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Abstract Historical redlining is a 1930s residential
segregation policy that graded neighborhoods accord-
ing to race, class, and land-use and has been linked to
worse breast cancer outcomes today. Since redlining
grades were determined by socioeconomic and envi-
ronmental attributes, evaluating neighborhood change
presents a unique opportunity to study the relative
contributions of socioeconomic and physical environ-
ment to breast cancer. We evaluated whether longitu-
dinal neighborhood change, specifically gentrification
and disinvestment, is associated with survival among
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breast cancer cases today. We used historical redlin-
ing grade and labor class census data from 1940 to
2010 to create neighborhood change typologies: sta-
ble high neighborhood socioeconomic status (NSES),
disinvested, gentrified, and stable low NSES; addi-
tional criteria were used for a second, stricter defi-
nition of stable types (“truly stable”). Typologies
were linked to 43,023 breast cancer cases diagnosed
2008-2018 from New York State. Cox models esti-
mated hazard ratios (HR) associated with neighbor-
hood change types, using both stable high NSES and
stable low NSES as referents in separate models. We
found significant survival differences according to
neighborhood change type. All neighborhood change
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typologies had higher mortality risks compared to
stable high NSES, regardless of how stable NSES
was defined. This was consistent in models using sta-
ble low NSES as the referent when stable NSES was
defined broadly, where only stable high NSES was
associated with higher survival (HR=0.73, 95% CI
0.67-0.80) and gentrification and disinvestment did
not show differential mortality risks. However, when
stable NSES is defined conservatively (truly stable
NSES), we found evidence of survival benefits for
disinvestment (HR=0.76, 95% CI 0.65, 0.89) and
gentrification (HR=0.76, 95% CI 0.67, 0.87) com-
pared to truly stable low NSES neighborhoods, and
the survival benefit for truly stable high NSES was
strengthened (HR=0.43, 95% CI 0.35, 0.52), though
sample size is reduced in the truly stable NSES mod-
els. Our results suggest survival is always highest
among consistently high NSES neighborhoods but
that gentrification and disinvestment may offer buff-
ers compared to redlined neighborhoods with con-
sistently low NSES. This study demonstrates the
complexity of neighborhood change and suggests
contemporary socioeconomic conditions and under-
lying physical environment may both be significant
domains for breast cancer outcomes.

Keywords Breast cancer - Survival - Historical
redlining - Neighborhood change - Gentrification -
Disinvestment

Introduction

There are major disparities in breast cancer across
the cancer continuum, with differences according
to race/ethnicity, income, and geography [1]. Evi-
dence suggests disparities are derived in part from
structural drivers that determine socioeconomic
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opportunities, environmental exposures, and access
to health resources [2-5]. One such factor includes
historical redlining, which has been associated
with worse breast cancer endpoints, including more
aggressive subtype, later stage at diagnosis, and
shorter survival [6—12].

Historical redlining refers to a 1930s-era US resi-
dential segregation policy. In response to the Great
Depression and housing crisis, the US federal gov-
ernment created the Home Owners’ Loan Corpora-
tion (HOLC) to appraise neighborhoods for mortgage
security in effort to expand homeownership [13].
HOLC graded neighborhoods explicitly on the basis
of racial, ethnic, and class composition as well as land
use (e.g., residential vs industrial) [14]. HOLC grades
ranged from A (“best”) to D (“hazardous”); D-graded
neighborhoods were colored in red on maps, thus
“redlined.” Though historical redlining was outlawed
through the 1968Fair Housing Act, it helped perpetu-
ate residential segregation and is associated with cur-
rent-day socioeconomic and environmental profiles of
neighborhoods [15, 16].

Historical redlining may be uniquely well-suited
for understanding breast cancer disparities, given
that the grades encompass socioeconomic and envi-
ronmental properties, features that are significant for
breast cancer risk and prognosis [1, 17-19]. This is
further supported by studies showing redlining is
associated with cumulative clustering of breast cancer
risk factors and the breast tumor epigenome [20, 21].
However, it is unclear what the relative contributions
of socioeconomic features versus environmental fea-
tures are in the production of current-day breast can-
cer neighborhood disparities.

While links between historical redlining and breast
cancer have been consistently shown, there is little
research on neighborhood change over time, despite
the policy being nearly a century old. Three studies
on historical redlining and breast cancer have consid-
ered current-day neighborhood socioeconomic status
(NSES), but results are mixed [9-11]. Notably, each
of these studies only considered two time points—
HOLC grades and current-day NSES.

Literature on neighborhood change and health
generally is mixed, with many approaches to define
and measure neighborhood change (i.e., gentrifica-
tion and disinvestment) [22]. Gentrification is defined
as a transition of a neighborhood’s demographic and
socioeconomic conditions from a disadvantaged class
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to privileged class [22, 23]. Though gentrification
results in material improvements of neighborhoods,
the health of original residents may suffer and thus
lead to health consequences and the production of
health disparities [22, 24]. In contrast, neighborhood
disinvestment—which we define as a transition from
privileged to disadvantaged—may lead to deteriora-
tion of the physical environment and fewer socioeco-
nomic and health resources. There is evidence to sug-
gest that NSES decline is associated with particularly
poor health, often with worse outcomes than stable
low NSES [25, 26].

To improve breast cancer survival and reduce dis-
parities, it is crucial to understand whether interven-
tions should focus on improving the socioeconomic
environment or physical environment. That HOLC
grades were explicitly defined by neighborhoods’
socioeconomic features and their land use provides
a unique opportunity to longitudinally follow NSES.
We have previously shown that HOLC grades are
associated with lower overall survival among women
with breast cancer in New York State (NYS) [12].
Here, we used nine time points, including HOLC
grades and eight decennial censuses, to develop
neighborhood change typologies for NYS, with a spe-
cific interest in stable high/low NSES, gentrification,
and disinvestment. We then evaluated 5-year all-cause
survival among a population-based cohort of NYS
breast cancer cases according to these typologies.
Comparing gentrification and disinvestment to their
stable NSES counterparts enables us to characterize
the relative contribution of socioeconomic changes
and underlying physical environment to survival.
Specifically, we used HOLC grades as a surrogate for
underlying physical conditions. We hypothesize sur-
vival is highest in stable high NSES neighborhoods
and lowest in disinvested neighborhoods, while sur-
vival in gentrified neighborhoods is similar to stable
low NSES neighborhoods.

Methods
Study Design and Sample
This population-based cohort study included cases

from the New York State Cancer Registry (NYSCR).
Eligibility criteria included female-only invasive first

primary breast cancer cases, aged>20 years, resi-
dential census tract at diagnosis in a HOLC-graded
neighborhood, and diagnosis during 2008-2018.
There were 60,773 total breast cancer cases from
2,509 HOLC-graded neighborhoods (census tracts)
during this period.

Neighborhood Methodology

There were 18 cities with HOLC maps that span
across NY (Supplemental Fig. 2) [14]. We used the
Historic Redlining Score (HRS) dataset, in which
census tracts were assigned an area-weighted average
HOLC grade; details have been published elsewhere
[27-29]. Census tracts with <20% of area covered by
a historical redlining grade were not assigned a score.
Neighborhoods were eligible for initial inclusion in
the sample if they had a HOLC score.

We used census data to characterize longitudinal
neighborhood change after historical redlining. We
joined the 1940-2014 census tract data to their cor-
responding geographies [30]. Historical census tracts
were separately geolinked to the HRS dataset using
spatial join with the ‘center in’ link; this enabled
us to link all historical census data to 2010 census
tracts. After these linkages, there were 1,828 census
tracts with a HOLC score and census data throughout
1940-2014. Neighborhoods with historical redlining
score and historical NSES data were finally linked to
breast cancer cases through 2010 census tracts. After
restricting to cases with a residential census tract at
diagnosis that had historical NSES data, our final
sample included 43,023 breast cancer cases. Supple-
mental Fig. 3 provides a graphical representation of
the sample selection.

