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In the 1930s, Home Owners’ Loan Corporation (HOLC) residential security maps divided city neighborhoods into grades,
from A (“best”) to D (“hazardous”); those lower-grade neighborhoods have been regarded as related to lasting social and
environmental inequalities, although the maps were not the sole mechanism by which such inequalities arose. We examined
whether historical HOLC severity is associated with today’s environmental burden and whether California SB 535 Disadvantaged
Community designation aligns with this historical pattern. Our hypothesis is that tracts with lower HOLC grades would have
higher CalEnviroScreen Pollution Burden percentiles, and that they are more likely to be DAC-designated. We first overlaid
digitized HOLC polygons with 2010 Census tracts, calculated an area-weighted HOLC severity score; from there, we merged the
data with CalEnviroScreen 4.0 and SB 535 DAC data to test our hypothesis. There are 1,713 tracts among the eight cities where
we have historical HOLC records. The Pollution Burden percentile increases by 9.24 points (p < 0.001) when HOLC severity
increases by one unit. After ACS adjustment, the increase is 6.42 points (p < 0.001). Diesel particulate matter and cleanup-site
burden show the largest positive associations. The DAC designation percentage for HOLC A-grade tracts is about 1%, while
it increases to 65% for D-grade tracts. There are 81 C/D-grade-dominated tracts that, although having Pollution Burden at
or above the 75th percentile, are not DAC-designated. Overall, redlining is indeed associated with today’s environmental
burden; nevertheless, redlining grade allocation information should not, by itself, be used solely as today’s environmental-justice
screening.
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Introduction

During the 1930s, Home Owners’ Loan Corporation (HOLC)
created Residential Security Maps for standardizing national
real estate lending risk assessments, while it also became the
groundwork for the discriminatory practice known as “redlin-
ing.” These maps captured patterns of local housing, infras-
tructure, and demographic conditions, and accordingly cate-
gorized city neighborhoods from A-grade (“best”) to D-grade
(“hazardous”)1. We understand that these maps were not the
only part of discriminatory housing practice. But studies show
that the HOLC grades line up with long-term disinvestment in
neighborhoods where people of color lived2. Over time, the
term “redlining” is often referred to how residents of disfa-
vored areas experienced very restricted access to mortgages
and investment, either public or private.

In many recent studies, the associations between histori-
cally lower HOLC grades and today’s environmental condi-
tions have been demonstrated, namely, that neighborhoods
with lower HOLC grades show higher urban-heat exposure3,
less greenspace4, and higher air-pollution burden5. A scoping
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review has assessed the current body of evidence, the range
of outcomes studied, and key study characteristics, examining
the direction and strength of the relationship between redlin-
ing, neighborhood environments, and health, as well as differ-
ent methodological approaches6. Moreover, other work has
linked historical redlining with fossil-fuel power plant siting
and pollutant emissions, suggesting that historical housing and
land-use decisions remain related to environmental inequal-
ity7. A recently published study also reported differences
across several environmental quality indicators across histor-
ical HOLC grades8. Beyond air quality, many factors, such
as more wells and a higher density of wells in neighborhoods
across 33 US cities9, reduced urban tree canopy across 37 US
cities10, and broader measures of urban health and neighbor-
hood conditions11, have been associated with worse HOLC
grades. A national analysis illustrated that historical redlin-
ing is associated with air-pollution disparities over the past 2-
4 decades12. Across the seven cities investigated, there was a
strong positive correlation between urban tree canopy and me-
dian household income. That is also the reason canopy is often
examined alongside pollution burden13. Heat is the most con-
sistently reported of these outcomes: land surface temperature
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was highest in the former HOLC class D category in each of
Baltimore, Dallas and Kansas City14; HOLC maps serve as
a spatial representation of present-day land-cover heat vulner-
ability characteristics in Philadelphia15; and neighborhoods
with higher proportions of redlining showed significantly el-
evated heat-related emergency department visits in Texas16.
Redlined areas also have lower tree cover and forest ecosys-
tem services17, and lower wildlife biodiversity across six tax-
onomic clades in four California cities18. Nationwide analy-
ses of air pollution link today’s differences in pollution levels
to these historical land-use patterns19 and a recent study re-
ports that simultaneous increases across twelve hazards raise
the odds that a neighborhood was historically D-graded20. To
extend the scope of documenting environmental associations
and indicator disparities, we conduct environmental justice re-
search by examining whether the current policy screening sys-
tem actually identifies communities where historical disadvan-
tage overlaps with today’s pollution burden.

