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Highlights

Public health relevance—How does this work relate to a public health issue?

e This article offers a unique perspective to the field of population health by using
new ecological data from the Deep South region of the United States, a region that is
understudied in context of urban greenspace.

Public health significance—Why is this work of significance to public health?

e  This article contributes to the field by estimating associations between self-reported
health and urban tree canopy, an exposure variable of growing interest in greenspace
research.

Public health implications—What are the key implications or messages for practitioners,
policymakers, and/or researchers in public health?

e  This article demonstrates employing machine learning techniques to leverage large,
publicly available datasets for environmental health research—which is essential in an
era of limited research funding in the field.

e  This article provides support for additional funding and city planning efforts to ensure
more equitable distribution of the tree canopy in urban Alabama.

Abstract

Background: Urban tree canopy, the proportion of a city’s land surface covered by trees,
has been linked to physical and mental health benefits. This association is understudied
in the U.S. Deep South despite its high burden of poor health and environmental inequity.
This study examined associations between census tract-level tree canopy and self-reported
mental and physical health in urban Alabama. Methods: We linked tract-level tree canopy
estimates for Alabama metropolitan statistical areas with self-reported health and contex-
tual measures from publicly available data, retaining tree canopy as the exposure of interest.
A bootstrap-stabilized penalized variable-selection approach identified covariates from
socioeconomic, demographic, housing, transportation, environmental, and health-related
measures; we then mapped spatial distributions and fit spatial error multivariable models.
Results: A higher proportion of land surface covered by trees was associated with a lower
age-adjusted prevalence of adults who report 14 or more days during the past 30 days
during which their mental health was not good (estimate: —0.0110; p < 0.001). A higher
proportion of land surface covered by trees was also associated with a lower age-adjusted
prevalence of adults who report 14 or more days during the past 30 days during which
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their physical health was not good (estimate: —0.0045; p = 0.002). Spatial error parameters
persisted in both models, indicating residual spatial patterning not fully explained by
canopy or the selected covariates. Conclusions: The findings extend the urban tree canopy
literature to an understudied setting and demonstrate how publicly available tract-level
data, combined with machine learning-guided covariate selection and spatial modeling,
can generate actionable hypotheses for environmental health and equity research.

Keywords: tree canopy; machine learning; green space; urban; mental health; environmen-
tal health; urban ecology; redlining; Alabama

1. Introduction

Exposure to the natural environment is increasingly recognized as beneficial to human
health, and a growing body of research has demonstrated the extensive health benefits of
nature-centered interactions, including improved physical and mental well-being [1]. One
component of nature which has proved particularly important to human health is the tree.
According to a 2022 study by the USDA Forest Service, it is predicted that 87% of urbanized
counties in the U.S. will experience a decline in tree canopy by 2060, with a national drop
in urban tree cover from 39.4% to 33.6%; the primary threats to the urban tree canopy
include urban expansion, pests, extreme weather events, and changes in climate, such as
rising ambient temperatures and projected sea level rise [2]. Trees can provide a range
of health benefits in urban areas, such as supporting respiratory health by removing air
pollutants, reducing exposure to harmful ultraviolet radiation through shade, mitigating
heat-related health risks by lowering urban temperatures, and supporting physical activity
by making outdoor environments seem more accessible and inviting [1,3-6]. Several studies
have suggested that urban tree canopy may provide greater benefits than other forms of
green space [7], particularly for mental health [8-11]. At the same time, the distribution
of urban tree canopy in the United States is often unequal, and historically marginalized
communities, particularly those with predominately minority populations, commonly have
less tree canopy than more socioeconomically advantaged communities [12].

