.1.2  Accuracy Gains Do Not Guarantee Fairness Gains. In our setting, fairness and accuracy are both functions
of assessed value, and we observe a positive correlation between accuracy and fairness among status quo assess-
ments. This raises the concern that assessment accuracy and fairness are not independent, since both are derived
50f course, the observed compatibility of fairness and accuracy gains relative to the baselines we consider does not imply that no such
tradeoffs could ever occur; for example, they might arise if the status quo baseline were substantially improved (as depicted in Fig. 1b). Our

focus is on the practical importance of the fairness-accuracy trade-off in the context of the methods actually used to generate assessments in
real-world settings.
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from assessed value. However, more accurate assessments are not necessarily fairer. As discussed in Section 2
and shown in Appendix C, the theoretical relationship between fairness and accuracy is ambiguous and hinges
on changes in prediction variance between models. In this section, we consider empirical tradeoffs through the
example of assessment appeals.

Improvements in accuracy can increase regressivity if accuracy gains are primarily clustered among previously
over-assessed high-value properties. This commonly occurs in the real world in the context of assessment appeals
[64, 79]. If a homeowner believes that their assessment is inaccurate, they can file an appeal with a county
governing body. Appeals are disproportionately filed by owners of higher-valued properties, who have higher
property tax bills at stake and are likely to have more resources available to navigate the appeals process. Because
appeals typically reduce assessed values, the appeals system functions as an adversarial correction, increasing
accuracy primarily for over-assessed, high-value properties while leaving other prediction errors untouched. The
end result is that post-appeal assessments can be both more accurate and more regressive relative to pre-appeal
assessments. The relationship between accuracy and fairness depends on the concentration of accuracy gains
across the distribution of housing prices and on the direction of the errors that are corrected. We observe this
empirically in Cook County, IL, where between 2021 and 2023, owners of homes in the highest quintile of sale
price appealed their assessments at four times the rate of those in the lowest quintile [69].

4.1.3 In hypothetical models, additional features do not impose fairness-accuracy tradeoffs in over 99% of cases.
To further examine the relationship between assessment accuracy and fairness, we develop simulated assessment
models using property data from Cotality, examining whether models with access to more information about
properties will be more accurate and equitable than models with less information. To test this, we build two
LASSO models for each county according to the procedures described in §3. We choose LASSO as opposed to more
complex and compute-intensive approaches as it offers a simple framework suitable for establishing a baseline
empirical relationship between data availability and fairness-accuracy tradeoffs. The first model (“sparse model")
uses only three property characteristics. Because data availability varies across counties, these three features
are selected from an ordered list of features ranked by their overall availability in Cotality. The most commonly
available features—and therefore those most often included—are construction quality, land and building square
footage, number of stories, and year built. The second model includes as many property characteristics as are
available in Cotality for that county (“rich model"). Again, due to differences in data availability across counties,
the additional number of features in the rich model relative to the sparse model ranges from 1 to 12 depending
on the county. Both models include six features describing the timing of each sale. We subset to counties with
at least 100 sales in our sample period (2018-2023), and to counties with a sufficient number of features available
to train both sparse and rich models, producing a sample of 2,059 counties.

Our results are provided in Fig. 3a. We observe significant changes in both accuracy and fairness in 908 out of
2,059 counties (44.1%). In 907 of these 908 counties (99.9%), we observe simultaneous gains in fairness and accuracy,
while only 1 exhibits tradeoffs.” Moreover, counties with larger accuracy gains also tended to have larger fairness
gains. Appendix D shows the robustness of this result to alternative choices of accuracy and fairness metrics (Fig. 5).

The simple linear models developed here may be far enough below the Pareto frontier that the positive rela-
tionship we observe between fairness and accuracy is not sufficient evidence against fairness-accuracy tradeoffs
in practical settings. To address this concern, in the next section, we rely on status quo assessments as our
benchmark, and observe whether simultaneous gains in fairness and accuracy are possible relative to valuation
methods currently in use.

"DeSoto County, Missouri is the only county where we observe tradeoffs. This county is not an outlier with respect to demographics, data
availability, housing characteristics, or publicly available data regarding housing assessment practices, and may represent a false positive
given the scale of our experiment.
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Fig. 3. Adding more information to assessment models generally leads to accuracy and fairness gains.

Notes: The figures show changes in accuracy and fairness for county-level assessment models across two experiments. The left panel shows the changes
between the “sparse” and “rich" county-level LASSO-based assessment models described in Section 4. Models are trained using property and time-of-sale
characteristics. The right panel shows changes in accuracy and fairness after the addition of Census block group data to county-level random forest-based
assessment models. The baseline model uses only status quo predictions and time-of-sale data, while the alternative model incorporates these features in
addition to Census block group characteristics. In both panels, accuracy is measured using MAPE between assessed and sale price. Fairness is measured using
PRD. Changes in performance are statistically significant at a 95% confidence level after applying a Benjamini-Hochberg multiple testing correction. Confidence
intervals are computed using a studentized bootstrap and displayed in light blue. Results are censored at the 2nd and 98th percentiles.

