Using Exploratory Spatial Data Analysis Techniques
to Better Understand Housing Discrimination'

This paper explores the potential for mapping with Geographic Information System (GIS)
technology and Exploratory Spatial Data Analysis techniques using several different
software packages to contribute to an understanding of housing discrimination in the
City of Philadelphia. The primary research question is whether spatial statistical analy-
sis offers insight beyond that provided by visual analysis of point patterns and area data.
Various K-functions are used to test for significant clustering and spatial dependence be-
tween events while spatial autoregression and spatial lag programs are used to test for
and model spatial autocorrelation. This varied approach leads to important conclusions
concerning methodology as well as results relating to the spatial relationships among the
location of different types of housing discrimination and to neighborhood characteristics
including race and income.

Throughout United States history, realtors, lenders, rental agents, residential managers,
landlords, home sellers, newspaper publishers and governments at all levels have actively
practiced discrimination that has limited access to housing for significant segments of the
population (Yinger, 1995). Though numerous judicial and legislative policies were es-
tablished in the 100 years before it, the federal Fair Housing Act (FHA) of 1968 provided
the first comprehensive foundation for the identification and elimination of housing dis-
crimination by explicitly outlawing discrimination on the basis of race, color, religion, or
country of origin in the sale and rental of housing. The 1988 Fair Housing Act Amend-
ments (FaHAA) built on this foundation by significantly increasing the minimum dam-
ages for first time offenders, improving the administrative process through which the De-
partment of Housing and Urban Development (HUD) handles complaints, and adding
familial status and handicap to the list of protected classes.

In spite of these legislative advances and the increased funding for fair housing
activity that they have provided to states and municipalities, current research indicates
overwhelmingly that discrimination remains entrenched (Yinger, 1995). As outright dis-
crimination has been banned from public and private transactions, the techniques used to
discriminate against tenants and homeowners have proliferated. More sophisticated re-
search methods are needed to identify discriminatory practices as they become subtler.
Testing and audit methodology, in which the treatment and housing outcomes offered to
paired “testers” who have been matched on all but a single variable (such as race) are
compared, have been developed into sound and effective investigative tools. But like
other research methods, these do not reflect the inherently spatial nature of housing.
Rather than pointing to the location of acts of discrimination and the relationship among
the location of different incidents, traditional research methods seek to explain the phe-
nomenon solely through individual characteristics of the victim and perpetrator.
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Much of social science research neglects spatial relationships, but this is particu-
larly limiting in housing research because of housing’s unique emphasis on location.
Where property is located has always been a primary issue in real estate. Redlining, the
practice of not lending to particular areas based on location and racial composition, is
based on location and literally involved drawing red lines on maps during its infancy
(Jackson, 1993; Massey and Denton, 1993).

The primary goal of this paper, then, is to demonstrate how the combination of Geo-
graphic Information System (GIS) technology and exploratory spatial data analysis
(ESDA) techniques offers a new approach to fair housing research by providing the tools
to identify and understand spatial relationships. GIS uses computer software to integrate,
analyze, and display data that are identified with some level of geography, be it specific
addresses or areas such as census tracts. GIS is used here to map the location of incidents
of housing discrimination in relation to neighborhood characteristics. ESDA techniques
have a wide range of applications and are appropriate for exploring point patterns, con-
tinuous spatial data, as well as area data. The techniques used here test for significant
clustering among the locations of events and independence between different types of
events as well as spatial autocorrelation. On their own, maps generated by GIS provide
clear evidence of the clustering of incidents of housing discrimination and their associa-
tion with neighborhood characteristics. The question to be explored in this paper, then, is
whether ESDA contributes to an understanding of housing discrimination beyond that
provided by simple—but powerful—visual analysis.

BACKGROUND

Laws against housing discrimination cover a wide variety of types of discrimination and
vary at the state and local level according to the classes of people they are designed to
protect. Fair housing issues refer to the specific discriminatory activity and answer the
question, “How did discrimination happen?” Bases, on the other hand, refer to specific
protected classes and answer the question, “Why did discrimination happen?”

The opportunities to limit where protected classes of people choose to live are quite nu-
merous and the tactics used range from blatant to extremely subtle. Refusing to show,
sell or rent a property are common issues. Offering different terms and conditions (such
as higher security deposit because of presence of children), different conditions for offer-
ing services (such as repairs), refusing to make reasonable accommodations for people
with disabilities, and evicting a tenant are some of the ways in which renters are dis-
criminated against. Steering, the practice of showing certain potential renters or buyers
some properties and not others, and blockbusting, or scaring current homeowners into
selling with threats that changes on the block are imminent, are two of the ways real es-
tate agents have discriminated. Retaliation against someone who has made a fair housing
complaint is considered another issue. The use of local zoning laws to restrict where cer-
tain people and groups can build and live, and NIMBYism (Not In My Backyard), the
uniting of neighbors and communities to resist neighborhood change, have also been
identified as means of discriminating.



Redlining—whereby lending and insurance institutions refuse to make their products
available because of the geographic location of the property or because of the racial or
ethnic composition of the area—has occurred with different degrees of subtlety since at
least the 1930s. Most attention currently focuses on insurance and mortgage outcomes,
but discrimination can also occur during the pre-application stage or involve the treat-
ment of applicants and conditions of the loan or insurance offered. The use of newspaper
real estate listings as a means of limiting the type of prospective renters or buyers who
inquire about property is also considered housing discrimination. HUD regulations de-
scribe a number of different discriminatory practices—including the use of words or
phrases indicating a preference or limitation, the selective use of racially identifiable hu-
man models, and the selective use of certain media and locations in advertising.

