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Abstract  Historical redlining, a racially discrimi-
natory practice implemented by the US  government 
in the 1930s, has been associated with present-day 
environmental outcomes. However, there is limited 
research examining the relationship between histori-
cal redlining and contemporary housing quality. The 
objective of the present study was to investigate the 
relationship between historical redlining and contem-
porary housing quality in Atlanta, Georgia. Spatial 
patterns of housing code violation complaints from 

2015 to 2019 were examined using point-pattern and 
spatial cluster analyses. We used Bayesian hierarchi-
cal models, accounting for spatial autocorrelation, 
to estimate associations between historical redlining 
and housing complaints, after adjusting for contem-
porary neighborhood characteristics, such as poverty, 
median structure age, vacant and renter-occupied 
properties, and residential racial segregation. A total 
of 48,626 housing code violation complaints were 
reported during the study period, including 6531 
complaints deemed “hazardous.” Historical redlin-
ing was a statistically significant predictor of hous-
ing complaints. We observed a 167% increased risk 
(IRR = 2.67, 95% confidence interval = 1.49, 4.77) of 
housing complaints for historically redlined neighbor-
hoods compared to neighborhoods historically graded 
as “best” or “still desirable,” after adjusting for neigh-
borhood characteristics. Redlined neighborhoods also 
had an increased risk of “hazardous” housing com-
plaints (IRR = 1.94, 95% confidence interval = 1.11, 
3.40), after adjusting for contemporary neighborhood 
characteristics. Historically redlined neighborhoods 
exhibited disproportionately higher rates of housing 
code violation complaints. Spatial analysis of hous-
ing code violation complaints can provide insights 
into housing quality and inform interventions targeted 
at addressing the environmental legacy of structural 
racism.
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Introduction

Poor housing conditions have been associated with a 
range of adverse health impacts [1, 2]. Poor ventila-
tion and exposure to hazards such as mold, dampness, 
and pests increase the risk for incidence, morbidity, 
mortality, and exacerbation of asthma and other res-
piratory conditions, while household exposure to lead 
and radon can lead to a range of respiratory problems, 
including lung cancer [3–5]. In addition to adverse 
physical health consequences, poor housing condi-
tions can have an impact on mental health. Living in 
overcrowded or unstable housing situations can con-
tribute to stress, anxiety, and depression [6–9]. Fur-
thermore, exposure to lead can cause neurological 
damage, which can contribute to behavioral and cog-
nitive problems, particularly among children [10, 11].

In the United States (USA), housing quality is a 
social determinant of health that may be driven by 
structural racism. Structural racism encompasses the 
ways in which racial discrimination is embedded in 
the policies, institutions, and structures of society, 
leading to systematic disadvantages for racial and 
ethnic minoritized groups [12–14]. Unlike individual 
acts of prejudice or discrimination, structural racism 
is a broader system of power that shapes opportuni-
ties and outcomes based on race. The legacy of struc-
tural racism in the US has resulted in a long history of 
housing discrimination, perpetuating segregation and 
inequality in housing [15].

One key aspect of the relationship between struc-
tural racism and housing discrimination is the legacy of 
redlining. Redlining is the practice of denying access to 
credit, insurance, and other financial services based on 
the racial makeup of a neighborhood. In the 1930s, the 
US government-created Home Owners’ Loan Corpora-
tion (HOLC) engaged in redlining practices through the 
creation of residential maps, intending to guide mort-
gage industry lenders [16]. HOLC maps were color-
coded to indicate perceived mortgage investment risk. 
Red zones, or “redlined” neighborhoods, were labeled 
as “undesirable” or “lower grade.” HOLC’s assess-
ments incorporated housing conditions, class, and 
racial/ethnic composition, adversely affecting Black 
and immigrant populations, and designating certain 
neighborhoods as “hazardous” based on their racial 
makeup [16]. This practice effectively contributed 
to low levels of neighborhood investments, excluded 
communities of color from homeownership in certain 

neighborhoods, and created racially segregated neigh-
borhoods that are still pervasive in U.S. cities [16, 17].

Historical redlining has contributed to the concen-
tration of poverty and lack of investment in communi-
ties of color in the U.S. [18, 19]. Individuals and fam-
ilies living in segregated neighborhoods with limited 
resources and opportunities are more likely to face 
significant health disparities due to a lack of access 
to quality healthcare and other health-promoting 
resources [14, 20]. They are also more likely to expe-
rience disparate exposures to multiple environmental 
health hazards [21]. Historically redlined neighbor-
hoods were often located near highways, airports, and 
industrial zones, which are all significant sources of 
air pollution. Furthermore, recent studies have docu-
mented associations between historical redlining and 
elevated exposure to air pollution in low-income and 
minoritized communities [22–24]. Historical redlin-
ing has also been associated with a lack of green 
spaces and tree cover in these communities, further 
exacerbating the effects of air pollution [22, 25, 26].

Although there is significant evidence that histori-
cal redlining has played a role in shaping the envi-
ronmental health of U.S. communities, most of these 
studies have focused on outdoor environmental fac-
tors such as air quality and the built environment. 
To our knowledge, few studies have focused on the 
potential relationships of historical redlining on con-
temporary housing conditions. To address this gap in 
knowledge, this study examined associations between 
historical redlining and contemporary (2015–2019) 
housing code violation complaints in Atlanta, GA, 
USA. We hypothesized that (1) historically redlined 
communities have higher neighborhood exposure 
to housing code complaints and (2) the associa-
tion between historically redlined communities and 
neighborhood exposure to housing code complaints 
persists after adjusting for contemporary racial resi-
dential segregation and other known area-level risk 
factors for housing code violations (e.g., renter occu-
pancy and low-income) [27].