4.2 Improving Property Tax Assessments Using Publicly Available Census Data

Housing prices are sensitive not only to the characteristics of homes, but also to the socioeconomic characteristics
of the area surrounding a home, including local job opportunities and demographic characteristics such as age
and household structure. The U.S. Census Bureau regularly disseminates estimates of these neighborhood-level
characteristics, and at least one assessor’s office uses such data in their valuation models.® However, to our
knowledge, this practice is not widespread, and guidance on the use of Census data in valuation models is not
currently included in the technical standards promulgated by the IAAO [50, 51]. Berry [12] identifies substantial
within-county heterogeneity in assessment quality that is correlated with tract-level features such as median
household income, education, and home values, while Amornsiripanitch [4] finds that Census block-group
characteristics improve assessment accuracy in aggregate across all counties. Both studies indicate that there
is potential for these features to improve county-level model fit.

We examine whether Census data can improve the accuracy and fairness of assessment models currently in use
using publicly available data from the 2023 Census 5-year ACS, described in §3. We train random forest models
for each county that leverage Census data alongside status-quo assessed values and time-of-sale characteristics
to predict sale price. We use random forests because the Census features we employ are often correlated and
may interact in complex ways. Random forests handle both properties well while remaining computationally
tractable. We then examine county-level changes in fairness and accuracy relative to predictions from benchmark
random forest models which use only status-quo assessments and time-of-sale data. To account for statutory
limitations which may impact the accuracy of status quo assessments, we drop counties located within 17 U.S.
states with assessment caps [23, 24].° We also restrict our sample to counties with at least 100 sales in our sample
period, producing a sample of 1,619 counties.

Our results are provided in Fig. 3b. We find that the addition of census features leads to statistically significant
changes in fairness and accuracy for 238 out of 1,619 counties (14.7%). Among those counties, 229 (96.2%) show

8Cook County, Illinois, whose assessment model documentation is publicly available: github.com/ccao-data/model-res-avm.
9These states include Alabama, Arizona, Arkansas, California, Florida, Georgia, Hawaii, Iowa, Louisiana, Maryland, Michigan, New Mexico,
New York, Oklahoma, Oregon, South Carolina, and Texas. The annual caps range from 2 to 15%.
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simultaneous fairness and accuracy gains, and only 9 (3.8%) exhibit tradeoffs.!® The predominance of simultaneous
fairness-accuracy improvements is robust to the choice of metric, as shown in Appendix D (Fig. 6). As shown in
Appendix Figure 7, Census characteristics increase assessment accuracy on average across the entire distribution
of sale prices, offering the most substantial gains for homes in the lowest and highest quintiles of price. Moreover,
these characteristics tend to decrease assessed values for lower-priced homes and increase assessed values for
higher-priced homes, which increases the overall variance of assessments and is consistent with fairness gains,
as demonstrated in Appendix C.

As discussed in §3, we use arms-length transactions to evaluate model performance. These sales represent
a selected sample of the population of assessed properties, potentially favoring investment properties while
excluding long-term owner occupants and foreclosures. To evaluate whether sample selection biases our results,
we first compare key characteristics of sold and assessed properties in Appendix Table 2, finding no significant
differences. Next, we select 10 counties at random from among the counties where we observe significant changes
in fairness and accuracy and examine whether using sampling weights during model training and evaluation
substantially changes our results. We define each property’s sample inclusion probability as the share of single-
family homes in that property’s block group that sell in a given year, and we incorporate these probabilities as
inverse probability weights. As shown in Appendix Table 3, weighting does not substantially change our findings:
signs are preserved in all but one case, and significance is preserved for 80% of estimates.

4.3 Census Data Also Improves Outcomes By Race and Income

While the predominant focus of this paper is regressivity with respect to sale price, there are other policy-relevant
dimensions of fairness to consider, such as race and income. We find that incorporating Census characteristics in
assessment models can also reduce regressivity with respect to block group-level measures of these characteristics.
However, because we do not have access to individual-level data on homeowner race and income, and because our
results are instead based on aggregate measures, they may suffer from aggregation bias and could reflect changes in
outcomes for non-Black or wealthy residents in predominantly Black or poor neighborhoods. As such, these results
are not conclusive regarding individual-level outcomes, but are rather intended to provide a basis for future work.

4.3.1 Race. At the block group level, the addition of Census features in assessments has substantial effects
on neighborhoods with relatively high shares of Black residents.!! As shown in Fig. 4a, Census block groups
with more than ~30% Black residents see decreases in assessed value, on average, after the addition of Census
features, while block groups with fewer Black residents tend to see increases in assessed value. Recall that because
assessments are proportional to tax obligations, these results indicate that predominantly Black neighborhoods
would see reductions in tax obligations, on average, from the addition of Census features in assessment models.
Census features lead to across-the-board gains in accuracy, with slightly larger gains in percentage terms for
predominantly Black neighborhoods.

4.3.2  Income. With respect to income, as shown in Fig. 4b, the addition of Census features tends to reduce
assessments in lower-income neighborhoods and increase assessments in higher-income neighborhoods, with
adjustments roughly proportional to income levels. Accuracy improves across the board, with the largest reduc-
tions in error in percentage terms concentrated among low-income neighborhoods. These results indicate that
the addition of Census features could shift assessed values and corresponding property tax obligations up the
income distribution, making the tax more progressive with respect to income as well as property values.