These various activities are considered housing discrimination only when they happen
because of an individual’s or group’s membership in a protected class. As John Yinger
points out in his book Closed Doors, Opportunities Lost: The Continuing Costs of Hous-
ing, it is the perception of and meaning assigned to the particular race, religion, disability,
or familial status of the victim, rather than the characteristic itself, that causes the dis-
crimination. Pennsylvania and Philadelphia laws provide protection for certain classes of
people in addition to those specified in the federal Fair Housing Act and its Amendments.
The Pennsylvania Human Relations Act of 1955 includes explicit protection for pregnant
women from eviction, people who use or train guide or support animals for people with
disabilities, and people over 40 years old. Philadelphia’s Fair Practices Ordinance pro-
vides explicit protections against discrimination on the basis of sexual orientation and
living with or being perceived as living with HIV/AIDS, on the basis of source of income
(including receipt of public assistance), and age.

While increasing attention has been given to familial status and disability, race and eth-
nicity continue to be the most frequently cited bases for discrimination by complainants.
The National Fair Housing Alliance collected information about complaints from 56
member agencies in 1997. Of the 10,692 complaints, 4,184 (or 39%) were based on race.
The next most frequently cited bases were familial status (19%) and disability (16%).
Detailed data provided to the author for a previous study by the Pennsylvania Human Re-
lations Commission (PaHRC) also allows for a breakdown by bases.” For Philadelphia,
nearly half of the complaints filed with PaHRC between 1995 and 1996 were based on
race (45.16%) or national origin (4.3%). Disability (21.51%) and gender (16.13%) ac-
counted for the majority of the other complaints.

The victim of discrimination can be an individual, a group, or an entire protected class.
The discovery of discrimination is made on an individual basis by documenting differen-
tial treatment while it is made on a collective basis by documenting differential impact.
Lending institutions, for example, are now held accountable for the differential impact of
their mortgage activities on protected classes rather than simply differential treatment of
individual clients. Perpetrators, too, can act individually or collectively as a group, or-
ganization, town, industry or institution. An individual real estate agent might choose to
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discriminate against an individual prospective African-American buyer by steering him
or her, while lending institutions as a whole might systematically discriminate against
African Americans as a group. Discrimination can occur in any number of different lev-
els of victims and perpetrators. Conceptualizing the whole range of ways housing dis-
crimination can occur and developing the tools to prove that discrimination actually oc-
curred are the great challenges of fair housing activists and researchers.

DATA

The City of Philadelphia was chosen as the focus for this research because it is con-
fronted with many of the same issues as other large cities in the United States. Philadel-
phia has suffered significant job and population loss over the past twenty-five years fol-
lowing the collapse of its industrial base. With the out-migration of jobs and people has
come the growth of thriving, predominantly white suburbs. Philadelphia’s remaining
population is 40 percent African American, with significant Puerto Rican and Asian
populations. Though several of the City’s neighborhoods boast of being integrated, resi-
dential patterns are more often characterized by racial segregation.

Philadelphia’s ethnic and racial tensions historically and currently also make it an appro-
priate focus of fair housing research. Incidents in the Grays Ferry neighborhood and in
South Philadelphia during the past two years have drawn national attention. One brought
a visit from Nation of Islam leader Louis Farakan and another led to an F.B.I. investiga-
tion and convictions in federal court for housing conspiracy and civil rights violations.
Philadelphia is known both as the “City of Brotherly Love” and a city of neighborhoods,
two often-conflicting identities. The first associates the City with its Quaker background
of religious and cultural tolerance, values that remain important to the City’s heritage.
The second refers to the strength of Philadelphia’s neighborhoods that were originally
organized around shared ethnicity. Philadelphia has and continues to be characterized by
an ethnic and civic parochialism that identifies people based on what neighborhood they
are from and what high school they attended. These attitudes have frequently contributed
to the creation of obstacles to fair housing in certain parts of the City. Consistent with
this pattern of ethnically homogenous neighborhoods, the City ranked as the tenth most
segregated city in 1990 based on a dissimilarity index (Farley and Frey, 1994).

Translating the concept of housing discrimination into measurable, and mapable, vari-
ables is challenging. Documented incidents represent only a fraction of all incidents, as
victims frequently do not recognize the act as discriminatory, do not know how to report
it, or choose not to report it to a fair housing agency. But collecting data on undocu-
mented incidents through qualitative research is beyond the scope of this project. Even
defining housing discrimination as documented incidents where there has been a judg-
ment of discrimination is troublesome. The number of cases that progress through formal
administrative or court hearings and result in a decision that discrimination did, in fact,
take place clearly under-represents the extent of actual discrimination. Furthermore, there
is no agreed upon definition of an “incident.” HUD and some other agencies use the term
“founded” to describe complaints that are supported by evidence of discrimination, but
there is no agreed upon criteria for what constitutes a substantiated complaint among the
various federal, state, local and non-governmental fair housing agencies in the Philadel-



phia area. Also, discrimination cases often end in conciliation where the complainant is
awarded some damages, but the respondent may deny all wrongdoing, or the agreement
may be considered confidential. Whether these should be considered incidents is unclear.

With these problems of operationalizing incidents of housing discrimination in
mind, documented complaints of discrimination were chosen as the best available proxy.
All complaints—regardless of issue or bases—are treated the same. Though some un-
known proportion of complaints are not substantiated by subsequent investigations and
testing, they do serve as indicators of possible housing discrimination and raise concerns
about equal treatment. Where there is significant smoke, there is probably fire.

Data on complaints of housing discrimination in Philadelphia documented between 1995
and 1996 were obtained from HUD, the Philadelphia Commission on Human Relations
(PhilaCHR), and the Housing Consortium for Disabled Individuals (HCDI). In response
to a Freedom of Information Act (FOIA) Request, the Philadelphia HUD office provided
the specific address of the alleged act of harm for 69 complaints of housing discrimina-
tion. HCDI provided addresses for 30 of their 60 complaints documented between 1995
and 1996. The complaints provided were selected by the fair housing specialist to reflect
the diversity of complaints filed with HCDI as well as those with more evidence to sup-
port that discrimination actually occurred.