Methods

Study Setting

This study was performed within the city boundaries 
of Atlanta, Georgia. The 1938 HOLC neighborhood 
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grade scoring (Fig.  1) marked a clear north–south 
demarcation between desirable (A and B) and unde-
sirable (C and D) neighborhoods in Atlanta. Modern-
day Atlanta is racially diverse city, with 41% of resi-
dents identifying as white and 48% identifying Black 
or African American [28]. Nevertheless, Atlanta 
remains segregated along racial lines [29]. The aver-
age number of housing units in Atlanta during the 
study period was 185,182 [28].

Data Sources

Housing Code Complaints

We assessed all community-reported housing code 
violation complaints filed between 2015 and 2019 
with the City of Atlanta’s Code Enforcement Section. 
The Code Enforcement Section is responsible for 
inspecting residential properties that are reported to 
be in violation of Atlanta’s housing Code [30]. Resi-
dents can file complaints through several channels, 
including in-person, by mail, by phone, by fax, by 
email, or by area survey of officers in the field. Com-
mon housing code violations include property main-
tenance issues, landscaping issues, flooding issues, 
the accumulation of trash and garbage, units not 

supplied with water or adequate heat, rodent infesta-
tions, inoperative vehicles, open/vacant structures and 
lots, and other deficiencies which may render proper-
ties unsafe to its occupants or the general public [30].

For the current analysis, complaint records were 
obtained through a search of the City of Atlanta’s 
publicly available Code Enforcement database [31]. 
Each complaint record included the date the com-
plaint was received, the address of the property, a text 
description of the complaint, and a binary officer-
assigned “Short Notes” category (Property Mainte-
nance or Highly Hazardous). The database included 
a total of 49,339 complaints from 2015 to 2019, 6570 
of which were determined by Code Enforcement 
officers as “Hazardous” Complaints.

Geocoding of Housing Code Complaints

Housing code complaints were geocoded using the 
Nominatim geocoding service in the “tidygeoco-
der” package. We were unable to render coordinates 
for 4067 property addresses. These 4067 addresses 
were geocoded using Google’s Geocoding API in 
the “ggmap” package, and manually reviewed by two 
study authors. It should be noted that street names 
were changed due to Atlanta’s effort to rename streets 

Fig. 1   The 1938 HOLC 
neighborhood grades over-
laid on census tracts in the 
city boundaries of modern-
day Atlanta
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that were named in honor of the Civil War-era Con-
federacy [32]. The Code Enforcement database 
address and Google API-derived address were input 
into three mapping services to identify discrepan-
cies: Google Maps, Apple Maps, and Map Quest. 
The complaints remained in the analytical sample if 
the address was identified in at least two of the three 
mapping services. A handful of complaints were for 
properties that were located outside of the city lim-
its of Atlanta, leaving a remaining total of 48,626 
(98.6%) and 6531 Hazardous (99.4%) geocoded com-
plaints in the analytical sample.

Spatial Data

Census-tract polygon files were obtained from the 
US  Census Bureau. Within ArcGIS, the tabulate 
intersection tool was used to compute the percent 
of area intersection between the U.S. Census tract 
shapefile and clipped shapefile of Atlanta’s admin-
istrative boundaries. Census tracts that did not have 
an intersection percentage of over 50% were removed 
from our dataset, resulting in 38 census tracts (inter-
section percentage range from 0.000061% to 42.23%) 
removed for failing to meet our spatial intersection 
criteria. This resulted in a total of 126 census tracts 
within Atlanta’s administrative boundaries.

Historical Redlining

HOLC maps do not align with contemporary census 
tract boundaries. To address this spatial misalign-
ment, we utilized a historical redlining score cre-
ated by Meier and Mitchell to link 2010 census tract 
boundaries to HOLC maps [33]. Briefly, the histori-
cal redlining score for each census tract was deter-
mined by summing the proportion of HOLC grades 
multiplied by a weighting factor based on area within 
the census tract. Scores were then reclassified into 
four equal intervals, ranging from 1 (lowest degree of 
redlining) to 4 (highest degree of redlining). For cen-
sus tracts that did not have any overlap with HOLC-
graded neighborhoods, we assigned these tracts a 
value of 5 to indicate these neighborhoods were not 
a part of the HOLC grading scheme. For the pur-
poses of our redlining analyses, the two lowest redlin-
ing scores were collapsed to create three categories 
of historical redlining: low (scores 1–2), medium 
(score = 3), and high (score = 4).

Contemporary Segregation, Socio‑Environmental, 
and Housing Characteristics

A census tract-level index of contemporary racial 
segregation, determined from 2010 census data, was 
obtained from the Othering and Belonging Institute 
[34]. This segregation index was selected due to its 
statistical rigor and policy relevance [35]. Census 
tract-level socio-environmental (number of people 
living below the poverty line, the proportion of non-
white people) and housing (median age of home, 
proportion of renter-occupied homes, proportion of 
vacant homes) data were obtained from the US Cen-
sus Bureau’s American Community Survey [28].

All the datasets were joined to an Atlanta admin-
istrative boundary shapefile. ArcGIS Pro (3.0.0) and 
R (version 4.2.2) were used for data management and 
analysis.

Statistical Analyses

Spatial Analyses

For each census tract, we calculated and mapped 
the rates of total and hazardous complaints per 1000 
households from 2015 to 2019. Spatial analysis was 
performed for each outcome variable (total or hazard-
ous complaints).

Kernel Density Estimation  KDE was used to 
identify hotspots of total and hazardous complaints. 
KDE was performed with the Spatial Analyst Tool in 
ArcGIS Pro 3.0.0 using the quadratic kernel function 
described by Silverman [35]. The KDE formula is 
expressed as 

where f(x,y) is the density estimate at the location 
(x,y), n is the number of complaints (total or hazard-
ous), h is the bandwidth or the kernel size, k is the 
kernel function, and di is the distance between the 
location (x,y) and the location of the ith observation.