Exposure

Our exposure of interest was neighborhood change
after historical redlining. We operationalized this
change using both HOLC grade data and NSES data
for subsequent decades. Figure 1 is a graphical rep-
resentation of the steps described here. First, neigh-
borhoods were assigned area-weighted HOLC grades,
ranging A to D [29]. Then, neighborhoods were
assigned NSES for each decade during 1940-2010.
NSES was represented by quartile of labor class index
of concentrations at the extremes (labor class-ICE),
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Assign
Calculate neighborhoods

Assign neighborhoods’
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Calculate by-
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period based on

labor class-ICE
quartile

labor class-ICE per
decade for 1940-
2010 period

subtracting prior
decade NSES from
next decade NSES

HOLC grades

Two approaches to
define stable NSES

Fig. 1 Flowchart for defining neighborhood change types

which is a neighborhood-level measure of class seg-
regation [31]. ICE ranges from —1 to 1 and is calcu-
lated as

ICE = (A, - P,)/T;

where for every i™" census tract, A; = number of
professional-class residents; P; = number of work-
ing-class residents; and T; = total population. For
example, a labor class-ICE=—1 means the neighbor-
hood is 100% working class; a labor class-ICE=1
means the neighborhood is 100% professional class;
labor class-ICE=0 means there is complete balance
in working class and professional class residents.
Labor class-ICE was calculated for each decade for
1940-2014 using the decennial census (1940-2000)
and the American Community Survey (ACS;
2010-2014) data. Supplemental Table 1 provides
more detail on class-ICE. Quartile 1 (Q1) represented
the highest NSES (i.e., majority professional class)
and quartile 4 (Q4) represented the lowest NSES (i.e.,
majority working class).

To operationalize NSES change, we took the dif-
ference in NSES quartiles for each decade, subtract-
ing the prior decade from the next decade (e.g., 1940
NSES-1950 NSES). A positive difference reflects an
increase in NSES (i.e., increased proportion of pro-
fessional class), while a negative difference reflects
a decrease in NSES (i.e., increased proportion of
working class). We then summed these differences
across 1940-2010 for an overall change in NSES,
which ranged —3 to 3. Neighborhoods with an over-
all change score of 0 were considered to be stable;
neighborhoods with an overall change score <0 were

@ Springer
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considered to experience NSES decline; neighbor-
hoods with an overall change score>0 were consid-
ered to experience NSES increase.

The NSES trajectory for 1940-2010 was then
compared to HOLC grades to define neighborhood
change. A- and B-graded neighborhoods with stable
NSES over time were defined as stable high NSES.
A- and B-graded neighborhoods that displayed NSES
decline (i.e., negative overall change score) were
defined as disinvested. C- and D-graded neighbor-
hoods with stable NSES over time were defined as
stable low NSES, while neighborhoods that showed
NSES increase (i.e., positive overall change score)
were defined as gentrified. Finally, we found some
neighborhoods had contrasting HOLC grades and
early NSES, which we labeled as “mixed.” A- and
B-graded neighborhoods with middle/low NSES
in the 1940s that increased over time were classi-
fied as A/B-grade mixed NSES. C- and D-graded
neighborhoods with middle/high NSES in the 1940s
that declined over time were classified as C/D-grade
mixed NSES. Supplemental Table 2 provides a table
version of this classification.

As sensitivity analysis to more accurately clas-
sify stable neighborhoods, we further defined truly
stable neighborhoods as those that maintained the
same NSES quartile position for 1940-2010. Simi-
lar to before, truly stable high NSES neighborhoods
were defined as those that were A- or B-grade and
that maintained NSES Q1 or Q2 throughout time;
truly stable low neighborhoods were defined as C- or
D-grade that maintained NSES Q3 or Q4 through-
out time. We used both approaches for defining sta-
ble NSES given there are strengths and limitations to
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each approach: the broad definition of stable NSES
provides a larger sample size and allows for aberrant
changes in NSES but may have larger misclassifica-
tion potential; the conservative definition of stable
NSES likely reduces misclassification but may be
overly conservative and reduces the sample size.

Outcome

Five-year all-cause mortality was the outcome of
interest. Follow-up lasted from January 1, 2008, to
December 31, 2021. To allow equal follow-up for the
cohort, we right-truncated data at 60 months, with an
event defined as death within 5 years of diagnosis,
using presumed months alive as the survival time var-
iable [32]. Cases that were diagnosed after 2016 were
censored if alive at the end of the follow-up period.

Covariates

Our covariates included age, year at diagnosis, and
city of residence at diagnosis, first course treatments
(radiation, chemotherapy, hormone therapy, and sur-
gery), health insurance, and stage at diagnosis. First
course treatments were each categorized as yes (ref-
erent) or no/unknown. Health insurance was catego-
rized as employer-sponsored (referent), Medicare,
Medicaid, dual insurance, uninsured, or unknown.
Stage at diagnosis was categorized as local (referent),
regional, distant, and unknown.

We evaluated race/ethnicity and subtype descrip-
tively. Hormone receptor status was categorized as
positive, negative or unknown based on estrogen
receptor (ER) and progesterone receptor (PR) sta-
tus. Triple negative breast cancer (TNBC) status was
defined as TNBC, non-TNBC, or unknown using ER,
PR, and HER2 data when available. HER2 status
was not routinely collected by NYSCR before 2010,
resulting in a large sample with unknown TNBC
status.

Statistical Analysis

Descriptive statistics were calculated according to
neighborhood change. While we report descriptive

statistics for all six neighborhood change types,
we focused analyses on stable high NSES, dis-
investment, gentrification, and stable low NSES.
Kaplan—Meier curves estimated survival probability
according to neighborhood change.

Cox proportional hazard models estimated haz-
ard ratios (HRs) for 5-year survival associated
with neighborhood change. The proportional haz-
ards assumption was tested through evaluation of
weighted Schoenfeld residuals across time. Age at
diagnosis violated the proportional hazard assump-
tion and was included categorically as a stratifica-
tion variable to allow baseline hazards to vary.
Using a relational approach[33, 34], we ran all Cox
models twice. The first set of Cox models used sta-
ble high NSES as the referent group; in the second
set of Cox models, stable low NSES was used as
the referent group. Using these two referent groups
allows us to control for underlying physical environ-
ment (proxied by HOLC grade) and model the effect
of socioeconomic change on survival and thus eas-
ier interpretation of results. Specifically, disinvest-
ment vs stable high NSES controls for A/B-grade
(good physical environment) and identifies the
effect of NSES decline; gentrification vs stable low
NSES controls for C/D-grade (poor physical envi-
ronment) and identifies the effect of NSES increase.
We re-ran analyses using truly stable NSES types as
a sensitivity check to determine whether the defini-
tion of stable NSES influences results.

Our main models adjusted for city-level clustered
standard errors using robust sandwich covariance
matrix, age (continuous), year at diagnosis, and city
fixed-effects. We additionally adjusted for health
insurance and first course treatment. Finally, we fur-
ther adjusted for stage at diagnosis. We hypothesize
that gentrified neighborhoods may have greater
access to healthcare resources, including screen-
ing and treatment; thus we adjusted for healthcare
factors and stage to test this hypothesis. We ran a
sensitivity analysis adjusting for case race/ethnicity.
While the focus of this study is on the four primary
neighborhood change types (i.e., stable high NSES,
disinvestment, gentrification, and stable low NSES),
we ran Cox models for all six neighborhood change
types as a supplementary analysis. Statistical analy-
ses were conducted using SAS 9.4 (SAS, Cary, NC).
Figures were created using SankeyMATIC, R 4.2.1,
and ArcGIS Pro 10.8 (ESRI, Redlands, CA).

@ Springer
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Results

Among the 43,023 breast cancer cases in this cohort,
9.8% (4224) lived in a stable high NSES neighbor-
hood at diagnosis, 9.9% (4240) lived in a disinvested
neighborhood, 29.8% (12,837) lived in a gentrified
neighborhood, 23.9% (10,293) lived in stable low
NSES neighborhood, 1.6% (668) lived in an A/B-
grade mixed neighborhood, and 25.0% (10,761) lived
in a C/D-grade mixed neighborhood, as shown in
Table 1.

Figure 2 shows cases according to their neighbor-
hoods” HOLC grade and neighborhood change type.
Panel (A) reveals most A-grade neighborhoods main-
tained high NSES throughout time, while roughly
half of B-grade neighborhoods underwent disinvest-
ment. C-grade neighborhoods transitioned to gentri-
fied, stable low NSES, and mixed NSES neighbor-
hoods in roughly equal proportions. Notably, we
found most D-grade neighborhoods were gentrified.
Panel (B) shows the complexity of how neighbor-
hoods change over time, in which many neighbor-
hoods vacillate across NSES quartiles. Supplemental
Fig.3 shows stable high NSES and gentrified neigh-
borhoods have a higher concentration of White resi-
dents and White professional class residents, while
disinvested and stable low NSES neighborhoods are
more heterogeneous for race ICE and racialized eco-
nomic ICE. Supplemental Fig. 4 shows how labor
class ICE changed over 1940-2010 by HOLC grade.