10The counties for which we identified tradeoffs were: Washington, DC; Queens County, NY; Ashland County, OH; Geauga County, OH;
Seneca County, OH; Obion county, TN; Robertson County, TN; King County, WA; and Manitowoc County, WI. There are some shared traits
among these counties (e.g., some midsize Midwestern counties, some very large counties), but most counties with these traits do not exhibit
tradeoffs. We do not find significant differences overall between counties with and without tradeoffs in terms of demographics, data availability,
housing characteristics, or publicly available information about status quo assessment practices. Thus, while we can hypothesize about causes
for tradeoffs, we also note the small magnitude of fairness-accuracy tradeoffs, which in some cases may capture noise as opposed to signal.
1The Census features used here and throughout the paper do not include race or ethnicity.
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Fig. 4. Census features lower assessed values for predominantly Black and low-income neighborhoods and increase accuracy
overall.

Notes: The figure shows changes in assessed value and MAPE relative to time-adjusted status-quo assessments after the addition of Census block group features
in assessment models. Changes are calculated at the block group level, and observations are grouped by bins of the share of Census block group residents
that are Black (a) and household median income (b). Lines of best fit are calculated using second-degree polynomials.

5 Discussion

Our findings provide strong evidence against fairness-accuracy tradeoffs in property tax assessments relative to
the current frontier of assessment models. While we show that tradeoffs are theoretically and empirically possible,
we also find that the practical importance of these tradeoffs is limited. Rather, improvements in model accuracy
tend to coincide with fairness gains, a conclusion which is robust across the vast majority of U.S. taxing jurisdic-
tions and to various combinations of domain-relevant accuracy and fairness metrics. Moreover, we demonstrate
that Pareto improvements are possible relative to the frontier of status quo models and predictions for a significant
portion of counties in our data, and that these improvements can be achieved by incorporating publicly available
Census data into assessment models. These findings lie in sharp contrast to other settings—predominantly, but
not exclusively, involving classification—where fairness-accuracy tradeoffs have been identified. In those settings,
it is often the case that enforcing notions of fairness, such as statistical parity or equalized odds, necessitates
reductions in predictive accuracy, either empirically or through the joint incompatibility of fairness and accuracy
as modeling objectives [1, 10, 18, 19, 57, 73]. The key distinguishing features of our setting are, first, a focus on
vertical equity (treating different individuals appropriately differently) as opposed to horizontal equity (treating
similar individuals from different groups in similar ways), and second, our conception of fairness, which com-
pares the distribution of assessment errors relative to ground-truth sale prices. In this framework, tradeoffs are
theoretically possible, but they are not implied by the mutual incompatibility of fairness and accuracy, and we
do not observe them empirically in the overwhelming majority of cases. This implies that our findings could
generalize to other forms of wealth taxation beyond the property tax, such as taxes on inherited wealth and
overall assets which are prevalent in countries outside the U.S. [26]. We also find preliminary evidence that the
modeling improvements we propose here could reduce regressivity with respect to race and income.

5.1 Limitations and Extensions

In this section, we discuss limitations of our analysis caused by modeling choices as well as by inherent challenges
to measuring fairness and accuracy in property tax assessment at scale. Throughout, we highlight opportunities
for future work.

Scope of “no tradeoff" claim. In this paper, we provide comprehensive empirical evidence against fairness-
accuracy tradeofls relative to two baselines: a sparse linear model (ablation experiment), and status-quo assess-
ments (Census experiment). We study the prevalence of tradeoffs using two supervised modeling frameworks
(LASSO and random forest), and the primary experimental variation we employ is the addition of new data. While
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we consider status-quo assessments to be the appropriate and policy-relevant baseline for evaluating tradeoffs,
and the incorporation of publicly available data to be a low-cost, feasible policy intervention, we recognize
that, under different modeling assumptions and baselines, fairness-accuracy tradeoffs may be more prevalent. In
particular, our findings may not generalize to settings where assessment agencies are already operating near the
efficiency frontier, or where the scope for improvement is constrained by data availability, institutional capacity,
or legal restrictions on the use of certain property characteristics.

Data Access and Representativeness. Most counties do not publicly release data on property sales and assess-
ments. As a result, we relied on brokered data from Cotality to conduct a national analysis. However, this brokered
data contains a non-representative sample of single-family home sales when compared to county-level property
records [42]. As a result, while evidence of regressivity exists in both brokered data and county-level records,
the levels of regressivity depend on the source. In addition, we chose to exclude counties with fewer than 100
sales during our sample period from our analysis (3.9% of counties). We note that our suggestions to improve
assessment quality may not be as effective in counties with lower sales volumes, as those counties have limited
data to train assessment models. Future work might consider the possibility of data sharing between counties,
and the relative tradeoffs, if any, associated with performing assessments at higher units of government, such
as the state level, which may help alleviate data sparsity at the local level.

More fundamentally, the standard approach for evaluating assessment quality (which we employ) is to compare
assessed values to sale prices for the population of homes that sell in a given year. However, sold homes may differ
in important ways from the overall population of assessed properties, and these differences can bias estimates
of assessment quality. We take preliminary steps in the paper to estimate the impact of sample selection on our
results, in particular by incorporating sampling weights for a subset of counties in our Census experiment, and
we observe no significant impact on our findings. While we provide preliminary evidence that sample selection
is unlikely to drive our conclusions, we acknowledge that a more comprehensive treatment of this issue remains
an important direction for future work.