Spatial Autocorrelation  To assess spatial clus-
tering patterns for rates of both complaint types, we 
performed global and local cluster analysis for spatial 
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autocorrelation using the Spatial Analyst tool. Global 
Moran’s I was used to measure the overall clustering 
pattern of total and hazardous complaints in the city 
of Atlanta. The calculation of the Global Moran’s I 
statistic is as follows [36, 37]:

where N is the number of census tracts, Xi is the out-
come (total or hazardous complaints) at the location i, 
X is the mean value of the outcome (total or hazard-
ous complaints) in the study, and Wij is the elements 
of a spatial lag operator W (spatial weights of matrix 
W).

Local Moran’s I was calculated using the spatial 
queen’s contingency matrix. The calculation of the 
local Moran’s I statistic is as follows [38]:

where Ii is the statistic for a census tract I, Zi is the 
difference between the risk of a housing complaint 
(total or hazardous) at I and the mean risk of type 
housing complaints for Atlanta, Zj is the difference 
between the risk of a housing complaint (total or haz-
ardous) at j and the mean risk of type housing com-
plaints for Atlanta, and Wij is the weight matrix for 
a queen contingency matrix that considers neighbors 
that share a common border.

Hierarchical Spatial Regression Analysis

Due to exploratory analysis determining spatial clus-
tering of environmental health hazard complaints, a 
multilevel spatial Bayesian Poisson regression model 
was selected to determine the global statistical signifi-
cance of spatial predictor variables. Spatially struc-
tured and random effects were implemented through 
a Besag-York-Mollie (BYM) model to account for 
spatial autocorrelation of code violations [39, 40]. 
Integrated nested Laplace approximation (INLA) was 
used to fit the multilevel model, with a queen’s adja-
cency matrix for spatial error terms. This was con-
ducted using the “R-INLA” package [41]. The equa-
tion for this model is:

I =
N
∑

ij Wij(Xi − X)(Xj − X)

∑

ij Wij

∑

i(Xi − X)
2

Ii = Zi

∑

WijZj

where log(�i) represents the log expected count data 
at location i, � represents intercept term, � represents 
the coefficient associated with covariate xi , ui repre-
sents the spatially structured effect, and vi represents 
the random (unstructured) effect term [42, 43].

A directed acyclic graph (DAG) was used to iden-
tify potential covariates (see Supplementary data). 
Variables included in our analysis are tract-level 
values that include rates of total or hazardous com-
plaints, proportions of vacant homes, proportion of 
renter occupied homes, median age of homes, pro-
portion of the population in poverty, historical seg-
regation score based on HOLC grade, contemporary 
segregation score, and proportion non-white. The var-
iables proportion non-white and segregation scores 
were grouped into tertiles (low, medium, high) to 
deal with possible non-linearity and assess variables’ 
impacts in a way that is more comparable and under-
standable to community stakeholders. Analysis was 
conducted for both highly total and hazardous envi-
ronmental health complaints.

Results

Spatial Patterns of Housing Code Complaints

There were 48,626 total complaints made to Atlanta’s 
Code Enforcement Section from 2015 to 2019, of 
which a total of 6531 complaints were assigned as 
“hazardous.” Global Moran’s I results showed sig-
nificant tract-level spatial clustering for total (Z-score 
10.75; p < 0.0001) and hazardous (Z-score 9.16; 
p < 0.0001) complaints. Evidence of local positive 
clustering for total and hazardous complaints is seen 
in Fig. 2A and B. Clusters of high total and hazard-
ous complaints have substantial overlap with HOLC 
grade C and D neighborhoods. Clusters of low num-
bers of complaints per household were present in 
Northern Atlanta, overlapping the majority of HOLC 
grade A and B neighborhoods (Fig. 2A and B).

KDE suggests six possible hotspots in Southeast 
and Southwest Atlanta (Fig. 2C) for total complaints. 
A similar yet stronger spatial pattern is seen in the 
density of hazardous complaint with seven hotspots 
and the density being more pronounced in color gra-
dation with a wider spread (Fig.  2D). The bulk of 

log(�i) = � + � ∗ xi + ui + vi
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hotspots observed for total and hazardous complaints 
overlap with HOLC grade C and D neighborhoods.

Associations Between Historical Redlining, 
Contemporary Segregation, and Housing Code 
Complaints

We observed significantly positive incidence rate 
ratios (IRR) for redlined neighborhoods, higher seg-
regation score, median age of structure, and propor-
tion non-white for census tracts in Atlanta (Table 1). 
When compared with A- and B-graded neighbor-
hoods, we observed a 68% (95% CI 1%, 179%) 
and 167% (49%, 377%) increased risk of reported 
housing complaints for C-graded and D-graded 

neighborhoods, respectively. For segregation score 
categories, only the highest tertile for modern day 
segregation score has a significant increase in hous-
ing complaints, with a 80% (6%, 208%) increase in 
risk moderate and highest proportion non-white has a 
102% (16%, 252%) and 152% (23%, 414%) increased 
risk of a reported complaint when compared to lowest 
proportion non-white tertile.

For hazardous complaints, there were positive, 
statistically significant associations with total num-
ber of renters and vacancies, median age of structure, 
“hazardous” HOLC grade neighborhoods and the 
two upper tertials of proportion non-white reported 
hazardous complaints (Table  2). When compared 
to A- and B-graded neighborhoods, only D-graded 

Fig. 2   Results from a Local Moran’s I analysis using a queen’s 
contingency matrix for total complaints (A) and hazardous 
complaint rates (per 1000 households) (B). Clusters of high 
numbers (hotspots) are shown in red while low number clusters 

(coldspots) are in blue. Point pattern analysis results from a 
kernel density estimation for total (C) and hazardous (D) com-
plaints shown in increasing gradients from yellow to red
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neighborhoods were associated with a 94% (11%, 
240%) increased risk of housing complaints. Though 
positive, we do not observe a significant association 
between current segregation score and risk of hazard-
ous complaints. Conversely, there was a 91% (14%, 
220%) increase in risk for moderate and a 143% 
(26%, 368%) increase in risk for the highest propor-
tion of non-white tertiles compared to the lowest pro-
portion of non-white tertile.

