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Summary

Property tax burdens disproportionately burden low-income and minority households,
exacerbated by overassessment of property. At the same time, local governments face
property tax revenue shortfalls, affecting public services. Philadelphia’s tax burden
distribution and property assessments are particularly criticized by the assessment industry
and local advocacy groups, meanwhile its property tax revenues per capita are lower than
similar-sized cities. With evidence of overassessments and a delinquency rate nearly double
the national average, improvements to the city’s mathematical valuation model are expedient.

Public finance theory suggests that property taxation matches residents' property tax bills
with local service costs. Research has revealed systematic overassessment across
demographics and geography, violating these bedrock principles by skewing revenue
distribution and service provision. Establishing whether Philadelphia’s overassessment is
systematic across certain factors is the primary objective, followed by whether such
inaccuracy heightens delinquency and tax foreclosure risk at the household level. The
empirical strategy addresses two main objectives using panel data. First, it distinguishes
systematic overassessment due to Phildelphia’s model from unexplained and random
overassessment using random effects regression. Second, it examines if overassessment
increases the likelihood of tax delinquency and foreclosure by running time and entity fixed
effects panel regression models to estimate predictors of these outcomes.

Systematic overassessment is not solidified, but a share of non-random overassessment is
found to change by property style, with row homes, condos, and semi-detached homes being
associated with higher overassessment compared to single detached homes. Properties in
neighbourhoods with lower median income, higher Hispanic and Black populations, and
multifamily zoning designation also see higher average overassessment. Lower median
income also puts residents at risk of delinquency, regardless of a property’s overassessment.
Tax foreclosure odds increase six years after overassessment, though odds are better
accounted for by annual factors, for example Philadelphia’s Covid-19 measures may have
triggered a foreclosure spike in 2021. The need for more household-level data to clarify these
trends is noted.

Philadelphia should consider Automated Valuation Models (AVMs) to prevent cases of
algorithmic discrimination. Integrating Artificial Neural Networks (ANNs) through add-on
software is promising, though geographically weighted regression (GWR) best utilises the
current system’s modelling capabilities. ANNs offer the greatest overall accuracy while GWR
balances targeted overassessment reductions, transparency to residents, and cost.
Implementing these recommendations offer reduction in valuation errors by minimising
human bias, expanding property data, and including currently omitted variables that affect
value.
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1. Introduction

1.1 Motivation

Housing costs are increasing at historic annual rates throughout the United States, outpacing
wage growth in the past decade (Federal Housing Finance Agency, 2024, p. 5; Guzman &
Kollar, 2023, p. 49). Residential property tax bills thus comprise and increasing burden for
households. Exacerbating this burden are patterns of overtaxation nationwide, in many cases
originating from overassessment of property value. U.S. cities value properties using multiple
linear regression models, making these models a subject of academic criticism and taxpayer
disapproval.

At the same time, local governments in the U.S. are experiencing increasing shortfalls in
property tax revenues (Sirmans et.al, 2008). Being local governments’ primary own-source
revenue stream, this threatens public expenditure autonomy (Hayashi, 2020; Augustine et. al,
2009). Further, groups that are overassessed over-pay for basic public services funded by the
property tax including education and law enforcement. In other words, they are distributed a
lower level of public investment than they are owed.

With the highest poverty rate out of the ten largest U.S. cities, sitting at 22.7% (U.S. Census
Bureau, 2024), unanticipated increases in Philadelphian’s property tax bills may be
financially destabilising for a large swathe of the city’s population (Fu, 2022). Additionally,
Philadelphia’s valuation process has been scrutinised for overassessing multifamily
properties, of which house a higher share of low-income and minority residents (Hou et.al,
2023; Fu, 2022). The contours of overassessment have yet to be empirically established in
Philadelphia, of which are needed to determine assessment process improvements. An
opportunity for targeted improvements is present given that Philadelphia’s assessment
process is in a transitional state.

1.2 Problem Statement
1.2.1 Background and Social Problem

In Philadelphia, property tax revenues per capita are below those of similar sized U.S. cities
and are decreasing relative to other local source revenues (Dowdall & Warner, 2012;
Hincken, 2022). Philadelphia’s low-revenue-generating property tax base is distinctively
characterised as increasingly reliant on residential properties. 71% the property tax base is
residential, 15% points higher than the U.S. median (Hincken, 2022, pp. 12, 13). This
reliance is an outcome of two competing interests. On the one hand, the City of Philadelphia
favours low taxes on commercial, retail, and industrial property to increase corporate tax
competitiveness (Philadelphia Forward, 2003; Dowdall & Warner, 2012). On the other hand,
the property tax is increasingly unpopular among residents, with 76% of residents being
against a rate increase in 2022 and 49% rating the property tax as unfair (Hincken, 2022, p.7).

Like the majority of U.S. cities, Philadelphia utilises a computer-assisted mass appraisal
(CAMA) system to run a multiple linear regression (MLR) valuation model. This model is
limited with respect to property characteristics, overlooking heterogeneous features
commonly found outside of single family homes. Industry auditors link this approach to



valuation errors given taken the city’s diversity of historic property styles (International
Assocation of Assessing Officers, 2022, p.9).Thus far there is agreement that Philadelphia’s
multifamily-zoned homes are overassessed at higher rates, and that these are largely inhabited
by minority and low-income groups. This is notable considering Philadelphia is highly
spatially segregated first by race and secondarily by income. The Census Bureau’s city
segregation rankings are based on minority isolation and neighbourhood dissimilarity indices,
and ranks Philadelphia with the sixth highest Black-White and Hispanic-White segregation
and the twenty-fifth highest Asian-White segregation (Logan, 2013). Adelman (2004) also
ranks Philadelphia with the highest within-class racial segregation nationally (p. 51).

Another cause for concern is Philadelphia’s nearly 4% property tax delinquency rate
compared to the 2% national average, making it the most property tax delinquent big city in
the nation (Eichel & Ginsberg, 2019). The city can recover some of its property tax debt by
auctioning delinquent properties, but this is considered a collection method of last resort as it
displaces residents. If residents in properties that tend to be overassessed fall delinquent
because of the unexpected increase in tax owed, they may be at risk of tax foreclosure.

Beyond preventing skewed revenue distribution, there are fiscal benefits and legal
requirements for reducing overassessments. These include meeting Constitutional mandates,
reducing administrative costs (Alm et.al, 2016), preventing market distortions (McCluskey et.
al, 2013; Bahl et. al, 2010), and avoiding litigation. The Office of Property Assessment
(OPA) has previously modernised its property tax system in response to these pushes. The
2013 Actual Value Initiative (AVI) was pursued after advocacy pressure and greatly
improved assessment practices (International Association of Assessing Officers, 2022), but
accuracy improvements were only seen for single family homes in higher income, majority
non-White neighbourhoods (Hou et. al, 2023, pp. 16, 17).

1.2.2 Research Problem and Objectives

Public finance theory cites overassessment as a violation of the bedrock Benefits Model,
where residents’ property tax bills equal the cost of local services they receive (Barseghyan &
Coate, 2016, p. 2). To connect the Benefits Model with assessment practice, the literature
tests for systematic overassessment. The primary research objective of this study is to test for
systematic overassessment in Philadelphia’s CAMA system model.

A number of econometric studies test the relationship between general assessment increases,
delinquency and tax foreclosure. Fu (2022) does so in Philadelphia, however, only Atuahene
& Berry (2019) test and find a relationship between overassessment and the probability of tax
foreclosure. Therefore, this study also aims to establish whether overassessment creates an
additional financial shock heightening delinquency and tax foreclosure risk for Philadelphia
households.

A wealth of related studies provide alternative assessment models to correct for systematic
overassessment, but stop short of inquiry into cities’ barriers and opportunities for adopting
such alternatives. To do so for Philadelphia, methodology documents from OPA and CAMA
system handbooks are used. A thorough understanding of OPA’s process is required to apply
research on alternatives and offer viable policy recommendations.
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1.3 Research Questions

The primary research question is the following:

What factors are associated with residential property overassessment, and how is
overassessment related to delinquency and tax foreclosure in Philadelphia?

This sub-question is needed to explain the above:

What is the likelihood that overassessed properties become delinquent and reach
foreclosure?

1.4 Structure and Reading Guide

Chapter Two covers five areas of the relevant public finance research. Chapter Three outlines
how the empirical strategy is employed to answer the research questions through the selected
regression models and property data. Limitations are noted. Chapter Four reports results,
presents findings as answers to the research questions, and discusses implications alongside
remaining research gaps. Chapter Five concludes the study by connecting the findings to
assessment policy.

2. Literature review and hypotheses

This literature review begins by laying the theoretical foundation that necessitates assessment
accuracy. It then points to potential sources of error in Philadelphia’s assessment model and
identifies factors commonly found to be systematically overassessed. A discussion follows on
the tax delinquency and foreclosure literature, including the gap in connecting these to
overassessment. Next is a note on assessment model transitions. To conclude a conceptual
framework is presented as a basis for four theoretical hypotheses.

2.1 Theoretical Property Tax Principles

This section introduces property tax fundamentals that and guide an optimal assessment
system. First, the foundational Benefits Model posits that residents’ property tax bills should
act as a user fee and equal the cost of local services provided (Barsheghyan & Coate, 2016, p.
34). This model is a theoretical ideal with the assumption that assessments exhibit not only no
overassessment, but also no horizontal inequity (HI). HI in both academic and industry
contexts means a property is under or overassessed compared to the property with the most
similar characteristics and market value (International Association of Assessing Officers,
2017; Office of Property Assessment (OPA), 2023). To function as a user fee, Berry (2021)
argues the property tax must both accurately capture a property’s true market value and be
based on the ability to pay (p. 22). Ihlanfeldt (2013) points to assessment errors as preventing
both (pp. 3,4).

Assessment administration’s role in upholding the Benefits Model is understood through two
of its principles: fairness and efficiency. The first is fairness, meaning that taxpayers should
be protected from “unscrupulous” tax treatment (McCluskey et. al, 2013, p. 164). These
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protections ensure that assessments capture true market value, free from assessor bias. The
second principle is efficiency, which both McCluskey et. al (2013) and Bahl et. al (2010)
describe as maintaining local public service delivery without distorting market behaviour.
Overassessment above the ability to pay may distort spending, residential location, or real
estate investment. Without these principles, the overassessed indirectly subsidise the under-
assessed by over-paying for public services the other under-pays for. For example, in the 19th
century 22% of property tax revenue from overassessed Black taxpayers in Georgia was
disbursed to White majority public schools (Kahrl, 2013, p. 11).

According to the Benefits Model, if the property tax is a user fee, then residents can
maximise their utility according to the Tiebout Model, another property tax foundation.
Tiebout’s (1956) theory explains residential sorting into the tax jurisdiction with the preferred
combination of public service level and tax bill. However, Fraenkel (2021) criticises the
Tiebout Model as failing to explain the lack of sorting capability for income-constrained
residents. These residents respond differently to a tax increase, and the Tiebout Model
assumptions fail to hold entirely in cases where the increase is in the form of an
overassessment.

Failure to uphold the Benefits and Tiebout Models can generate unpopularity. To avoid this, a
CAMA system should maintain the dual components of predictive accuracy and
explainability (McCluskey and Adair 1997, p. 2). Inaccurate valuation departs from what
taxpayers perceive as their property’s “true” market value. An assessment formula’s opacity
(and unexplainability) to taxpayers then leads to appeals and arbitration (Bahl et. al, 2010, p.
10). Balancing accuracy and explainability is the central challenge of assessment

administration.

2.2 Overassessment

Empirical research on overassessment factors, delinquency, and tax foreclosure has surged in
the past decade, but the latter two are studied in relative isolation to the former. Most
overassessment studies interrogate the assessment process as done by Hou et.al (2023),
Sirmans et.al (2008), and Berry (2021). This section first explores these possible bias sources,
error sources, and then the factors commonly found to be systematically overassessed.

2.2.1 Bias, Error, and Algorithmic Discrimination

Systematic overassessment from CAMA-based MLR models have been argued as a case of
algorithmic discrimination. This concept explains how automated systems such as MLR
reflect administrators’ biases and can result in de-facto discrimination. OPA’s standard MLR
model for unsold properties follows this equation:
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(1) Assessmenti = o+ Adjustmentsi L+ &
Adjustments; = i Property Style
Building Square Footage
Age
Lot Size
Garage Type
Off-Street Parking
Interior Condition
View
Amenity Proximity

Where Assessment; is property i’s valuation, the constant /o is the market value proxy for
unsold properties in a zone, and Adjustmentsi is a vector of property i’s characteristics listed
in OPA (2023) (p. 9). Unknown market values of unsold properties are imputed using sale
values of properties deemed comparable. Comparable properties are selected by drawing
geographic zones with properties of least dissimilar characteristics and determining the most
representative property within each zone (OPA, 2023, p. 12). This comparable sales value is
applied to unsold properties within its zone, then adjustments for physical characteristics are
made to arrive at the assessed value (OPA, 2023, p. 12). Sold properties’ own sales values are
used instead of the zone constant f. Non-constant variance in & may indicate property i is
over or underassessed compared to the most similar property of the most similar market
value.

For algorithmic processes such as the model represented in Equation (1), Kleinberg et. al
(2019) distinguish between discrimination originating from the algorithm itself and from the
algorithm’s designers; the former stemming from mismeasurement of data and the latter from
designers’ omissions of crucial variables or choice of functional form (pp. 24, 26).
Econometric studies including Avenancio-Leon & Howard (2022) and Payton (2014)
similarly note two sources of discrimination in CAMA, being structural “model mistakes”
and “deliberate distortion” (Avenancio-Leon & Howard, 2022, p. 8). Berry (2021) further
argues that model specification mistakes outweigh data accuracy issues, Kahrl (2013) points
to both model errors and deliberate distortion as violations of the fairness principle. Table 1
provides a summary of possible biases and errors in the process displayed in Figure 1. These
sources are often obfuscated by random assessor error, which is found to creep in through
manual tasks (Berry, 2021, pp. 21, 23). For instance, Chun & Linneman (1985) reveal half of
overassessment variation in Philadelphia’s previous assessment model is attributable to
random mistakes (p. 7).
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Model Component

Comparable Sales Value

Table 1: Summary of Bias and Error Sources

Description

A zone’s comparable property is
selected as the property with the least
dissimilar physical characteristics
within a geographic area (OPA,
2023). Sales values for this property
are applied as the market value
proxies for all unsold properties in a
zone.