PhilaCHR provided addresses for the act of harm for the 30 complaints of housing dis-
crimination documented between 1995 and 1996 for Philadelphia. The agency often re-
fers complainants to the Pennsylvania Human Relations Commission because the City
Commission, unlike the state, is not considered substantially equivalent. States, counties,
and municipalities that have laws that are substantially equivalent to the federal Fair
Housing Act in terms of the bases they cover and the penalties they provide for can apply
to become partners with HUD and receive federal funding to process fair housing com-
plaints. The Pennsylvania Human Relations Commission has such a relationship with
HUD and is considered substantially equivalent. The City is less involved in the docu-
menting and processing of complaints as a result of not being substantially equivalent.
However, complainants may file complaints with PhilaCHR when the basis of discrimi-
nation is source of income, marital status or sexual orientation, classes protected by the
City code but not state or federal law. Also, PhilaCHR offers complainants an alternative
to pursuing damages through the potentially time-consuming state and federal legal proc-
esses.

While the PhilaCHR’s Compliance Division documents some complaints of housing dis-
crimination, the PhilaCHR’s Community Service Division documents and responds to
nearly 300 complaints of intergroup conflict each year. Though they are not necessarily
the same as complaints of housing discrimination, intergroup conflict may be signs of
racial, ethnic or cultural unrest at the neighborhood level. In Philadelphia, “intergroup
conflict” can involve any number of situations where “violence or anti-social behavior is
directed at or threatened to be directed at an individual or group of individuals because of
their race, color, religion, national origin, sex, sexual orientation, age, handicap, marital
status, presence of children or source of income” (Philadelphia Commission on Human



Relations). While in theory the conflict can be perceived as being caused by a series of
differences, the vast majority involve people of different races. Though immediate re-
sponse to complaints of intergroup conflict often involve the police (especially the Police
Department’s Conflict Prevention and Resolution Unit), the emphasis is on conflict reso-
lution and conciliation rather than prosecution.

Clearly in Philadelphia, some incidents that could result in a complaint of housing dis-
crimination are handled as reports of intergroup conflict. Of the 532 reports documented
for 1995 and 1996, 16 involved issues directly related to housing such as threats against
those who were selling their homes or those who were looking to move in. The Pennsyl-
vania Hate Crimes Act of 1995 allows state and local agencies to confront ethnic intimi-
dation (which is a criminal offense) as a fair housing issue. Two recent district court de-
cisions suggests that an even broader range of intergroup conflicts might constitute hous-
ing discrimination. In March 1998, the U.S. District Court for the Eastern District of
New York ruled that the Fair Housing Act protects the rights of members of protected
classes to the peaceful enjoyment of their home free from discrimination. (Federal Sup-
plement, 1998). The decision was based on a case in which Jewish plaintiffs alleged that
their African-American neighbors used anti-Semitic slurs and epithets, threats of bodily
harm, and noise disturbance in order to make them move. Also, several white South
Philadelphia were convicted of “housing intimidation” in federal court after vandalizing
the apartment into which an African-American woman was moving.

Much more research and discussion about the relationship between housing discrimina-
tion and intergroup conflict is warranted, particularly in light of Philadelphia’s unique
laws and history of racial and ethnic tension. But in the mean time, reports of intergroup
conflict represent an important source of information relating to the racial and ethnic cli-
mate of Philadelphia’s neighborhoods as well as a potential source of information spe-
cifically about housing discrimination. Consequently, the location of the alleged inter-
group conflict for the 532 complaints documented by the PhilaCHR between 1995 and
1996 were included but treated as distinct from complaints of housing discrimination.

The number of complaints of housing discrimination and the number of complaints of
intergroup conflict per census tract were normalized by population to create complaint
rates per 1000 people. This rate should not be considered a fraction since one individual
could file more than one complaint within a two-year time period. However, areas with
larger populations would be expected to have more complaints, so population is con-
trolled for throughout this project.

Information about potential mortgage discrimination was obtained from 1995 Home
Mortgage Discrimination Act data. Since 1975, HMDA has required institutions that
make loans to homebuyers annually report information concerning the race, sex, and lo-
cation of their loan applicants. HMDA was expanded in 1989 to cover all loans and addi-
tional information about each applicant, including income. While most information is
reported according to institutions, total applications, loans, and rejections have been ag-
gregated by census tract. This information was used to calculate loan acceptance rates.



No federal legislation mandates the disclosure of information about applications for
homeowner insurance and disclosure of such information is only mandated by a handful
of states, not including Pennsylvania. In response to this lack of information, several re-
searchers have used the location of insurance agent offices as a proxy for the availability
of homeowner insurance (Squires, ef al., 1995). Although there is not a perfect correla-
tion, one study concluded that 32 percent of homeowner policies are sold to people
within the same zip code area and another 32 percent are sold to people in surrounding
zip code areas. This study, then, maps the location of the 200 insurance agencies in
Philadelphia listed in the Bell Atlantic Yellow Pages that provide homeowner insurance
regardless of the number of insurance policies they write in the area.

A variety of variables based on the 1990 U.S. Census, in addition to the number
of homeowner insurance providers per 1000 persons, were constructed as independent
variables to explain or predict the three dependent variables: loan acceptance rate, num-
ber of complaints of housing discrimination per 1000 persons, and number of complaints
of intergroup conflict per 1000 persons. Census variables include the non-white percent
of the population, median household income, median age of buildings, percent vacant
housing units, percent owner occupied, percent of population with some higher education
(defined as some college, or associate’s, bachelor’s, or graduate degree), the number of
households that moved in between 1980 and 1990 for Philadelphia’s 367 census tracts.