Does Sale Price Represent the True Value of a Home? Throughout this analysis, we have assumed that sale price
represents the true value of a home. However, sale prices may deviate from true values for a number of reasons. For
example, there may be idiosyncratic differences in negotiating skill across buyers and sellers, which can contribute
to regressivity [12]. Sale price and true home values may also differ for more systematic reasons. Racial biases on
the part of buyers, sellers, and other market actors, as well as historical legacies of redlining and disinvestment
from non-white neighborhoods, can introduce racial disparities in sale prices that are unrelated to the observable
characteristics of a home. Indeed, Perry et al. [70] find that, in appraisals conducted at time of sale, properties in
majority-Black neighborhoods are devalued by as much as 23% relative to comparable homes in majority non-Black
neighborhoods, even after controlling for property and neighborhood characteristics. Race-based devaluation
of homes both within and across neighborhoods is an important social problem with implications for wealth
accumulation and intergenerational wealth transfer. To the extent that property tax assessments fail to account for
race-based differences in home values, they can engender or worsen racial wealth gaps. In other words, if property
tax assessments do not account for racial devaluation, then homeowners in majority-Black neighborhoods face a
double penalty: when their homes are sold, they fetch a lower price; when their homes are taxed, it is at a higher
rate. Concretely, this means that Black and Hispanic residents currently pay an estimated 10 and 13% more in
property taxes, respectively, for the same bundle of public services, after controlling for taxing jurisdiction, income,
and property characteristics [5]. Even though the sale price of homes in majority-Black neighborhoods should not
necessarily be interpreted as the fair market value of those homes, bringing assessments closer to those sale prices
would still improve fairness by reducing tax burdens in historically over-taxed, majority-Black neighborhoods.!?
Encouragingly, we find that the inclusion of Census block group characteristics in assessment models can identify a

12Although we argue that reducing error between assessed value and sale price will make tax burdens fairer even when sale price is a biased
estimate of fair market value, this problem cannot be fully solved without fixing the systematic devaluation of homes in majority-Black
neighborhoods. We discuss policies intended to address this issue in §5.2.3.
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portion of these differences, increasing accuracy and lowering average assessments in aggregate in predominantly
Black neighborhoods. This suggests that assessors can achieve Pareto improvements in accuracy and fairness
in aggregate with respect not only to home values, but also neighborhood-level race, at little to no cost.

Addressing what remains of the racial gap in property tax assessments after accounting for neighborhood-level
features is a more challenging task. Property tax assessors could theoretically include homeowner race as an
explicit feature in assessment models, recognizing the contextual value of race in predicting home prices. However,
property tax assessors typically do not know individual homeowners’ race, and would therefore be forced to rely
on imputed measures of race, which introduce additional complications [29, 30]. In addition, under prevailing
anti-discrimination law, government entities may engage in race-conscious decisionmaking only if they can
demonstrate a “strong basis in evidence" that disparities exist, that they are personally accountable for creating
them, and that corrective action is necessary and justified [44]. This is a high evidentiary standard. Recent court
decisions have trended towards an interpretation of the law that would bar the explicit inclusion of race in as-
sessment models regardless of the intended purpose. A more promising approach for interventions may therefore
be to establish a firmer understanding of the underlying mechanisms driving bias in sale price and intervene
directly at those levels. For example, if racial biases drive wedges between market value and sale price for homes
sold by minorities, then jurisdictions might consider blinded sales. While the examination of accuracy-fairness
tradeoffs in property tax assessments with respect to homeowner race is not the central focus of this paper, we
provide evidence at the aggregate level which suggests that improving assessment accuracy can help reduce
racial assessment disparities. Directions for future work include examining the impact of individual-level race and
other demographic data on model performance, and assessing the legal and procedural challenges of including
such data as explicit features of assessment models.

No Standard Measure of Regressivity. Throughout this paper, we have estimated regressivity by comparing
assessed values to sale prices. However, there is no agreed-upon ‘best’ method for doing this—while the IAAO
recommends relying on ratio-based approaches [2], economists have argued that those approaches can inflate
estimates of regressivity [63]. Different regressivity metrics can disagree with one another on whether regressivity
is present, further complicating measurement [63]. Furthermore, there are several other dimensions of regressivity
that may be of interest to assessors and policymakers. For example, as an alternative to assessed values, one
could examine property tax bills, which differ from assessments to the extent that taxpayers claim the credits
and deductions offered by their taxing jurisdictions. In particular, many jurisdictions offer homestead exemptions
to taxpayers who live in the property being taxed, as well as tax credits to seniors. Such exemptions can, but
do not always, offset assessment regressivity [48, 61]. One could also examine the regressivity of assessments or
property tax bills relative to household income, as opposed to property sale price. This is the traditional approach
that economists take when estimating the progressivity of a tax, and we provide preliminary evidence in this
paper that reducing assessment regressivity with respect to sale price can also reduce statutory regressivity with
respect to block-group level median incomes. Estimating tax regressivity with respect to individual-level incomes,
however, is more complex, requiring the linking of administratively separated data sets and methodological
decisions over the appropriate measure of income (annual versus lifetime), incidence (statutory versus economic),
and conception of the property tax itself (capital tax versus fee for service) [67].