Bias and Error Link

Comparable sales values may mis-
measure market value for properties
with large characteristic deviations.
This is concerning given that the
fundamental objective of assessment
is prediction for out-of-sample
(unsold) values (Berry, 2021, p. 20).

Property Characteristic
Independent Variables

The comparable sales value is
multiplied by a set of adjustments for
an individual property’s
characteristics (OPA,

2023). Assessors have the discretion
to manually select which adjustment
variables out of the full set to apply
to all properties within a zone
(International Association of
Assessing Officers, 2017, p. 7).

The adjustment variables are limited
and best describe single detached
features. Omitted variable bias is
expected, especially for difficult to
observe structural and
neighbourhood characteristics that
affect true market value
(Amornsiripanitch, 2024, p.16).

2.2.2 Overassessment factors

With Equation 1’s limitations in mind, research indicates overassessment tends to vary across
three main characteristics being structural, locational, and demographic. Regarding property
characteristics, overassessment across structural features such as property age and square
footage have been identified Allen & Dare (2002). While these are a concerning source of
error, many municipalities do indeed specify such characteristcs. Research thus also focuses
on a range of omitted structural characteristics that affect market value. Amornsiripanitch
(2024) attributes systematic overassessment to structural characteristics omitted due to their
difficulty to uniformly observe and measure, for instance structural integrity and interior
construction (pp. 3, 16). Limiting these characteristics is argued to manifest in
overassessment because they are not used in the selection of comparable properties to use as
sales proxies (Amornsiripanitch, 2024, p 16).

It is well established that overassessment also varies by omitted highly localised factors,
which are frequently found to cluster by neighbourhood (Bidanset et.al, 2019;
Amornsiripanitch, 2024). Cornia & Slade (2005) test for inequity in multifamily homes in
Maricopa County, which uses a similar MLR model to OPA. They find that overassessment
has the strongest associations with two omitted variables: the number of units in property as a
structural characteristic and the number of units in the property’s area as a neighbourhood
characteristic (Cornia & Slade, 2005, pp. 25, 37). Since restrictive U.S. zoning laws result in
economic and racial segregation by zoning density, as found by Rothwell & Massey (2010),
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and multifamily zoning districts contain a high quantity of high-unit properties,
overassessment may cluster in these low-income districts. Using Chicago data, Smith (2008)
investigates neighbourhood density using zoning designation speficially to show movement
from high density (non-Single family) to medium density (Single family) produces an
average decrease in HI of 12.5% (p. 13).

Of the three categories, demographic HI is perhaps the most difficult to trace back to model
errors. Berry (2021) finds HI to cluster in areas with higher poverty and minority populations
on a national level, and a number of econometric studies reveal systematic HI across
demographic factors nationwide, including Avenancio-Leon & Howard (2022), Allen & Dare
(2002), and Cornia & Slade (2005). Avenancio-Leon & Howard (2022) find that Black
homeowners pay 13% more on average in property taxes per year relative to White
homeowners with identically valued properties, and Hispanic homeowners pay up to 10%
more (Avenancio-Leon and Howard, 2022, pp. 2, 29). They use neighbourhood fixed effects
to explain the mechanism for the disparity across racial and ethnic minorities, income, and
location. Segregation and sorting occurs with respect to racial and ethnic minority status,
income level, and education level into certain neighbourhoods (Avenancio-Leon & Howard,
2022, p. 30). Highly local features of these minority neighbourhoods are not considered in
valuation models nationwide, so resident sorting into neighbourhoods with such omitted
features is found to better account for overassessment rather than overt discrimination.

Overassessment research has touched on the Philadelphia context, but not with the same
intensity with comparable cities such as Detroit and Chicago. While findings from cities
using similar valuation models help develop expectations, these expectations are rather loose
given highly localised differences in the physical property stock and neighbourhood
composition. Chun & Linneman (1985) conduct the earliest overassessment study in
Philadelphia, finding half of the variation to be non-random and concentrated in non-white
and low-income neighbourhoods (Chun & Linneman, 1985, p. 5). This is also the first
regression analysis across neighbourhood factors in Philadelphia, uncovering a trend of
overassessing omitted “undesirable” traits including traffic congestion, high crime rate, and
low hospital access (Chun & Linneman, 1985, pp. 9,10).

2.3 Delinquency and Foreclosure

Property tax delinquency occurs when taxes go unpaid in the short-term (one year in the case
of Philadelphia), while tax foreclosure occurs when the unpaid debt accumulates across years.
Both have been established metrics of financial distress by Bradley (2013), Carroll &
Goodman (2017), and Wong (2023), who provide an array of factors that may increase the
risk of such. As a value-based tax often unlinked with a taxpayer’s ability to pay, general
assessment increases are broadly described as a financial shock increasing delinquency risk.
This shock may occur when economic conditions either increase a property’s valuation
relative to income or decrease income relative to the valuation. Bahl et. al (2010) offer an
underlying economic factor by describing how real estate bubbles rapidly increase homes’
market values relative to incomes, which assessment adjustments do not ‘smooth’ (p. 10).
Depressed household incomes as a risk factor have also received considerable attention since
the 2008 subprime mortgage crisis. Hayashi (2020) confirms that value increases are more
burdensome for low-income and illiquid households (pp. 20, 22). Household-level factors
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other than income include mortgage status because the “shock” effect of a tax increase is
found to amplify when paid as an annual lump sum (Bahl et.al, 2010, p. 10), as is the case for
households without a mortgage escrow account (Bradley, 2013, p. 25). In Philadelphia these
household-level factors are shown to be procrastination and liquidity constraints (Chirico
et.al, 2019, p. 5,7). Delinquency is thus not always financially driven, as Bahl et. al (2010)
even point to ideological opposition to the property tax as a driver.

Delinquency is also linked to high unpopularity on the household and neighbourhood level.
Unpopularity is commonly measured through appeals volumes, the success of which are
partially attributed to assessment explainability. Bird et. al (2012) describes CAMA as a
statistical ‘black box’, rendering it incredibly difficult for taxpayers to provide evidence of
overvaluations (Bird et. al, 2012, p. 116). Higher income taxpayers can hire industry
appraisers to assist with the technical burden of proof and have higher success rates (Bird et.
al, 2012, p. 116). Avenancio-Leon & Howard (2022) and Weber & McMillen (2010) show
that Census tracts with a higher minority share have fewer applications and lower success
rates. Carroll & Goodman (2017) go on to find low appeals coincide with high
neighbourhood delinquencies and foreclosures in high minority neighbourhoods with denser
housing in Milwaukee (p. 22). However, no single guiding theory behind delinquency
behaviour and neighbourhood features emerges from these studies. In short, research suggests
a few key demographic factors on the household and neighbourhood level may both increase
the likelihood of overassessment and decrease the accessibility of correcting for such
overassessment to avoid delinquency and foreclosure.

Largely left unanswered is whether overassessment as an unexpected deviation from true
market value amplifies the shock effect that results in household delinquency and foreclosure.
In the only known study linking overassessment to subsequent tax foreclosure, Atuahene &
Berry (2019) find 10% of Detroit’s tax foreclosed properties are also overassessed (p. 7), and
the risk of both is higher for Black residents. In Philadelphia, Fu (2022) is the only study
examining the relationship of property tax increases to delinquency, but does not narrow to
increases to overassessments, does not extend the analysis to foreclosure, and narrows to
single family homes only. She reports a “$100 increase in property taxes raises property tax
delinquency by 3.9% after one year and 7.7% after two years” (Fu, 2022, p.1). Fu (2022)
found it to be “easier for White owners to recover from delinquency, while some mechanism
is making it more difficult for Black owners to recover” (Fu, 2022, p. 23). This study’s
regression border discontinuity design shows that the price elasticity of delinquency is, as
expected, higher for Black rather than White residents. Even after the 2013 AVI, Black
residents experience a “persistent rise of delinquencies”, of which snowball across time (Fu,
2022, p. 23). Mounting interest and fees may spur repeat delinquencies that may increase
foreclosure risk, as the process can take up to seven years in Philadelphia.

2.4 Spatial Spillovers

An offshoot of property tax research focuses on delinquency and foreclosure spatial
spillovers. When assessment increases (for individual properties or on a neighbourhood level)
spur tax foreclosure, this may risk negative spatial externalities by dampening neighbouring
market values and initiating blight. Most studies connect foreclosure with general assessment
increases rather than overassessment, but regression results for Indianapolis in Payton (2014)
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show that a higher concentration of tax foreclosures in a neighbourhood then simultaneously
reduces sales values and increases overassessments of nearby properties (p.19). Over time,
spillovers of depressed market values risk circularity with overassessment, so “the fairness in
tax burden in urban areas, on a neighbourhood-by-neighbourhood basis, may be affected
substantially as a result of higher concentrations of foreclosures” (Payton, 2014, p. 19). What
remains unstudied is overassessment’s relationship to subsequent tax foreclosures.

A study of Chicago reinforces these findings on delinquency and foreclosure spillovers across
time in what Alm et. al (2016) term the “delinquency discount”. This means that a delinquent
property corresponds to a reduction in sales values of properties within the same Census
Block of 2.5% and of 5% for a tax foreclosed property, then corresponding to further
delinquencies in the area (Alm et. al, 2016, p. 8). Gillen (2013) apply the delinquency
discount to Philadelphia, estimating the reduction in sales price for a property that neighbours
a delinquent or foreclosed property to be modest at 1% (p. 9). This discourse on spatial
contagion perhaps explains why delinquency and foreclosure exhibit neighbourhood as well
as household-level variation.

2.5 Assessment Model Transitions

This section briefly reviews the development of promising error-reducing models and the
opportunities and barriers for their implementation. Concerns surrounding bias and error date
back to the property tax’s inception, meaning discrimination has evolved with assessment
methods (Kahrl, 2013). Rapid growth in the stock of single family homes in the mid
twentieth century led U.S. cities to pursue MLR out of a need for economies of scale
(McCluskey & Adair, 1997, pp. 257, 258). Early in MLR’s application Black taxpayers
nationwide lost an estimated 6.5 million acres of overassessed land (Kahrl, 2013, p. 38). In
the late 1970s U.S. municipalities increasingly procured commercial CAMA systems with
MLR integral to their technology. U.S. Congress simultaneously passed stricter ethics and
CAMA design standards (Wang & Li, 2019, p. 2), enforced by the International Association
for Assessing Offiers (IAAO). Academia responded by offering a number of alternatives
including Geographic Information System (GIS) allowing for locational value characteristics
(McCluskey et. al, 2013, p. 21). Automated Valuation Models (AVMs) were also proposed to
fully automate the variable selection process (RICS, 2022, p. 16). A subset of AVMs,
Artificial Neural Networks (ANNs) emerged as the academically favoured Artificial
Intelligence (AI) based alternative in the 1990s, though application is limited. Currently,
heightened awareness of the MLR ‘black box’ and overassessment nationwide is accelerating
litigation with rulings favoring households. By providing evidence of systematic
overassessment these rulings mandate costly CAMA changes and tax refunds.

Assessment reform fervour mounted as housing costs rose in Philadelphia at the start of the
21st century (Philadelphia Forward, 2003). CAMA was first tested on the citywide level in
response to advocacy, decades after most U.S. cities (Dowdall & Warner, 2012, p. 12).
Punctuating this period of assessment reform, OPA pursued the AVI in 2013. This sweeping
package was Philadelphia’s full-scale implementation of CAMA and introduction of the
current MLR model. This model improved accuracy only for single family homes outside of
the lowest-income zones (IAAO 2022; Hincken, 2022). In 2020 OPA implemented the
popular cloud-based iasWorld CAMA System from Tyler Technologies. OPA maintains the
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same MLR model despite iasWorld’s flexibility for a range of alternatives (Gloudemans,
2019, p. 4). Most recently the Philadelphia Residential Property Assessment Task Force was
created to address racial and ethnic assessment bias (OPA, 2024). There thus exists a political
and technical window of opportunity for further reform despite Philadelphia history of lagged
technological adoption.

2.6 Conceptual Framework and Theoretical Hypotheses

The research gaps are the increment from the theoretical and empirical foundation to the
research (sub)question, motivated by the social problem presented in Section 1.2.1. Shown in
Figure 1, these gaps are in connecting the given characteristics with overassessment in
Philadelphia, and in connecting overassessment to delinquency and foreclosure risk in
general. Random effects as well as time and entity fixed effects are included as controls
predicated in the literature. The four theoretical hypotheses below are formulated to test these
relationships. Also explored is overassessment’s relationship to structural and locational
characteristics when testing hypotheses one and two for the demographic characteristics of
primary concern. Similarly, demographics in relation to delinquency and foreclosure are
explored while testing hypotheses three and four.

H]I: Overassessment has a positive association with racial and ethnic minority share.

H?2: Overassessment has a negative association with income level.

H3: Overassessment has a positive association with the probability of delinquency.

H4: Overassessment has a positive association with the probability of tax foreclosure.
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Figure 1: Conceptual Framework
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3. Research design, methodology

3.1 Description of research design and methods

The empirical strategy fulfils two objectives in order to answer the research (sub)question.
First, to identify the share of overassessment accounted for by OPA’s model specification
versus the share due to random variation. This is done by identifying factors associated with
overassessment and controlling for random error. The second objective is to test if
overassessment carries through to an increased likelihood of tax delinquency and foreclosure,
and what related factors increase their likelihood. Separate panel regression models are run
estimating predictors of overassessment, delinquency, and foreclosure.

First, the panel data technique of random effects regression is used to distinguish between
systematic overassessment variation across measurable variables and random overassessment
variation. This panel data technique is appropriate “if the individual-specific component ui is
uncorrelated with the regressors...the overall error uit also is, so the OLS estimator is
consistent” (Croissant & Millo, 2008, p. 3). Here, random effects control for unspecifiable
and random heterogeneity between properties, arising from manual mistakes in the
assessment process (Berry, 2021). In other words, to isolate associations with variables that
are actionable for process reform, random noise in individual overassessments is specified
akin to Allen & Dare (2002), Bidanset et. al (2019), and Chun & Linneman (1985).