This study evaluated the relationship between tree canopy and self-reported health in
urban Alabama. This is important for two reasons. First, the Deep South region is an under-
studied region in the context of environmental health. Alabama consistently ranks among
the lowest in the United States for several adverse health outcomes [13]. Redlining, or the
discriminatory practice of denying mortgages to individuals who lived in neighborhoods
deemed unfavorable by the Home Owners Loan Corporation (HOLC), greatly contributed
to the health disparities seen in Alabama cities such as Birmingham by excluding racial
minorities from the opportunity of economic growth through homeownership. By with-
holding the means for generational economic growth from redlined communities, those
communities began to accumulate more unfavorable living conditions, such as attracting
industries that contributed to greater levels of pollution, having less access to healthcare
due to lower rates of health insurance, and accumulating less money for city planning, such
as planting urban trees [14]. Redlined areas were also much more likely to become urban
heat islands, with significantly greater heat exposure than neighborhoods supported by
the HOLC [14]. While Alabama itself is one of the more heavily forested in the nation, its
urban areas have substantial disparities in tree canopy [15], with sparser tree canopy closely
mirroring historical redlining [15]; evidence suggests that this contributes to higher ambi-
ent temperatures in disadvantaged neighborhoods compared to more affluent areas [16].
While many factors associated with systemic inequality in Alabama cities contribute to
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the adverse health outcomes and wide health disparities in the state, tree canopy itself
stands out as an important detail that warrants further exploration. Working towards a
more equitable distribution of the tree canopy in urban areas may represent one practical
and accessible step toward bridging the gap between complex urban health inequalities.

This study also contributes to the field because it demonstrates how large, publicly
available datasets, such as the U.S. Climate Vulnerability Index (CVI), can be leveraged
for place-based environmental research using machine learning techniques [17]. The
U.S. CVI consolidates nationally comparable census-tract measures across social, health,
environmental, infrastructure, and climate domains. While most existing studies in the
field select auxiliary covariates a priori [18-20], we used the least absolute shrinkage and
selection operator (LASSO) to screen a broad set of candidate contextual measures while
keeping tree canopy in the model as the primary exposure. This approach is exploratory
and hypothesis-generating but allows the analysis to take advantage of rich area-level
data and to help navigate the challenges posed by a complex, interrelated, and sometimes
unwieldy set of potential covariates. This approach has been established as a useful tool for
covariate selection, especially when many potential predictor variables are available [21].
Employing LASSO to screen for covariates from publicly available data may reveal new
insights into interactions among tree canopy, health, and census-tract characteristics.

To our knowledge, this is among the first statewide urban census-tract analyses to
explore associations between tree canopy and self-reported mental and physical health
in Alabama. Its findings help address the paucity of information on this topic in the
Deep South region of the United States. By applying new census tract-level data on tree
canopy from the state of Alabama to analyze the correlation between health and tree
canopy through machine learning techniques, this study offers a unique perspective to the
well-established literature on urban greening and public health.

2. Methods
2.1. Study Design and Setting

We first described the spatial distribution of the tree canopy across census tracts in
Alabama metropolitan statistical area (MSA) counties. The primary outcome was tract-level
self-reported poor mental health. The tree canopy was specified as the primary exposure of
interest and was forced into all variable-selection models. Candidate covariates included
socioeconomic, demographic, housing, transportation, environmental, and community-
contextual measures from the U.S. CVI, a comprehensive environmental and screening tool
developed by the Environmental Defense Fund, Texas A&M University, and Darkhorse
Analytics [17].

To select covariates for multivariable modeling, we used group minimax concave
penalty (MCP) penalized linear regression, a LASSO-related penalized variable-selection
approach. Penalized regression adds a penalty term to the regression objective function,
which shrinks regression coefficients toward zero. Covariates whose coefficients are shrunk
to zero are excluded from the selected model. The tree canopy was specified a priori as
the primary exposure and was included as an unpenalized variable so that it remained
in all candidate models. The remaining candidate covariates were penalized and subject
to selection. We used a group penalty so that grouped predictors (categorical variables)
could be selected or removed as a group. The tuning parameter controlling the amount
of penalization was selected using the extended Bayesian information criterion (EBIC),
which favors models that balance model fit and parsimony [22,23]. To enhance stability, we
repeated the variable-selection procedure 200 times using bootstrap resampling. Covariates
selected in more than 90% of bootstrap samples were retained in the final model [24,25].
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After selecting covariates, we further assessed multicollinearity using variance infla-
tion factors (VIFs). We used VIF > 10 to identify severe multicollinearity and to remove
highly collinear variables, while recognizing that VIF values between 5 and 10 may indicate
moderate collinearity requiring further inspection [26]. Variables with a high VIF (>10)
were removed. Spatial contiguity was defined using queen adjacency based on census tract
polygons, allowing tracts sharing either a boundary or vertex to be considered neighbors.
We examined global spatial autocorrelation using Moran’s I. Rao’s score diagnostics were
used to evaluate spatial error and spatial lag dependence [27]. In secondary analysis, we
used self-reported physical health as the outcome and repeated our prior methodology. All
analyses were performed using R version 4.4.3 (R Foundation for Statistical Computing,
Vienna, Austria). Statistical significance was set at a two-sided p < 0.05.