Historic HOLC
polygons (A–D)

2010 Census
tract overlay

Area-weighted
HOLC severity

CalEnviroScreen
Pollution Burden

SB 535 DAC
designation

Within-city regression
and DAC-alignment

analyses

Figure. 1 Analytic workflow for the California HOLC,
environmental-burden, and DAC analysis. Our analytical workflow
proceeds by first overlapping historical HOLC polygons onto Cali-
fornia census tracts, which are then area-weighted according to the
HOLC severity score, after which these integrated data are associ-
ated with the CalEnviroScreen 4.0 pollution burden, its component
indicators and the official SB 535 DAC designation – and, in the fi-
nal phase, we conduct within-city regression modeling alongside a
DAC-alignment classification. The analytic sample comprises n =
1,713 Census tracts across eight California cities.

Another set of literature reports associations between his-
torical HOLC grades and present-day health. Across the eight
cities examined in California, historically redlined tracts had
higher age-adjusted rates of asthma-related emergency depart-
ment visits21. The birth outcomes were also worse in Los An-
geles, Oakland, and San Francisco22. Comparable investiga-
tions have reported that historical redlining policies were as-
sociated with pregnancy complications and adverse birth out-
comes in Massachusetts23 and with later-stage cancer at di-
agnosis in Massachusetts24. A systematic review of thirty-
six articles found that most reported significant associations
between historic redlining and adverse health outcomes such

as increased cardiovascular disease, higher rates of preterm
births, increased cancer incidence, reduced survival time af-
ter breast cancer diagnosis, and increased firearm injury in-
cidence25. Similar associations have been reported across
varying health outcomes: an enduring association with cardio-
vascular risk among Black adults26, with kidney failure inci-
dence27, with diabetes mortality and years of life lost28, with
risk of preterm birth29, and with a higher incidence of shoot-
ings30. A city-level study reported quite comparable patterns
across several health measures in Baltimore31.

The CalEnviroScreen tool has itself been studied, because
California uses it to decide which communities qualify for pol-
icy programs. Earlier versions documented racial and ethnic
disparities in cumulative environmental health impacts across
the state32. CalEnviroScreen scores have also been associ-
ated with pediatric asthma hospitalization33. These studies
evaluate the screening tool against contemporary health out-
comes rather than historical exposure – that is the gap which
the present study addresses.

California is a particularly useful setting for this extended
research, because the state maintains CalEnviroScreen, a tract-
level screening tool that summarizes pollution burden and
population characteristics, and whose related criteria are in
turn used to identify SB 535 Disadvantaged Communities
(DACs) for environmental-justice programs34,35. To be spe-
cific here, pollution burden usually includes direct environ-
mental indicators, for example, particulate matter, diesel par-
ticulate matter, traffic, cleanup sites, and toxic-release haz-
ards34. SB 535 designation, however, incorporates multiple
pathways and criteria, instead of a single Pollution Burden
threshold35. Consequently, we should not oversimplify by as-
suming that a tract lacking DAC designation has thereby been
wrongly excluded from resources.

The official 2022 designation formally designated four cat-
egories of geographic areas as disadvantaged: Census tracts
receiving the highest 25 percent of overall scores in CalEnvi-
roScreen 4.0; Census tracts lacking overall scores in CalEn-
viroScreen 4.0 due to data gaps, but receiving the highest 5
percent of CalEnviroScreen 4.0 cumulative pollution burden
scores; census tracts identified in the 2017 DAC designation
as disadvantaged; and lands under the control of federally rec-
ognized Tribes36. Pollution Burden alone does not determine
the overall percentile. A tract at the 75th Pollution Burden per-
centile also does not necessarily qualify via the first category,
because the overall score is the product of Pollution Burden
and Population Characteristics37.

Our investigation started from testing whether the associa-
tion between historical HOLC severity and current CalEnviro-
Screen Pollution Burden within California’s historical HOLC
cities exists, and further extended the investigation to check
whether DAC designation reflects this pattern. In our hypoth-
esis, we assume that, if we limit comparisons to tracts within
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the same city, tracts with more severe historical HOLC ex-
posure would have higher current Pollution Burden. We also
assume that DAC designation would be more frequent in his-
torically C- and D-graded tracts, while it may still be possible
for a smaller group of historically C/D tracts with high current
Pollution Burden not to be DAC-designated, for the reasons
elaborated above.

Our actual results show a positive within-city association,
especially for diesel particulate matter and cleanup-site bur-
den, between HOLC severity and Pollution Burden, while we
also identify a descriptive subset of historically C/D, high-
Pollution-Burden, non-DAC tracts. This work examines Cal-
ifornia’s environmental burden and SB 535 Disadvantaged
Community designation, while maintaining a cautious inter-
pretation that these patterns only represent associations rather
than evidence that HOLC grading itself caused today’s pollu-
tion conditions.