5.2 Recommendations
We close by making several recommendations for the literature on accuracy-fairness tradeoffs and for tax assessors

and policymakers seeking to improve the fairness and accuracy of property tax assessments.

5.2.1 Recommendations for Studies of Fairness-Accuracy Tradeoffs. Our paper engages with two important cri-
tiques of the existing literature on fairness—accuracy tradeoffs: first, that the data and metrics employed in this
work are too often disconnected from real-world applications and domain-specific conceptions of equity [77]; and
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second, that the bias mitigation strategies found to impose tradeoffs are often ad hoc and intervene at just a single
point in the modeling pipeline [16]. We find that, in a concrete ML application of practical import, and with a
holistic approach that spans the entire modeling pipeline and applies domain-relevant fairness metrics, tradeoffs
are the exception rather than the rule, and that there exist substantial opportunities for Pareto improvements
relative to the status quo.

Our findings do not negate the statistical and theoretical validity of fairness—accuracy tradeoffs identified
in previous work. Indeed, tradeoffs may arise in assessments under alternative modeling choices, baselines,
or fairness definitions that abstract away from how domain experts have historically conceptualized equity.
However, our results suggest that the practical relevance of these tradeoffs depends critically on examining
the full modeling pipeline, using domain-appropriate metrics, and evaluating performance relative to models
currently in use. Greater attention to domain-relevant notions of fairness can help the fair ML literature more
accurately identify when tradeoffs have real-world significance.

5.2.2 Recommendations for Assessment Methodology.

Collect More High-Quality Data on Properties. One of the fundamental challenges of property tax assessment
is that assessors often have less information about properties than buyers and sellers. Assessors typically cannot
see the interiors of properties and instead rely only on information they can gather from properties’ exteriors and
from permitting records. We find that adding more information to assessment models generally leads to Pareto
improvements in model performance. While there are concrete limits to the amount of information assessors
can collect, there are likely also opportunities for many local governments to improve the coverage and quality
of the data at assessors’ disposal. Our findings indicate that more frequent and comprehensive field surveys,
alongside investments in data validation, would in most cases lead to to better and more equitable assessments.
However, not every county may be in a position to invest additional resources into collecting and maintaining
more current and comprehensive data.

Incorporate Census Block Group Characteristics. We find that roughly 14.4% of counties in states without
assessment caps could improve the accuracy and uniformity of their assessments by adding Census block group
features into their assessment models. This data is high quality, publicly available, and can be incorporated into
assessment pipelines at little to no cost. While counties should independently evaluate the impact of Census data on
model performance, in many cases this data is likely low-hanging fruit for counties looking to improve assessments.

Use Tree-Based Automated Valuation Models. As discussed in Section 2, only a small minority of assessor’s
offices have adopted AVMs [14], despite a wealth of evidence indicating that AVMs outperform simpler assess-
ment methods [13, 25, 52, 72]. Moreover, among offices that have adopted AVMs, linear regressions remain
the model of choice, even though tree-based models generally outperform linear models in predicting housing
prices [11, 31, 46, 81]. In the real world, counties that have adopted tree-based AVMs have seen noteworthy ac-
curacy and fairness improvements. For example, Cook County, Illinois, which publicly overhauled its assessment
process after a high-profile investigation documented widespread property tax regressivity [35-38, 74], has used
a LightGBM-based assessment model since 2019. In that time, Cook County has reduced property tax obligations
by over one billion dollars for homeowners in the bottom 70% of the housing price distribution, and has also come
into compliance with industry standards regarding assessment uniformity [11]. We recommend that assessor’s
offices consider adopting AVMs, and tree-based AVMs in particular.

Release Open Data on Sales and Assessments. Publicly available data on sales and assessments, alongside trans-
parent documentation of assessment methodology, would provide all stakeholders—policymakers, academic
researchers, and ordinary citizens alike—the opportunity to understand how property tax bills are determined
and how assessments might be improved. More transparency surrounding county-level assessment practices
could also help paint a more thorough picture of the current frontier of assessment practices and assist counties
in learning from one another about new approaches to assessment. Moreover, open data would enable researchers
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to validate the coverage and accuracy of brokered datasets, which form the basis for much of the existing research
on property tax assessments. Cook County, which publicly releases its assessment data and modeling details,
can serve as a template here.'®