We found differences in case characteristics
according to neighborhood change type (Table 1).
Gentrified neighborhoods had the highest proportion
of cases under 50 years. Disinvested neighborhoods
had the highest proportion of non-Hispanic Black
cases (35.9%) whereas stable high NSES neighbor-
hoods had the highest proportion of non-Hispanic
White cases (71.9%). Local-stage cases were most
prevalent among stable high NSES neighborhoods
(66.1%), while distant-stage cases were most preva-
lent among disinvested and gentrified neighbor-
hoods (7.6% and 7.2%, respectively). The distribu-
tion of cases by hormone receptor status followed
a similar pattern;, HR+/HER2-breast cancer was
most common among stable high NSES neighbor-
hoods, while TNBC was most common in disinvested
neighborhoods.

The Kaplan—-Meier survival curves by the four pri-
mary neighborhood change types are shown in Fig. 3.

@ Springer

Survival significantly differed according to neighbor-
hood change, with stable high NSES having the high-
est survival. Disinvestment had the lowest survival,
and gentrification and stable low NSES had similar
survival probabilities (logrank P <0.0001).

Table 2 (top panel) shows the associations between
neighborhood change and 5-year survival, with sta-
ble NSES types defined broadly. Compared to stable
high NSES, disinvestment is associated with 42%
higher mortality risk (HR=1.42, 95% CI 1.25, 1.62),
gentrification is associated with 48% higher mortal-
ity risk (HR=1.48, 95% CI 1.23, 1.77), and stable
low NSES is associated with 37% higher mortality
risk (HR=1.37, 95% CI 1.25, 1.50). Adjustment for
first course treatments, health insurance, and stage
each attenuated the associations, though all neighbor-
hood change types maintained a significantly higher
mortality risk compared to stable high NSES. When
using stable low NSES as the referent, we confirmed
that stable high NSES is protective (HR=0.76. 95%
CI 0.67, 0.80), but we did not find that mortality risk
is associated with disinvestment (HR =1.04, 95% CI
0.91, 1.19) or gentrification (HR=1.08, 95% CI 0.93,
1.26).

Table 2 (bottom panel) reports the associations
between neighborhood change and 5-year survival,
with stable NSES types defined conservatively (i.e.,
“truly stable”). Using a more restricted referent group
resulted in stronger associations for both truly stable
high NSES and truly stable low NSES referent mod-
els. Compared to truly stable high NSES neighbor-
hoods, we found a significantly higher hazard risk
associated with disinvestment (HR=1.77, 95% CI
1.59, 1.97), gentrification (HR=1.78, 95% CI 1.60,
1.97), and truly stable low NSES (HR=2.33, 95%
CI 1.91, 2.85). Similarly, adjustment for healthcare
factors and stage attenuated HRs, but all neighbor-
hood change types continued to be associated with
significantly higher mortality. In contrast to our
original models, using truly stable low NSES as a
referent revealed all neighborhood change types are
associated with significantly lower mortality risk
in main models. Specifically, we found lower mor-
tality with disinvestment (HR=0.76, 95% CI 0.65,
0.89) and gentrification (HR=0.76, 95% CI 0.67,
0.87). After adjustment for healthcare factors and
stage, we found a significant protect effect persisted
for all neighborhood change types, though the effect
for gentrification attenuated slightly more than for
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Table 1 Descriptive statistics of breast cancer cohort according to neighborhood change after historical redlining

Neighborhood change types

Characteristic Total Stable high Disinvested  Gentrified Stable low Mixed—A/B Mixed—C/D
NSES NSES
N=43,023 4224 (9.8%) 4240 (9.9%) 12,837 (29.8%) 10,293 (23.9%) 668 (1.6%) 10,761 (25.0%)
Survived <5 7147 (16.6%) 534 (12.6%) 775 (18.3%) 2157 (16.8%) 1700 (16.5%) 90 (13.5%) 1891 (17.6%)
years
Age at diag-
nosis
<40 3207 (7.5%) 277 (6.6%) 301 (7.1%) 1048 (8.2%) 779 (1.6%) 45 (6.7%) 757 (7.0%)
40-49 7893 (18.3%) 725 (17.2%) 733 (17.3%) 2495 (19.4%) 1781 (17.3%) 108 (16.2%) 2051 (19.1%)
50-64 16,066 (37.3%) 1457 (34.5%) 1711 (40.4%) 4595 (35.8%) 3841 (37.3%) 259 (38.8%) 4203 (39.1%)
65-74 8945 (20.8%) 986 (23.3%) 862 (20.3%) 2601 (20.3%) 2213 (21.5%) 149 (22.3%) 2134 (19.8%)
75+ 6912 (16.1%) 779 (18.4%) 633 (149%) 2098 (16.3%) 1679 (16.3%) 107 (16.0%) 1616 (15.0%)
Race/ethnicity
Hispanic 8522 (19.8%) 404 (9.6%) 915 (21.6%) 2103 (16.4%) 2154 (20.9%) 71 (10.6%) 2875 (26.7%)
Non-His- 11,760 27.3%) 407 (9.6%) 1522 (35.9%) 3472 (27.0%) 2838 (27.6%) 120 (18.0%) 3401 (31.6%)
panic Black
Non-His- 17,529 (40.7%) 3035 (71.9%) 1452 (342%) 5948 (46.3%) 4191 (40.7%) 404 (60.5%) 2499 (23.2%)
panic White
Non-His- 4874 (11.3%) 345 (8.2%) 325 (7.7%) 1213 (9.4%) 1027 (10.0%) NA 1898 (17.6%)
panic other*
Non- 338 (0.8%) 33 (0.8%) 26 (0.6%) 101 (0.8%) 83 (0.8%) NA 88 (0.8%)
Hispanic,
unknown race
Stage at diag-
nosis
Local 25,772 (59.9%) 2794 (66.1%) 2438 (57.5%) 7647 (59.6%) 6179 (60.0%) 414 (62.0%) 6300 (58.5%)
Regional 13,068 (30.4%) 1074 (25.4%) 1364 (32.2%) 3870 (30.1%) 3175 (30.8%) 198 (29.6%) 3387 (31.5%)
Distant 2949 (6.9%) 244 (5.8%) 323 (7.6%) 923 (7.2%) 680 (6.6%) 36 (5.4%) 743 (6.9%)
Unknown 1234 2.9%) 112 (2.7%) 115 (2.7%) 397 3.1%) 259 2.5%) 20 (3.0%) 331 (3.1%)
Hormone
receptor
status
HR+/HER- 22,146 (69.0%) 2383 (76.5%) 2064 (65.7%) 6595 (69.6%) 5364 (68.9%) 354 (73.6%) 5386 (66.4%)
HR +/ 3934 (12.3%) 339 (10.9%) 424 (13.5%) 1139 (12.0%) 941 (12.1%) 54 (11.2%) 1037 (12.8%)
HER2 +
HR-/HER2 + 1728 (5.4%) 120 (3.9%) 170 (5.4%) 494 (5.2%) 434 (5.6%) 23 (4.8%) 487 (6.0%)
TNBC 4297 (13.4%) 273 (8.8%) 482 (15.4%) 1243 (13.1%) 1051 (13.5%) 50 (10.4%) 1198 (14.8%)
Insurance status
Employer- 18,936 (44.0%) 2191 (51.9%) 1679 (39.6%) 6136 (47.8%) 4539 (44.1%) 349 (52.2%) 4042 (37.6%)
insured**
Medicaid 9209 (21.4%) 409 (9.7%) 1043 (24.6%) 2325 (18.1%) 2155(20.9%) 95(142%) 3182 (29.6%)
Medicare** 6804 (15.8%) 896 (21.2%) 653 (15.4%) 2020 (15.7%) 1708 (16.6%) 116 (17.4%) 1411 (13.1%)
Dual eligibil- 6160 (14.3%) 543 (12.9%) 655 (15.4%) 1778 (13.9%) 1484 (14.4%) 85 (12.7%) 1615 (15.0%)
1ty
Uninsured 763 (1.8%) 57 (1.3%) 97 (2.3%) 223 (1.7%) 173 (1.7%) NA 205 (1.9%)
Unknown 1151 2.7%) 128 (3.0%) 113 2.7%) 355 (2.8%) 234 (2.3%) NA 306 (2.8%)
Metropolitan
area size
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Table 1 (continued)