A B C D
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Figure. 2 Current Pollution Burden by dominant historical HOLC
grade. Boxplots show CalEnviroScreen Pollution Burden percentiles
for Census tracts grouped by their dominant historical HOLC grade.
Center lines indicate medians and boxes indicate interquartile ranges.
Whiskers show the non-outlier range. The higher the plotted values,
the greater the relative pollution burden for the grade. n = 1,713
tracts.

Methods

Study Area and Data Sources

We conducted a tract-level analysis for California Census data
after overlapping them with digitized historical HOLC Resi-
dential Security Map polygons. HOLC polygon data is ob-
tained from the Mapping Inequality project, provided by the
Digital Scholarship Lab at the University of Richmond, and
2010 California Census data was obtained from the United
States Census Bureau TIGER/Line archive1,38. We also ob-
tained tract-level data, such as Pollution Burden percentiles

and component indicators34, from CalEnviroScreen 4.0, pro-
vided by the California Office of Environmental Health Haz-
ard Assessment (OEHHA). All databases used in this research
are public and geographically aggregated; we summarized
them and their spatial units, primary variables, and analytic
roles in Table 1.

The primary data analytical sample includes tracts with at
least 25% area overlap with one or more HOLC polygons.
The sample used for the final city-fixed-effect analysis con-
tains eight California cities that have historical HOLC maps,
and the total number of tracts is 1,713. Here, we set a minimal
coverage threshold to avoid using a very small mapped portion
of a modern tract as samples in our data analytics.

The tract-level data, such as population density, poverty,
median household income, unemployment, education, and
race/ethnicity, is obtained from the 2019 American Commu-
nity Survey39. A separate sensitivity analysis used the share
of each tract mapped as industrial in California’s contempo-
rary standardized zoning layers40. This is a land-use proxy,
not a pre-HOLC confounder.

Historical HOLC Exposure Construction

Prior to area calculation, we reprojected both HOLC poly-
gons and Census tract boundaries to the North America Albers
Equal Area Conic coordinate reference system (EPSG:5070).
For each tract, we first calculated pct A, pct B, pct C, and
pct D based on the actual overlapping area of each HOLC
grade, divided by the total land area of the tract. HOLC cov-
erage was defined as the sum of these four grade-specific area
shares. We then computed a continuous HOLC severity score
for the portion of each tract that was covered by HOLC poly-
gons—we assigned values from 1 to 4 to grades A through
D, respectively, and then summed each grade value multiplied
by its intersection area, further divided by the total HOLC-
overlap area. Thus, the score would be 1 if a tract is fully
covered by A-grade, or 4 if it is fully covered by D-grade. Ad-
ditionally, we assigned a dominant grade based on the grade
with the largest overlap area. We classified a tract as having
majority C/D exposure if pct C + pct D was at least 0.50. We
assigned each tract to the historical HOLC city with the largest
overlap area for city-fixed-effect modeling and data analytics.

Outcomes and DAC Alignment Classification

The primary outcome was the CalEnviroScreen 4.0 Pollution
Burden percentile, where higher values indicated greater rela-
tive statewide burden; the secondary outcomes were the corre-
sponding percentiles for PM2.5, diesel particulate matter, traf-
fic, cleanup sites, and toxic-release hazard. Official SB 535
DAC designation was coded 1 when a tract appeared in the
OEHHA DAC tract list and 0 otherwise. This coding repre-

© The National High School Journal of Science 2026 | 3



Table 1. Public datasets and analytic roles. All datasets were publicly
available. HOLC polygons were spatially overlaid on 2010 Census
tracts before tract-level environmental and DAC data were joined by
11-digit GEOID. 

Source Spatial unit Primary variables used Role in analysis 

Mapping Inequality 
HOLC polygons 

Historic neighborhood 
polygons 

A–D grade; city; 
polygon geometry 

Historical exposure 

2010 U.S. Census 
TIGER/Line 

Census tract 
GEOID; tract geometry; 
land area 

Geographic matching 
base 

CalEnviroScreen 4.0 2010 Census tract 

Pollution Burden; 
PM2.5; diesel PM; 
traffic; cleanup sites; 
toxic-release hazard 

Environmental 
outcomes 

SB 535 DAC list Census tract 
Official DAC 
designation 

Policy-alignment 
outcome 

2019 American 
Community Survey 
five-year estimates 

2010 Census tract 

Population density; 
poverty; income; 
unemployment; 
education; race/ethnicity 

Covariate adjustment 

California Statewide 
Zoning North and South 

Zoning polygon / 2010 
Census tract 

Industrial-zoned land 
share 

Contemporary land-use 
sensitivity 

Table 1. Public datasets and analytic roles. All datasets were publicly available. HOLC polygons were 
spatially overlaid on 2010 Census tracts before tract-level environmental and DAC data were joined by 
11-digit GEOID. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sented designation status only; it did not, in itself, measure the
program funding or investment a tract had been given.