The median household income, percent owner occupied, percent of population with some
higher education, the number of homeowner insurance providers per 1000 persons, and
number of households that moved in between 1980 and 1990 were all hypothesized to
have positive correlations with the loan acceptance rate. The non-white percent of the
population, percent vacant housing units, the percent with some higher education, and
median age of buildings were expected to have negative correlations. Predictors of inter-
group conflict and housing discrimination were less clear, but areas with lower incomes,
lower non-white percentages, and higher percentages of owner-occupied housing were
expected to be associated with larger numbers of complaints. Correlation, and not
causality, is the focus here because many of the independent and dependent variables
could be switched since the direction of causality is not known. The primary interest is in
determining what neighborhood characteristics indicate higher levels of risk for different
types of housing discrimination. Low loan acceptance rates might cause whites to move
out of an area or having large non-white populations might cause low loan acceptance
rates. Either way, the non-white percentage of the population acts as a predictor.

METHODS and PROCEDURES

The same data was used to conduct visual and statistical analyses of point patterns
and areal data. While point patterns allow for more precise analyses of spatial relation-
ships, data aggregated by areas make tests for spatial autocorrelation relatively simple.

Visual Analysis of Point Patterns and Area Data

The addresses of alleged acts of housing discrimination and intergroup conflict along
with the addresses of homeowner insurance providers were matched to TIGER line street



files for Philadelphia through ArcView’s geocoding process. Frequently, addresses do
not match because either the data or the TIGER line file is incomplete or incorrect. Of
the 129 complaints of housing discrimination, 111 could be mapped while 189 of the 200
addresses for insurance providers and 509 of the 532 addresses for intergroup conflict
matched. These points were “projected” according to the State Plane Coordinate System
for 1927 that divides each of the 50 states into as many as ten different zones. The
shapes of these zones determine which projection is more appropriate, the Lambert
Conformal Conic or the Transverse Mercator. The State Plane Coordinate System uses
the Clarke spheroid of 1866 to represent the shape of the earth with Meades Ranch in
Kansas as its origin (Environmental Systems Research Institute, 1996).

The data were displayed with points represented by different colored dots on top of a
choropleth map using different shades of the same color to represent different levels of
the data according to census tract. Visual analysis of the two layers allows for some
identification of clustering or sparseness among and between points as well as correla-
tions between particular events and different levels of Census and HMDA variables.

Statistical Analysis of Point Patterns

The three sets of point data—the locations of homeowner insurance providers,
complaints of housing discrimination, and complaints of intergroup tension—were ex-
ported from ArcView and imported into INFOMAP. INFOMAP is an interactive DOS
software package that allows for a limited number of statistical analyses on small spatial
data sets and is intended for exploratory analysis (Bailey and Gatrell, 1995).?

INFOMAP can perform K-functions that can be used to determine the number of
events within a specified radius of a particular event. This procedure is often preferable
to a test of nearest neighbor distances because they consider all neighbors within a certain
area rather than just the closest one. K-functions are most appropriate for examining sec-
ond order effects when a point process is largely homogeneous or isotropic. Global K-
functions determine the number of points within a specified radius for all events in a
given area and test for clustering at different scales. Local K-functions, on the other
hand, allow the user to focus on one particular event to test for so-called “hot spots.” Ex-
aminations of point processes at these smaller scales are more appropriate because the
assumption of isotropy is more likely to hold given the dependence of social phenomena
such as housing discrimination on population centers.

Three different types of K-functions were run for this project: univariate, bivari-
ate, and the difference between univariate. Univariate K-functions test for clustering or
sparseness. INFOMAP allows for random simulations that permit for tests of signifi-
cance. For example, 19 simulations create an envelope—or confidence interval—within
which 95 percent of the plots are expected to fall given the null hypothesis that the points
are subject to complete spatial randomness. INFOMAP uses the plot of the specified dis-
tance subtracted from the square root of the expected number of points within the speci-
fied distance, K(h), divided by [, referred to as L(h). Plots that fall above the upper limit

? This procedure was done using an ArcView script written by Robert Cheetham, MLA.



can be considered to represent significant clustering at the 0.05 level while plots that fall
below the lower limit can be considered to represent significant sparseness or regularity
at the 0.05 level. INFOMAP uses Ripley’s Correction Factor to compensate for the im-
pact of a boundary such as the outer limits of the City of Philadelphia by weighting the
value of K(h) by the fraction of the circumference of the circle with radius h around a
given point.

While univariate K-functions test the null hypothesis that there is complete spatial
randomness among the locations of a single event, bivariate K-functions test the null hy-
pothesis that the locations of two different events are independent. Again, simulations
allow for the creation of envelopes or a confidence interval and plots that fall outside
provide evidence for rejecting the null hypothesis. Bivariate plots above the upper enve-
lope suggest attraction between the locations of the two events while plots below the
lower envelope suggest repulsion.

The difference between univariate K-functions uses random re-labeling to test the
null hypothesis that two events are not significantly different and that their locations
could come from the same population. This serves as a test of similarity-dissimilarity
rather than independence. The ordering of events is important for interpretation as the
results indicate that one event is either more clustered, more sparse, or essentially the
same as a second event.

All three of these K-functions were run on the point patterns for housing dis-
crimination, intergroup conflict, and homeowner insurance providers. The same band-
width—the distance represented by h in K(h)—was used for all procedures. In X and Y
coordinates, the distance used was about 0.05, equivalent to roughly half the width of the
City of Philadelphia at its widest point or about 3 miles. Nineteen simulations were con-
ducted for each of the procedures to allow for significance tests at the 0.05 level. Tests
for significance at the 0.01 level would have been preferable, but a univariate K-function
with 99 simulations for the largest sample (intergroup conflict) took about an hour.