Next, entity fixed effects regression for panel data is used to test overassessment’s
relationship with delinquency and foreclosure. Entity fixed effects are difficult to measure,
time-invariant, and entity variant. Possible fixed effects include procrastination (Chirico et.al,
2019) and ideology (Bahl et. al, 2010) on the property level and within-neighbourhood
spillovers addressed in Section 2.4 on the neighbourhood level. Such fixed effects are
controlled for as this study is chiefly concerned with isolating overassessments’ relationship
to delinquency. Fixed effects on delinquency and foreclosure at multiple geographical levels
are tested here as performed in Atuahene & Berry (2018) for the zip-code level, Payton
(2014) and Alm et. al (2018) for Census block level, and Payton (2014) for the sub-
jurisdictional level.

Lastly, time fixed effects are considered due to expected temporal variation due to
fluctuations in real estate market and economic conditions. Time fixed effects are entity
invariant omitted variables that vary across time. For delinquency and foreclosure these
effects aim to capture broad market value increases in the previous decade (Federal Housing
Finance Agency, 2024, p. 5; Guzman & Kollar, 2023, p. 49). Year fixed effects methods allow
for more accurate estimates of the association with overassessment, as is the case for Fu
(2022) for delinquency and Atuahene & Berry (2019) for overassessment and foreclosure.

3.2 Data sources, operationalisation, and expectations
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3.2.1 Data Sources and operationalisation

Analysis is run on an unbalanced micro-panel of 399,000 properties over nine years (2015-
2024); the entire population of residential non-vacant properties except those in zones G and
H. OPA’s model remains constant throughout the period. Property-level variables are
available through OPA ’s public datasets. These include residence type, style, delinquency,
and foreclosure status as listed in the operationalisation of concepts in Table 2. Census tract-
level variables for racial and ethnic minorities and income are available for each property.
The U.S. Census Bureau American Community Survey measures each tract’s population
share by race and ethnicity. These are annual estimates for 2015-2019 and 2021-2024,
whereas for 2020 they are population data. Ethnicity is measured as either Hispanic or non-
Hispanic, and race categories include White, Asian, Pacific Islander, Native American, Black.
The ethnicity category of Hispanic and race categories White, Asian, and Black are included.
Asian includes individuals with origins in South Asia, East Asia, and Southeast Asia. Median
household income is similarly provided by tract.

Table 2: Operationalisation

Concept Description Variable Measurement Data Sources
Overassessment | Percentage point | Yi: Continuous within | OPA’s Property
increase of a Overassessment | [0,00) Assessment History
property’s (In)
assessment to
sales ratio above
its zonal median
ratio.
Delinquency Non-payment of | Y2: Delinquent | 1: Delinquent DoR'’s Real Estate Tax
the prgp@rty tax 0- Current Delinquencies
bill within one
year
Tax Foreclosure | Claim placed on | Y3: Foreclosed 1: Foreclosed DoR’s Real Estate Tax
property ‘Fltle. 0 Not Foreclosed Delinquencies
Property is up for
auction or has
been sold.
Structural Aggregate Di: Semi- For example, OPA’s Property
Characteristics property style Detached 1: Semi-Detached Assessment History
categories as Ds: Row
indicated by : 0: Detached
visible structural | D3: Apartment
characteristics. Da: Condo
Ds: Mixed
Zoning Aggregate Ds: Multifamily | For example, OPA’s Property
Designation property type Assessment History

categories as by
zoning

D7: Apartments
Ds: Mixed Use

1: Multifamily
0: Single family
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designation which
indicates density

and legal

ownership.
Minority Percentage of Xi: Black Continuous within | U.S. Census American
Population racial and ethnic | Percentage [0,100] Community Survey

minorities out of . .
Xa: Hispanic

the total Percentage
population of the
property’s Census | X3: Asian
Tract. Percentage
Income Level Property’s Census | X4: Negative Continuous within | U.S. Census American
Tract’s median Log of Median | [0,00) Community Survey

household income | Income
in USD, measured
as a percentage
point decrease.

3.2.2 Random Effects

The linear random effects model equation takes the following form:
(2) OVER;:=a + InINCcr + MIN¢: + STYLE:: + TYPEi¢ + uir + &t

Where for each property i’s census tract c in year ¢, the independent variable /nINC
measures the log of a decrease in median income level and MIN.: shows racial and ethnic
minority population share. STYLE;, represents property i’s aggregate structural
characteristics and TYPE,. its zoning designation in year ¢ both indicated by dummy
variables in Table 2. While these two property-level variables are measured across ¢z, they
have minimal temporal variation. The between-entity error term u; controls for the entity-
specific unspecifiable heterogeneity for each year ¢ in the panel dataset, while the within-
entity error &, does so for the remaining residual.

3.2.2.1 Dependent Variable: Overassessment

Overassessment is calculated as such:

(3) OVERi:=1In| (A/S)is

(A/ S)z,t
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Where OVER;, is the natural logarithm of the positive difference between property i’s
assessment to sales ratio (A/S) in year to its OPA zone z’s median A/S in year ¢. As variable
Y in Table 2, taking the natural logarithm of this difference shows how many percentage
points property i’s assessment takes above the median assessment of properties with the most
similar market values and charactieristics.

Overassessment’s operationalisation is based in public finance literature on HI, meaning that
“properties with similar market value are treated uniformly and appraised at the same
percentage of market value” (Bidanset et.al, 2019, p. 3). It is measured in both academic
studies and industry audits through A/S (Allen & Dare, 2002). Being taken before the rate,
exemptions, credits, and deductions are applied it allows for analysis of valuation model
errors unobstructed by post-assessment policy (Avenancio-Leon & Howard, 2022). A/S
difference above the zonal median is in line with the overassessment operationalisation used
by Chun & Linneman (1985) and Berry & Bednarz (1975).

3.2.2.2 Independent Variable: Median Income

Income level is measured as median income for a property i’s Census tract. Tract as a proxy
for the neighbourhood level follows conventional operationalisation in the econometric
literature for income including Avenancio-Leon & Howard (2022), Amornsiripanitch (2024),
and Allen & Dare (2002). Although minority population and median income are not available
on the property level, the Census Bureau draws tracts based on homogeneity “with respect to
population characteristics, economic status, and living conditions” (U.S. Census, 2023).
Median income and minority population for each tract are thus assumed to be representative
of the average property within the neighbourhood. The expected relationship to
overassessment is derived from findings on accuracy. Higher HI in Philadelphia is exhibited
in lower median income neighbourhoods (Hou et. al, 2023, p. 16) and zones (Strauss & Hou,
2013, p. 40).

3.2.2.3 Independent Variable: Minority Population

Following econometric studies on HI, delinquency, and foreclosure, minority population is
measured as racial and ethnic minorities’ proportion of the population in the Census tract
wherein the property is located (Weber & McMillen, 2010; Fu, 2022; Berry, 202; Avenancio-
Leon & Howard, 2022; Alm et. al, 2016). As of 2020, Black, Hispanic, and Asian are the
three largest racial and ethnic minority categories in Philadelphia, standing at approximately
44%, 15%, and 8% respectively. Before OPA’s current model, Strauss & Hou (2013) find
majority Black neighbourhoods to be overassessed on average. Under the current model, Hou
et. al (2023) find general assessment inaccuracy to be more frequent and larger for non-White
neighbourhoods (p. 17). Similar results for overassessment under the current model are
expected. Expectations for the Asian category are not clear from the outstanding literature,
and sorting across properties and neighbourhoods is not well-established as for Black and
Hispanic categories.

3.2.2.4 Independent Variable: Residence Style
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Structural characteristics are frequently aggregated by property style in studies such as Hou
et. al (2023) and Sirmans et. al (2008). OPA measures styles by six main aggregate categories
that are the most structurally homogeneous. Literature finds average overassessment
increases with omitted property characteristics such the number of units (Cornia & Slade,
2005, p. 37). Although OPA’s model specifies style, styles with higher levels of these omitted
structural characteristics are expected to have larger estimates.

3.2.2.5 Independent Variable: Residence Type

Residence type refers to property i‘s zoning designation, which is selected as the most
succinct neighbourhood feature. Used here is OPA’s categorisation of residence types by
‘Single family’, ‘Multifamily’, ‘Apartments above 4 units’, and ‘Mixed Use’. These are
distinct along two dimensions of zoning designation being legal ownership and density.
Single family has low density, multifamily has moderate density, and apartments, and mixed
use have moderate to high density (Philadelphia City Planning Commission, 2022).
Multifamily is found to be consistently less accurate (though not necessarily overassessed)
than Single family in Philadelphia, but apartments and mixed use have not yet been examined
(IAAO, 2022). Expected is a similar result as Smith’s (2008), being a 12.5% average decrease
in overassessment for single family (medium density) zones over non-single family (high
density) zones (p. 13).

3.2.3 Delinquency and Fixed Effects

The time and entity fixed effects logit equation for delinquency is as follows:

(4) DELINQ;:r = a + InINC¢,s + MINcr + OVER .1+ 82+ Yyt + fhizer

Where dependent variable DELINQ;, Y2 in Table 2, denotes whether a property i is recorded
as delinquent in year ¢. The independent variables [nINC., and MIN.: are as described in
Section 3.2.2. and Table 2. OVER; ;s is specified with a one-year lag. The fixed effects term
Oz creates an intercept for each OPA zone z, while the term y: does so for each year.

3.2.3.1 Dependent Variable: Delinquency

Philadelphia property tax bills are received January 1 and due March 31, after which interest
and late penalties accrue until the following December 31, being when the taxpayer is
recorded as delinquent (Chirico et.al, 2016, p. 30). DoR data on the household level show
each year a new delinquency is recorded for a property. Assessment dates thus have a
delinquency date with a one-year lag.
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3.2.3.2 Independent Variables: Median Income and Minority Population

Following Hayashi (2020), it is anticipated that properties in tracts with lower median
incomes will have higher delinquency probabilities. Similarly, Carroll & Goodman (2017)
establish a significant association with delinquency testing median income and minority
population specifically on the neighbourhood-level. Despite its status as the most
impoverished large city in the U.S., Philadelphia’s population that falls below federal poverty
income threshold has slightly declined from 26% in 2015 to 22% in 2022 (U.S. Census
Bureau, 2024). The decreasing poverty rate may contribute to an increased financial capacity
to avoid delinquency for these lower-income households across the period.

3.2.3.3 Independent Variable: One Year Lagged Overassessment

It is expected that an overassessed property i in year #-/ has a higher likelihood of
delinquency in year ¢. I anticipate these odds to be slightly larger than Fu (2002) who finds an
associated 3.9% increase in delinquency odds for a 1% point increase in overall assessment

(p. 16).

3.2.4 Foreclosure and Fixed Effects

The time and entity fixed effects logit equation for foreclosure is as follows:
(5) FORECL:s = o + InINCo; + MINas + 2JZ2 OVER i1+ 8.+ yi+ iz

Where FORECL;;, as dependent variable Y3 in Table 2, shows whether a property i has been
foreclosed in year ¢. Here overassessment is specified with lags from 3 to 6 years in OVER;;.
Terms /nINC.: and MIN,,, and fixed effects 6. and ytare as mentioned in Section 3.2.3.

3.2.4.1 Dependent Variable: Tax Foreclosure

Prolonged delinquent properties can reach a public auction known in Philadelphia as a
“sherift’s sale”. Delinquent properties that are both actionable for auction and those that have
been sold are considered to have reached tax foreclosure and Y3 takes a value of 1.

3.2.4.2 Independent Variable: Multiple Years Lagged Overassessment

In Philadelphia a delinquent property can take between 2 to 5 years before reaching
foreclosure, so the association with overassessment is lagged between 3 and 6 years.
Literature on foreclosure behavior and overassessment is sparse, so expectations are based on
results in Detroit where a 1 unit increase in overassessment increases foreclosure probability
by 2% points (Atuahene & Berry, 2019). Theoretical expectations for /nINCc: and MIN..
match Section 3.2.3.2, as both tax foreclosure and delinquency are understood as a metric of
financial distress that vary across neighbourhood demographic composition.
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3.2.5 Adjustments

First, the full set of 2015-2023 assessment values for all properties is created by matching
properties’ parcel identifiers across annual datasets. To obtain the A/S difference, the City
Controller’s procedure for auditing OPA’s assessment values is replicated. Audit calculations
for the entire set of residential properties from 2015-2023. Calculating the industry standard
A/S difference requires four steps (IAAO, 2022, p. 41). First it takes the assessment to sales
ratio for each property, then secondly uses these to calculate the jurisdictional (zonal) median
ratio. Thirdly, within each zone, it adjusts for OPA’s physical characteristics then lastly takes
the difference of each property’s A/S to its zonal median.

OPA provides each property’s Census tract, so properties’ tract-level data is input by
matching OPA’s tract for each property to the Census Bureau datasets. For 2015-2019, the
2010 Census tracts are used and the 2020 tracts for 2020-2024. The Census classifies
Hispanic as an ethnic group, and thus the category Hispanic other-race will also be included,
and White is omitted as the reference categorical variable. Parcel identifiers are used to match
properties’ in the DoR delinquency and foreclosure records with their OPA assessment data.

3.2.6 Expected challenges and limitations

Random effects models bear the assumption that all entity fixed effects have been specified in
order for the error term to be uncorrelated with the covariates. Literature points to additional
property-level variables related to overassessment not tested here, for instance green space
access and criminal activity found significant by Huang et. al (2010), so the specified
variables may be correlated with the random effects residual.

Another limitation is the differing scales across variables, specifically measurement at the
tract level for minority population share and income, and at the property level otherwise.
Legal constraints for disclosure of household-level Census data make this lack of precision an
endemic limitation for overassessment, delinquency, and foreclosure studies. Mismatch
scenarios such as a ‘White” household may be located in a majority ‘Asian’ tract may occur.
Revealing any assessor bias targeted at individual household income and minority status is
thus not feasible. However, as noted, tract is often utilised as a neighborhood proxy and there
is evidence of neighbourhood-level overassessment. What can be revealed is assessor bias for
neighbourhoods of different income levels and minority populations. If a White household
lives in a majority Black tract, they may still experience a higher level of overassessment
similar to Black households in the tract.

The primarily limitation is that OPA is missing data on all properties located in zones G and
H, which audits by ITAAO (2022) and Ryan (2018) report are the most overassessed zones.
There is thus a highly understated quantity of overassessed properties, and expected
underestimated relationship with delinquency and foreclosure. The data are complete for all
other zones.
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4. Results, analysis, and discussion

4.1 Descriptive Statistics

Table 3 reports the minimum, maximum, standard deviation, and average for the variables of
interest. The average property is overassessed by 18%, outside the IAAO standard maximum
of 10% (IAAO, 2017, p. 10). 8% of all residential properties are recorded as delinquent in any
year from 2015-2023, and out of these .4% reach foreclosure by 2023. Not considering the
delinquency date, conditional means show that 7.6% of overassessed properties have a
delinquency record compared to 8% for non-overassessed properties. Row properties represent

75% of residential properties, and 89% are in single family (low density) districts.