For the present article, we also created a subset of tracts. A
tract in this subset has majority C/D exposure and a Pollution
Burden percentile of at least 75, but does not have an official
DAC designation. These are our research choices instead of
SB 535 criteria.

We repeated the classification varying the thresholds: C/D
area share (25%, 50%, and 75%) and the Pollution Bur-
den threshold (70th, 75th, 80th, and 90th percentiles). We
also compared these tracts with the remaining high-Pollution-
Burden non-DAC tracts that did not have majority C/D expo-
sure.

In our analysis, five things are recorded for each of the 81
tracts: the overall CalEnviroScreen percentile, the Population
Characteristics percentile, whether an overall score was miss-
ing, whether the tract appeared in the 2017 designation, and
whether it fell within the official 2022 tribal-area map layer.
These data help cover the pathways of tract designation.

Statistical Analysis and Visualization

For the present article, taking continuous HOLC severity as
the predictor and the Pollution Burden percentile as the out-
come, we created the ordinary least-squares regression model,
specified as Pollution Burden i = α + β (HOLC severity i) +
city fixed effects + εi, with fixed effects for historical cities
and 95% confidence intervals estimated for β . The secondary
models departed in one respect only: PM2.5, diesel particu-
late matter, traffic, cleanup-site, and toxic-release-hazard per-
centiles were each substituted, one at a time, in place of
Pollution Burden as the dependent variable. We tested ev-
ery model for residual spatial dependence. We used global
and local Moran statistics under two weighting schemes:
city-blocked queen contiguity and symmetric eight-nearest-

neighbor weights. Significance was assessed with 999 permu-
tations. Dependence remained under both schemes. We there-
fore used spatial-HAC inference for the reported confidence
intervals. We also fitted spatial-error and spatial-lag sensitiv-
ity models under both weighting schemes.

A separate logistic model, logit[P(DAC i = 1)] = α +
β (HOLC severity i) + city fixed effects, was used to exam-
ine the association between HOLC severity and official DAC
designation. The adjusted model also added the same ACS
covariates. Because DAC designation was common (820 of
1,713 tracts), we still used the logistic models for descriptive
odds ratios and adjusted marginal probabilities. For inferen-
tial confidence intervals and p-values, we used spatial-HAC
linear-probability models with the same predictors. Stockton
(n = 16) was excluded because city-specific bivariate models
required at least 20 tracts. In the robustness analyses, mini-
mum HOLC coverage (10%, 25%, 50%, and 75%) was var-
ied, continuous severity was replaced with dominant-grade
indicators, and industrial-zoning share was added in a sepa-
rate sensitivity model. Models used complete cases. All data
cleaning, geographic matching, statistical analysis, and figure
generation were performed in Python 3, using geopandas and
shapely for the spatial overlay, pandas for data management,
statsmodels for the regression models, and libpysal, esda and
spreg for the spatial weights, Moran statistics and spatial re-
gression models. The analysis code and the derived tract-level
dataset are available from the corresponding author on request.

Results

Historical HOLC Severity was Associated with Current
Pollution Burden within Cities

We included HOLC maps of eight California cities that have
HOLC maps; among these, there are a total of 1,713 2010
Census tracts. Figure 1 illustrates the full data analytics flow.
A tract would be included in the data analytics only if at least
25% of its area spatially overlaps with HOLC polygons. In
Figure 2, current CalEnviroScreen Pollution Burden increases
stepwise from A-grade tracts to D-grade tracts, in that both
the median and the overall distributions of D-grade tracts shift
upward, as the grade worsens, whereas A-grade tracts have the
lowest median Pollution Burden percentile.

In the analysis, we included city fixed effects, and a one-unit
increase in area-weighted HOLC severity is associated with
a 9.24-point increase in Pollution Burden percentile (spatial-
HAC 95% confidence interval: 7.69-10.80; p < 0.001; n =
1,713; Table 2). If we remove city means from both variables,
the residual-on-residual visualization shows the same positive
within-city relationship (R2 = 0.128; Figure 3). The spatial-
HAC inference is reported in Table 2.

We observed residual dependence in the baseline model
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Table 2. Main findings and robustness checks. Each HOLC severity
estimate shows how much an outcome rises when severity goes up
one unit (severity goes from 1 for all A-grade to 4 for all D-grade).
The main model compared tracts within the same city. The histor-
ically C/D, high-Pollution-Burden, non-DAC group is a research-
defined descriptive subset, not an official screening decision. Sup-
porting spatial, robustness, and threshold-sensitivity results are pro-
vided in Appendix Tables A1–A2 and Supplementary Figures S1–S3.
Analysis or measure Estimate or count Interpretation 

Primary sample 1,713 tracts; 8 cities 
Tracts with ≥25% HOLC-map 
coverage and complete primary-
outcome data 