5.2.3 Recommendations for Assessment Policy.

Consider Implementing Book-Tax Conformity for Assessments. “Book-tax conformity" refers to the concept that
corporations should report the same income for tax purposes that they report on their financial statements, with
the idea that doing so will encourage firms to reduce tax avoidance [39]. The analog in the property tax setting
would be conformity between assessed values and appraised values/sale prices. Homeowners would prefer that
their assessed values remain as low as possible to minimize their property tax bills, but may prefer to have
higher appraised values and sale prices to maximize their proceeds from the sale of a home, or to secure home
equity loans. Aligning assessed values with appraisals and sale prices would exploit this tension and eliminate
regressivity for homes that sell. It could also reduce racial disparities in regressivity: Black-owned homes have
been shown to be consistently under-appraised at time of sale [70] even as they are over-assessed in the property
tax system [5], as discussed in detail in §5.1. Of course, these advantages apply only to homes that are appraised
or that sell. Moreover, book-tax conformity could cause discrete jumps in tax obligations upon sale that introduce
frictions in the housing market. Ultimately, the potential benefits of book-tax conformity in assessments are
context dependent. Reconsider Statutory Limits on Assessments. A majority of states regulate the way assessments
are conducted and the impact of assessments on property tax bills. In particular, 17 U.S. states impose caps on the
year-over-year growth in assessed values [8, 23, 24, 78]. These caps limit the impact that improved assessment
methodology can have on property tax regressivity. While more accurate predictions can lower assessed values
and tax bills for over-assessed (and disproportionately low-value) properties, assessment caps constrain the extent
to which these tax obligations can be shifted to under-assessed (and disproportionately high-value) properties,
undermining the impact of assessment methodology on vertical equity. Additionally, 15 U.S. states only require
counties to re-assess properties every five to six years, while an additional 10 states enact no requirements at all
on the frequency of re-assessments [23]. Even if initial assessments are equitable, differences in market dynamics
across neighborhoods and property types can drive differential wedges between assessed and market value over
time [12]. As such, whether an assessment model is accurate or not matters less and less as the period between
assessments grows. While improvements in assessment methodology are a promising avenue for improving the
vertical equity of the property tax in many jurisdictions, state-level regulations on assessments will inevitably
mediate how much modeling improvements can reduce assessment regressivity.

6 Conclusion

This paper examines whether property tax assessments are subject to fairness-accuracy tradeoffs, and finds
that good-faith efforts to increase assessment accuracy generally lead to fairer, more uniform assessments,
even though tradeoffs are both theoretically and empirically possible. In particular, adding Census block group
characteristics to assessment models could significantly increase both assessment accuracy and fairness, with
accuracy and fairness gains coinciding in 96% of cases. This finding stands in stark contrast to many other
settings where fairness-accuracy tradeoffs have been examined, and contributes to a small but growing literature
examining tradeoffs in regression settings. We provide recommendations for policymakers and assessors and
suggest directions for future work, including examining other dimensions of fairness and addressing data and
measurement challenges in the assessment space. Fundamentally, our work challenges the assumption that
fairness and accuracy are necessarily in tension, and shows that machine learning can jointly advance both
objectives, revealing a wider range of domains where fairness comes for free.

Bgithub.com/ccao-data/model-res-avm
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A Regressivity Metrics
A1 Suits Index

The Suits Index, introduced by [76] as a tool for evaluating tax progressivity, is closely related to the Gini
coefficient in its reliance on Lorenz-style curves. Unlike the Gini, however, it is derived from a single cumulative
curve. The steps for computing the index are:
(1) Rank homes in ascending order by sale price.
(2) For this ordered list, compute cumulative shares of both sale prices and assessed values, ranging from 0 to
100 percent.
(3) Plot the cumulative share of assessed values (y-axis) against the cumulative share of sale prices (x-axis).

(4) Define the index as

5‘:% (1)

which represents the area beneath the 45-degree line less the area under the cumulative assessment curve.

Because both axes span 0-100, K = 0.5 %100 % 100 = 5, 000. Thus, the Suits Index simplifiesto S = 1— Wloo *L.

We approximate L using the discrete method outlined in [63]. An index value of 0 reflects perfectly proportional
assessments (K = L). Negative values arise when L > K, meaning that, for example, the bottom 10% of homes by
sale price represent more than 10% of total assessed value, which is taken as evidence of regressivity. Positive
values, in contrast, indicate progressivity.

A.2  Price-Related Differential (PRD)

The price-related differential, or PRD, is a measure which compares the average assessment ratio to the sale price
weighted average ratio among the population of asssessed homes. Formally, the PRD is given by:

_ R R
TN (AN Sy A/S
Li(E(ss) AlS
Where R is the average assessment ratio, A the average assessed value, and S the average sale price. PRD values

greater than 1 indicate that high-priced homes have lower assessment ratios than low-priced homes, which is an
indication of regressivity. Per IAAO standards, the acceptable range for the PRD is between 0.98 and 1.03 [49].

)

A.3  Regression-Based Measures

Regression-based measures of assessment regressivity capture linear associations between sale price and assessed
value. Numerous specifications have been adopted in the assessment literature, including regressions of sale price
on assessed value, of assessed value on sale price, and of sales ratios on sale price, alongside logged versions of
these specifications and more complicated formulations such as the coefficient of price-related bias [49].

The measure used in the proof provided in Appendix C is derived from a regression of log sales ratios on log
sale prices. More formally, the measure is estimated as the coefficient ; from the following expression:

log(A/S) = o + Prlog(S) + ¢ ®3)

Where A is assessed value and S is sale price. Intuitively, if assessments are regressive, then sales ratios will
generally decrease as sale prices increase, and f; will be negative.

[63] uses simulated data to establish that regression-based measures of assessment inequality are generally
biased downwards, towards finding regressivity. This bias stems from a number of sources, including measurement
error in sale price, endogeneity bias, and the functional form of assessment models. However, [63] also establish
that regression-based measures are sensitive to changes in simulated regressivity even if the levels are biased.