Table 3: Summary Statistics

Min Max Std. Dev Mean
Overassessment 1 0.28 0.18
Delinquent 1 0.27 0.08
Foreclosed 1 0.06 0.004
Demographics
Median Income 9276.05 172610.60 23421.25 48631.40
Black Percentage 0 99.80 34.98 42.10
Hispanic Percentage 0 90.25 18.64 14.51
Asian Percentage 0 65.20 7.04 6.49
Property Style
Detached 0 1 0.26 0.07
Semi Detached 0 1 0.37 0.17
Row 0 1 0.43 0.75
Apartment 0 1 0.05 0
Condo 0 1 0.04 0
Mixed 0 1 0.04 0
Property Type
Single family 0 1 0.31 0.89
Multifamily 0 1 0.26 0.07
Mixed Use 0 1 0.16 0.03
Apartments 0 1 0.06 0
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4.2 Interpretation of Results

4.2.1 Overassessment

Each model specification is run using both least squares estimation and best linear unbiased
prediction, with the former producing a single residual term and the latter producing random
errors for each property (Robinson, 1991). Random effects in Table 4, Model 5 yielded a
lower adjusted R2 than the MLR models 1 through 4, though all hovering extremely low. The
covariates thus explain more of of overassessment’s variability without unobservable random
effects between properties.

Table 4: Multiple Least Squares Regression Estimates on Overassessment

Dependent Variable: Overassessment (In)

(D 2) 3) 4) ()
Demographics
Median Income (In)  0.466%** 0.503%** 0.713%** 0.476%** -0.628***
(0.007) (0.007) (0.002) (0.007) (0.020)
Black Percentage 0.0002** 0.004%** 0.008*** 0.001*** 0.008**
(0.0001) (0.0002) (0.0002) (0.0001) (0.0002)
Hispanic Percentage  0.009%*** 0.006%*** 0.014%*** 0.009%** 0.014%***
(0.0002) (0.0004) (0.0004) (0.0002) (0.0004)
Asian Percentage 0.015%%** -0.012%%** -0.008%** 0.014%** -0.008***
(0.0003) (0.001) (0.001) (0.0004) (0.001)
Property Style:
Single Detached
Base
Semi Detached 0.146%** 0.073%** 10.477%%* 0.101%** 9.581***
(0.009) (0.010) (0.264) (0.009) (0.246)
Row 0.767%** (0.583 % 16.121%** 0.776%** 15.182%%x*
(0.008) (0.014) (0.258) (0.009) (0.237)
Apartment - -.0366%** -4.920%** -0.656%** -.0270%**
0.356%**
(0.034) (0.034) (0.520) (0.035) (0.034)
Condo 0.317%** 0.331%** 1.888 0.321%** -2.801%*
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(0.044) (0.044) (1.306) (0.044) (1.302)
Mixed - -1.818*** -4.378** -1.208*** -1.545%**
1.679%%**
(0.060) (0.060) (1.956) (0.072) (0.061)
Property Type:
Single Family Base
Multifamily 2.487*** 2.473%** 2.485%** 2.745%#* 2.484%#*
(0.008) (0.008) (0.008) (0.025) (0.008)
Mixed Use 0.326%** 0.302%** 0.304%** 1. 114%%* 0.304%**
(0.013) (0.013) (0.024) (0.052) (0.013)
Apartments 1.705%%** 1.664%** 1.774%%** 1.980%** 1.840%**
(0.044) (0.044) (0.044) (0.045) (0.0440
Interaction Terms
Black: Row -.005%** -0.011*** --0.011%**
(0.0002) (0.0002) (0.0002)
Hispanic: Row 0.022%** -0.009%*x* -0.008***
(0.0004) (0.0005) (0.0005)
Asian: Row 0.037%** 0.03*** 0.031%%**
(0.001) (0.001) (0.001)
Neg Median Income 94 5%%* 863 ***
(In): Semi
(0.024) (0.022)
Neg Median Income 1.386%*** 1.3071%**
(In): Row
(0.045) (0.021)
Neg Median Income 0.475%**
(In): Apartment
(0.048)
Neg Median Income -.0175 -0.258%*
(In): Condo
(0.116) (0.116)
Neg Median -0.270
Income(In): Mixed
(0.024)
Black: Multi -.002%**
(0.0002)
Hispanic: Multi 0.021***

Thesis title

28



(0.001)

Asian: Multi -0.004%**

(0.001)
Black: Mixed Use -0.016%***

(0.0004)
Hispanic:Mixed Use -0.028***

(0.001)
Asian: Mixed Use 0.004**

(0.002)
Constant - -0.923%*** -13.597%** -1.413%%x* -1.420%**

1.510%%**
(0.075) (0.075) (0.244) (0.075) (0.222)
Observations 3,593,313 3,593,313 3,593,313 3,593,313 3,593,313
Adjusted R2 0.037 0.039 0.040 0.039 0.040
Resid Std. Errror 3.938 3.935 3.933 3.935 3.930
Random Effects No No No No Yes
Note: Standard errors in parentheses. *p<0.10, **p<0.05, ***p<0.01

4.2.1.1 Independent Variables

Taking Model 1 in Table 4 as a base of comparison, a row home is overassessed by 115%
more than a single detached home on average, a condo by 37.3%, and a semi-detached home
by 15.7%. These coefficients are intuitively positive. Apartments are overassessed by 30%
less than single detached homes on average, which is unintuitive given Cornia & Slade’s
(2005) result that overassessment is associated with a higher number of units. Also
unexpected is the negative association of 81.2% for homes in mixed-use buildings. It is
expected that these buildings’ heterogeneous omitted characteristics would associate with
higher overassessment as found in Amornsiripanitch (2024). Every style and type coefficient
is significant at the 1% level in Model 1. For property type, when a property is located in a
multifamily zone rather than a single family zone the associated increase in overassessment is
implausibly high at 1103%, and also for apartment zoned properties at 450%. Compared to
single family, properties in mixed-use zones have have 38.6% greater average
overassessment. While all expectedly positive, these relationships are greater in magnitude
than found in Smith (2008). They also do not increase with density as moderate density
multifamily’s estimate is greater than the higher density districts of apartment and mixed-use.

Median income, tract percentage of Black population, and tract percentage of Hispanic
population all meet directional expectations. For two identical properties with all else equal,
the property in a tract with a median income of 1% lower is, on average, overassessed by
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46% more. Across all models, racial and ethnic minorities have smaller magnitudes than
expected from Avenancio-Leon & Howard (2022)’s results of 13% higher average
overassessment for neighbourhood Black population and 10% for Hispanic population (pp. 2,
29). Here, a one percentage point increase in a property’s tract Black population is associated
with an overassessment increase of only .02%, and by .9% for tract Hispanic population.
Interestingly, the relationship with the Asian race category in the Model 1 is positive, with a
one percentage point increase in a property’s tract Asian population is associated with an
overassessment increase of 1.5%. The White category is omitted due to high negative
correlation and multicollinearity with the Black and Hispanic categories.

4.2.1.2 Interaction Terms

Relationships between race, ethnicity and style on overassessment are the most compelling
interactions from theoretical expectations. While I do not test hypotheses on demographic
sorting, high Pearson’s correlation coefficients between variables indicate a degree of sorting
that may increase the risk of overassessment when these variables are co-present. Tract White
and Asian population shares are found to be 26% positively correlated with each other,
suggesting a level of sorting into the same tracts. For reference, tract White population share
is negatively correlated with Black population share by 82%, and negatively by 21% for
Hispanic population share. As expected, White share has the highest positive and negative
correlations with property styles, being 21% correlated with single detached homes and 26%
negatively with row homes. Asian share bears a similar correlation with single detached and
row homes as White groups. On the other hand, Black share has the inverse correlation, being
18% positively correlated with row homes and 16% negatively correlated with single
detached. Hispanic share bears a similar positive correlation with row homes. Median income
has a similar positive correlation with single detached homes as White population at 20% and
a similar negative correlation with row homes at 19%. These correlations may suggest Black,
Hispanic, and lower-income populations sort into row homes and White, Asian, and higher-
income populations into single detached homes.

First, Model 2’s interaction terms are all significant at the 1% level. A a row property in a
tract with a Black population of 51% is on average overassessed by .5% less than a single
detached property in a tract with a Black population of 50%. This is surprising given that
both base terms have consistent positive association. The coefficient for Black population
exhibits downward bias and thus increases when moving from Model 1 to Model 2. A row
property in a tract with an Asian population of 51% is on average overassessed by 3.7% more
than a single detached property in a tract with an Asian population of 50%. This result is
interesting given that Asian population share is negatively correlated with Row properties.
Upward bias in Model 1’s Asian share term shows that once interacted with Row in Model 2,
a 1% point increase in tract Asian population relates to a 1.2% decrease in overassessment
compared to an increase in Model 1. Asian population alone does not correspond to an
overassessment increase unless the property is a row home.

Model 3 examines any additional change in overassessment for those that sort into styles by
tract median income level. For a row property, a decrease in tract median income of 1%
corresponds to a 1.38% higher overassessment compared to a 1% median income decrease
for a single detached property. These estimates are .96% for semi-detached and .47% for
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apartments, all significant at 1%. By accounting for these interactions, estimates for non-
interacted semi-detached and row homes increase drastically, but decrease for apartments.
The differing relationship of these styles to overassessment based on the tract income level
cannot be explained by income-based sorting into lower valued properties within or between
styles because market values are already held constant in the calculation of the A/S
difference. Model 3 sees the highest adjusted R2, but still only 4% of the variation in
overassessment is described by the covariates’ variation.

Finally, interactions are considered here to determine if overassessment varies across certain
combinations of racial and ethnic population shares and zoning designation. There is minimal
correlation between minority groups and zoning designation so high levels of sorting by this
neighbourhood feature is not expected despite Avenancio-Leon & Howard’s (2022) findings
on such. Significant at the 1% level, a property in a multifamily zoned district with a Black
population of 51% is on average overassessed by .2% less than a property in a single family
zoned district with a Black population of 50%. Similar to Black population and row homes in
Model 2, Black population and multifamily districts are more intuitively described by the
non-interacted terms in Model 3. For properties in multifamily rather than single family
districts, a 1% point increase in tract Hispanic population corresponds to a 2.1% higher
increase in overassessment. For properties located in both higher percentage Hispanic tracts
in multifamily districts, there is an additional overassessment risk not encapsulated by the
positive coefficients for Hispanic and multifamily alone.

4.2.2 Delinquency

4.2.2.1 Independent Variables

In Table 5, Model 1, a 1% decrease in a property’s tract median income level intuitively
increases the odds of delinquency by .73%. Results for racial and ethnic minorities resemble
their directional relationships to overassessment, and are similarly lower than expected. A 1%
point increase in a property’s tract Black population corresponds to an increase in
delinquency odds by 1.4% on average, and by .8% for a 1% point increase in Hispanic
population, both significant at the 1% level. For comparison, by imputing homeowner race
and ethnicity Fu (2022) reports these odds to be 2.65% for Black homeowners but with mixed
significance across years (pp. 25, 26). Odds of delinquency decrease by 2.8% for a marginal
increase in Asian population. Model 1 also estimates a 1% increase in overassessment
decreases the odds of delinquency by .002% in the following year.
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Table 5: Logit Regression Estimates on Delinquency

Dependent Variable: Delinquent

(1) 2) 3) 4)
Overassessment -0.002%** 0.037** 0.004 0.0153
(In): Lag 1
(0.0005) (0.0123) (0.0004) (0.0120)
Demographics
Neg Median Income 0.725%** 0.747*** 0.878*** 0.434%**
(In)
(0.0060) (0.0093) (0.0095) (0.0223)
Black Percentage 0.014%** 0.014%*** 0.0121%** 0.071%**
(0.0001) (0.0001) (0.0001) (0.0025)
Hispanic Percentage 0.008%** 0.008%*** 0.006%*** 0.140%%**
(0.0001) (0.0001) (0.0001) (0.0034)
Asian Percentage -0.028%** -0.028%** -0.029%** -0.176%**
(0.0004) (0.0000) (0.0004) (0.0119)
Zone Fixed
Effects: Zone A
Base
Zone B -0.509* -0.510* -0.516* -0.594
(0.2171) (0.2171) (0.2171) (0.2167)
Zone C 0.360** 0.359%** 0.362%* 0.308%*
(0.1359) (0.1359) (0.1362) (0.1355)
Zone D 0.738*** 0.738*** 0.764*** 0.811%**
(0.1111) (0.1111) (0.1111) (0.1113)
Zone E 0.051%* 0.051%* 0.055%* 0.125%**
(0.0247) (0.0247) (0.0248) (0.0248)
Zone F 0.200%*** 0.200%** 0.1919%%*x* 0.208***
(0.0122) (0.0122) (0.0122) (0.0122)
Year Fixed Effects:
2015 Base
2016 0.040%** 0.034%**
(0.0007) (0.0008)
2017 0.038%** 0.024**
(0.0012) (0.0083)
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2018 0.107%** 0.099%**
(0.0023) (0.0084)
2019 0.155%** 0.151%**
(0.0020) (0.0083)
2020 0.246%** 0.24 1 %**
(0.0046) (0.0083)
2021 0.297%** 0.294%*
(0.0047) (0.0085)
2022 0.389%** 0.391%**
(0.0072) (0.0086)
Interaction Terms
Neg Median Income 0.004** 0.001 0.002%**
(In): Over (In) Lag 1
(0.0011) (0.0032) (0.0011)
Neg Median 0.005%%**
Income(In): Black
(0.0003)
Neg Median 0.013%%**
Income(In):
Hispanic
(0.0004)
Neg Median -0.014%**
Income(In): Asian
(0.0011)
Observations 3,593,313 3,593,313 3,593,313 3,593,313
Log Likelihood -919,664,700 -919,664,700 -919,664,700  -919,664,700
Bayesian Inf. Crit. 1,836,069.200 1,839,500.500  1,836,069.200 1,833,659.300
Adj. Pseudo R2 0.073 0.073 0.075 0.0764

Note:
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4.2.2.2 Interaction Terms

Once considered together with median income in Model 2, delinquency odds for
overassessment become positive at .037% (significant at the 5% level), smaller than Fu’s
(2022) odds from general assessment increases. As tract median income decreases and the
previous year’s overassessment increases by 1%, delinquency odds increase by an additional
.004% in addition to the increased odds from both negative income and overassessment alone.
However, by specifying year fixed effects, Model 3’s overassessment estimate and interaction
with median income are not significant at any level. Model 4 sees the highest adjusted pseudo
R2 by including interactions between income, race, and ethnicity, all significant at 1%. Median
income’s odds decrease to .43% when considering the interaction between tract median income
and minority population in Model 4. The odds of delinquency given a 1% point increase in
Asian population are still negative even when there is a 1% decrease in median income, but
such a decrease given marginal increases in Black and Hispanic population compound
delinquency odds.