Baseline and ACS-
adjusted city-fixed-effect 
OLS 

+9.24 baseline; +6.42 adjusted 
points per +1 HOLC severity 

Spatial-HAC 95% CIs: 7.69–10.80 
baseline; 4.64–8.20 adjusted; both p < 
0.001 

Largest secondary 
association 

+10.87 Diesel PM percentile points 
per +1 HOLC severity 

Positive association after city fixed 
effects 

Cleanup-site association 
+8.92 percentile points per +1 
HOLC severity 

Positive association after city fixed 
effects 

Official SB 535 DACs 820 tracts 
Designated DACs within analytic 
sample 

Historically C/D,  
high-Pollution-Burden, 
non-DAC tracts 

81 of 159 high-Pollution-Burden 
non-DAC tracts (4.73% of sample) 

Research-defined descriptive subset; 
not evidence of screening failure 

Coverage-threshold 
sensitivity 

Approximately +9.1 to +9.5 points 
Primary estimate remained positive at 
10%, 25%, 50%, and 75% minimum 
coverage 

Residual spatial 
autocorrelation 

Baseline Moran’s I: 0.601 (queen), 
0.479 (8-NN); adjusted: 0.570, 
0.455 

All permutation p = 0.001; residual 
dependence remained under both 
weights 

Spatial-error sensitivity 
Adjusted spatial-error: +3.93 to 
+4.03 

Both p < 0.001; positive association, 
with specification-dependent 
magnitude 

Dominant-grade 
sensitivity 

Adjusted vs. A: B +3.85; C +6.50; D 
+14.72 

Spatial-HAC 95% CIs: B −0.65–8.35; 
C 1.75–11.25; D 9.50–19.95 

Industrial-zoning 
sensitivity 

+5.51 points per +1 HOLC severity 
Spatial-HAC 95% CI: 3.74–7.29; p < 
0.001 

DAC logistic models 
Odds ratios: 4.37 baseline, 2.64 
adjusted 

Both p < 0.001; adjusted probabilities: 
30.2%–55.1% across severity 1–4 

Descriptive-subset 
threshold sensitivity 

10–161 tracts 
Across C/D-share thresholds of 25%–
75% and Pollution Burden thresholds 
of 70–90 

Tribal-area audit 
0 of 81 tracts intersected the official 
mapped 2022 tribal-area layer 

Cannot exclude consultation-
established lands absent from the 
public map 

Model diagnostics 
R²: 0.473 baseline, 0.538 adjusted; 
HOLC VIF 1.41; maximum Cook’s 
distance 0.043 

Supporting results and diagnostics are 
summarized in Appendix Table A1 
and Supplementary Figure S2 

 

(Moran’s I = 0.601 with queen weights; I = 0.479 with eight-
nearest-neighbor weights; both p = 0.001), as well as after
ACS adjustment (I = 0.570 and 0.455; both p = 0.001). Local
clusters are shown in Supplementary Figure S1. The base-
line estimate was 9.24 (spatial-HAC 95% confidence inter-
val: 7.69-10.80), and the adjusted estimate was 6.42 (4.64-
8.20; both p < 0.001). The estimated spatial-error coefficients,
3.93-4.03 (both p < 0.001), indicated a positive association.

Specific Environmental Indicators Showed Different Mag-
nitudes of Association

The positive association exists beyond the composite Pollution
Burden percentile; more specifically, diesel particulate matter
has the largest estimated association with HOLC severity, in-
creasing by 10.87 percentile points per one-unit increase in

severity (spatial-HAC 95% confidence interval: 9.00-12.74)-
and cleanup-site burden increases by 8.92 percentile points
(spatial-HAC 95% confidence interval: 6.28–11.55). We note,
however, that although PM2.5 and toxic-release hazard per-
centiles also have positive associations, the traffic estimate
was smaller and less precise (1.13; spatial-HAC 95% con-
fidence interval: -1.05-3.30; p = 0.310; Figure 4); thus, we
cannot conclude that HOLC severity is associated with traffic
exposure with confidence.

−2.0 −1.5 −1.0 −0.5 0.0 0.5 1.0
HOLC severity residual after removing city means

−60

−40

−20

0

20

40

60

Po
llu

ti
on

 B
ur

de
n 

af
te

r 
re

m
ov

in
g 

ci
ty

 m
ea

ns

Figure. 3 Within-city association between HOLC severity and cur-
rent Pollution Burden. Each point represents one Census tract, plot-
ted after city means were removed from both HOLC severity and
CalEnviroScreen 4.0 Pollution Burden percentile, such that only
within-city variation remains; the solid line is the ordinary-least-
squares fit to these residuals, where its slope of 9.24 reproduces the
city-fixed-effect estimate from the primary model (R2 = 0.128; n =
1,713 tracts). The spatial-HAC inference for the coefficient is re-
ported in Table 2. The positive slope indicates that, among tracts
within the same historical city, more severe HOLC exposure is asso-
ciated with higher present-day Pollution Burden.