2.2. Tree Canopy Data

Tree canopy data, measured at the census tract level, were obtained from the Social De-
terminants of Health (SDH) Core Program at the University of Alabama at Birmingham [28].
The tree canopy was calculated using the U.S. National Land Cover Database (NLCD) Tree
Canopy Cover produced by the Multi-Resolution Land Characteristics Consortium for
the National Land Cover Database. In the NLCD, tree canopy coverage represents the
proportion of land surface covered by trees, measured at a 30 m resolution for each pixel,
between 2011 and 2021. Pixel-level averages were calculated for each census tract using the
zonal statistics as a table tool in ArcGIS Pro 3.5.0; 0% indicated no trees present, while 100%
indicated full tree canopy coverage.

2.3. Mental Health and Physical Health Data

Self-reported mental health and physical health data were obtained from the U.S.
Climate Vulnerability Index (CVI) [17]. Mental health data were listed as “self-reported
mental health,” which was defined as the “age-adjusted prevalence of adults who report
14 or more days during the past 30 days during which their mental health was not good.”
Therefore, higher percentages in the dataset indicated poorer mental health. The definition
of mental health was subjective and included factors such as stress, depression, and prob-
lems with emotions. The detailed probability of adults aged 18 years or older who report
poor mental health for 14 or more days during the past 30 days was determined by using
data from the Centers for Disease Control and Prevention’s Behavioral Risk Factor Surveil-
lance System (2018, 2019), U.S. Census Bureau data from 2010, and American Community
Survey (ACS) estimates from 2015-2019 or 2014-2018 to create a multilevel regression and
post-stratification approach.

Physical health data were listed as “self-reported physical health,” which was defined
as the “age-adjusted prevalence of adults who report 14 or more days during the past
30 days during which their physical health was not good.” Therefore, higher percentages
in the dataset indicated poorer physical health. The definition of physical health was
subjective and included both physical illness and injury. The detailed probability was
calculated using the same model and datasets as self-reported mental health.

3. Results

Geographic models were created to demonstrate the census tract-level spatial distribu-
tion of the tree canopy in Alabama and self-reported poor mental and physical health across
the state (Figure 1a—). Figure 2 showed the MSAs of Alabama included in this analysis.

https:/ /doi.org/10.3390/ijerph23091143


https://doi.org/10.3390/ijerph23091143

Int. J. Environ. Res. Public Health 2026, 23, 1143 50f18

Distribution of tree canopy in MSAs in Alabama

Tree canopy%
Max: 89.9

(@)

Distribution of poor self-reported mental health in MSA in Alabama

Poor Mental Health
lax: 32.9

(b)
Figure 1. Cont.

https:/ /doi.org/10.3390/ijerph23091143


https://doi.org/10.3390/ijerph23091143

Int. J. Environ. Res. Public Health 2026, 23, 1143 60f18

Distribution of poor self-reported physical health in MSA in Alabama

Poor Physical Health
Max: 29.7

(©)

Figure 1. (a) Geographic distribution of tree canopy in metropolitan statistical areas (MSAs) in