Neighborhood change types

Characteristic Total Stable high Disinvested  Gentrified Stable low Mixed—A/B Mixed—C/D
NSES NSES

NYC bor- 39,127 (90.9%) 3539 (83.8%) 3395 (80.1%) 12,186 (94.9%) 9159 (89.0%) 644 (96.4%) 10,204 (94.8%)
ough

Large metro- 3219 (7.5%) 514 (12.2%) 686 (16.2%) 604 (4.7%) 989 (9.6%) NA 426 (4.0%)
politan area

Medium 677 (1.6%) 171 (4.1%) 159 (3.8%) 47 (0.4%) 145 (1.4%) 24 (3.6%) 131 (1.2%)
metropolitan

area

Statistical significance estimated using chi-square tests. Reported percent is column percent. Stable high =neighborhood was A/B
grade and high NSES throughout. Stable low =neighborhood was C/D grade and low NSES throughout. Disinvested = neighborhood
was A/B grade and NSES declined during the period. Gentrified =neighborhood was C/D grade and NSES increased during the
period. Mixed—A/B =neighborhood was A/B grade with low NSES that increased over time. Mixed—C/D =neighborhood was C/D

grade with high NSES that declined over time

“Non-Hispanic other group combined non-Hispanic Asian/Pacific Islander and American Indian/Alaskan Native

“"The following insurance types were grouped with Medicare due to a small sample size: Military, Veterans Affairs, Indian/Public
Health Service. TRICARE was classified as employer-sponsored insurance

disinvestment (HRgeppification =0-88, 95% CI 0.78,
1.00; HR jiginvestment = 0-82, 95% CI 0.70, 0.98).

Supplemental Table 3 reports results after adjust-
ing for race/ethnicity in models. Results were largely
similar to healthcare-adjusted results shown in
Table 2. Adjustment for race/ethnicity resulted in
disinvestment and gentrification becoming margin-
ally non-significant when compared to truly stable
low NSES neighborhoods (disinvestment HR =0.82,
95% CI 0.62, 1.07; gentrification HR=0.83, 95% CI
0.68, 1.02). Supplemental Table 4 shows results using
all six neighborhood change types. The HR for A/B-
grade mixed NSES is similar to that for disinvest-
ment, and the HR for C/D-grade mixed NSES is simi-
lar to that for gentrification. In other words, effects for
these mixed types seem to follow HOLC grade pat-
terns rather than subsequent NSES change.

Discussion

We found that a neighborhood’s HOLC grade and
subsequent long-term socioeconomic pattern is asso-
ciated with survival in a contemporary cohort of
breast cancer cases. Using a longitudinal neighbor-
hood approach that used original HOLC grades and
80 years of census data on labor class segregation, we
identified six overall neighborhood change typolo-
gies in this N'Y-based cohort, including four primary
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typologies: stable high and low NSES, disinvestment,
and gentrification. The largest and most consistent
survival disparity relates to whether a neighborhood
had stable high NSES or not, where stable high NSES
was associated with the highest survival. We also
found gentrification and disinvestment were associ-
ated with higher survival than stable low NSES when
stable low NSES was defined conservatively.

The results provide important information on
neighborhood determinants of breast cancer survival
and potential pathways by which HOLC grades may
continue to be influential. HOLC appraised neighbor-
hoods on their race and class composition as well as
the land use. D-grade neighborhoods, specifically,
were often near industrial sites, which may continue
to present environmental hazards [14, 35-38]. Text-
based analyses of HOLC grades provide evidence that
environmental features of neighborhoods were influ-
ential in grade assignment, such that polluted areas
were assigned worse grades [39]. Further, HOLC
grades may have informed highway construction and
industrial siting, as D-graded neighborhoods have
a higher density and closer proximity to highways
and oil and gas wells [36, 40]. Given this evidence,
we argue that HOLC grades encompass both envi-
ronmental and socioeconomic profiles and informed
urban development through the twentieth century.
Creating neighborhood change types dependent on
HOLC grades allows us to partially disentangle the
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effects of underlying physical environment from soci-
oeconomic changes in their contribution to redlin-
ing-based survival disparities observed today. While
we hypothesized disinvested neighborhoods would
have the lowest survival due to their socioeconomic
decline, our results suggest disinvested neighbor-
hoods may have a beneficial physical environment
due to their historical A/B grade that could provide
a health buffer. Consistent with our hypothesis, we
found gentrified neighborhoods do not have the same
survival benefits as stable high NSES neighborhoods
despite their socioeconomic increase. We believe this
may be due to a poor underlying physical environ-
ment from their C/D grade and presumed increased
exposure to noxious factors, such as proximity to his-
torical industrial sites [36, 39]. This interpretation is
further supported by our supplementary results that
used all six neighborhood change types, in which the
mixed NSES types seem to follow a HOLC gradi-
ent rather than a subsequent NSES change gradient
(i.e., despite a decreasing NSES over time, C/D-grade
mixed neighborhoods had similar HRs as gentrified
neighborhoods).

Comparing and contrasting results according to
neighborhood change type may inform intervention
points to improve survival. For instance, our finding
that disinvestment and gentrification are associated
with higher survival compared to stable low NSES
neighborhoods suggests that these transformations
may confer protection. Disinvested neighborhoods
that were previously A/B-grade may benefit from the
underlying physical environment, whereas the NSES
increase in gentrified neighborhoods may provide
health buffer against the C/D-grade adverse underly-
ing environment. Adjustment for healthcare factors
and stage attenuated the protective effects of gentrifi-
cation more so than disinvestment. This could be due
to gentrified neighborhoods deriving benefits from
increased access to health resources over time. If rep-
licated, these findings could have important impli-
cations for interventions to remove residual effects
of historical redlining. Overall, our results suggest
investment in neighborhoods—whether socioeco-
nomic or environmental—may confer health advan-
tages, including to women with breast cancer.

To our knowledge, this is the first study to use
the full period spanning the development of HOLC
maps to current day to characterize neighborhood
change and subsequent health outcomes. Our study is

thematically similar to prior work investigating his-
torical redlining with contemporary socioeconomic
neighborhood characteristics, along with applied
geography studies that have classified longitudinal
neighborhood transitions [7, 9-11, 41-44]. Previ-
ous studies on historical redlining and breast cancer
that considered neighborhood change have used only
contemporary neighborhood characteristics to opera-
tionalize changes (i.e., two time points). Results have
been inconsistent. Some have found only persistent
disadvantage is associated with adverse outcomes
[7, 11], while others have found only socioeconomic
changes are associated with adverse endpoints [9, 10].
Findings from an investigation on historical redlining
and life expectancy suggest declines in property value
would have stronger effects among A-graded neigh-
borhoods than D-graded (i.e., similar to our definition
of disinvestment), while urban renewal projects (i.e.,
gentrification) explain little of the disparity [44]. We
build upon this literature, and longitudinal neighbor-
hood trajectory studies [41-43], by utilizing a larger
time window to characterize neighborhood change.
Further, we show that associations for gentrification
and disinvestment with survival differ based on how
stable NSES is defined, highlighting the complicated
nature of studying neighborhood trajectories.