Discussion

This study examined spatial patterns of housing code 
complaints using community-reported data from 
Atlanta, GA, in 2015–2019. Geographical variation 
in housing complaints was identified throughout the 
study period, with spatial clusters observed in the 
southern and western regions of Atlanta. As hypoth-
esized, historical redlining is significantly associated 

with higher neighborhood exposure to housing 
complaints; we observed an increased incidence of 
reported housing complaints for neighborhoods scored 
as C or D compared with those scored as A or B. 
Further examination of the subset of complaints clas-
sified as “hazardous” revealed similar associations 
between historical redlining and neighborhood expo-
sure to housing complaints. Notably, these associa-
tions persisted after adjusting for contemporary socio-
environmental factors such as residential segregation, 
illustrating the long-lasting consequences and environ-
mental legacy of historical redlining.

Our study builds on previous research highlight-
ing the environmental impact of historical redlining 
in the USA [22–26]. To our knowledge, our study is 
the first to consider the role of both historical redlin-
ing and contemporary residential segregation in the 
spatial distribution of housing complaints. Analyses 
of both historical redlining maps and contemporary 
neighborhood socio-environmental factors offered 

Table 1   Crude and adjusted regression coefficients from the spatial hierarchical model for total complaints

* Statistical significance at the p < 0.05 level
Bold values denote statistical significance at the p < 0.05 level

Model covariates Crude Adjusted

β Cr I (95%) β Cr I (95%)

Social environmental covariates
  Historical redlining score (categories)
    Low (A–B) Ref Ref
    Moderate (C) 3.81 1.72–8.42 * 1.68 1.01–2.79 *

    High (D) 5.49 2.50–12.04 * 2.67 1.49–4.77 *

    No HOLC grade assigned 5.60 2.67–11.75 * 1.57 0.92–2.69
  Present-day segregation index tertiles
    Low [0.0157, 0.17] Ref Ref
    Moderate [0.17, 0.602] 1.89 1.16–3.08 * 1.32 0.93–1.87
    High [0.602, 0.963] 6.43 3.94–10.48 * 1.80 1.06–3.08 *

Proportion non-white tertiles
    Low [0.0329, 0.387] Ref Ref
    Moderate [0.387, 0.916] 3.51 2.30–5.35 * 2.02 1.16–3.52 *

    High [0.916, 1.0] 10.09 6.61–15.38 * 2.52 1.23–5.14 *

  Poverty proportion tertiles
    Low [0.0155, 0.126] Ref Ref
    Moderate [0.126, 0.307] 3.88 2.35–6.40 * 0.89 0.53–1.49
    High [0.307, 0.807] 5.36 3.24–8.83 * 0.57 0.30–1.06

Housing covariates
  Proportion renter-occupied homes 1.85 1.49–2.29 * 1.50 1.21–1.87 *

  Proportion vacant homes 1.94 1.57–2.41 * 1.43 1.22–1.69 *

  Median age of structure 1.83 1.47–2.28 * 1.78 1.51–2.09 *
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unique advantages for studying spatial associations 
between residential segregation and housing com-
plaints. In addition to redlining and structural age, 
we identified contemporary neighborhood factors, 
such as racial residential segregation and vacant- and 
renter-occupied housing, that were associated with 
greater rates of housing complaints. Further, while 
previous studies have found that racially minoritized 
groups are more likely to live in poorer quality hous-
ing compared to their white counterparts [1, 44–46], 
our study results provided valuable insights on the 
potential long-term impacts of redlining practices on 
housing quality. For example, in our analyses of “haz-
ardous” reported complaints, we found significant 
association with historical redlining, but not contem-
porary residential segregation, highlighting the value 
of leveraging historical context to interpret contempo-
rary environmental patterns.

In the 1930s, the HOLC redlined neighborhoods with 
predominantly minoritized populations were labeled as 

“high risk,” resulting in disinvestment and limited access 
to financial resources. Neighborhood disinvestment 
manifests in various forms, and one indicator might be 
the prevalence of housing code complaints. These com-
plaints not only point to potential physical deterioration 
but might also reflect broader economic and social dis-
parities within a community. Moreover, housing code 
violations may have a detrimental effect on property 
values, potentially exacerbating a cycle of disinvest-
ment. As property values decrease, homeowners in 
low-income areas may find it difficult to access loans 
or investments, limiting their ability to fund necessary 
repairs and improvements [47]. These factors contribute 
to a cycle of disinvestment that can lay the groundwork 
for present-day disparities in community-reported hous-
ing conditions.