Statistical Analysis of Area Data

The three different point processes examined with the K-functions were converted to
tract-level area data in order to have a unit of analysis consistent with the Census and
HMDA data. This was done in ArcView through a spatial join of the points and census
tract polygons that assigned a census tract number to each point. A summary table of the
points, creating a count of events for each census tract, was then joined back to the census
data. Of the 367 census tracts included in the sample, 20 had missing or anomalous data
(such as more people with some higher education than total people for the census tract).
These cases were eliminated through listwise deletion.

A distribution plot of the three dependent variables indicated that only one—loan accep-
tance rate—is fairly normal. The other two—rate of intergroup conflict complaints and
housing discrimination complaints—are positively skewed with considerable clustering at
zero because there were no complaints of intergroup tension for some census tracts and
no complaints of housing discrimination for most census tracts during the two-year time



period. In order to perform a log transformation, 1.0 was added to each value first since
the log of zero is undefined. The distribution plots of the transformed dependent vari-
ables were still positively skewed with clustering at zero, but to a lesser extent.

Linear models were then estimated using Ordinary Least Squares regression in JMP IN.
All of the variables described in the data section were included in the three original mod-
els, with the exception of the one acting as the dependent variable in each case. Variables
shown to be significant, or approaching significance, at the 0.05 level were retained for
the final model. For loan acceptance rate, these variables included the median age of
housing, median household income, percent non-white, percent owner-occupied, and
number of households that moved in between 1980 and 1990. For rate of intergroup con-
flict complaints, significant variables included median household income, percent non-
white, percent vacant housing, and percent owner-occupied. For rate of housing dis-
crimination complaints, the only significant variable was the number of homeowner in-
surance providers. With an R* of just 0.067, this model was determined to be poorly
specified and subsequent procedures were run only on the first two models.

Two separate matrices (247x6 and 247x5) including the dependent and independ-
ent variables for each model were then imported into MATLAB to test for spatial auto-
correlation. A 247x2 matrix of the X and Y coordinates of the centroids of the census
tracts included in the sample was also imported. These values were calculated in Arc-
View using the Space STAT ESDA extension.”

The first MATLAB procedure involved a test for spatial autocorrelation among residuals
using a program created for MATLAB that computes simultaneous autoregression (SAR)
of a dependent variable on one or more independent variables given a specified weight
matrix. Spatial autocorrelation refers to association between the values of the same vari-
able at different spatial locations (Bailey and Gatrel, 1995). In textbooks on multiple re-
gression, this phenomenon is often treated as the problem of correlated disturbance terms
resulting from temporal, social, or spatial relationships within the sample. In violating
the assumption that residuals are uncorrelated, OLS generates coefficients that are no
longer fully efficient as well as biased (generally underestimated) standard errors. SAR
procedure tests for autocorrelation and estimates more efficient coefficients and correct
standard errors.

Spatial lag model, the second procedure in MATLAB, takes spatial autoregression a step
further. The program tests for the presence of spatial dependence in the dependent vari-
able, rather than just among residuals, and actually models it rather than just detecting it
and attributing it to an all-encompassing disturbance term. Both the spatial lag and spa-
tial autoregression models yield parameter estimates for the independent variables along
with their significance, parameter estimates for either the spatial lag (lam) or spatial auto-
regression (rho), along with a likelihood ratio (LR) and its significance that indicates
whether spatial autocorrelation is present. The spatial autoregression output also includes
a likelihood ratio (Com-LR) for the common-factor hypothesis. Significant values on the

* This extension was developed by Dr. Luc Anselin specifically for ArcView.

10



Com-LR suggest that a spatial lag model might offer an improvement over the spatial
autoregression model.

Two different weight matrices were used with both the spatial autoregression and spatial
lag programs to allow for comparison.” The first one used a nearest neighbor matrix,
hypothesizing that the characteristics of the census tract whose centroid is closest will
influence its “nearest neighbor” value on the dependent variable. The second weight ma-
trix considers the influence of all neighboring census tracts within a given distance. Dis-
tances in MATLAB were calculated according to the X and Y coordinates used to repre-
sent the 247 census tract centroids. A distance of 0.05 in this metric was estimated to ap-
proximate 3 miles and values between 0.05 and 0.01 were specified to determine the ef-
fect of different distances on the ultimate model. A distance of 0.025 was used in the fi-
nal models.

FINDINGS

Both the visual and statistical analyses yielded clear results concerning the cen-
trality of spatial relationships to an understanding of housing discrimination in Philadel-
phia. The primary research question driving this research was whether or not exploratory
spatial statistical procedures contribute to an understanding of these relationships beyond
that possible through more simple visual analysis.

Visual Analysis

The visual analysis that depends only on maps generated in ArcView provide powerful
evidence as to the importance of spatial relationships to an understanding of housing dis-
crimination. Above all else, the maps show that there are several “hot spots” for com-
plaints of housing discrimination and intergroup tension in Philadelphia. Complaints of
intergroup conflict cluster in certain neighborhoods that historically, and currently, are
known to struggle with racial and ethnic tension. These neighborhoods include Grays
Ferry, Eastwick, Kensington, Port Richmond, Bridesburg, Juniata Park, and Frankford.