The effects we detected associated with gentrifi-
cation and disinvestment could be related to multi-
ple pathways. Gentrification has been linked to both
positive and negative health effects [24, 45]. Positive
health effects may come through economic develop-
ment, increases in health-protective resources, and
improvement of the built environment and neigh-
borhood greening [22]. However, these place-based
resource improvements may provide health benefits to
the incoming demographic groups (typically younger
White professionals) but may not outweigh the conse-
quences faced by original demographic groups (typi-
cally older Black and/or Hispanic working-class resi-
dents) [23]. Gentrification has also been associated
with reduced social networks and social cohesion
and increased psychosocial stress. We posit that the
initial protective effect from gentrification compared
to stable low NSES we found is due higher access
to health resources, such as screening, health insur-
ance, and treatment. While gentrification may involve
improvements to the environmental conditions, we
assume that this does not necessarily include reme-
diation of industrial toxic sites or re-routing/removal
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«Fig. 2 Breakdown of cases according to HOLC grade and
neighborhood change type. A Simplified depiction of HOLC
grade (left) to neighborhood change (right), with sample
size. B Cases according to HOLC grade (left), NSES quartile
(Q1-Q4) by decade for 1940-2010 (middle), and neighbor-
hood change type (right). Beginning node (left) and flows
are colored according to HOLC grade; end node (right) are
colored according to neighborhood change type

of highway systems, which were often placed in the
C/D-graded neighborhoods [45-47]. Thus, we sus-
pect this may contribute to worse survival associated
with gentrification (compared to stable high NSES).
The higher survival associated with gentrification
compared to stable low NSES could be due to dif-
ferences in populations and baseline mortality risk,
as adjustment for race/ethnicity led to gentrification
becoming marginally non-significant in our sensi-
tivity analysis. However, given the large effect size
after adjustment (HR=0.83) and that we observed
similar patterns with disinvested neighborhoods, we
believe the lower mortality risk associated with gen-
trification is not solely due to population differences.
Neighborhood disinvestment may impact health out-
comes through deterioration of physical environment,
increased psychosocial stress, and reduced access to
health resources [48]. NSES declines have been asso-
ciated with numerous adverse health outcomes, lower
health-related quality of life, colorectal cancer risk,
late-stage breast cancer, and breast cancer mortality
[25, 26, 49].

A specific complexity of assessing neighborhood
change is the timing of neighborhood transforma-
tions versus the latency of breast cancer mortality and
intermediate pathways. Consistent with prior work
[50], our data suggest neighborhood transformations
occurred during the 1960s—1980s. This period coin-
cides with the introduction and widespread use of
mammography, which may be a temporally related
pathway that could influence mortality [51]. Fun-
damental cause theory would suggest the highest-
advantage areas would likely be the first populations
to gain screening access [52]. Given we observe
non-redlined neighborhoods transition to disinvest-
ment during this period, it is possible these neighbor-
hoods did not have the same screening investment as
stable high NSES neighborhoods from the beginning
and thus had reduced screening long-term. Long-
term erosion of social capital and social networks in
gentrified and disinvested neighborhoods could have

contemporaneous influences on healthcare engage-
ment [53]. Furthermore, these neighborhood transfor-
mations may impact the diet of residents both posi-
tively, through increases in quality supermarkets, or
negatively, through increases in non-nutritious and
ultra-processed foods from food swamps, which have
been linked to cancer mortality [54, 55]. Finally,
chronic exposure to pollutants has been associated
with breast cancer mortality [56]. Moreover, there is
evidence that environmental toxins and pollution can
lead to transgenerational epigenetic modifications
[57, 58]; this pathway may allow for historical expo-
sures to persist and influence present-day health and
mortality.

The main strength of this study is the use of 80
years of census data to characterize neighborhood
change after historical redlining across multiple cit-
ies in NY. Neighborhood studies are often limited by
assessing health outcomes cross-sectionally or use a
baseline measure of neighborhood to evaluate later
health outcomes [59]. While we are unable to evalu-
ate cases’ residential history before or after diagnosis,
which would allow us to assess neighborhoods lon-
gitudinally at the individual-level, we believe charac-
terizing neighborhoods according to socioeconomic
transitions deepens our understanding of how histori-
cal redlining influenced urban development and the
pathways to contemporary health outcomes. Further-
more, operationalizing neighborhood change accord-
ing to a sum of differences in NSES quartiles across
time allows for neighborhoods to undergo aberrant
changes without affecting their neighborhood change
classification. Additionally, our large sample size pro-
vided power to evaluate according to multiple neigh-
borhood types. Relatedly, the geographic spread of
HOLC-graded cities in NY allows for robust multi-
level models. Though there is skepticism about the
validity of HOLC grades as deprivation proxies [60],
we argue HOLC grades helped establish socio-envi-
ronmental inequality in urban areas and inequitable
development [16]. We believe using historical redlin-
ing grades in conjunction with socioeconomic tra-
jectories provides a unique opportunity to contrast
physical environment to socioeconomic changes in
order to identify possible intervention points, similar
to a natural experiment. Though further research is
needed, HOLC grades provide a historical perspec-
tive of physical environment that would not be pos-
sible from NSES trajectories alone.
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5-Year Survival by Neighborhood Change

Neighborhood change: = Stable high NSES

— Stable low NSES Gentrification = Disinvestment

1.001
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Fig. 3 Kaplan Meier curves showing 5-year survival probability according to neighborhood change

While our use of eight decades of census data to
characterize neighborhood change presents impor-
tant novelties, it warrants consideration of the limi-
tations. First, the quality of US census data varies
across time. Furthermore, much of the US was not
covered by the census before 1980; thus, some cit-
ies with HOLC maps were not included in the pre-
sent sample due to lack of earlier census data,
resulting in a reduction in sample size from 60,773
eligible cases to 43,023 cases in the analytic sam-
ple. We linked historical census data to HOLC
grades through spatial joins; thus, misclassification
of NSES quartile and HOLC grade is possible, par-
ticularly given neighborhood boundaries change over
time. We used labor class ICE to define our NSES
quartiles. ICE is a measure of segregation (here,
labor class segregation) and not necessarily neigh-
borhood socioeconomic composition. However,
ICE measures are more robust for small areas, such
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as census ftracts, Compared to other measures (e.g.,
Gini coefficient) [31]. Further, occupation is one
of the few demographic features that was collected
by the census throughout our study period. Addi-
tionally, our neighborhood change approach could
be vulnerable to exposure misclassification. For
instance, if a neighborhood changed from quartile 4
to quartile 1 and then back to quartile 4 across the
1940-2010period, this neighborhood would have a
sum of differences =0 and thus be classified as sta-
ble. We attempted to mitigate this misclassification
by using a more restrictive definition of stable neigh-
borhoods. Yet we cannot rule out exposure misclas-
sification as a potential source of bias. Moreover, we
represented socioeconomic increases and declines
as gentrification and disinvestment, respectively,
but both of these phenomena are sociologically and
empirically difficult to define [24]. Given multiple
models were used, there is a chance some findings
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Table 2 Hazard ratios of 5-year all-cause mortality after breast cancer associated with neighborhood change types before and after

adjustment for select covariates

Healthcare-adjusted Stage-adjusted

model?

model®

Cases Deaths Unadjusted model Main model'
Neighborhood change N N HR (95% CI) HR (95% CI)
Stable NSES defined broadly
Stable high NSES as ref
Stable high NSES (ref)? 4224 534 1.0 1.0
Disinvestment® 4240 775  1.62 (1.26,2.08) 1.42(1.25,1.62)
Gentrification® 12,837 2157 1.45(1.18,1.78) 1.48 (1.23,1.77)
Stable low NSES! 10,293 1700  1.41(1.26,1.58) 1.37 (1.25,1.50)
Stable low NSES as ref
Stable high NSES* 4224 534 0.71(0.63,0.79) 0.73 (0.67, 0.80)
Disinvestment® 4240 775  1.15(0.97,1.36) 1.04 (091, 1.19)
Gentrification® 12,837 2157 1.03(0.91,1.17) 1.08 (0.93, 1.26)
Stable low NSES (ref)¢ 10,293 1700 1.0 1.0
Stable NSES defined conservatively (truly stable)
Truly stable high NSES as ref
Truly stable high NSES (ref)® 2774 299 1.0 1.0
Disinvestment® 4240 775 196 (1.64,2.35) 1.77 (1.59,1.97)
Gentrification® 12,837 2157 1.76 (1.49,2.08) 1.78 (1.60, 1.97)
Truly stable low NSES' 911 202  2.38(1.77,3.19) 2.33(1.91,2.85)
Truly stable low NSES as ref
Truly stable high NSES® 2774 299  0.42(0.31,0.56) 0.43(0.35, 0.52)
Disinvestment® 4240 775  0.82(0.69, 0.99) 0.76 (0.65, 0.89)
Gentrification® 12,837 2157  0.74 (0.62, 0.88) 0.76 (0.67, 0.87)
Truly stable low NSES (ref)" 911 202 1.0 1.0

HR (95% CI)

1.0
1.21 (1.15, 1.28)
1.31 (1.20, 1.44)
1.25 (1.15, 1.36)

0.80 (0.73, 0.87)
0.97 (0.89, 1.05)
1.05 (0.94, 1.16)

1.0

1.0
1.39 (1.29, 1.49)
1.48 (1.37, 1.59)
1.68 (1.45, 1.96)