Alabama. Note: (a) illustrates the distribution of tree canopy in Alabama MSAs. Tree canopy was
categorized into quartiles based on its distribution in the state. Darker green indicates census tracts in
higher quartiles of tree canopy coverage. Values shown in the legend represent tree canopy percentage
cut points for the quartile categories. (b) Geographic distribution of self-reported poor mental health
in MSAs in Alabama. Note: (b) illustrates the distribution of self-reported poor mental health in
Alabama’s MSAs. Self-reported mental health was categorized into quartiles based on its distribution
in the state. Darker blue indicates census tracts in higher quartiles of self-reported poor mental health.
Values shown in the legend represent self-reported poor mental health percentage cut points for the
quartile categories. Gray indicates no data are available. (c) Geographic distribution of self-reported
poor physical health in MSAs in Alabama. Note: (c) illustrates the distribution of poor physical
health in Alabama’s MSAs. Self-reported physical health was categorized into quartiles based on its
distribution in the state. Darker red indicates census tracts in higher quartiles of self-reported poor
physical health. Values shown in the legend represent self-reported poor physical health percentage
cut points for the quartile categories. Gray indicates no data are available.

After employing LASSO with bootstrap resampling, the following variables were
selected for the self-reported mental health outcome, in addition to tree canopy: current
adult asthma, low income, minority, annualized drought frequency, no high school diploma,
high blood pressure, routine doctor visits, and mammogram screening. High blood pressure
was removed after assessing multicollinearity because it had a VIF of >10 (Table 1). A list
of the final covariates, as selected through machine learning techniques, is given in Table 2.

Global Moran’s I indicated statistically significant positive global spatial autocorrela-
tion (Moran’s I = 0.249, p < 0.001). Since the magnitude of Moran'’s I depends on the spatial
weights matrix and should not be interpreted using a universal threshold, spatial model
specification was guided primarily by Rao’s score diagnostics for spatial error and spatial
lag dependence. Rao’s score diagnostics supported spatial error dependence. The spatial
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error test was highly significant (RSerr = 143.63, p < 0.001), and the adjusted spatial error
test remained highly significant (adjRSerr = 142.66, p < 0.001), supporting the use of a spatial
error model (SEM). In contrast, spatial lag dependence was not statistically significant.

Alabama MSAs included in the study

Flor 3 | als !
R Untsyill€)
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"@ﬁ
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USIGA-AL
&n

Study area in the contiguous U.S.

. MSA counties Other Alabama counties

Figure 2. For this study, 28 counties with 827 census tracts were included in the analysis. The above
figure demonstrates where Alabama is located within the U.S. The above figure also demonstrates
the 28 MSA counties included in the study. Major cities within Alabama are labeled on the map.

Table 1. Assessment of multicollinearity using variance inflation factors (VIFs) for self-reported

mental health.
Variable VIF Before Removing Variables VIF After Removing Variable with
with High VIF High VIF
Tree canopy 1.28 1.27
Current adult asthma 6.86 6.72
Low income 5.02 4.99
Minority 4.04 3.97
Annualized drought frequency 1.07 1.06
No high school diploma 4.79 3.34
High blood pressure 10.10 -

Routine doctor visits 8.41 2.31
Mammogram screening 2.78 2.61

Note: High blood pressure was removed after assessment because it had a VIF greater than 10; “-”
indicates the variable was removed and not retained in the final model.
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Table 2. Covariates from the U.S. Climate Vulnerability Index used in the self-report mental health