4.2.2.3 Time and Zone Fixed Effects

Figure 2 displays incremental annual fluctuations in quantity of delinquent properties,
showing the difference of new delinquents in year ¢ and delinquents from previous years
made current in year ¢. Unobservable heterogeneity across entities is also tested for property,
tract, zip-code, and zone. Tract and zip-code intercepts are provided in Annexes 3 and 4,
while property fixed effects were non-estimatable. Figure 2 supports this by showing that
delinquencies vary by zone but between-zone variation is largely time constant. Zones A and
F are outside the IAAO assessment accuracy standard and represent a disproportionate share
of total delinquents; Zone F at 96.5%.
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Figure 2: Total Quantity of Delinquent Properties by Year and Zone
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Slight downward bias in median income is corrected for upon specification of year fixed effects
in Model 3 which shows positive and increasing year fixed effects odds ratios, significant at
the 1% level. Decreases in the citywide poverty rate from 2015 to 2022 do not relate to lower
delinquency odds with unmeasured year effects instead displaying a steady increase in odds
across this period. Fixed effects for Zones D and F are significant at 1%, with the probability
of delinquency increasing by 109% if a property is located in D rather than A.

4.2.3 Foreclosure

4.2.3.1 Independent Variables and Interactions

Models 1 and 2 in Table 6 show marginal increases in a property’s tract Hispanic and Black
populations as well as overassessment have positive foreclosure odds ratios, and only
overassessments with a 6 year lag are significant and thus reported. Model 2 reports a 1%
decrease in a property’s tract median income and 1% increase in its overassessed amount
increases the odds of foreclosure by an additional .095%. However, neither minority share
nor overassessment are significant at any level upon year fixed effects specification in
Models 3 and 4, counter to findings on foreclosure odds and overassessment using year fixed
effects in Atuahene & Berry (2019). Median income’s odds ratios are also unexpectedly no
longer significant at the acceptable 5% level.
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Table 6: Logit Regression Estimates on Foreclosure

Dependent Variable: Foreclosed

(1) 2 (3) @)
Overassessment 0.182%** 1.185%** -0.098 -0.094
(In): Lag 6
(0.008) (0.190) (0.190) (0.190)
Demographics
Neg Median Income -0.330%*** 0.288%* 0.266* 0.268*
(In)
(0.094) (0.150) (0.149) (0.002)
Black Percentage 0.007%#** 0.008*** 0.001 0.002
(0.002) (0.002) (0.002) (0.002)
Hispanic Percentage 0.009%*** 0.0171%** 0.001 0.001
(0.002) (0.002) (0.002) (0.002)
Asian Percentage -0.011
(0.007)
Year Fixed Effects:
2015 Base
2016 -0.225 -0.225
(0.403) (0.403)
2017 0.667** 0.667**
(0.329) (0.329)
2018 1.516%** 1.516%**
(0.297) (0.297)
2019 1.587%** 1.587%***
(0.295) (0.295)
2020 0.916%** 0.916%**
(0.318) (0.318)
2021 4.240%** 4.239%%*
(0.272) (0.272)
2022 -13.680 -13.680
(151.620) (151.583)
Zone Fixed

Effects: Zone A
Base
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Zone B -15.707
(5,522.423)
Zone C 1.407
(1.060)
Zone D 0.889
(1.046)
Zone E -0.755
(0.486)
Zone F -0.099
(0.187)
Interaction Terms
Neg Median Income 0.095%*** -0.012 -0.011
(In): Over Lag 6
(0.018) (0.018) (0.018)
Observations 283,722 283,722 283,722 283,722
Log Likelihood -7,391.991 -7,379.150 -6,096.186 -6,093.592
Bayesian Inf. Crit. 14,859.316 14,833.634 12,355.597 12,413.191
Adj. Pseudo R2 0.033 0.035 0.202 0.203

Note:

Standard errors in parentheses. *p<0.10, **p<0.05, ***p<0.01

4.2.3.2 Time and Zone Fixed Effects

Like delinquency, Zones A and F hold a disproportionate share of tax foreclosed housing
stock, at 96.7% and 2.6% shown by Figure 3. Foreclosure varies more drastically than
delinquency across years, with 81% of the foreclosures from the period 2015-2022 occurring
in 2021. Zone fixed effects are not significant at any level.
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Figure 3: Total Quantity of Foreclosed Properties by Year and Zone
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20% of the variation in foreclosure is explained by the covariates by including year fixed
effects in Models 3 and 4 in Table 6, also seeing a lower BIC and greater relative likelihood.
While the probability of delinquency steadily increased across the period, that of foreclosure
fluctuates and peaks at 69.6% in 2021 compared to 2015.

4.3 Discussion

This discussion attends to the research (sub)questions by analysing the results, addressing
limitations, and placing findings in the broader research context. Both research questions are
listed below.

What factors are associated with residential property overassessment, and how is
overassessment related to delinquency and tax foreclosure in Philadelphia?

First, a high level of random assessor errors in valuing individual properties are not evident as
Chun & Linneman (1985) found for Philadelphia’s previous valuation model. Out of all
property-level variables, row homes are on average the most overassessed relative to single
detached homes, followed by condos. Both condos and row homes in Philadelphia share
physical characteristics including multiple adjoining walls and multiple stories. Although
OPA’s model specifies property style, these characteristics that vary within and between
styles are omitted. Semi-detached homes are the most structurally adjacent to single detached
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homes. They both have street-facing entrances and similar building and lot size ratios, but
semi-detached homes contain only one adjoining wall with another unit. These similarities
may explain why they are associated with a lower-level of overassessment compared to single
detached homes than condos and row homes. These findings also suggest that OPA’s model
tends to overassess as the number of contiguous units in the physical structure increases. In
other words, OPA’s style variable may be too general and its physical characteristics variables
too calibrated towards capturing value in single detached homes. Incremental structural
deviations from this style relate to incremental increases in average overassessment. This
complements Cornia & Slade’s (2005) conclusion that overassessment tends to increase
alongside a property’s number of units when such is omitted from the valuation model (p.
37). Apartments and mixed-use properties are found to have a lower average overassessment
than single detached homes. These style categories take on a greater variety of omitted
characteristics than semi-detached, condo, and row homes. OPA’s apartments category
contains highly varied characteristics, many of which OPA omits, so this result agrees with
Payton (2014), who finds structural heterogeneity on both a property and neighbourhood-
level increases overassessment (p 14).

Lower median income is the neighbourhood demographic characteristic that increases
overassessment risk the most. Further, apartments in higher-income tracts experience lower
average overassessment than single family homes, but apartments in lower-income tracts
experience higher average overassessment. Additionally, results for properties in mixed-use
and apartment zoned districts conflict with those for properties that are mixed-use and
apartments themselves. Table 3 shows the share of total residential properties that are
apartments and mixed-use buildings to be below 1%. Similarly low is the share located in
mixed-use and apartment-only zoned districts. However, Table 12 in Annex 5 shows
overassessment’s conditional variances are extremely high for all styles and types, thus ruling
out higher variability as an explanation for these counter-intuitive findings for these specific
categories with a smaller share.

Average overassessment also intensifies when property styles are considered alongside
income level, putting those who sort into semi-detached, condo, and row homes in lower-
income tracts at an additional risk of overassessment. This additional overassessment risk is
higher for row homes in lower-income tracts but not for higher minority population, as
expected given Adelman (2004) and Logan’s (2013) evidence of neighbourhood segregation
by race and ethnicity. This is possibly explained by a recent trend noted by Kramer & Kramer
(2018) that “income and wealth based segregation is growing even as racial segregation is
slowly subsiding” (p. 17), though spatial sorting patterns across property styles,
neighbourhood, and demographics must first be solidified.

Overassessment cannot be attributed to OPA’s omissions of certain style-specific
characteristics alone. Avenancio-Leon & Howard (2022) conclude that demographic sorting
into neighbourhoods with characteristics omitted from valuation models is the reason for high
overassessments and thus do not distinguish between model-based error for property
characteristics and assessor bias for demographic factors (p. 8). However, I attempt to isolate
model-based error from assessor bias rather than attribute demographic overassessment to
sorting. Here, average overassessment increases with tract Hispanic and Black population.
Further, certain styles have different overassessment risk when their tract Black, Hispanic,
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and Asian shares increase. These differentials may be linked to assessors’ individual biases
that percolate through the system. However, considering the high risk of endogeneity in my
models there may be additional highly localised characteristics that better link these
differentials to OPA’s omissions. These may include distance from the central business
district Berry & Bednarz (1975) or traftic congestion (Chun & Linneman, 1985, p. 9).

What is the likelihood that overassessed properties become delinquent and reach foreclosure?

From 2015-2022, 9.8% of overassessed delinquent properties reached tax foreclosure.
Overassessment is only significant when high relative to income level, and this shock only
increases the odds of delinquency by .004%. This is likely underestimated given that zones
with the greatest overassessments (G and H) are missing from OPA’s data. Lower-income
tracts see both higher average overassessment and higher delinquency odds. This supports the
literature on delinquency as a metric of financial distress including Carroll & Goodman
(2017) and Wong (2023). Application of Alm et. al’s (2016) “delinquency discount” can
establish how this overassessment and delinquency risk may lead to depressed sales values
and delinquency spillovers for lower-income neighbourhoods. While there is some
delinquency risk from higher overassessment alongside lower income, overassessment does
not act as an additional financial shock over general assessment increases as found in Fu
(2022).

Delinquency risk varies largely by zone and year. Case profiles Zones D and F are necessary
to explain why zone location significantly increases a property’s delinquency risk more than
overassessment. The loss of significance in delinquency odds given overassessment upon
consideration of year suggests underlying temporal factors put forth by Bahl et. al (2010)
such as economic or real estate market conditions increase delinquency odds moreso than
overassessment.

Overassessment is seen to increase tax foreclosure odds between 18.2% and 118.5%, but only
six years after the initial overassessment, and this relationship does not hold once the year of
foreclosure is considered. Foreclosure estimates for race, ethnicity, and income are also

not significant when considering year, with 81% of foreclosures from 2015-2022 occuring in
2021. Further study into the temporary enforcement easing for owner-occupied properties
during the 2020 Covid-19 pandemic is needed to explain this spike, and why it exceeds pre-
Covid foreclosure levels. Delinquency and foreclosure odds also exhibit different behavior
across the period, with delinquency steadily increasing and foreclosure fluctuating.
Household-level determinants of foreclosure remain unclear.

4.3.2 Implications

Research and practical implications derived from empirical findings touch on the following
three areas:

1. Social exigency for overassessment reduction

2. Fiscal exigency for assessment reform
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3. Viable assessment model alternatives

4.3.2.1 Social exigency

The relationship with race and ethnicity should be examined with greater accuracy and
precision in future studies, that is, more effectively imputed on the property level. The focus
here is on the impacts of neighbourhood level race and ethnicity. However, for delinquency
risk, solidifying overassessment as an additional shock may require household rather than
tract-level income data. Household-level race and ethnicity may also have a different
relationship to delinquency than race and ethnicity as a neighbourhood feature as tested here,
but such entails more sophisticated imputation techniques than currently available.

Further research into the neighbourhood-level may pursue other measurements for minority
profiles. For example, this study compares changes in average overassessment when each
minority group’s share incrementally increases within a tract, but another method is
measuring the majority-minority threshold. Additionally, the Census’s Prevalence Ranking
shows different rankings of racial and ethnic groups. For instance, effects when a tract’s
largest group is Black, second Asian, and third White versus when a tract’s largest group is
Black, second White, and third Asian. Prevalence rankings offer additional nuance into tract
racial and ethnic profiles, which may further understanding on sorting behaviour and assessor
bias.

This study is narrowed to tax foreclosure, but there are a number of other less severe
outcomes that beg further research. Financial distress can occur as households take action to
avoid delinquency, and delinquency can result in displacement without tax foreclosure.
Households may have to choose between making property tax payments and mortgage
payments (Hwang & Ding, 2020). If mortgages go unpaid, credit scores suffer and if they go
into default then houeseholds reach mortgage foreclosure (Bradley, 2013, p. 30). If tax bills
are paid late or in instalments, households accrue fines or monthly interest on tax debt
(Bradley, 2013, p. 3). Bradley (2013) and Hwang & Ding (2020) argue that mortgage default
and foreclosure may occur if households neglect mortgage payments for tax bill payments,
and posit that credit scores are a promising measure of vulnerability for residential
displacement. The relative risks of tax foreclosure and mortgage foreclosure require further
study, given that the former is more lenient and takes years while the latter takes months.
These relative risks are interesting in the Philadelphia case given its low mortgage rate.
Additionally, understudied are the prolonged pressures of repeated overassessment that can
result in displacement without delinquency and foreclosure. Thus far only pressures from
general assessment increases are investigated, with “evidence that property tax pressure can
trigger involuntary moves by homeowners” (Martin, 2016, p.1), and “tax motivated moves”
from repeated increases (Fraenkel, 2021, p. 22). Distress and displacement can occur as
households take action to avoid tax foreclosure. Empirical consensus on these avenues may
aid in describing the behavioural responses to overassessment in Philadelphia and
nationwide.

Overassessment is found here to have a positive, albeit small, association with rental
properties of moderate and high density, being multifamily, mixed use, and apartments in
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lower-income tracts. A further breakdown of valuation model treatment of apartment sub-
styles and their neighbourhood profiles is thus warranted. Broader research on
overassessment’s impacts on renters is similarly ambiguous, but should build on Fu (2022)
and Fraenkel (2021) who connect assessment increases to tax capitalisation. Rental
capitalisation is a common practice whereby landlords pass on property tax costs to renters.
The impact of such on renters is more difficult to identify than delinquency, but doing so is
important because rental properties do not qualify for tax exemptions in Philadelphia so there
is no offsetting of overassessment. Tracing rental increases and evictions from capitalised
overassessments should be conducted despite these challenges.