DAC Designation Aligned Substantially, But Not Com-
pletely, with Historical and Current Burden

The official SB 535 DAC designation increases across dom-
inant HOLC grades, as shown in Figure 5, with a very sharp
trend: A-grade tracts have only 1% being DAC-designated; B-
grade tracts increase to 24%, C-grade tracts further increase to
50%, and D-grade tracts show the largest overlap, with 65%
DAC-designated. Out of 1,713 tracts, 820 are designated as
DACs as part of this analytic sample.

Among the 159 high-Pollution-Burden non-DAC tracts, 81
also had majority C/D historical exposure, representing 4.73%
of the analytic sample (Table 2). The 81 had a mean overall
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Figure. 4 Environmental indicators associated with HOLC severity after city fixed effects. The plotted estimates compare baseline and
ACS-adjusted changes in CalEnviroScreen indicator percentiles per one-unit increase in area-weighted HOLC severity; horizontal bars are
spatial-HAC 95% confidence intervals. All estimates are based on n = 1,713 tracts.

CalEnviroScreen percentile of 55.6 and Population Character-
istics percentiles of 35.6, and the other 78 tracts had CalEnvi-
roScreen of 50.3 and Population Characteristics percentiles of
30.7. The maximum overall percentile among the group of 81
was 74.6, and the group mean was 55.6 - no tract in this group
reached the highest 25% of overall CalEnviroScreen scores.
None of the 81 lacked an overall score, appeared under the
tract-based 2017-retention pathway, or intersected the official
mapped 2022 tribal-area layer. Using alternative thresholds,
the count ranged from 10 to 161; threshold sensitivity is sum-
marized in Appendix Table A2. Figure 6 presents the Los An-
geles categories, which are not evidence of screening failure.

The Primary Association Was Robust to Alternative Over-
lap Thresholds

In all seven cities with at least 20 tracts for separate slope es-
timates, the city-specific exploratory model produced all posi-
tive point estimates, although the magnitude of the association
varies across cities; Stockton had 16 tracts and was excluded
under this prespecified rule. Moreover, we validate that the
primary result remains quite stable, even when we change the
minimal HOLC-map coverage threshold from 10% to 75%.
Across these thresholds, the estimated association between
HOLC severity and Pollution Burden remains approximately
9.1-9.5 percentile points per one-unit increase in severity. Fur-
thermore, all corresponding confidence intervals remain above
zero. Our validation checks indicate strongly that our primary

result is not dependent on the 25% coverage threshold used in
the main analysis.

The baseline and adjusted logistic models produced de-
scriptive odds ratios of 4.37 and 2.64, respectively. Adjusted
marginal probabilities rose from 30.2% to 55.1% if we in-
crease severity from 1 to 4. For inference, the baseline and
adjusted spatial-HAC linear-probability models estimated in-
creases of 24.35 and 4.38 percentage points for each one-unit
increase in HOLC severity (95% confidence intervals: 21.08-
27.61 and 1.69-7.07; p < 0.001 and p = 0.001, respectively).
Pollution Burden model R2 increased from 0.473 to 0.538 af-
ter adjustment. The HOLC-severity VIF was 1.41, and maxi-
mum Cook’s distance was 0.043. Residual tests indicated het-
eroskedasticity, nonnormality, and evidence that a linear spec-
ification did not fully capture the relationship (Supplementary
Figure S2). If compared to grade A, coefficients in the ad-
justed dominant-grade model were +3.85 for B (spatial-HAC
95% confidence interval: -0.65-8.35; p = 0.094), +6.50 for
C (1.75-11.25; p = 0.007), and +14.72 for D (9.50-19.95; p <
0.001). However, the concern about functional form remained.

Discussion

This study found that historical HOLC severity was posi-
tively associated with today’s CalEnviroScreen Pollution Bur-
den within California cities, where the inclusion of city fixed
effects simply means that the primary comparison occurred
among tracts belonging to the same historical city, rather than

6 | © The National High School Journal of Science 2026



A B C D
Dominant historical HOLC grade

0

20

40

60

80

100

O
ff

ic
ia

l S
B 

53
5 

D
AC

 d
es

ig
na

ti
on

 r
at

e 
(%

)

Figure. 5 Official SB 535 DAC designation by dominant historical
HOLC grade. Bars show the percentage of Census tracts with an
official SB 535 Disadvantaged Community designation within each
dominant HOLC grade. DAC designation increased from approx-
imately 1% of A-graded tracts to approximately 65% of D-graded
tracts. n = 1,713 tracts; 820 are DAC-designated.

between cities with different regional histories or industrial
profiles. Taken together, the stepwise distribution of tracts
from A-grade to D-grade and the positive residual-on-residual
relationship indicate that this observed pattern was neither
limited to a small set of unusually burdened cities nor a purely
between-city contrast.