model.
Covariate Definition Source Year of ]?ata
Collection
Multi-level regression and
post-stratification approach was
applied to BRFSS and ACS data to Centers for Disease Control and
compute a detailed probability of Prevention; Robert Wood Johnson
Current adult having current asthma, defined as Foundation; and Center for Disease
asthma reporting “yes” to both of the Control and Prevention Foundation. 2018
following questions: “Have you ever =~ PLACES: Local Data for Better Health,
been told by a doctor, nurse, or other  https://www.cdc.gov/places/about/
health professional that you have index.html (accessed on 10 July 2026).
asthma?” and “Do you still have
asthma?” over a calendar year.
Centers for Disease Control and
Using data from the U.S. Census Prevention—Agency for Toxic
Bureau’s ACS, percentage of Substances and Disease Registry.
Low income population with an income below Social Vulnerability Index, 2018
200% of the federal poverty level was https:/ /www.atsdr.cdc.gov/
calculated. placeandhealth /svi/faq_svi.html
(accessed on 10 July 2026).
Centers for Disease Control and
Using data from the U.S. Census Prevention—Agency for Toxic
Bureau’s ACS, percentage of Substances and Disease Registry.
Minority population that is a racial/ethnic Social Vulnerability Index, 2018
minority (i.e., all persons except white, https:/ /www.atsdr.cdc.gov/
non-Hispanic) was calculated. placeandhealth/svi/faq_svi.html
(accessed on 10 July 2026).
From the 2022 FEMA National Risk
' Index, the number of recorded drought U.S. Department of Homeland 18-year period
Annualized event-days per year, calculated as the . . . between 1
Security: FEMA. The National Risk
drought total number of drought event-days ) . . January 2000
Index, https:/ /hazards.fema.gov/nri/
frequency (drought event-weeks x 7 days), (accessed on 10 July 2026) and 31
divided by the 18-year period of y ' December 2017
record.
Centers for Disease Control and
Using data from the U.S. Census Preventlon—Aggncy for TO.XIC
. , Substances and Disease Registry.
No high school Bureau’s ACS, percentage of . 1
. . ) . Social Vulnerability Index, 2018
diploma population without a high school httos: dred
diploma was calculated ttps://www.atsdr.cde.gov/
p ’ placeandhealth /svi/faq_svi.html
(accessed on 10 July 2026).
Multi-level regression and
post-stratification approach was Centers for Disease Control and
applied to BRFSS and ACS data to Prevention; Robert Wood Johnson
. compute detailed probability among Foundation; and Center for Disease
Routine doctor
Visits adults who report having been to a Control and Prevention Foundation. 2018

doctor for a routine check-up (e.g., a PLACES: Local Data for Better Health,

general physical exam, not an exam for  https://www.cdc.gov/places/about/

a specific injury, illness, or condition)  index.html (accessed on 10 July 2026).
in the previous year.
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Table 2. Cont.

Covariate Definition Source Year of ]?ata
Collection
Multi-level regression and Centers for Disease Control and
post-stratification approach was Prevention; Robert Wood Johnson
Mammogram applied to BRFSS and ACS data to Foundation; and Center for Disease
screening compute a detailed probability among  Control and Prevention Foundation. 2018
women aged 50-74 who report having PLACES: Local Data for Better Health,
had a mammogram within the https:/ /www.cdc.gov/places/about/
previous 2 years. index.html (accessed on 10 July 2026).

Note: CVI obtained data posted on CDC website for ATSDR (Agency for Toxic Substances and
Disease Registry) in 2018, data posted on CDC website for PLACES (Population Level Analysis and
Community Estimates) in 2020, and data posted on website for FEMA National Risk Index (Federal
Emergency Management Agency) in 2022. Abbreviations: BRFSS, Behavioral Risk Factor Surveillance
System; ACS, American Community Survey. Directionality: Higher values or “current adult asthma”
indicate higher prevalence of asthma. Higher values for “low income” indicate greater burden
of low income. Higher values for “minority” indicate greater percentage of minority population.
Higher values for “annualized drought frequency” indicate more frequent drought. Higher values
for “no high school diploma” indicate greater percentage of the population with no high school
diploma. Higher values for “routine doctor visit” indicate more regular check-up visits among the
adult population. Higher values for “mammogram screening” indicate that a greater number of
women have regular mammogram screening.