3341



Improving Accuracy and Fairness in Property Tax Assessments FAccT °26, June 25-28, 2026, Montreal, QC, Canada

The majority of the applications of this metric in this paper, in particular in §4 and Appendix C, consider changes
in regressivity between assessment models rather than the overall level of regressivity. If the extent of bias is
uncorrelated with the method of assessment, as is the case for measurement error in sale price, then the bias will
difference out, and the resulting estimate of the change in regressivity will be valid. In cases where we examine
the level of regressivity, we show robustness of these results to other metrics.
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B Assessment Accuracy and Effective Tax Rates

In this section, we illustrate the relationship between our primary assessment accuracy metric (MAPE) and
property tax rates. Specifically, we show that the percentage difference between a property’s statutory and
effective tax rates is equivalent to the mean absolute percentage error between assessed value and sale price in a
setting with no exemptions or deductions to the property tax.

First, let the statutory property tax rate—the nominal rate of tax established by state or local law—be denoted 7.
Similarly, let 7 denote the effective tax rate—the actual rate of tax paid relative to a property’s underlying market
value. Let A denote assessed value, and S denote market value. If there are no exemptions or deductions to the
tax, we have that:

TA=%S 4)
That is, the statutory rate applied to the assessed value of the home is equal to the effective tax rate applied to
the home’s underlying market value.
Re-arranging and subtracting 1 from both sides yields:
A 7 A 7 A-S t-1

S T S T S T

The left-hand side of the final term is the percentage error between assessed value and sale price, while the
right-hand side is the percentage error between effective and statutory property tax rates. One can therefore
evaluate mean absolute percentage error across the population using either term and arrive at the same result.
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C Relationship Between Fairness and Accuracy: Log Coefficient and Mean Squared Error

This section provides a theoretical analysis the relationship between fairness and accuracy using the regression-
based definition of model fairness described in Appendix A and mean squared error as the measure of model
accuracy.

Consider two assessment models, denoted 1 and 2. Each model predicts ground-truth price, denoted S. The
predictions of each model are given by §l~, i€{1,2}

Let fairness be measured using the coefficient f; from the following regression:

log(%) = fu+ frlog(s) + ¢ ©

If f; is negative, then the log ratio of assessed to actual sale price is decreasing in log sale price, indicating that
assessments are regressive. Therefore, increases in f; signal that fairness is improving between one assessment
model and the next.

The formula for ﬁl is given by:

4 = cov(log(Si/S),log(S)) _ cov(log(S),log(S)) -
' var(log(S)) - var(log(S))
Because var(log(S)), the variance of log ground-truth price, is unchanging between models, the key determinant
of model fairness is the term in the numerator, cov(log(gi), log(S)). More specifically, if:

cov(log(S3),10g(S)) — cov(log(Sy), log(S)) > 0 (8)
Then the value of $; will be higher under model 2 than under model 1, and consequently model 2 will be fairer
according to the regression coefficient metric than model 1.
Let s denote log(S) and §; denote log(S;). We can express the covariance between predicted and actual log
prices for model i as:

. 1 .
cou($;,s) = E(G-?i + (ps, — ,us)z — MSE(S;,s) + 652) 9)

To see this, note that the mean squared error between §; and s is given by:

MSE(§;,s) = E[§i2] — 2E[§;s] + E[s?]
= o-S?i + ,ugi — 2(cov($s,5) + g, Hs) + O + pi2
- ngi + (g, — ps)? = 2co0(5;, s) + 0'32 (10)

Which yields the expression in Equation 9 after some re-arranging. Given this, we can express the difference
in the covariance between predicted and actual values between model 2 and model 1 as:

005 5) — cous1,5) = [ (0% = 2) + (s, = )? = (pis, = )] = [MSE(3,5) ~ MSE(,9)1| (1)
It follows that the relationship between fairness and accuracy under these metrics depends on the relative size
of the following three terms, which together determine the change in model fairness cov($3, s) — cov($y, s):
(1) The change in the variance of model predictions, (as?2 - 03?1),
(2) The change in the squared difference between mean predicted and mean ground-truth log price, (y;, —

,us)2 - (ﬂ§2 - HS)Z’
(3) And the change in model accuracy, —[MSE($,,s) — MSE($1,5)]
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The relationship between fairness and accuracy in this setting is therefore ambiguous. To see this, assume that
models 1 and 2 have the same mean prediction, yg, = ps, = pis. This sets the value of term (2) to zero. Further, let
model 2 have lower mean squared error than model 1, so term (3) is positive. Whether fairness increases alongside
accuracy now depends entirely on the difference in the variance of the predictions between models 1 and 2,
given by term (1). If model 2’s predictions are significantly less variable than model 1, and the magnitude of the
difference exceeds the magnitude of model 2’s accuracy gains, then model 2 will be less fair than model 1, despite
being more accurate. If, however, model 2’s predictions are more variable than model 1’s predictions, or exhibit
only slight decreases in variance relative to model 1, then accuracy and fairness will improve simultaneously.