As an incision into assessment modelling, this study abstracts away from property tax policy.
While targeted exemptions are found not to reduce tax foreclosures for low-income
households in Detroit (Eisenberg et. al, 2020), such have not been examined in detail in
Philadelphia. A natural progression is policy analysis into if and how measures such as
credits, deductions, deferrals, and instalment plans can offset overassessment and prevent
delinquency. In Philadelphia these are the Longtime Owner Occupants Program, the
Homestead Exemption, and the Senior Tax Freeze.

4.3.2.2 Fiscal exigency

Findings confirming overassessment in Philadelphia of up to 135% pose a risk of litigation.
Precedent cases for court-ordered system overhauls include Lerner v. Davenport (2011),
Fradenburg v. City of Lakewood (2015), and Zelinsky v. Board of Review of the Village of
Westmont (2018). Mandated system overhauls have included Al-based pathways and
digitalisation (Maricopa County Assessor’s Office, 2020), in one case resulting from
“Residential properties in Hispanic and Black census tracts (being) twice as likely as those in
White tracts to be overassessed by 20 percent or more” (Grotto & Dardick, 2017). The risk of
tax refunds to overassessed properties also continually mount given class action lawsuit
outcomes. Revenue losses from these refunds have, in a case in Jackson County, reached the
magnitude of 10% of the municipal budget (Chan, 2024; Merchant, 2024). Reducing
litigation risk is possible with proactive effort from OPA towards demographic
overassessment reduction, here most evident in higher Black and Hispanic share tracts.

While the literature demonstrates how systematic overassessment results in disparate revenue
distribution, delinquency and foreclosure better explain Philadelphia’s falling property tax
revenues overall. High delinquency and subsequent foreclosure are sources of revenue
shortfalls (Alm et.al, 2016). This is partially attributed to spatial spillovers documented by
Carroll & Goodman (2017), which render properties as non-revenue generating as described
by Chirico et.al (2016). This phenomenon is evident in the aforementioned case studies in
Indianapolis, Chicago, Detroit, and Milwaukee, spiralling into a fiscal crisis in the Detroit
case (Martin, 2016; Alm et.al, 2016; Atuahene and Berry, 2019; Carroll & Goodman,

2017). Properties in Zones D and F are more likely to be delinquent, so the presence of
within-zone spillover effects and revenue shortfalls is a point of further attention for
Philadelphia. Additionally, Fu (2022) establishes that household delinquency snowballs
across time, especially for Black households in Philadelphia (p. 23). Understanding the
revealed steady annual rise in delinquencies necessitates identification of the specific
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underlying temporal economic conditions and additional household-level drivers of
delinquency risk.

Year fixed effects exhibit persistent increases in delinquency probability but fluctuations in
foreclosure probability. How annual interest rates and real estate market conditions impact
delinquency and foreclosure differently may eludicate this behaviour. In addition, foreclosure
spillovers both decrease revenue and pose substantial costs, often resulting in a net negative
revenue effect as shown in Atuahene & Berry (2019) and Alm & Leguizaman (2018).
Governments receive proceeds from tax foreclosure sales, but sell at a discount from market
value or fail to sell (Carroll & Goodman, 2017 p. 10), making proceeds often insufficient to
cover the costs of the auction process. Annual fluctuations in foreclosure may pose a risk of
highly volatile administrative costs coupled with depressed and stable revenue to fund such
administration. A deeper look into tax foreclosure prevention for fiscal solvency could
address this potential revenue and cost stability mismatch.

4.3.2.3 Assessment Model Alternatives

Random property-level errors such as misclassifying individual properties, inputting incorrect
data, or misapplying the valuation model are not seen. Semi-automated processes such as
selection of comparables and model specification mentioned in Table 1 are thus more likely
sources of overassessment. Philadelphia's new iasWorld system is interoperable with low-cost
add-on software (IAAO, 2022, p. 4), which other cities have used to adopt AVMs. This
software includes big data databases needed for Al-based ANNs, which remove the risk of
human bias present in the zone-level comparables selection and MLR specifications.

ANNSs have seen adoption in property valuation by private appraisers prioritising accuracy
(Kilpatrick, 2011) alongside academic studies that successfully test ANNs on citywide data
by simulating municipal mass appraisals. ANNs vetted by both private appraisal and
academia are considered in Table 7. Accuracy performance is included given this study’s
evidence of high levels of overassessment and a need for improved accuracy overall.

The transition to an additional add-on software is however a leap given the lack of cost
recovery, vendor lock-in from iasWorld, and high staff training requirements. Without this
add-on, 1asWorld’s GIS database integration does allow for geographically-weighted
regression (GWR). This model may temper the high rate of overassessment for row, semi-
detached, and condo homes by better accounting for spatial and neighbourhood value effects.
Such an approach has been recommended to OPA by independent auditors but have not yet
been pursued (Gloudemans, 2019). While GWR is more transparent (McCluskey et. al 2012,
p. 16) and readily compatible with iasWorld than other alternatives, it does not offer as large
of an accuracy improvement.
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Table 7:Summary of Automated Valuation Models

AVM Description Accuracy ‘
Artificial Neural ANNSs extract patterns between input | ANNs perform best in predictive
Networks (ANN) and output data by mimicking accuracy (McCluskey & Adair, 1997,
heuristics of the human brain. p. 71; McCluskey et. al, 2013, p.
318). They are preferred for handling
highly differentiated properties
(Pagoutzi et.al, 2003, p. 13).
Kohonen Self- A type of unsupervised ANN, these The highest performing ANN with
Organising Maps models extract patterns by segment municipal adoption (Lewis et. al 1997;
properties into clusters based on McCluskey et, al, 2018). Its clustering
similarity. technique is well suited for drawing
zones of comparable properties.
Geographically Property characteristics are locally Performs best in reducing
Weighted Regression weighted to capture variation by neighbourhood-level inaccuracy as

spatial sub-markets.

evident in municipal adoption
(Bidanset et.al, 2019).
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5. Conclusion

Throughout the United States, residential overtaxation is frequently traced to overassessment
of property value through cities’ multiple linear regression valuation models. Philadelphia is
chosen as a case here as assessment practice lies at an intersection of issues faced by the city
including property tax revenue shortfalls (Dowdall & Warner, 2012), increasing tax reliance
on residential properties (Hincken, 2022), and a high tax delinquency rate (Eichel &
Ginsberg, 2019). The city’s assessment model has been scrutsinised by local advocacy groups
and assessment industry organisations as exacerbating uneven tax burden distribution by
systematically overassessing residents (Philadelphia Forward, 2003). The Office of Property
Assessment’s Computer Assisted Mass Appraisal model adjusts sales values for individual
properties’ structural characteristics to estimate market value. These adjustments best
describe features of single detached homes despite the city’s large stock of row and semi-
detached homes with heterogeneous characteristics.

Research throughout the U.S. has examined how models produce overassements across
structural and locational characteristics, and how these can carry through to certain
demographic groups. Recently, criticisms of standard assessment models have argued
overassessment as a case of algorithmic discrimination. Another branch of the property tax
literature is concerned with delinquency and tax foreclosure as they related to general
assessment increases, but do not link these metrics of financial distress to model-based
discrimination in the form of overassessment. This study begins by asking what factors are
associated with residential property overassessment in Philadelphia, then how overassessment
is related to delinquency and tax foreclosure.

Four main hypotheses are put forth to fulfill these objectives, being that overassessment has a
positive association with racial and ethnic minority share, a negative association with income
level, a positive associations with both the probability of delinquency and

tax foreclosure. The empirical strategy proceeds by running a series of panel data regression
models on the OPA’s property-level data matched with U.S. Census Bureau tract-level
demographic data. First, random effects regression serves to control for random assessment
error and isolate structural, locational, and demographic relationships to overassessment.
Secondly, fixed effects regression is used to control for effects within years and sub-
jurisdictional zones in aiming to estimate precise probabilities for deliquency and tax
foreclosure at different levels of overassessment.

Overassessment is found to relate to a property’s structural similarity to single family homes
and on its tracts’ median income level. In descending order, row homes, condos, and semi-
detached homes are consistently highly associated with overassessment relative to single
detached homes. Properties’ also see higher average overassessment with a higher tract
Hispanic population. Average overassessment is magnified for properties with both higher
tract Hispanic population and multifamily (moderate density) than single family (low density)
zoning designation. A limitation is that OPA’s non-random overassessment is not fully
explained by the property, locational, or demographic characteristics considered.

This is the first analysis of systematic overassessment across all residential property styles in
all zoning designations in Philadelphia. Non-random overassessment is evident, but
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identifying and correcting for systematic factors of overassessment in Philadelphia requires
more advanced modelling both in academic testing and assessment practice. There is an
opportunity to deepen this study’s findings as OPA’s new iasWorld system offers higher
quality property data. For example, improvements are anticipated for characteristics and sales
data for Zones G and H, which are missing in this study’s analysis of data that is otherwise on
the full population of non-vacant residential properties. While significant, zoning designation
only accounts for minimal overassessment variation in this study, so other locational
characteristics may better capture sub-market and neighbourhood value in Philadelphia. GIS
integration in iasWorld allows OPA to provide property-level geospatial data, presenting a
possibility for identifying these locational value characteristics. Explaining related changes in
demographic overassessment through sorting across these identified characteristics would
both help pinpoint OPA’s bias and error sources and contribute to the broader discussion on
model-based and deliberate distortion as it pertains to algorithmic discrimination in
assessments. To note, an additional limitation is this study’s consideration of demographics
only as a neighbourhood feature, so future analysis of non-random variation on property-level
demographics must overcome challenges in household-level imputation techniques.

Pressure for targeted overassessment reduction is likely to intensify, and OPA can either
continue their trajectory in favour of single detached homes or uptake methods better suited
to the city’s socioeconomic and structural diversity (OPA, 2024). While OPA cannot use race,
ethnicity, and income to value properties, they can target overassessment reductions for
neighbourhood features. OPA should leverage geospatial data collection capabilities available
in new GIS database to facilitate identification of such characteristics as well as perform
academic and municipal testing of GWR and other vetted spatial methods. Such can provide
the basis for OPA’s expansion in adjustment variables and adoption of alternative models.
Though there is no silver bullet valuation solution, adopting ANNS in the long term is step
towards a ‘smarter’ property tax system by reducing general overassessment, of which is
evident in this study. Building trust in AVMs amongst a landscape already sceptical of MLR
will require considerable long-term prioritisation from OPA, but the transition to iasWorld
presents a window of opportunity for AVM-compatible software.

This study is also the first to test the relationship between overassessment and delinquency in
Philadelphia, though tract-level demographic variables are found have higher delinquency
probabilities. A property’s delinquency probability is found to increase primarily with
decreases in neighbourhood median income, and secondarily with increases in Black and
Hispanic population. These results for neighbourhood-level demographics present an
opportunity to deepen the discussion on spatial spillovers, for example in enriching Alm et.
al’s (2016) findings on the “delinquency discount” for sales values in neighbourhoods of high
delinquencies and foreclosures. Again, refinement of statistical imputation techniques is
required to narrow findings on household demographics and delinquency.

A persistent rise in delinquencies is evident, so policies for delinquency prevention should
continue to intervene post-assessment to curb this trend. This study’s findings on heightened
delinquency risk for low-income neighbourhoods imply income-based abatement measures
such as exemptions and credits may more effectively reduce delinquency than assessment
model reform. However, delinquency risk has been linked to additional household-level
financial factors such as mortgage escrow status (Bahl et.al, 2010; Bradley, 2013) and
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liquidity constraints (Chirico et.al, 2019; Hayashi 2020) which deserve research and research
and policy consideration alongside income. With 49% of Philadelphia residents believing the
property tax is unfair (Hincken, 2022, p.7), unpopularity is another another possible
household driver. To note, not captured here are the behavioural responses to overassessment
that are taken to avoid delinquency but may similarly manifest in household financial
distress.

Lastly, this study sets a precedent in analysing the relationship between overassessment and
tax foreclosure in Philadelphia, yielding no consistent significant relationship between the
two. The year of sale carries the highest probability of tax foreclosure with large annual
fluctuations, though these are included only as a control variable here. Unpacking these
yearly fixed effects may involve exploring macro-level real estate market and economic
conditions suggested by Bahl et. al (2010) to either increase a property’s assessment relative
to household income or decrease income relative to assessments. In Philadelphia, an analysis
of the temporary Covid-19 easing of tax foreclosure sales is warranted to explain the dramatic
foreclosure spike in 2021. In pursuing fiscal health, Philadelphia should prioritise
delinquency and foreclosure prevention given the uptick in foreclosures and concomitant net
negative revenue impact. However, like delinquency, policy interventions for tax foreclosure
prevention at the household-level remain unclear. Important to capture in ongoing research
are the behavioural responses to overassessment that are taken to avoid tax foreclosure but
may similarly manifest in household displacement.

Thesis title 47



Bibliography

Adelman, R.M. (2004), Neighborhood Opportunities, Race, and Class: The Black Middle Class
and Residential Segregation. City & Community, 3: 43-63. https://doi.org/10.1111/5.1535-
6841.2004.00066.x

Allen, M. & Dare, W. (2002). Identifying Determinants of Horizontal Property Tax Inequity:
Evidence from Florida. Journal of Real Estate Research. 24. 153-164.
10.1080/10835547.2002.12091091.