In the SEM, tree canopy was inversely associated with self-reported poor mental health,
meaning an increase in tree canopy was associated with better self-reported mental health.
The relationship between tree canopy and self-reported mental health was statistically
significant (Table 3). While the relationship was statistically significant, absolute changes
in predicted prevalence were modest. For interpretability, a 10-percentage-point increase
in tree canopy was associated with an estimated 0.11-percentage-point decrease in the
prevalence of self-reported poor mental health. A quadratic term for tree canopy in the
primary mental health model was tested, but it was not supported by the data, as the
quadratic term was not significant (p = 0.59), model fit did not improve (AIC 1988.6 vs.
1986.9), and the likelihood-ratio test was not significant (p = 0.60).

The covariates current adult asthma, low income, annualized drought frequency, and
mammogram screening were positively associated with self-reported poor mental health,
whereas minority and routine doctor visits were inversely associated with the outcome.
The covariate “no high school diploma” was not statistically significant. Table 3 outlines
the variable associations with self-reported poor mental health. It also demonstrates that
the spatial error parameter remained statistically significant, indicating residual spatial
autocorrelation after covariate adjustment.

In our secondary analysis of self-reported poor physical health, we applied a similar
LASSO and bootstrap approach to select variables and fit an SEM. The final list of covariates
for the secondary analysis, as well as their definitions as found in the CVI, can be seen in
Table 4.

In the SEM for self-reported physical health, tree canopy was inversely associated
with self-reported poor physical health, meaning an increase in tree canopy was associated
with better self-reported physical health. The relationship between the tree canopy and
self-reported physical health was statistically significant (Table 5). While the relationship
was statistically significant, absolute changes in predicted prevalence were modest—similar
to the results seen in the primary analysis. The results indicate that a 10-percentage-point
increase in tree canopy corresponded to an estimated 0.045-percentage-point decrease in
the prevalence of self-reported poor physical health. The interpretable change in preva-

https:/ /doi.org/10.3390/ijerph23091143


https://www.cdc.gov/places/about/index.html
https://www.cdc.gov/places/about/index.html
https://doi.org/10.3390/ijerph23091143

Int. J. Environ. Res. Public Health 2026, 23, 1143 10 of 18

lence from the secondary analysis was notably more modest than that seen in the pri-
mary analysis.

Table 3. Spatial error model estimates for associations of tree canopy and selected census-tract
characteristics with self-reported poor mental health.

Variable Estimate SE 95% CI p-Value

Tree canopy —0.0110 0.0024 (—0.0157, —0.0064) <0.001

Current adult asthma 2.2176 0.0448 (2.1297, 2.3054) <0.001
Low income 2.4275 0.2332 (1.9705, 2.8846) <0.001
Minority —3.0818 0.1933 (—3.4607, —2.7029) <0.001
Annualized drought frequency 0.0311 0.0065 (0.0183, 0.0438) <0.001
No high school diploma —0.1444 0.1831 (—0.5033, 0.2146) 0.4305
Routine doctor visits —0.1954 0.0100 (—0.2151, —0.1758) <0.001
Mammogram screening 0.0709 0.0079 (0.0554, 0.0865) <0.001
Spatial error parameter Estimate SE 95% CI p-value
Spatial error autoregressive parameter, @ 0.6404 0.0346 (0.5726, 0.7083) <0.001

Note: Tree canopy is measured as percent census-tract tree canopy coverage. Current adult asthma
is the age-adjusted percentage of adults reporting current asthma. Routine doctor visits are the
age-adjusted percentage of adults reporting a routine check-up in the previous year. Mammogram
screening is the age-adjusted percentage of female respondents aged 50-74 years reporting mammo-
gram screening. Annualized drought frequency is measured as the annualized frequency of drought
events. Low income, minority, and no high school diploma are census-tract percentile-ranking
variables scaled from 0 to 1. Abbreviations: SE, standard error; CI, confidence interval.

Table 4. Covariates for self-reported physical health model.