These intergroup conflict “hot spots” are marked by a handful of complaints of housing
discrimination, as well. But complaints of housing discrimination are most numerous in
the central part of the City—including Center City, Schuylkill, Fairmount, and Lower
North Philadelphia. These complaints make a ring around Philadelphia’s Central Busi-
ness District, with City Hall in the middle. This general area, roughly bounded by Girard
and South Streets and the Schuylkill and Delaware Rivers, has been the focus of substan-
tial real estate development over the past 30 years while other parts of the City have
struggled just to maintain their current housing stock and populations. Through gentrifi-
cation, middle and upper-middle income white families have displaced lower-income
people of color (Adams, et al., 1991). Perhaps these dynamics, along with the rise in
property values and household incomes, help explain the distinct ring of fair housing

> The spatial autoregression, spatial lag, and distance weights programs were all written by Dr.
Tony E. Smith for his Sys502 course, “Spatial Data Analysis: with GIS Applications” taught in the Sys-
tems Engineering Department at the University of Pennsylvania.
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complaints. Clearly, residential property in the central part of the City has been deemed
desirable.

Complaints also cluster in West Philadelphia just north of Market Street, the major east-
west road in the City. The complaints of housing discrimination do not appear to be as
clustered as those for intergroup conflict, in part because there are fewer total complaints
of housing discrimination (about a 1:5 ratio). Also, complaints of housing discrimination
do not seem much more likely to occur in areas where there have also been complaints of
intergroup conflict.

Beyond seeing relationships among specific locations of events, the maps allow
for visualizing relationships among locations of events and neighborhood characteristics,
as represented by census tract-level data. Complaints of intergroup conflict are most
likely to come from working and middle-class neighborhoods where the median income
is between $20,000-40,000, as shown by Map 1. Relatively few of the complaints in
Philadelphia came from the poorest or wealthiest areas. Map 2 indicates a possible rela-
tionship between the availability of loans and homeowner insurance. Insurance agents
are rarely located in census tracts with relatively high loan rejection rates. Most are lo-
cated within the areas with the lowest rejection rates, including parts of Center City,
South Philadelphia, Northwest and Northeast Philadelphia. This is not a surprising rela-
tionship, but mapping it makes it especially clear and suggests that different types of
housing discrimination may reinforce each other rather than work independently.

Maps 3-6 compare choropleth maps of rates with location quotients. Depending
upon the issue being mapped and purpose for mapping it, numbers, percentages, or loca-
tion quotients may be the most informative. The location quotients show the rates of par-
ticular phenomena relative to a city-wide average and indicate how much more or less
likely certain events are within a particular area. While these are especially helpful in
presenting data in a simple and intuitive manner, they were not used as the basis of sim-
ple and intuitive manner, they were not used as the basis of statistical analysis in this pro-
ject because rates per 1000 population were determined to be at least as informative.

Statistical Analysis of Point Patterns

While visual analysis of the maps suggest clustering among the location of com-
plaints of intergroup conflict and housing discrimination and spatial dependence between
the two events, the various K-functions provide the additional evidence that these rela-
tionships are statistically significant. The univariate K-functions of all three sets of
points show significant clustering at the 0.05 level. The plots of L(h) are so far above the
upper envelopes that it is unlikely that additional simulations would produce different
results (see Graphs 1-3).

The bivariate K-functions provide insight that might not be obvious based on vis-
ual analysis. The location of complaints of housing discrimination and intergroup con-
flict are spatially dependent at all levels (see Graph 4). The plot is just above the upper
envelope at the more local level, suggesting that additional simulations might show no
significance at the 0.01 level at smaller scales. This makes sense intuitively since events
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relating to interactions between people would tend to take place in more densely popu-
lated areas. Neither housing discrimination or intergroup conflict would be expected in
Fairmount Park, a broad strip of land following the Schuylkill River north to south
through the City, or in some of the industrial areas in South or Northeast Philadelphia.
The bivariate plots of housing discrimination and insurance providers (see Graph 5) and
intergroup conflict and insurance providers (see Graph 6) both indicate spatial depend-
ence at greater scales. The plot with intergroup conflict is just barely above the upper
envelope, suggesting that additional simulations would show that this spatial dependence
is not significant beyond the 0.05 level. The plot with housing discrimination shows that,
at the smallest scale, there is no significant dependence. These findings suggest that local
K-functions would provide additional insight.

The test of the difference between univariate K-functions for housing discrimina-
tion and intergroup conflict results in the rejection of the null hypothesis that the points
come from the same population (see Graph 7). Over all scales, complaints of housing
discrimination are significantly more clustered. However, at the smallest scale the plot
falls within the envelope, again suggesting that local K-functions should be used. The
difference between univariate K-functions for intergroup conflict and insurance providers
shows that at all but the smallest scales intergroup conflicts are more clustered (see Graph
8).

Because INFOMAP was designed for exploratory data analysis and is not in-
tended to be used as a “polished commercial product,” it only generates plots for K-
functions rather than specific values. The display and printouts from INFOMAP are not
of high quality, and screen captures produce further distortions. While this software limi-
tation should not reflect upon the mathematical virtues inherent in the K-function, it does
reflect the general lack of accessible applications that can perform certain ESDA.
Statistical Analysis of Area Data

The results generated in MATLAB for spatial autoregression and spatial lag mod-
els provide much more precise results that are not nearly as apparent through visual
analysis (see Tables 1 and 2). All of the models—including the spatial autoregression
and spatial lag models based on the nearest neighbor and distance weight matrices—
indicate the presence
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T4BLE 1. Explaining Loan Acceptance Rate