ACS adjustment reduced the estimate from 9.24 to 6.42
points. It will be further reduced to 5.51 if we add contem-
porary industrial-zoning share (spatial-HAC 95% confidence
interval: 3.74–7.29; p < 0.001). Smaller coefficients were
obtained from spatial-error models, because they re-estimate
the coefficient under a spatial structure assumption, whereas
spatial-HAC does not change the point estimate and only
widens its confidence interval. The association is still positive
- but its magnitude depended on model assumptions. These
estimates do not identify an independent causal effect because
contemporary covariates could be confounders, mediators, or
both.

If we zoom in on these results relating to specific indica-
tors, the association was strongest for diesel particulate matter
and cleanup-site burden; these are consistent with urban pro-
cesses that may concentrate freight corridors, industrial activ-
ities, hazardous-site legacies, or remediation needs in certain
neighborhoods. We also observed positive associations for
PM2.5 and toxic-release hazards, as they also reflect a broader
environmental-burden pattern; however, not every present-day
exposure followed the same gradient, as we can see from the
weak and imprecise traffic result. It is not unexpected that en-

Figure. 6 Historical HOLC exposure, current Pollution Burden, and
DAC alignment in Los Angeles. Los Angeles tracts are classified into
the following four scenarios: (blue) historically C/D-graded tracts
with high pollution burden and DAC designation, (red) historically
C/D-graded tracts with high pollution burden but without DAC des-
ignation, (pink) other DAC-designated tracts, and (teal) other tracts;
where high pollution burden is defined as being at or above the 75th
percentile, and majority C/D exposure is defined as pct C + pct D
≥ 0.50. The second category (red) is a research-defined descriptive
subset, not evidence of incorrect exclusion. Los Angeles tracts only.

vironmental inequality is patterned along multiple pathways,
particularly since individual indicators differ in spatial scale,
measurement method, and relationship to local land use; these
findings, therefore, extend prior research work on redlining
and environmental conditions, although the associations re-
ported in prior work are not uniform across all pollutants3–8.
These results match nationwide work, as national analyses
report redlining-associated air-pollution disparities12,19 and
higher odds of historical D-grading where multiple hazards
rise together20. However, the strongest components are diesel
particulate matter and cleanup sites in our study, as compared
to PM2.5 nationwide. This is consistent with California’s
freight corridors and industrial-site legacy.

We further extended our research to the provided DAC anal-
ysis. SB 535 designation was shown to be substantially more
common in historically lower-graded tracts, as the data show
a rise from approximately 1% of A-graded tracts to approx-
imately 65% of D-graded tracts. This pattern indicates that
California’s current screening framework captures many com-
munities where historical redlining and current environmental
burden overlap. Please note that the result should not be in-
terpreted as a test of whether the DAC framework is “correct”
or not, because designation, in practice, uses several criteria
beyond Pollution Burden and serves particular programmatic
purposes35. Instead, this analysis shows broad alignment be-
tween historical grading and the current policy geography of
environmental disadvantage.

Those 81 tracts meet the research definition: majority C/D
exposure, Pollution Burden at or above the statewide 75th per-
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centile, and no official DAC designation. They are a subset of
the 159 high-Pollution-Burden non-DAC tracts, but not evi-
dence of wrong exclusion. Historical maps may still add con-
text to screening systems but without substituting for official
designation pathways. In fact, historical grade data is more ap-
propriate to use as supplementary information, rather than for
designation. It could be useful for flagging tracts for closer
review and informing outreach in communities with a docu-
mented history.

In our study, we also estimated variation in the relation-
ship across cities, and we had expected this heterogeneity, be-
cause California cities differ in industrial development, high-
way construction, port activity, metropolitan growth, and local
policy histories; the city fixed effects, as discussed, reduced
the influence of average differences among cities, but they did
not remove all within-city variation in zoning, land use, or de-
mographic change. We suggest that future research examine
city-specific mechanisms, including proximity to freight in-
frastructure, industrial land uses, and historical public invest-
ment decisions, rather than treating the statewide estimate as
a single universal effect.