Covariate Definition Source Year of ]?ata
Collection
Multl—l'e.vel regression and Centers for Disease Control and
P osfc-strat1f1cat10n approach was Prevention; Robert Wood Johnson
co?r}:pllllteedatgz{a{ifi a?c?b?}:ilsi daat?nt;)n Foundation; and Center for Disease
COPD ad 11191 ts who report Eavin e\Zr beeng Control and Prevention Foundation. 2018
p & PLACES: Local Data for Better Health,
told by a doctor, nurse, or other health
. . https:/ /www.cdc.gov/places/about/
professional if they had COPD, .
. . index.html (accessed on 14 July 2026).
emphysema, or chronic bronchitis.
Centers for Disease Control and
Using data from the U.S. Census Prevention—Agency for Toxic
Bureau’s ACS, percentage of Substances and Disease Registry.
Minority population that is a racial/ethnic Social Vulnerability Index, 2018
minority (i.e., all persons except white, https:/ /www.atsdr.cdc.gov/
non-Hispanic) was calculated. placeandhealth/svi/faq_svi.html
(accessed on 14 July 2026).
Centers for Disease Control and
Prevention—Agency for Toxic
Aced 17 or Using data from U.S. Census Bureau'’s Substances and Disease Registry.
goun or ACS, the percentage of population 17 Social Vulnerability Index, 2018
youne and younger was calculated. https:/ /www.atsdr.cdc.gov/

placeandhealth /svi/faq_svi.html
(accessed on 14 July 2026).
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Table 4. Cont.

Covariate Definition Source Year of ]?ata
Collection
Multi-level regression and
post-stratification approach was Centers for Disease Control and
applied to BRFSS and ACS data to Prevention; Robert Wood Johnson
Routine doctor  compute detailed probability among Foundation; and Center for Disease
Visits adults who report having been to a Control and Prevention Foundation. 2018
doctor for a routine check-up (e.g.,a  PLACES: Local Data for Better Health,
general physical exam, not an exam for  https://www.cdc.gov/places/about/
a specific injury, illness, or condition)  index.html (accessed on 14 July 2026).
in the previous year.
Centers for Disease Control and
Using data from the U.S. Census Prevention—Agency for Toxic
Bureau’s ACS, percentage of the Substances and Disease Registry.
Low income population with an income below Social Vulnerability Index, 2018
200% of the federal poverty level was https:/ /www.atsdr.cdc.gov/
calculated. placeandhealth /svi/faq_svi.html
(accessed on 14 July 2026).
Centers for Disease Control and
Using data from the U.S. Census Preventlon—Age'ncy for TO.XIC
, Substances and Disease Registry.
Aged 65 or Bureau’s ACS, percentage of the . a1
. Social Vulnerability Index, 2018
older population aged 65 or older was .
calculated https:/ /www.atsdr.cdc.gov/
’ placeandhealth /svi/faq_svi.html
(accessed on 14 July 2026).
Note: CVI obtained data posted on CDC website for ATSDR in 2018 and data posted on CDC website
for PLACES in 2020. Abbreviations: COPD, chronic obstructive pulmonary disease. Directionality:
Higher values for “COPD” indicate more people with a diagnosis of COPD. Higher values for
“minority” indicate greater percentage of the population that is a racial/ethnic minority. Higher
values for “aged 17 or younger” indicate greater percentage of the population that is aged 17 and
younger. Higher values for “routine doctor visits” indicate more people who report going to a routine
check-up. Higher values for “low income” indicate greater percentage of the population with income
below 200% of the federal poverty level. Higher values for “aged 65 and older” indicates greater
percentage of population aged 65 and older.
Table 5. Spatial error model estimates for associations of tree canopy and selected census-tract
characteristics with self-reported poor physical health.
Variable Estimate SE 95% CI p-Value
Tree canopy —0.0045 0.0015 (—0.0074, —0.0016) 0.002
COPD 1.4043 0.0128 (1.3792, 1.4294) <0.001
Minority 2.4622 0.1164 (2.2341, 2.6904) <0.001
Aged 17 or younger —0.0309 0.0770 (—0.1818, 0.1200) 0.688
Routine doctor visits 0.0241 0.0033 (0.0176, 0.0306) <0.001
Low income 0.6284 0.1292 (0.3751, 0.8817) <0.001
Aged 65 or older —1.1778 0.1017 (—1.3771, —0.9786) <0.001
Spatial error parameter Estimate SE 95% CI p-value
Spatial error autoregressive parameter, @ 0.5983 0.0370 (0.5258, 0.6707) <0.001