Examining community-reported housing data 
offers insights into the quality and safety of housing 
in a neighborhood. Patterns of housing complaints 
can expose potential hazards that have implications 

Table 2   Crude and adjusted regression coefficients from the spatial hierarchical model for hazardous complaints

* Statistical significance at the p < 0.05 level
Bold values denote statistical significance at the p < 0.05 level

Model covariates Crude Adjusted

β Cr I (95%) β Cr I (95%)

Social environmental covariates
Historical redlining score (categories)

  Low (A–B) Ref Ref
    Moderate (C) 3.72 1.58–8.79 * 1.40 0.85–2.28
    High (D) 6.30 2.69–14.75 * 1.94 1.11–3.40 *
    No HOLC grade assigned 6.06 2.72–13.52 * 1.26 0.75–2.10
  Present-day segregation index tertiles
    Low [0.0157, 0.17] Ref Ref
    Moderate [0.17, 0.602] 2.00 1.19–3.35 * 1.31 0.94–1.83
    High [0.602, 0.963] 7.54 4.51–12.60 * 1.53 0.94–2.51

Proportion non-white tertiles
    Low [0.0329, 0.387] Ref Ref
    Moderate [0.387, 0.916] 4.46 2.89–6.87 * 1.91 1.14–3.20 *

    High [0.916, 1.0] 13.32 8.69–20.45 * 2.43 1.26–4.68 *

Poverty proportion tertiles
    Low [0.0155, 0.126] Ref Ref
    Moderate [0.126, 0.307] 4.46 2.83–7.57 * 0.96 0.59–1.56
    High [0.307, 0.807] 8.71 5.31–14.26 * 0.77 0.43–1.38

Housing covariates
  Proportion renter-occupied homes 2.08 1.67–2.60 * 1.66 1.36–2.02 *

  Proportion vacant homes 2.37 1.93–2.92 * 1.76 1.51–2.05 *

  Median age of structure 1.77 1.40–2.26 * 1.62 1.39–1.90 *
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for resident health and well-being, such as structural 
deficiencies, mold, and pest infestations. Prior research 
suggests that housing code violations are associated 
with negative health and safety impacts. These studies 
have primarily relied on administrative health data as 
well as self-reported health data [48–52]. For example, 
in a study of asthmatic children hospitalized in Cincin-
nati, OH, USA, higher densities of housing code viola-
tions were associated with increased emergency depart-
ment use [48]. Another study conducted in Boston, 
Massachusetts, which utilized tenant reports, revealed 
an association between housing violations and the inci-
dence of asthma triggers, further noting an escalation 
in trigger incidence concomitant with increasing racial 
diversity in neighborhood demographics [46]. A study 
of renter-reported data from Arkansas, USA, reported 
associations between housing complaints and health, 
with increased stress, breathing problems, and head-
aches being the more reported health problems [52]. 
Nevertheless, major gaps remain in our understanding 
of the relationships between housing quality and early 
clinical and biological indicators of disease. There are 
also gaps in understanding the relationship between 
housing quality and disease management. Integrating 
community-reported data with clinical and biological 
data will inform future work and enhance the capacity 
to understand and address the health impacts of poor 
housing quality. This work will also assist in assessing 
the health impacts of sustainable building standards 
and programs.

Addressing housing complaints is not only essen-
tial for ensuring safe and habitable living conditions, 
but also for promoting public health and reducing 
health disparities [1, 2, 53–55]. One key way com-
munity-reported housing complaint data can inform 
policy decisions is by helping policymakers identify 
priority areas for intervention or potential “bad actor” 
landlords with a pattern of complaints across proper-
ties. By analyzing patterns and clusters of reported 
violations, policymakers can pinpoint neighborhoods 
or specific housing issues that require immediate 
attention. For example, if a particular community con-
sistently reports issues related to lead paint, this infor-
mation can guide policies and programs focused on 
lead abatement and prevention. Community-reported 
data can also inform effective resource allocation. By 
identifying neighborhoods with higher concentrations 
of violations, policymakers can target interventions 
where they are most needed. This targeted approach 

ensures that limited resources, whether financial or 
human, are directed toward addressing specific issues, 
maximizing the impact of interventions.

Disparities in reported violations, such as the 
neighborhood disparities we observed in the cur-
rent study, may indicate underlying issues related to 
socioeconomic factors, racial discrimination, and/
or neglect. For example, an analysis of housing code 
enforcement data from the City of Chicago found dif-
ferential enforcement decisions by inspectors based on 
area-level income, poverty, and the type of landlord 
ownership of rental units [27]. To address these issues, 
policymakers can collaborate with public health and 
community partners to develop targeted strategies to 
rectify these disparities, foster more equitable housing 
conditions, and address housing-related health risks. 
Finally, while analyzing trends and identifying recur-
ring issues can inform policy decisions and advocacy, 
efforts should be made to ensure that housing code-
enforcement measures are not selectively applied in 
ways that further reinforce discrimination against  
disadvantaged low-income tenants and property own-
ers [56, 57]. This approach aligns with principles of 
environmental justice, ensuring that all communities 
have fair and equitable treatment with respect to safe 
and healthy living environments [58].

Limitations

Our research leverages publicly available, commu-
nity-reported housing data, which presents some 
limitations. Analyzing housing complaints may have 
underestimated the burden of housing hazards, par-
ticularly in low-income neighborhoods, where indi-
viduals may have competing demands that supersede 
filing a complaint [59–61]. Although there is substan-
tial evidence suggesting that low-income and racially 
marginalized residents are more likely to encounter 
substandard housing conditions than high-income 
residents [62], there might be significant barriers pre-
venting these groups of residents from reporting these 
issues, such as fear of retaliation, lack of awareness 
of reporting mechanisms, and concerns about reper-
cussions. This potential underreporting could have 
biased our estimates either away from or toward the 
null. Our study was also limited by its cross-sectional 
analysis of a singular city. However, this work is a 
critical first step in demonstrating the potential utility 
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of this publicly available, community-reported data. 
For example, the HOLC drew maps for over 200 
US cities [16]. In addition to evaluating associations 
between historical redlining and validated complaints, 
time to resolution, and complaint enforcements across 
multiple US cities, future analyses are planned to 
examine the utility of housing complaint data in pre-
dicting health outcomes.

Conclusion

Community-reported housing complaint data is a pow-
erful tool for examining the environmental legacy of 
redlining and neighborhood disinvestment. Further inves-
tigation and analysis will be critical for evaluating asso-
ciations with health outcomes and developing targeted 
interventions and policies to address housing disparities.