Alm, J., Hawley, Z., Lee, J. M., & Miller, J. J. (2016). Property tax delinquency and its spillover
effects on nearby properties. Regional Science and Urban Economics, 58, 71.
doi:10.1016/j.regsciurbeco.2016.02.006

Alm, J., & Leguizamon, J. S. (2018). The housing crisis, foreclosures, and local tax revenues.
Regional Science and Urban Economics, 70, 300-311.
doi:10.1016/j.regsciurbeco.2017.09.006

Amornsiripanitch, N. (2024), Why are Residential Property Tax Rates Regressive? Federal
Reserve Bank of Philadelphia. doi.org/10.2139/ss1n.3729072

Atuahene, B. & Berry, C. F (2019). Taxed Out: Illegal Property Tax Assessments and the
Epidemic of Tax Foreclosures in Detroit, 9 U.C. Irvine L. Rev. 847. Available at:
https://scholarship.law.uci.edu/ucilr/vol9/iss4/3

Augustine, N., Bell, M., Brunori, D., Youngman, J. (2009). Erosion of the property tax base.
Lincoln Institute of Land Policy. https://www.lincolninst.edu/publications/books/erosion-
property-tax-base/

Avenancio-Ledn, C. F., Howard, T. (2022). The assessment gap: Racial inequalities in property
taxation. The Quarterly Journal of Economics, Volume 137, Issue 3.
doi.org/10.1093/qje/qjac009

Bahl, R., Martinez-Vazquez, J., & Youngman, J. (2010). Challenging the Conventional Wisdom
on the Property Tax. Lincoln Institute of Land Policy.
https://www.lincolninst.edu/app/uploads/legacy-files/pubfiles/challenging-the-conventional-
wisdom-on-the-property-tax-chp.pdf

Barseghyan, L., & Coate, S. (2016). Property Taxation, Zoning, and Efficiency in a Dynamic
Tiebout Model. American Economic Journal: Economic Policy, 8(3), 1-38.
http://www.jstor.org/stable/24739229

Thesis title 48


https://doi.org/10.1111/j.1535-6841.2004.00066.x
https://doi.org/10.1111/j.1535-6841.2004.00066.x
https://scholarship.law.uci.edu/ucilr/vol9/iss4/3
https://www.lincolninst.edu/publications/books/erosion-property-tax-base/
https://www.lincolninst.edu/publications/books/erosion-property-tax-base/
https://www.lincolninst.edu/app/uploads/legacy-files/pubfiles/challenging-the-conventional-wisdom-on-the-property-tax-chp.pdf
https://www.lincolninst.edu/app/uploads/legacy-files/pubfiles/challenging-the-conventional-wisdom-on-the-property-tax-chp.pdf

Berry, B. & Bednarz, R. (1975). "A Hedonic Model of Prices and Assessments for Single family
Homes: Does the Assessor Follow the Market or the Market Follow the Assessor?," Land
Economics, University of Wisconsin Press, vol. 51(1), pages 21-
40.ttps://ideas.repec.org/a/uwp/landec/v51y197511p21-40.h

Berry, C. R. (2021) Reassessing the Property Tax. University of Chicago - Harris School of
Public Policy. http://dx.doi.org/10.2139/ssrn.3800536

Bidanset, P., Mccord, M., Davis, P., & Sunderman, M. (2019). An exploratory approach for
enhancing vertical and horizontal equity tests for ad valorem property tax valuations using

geographically weighted regression. Journal of Financial Management of Property and
Construction, 24(2), 231. doi:10.1108/jfmpc-04-2019-0033

Bradley, S. (2013). Property tax salience and payment delinquency. LeBouw College of
Business, Drexel University.

Carroll, D. A., & Goodman, C. B. (2016). Assessing the influence of property tax delinquency
and foreclosures on residential property sales. Urban Affairs Review, 53(5), 898.
doi:10.1177/1078087416678339

Chan, C. (2024,). Gilbert districts, town face over $23M in tax refunds. Gilbert Sun News.
Retrieved from https://www.gilbertsunnews.com/news/gilbert-districts-town-face-over-23m-
in-tax-refunds/article_537cac14-2a8b-11ef-9f60-
dtb09dd16dbl.html?&utm_source=%20urban_newsletters&utm medium=news-
DD&utm_term=TPC

Chirico, M., Inman, R. P., Loeffler, C., MacDonald, J., & Sieg, H. (2016). An experimental
evaluation of notification strategies to increase property tax compliance: Free-riding in the
city of brotherly love. Tax Policy and the Economy, 30(1), 129-161. doi:10.1086/685595

Chirico, M., Inman, R., Loeftler, C., MacDonald J., & Sieg, H. (2019). "Deterring Property Tax
Delinquency in Philadelphia: An Experimental Evaluation of Nudge Strategies," National Tax
Journal, vol 72(3), pages 479-506.

Cornia, G., & Slade, B. (2005). Property Taxation of Multifamily Housing: An Empirical
Analysis of Vertical and Horizontal Equity. Journal of Real Estate Research, 27(1), 17-46.
https://doi.org/10.1080/10835547.2005.12091152

Chun, D. and Linneman, P. (1985). An empirical analysis of the determinants of
intrajurisdictional property tax payment inequities, Journal of Urban Economics, 18, (1), 90-
102

Thesis title 49


http://dx.doi.org/10.2139/ssrn.3800536
https://www.gilbertsunnews.com/news/gilbert-districts-town-face-over-23m-in-tax-refunds/article_537cac14-2a8b-11ef-9f60-dfb09dd16db1.html?&utm_source=%20urban_newsletters&utm_medium=news-DD&utm_term=TPC
https://www.gilbertsunnews.com/news/gilbert-districts-town-face-over-23m-in-tax-refunds/article_537cac14-2a8b-11ef-9f60-dfb09dd16db1.html?&utm_source=%20urban_newsletters&utm_medium=news-DD&utm_term=TPC
https://www.gilbertsunnews.com/news/gilbert-districts-town-face-over-23m-in-tax-refunds/article_537cac14-2a8b-11ef-9f60-dfb09dd16db1.html?&utm_source=%20urban_newsletters&utm_medium=news-DD&utm_term=TPC
https://www.gilbertsunnews.com/news/gilbert-districts-town-face-over-23m-in-tax-refunds/article_537cac14-2a8b-11ef-9f60-dfb09dd16db1.html?&utm_source=%20urban_newsletters&utm_medium=news-DD&utm_term=TPC

Croissant, Y., & Millo, G. (2008). Panel Data Econometrics in R: The plm Package. Journal of
Statistical Software, 27(2), 1-43. https://doi.org/10.18637/1s5.v027.102

Dowdall, E., & Warner, S. (2012). The actual value initiative: Overhauling property taxes in
philadelphia. The Pew Charitable Trusts.

Eichel & Ginsberg (2019). Philadelphia makes progress on collecting delinquent property taxes.
The Pew Charitable Trusts. https://www.pewtrusts.org/en/research-and-
analysis/articles/2019/02/04/philadelphia-makes-progress-on-collecting-delinquent-property-
taxes

Eisenberg, A., Mehdipanah, R., & Dewar, M. (2019). ‘It’s like they make it difficult for you on
purpose’: barriers to property tax relief and foreclosure prevention in Detroit, Michigan.
Housing Studies, 35(8), 1415—-1441. https://doi.org/10.1080/02673037.2019.1667961

Federal Finance Housing Agency. (2024). FHFA house price index up 0.2 percent in april; up 6.3
percent from last year.. Retrieved from https://www.thfa.gov/data/hpi?shortcut=hpi

Fraenkel, R. (2021). “ Property Tax-Induced Mobility and Redistribution: Evidence from Mass
Reappraisals.” Public Budgeting & Finance 1-37. https://doi.org/10.1111/pbaf.12369

Fu, E. (2022), The Financial Burdens of Property Taxes: Evidence from Philadelphia. Penn
Institute for Urban Research. http://dx.doi.org/10.2139/ssrn.4134172

Gillen, K. C. (2013). Estimating the economic value and neighborhood impact of tax--
delinquent properties in Philadelphia. Fels Institute of Government University of
Pennsylvania.

Gloudemans, R. J. (2019). Recommendations for improvements to real property assessments.
https://www.phila.gov/media/20190107170959/Recommendations-for-Improvements-7-Jan-

2019.pdf

Grotto, J., & Dardick, H. (2017, Dec. 14,). Lawsuit targets berrios over unfair, error-riddled
assessments. ProPublica Retrieved from https://www.propublica.org/article/lawsuit-targets-
cook-county-assessor-joseph-berrios

Guzman, G., & Kollar, M. (2023). Income in the United States: 2022. U.S. Department of
Commerce.

Thesis title 50


https://doi.org/10.18637/jss.v027.i02
https://www.pewtrusts.org/en/research-and-analysis/articles/2019/02/04/philadelphia-makes-progress-on-collecting-delinquent-property-taxes
https://www.pewtrusts.org/en/research-and-analysis/articles/2019/02/04/philadelphia-makes-progress-on-collecting-delinquent-property-taxes
https://www.pewtrusts.org/en/research-and-analysis/articles/2019/02/04/philadelphia-makes-progress-on-collecting-delinquent-property-taxes
https://doi.org/10.1080/02673037.2019.1667961
https://www.fhfa.gov/data/hpi?shortcut=hpi
https://doi.org/10.1111/pbaf.12369
http://dx.doi.org/10.2139/ssrn.4134172
https://www.phila.gov/media/20190107170959/Recommendations-for-Improvements-7-Jan-2019.pdf
https://www.phila.gov/media/20190107170959/Recommendations-for-Improvements-7-Jan-2019.pdf
https://www.propublica.org/article/lawsuit-targets-cook-county-assessor-joseph-berrios
https://www.propublica.org/article/lawsuit-targets-cook-county-assessor-joseph-berrios

Hayashi, A. T., (2020). Countercyclical Property Taxes. Virginia Law and Economics. Research
Paper No. 2020-04, Virginia Public Law and Legal Theory Research Paper No. 2020-28,
Available at SSRN: https://ssrn.com/abstract=3553859

Hincken, G. (2022). (2022). How property is taxed in Philadelphia. The Pew Charitable
Trusts. https://www.pewtrusts.org/en/research-and-analysis/reports/2022/09/how-property-is-
taxed-in-philadelphia

Hou, Y., Ding, L., Schwegman, D. J., & Barca, A. G. (2023). Assessment frequency and equity
of the property tax: Latest evidence from philadelphia. Journal of Policy Analysis and
Management, doi:10.1002/pam.22555

Huang, B., Wu, B., & Barry, M. (2010). Geographically and temporally weighted regression for
modeling spatio-temporal variation in house prices. International Journal of Geographical
Information Science, 24(3), 383—401. https://doi.org/10.1080/13658810802672469

Hwang, J., & Ding, L. (2020). Unequal Displacement: Gentrification, Racial Stratification, and
Residential Destinations in Philadelphial. American Journal of Sociology, 126, 354 - 406.

International Association of Assessing Officers. (2017). Standard on mass appraisal of real
property. International Association of Assessing Officers.
https://www.iaao.org/media/standards/StandardOnMassAppraisal.pdf

International Association of Assessing Officers. (2022). Pratices and Procedures Review of the
Philadelphia, Pennsylvania Office of Property Assessment. Professional Consulting Services
of International Association of Assessing Officers, LLC.
https://www.phila.gov/media/20220513154056/Philadelphia-Practices-and-Procedures-
[IAAO-Report.pdf

Ihlanfeldt, K. R. (2013). The Property Tax is a Bad Tax, but It Need Not Be. Cityscape: A
Journal of Policy Development and Research. Volume 15, Number 1.

Kahrl, A. (2013) The Power to Destroy: Discriminatory Property Assessments and the Struggle
for Tax Justice. Columbia Law.https://scholarship.law.columbia.edu/law_culture/16

Kilpatrick, J. (2011). Expert systems and mass appraisal. Journal of Property Investment &
Finance. 29. 529-550. 10.1108/14635781111150385.

Kleinberg, J., Ludwig, J., Mullainathan, S., Sunstein, C. (2018). Discrimination in the Age of
Algorithms, Journal of Legal Analysis, Volume 10, Pages 113—174,
https://doi.org/10.1093/jla/1az001

Thesis title 51


https://ssrn.com/abstract=3553859
https://www.pewtrusts.org/en/research-and-analysis/reports/2022/09/how-property-is-taxed-in-philadelphia
https://www.pewtrusts.org/en/research-and-analysis/reports/2022/09/how-property-is-taxed-in-philadelphia
https://doi.org/10.1080/13658810802672469
https://www.iaao.org/media/standards/StandardOnMassAppraisal.pdf
https://www.phila.gov/media/20220513154056/Philadelphia-Practices-and-Procedures-IAAO-Report.pdf
https://www.phila.gov/media/20220513154056/Philadelphia-Practices-and-Procedures-IAAO-Report.pdf
https://scholarship.law.columbia.edu/law_culture/16
https://doi.org/10.1093/jla/laz001

Kramer, R., & Kramer, P. (2018). Diversifying but not integrating: Entropic measures of local
segregation. Tijdschrift Voor Economische En Sociale Geografie, 110(3), 251.
doi:10.1111/tesg.12306

Lewis, O.M., Ware, J.A. & Jenkins, D. (1997). A novel neural network technique for the
valuation of residential property. Neural Comput & Applic 5, 224-229.
https://doi.org/10.1007/BF01424227

Logan J. R. (2013). The Persistence of Segregation in the 21st Century Metropolis. City &
community, 12(2), 10.1111/cico.12021. https://doi.org/10.1111/cico.12021

Maricopa County Assessor's Office. (2020). Maricopa county assessor's office strategic plan.
Retrieved from https://www.mcassessorstrategicplan.com/digitalfirst

Martin, [. W., & Beck, K. (2016). Gentrification, property tax limitation, and displacement.
Urban Affairs Review, 54(1), 33. doi:10.1177/1078087416666959

McCluskey, W., & Adair, A. (Eds.). (1997). Computer-assisted mass appraisal.
Routledge. https://www.taylorfrancis.com/books/edit/10.4324/9780429461699/computer-
assisted-mass-appraisal-william-mccluskey-alastair-adair

McCluskey, W. J., Mccord, M., Davis, P. T., Haran, M., & Mcilhatton, D. (2013). Prediction
accuracy in mass appraisal: A comparison of modern approaches. Journal of Property
Research, 30(4), 239. doi:10.1080/09599916.2013.781204

Merchant, J. (2024, May 10,). Schools say a lawsuit targeting jackson county property
assessments would be ‘catastrophic’. The Beacon Retrieved from
https://thebeaconnews.org/stories/2024/05/10/schools-say-a-lawsuit-targeting-jackson-
county-property-assessments-would-be-catastrophic/

Office of Property Assessment, & Office of the Mayor. (2024, April 26,). Mayor parker
announces creation of philadelphia residential property assessment task force. City of
Philadelphia Retrieved from https://www.phila.gov/2024-04-26-mayor-parker-announces-
creation-of-philadelphia-residential-property-assessment-task-force/

Office of Property Assessment. (2019). Mass appraisal valuation methodology overview tax year
2019. City of Philadelphia. Attps.//www.phila.gov/documents/assessment-methodologies/

Office of Property Assessment. (2023). Mass appraisal valuation methodology overview tax year
2019. City of Philadelphia. Attps.//www.phila.gov/documents/assessment-methodologies/