0.59 (0.51, 0.69)
0.82 (0.71, 0.96)
0.88 (0.77, 1.00)

1.0

HR (95% CI)

1.0
1.18 (1.08, 1.30)
1.28 (1.15, 1.42)
1.23 (1.13, 1.33)

0.82 (0.75, 0.89)
0.97 (0.90, 1.04)
1.04 (0.96, 1.13)

1.0

1.0
1.34 (1.22, 1.47)
1.43 (1.32, 1.56)
1.63 (1.37, 1.93)

0.61 (0.52, 0.73)
0.82 (0.70, 0.98)
0.88 (0.78, 1.00)

1.0

Deaths are within 5 years since diagnosis

Stable high NSES = A/B grade and consistently high NSES throughout 1940-2010

®Disinvestment = A/B grade with overall decline in NSES during 1940-2010

“Gentrification =C/D grade with overall increase in NSES during 1940-2010

dStable low NSES =C/D grade with consistently high NSES throughout 1940-2010

Truly stable high NSES = A/B grade and consistently high NSES throughout 19402010, defined as consistently Q1 or consistently Q2
Truly stable low NSES = C/D grade with consistently high NSES throughout 1940-2010, defined as consistently Q3 or consistently Q4

! Adjusted for age at diagnosis (continuous), year at diagnosis (continuous), city fixed effects (n=17)

2Adjusted for main model covariates (1) radiation (yes, no/unknown), chemotherapy (yes, no/unknown), hormone therapy (yes, no/
unknown), surgery (yes, no/unknown), insurance (employer-sponsored, Medicare, Medicaid, dual, uninsured, and unknown)

3 Adjusted for healthcare-adjusted model covariates (2)+ stage (local, regional, distant, and unknown)

are false positives; future studies are needed to vali-
date these findings. Finally, there are limitations with
NYSCRdata. NYSCR collects residential neighbor-
hood only at diagnosis; thus, we cannot account for
residential mobility before or after cancer diagnosis.
Further, we have no way of testing whether individu-
als lived in the neighborhoods during the change
(i.e., experienced gentrification or disinvestment) or
lived in a neighborhood after it underwent a change.

Individual-level variables, such as lifestyle factors
or SES, are not collected by NYSCR. Finally, first-
course treatment and health insurance were collected
only at diagnosis and have also been shown to differ
in sensitivity by case factors [61, 62].

Neighborhood socioeconomic trajectories after
historical redlining are associated with contemporary
breast cancer survival. Our results indicate that the
physical environment and socioeconomic resources

@ Springer



Lima et al.

may interact to shape breast cancer prognosis and
survival. These long-term trajectories may influence
breast cancer incidence as well, which should be
evaluated in the future. Future research is needed to
identify potential neighborhood-level interventions to
improve breast cancer survival.

Acknowledgements We thank and acknowledge the NYSCR
for access to data. NYSCR data used in this study was sup-
ported in part by cooperative agreement 6NU58DP006309
awarded to the New York State Department of Health by the
Centers for Disease Control and Prevention (CDC) and by
Contract 75N91018D00005 (Task Order 75N91018F00001)
from the National Cancer Institute (NCI), National Institutes
of Health, Department of Health and Human Services. Its
contents are solely the responsibility of the New York State
Department of Health and do not necessarily represent the offi-
cial views of the CDC or the NCI. SM Lima is supported by a
Postdoctoral Training Fellowship (T32 CA261787).

Author Contributions Sarah M. Lima: conceptualization,
design, formal analysis, methodology, visualization, writ-
ing—original draft, and writing—review and editing. Tia M.
Palermo: conceptualization, design, methodology, supervision,
and writing—review and editing. Furrina F. Lee: data curation,
methodology, and writing—review and editing. Tabassum Z.
Insaf: data curation, methodology, and writing—review and
editing. Jared Aldstadt: methodology and writing—review and
editing. Lili Tian: methodology and writing—review and edit-
ing. Helen C. S. Meier: data curation, methodology, and writ-
ing—review and editing. Henry Louis Taylor Jr.: conceptual-
ization and writing—review and editing. Deborah O. Erwin:
writing—review and editing. Heather M. Ochs-Balcom: con-
ceptualization, design, methodology, supervision, and writ-
ing—review and editing.

Data Availability Historical redlining score data are publicly
available for download at: https://www.openicpsr.org/openicpst/
project/141121/version/V2/view. Census data are publicly avail-
able at data.cenus.gov. Breast cancer data were sourced from
the NYSCR. These data cannot be shared because of privacy.
Access to NYSCR data requires approval from the NYSCR. The
NYSCR can be contacted at: nyscr@health.ny.gov.

References

1. Coughlin SS. Social determinants of breast can-
cer risk, stage, and survival. Breast Cancer Res
Treat. 2019;177(3):537-48.  https://doi.org/10.1007/
$10549-019-05340-7.

2. Tehranifar P, Goyal A, Phelan JC, et al. Age at cancer
diagnosis, amenability to medical interventions, and
racial/ethnic disparities in cancer mortality. Cancer
Causes Control. 2016;27(4):553-60. https://doi.org/10.
1007/s10552-016-0729-2.

3. Williams DR, Mohammed SA, Shields AE. Understand-
ing and effectively addressing breast cancer in African

@ Springer

10.

12.

13.

14.

15.

17.

American women: unpacking the social context. Cancer.
2016;122(14):2138-49. https://doi.org/10.1002/cncr.
29935.

Daly B, Olopade OI. A perfect storm: how tumor biol-
ogy, genomics, and health care delivery patterns collide
to create a racial survival disparity in breast cancer and
proposed interventions for change. CA Cancer J Clin.
2015;65(3):221-38. https://doi.org/10.3322/caac.21271.
Jatoi I, Anderson WF, Rao SR, Devesa SS. Breast can-
cer trends among black and white women in the United
States. J Clin Oncol. 2005;23(31):7836-41.

Bikomeye JC, Zhou Y, McGinley EL, et al. Histori-
cal redlining and breast cancer treatment and survival
among older women in the US. J Natl Cancer Inst.
2023. https://doi.org/10.1093/jnci/djad034.
Miller-Kleinhenz JM, Barber LE, Maliniak ML, et al.
Historical redlining, persistent mortgage discrimination,
and race in breast cancer outcomes. JAMA Netw Open.
2024;7(2):  e2356879. https://doi.org/10.1001/jaman
etworkopen.2023.56879.

Plascak JJ, Beyer K, Xu X, Stroup AM, Jacob G, Lla-
nos AAM. Association between residence in historically
redlined districts indicative of structural racism and
racial and ethnic disparities in breast cancer outcomes.
JAMA Netw Open. 2022;5(7): €2220908-2220908.
https://doi.org/10.1001/jamanetworkopen.2022.20908.
Krieger N, Wright E, Chen JT, Waterman PD, Hunt-
ley ER, Arcaya M. Cancer stage at diagnosis, histori-
cal redlining, and current neighborhood characteristics:
breast, cervical, lung, and colorectal cancers, Massachu-
setts, 2001-2015. Am J Epidemiol. 2020;189(10):1065—
75. https://doi.org/10.1093/aje/kwaa045.

Wright E, Waterman PD, Testa C, Chen JT, Krieger N.
Breast cancer incidence, hormone receptor status, his-
torical redlining, and current neighborhood characteris-
tics in Massachusetts, 2005-2015. JNCI Cancer Spectr.
2005. https://doi.org/10.1093/jncics/pkac016.

. Loehrer AP, Weiss JE, Chatoorgoon KK, et al. Resi-

dential redlining, neighborhood trajectory, and equity
of breast and colorectal cancer care. Ann Surg. 2023.
https://doi.org/10.1097/SLA.0000000000006156.

Lima SM, Palermo TM, Lee FF, et al. Historical redlin-
ing and all-cause survival after breast cancer diagnosis.
Cancer Epidemiol Biomarkers Prev. 2025. https://doi.
org/10.1158/1055-9965 .Epi-24-1862.

Rothstein R. The color of law: a forgotten history of how our
government segregated America. Liveright Publishing; 2017.
Nelson RK, Winling L, Marciano, Connolly N, et al. Map-
ping inequality. Available from: https://dsl.richmond.edu/
panorama/redlining/. Accessed 25 Mar 2025.

Madrigano J, Calvo Hernandez C, Stephenson S, et al.
Environmental racism: the relationship between historical
residential redlining and current environmental hazards.
ISEE Conference; 2021.