Acknowledgements  This work was supported, in part, 
by the National Institute of Environmental Health Sciences 
of the National Institutes of Health under Award Number 
P30ES019776, the Winship Cancer Institute of Emory Univer-
sity under award number P30CA138292, and a grant from the 
US Centers for Disease Control and Prevention, National Insti-
tute for Occupational Safety and Health to the Johns Hopkins 
Education and Research Center for Occupational Safety and 
Health (award number T42OH0008428).

Data Availability  The data presented in this study are avail-
able from the corresponding author on reasonable request.

References

	 1.	 Swope CB, Hernández D. Housing as a determinant 
of health equity: a conceptual model. Soc Sci Med. 
2019;243:112571.

	 2.	 Howden-Chapman P, Bennett J, Edwards R, Jacobs D, 
Nathan K, Ormandy D. Review of the impact of housing 
quality on inequalities in health and well-being. Annu Rev 
Public Health. 2023;44:233–54.

	 3.	 Howard A, Mansour A, Warren-Myers G, Jensen C, Bent-
ley R. Housing typologies and asthma: a scoping review. 
BMC Public Health. 2023;23(1):1766.

	 4.	 Bryant-Stephens TC, Strane D, Robinson EK, Bhambhani 
S, Kenyon CC. Housing and asthma disparities. J Allergy 
Clin Immunol. 2021;148(5):1121–9.

	 5.	 Rodriguez-Martinez A, Torres-Duran M, Barros-Dios JM, 
Ruano-Ravina A. Residential radon and small cell lung 
cancer. A systematic review. Cancer Lett. 2018;426:57–62.

	 6.	 Singh A, Daniel L, Baker E, Bentley R. Housing disad-
vantage and poor mental health: a systematic review. Am J 
Prev Med. 2019;57(2):262–72.

	 7.	 Riva A, Rebecchi A, Capolongo S, Gola M. Can homes 
affect well-being? A scoping review among housing 
conditions, indoor environmental quality, and men-
tal health outcomes. Int J Environ Res Public Health. 
2022;19(23):15975.

	 8.	 Liu Y, Njai RS, Greenlund KJ, Chapman DP, Croft JB. 
Relationships between housing and food insecurity, fre-
quent mental distress, and insufficient sleep among adults 
in 12 US States, 2009. Prev Chronic Dis. 2014.

	 9.	 Keen R, Chen JT, Slopen N, Sandel M, Copeland WE, 
Tiemeier H. Prospective associations of childhood 
housing insecurity with anxiety and depression symp-
toms during childhood and adulthood. JAMA Pediatr. 
2023;177(8):818–26.

	10.	 Naranjo VI, Hendricks M, Jones KS. Lead toxicity in chil-
dren: an unremitting public health problem. Pediatr Neu‑
rol. 2020;113:51–5.

	11.	 Banks EC, Ferretti LE, Shucard D. Effects of low level 
lead exposure on cognitive function in children: a review 
of behavioral, neuropsychological and biological evi-
dence. Neurotoxicology. 1997;18(1):237–81.

	12.	 Braveman PA, Arkin E, Proctor D, Kauh T, Holm N. 
Systemic and structural racism: definitions, examples, 
health damages, and approaches to dismantling: study 
examines definitions, examples, health damages, and 
dismantling systemic and structural racism. Health Aff. 
2022;41(2):171–8.

	13.	 Gee GC, Ford CL. Structural racism and health inequities: 
old issues, New Directions1. Du Bois Rev: Soc Sci Res 
Race. 2011;8(1):115–32.

	14.	 Bailey ZD, Krieger N, Agénor M, Graves J, Linos 
N, Bassett MT. Structural racism and health inequi-
ties in the USA: evidence and interventions. Lancet. 
2017;389(10077):1453–63.

	15.	 Lynch EE, Malcoe LH, Laurent SE, Richardson J, Mitch-
ell BC, Meier HC. The legacy of structural racism: associ-
ations between historic redlining, current mortgage lend-
ing, and health. SSM-Popul Health. 2021;14:100793.

	16.	 Hillier AE. Redlining and the home owners’ loan corpora-
tion. J Urban Hist. 2003;29(4):394–420.

	17.	 Faber JW. We built this: consequences of new deal era 
intervention in America’s racial geography. Am Sociol 
Rev. 2020;85(5):739–75.

	18.	 Aaronson D, Hartley D, Mazumder B. The effects of the 
1930s HOLC “redlining” maps. Am Econ J Econ Pol. 
2021;13(4):355–92.

	19.	 Aaronson D, Faber J, Hartley D, Mazumder B, Sharkey 
P. The long-run effects of the 1930s HOLC “redlining” 
maps on place-based measures of economic opportu-
nity and socioeconomic success. Reg Sci Urban Econ. 
2021;86:103622.

	20.	 Williams DR, Collins C. Racial residential segregation: 
a fundamental cause of racial disparities in health. Pub‑
lic Health Rep. 2001;116:404–16. https://​doi.​org/​10.​1093/​
phr/​116.5.​404.

	21.	 Roberts JD, Dickinson KL, Hendricks MD, Jennings 
V. “I can’t breathe”: examining the legacy of American 
racism on determinants of health and the ongoing pur-
suit of environmental justice. Curr Environ Health Rep. 
2022;9(2):211–27.

https://doi.org/10.1093/phr/116.5.404
https://doi.org/10.1093/phr/116.5.404


59Historical Redlining and Contemporary Housing Quality

Vol.: (0123456789)

	22.	 Lane HM, Morello-Frosch R, Marshall JD, Apte JS. His-
torical redlining is associated with present-day air pol-
lution disparities in US cities. Environ Sci Technol Lett. 
2022;9(4):345–350.