Thesis title 52


https://doi.org/10.1007/BF01424227
https://doi.org/10.1111/cico.12021
https://www.mcassessorstrategicplan.com/digitalfirst
https://www.taylorfrancis.com/books/edit/10.4324/9780429461699/computer-assisted-mass-appraisal-william-mccluskey-alastair-adair
https://www.taylorfrancis.com/books/edit/10.4324/9780429461699/computer-assisted-mass-appraisal-william-mccluskey-alastair-adair
https://thebeaconnews.org/stories/2024/05/10/schools-say-a-lawsuit-targeting-jackson-county-property-assessments-would-be-catastrophic/
https://thebeaconnews.org/stories/2024/05/10/schools-say-a-lawsuit-targeting-jackson-county-property-assessments-would-be-catastrophic/
https://www.phila.gov/2024-04-26-mayor-parker-announces-creation-of-philadelphia-residential-property-assessment-task-force/
https://www.phila.gov/2024-04-26-mayor-parker-announces-creation-of-philadelphia-residential-property-assessment-task-force/
https://www.phila.gov/documents/assessment-methodologies/
https://www.phila.gov/documents/assessment-methodologies/

Pagourtzi, E., Assimakopoulos, V., Hatzichristos, T., & French, N. (2003). Real estate appraisal:
A review of valuation methods. Journal of Property Investment &amp, Finance, 21(4), 383.
doi:10.1108/14635780310483656

Payton, S. B. (2016). Neighborhood Foreclosures and Property Tax Burden: An Examination of
Change in Valuation Standard and Assessment Equity. Journal of Urban Affairs, 38(1), 140—
158. https://doi.org/10.1111/juaf. 12181

Pennsylvania constitution, article VIII, Retrieved from
https://www.legis.state.pa.us/cfdocs/legis/Ll/consCheck.cfm?txtType=HTM&tt|=00&div=0&

chpt=8

Philadelphia City Planning Commission. (2022). Philadelphia zoning code quick guide..
Retrieved from https://www.phila.gov/documents/zoning-code-information-manual-quick-
guide/

Philadelphia Forward. (2003). The Road to Tax Reform. Economy League of Greater
Pennsylvania.
https://www.economyleague.org/sites/default/files/legacy/977693283426125976-the-road-to-

tax-reform.pdf

McCluskey, W.J., & Adair, A. (1997). Computer Assisted Mass Appraisal: An International
Review (1st ed.). Routledge. https://doi.org/10.4324/9780429461699

McCluskey, W.J, Walters, L., & Cornia, G. (2013). A Primer on Property Tax: Administration
and Policy. 10.1002/9781118454343

Moore, J. W. (2009). A history of appraisal theory and practice: Looking back from IAAQO's 75th
year. Journal of Property Tax Assessment & Administration, 6(3), 23-50.
https://researchexchange.iaao.org/jptaa/vol6/iss3/2

Richard M. Bird, Enid Slack, and Almos Tassonyi. (2012). 4 tale of two taxes: Property tax
reform in Ontario (Illustrated ed.) Lincoln Institute of Land Policy.

Robinson, G.K. (1991) "That BLUP is a Good Thing: The Estimation of Random Effects,"
Statistical Science 6(1), 15-32, https://doi.org/10.1214/ss/1177011926

Rossini, P. (1997). Artificial neural networks versus multiple regression in the valuation of
residential property. Australian Land Economics Review. 3.

Thesis title 53


https://doi.org/10.1111/juaf.12181
https://www.legis.state.pa.us/cfdocs/legis/LI/consCheck.cfm?txtType=HTM&ttl=00&div=0&chpt=8
https://www.legis.state.pa.us/cfdocs/legis/LI/consCheck.cfm?txtType=HTM&ttl=00&div=0&chpt=8
https://www.phila.gov/documents/zoning-code-information-manual-quick-guide/
https://www.phila.gov/documents/zoning-code-information-manual-quick-guide/
https://www.economyleague.org/sites/default/files/legacy/977693283426125976-the-road-to-tax-reform.pdf
https://www.economyleague.org/sites/default/files/legacy/977693283426125976-the-road-to-tax-reform.pdf
https://doi.org/10.4324/9780429461699
https://researchexchange.iaao.org/jptaa/vol6/iss3/2
https://doi.org/10.1214/ss/1177011926

Rothwell, J.T. and Massey, D.S. (2010), Density Zoning and Class Segregation in U.S.
Metropolitan Areas*. Social Science Quarterly, 91: 1123-1143.
https://doi.org/10.1111/5.1540-6237.2010.00724.x

Royal Institute of Chartered Surveyors (2022). Automated valuation models (AVMs):
Implications for the profession and their clients. (1st ed.) ISBN 978 1 78321 465 5.

Ryan, J. F. (2018). Council of the city of philadelphia — 2019 property assessment audit. JF Ryan
Associates. Inc.

Sirmans, S., Gatzlaff, D., & Macpherson, D. (2008). Horizontal and vertical inequity in real
property taxation. Journal of Real Estate Literature, 16(2), 167.
doi:10.1080/10835547.2008.12090225

Smith, B. (2008). Intrajurisdictional Segmentation of Property Tax Burdens: Neighborhood
Inequities Across an Urban Sphere. Journal of Real Estate Research, 30(2), 207-224.
https://doi.org/10.1080/10835547.2008.12091219

Strauss, F., & Hou, B. (2013). A sales ratio study of the city of philadelphia’s

2013 certified and 2014 proposed real estate assessments. Philadelphia Office of the
Controller.

Sunderman, M. A., Birch, J. W., Cannaday, R. E., & Hamilton, T. W. (2020). Testing for vertical
inequity in property tax systems. Journal of Real Estate Research, 5(3), 319.
doi:10.1080/10835547.1990.12090625

Tiebout, C. M. (1956). A Pure Theory of Local Expenditures. Journal of Political Economy,
64(5), 416-424. http://www.]stor.org/stable/1826343

Tyler Technologies. (2019). Appraisal & tax solutions assessment administration ias World
2019.1 https://www.tylertech.com/products/enterprise-assessment-tax

U.S. Census Bureau. (2023). TIGER/line shapefile, current, state, pennsylvania, census tract.
Retrieved from https://catalog.data.gov/dataset/tiger-line-shapefile-current-state-
pennsylvania-census-tract

U.S. Census Bureau (2024). Percent of Population Below the Poverty Level (5-year estimate) in
Philadelphia County, PA [S1701ACS042101], retrieved from FRED, Federal Reserve Bank
of St. Louis; https://fred.stlouisfed.org/series/S1701 ACS042101, August 15, 2024.

Thesis title 54


https://doi.org/10.1111/j.1540-6237.2010.00724.x
https://doi.org/10.1080/10835547.2008.12091219
http://www.jstor.org/stable/1826343
https://www.tylertech.com/products/enterprise-assessment-tax
https://catalog.data.gov/dataset/tiger-line-shapefile-current-state-pennsylvania-census-tract
https://catalog.data.gov/dataset/tiger-line-shapefile-current-state-pennsylvania-census-tract

Wang, D., & Li, V. J. (2019). Mass appraisal models of real estate in the 21st century: A
systematic literature review. Sustainability, 11(24) doi:10.3390/sul1247006

Weber, R. N., & Mcmillen, D. P. (2010). Ask and ye shall receive? predicting the successful
appeal of property tax assessments. Public Finance Review, 38(1), 74.
doi:10.1177/1091142109358703

Wong, F. (2023), Mad as Hell: Property Taxes and Financial Distress.
http://dx.doi.org/10.2139/ssrn.3645481

Thesis title 55



Annex 1: IHS copyright form

In order to allow the IHS Research Committee to select and publish the best UMD theses, we
kindly ask you to fill out and sign this copyright form and make it an annex to your final
thesis.

Criteria for publishing:

1. A summary of 400 words should be included in the thesis.
2. The number of words should not exceed 15,000.

3. The thesis should be edited.

By signing this form you are indicating that you are the sole author(s) of the work and that
you have the right to transfer copyright to IHS, except for items cited or quoted in your work
that are clearly indicated.

I grant THS, or its successors, all copyrights to the work listed above, so that IHS may publish
the work in The THS thesis series, on the IHS web site, in an electronic publication or in any
other medium. IHS is granted the right to approve reprinting.

The author(s) retain the rights to create derivative works and to distribute the work cited
above within the institution that employs the author.

Please note that IHS copyrighted material from The IHS Thesis series may be reproduced, up
to ten copies for educational (excluding course packs purchased by students), non-
commercial purposes, providing full acknowledgements and a copyright notice appears on all
reproductions.

Thank you for your contribution to THS.
Date: 13/09/2024

Your Name: McKenna Pastorik

Your Signature :
W Making cities work

Thesis title 56



Annex 2: Heteroskedasticity and Serial Correlation Tests

For Model 5 in Table 3, the risk of violating the assumption that all the random effects
residuals are uncorrelated with the covariates is evident in the Breusch-Pagan test results.
For all specifications this test rejects the null hypothesis that there is no heteroskedasticity in
the residuals. The Pagan-Breusch-Godfrey also reject the null of no higher-order residual
serial correlation.

Table 8: Breusch-Pagan Heteroskedasticity and Pagan-Breusch-Godfrey Serial Correlation
Tests

Random Effects Residual Heteroskedasticity and Serial Correlation Tests

Modell Model2 Model3 Modeld
Breusch-Pagan Test: Statistic 24,382 28,996 29,516 25,164

Breusch-Pagan Test: p-value 0 0 ] 0
Pagan-Breusch Test: Statistic 999,138 999,235 998,484 399,004
Pagan-Breusch Test: p-value ] ] ] 0

MLR Residual Heteroskedasticity and Serial Correlation Tests

Modell Model2 Model3 Modeld
Breusch-Pagan Test: Statistic 178,055 185,003 193,286 194,711
Breusch-Pagan Test: p-value 0 0 1] 0
Durbin-Watson Test: Statistic  0.30853914  0.3090972  0.3095045  0.3091486
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Annex 3: Zip-Code Fixed Effects
Table 9: Logit Regression Estimates on Delinquency with Zip-Code Intercepts

Drependend variable:

Delimguent
(1] 2] 13 4
Orwerassessment (M) Lag 1 — {007 0108 .0E2 (085G
(0052 (009155 (0.0A T {0, (FRGR)
Demographics
Meg Median Incone (i) (202 (3585 N.ATa 0.GGE
(0.0TdG) (.0a18) (0.0RAS) (0L161T)
Black Percentage (014 DLRLIE A LLLLTE —(.004
(C.oonday (000045 (0.014) (0.021%)
Hispanic Percentage 0.0 0.1 UL —011
(Cooiday (00004 ) (0.0 5) {0.02464)
Asian Percentage — .07 —{.007 —1[1.{WE" —0. 163+
(00041 (00041 ) (0.0 {0.0Kk24)
Year Fixzed Effects: 2015 Base
2016 LI VE i 0034
(000 (002461
2017 0037 0037
(0.(2) {0.(G8)
2018 T n.ores
(00341 {0.03446)
2014 .03 0.0ase
(0.03TE) (00ATA)
2020 0145 0148
(00441 {0.0:444)
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(0.0:453) {0.045T)
N2z . 2xa= 022"
(0.0517T) {0.0524)
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(0. k24
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{0 (A
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Log Likelihood —00GALE 400 —005, 260500 917 800.200 —005,202.100
Bayesian Inf. Crit. LELZADDAOD 1 B1L 420600 | 336,060,200 | 833 650500
Adj. Pseudo R2 (L0871 00873 N.0ATA 1.0ATH
Note: "pellly pa00h; Tt pe 000l
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Annex 4: Census Tract Fixed Effects

Table 10: Logit Regression Estimates on Delinquency with Census Tract Intercepts

Drependend variable:

Dielinguent
1} (2 (3 4
Orverassesament (fn) Lag 1 —Lop™* 0.140% [Nk 0.118"
(028 (0.0574) {0.0583) (00120
Demographics
Neg Median Incorme (i) —0.00L 0.085* 0013 0311+
(0.00121) (0.0a51) {0.0328) (00223
Black Percentage 0001t o.onLe 0.o0Ls —0.n1et
(0. (a5 ) 0. (W15 ) {0.0004) (0TS
Hispanic Perceantage .01 0.0t O.oo1* —0.010*
(0. (o5 ) 0. (W15 ) {0.0005) {0005
Asian Percentage (.000 (000 (000 0003
(0. (e ek ) {0, (aerh) {0.0008) (0L0LET)
Year Fixed Effecta: 2015 Base
2016 (029" 0.z
{0.0122) (00121
2017 0.027* 0.032*
{0.0030) (001 249)
2014 (R T 0.0ag=
{0.0132) (0.01TE)
2019 (026" 0.03s™
{0.0128) (0.0143)
2020 (032" 006G
{0.0136) (0L0ES)
2021 R 006G
{0.01440) {0L0E)
2022 (043 0077
{0.0142) {0.250)
Interaction Terms
Weg Median Incorme (fn): Owverassessment [In) Lagl 0.oL4#* (Lons* o.ore*
(0.0 L) {0.0054) {0054
Neg Median Income (in):Black Percentage —0.nnze®
{000 )
Neg Median Income (in):Hispanic Percentage —0.noLe
{0 )
Neg Median Income (fn):Asian Percentage 0000
(0L
Observations 3,593 044 3,593,044 3 593,044 3,593,313
Laog Likelihood —H97 GEZ.ADD —BOT75ER4 —8OT7 576800 —-BO7.GRO.TO0
Bavesian Inf Crit. 1200 126,800 1,799 0001000 1 800,074.300 1 800,507 600
Adj. Peeudo R2 0.0G52 0.0M52 00053 052

Note:

*pelll; "tp<i0f; " p<ll0l
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Annex 5: Variability Measures

Table 11 displays the conditional variances and related percentage changes for when each
property style and type categorical dummy variable takes a value of 1. Conditional variances
in property styles are taken when the property type is set to the reference category of single
family, and conditional variances for property types set the style reference category to single
detached.

Table 11: Property Style and Type Conditional Variances

Comditional Varlance Percentage Change

Property Style

Bemi Dwtached 15.48 A018.04
Flow 15.48 A01a.02
Apartment 15.51 A0a7.41
Caondo 15.48 A018.74
Mixed L5500 A29.649
Property Type

Multi family 15.54 A054.64
Mised Tlse 15.51 A037.44
Apartments 15.48 a018.70
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