When interpreting the results, we need to be aware of sev-
eral limitations. First, observational, tract-level data were
used in this study, and they cannot establish that HOLC grad-
ing caused current Pollution Burden. Some neighborhood in-
equities preceded HOLC mapping; however, unmeasured fac-
tors may have influenced both historical grades and later en-
vironmental conditions. Second, modern Census tracts and
earlier HOLC regions represented by polygons do not share
identical boundaries. As a mitigation, we implemented area-
weighted overlays and multiple coverage thresholds to reduce
this mismatch, although tract-level measures remain approxi-
mations of neighborhood exposure. Third, CalEnviroScreen
percentiles are relative statewide rankings and do not mea-
sure each resident’s personal exposure34. Fourth, the thresh-
olds defining the subset are research decisions, and they are
not official DAC rules35. Fifth, residual spatial dependence
and functional-form concerns existed after adjustment. We
therefore report spatial-HAC and spatial-model sensitivity es-
timates. Contemporary covariates, such as zoning, may be
confounders or mediators. Sixth, the subset of 81 tracts is con-
centrated in Los Angeles — it characterizes the city far more
than it characterizes the state.

Despite these limitations, our findings are strengthened by
the observed consistency across HOLC coverage thresholds
ranging from 10% to 75%; that is, the results do not appear
to arise simply because of one arbitrary spatial-matching rule,
nor from a particular subset of tracts. In addition, this study
relies on direct environmental indicators rather than solely on
a broad opportunity index, and it evaluates a current state pol-
icy framework alongside historical exposure. This approach,
to our knowledge, combines historical urban geography, en-

vironmental conditions, and policy targeting in one tract-level
analysis for the first time.

In conclusion, within California cities that have HOLC
maps, historical HOLC severity was associated with higher
present-day Pollution Burden. Historically, tracts with lower
grades also had higher rates of SB 535 DAC designation, al-
though a small group of historically C/D, high-burden tracts,
was not designated.
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Appendix A. Supporting results 

Appendix Table A1. Spatial, categorical-grade, DAC, zoning, and audit results. Spatial-error rows 
use the fully adjusted model. 

Analysis Specification Estimate or result 

Residual Moran’s I Baseline, queen 0.601; permutation p = 0.001 

Residual Moran’s I Baseline, 8-NN 0.479; permutation p = 0.001 

Residual Moran’s I ACS-adjusted, queen 0.570; permutation p = 0.001 

Residual Moran’s I ACS-adjusted, 8-NN 0.455; permutation p = 0.001 

Spatial-error ACS-adjusted, queen 
+3.93 (95% CI: 2.56–5.30); 
p < 0.001 

Spatial-error ACS-adjusted, 8-NN +4.03 (2.66–5.41); p < 0.001 

Dominant grade B vs. A, ACS-adjusted 
+3.85 (spatial-HAC 95%  
CI: −0.65–8.35); p = 0.094 

Dominant grade C vs. A, ACS-adjusted 
+6.50 (1.75–11.25);  
p = 0.007 

Dominant grade D vs. A, ACS-adjusted 
+14.72 (9.50–19.95);  
p < 0.001 

Industrial zoning ACS + zoning 
+5.51 (spatial-HAC 95% 
CI: 3.74–7.29); p < 0.001 

DAC odds ratio Baseline / adjusted 
4.37 (3.61–5.30) / 2.64 
(1.95–3.58); both p < 0.001 

Tribal-area audit 
Official mapped 2022 
layer 

0 of 81 tracts intersected; 
public-layer caveat applies 

 

 

Appendix Table A2. Sensitivity of the historically C/D, high-
Pollution-Burden, non-DAC tract count to alternative research-
defined thresholds.

 

 

 

 

Appendix Table A2. Sensitivity of the historically C/D, high-Pollution-Burden, non-DAC tract 
count to alternative research-defined thresholds. 

Minimum C/D 
area share 

Minimum Pollution 
Burden percentile 

Tracts (% of 
primary sample) 

25% 70th 161 (9.40%) 

25% 75th 122 (7.12%) 

25% 80th 85 (4.96%) 

25% 90th 25 (1.46%) 

50% 70th 105 (6.13%) 

50% 75th 81 (4.73%) 

50% 80th 54 (3.15%) 

50% 90th 17 (0.99%) 

75% 70th 67 (3.91%) 

75% 75th 50 (2.92%) 

75% 80th 31 (1.81%) 

75% 90th 10 (0.58%) 

Supplementary Figures

Los Angeles: baseline OLS residual local Moran clusters (queen, p<0.05)
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Supplementary Figure S1. Local Moran residual clusters for the
baseline Pollution Burden model in Los Angeles under queen conti-
guity (999 permutations; p<0.05). HH and LL denote high-high and
low-low residual clusters; LH and HL denote spatial outliers. Los
Angeles tracts only.

Supplementary Figure S2. Regression residual diagnostics for the
baseline and ACS-adjusted Pollution Burden models. n = 1,713
tracts.
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Supplementary Figure S3. Sensitivity of the historically C/D, high-
Pollution-Burden, non-DAC tract count to alternative C/D-area-share
and Pollution Burden thresholds; 81 corresponds to 50% C/D share
and the 75th Pollution Burden percentile. Counts are drawn from the
n = 1,713-tract analytic sample.
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