	23.	 Liu J, Marshall JD. Spatial decomposition of air pollu-
tion concentrations highlights historical causes for cur-
rent exposure disparities in the United States. Environ Sci 
Technol Lett. 2023;10(3):280–6.

	24.	 Cushing LJ, Li S, Steiger BB, Casey JA. Historical red-
lining is associated with fossil fuel power plant siting and 
present-day inequalities in air pollutant emissions. Nat 
Energy. 2023;8(1):52–61.

	25.	 Namin S, Xu W, Zhou Y, Beyer K. The legacy of the 
Home Owners’ Loan Corporation and the political ecol-
ogy of urban trees and air pollution in the United States. 
Soc Sci Med. 2020;246:112758.

	26.	 Nardone A, Rudolph KE, Morello-Frosch R, Casey JA. 
Redlines and greenspace: the relationship between his-
torical redlining and 2010 greenspace across the United 
States. Environ Health Perspect. 2021;129(1):017006.

	27.	 Bartram R. Going easy and going after: building inspec-
tions and the selective allocation of code violations. City 
Community. 2019;18(2):594–617.

	28.	 US Census Bureau. 2015–2019 American community 
survey 5-year estimates. 2020.

	29.	 Ambinakudige S, Parisi D, Cappello GC, Lotfata A. 
Diversity or segregation? A multi-decadal spatial anal-
ysis of demographics of Atlanta neighborhoods. Spat 
Demogr. 2017;5:123–44.

	30.	 City of Atlanta. Code Enforcement Section. https://​
www.​atlan​tapd.​org/​about-​apd/​divis​ions/​chief-​admin​istra​
tive-​office/​code-​enfor​cement-​secti​on. Accessed Decem-
ber 1, 2023.

	31.	 City of Atlanta. Atlanta Online Portal. https://​aca-​prod.​
accela.​com/​ATLAN​TA_​GA/​Defau​lt.​aspx. Accessed 
December 1, 2023

	32.	 Rosalind Bentley. Atlanta mayor signs bill changing 
Confederate street names. The Atlanta Journal-Constitu-
tion. https://​www.​ajc.​com/​news/​local/​just-​atlan​ta-​confe​
derate-​stree​ts-​get-​new-​names/​uStM5​kDReX​0Y5Cm​
emAyg​rM/. Accessed December 8, 2023.

	33.	 Meier H, Mitchell B. Historic redlining scores for 2010 
and 2020 US census tracts. Inter-university Consortium 
for Political and Social Research. 2021. https://​www.​
openi​cpsr.​org/​openi​cpsr/​proje​ct/​141121/​versi​on/​V2/​
view. Accessed 5 Aug 2024.

	34.	 Menendian S, Gailes A, Gambhir S. The roots of struc-
tural racism: twenty-first century racial residential seg-
regation in the United States. 2021. https://​belon​ging.​
berke​ley.​edu/​roots-​struc​tural-​racism.  Accessed 5 Aug 
2024.

	35.	 Silverman B. Kernel density estimation technique for 
statistics and data analysis. Monogr Stat Appl Probab. 
1986;26.

	36.	 Moran PA. Notes on continuous stochastic phenomena. 
Biometrika. 1950;37(1/2):17–23.

	37.	 Waller L, Gotway C. Applied spatial statistics for public 
health data. Hoboken, NJ: Wiley; 2004.

	38.	 Anselin L. Local indicators of spatial association—
LISA. Geogr Anal. 1995;27(2):93–115.

	39.	 Besag J, York J, Mollié A. Bayesian image restoration, 
with two applications in spatial statistics. Ann Inst Stat 
Math. 1991;43:1–20.

	40.	 Coker E, Ghosh J, Jerrett M, et  al. Modeling spatial 
effects of PM2. 5 on term low birth weight in Los Ange-
les County. Environ Res. 2015;142:354–64.

	41.	 Bivand R, Gómez-Rubio V, Rue H. Spatial data analy-
sis with R-INLA with some extensions. J Stat Softw. 
2015;63(20):1–31.

	42.	 Asmarian N, Ayatollahi SMT, Sharafi Z, Zare N. Bayesian 
spatial joint model for disease mapping of zero-inflated 
data with R-INLA: a simulation study and an application 
to male breast cancer in Iran. Int J Environ Res Public 
Health. 2019;16(22):4460.

	43.	 Morales-Otero M, Núñez-Antón V. Comparing Bayesian 
spatial conditional overdispersion and the Besag–York–
Mollié models: application to infant mortality rates. Math‑
ematics. 2021;9(3):282.

	44.	 Joint Center for Housing Studies of Harvard University. 
The State of the Nation’s Housing 2022. https://​www.​
jchs.​harva​rd.​edu/​state-​natio​ns-​housi​ng-​2022. Accessed 
December 7, 2023

	45.	 Taylor L. Housing and health: an overview of the lit-
erature. Health Affairs Health Policy Brief. 2018. https://​
www.​healt​haffa​irs.​org/​do/​10.​1377/​hpb20​180313.​396577/​
full. Accessed 5 Aug 2024.

	46.	 Lemire E, Samuels EA, Wang W, Haber A. Unequal 
housing conditions and code enforcement contribute 
to asthma disparities in Boston, Massachusetts: study 
examines housing conditions, code enforcement, and 
asthma disparities in Boston Massachusetts. Health Aff. 
2022;41(4):563–72.

	47.	 Begley J, Lambie-Hanson L. The home maintenance and 
improvement behaviors of older adults in Boston. Hous 
Policy Debate. 2015;25(4):754–81.

	48.	 Beck AF, Huang B, Chundur R, Kahn RS. Housing code 
violation density associated with emergency department 
and hospital use by children with asthma. Health Aff. 
2014;33(11):1993–2002.