Swope CB, Hernandez D, Cushing LJ. The relationship
of historical redlining with present-day neighborhood
environmental and health outcomes: a scoping review and
conceptual model. J Urban Health. 2022;99(6):959-83.
https://doi.org/10.1007/s11524-022-00665-z.

McCullough LE. The long red line: breast cancer inci-
dence at the intersection of unjust structural policies and


https://www.openicpsr.org/openicpsr/project/141121/version/V2/view
https://www.openicpsr.org/openicpsr/project/141121/version/V2/view
https://data.cenus.gov
https://nyscr@health.ny.gov
https://doi.org/10.1007/s10549-019-05340-7
https://doi.org/10.1007/s10549-019-05340-7
https://doi.org/10.1007/s10552-016-0729-2
https://doi.org/10.1007/s10552-016-0729-2
https://doi.org/10.1002/cncr.29935
https://doi.org/10.1002/cncr.29935
https://doi.org/10.3322/caac.21271
https://doi.org/10.1093/jnci/djad034
https://doi.org/10.1001/jamanetworkopen.2023.56879
https://doi.org/10.1001/jamanetworkopen.2023.56879
https://doi.org/10.1001/jamanetworkopen.2022.20908
https://doi.org/10.1093/aje/kwaa045
https://doi.org/10.1093/jncics/pkac016
https://doi.org/10.1097/SLA.0000000000006156
https://doi.org/10.1158/1055-9965.Epi-24-1862
https://doi.org/10.1158/1055-9965.Epi-24-1862
https://dsl.richmond.edu/panorama/redlining/
https://dsl.richmond.edu/panorama/redlining/
https://doi.org/10.1007/s11524-022-00665-z

After the Maps: Assessing Longitudinal Neighborhood Change After Historical Redlining with...

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

their contemporary manifestations. JNCI Cancer Spectr.
2022. https://doi.org/10.1093/jncics/pkac018.

Terry MB, Colditz GA. Epidemiology and risk factors
for breast cancer: 21st century advances, gaps to address
through interdisciplinary science. Cold Spring Harb Per-
spect Med. 2023. https://doi.org/10.1101/cshperspect.
a041317.

Breast Cancer Risk and Prevention. American Cancer
Society. Available at: https://www.cancer.org/cancer/
types/breast-cancer/risk-and-prevention.html. Accessed 6
Oct 2026.

Lima SM, Palermo TM, Aldstadt J, et al. Historical redlin-
ing and clustering of present-day breast cancer factors.
Cancer Causes Control. 2025. https://doi.org/10.1007/
$10552-024-01950-9.

Miller-Kleinhenz JM, Moubadder L, Beyer KM, et al.
Redlining-associated methylation in breast tumors: the
impact of contemporary structural racism on the tumor
epigenome. Front Oncol. 2023;13: 1154554. https://doi.
org/10.3389/fonc.2023.1154554.

Cole HVS, Mehdipanah R, Gullén P, Triguero-Mas
M. Breaking down and building up: gentrification,
its drivers, and urban health inequality. Curr Environ
Health Rep. 2021;8(2):157-66. https://doi.org/10.1007/
s40572-021-00309-5.

Glass R. London: aspects of change. London: MacGibbon
& Kee; 1964.

Bhavsar NA, Kumar M, Richman L. Defining gentrifica-
tion for epidemiologic research: a systematic review. PLoS
ONE. 2020;15(5): e0233361. https://doi.org/10.1371/
journal.pone.0233361.

Zhang D, Matthews CE, Powell-Wiley TM, Xiao Q. Ten-
year change in neighborhood socioeconomic status and
colorectal cancer. Cancer. 2019;125(4):610-7. https://doi.
org/10.1002/cner.31832.

Chrisinger BW, Springfield S, Whitsel EA, et al. The
association of neighborhood changes with health-related
quality of life in the women’s health initiative. Int J Envi-
ron Res Public Health. 2022;19(9):5309.

Lynch EE, Malcoe LH, Laurent SE, Richardson J, Mitch-
ell BC, Meier HCS. The legacy of structural racism:
associations between historic redlining, current mortgage
lending, and health. SSM Popul Health. 2021;14: 100793.
https://doi.org/10.1016/j.ssmph.2021.100793.

Meier HCS, Mitchell BC. Historic redlining scores for
2010 and 2020 US Census Tracts [cited 2025 Mar 25].
Ann Arbor, MI: Inter-university Consortium for Political
and Social Research [distributor] 2021;10-15. Available
from: https://doi.org/10.3886/E141121V2.

Meier HC, Mitchell BC. Tracing the legacy of redlining:
a new method for tracking the origins of housing segrega-
tion. National Community Reinvestment Coalition. 2022.
https://ncrc.org/redlining-score. Accessed 6 Oct 2026.

US Tract 1910-2019. Social Explorer Geodata. Available
at: https://geodata.socialexplorer.com/collection/90937129-
3414-434e-a880-e358308654b4. Accessed 6 Oct 2026.
Krieger N, Kim R, Feldman J, Waterman PD. Using the
index of concentration at the extremes at multiple geo-
graphical levels to monitor health inequities in an era of
growing spatial social polarization: massachusetts, USA

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

(2010-14). Int J Epidemiol. 2018;47(3):788-819. https://
doi.org/10.1093/ije/dyy004.

NAACCR Data Dictionary Version 25. Survival months
presumed alive. Available from: https://apps.naaccr.org/
data-dictionary/data-dictionary/version=25/data-item-
view/item-number=1787/. Accessed 25 Mar 2025.
Williams DT. A call to focus on racial domination and
oppression: a response to “Racial and ethnic inequal-
ity in poverty and affluence, 1959-2015". Popul Res
Policy Rev. 2019;38(5):655-63. https://doi.org/10.1007/
s11113-019-09538-x.

Go J. For a postcolonial
2013;42(1):25-55.

Marlow T, Frickel S, Elliott JR. Do legacy industrial sites
produce legacy effects in ethnic and racial residential set-
tlement? Environmental inequality formation in Rhode
Island’s industrial core. Sociol Forum. 2020;35(4):1093—
113. https://doi.org/10.1111/socf.12639.

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. https://doi.org/10.1038/
s41560-022-01162-y.

Frickel S, Tollefson J. When environmental inequality
racialized: historical evidence from Providence. Rhode
Island Socius. 2022;8:23780231221127540. https://doi.
org/10.1177/23780231221127541.

Lane HM, Morello-Frosch R, Marshall JD, Apte JS. His-
torical redlining is associated with present-day air pollu-
tion disparities in U.S. cities. Environ Sci Technol Lett.
2022. https://doi.org/10.1021/acs.estlett.1c01012.
Tollefson J. Environment, racialization, and territorial
stigma: evidence from HOLC texts. Social Science His-
tory Association 2026 Annual Meeting.

Motairek I, Chen Z, Makhlouf MHE, Rajagopalan S, Al-
Kindi S. Historical neighborhood redlining and contempo-
rary environmental racism. Local Environ. 2023;28(4):518-
28. https://doi.org/10.1080/13549839.2022.2155942.
Delmelle EC. Five decades of neighborhood classifica-
tions and their transitions: a comparison of four US cities,
1970-2010. Appl Geogr. 2015;57:1-11. https://doi.org/10.
1016/j.apgeog.2014.12.002.

Delmelle EC. Mapping the DNA of urban neighborhoods:
clustering longitudinal sequences of neighborhood socio-
economic change. Ann Am Assoc Geogr. 2016;106(1):36—
56. https://doi.org/10.1080/00045608.2015.1096188.
Carlos H, Weiss JE, Carter B, Akré EL, Diaz A, Loehrer
AP. Development of neighborhood trajectories employ-
ing historic redlining and the area deprivation index. Res
Sg. 2023. https://doi.org/10.21203/rs.3.1rs-3783331/v1.
Graetz N, Esposito M. Historical redlining and contemporary
racial disparities in neighborhood life expectancy. Soc Forces.
2022;102(1):1-22. https://doi.org/10.1093/sf/soac1 14.

Tulier ME, Reid C, Mujahid MS, Allen AM. “Clear action
requires clear thinking”: a systematic review of gentrifi-
cation and health research in the United States. Health
Place. 2019;59: 102173. https://doi.org/10.1016/j.healt
hplace.2019.102173.