Ordinary Least SAR (near neigh) Sp. Lag (near SAR (distance) Sp. Lag (distance)
L Squares Pseudo-RZ= neigh) Pseudo-RZ=10. Pseudo-R2=0.5135
R*=0.6219 0.5843 Pseudo-R*= 4490
0.5810
Variable lestima | probabil- | [lestima | probabi | [lestima | probabi | [lestima | prob- lestima | prob-
te ity te lity te lity te ability te ability
Intercept 0.5765 | <0.0001 |0.5768 |< 0.5064 | < 0.5645 | < 03443 | <
0.0001 0.0001 0.0001 0.0001
Median age of build- | -0.0012 | 0.0363 0.0737 | 0.0075 | 0.0667 |0.0111 |0.0663 |0.0315 |0.0427 | 0.0993
ings
Median household in- | 0.00000 | 0.0485 0.00005 | < 0.00005 | < 0.00004 | < 0.00005 | <
come 09 0.0001 0.0001 0.0001 0.0001
Percent non-white -0.0026 | <0.0001 |-0.0012 | 0.0425 |-0.0010 | 0.0800 |-0.0005 |0.4133* |-0.0003 | 0.6034*
%
Percent owner- 0.0740* | 0.0059 0.00000 | 0.0834 | 0.00000 | 0.0547 | 0.00000 | 0.3352* | 0.00000 | 0.0332
occupied 08 * 09 * 05 09
Number moved in, 0.00004 | <0.0001 |-0.0026 |< -0.0023 | < -0.0025 | < -0.0020 | <
1980-90 85 0.0001 0.0001 0.0001 0.0001
SAR (near neigh) Sp. Lag (near neigh) | SAR (distance) Sp. Lag (distance)
coefficient | probability | coefficient | probability | coefficient | probability | coefficient | probability
Rho 0.0880 0.0367 not appli- | not appli- | 0.5003 <0.0001 not appli- | not appli-
cable cable cable cable
Lamda not appli- | not applica- | 0.1033 0.0054 not appli- | not appli- | 0.3566 <0.0001
cable ble cable cable
LR 3.5304 0.0603* 6.5852 0.0103 15.6487 <0.0001 20.7056 <0.0001
Com-LR 11.0271 0.0040 not appli- | not appli- | 10.4187 0.0055 not appli- | not appli-
cable cable cable cable

*Not considered statistically significant.
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TA4BLE 2. Explaining Rate of Intergroup Conflict Complaints

Ordinary Least SAR (near neigh) Sp. Lag (near SAR (distance) Sp. Lag (distance)
-~ Squares Pseudo-RZ= neigh) Pseudo-R2= Pseudo-R2=
R*=0.2023 0.1644 Pseudo-R“= 0.1659 0.1194 0.1210
Variable lestima | probabil- | [lestima | probabi | [lestim | probabil- | [lestima | prob- lestima | prob-
te ity te lity ate ity te ability | te ability
Intercept 0.2823 | 0.0007 0.2988 | < 0.2510 | 0.0021 0.2335 | 0.0107 | 0.1182 | 0.1538
0.0001
Median household in- | - <0.0001 |- < 0.0000 | <0.0001 |- 0.0232 | - 0.0069
come 0.00000 0.00000 | 0.0001 |06 0.00000 0.00000
6 6 4 4
Percent non-white -0.0041 | <0.0001 |-0.0040 |< -0.0036 | <0.0001 |-0.0039 |< -0.0028 | <
0.0001 0.0001 0.0001
Percent vacant hous- | 0.9264 | 0.0009 0.8320 | 0.0028 | 0.8061 | 0.0027 0.6009 | 0.0258 | 0.7043 | 0.0058
ing
Percent owner- 0.3510 | 0.0002 03267 | < 0.3034 | <0.0001 |0.3693 |< 0.2680 | 0.0025
occupied 0.0001 0.0001
SAR(near neigh) Sp. Lag (near neigh) | SAR (distance) Sp. Lag (distance)
coefficient | probability | coefficient | probability | coefficient | probability | coefficient | probability
Rho 0.1357 0.0011 not appli- | not appli- | 0.5957 <0.0001 not appli- | not appli-
cable cable cable cable
Lamda not appli- | not applica- | 0.1378 <0.0001 not appli- | not appli- | 0.4818 <0.0001
cable ble cable cable
LR 9.1720 0.0025 10.0369 <0.0001 27.4678 <0.0001 21.8854 <0.0001
Com-LR 2.3530 0.3084* not appli- | not appli- | 11.3457 0.0034 not appli- | not appli-
cable cable cable cable
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of spatial autocorrelation. The highly significant likelihood ratios alone indicate that Ordinary
Least Squares is not appropriate for generating efficient and unbiased estimates.

For the first model (see Table 1), with loan acceptance rate as the dependent variable, all
of the independent variables that were significant at the 0.05 level in the OLS model remain sig-
nificant in the spatial autoregression and spatial lag models using the nearest neighbor weight
matrix with one exception (percent non-white for spatial lag). The percent owner occupied was
marginally significant in the OLS model (at 0.0740) and falls just outside the 95 percent confi-
dence interval for the autoregression and lag models. One independent variable, percent non-
white, loses all significance when the distance weight matrix is used, however, and the marginal
significance of percent owner-disappears as the probability value exceeds 0.33 in both cases.
The pseudo-R? value also drops from 0.5843 (SAR) to 0.4490 and 0.5810 (lag) to 0.5135.

The specified distance of 0.025, or about 1.5 miles, may explain these changes. Consis-
tent with spatial autocorrelation, the values of surrounding census tracts on the dependent vari-
able impact upon the value for the census tract in question, but the census tracts with closer cen-
troids would be expected to have more impact. By considering an area with diameter of about 3
miles, the influence of neighboring tracts may be diluted. Even one mile is a considerable dis-
tance in a certain parts of the City where population and housing characteristics vary dramati-
cally. Smaller distances were tried, but MATLAB produced warnings indicating that “the matrix
is close to singular or badly scaled” (distance = 0.01) and “ the maximum number of function
evaluations has been exceeded” (distance = 0.015). Given this problem, the nearest neighbor
weight matrix provides more convincing results. However, the distance matrix is theoretically
preferable since the surrounding areas—and not just the census tract with the closest centroid—
probably impact upon the census tract in question.