In summary, simultaneous improvements in fairness and accuracy in the assessment setting are possible, as are
tradeoffs, and the realized outcome depends on changes in the distribution of predictions relative to ground-truth
prices.
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Sold Assessed

N 3,066,716 100,969,072
Year built 1,978.67 1,974.94
(33.11) (31.64)

Building size (square feet) 1,885.05 1,876.19
(2,144.16)  (2,173.59)

Lot size (square feet) 1,425.76 1,417.52
(1,061.11)  (2,185.51)

Number of stories 1.37 1.35
(0.70) (0.70)

Number of bedrooms 3.21 3.21
(1.33) (1.68)

Build quality 6.43 6.34
(1.98) (2.04)

Table 2. Characteristics of sold versus assessed properties, 2023

Notes: The table compares mean property characteristics for sold and assessed homes for 2023. Standard deviations are displayed in parentheses. The underlying
data is pooled across all counties in Cotality’s data. "Build quality" is an ordinal measure ranging from 1 to 9; higher values correspond to higher quality buildings.

D Additional tables and figures
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Fig. 5. Pareto Improvements in Model Performance after Adding More Property Characteristics to Assessment Models are
Robust Across Metrics

Notes: The figures show changes in accuracy and fairness between the “sparse” and “rich” county-level LASSO-based assessment models described in Section 4.
Models are trained using property and time-of-sale characteristics. Accuracy is measured using root mean squared error (left panel) and mean absolute error
(right panel) between assessed and sale price. Fairness is measured using the Suits Index (left panel) and LC (right panel) measures described in A. Changes in
performance are statistically significant at a 95% confidence level after applying a Benjamini-Hochberg multiple testing correction. Confidence intervals are
computed using a studentized bootstrap and displayed in light blue. Results are censored at the 2nd and 98th percentiles.
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Fig. 6. Pareto Improvements in Model Performance after Incorporating Census Data are Robust Across Metrics

Notes: The figures show changes in accuracy and fairness for county-level random forest assessment models following the addition of Census characteristics.
The baseline model for each county uses only status quo predictions and time-of-sale data. The alternative model incorporates these features in addition to
Census block group characteristics. Accuracy is measured using the change in root mean squared error (left panel) and mean absolute error (right panel) between
predicted and actual sale price as we move from the baseline model to the alternative model. Fairness is measured using the Suits Index and LC measures
described in Appendix A. Changes in performance are statistically significant at a 95% confidence level after applying a Benjamini-Hochberg multiple testing
correction. Confidence intervals are computed using a studentized bootstrap and displayed in light blue. Results are censored at the 2nd and 98th percentiles.
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Fig. 7. Impact of Census Characteristics on Assessment Accuracy and Levels, by Quintile of Sale Price

Notes: The figures shows the impact of Census characteristics on assessment accuracy and levels across all 1,619 counties in states without assessment caps.
Changes are reported within quintiles of sale price, which are defined at the FIPS level. The left panel shows the average change in mean absolute percentage
error (MAPE) and the right panel shows the average change in predicted price as we move from the baseline model to the Census characteristic model described
in Section 4.2. Error bars represent 95% confidence intervals computed using a percentile bootstrap.
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FIPS Code County Name Fairness (Weighted) Fairness (Unweighted) Error (Weighted) Error (Unweighted)
8077 Mesa County, CO -0.021* -0.012* -3.222% -2.292*
(-0.028, -0.017) (-0.016, -0.009) (-4.229, -2.534) (-2.917, -1.772)
17201 Winnebago County, IL -0.011* -0.003* -1.101% -0.436*
(-0.014, -0.009) (-0.005, -0.001) (-1.424, -0.705) (-0.752, -0.195)
21035 Calloway County, KY -0.014* -0.026* -1.711% -2.352*
(-0.029, -0.001) (-0.042, -0.016) (-3.573, -0.208) (-3.878, -1.236)
22057 Lafourche Parish, LA -0.035* -0.050* -0.665 -2.821*
(-0.051, -0.020) (-0.066, -0.033) (-2.513, 1.449) (-4.598, -0.659)
28121 Rankin County, MS -0.024* -0.035* -0.645 -4.810*
(-0.031, -0.017) (-0.043, -0.029) (-1.686, 0.355) (-6.150, -3.601)
34017 Hudson County, NJ -0.017* -0.015* -2.282% -2.538*
(-0.022, -0.012) (-0.021, -0.011) (-2.925, -1.686) (-3.174, -1.953)
36081 Queens County, NY 0.004* 0.003* -1.140* -0.874*
(0.001, 0.006) (0.002, 0.005) (-1.479, -0.756) (-1.203, -0.591)
39049 Franklin County, OH -0.016* -0.016* -11.023* -4.352*
(-0.017, -0.014) (-0.017, -0.015) (-11.329, -10.753) (-4.544, -4.154)
47021 Cheatham County, TN -0.005 -0.029* 0.340 -2.647*
(-0.015, 0.002) (-0.044, -0.019) (-0.827, 1.319) (-4.804, -1.375)
53029 Island County, WA -0.005* -0.004* -1.883" -1.548*

(-0.007, -0.003)

(-0.006, -0.002)

(-2.301, -1.488)

(-1.902, -1.176)

Table 3. Fairness (PRD) and Error (MAPE) Differences Between Census and Baseline Models, Weighted and Unweighted.

Notes: The table compares changes in assessment fairness and accuracy after the addition of Census characteristics for two model specifications: one where
observations are unweighted, and one where observations are weighted by their sample inclusion probability during both model training and evaluation. “Sample
inclusion probability" is computed as the share of single-family homes in a block group that sell in a given year. * denotes p < 0.05. Confidence intervals are
computed using a studentized bootstrap (95%).
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