Cole HVS, Triguero-Mas M, Connolly JJT, Anguelovski
I. Determining the health benefits of green space: does

sociology. Theory Soc.

@ Springer


https://doi.org/10.1093/jncics/pkac018
https://doi.org/10.1101/cshperspect.a041317
https://doi.org/10.1101/cshperspect.a041317
https://www.cancer.org/cancer/types/breast-cancer/risk-and-prevention.html
https://www.cancer.org/cancer/types/breast-cancer/risk-and-prevention.html
https://doi.org/10.1007/s10552-024-01950-9
https://doi.org/10.1007/s10552-024-01950-9
https://doi.org/10.3389/fonc.2023.1154554
https://doi.org/10.3389/fonc.2023.1154554
https://doi.org/10.1007/s40572-021-00309-5
https://doi.org/10.1007/s40572-021-00309-5
https://doi.org/10.1371/journal.pone.0233361
https://doi.org/10.1371/journal.pone.0233361
https://doi.org/10.1002/cncr.31832
https://doi.org/10.1002/cncr.31832
https://doi.org/10.1016/j.ssmph.2021.100793
https://doi.org/10.3886/E141121V2
https://ncrc.org/redlining-score
https://geodata.socialexplorer.com/collection/90937129-3414-434e-a880-e358308654b4
https://geodata.socialexplorer.com/collection/90937129-3414-434e-a880-e358308654b4
https://doi.org/10.1093/ije/dyy004
https://doi.org/10.1093/ije/dyy004
https://apps.naaccr.org/data-dictionary/data-dictionary/version=25/data-item-view/item-number=1787/
https://apps.naaccr.org/data-dictionary/data-dictionary/version=25/data-item-view/item-number=1787/
https://apps.naaccr.org/data-dictionary/data-dictionary/version=25/data-item-view/item-number=1787/
https://doi.org/10.1007/s11113-019-09538-x
https://doi.org/10.1007/s11113-019-09538-x
https://doi.org/10.1111/socf.12639
https://doi.org/10.1038/s41560-022-01162-y
https://doi.org/10.1038/s41560-022-01162-y
https://doi.org/10.1177/23780231221127541
https://doi.org/10.1177/23780231221127541
https://doi.org/10.1021/acs.estlett.1c01012
https://doi.org/10.1080/13549839.2022.2155942
https://doi.org/10.1016/j.apgeog.2014.12.002
https://doi.org/10.1016/j.apgeog.2014.12.002
https://doi.org/10.1080/00045608.2015.1096188
https://doi.org/10.21203/rs.3.rs-3783331/v1
https://doi.org/10.1093/sf/soac114
https://doi.org/10.1016/j.healthplace.2019.102173
https://doi.org/10.1016/j.healthplace.2019.102173

Lima et al.

47.

48.

49.

50.

51.

52.

53.

54.

55.

gentrification matter? Health Place. 2019;57:1-11. https://
doi.org/10.1016/j.healthplace.2019.02.001.

Hillier AE. Redlining and the home owners’ loan corpo-
ration. J Urban Hist. 2003;29(4):394-420. https://doi.org/
10.1177/0096144203029004002.

Cornelissen S, Jang-Trettien C. Housing in the context of
neighborhood decline. In: McCabe BJ, Rosen E, editors.
The sociology of housing. University of Chicago Press;
2023.

Plascak JJ, Rundle AG, Xu X, et al. Associations
between neighborhood disinvestment and breast can-
cer outcomes within a populous state registry. Cancer.
2022;128(1):131-8. https://doi.org/10.1002/cncr.33900.
Mitchell B, Edlebi J, Meier H, Richardson J, Dean J, Chen
L. Displaced by design: fifty years of gentrification and
Black cultural displacement in US cities. National Com-
munity Reinvestment Coalition 2025.

Berry DA, Cronin KA, Plevritis SK, et al. Effect of
screening and adjuvant therapy on mortality from breast
cancer. N Engl J Med. 2005;353(17):1784-92. https://doi.
org/10.1056/NEJM0a050518.

Link BG, Northridge ME, Phelan JC, Ganz ML. Social epi-
demiology and the fundamental cause concept: on the struc-
turing of effective cancer screens by socioeconomic status.
Milbank Q. 1998;76(3):375-402. https://doi.org/10.1111/
1468-0009.00096.

Huang T, Ekenga CC. Associations between social capital
and screening mammography among older U.S. women.
Prev Med Rep. 2025;52: 103026. https://doi.org/10.
1016/j.pmedr.2025.103026.

Mui Y, Gittelsohn J, Jones-Smith JC. Longitudinal asso-
ciations between change in neighborhood social disor-
der and change in food swamps in an urban setting. J
Urban Health. 2017;94(1):75-86. https://doi.org/10.1007/
$11524-016-0107-0.

Bonaccio M, Di Castelnuovo A, Costanzo S, et al. Ultra-
processed food and mortality among long-term cancer
survivors from the moli-sani study: prospective findings
and analysis of biological pathways. Cancer Epidemiol

@ Springer

Biomarkers Prev. 2026;35(4):664—74. https://doi.org/10.
1158/1055-9965.Epi-25-0808.

56. Turner MC, Andersen ZJ, Baccarelli A, et al. Outdoor air
pollution and cancer: an overview of the current evidence
and public health recommendations. CA Cancer J Clin.
2020;70(6):460—79. https://doi.org/10.3322/caac.21632.

57. Beck D, Nilsson EE, Ben Maamar M, Skinner MK. Envi-
ronmental induced transgenerational inheritance impacts
systems epigenetics in disease etiology. Sci Rep. 2022;12(1):
5452. https://doi.org/10.1038/541598-022-09336-0.

58. Harney E, Paterson S, Collin H, Chan BHK, Bennett D,
Plaistow SJ. Pollution induces epigenetic effects that are
stably transmitted across multiple generations. Evol Lett.
2022;6(2):118-35. https://doi.org/10.1002/ev13.273.

59. Diez Roux AV. Investigating neighborhood and area
effects on health. Am J Public Health. 2001;91(11):1783—
9. https://doi.org/10.2105/ajph.91.11.1783.

60. Swope C, Markley S, Whittaker S, Hillier A. How and
why does redlining matter for present-day health? Critical
perspectives on causality, cartography, and capitalism. Am
J Public Health. 2025;115(5):769-79. https://doi.org/10.
2105/ajph.2024.308000.

61. Noone AM, Lund JL, Mariotto A, et al. Comparison of
SEER treatment data with medicare claims. Med Care.
2016;54(9):e55-64.  https://doi.org/10.1097/mlr.0000000000
000073.

62. Sherman RL, Williamson L, Andrews P, Kahn A. Primary
payer at DX: issues with collection and assessment of data
quality. J Registry Manag. 2016;43(2):99-100.

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.


https://doi.org/10.1016/j.healthplace.2019.02.001
https://doi.org/10.1016/j.healthplace.2019.02.001
https://doi.org/10.1177/0096144203029004002
https://doi.org/10.1177/0096144203029004002
https://doi.org/10.1002/cncr.33900
https://doi.org/10.1056/NEJMoa050518
https://doi.org/10.1056/NEJMoa050518
https://doi.org/10.1111/1468-0009.00096
https://doi.org/10.1111/1468-0009.00096
https://doi.org/10.1016/j.pmedr.2025.103026
https://doi.org/10.1016/j.pmedr.2025.103026
https://doi.org/10.1007/s11524-016-0107-0
https://doi.org/10.1007/s11524-016-0107-0
https://doi.org/10.1158/1055-9965.Epi-25-0808
https://doi.org/10.1158/1055-9965.Epi-25-0808
https://doi.org/10.3322/caac.21632
https://doi.org/10.1038/s41598-022-09336-0
https://doi.org/10.1002/evl3.273
https://doi.org/10.2105/ajph.91.11.1783
https://doi.org/10.2105/ajph.2024.308000
https://doi.org/10.2105/ajph.2024.308000
https://doi.org/10.1097/mlr.0000000000000073
https://doi.org/10.1097/mlr.0000000000000073

	After the Maps: Assessing Longitudinal Neighborhood Change After Historical Redlining with Present-Day Breast Cancer Survival
	Abstract 
	Introduction
	Methods
	Study Design and Sample
	Neighborhood Methodology
	Exposure
	Outcome
	Covariates
	Statistical Analysis

	Results
	Discussion
	Acknowledgements 
	References