The likelihood ratio for the common factor hypothesis for both autoregression models
(0.0040 for nearest neighbor and 0.0055 for distance) indicate that the spatial lag model offers an
improvement. In fact, the LR does become more significant using the spatial lag model, but only
when the nearest neighbor weight matrix is used.

The models for the rate of intergroup conflict explain somewhat less of the variance, with
R? and pseudo-R* values in the 0.12-0.20 range (see Table 2). All of the coefficients that were
significant at the 0.05 level in the OLS model remain significant irrespective of the weight ma-
trix. The pseudo- R? drops when distance is used as the basis of the weight matrix. The signifi-
cance of the Com-LR for the SAR model using nearest neighbor is not significant, although the
significance of the lag model represents an improvement over the SAR.

CONCLUSIONS and RECOMMENDATIONS

This project was exploratory in two ways. On the one hand, it utilized exploratory data
analysis techniques that require significant data manipulation and use several different software
packages that were not designed to work together. This ad hoc approach makes small errors
quite possible. The format in which INFOMARP provides results create additional limitations that
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further encourages a healthy skepticism when interpreting these findings. An exploratory spirit
that equates findings with working hypotheses is probably appropriate for all science, particu-
larly social science. But clearly some scientific methods inspire more confidence than others do.

On the other hand, this project was intended as a methodological exploration considering
whether or not spatial statistical analysis really contributes to an understanding of spatially de-
pendent social phenomena like housing discrimination. This final section of the paper is dedi-
cated, then, to offering tentative conclusions about the specific data that was analyzed as well as
the methods used.

Neighborhood characteristics help explain why housing discrimination and intergroup
conflict happen where it does. Understanding where one incident takes place helps to explain
why another one happened nearby. Local univariate K-functions or “hot spot” analyses might
provide information that is not obvious from looking at maps, but all of the events (complaints or
loan acceptances) are clearly clustered. The bivariate K-functions, however, provide information
that is not possible through visual analysis. Knowing that complaints of intergroup conflict and
housing discrimination are spatially dependent is important to a more thorough exploration of the
relationship between these two events that are treated so distinctly within the City of Philadel-
phia. Tests of the difference between univariate K-functions provide further insight into the spa-
tial relationship between different types of events.

The limitations of visual analysis are even clearer when considering area data. Only one
or two neighborhood variables can be displayed on the same map. This is the equivalent of, at
best, bivariate or trivariate regression. Although relationships can be identified, no statistical
significance can be attached to them by just looking. Clearly, spatial autoregression and spatial
lag models provide important alternatives to OLS when trying to explain spatially dependent
events. GIS allows data to be converted fairly easily into different units of analysis, from spe-
cific addresses to block groups to census tracts, efc. The ease with which the tables created in a
program like ArcView can be used for multiple regression may lead some researchers to forget
the reason why GIS is powerful in the first place: because space matters. In this case, the models
taking spatial autocorrelation into consideration did not produce a different set of significant pre-
dictor variables; they merely provided better estimates of the coefficients and significance of
these variables. The spatial lag model offers the exciting alternative of capturing spatial depend-
ence in the model rather than simply considering it an “error” or “disturbance.”

Spatial statistical analysis, then, does contribute to an understanding of housing discrimi-
nation beyond that made possible through GIS alone. But the question then is, how much more
of an understanding? One issue that pervades this study is significance. Criteria for significance
vary according to the audience. Practical significance is compelling to activists in the field while
statistical significance is generally respected within the academic community. For an academic
audience, then, the contributions of ESDA are considerable while for fair housing activists the
overall contributions might be negligible.
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A second issue is first order spatial effects versus second order effects. Visual analysis
allows for the identification of first order effects, where large-scale trends such as racial segrega-
tion influences where events occur. Statistical analysis is really needed to identify second order
effects, however, where the location of one event to influence the location of another event con-
trolling for large-scale trends. Again, this difference may not be immediately meaningful to fair
housing activists, but the difference is considerable within the academic community.

Given the conclusion that ESDA do provide important insight, the issue then turns to how
to best use them. Ideally, data like that used for this project would use maximum likelihood,
logit analysis, or Poisson regression as a basis for modeling spatial autocorrelation. The di-
chotomous nature of a dependent variable relating to whether or not an event happens make or-
dinary regression less appropriate. Also, rather than aggregating specific points representing ad-
dresses by areas like census tracts in order to establish a common unit of analysis, hierarchical
linear modeling would permit different units of analysis such as the individual, the household,
the immediate surrounding area, and the larger neighborhood.

Although the statistical procedures used here to analyze area data represent a critical im-
provement over OLS, they were still based on linear models. Interactions and quadratics should
be used to create more precise models. In theory, housing discrimination takes place in areas
where there are few enough lower-income and non-white households that some new people are
able to move and yet not so many that higher income whites flee to the edges, or outside, the
City. A positive coefficient for income and percent non-white mask what might be more com-
plicated and revealing relationships. Also, richer independent variables might be developed.
Concerns about multicollinearity prevented the inclusion of unemployment rates, for example,
along with household income. The development of a sophisticated index of socio-economic
status (based on earned and unearned income, profession, unemployment rates, and education
attainment) and neighborhood decline (based on population change, vacancy rates, loss of jobs
and industries) based on Census data might permit the development of more precise models that
could be used for prediction.

Limitations in the range of applications currently available, rather than limitations in
mathematics theory, make some of these recommendations difficult to carry out. The extremely
loose “coupling” of GIS software with statistical packages does not offer a satisfactory long-term
approach. User friendly software that fully integrate the two are desperately needed. The exten-
sions available for ArcView, though an important step in the right direction, offer only a very
limited number of techniques that reflect the preferences of their developers rather than the needs
of users. The process of actually applying scientific knowledge to different areas has occupied
most scientists throughout history (Kuhn, 1962). This is often frustrating business, but the po-
tential rewards compel us to continue this tradition.
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