	49.	 Shah SN, Fossa A, Steiner AS, et al. Housing quality and 
mental health: the association between pest infestation and 
depressive symptoms among public housing residents. J 
Urban Health. 2018;95:691–702.

	50.	 Rollings KA, Wells NM, Evans GW, Bednarz A, Yang 
Y. Housing and neighborhood physical quality: chil-
dren’s mental health and motivation. J Environ Psychol. 
2017;50:17–23.

	51.	 Beck AF, Klein MD, Schaffzin JK, Tallent V, Gillam M, 
Kahn RS. Identifying and treating a substandard hous-
ing cluster using a medical-legal partnership. Pediatrics. 
2012;130(5):831–8.

	52.	 Bachelder AE, Stewart MK, Felix HC, Sealy N. Health 
complaints associated with poor rental housing conditions 
in Arkansas: the only state without a landlord’s implied 
warranty of habitability. Front Public Health. 2016;4:263.

	53.	 Rodgers SE, Bailey R, Johnson R, et  al. Health impact, 
and economic value, of meeting housing quality stand-
ards: a retrospective longitudinal data linkage study. Pub‑
lic Health Res. 2018;6(8):1–104.

	54.	 Robb K, Marcoux A, de Jong J. Further inspection: inte-
grating housing code enforcement and social services 

https://www.atlantapd.org/about-apd/divisions/chief-administrative-office/code-enforcement-section
https://www.atlantapd.org/about-apd/divisions/chief-administrative-office/code-enforcement-section
https://www.atlantapd.org/about-apd/divisions/chief-administrative-office/code-enforcement-section
https://aca-prod.accela.com/ATLANTA_GA/Default.aspx
https://aca-prod.accela.com/ATLANTA_GA/Default.aspx
https://www.ajc.com/news/local/just-atlanta-confederate-streets-get-new-names/uStM5kDReX0Y5CmemAygrM/
https://www.ajc.com/news/local/just-atlanta-confederate-streets-get-new-names/uStM5kDReX0Y5CmemAygrM/
https://www.ajc.com/news/local/just-atlanta-confederate-streets-get-new-names/uStM5kDReX0Y5CmemAygrM/
https://www.openicpsr.org/openicpsr/project/141121/version/V2/view
https://www.openicpsr.org/openicpsr/project/141121/version/V2/view
https://www.openicpsr.org/openicpsr/project/141121/version/V2/view
https://belonging.berkeley.edu/roots-structural-racism
https://belonging.berkeley.edu/roots-structural-racism
https://www.jchs.harvard.edu/state-nations-housing-2022
https://www.jchs.harvard.edu/state-nations-housing-2022
https://www.healthaffairs.org/do/10.1377/hpb20180313.396577/full
https://www.healthaffairs.org/do/10.1377/hpb20180313.396577/full
https://www.healthaffairs.org/do/10.1377/hpb20180313.396577/full


60	  Milletich et al.

Vol:. (1234567890)

to improve community health. Int J Environ Res Public 
Health. 2021;18(22):12014.

	55.	 Robb K, Amigo ND, Marcoux A, McAteer M, De 
Jong J. Using integrated city data and machine learn-
ing to identify and intervene early on housing-related 
public health problems. J Public Health Manag Pract. 
2022;28(2):E497.

	56.	 Ross HL. Housing code enforcement and urban decline. J 
Affordable Hous Community Dev Law. 1996:29–46.

	57.	 Aronsohn J. Weaponizing Code Enforcement. Cornell 
Law Rev. 2022;108(1).

	58.	 Bullard RD, Johnson GS. Environmentalism and public 
policy: environmental justice: grassroots activism and its 
impact on public policy decision making. J Soc Issues. 
2000;56(3):555–78.

	59.	 McLafferty S, Schneider D, Abelt K. Placing volunteered 
geographic health information: socio-spatial bias in 311 
bed bug report data for New York City. Health Place. 
2020;62:102282.

	60.	 Liu Z, Bhandaram U, Garg N. Quantifying spatial under-
reporting disparities in resident crowdsourcing. Nat Com‑
put Sci. 2024;4(1):57–65.

	61.	 Marshall MJ, Sokolowsky AN, Burns MS, Gerstenberger 
SL. Landlord-Tenant Hotline Study: characterizing envi-
ronmental hazards in renter-occupied units in Clark 
County Nevada. J Environ Health. 2018;81(3):8–15.

	62.	 Marquez E, Coughenour C, Gakh M, Tu T, Usufzy P, 
Gerstenberger S. A mixed-methods assessment of resi-
dential housing tenants’ concerns about property hab-
itability and the implementation of habitability laws 
in Southern Nevada. Int J Environ Res Public Health. 
2022;19(14):8537.

Publisher’s Note  Springer Nature remains neutral with regard 
to jurisdictional claims in published maps and institutional 
affiliations.

Springer Nature or its licensor (e.g. a society or other partner) 
holds exclusive rights to this article under a publishing 
agreement with the author(s) or other rightsholder(s); author 
self-archiving of the accepted manuscript version of this article 
is solely governed by the terms of such publishing agreement 
and applicable law.


	Historical Redlining and Community-Reported Housing Quality: A Spatial Analysis
	Abstract 
	Introduction
	Methods
	Study Setting
	Data Sources
	Housing Code Complaints
	Geocoding of Housing Code Complaints
	Spatial Data
	Historical Redlining
	Contemporary Segregation, Socio-Environmental, and Housing Characteristics

	Statistical Analyses
	Spatial Analyses
	Hierarchical Spatial Regression Analysis


	Results
	Spatial Patterns of Housing Code Complaints
	Associations Between Historical Redlining, Contemporary Segregation, and Housing Code Complaints

	Discussion
	Limitations

	Conclusion
	Acknowledgements 
	References