Note: Tree canopy is measured as percent census-tract tree-canopy coverage. COPD and routine
doctor visits are age-adjusted prevalence measures, expressed as percentages. Low income, minority,
aged 17 or younger, and aged 65 or older are percentile-ranking variables scaled from 0 to 1.
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The covariates chronic obstructive pulmonary disease (COPD), minority, routine
doctor visits, and low income were positively associated with worse self-reported physical
health. Age 65 or older and age 17 or younger were also negatively associated with poor
self-reported physical health, while age 17 or younger was not significant. As outlined
in Table 5, the spatial error parameter was statistically significant, indicating residual
spatial autocorrelation after covariate adjustment. Overall, the findings from the secondary
analysis corroborated previous findings from the primary analysis. Both findings showed a
statistically significant positive correlation between self-reported health and tree canopy.

4. Discussion

This ecological study explored the relationship between the urban tree canopy and
self-reported health across census tracts in urban areas of Alabama. A higher tree canopy
was associated with a lower prevalence of self-reported frequent poor mental health and
frequent poor physical health after adjustment for machine learning-selected contextual
covariates and spatial dependence. The magnitude of the association—as well as the inter-
pretable changes in prevalence—was modest, but the direction was consistent across both
outcomes. As this study was ecological and cross-sectional, these findings should be inter-
preted as tract-level associations rather than evidence of individual-level or causal effects.

Overall, results from Alabama were consistent with a growing body of literature
associating a greater urban tree canopy coverage with more favorable mental and physical
health. Studies in other regions have linked the urban tree canopy to several health
outcomes. A recent analysis in Australia found that a 10% increase in tree canopy among
women was associated with lower odds of prevalent and incident social loneliness [8]. A
study in Southern California found strong protective effects of the tree canopy against
postpartum depression (OR = 0.98, 95% CI: 0.97-0.99) [10], and a study in Kentucky found
that reductions in tree canopy cover below 10% in a particular zip code were associated
with an increase in suicide rates [11]. Regarding physical health, in the secondary analysis,
our findings of a significant association between self-reported physical health and the
tree canopy in Alabama also supported previous findings from other regions. A 2024
health assessment found that a 20% urban tree canopy attainment in Denver, CO would
avert 200 premature deaths and 4.1 cases of stroke annually; similarly, a 25% urban tree
canopy attainment in Phoenix, AZ was predicted to prevent 368 premature deaths and
8.7 cases of stroke [29]. A 2024 analysis across 5723 U.S. municipalities estimated that an
ambitious reforestation program across the U.S. involving 1.2 billion trees could reduce
heat-related mortality by an additional 464 £ 89 people and annual heat-related morbidity
by 80,785 + 6110 cases [5]. The proposed mechanisms for the tree canopy’s positive
effect on health, even when adjusting for confounding, could not be tested directly in
the present study but include heat mitigation, air pollution reduction, opportunities for
physical activity, restoration from stress, and social connection. The current findings extend
this work to urban census tracts in Alabama, a Deep South state where the tree canopy,
environmental conditions, and health inequities may intersect in locally important ways.

This study also makes a methodological and practical contribution. The study com-
bined publicly available contextual data from the U.S. CVI with newly developed tree
canopy data from the SDH Core at the University of Alabama at Birmingham. This ap-
proach illustrates how publicly available data sources can be leveraged for place-based
environmental health research, particularly when primary data collection is not feasible,
or if funding for such research continues to decline. Machine learning techniques were
used to select relevant covariates for analysis from large datasets. Screening covariates
with machine learning may improve efficiency, particularly when working with highly
correlated and complex datasets; a 2024 analysis found that the machine learning tech-
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nique ridge regression could be approximately 20,000 times faster than stepwise covariate
modeling (SCM), and prescreening with a machine learning algorithm reduced the SCM
runtime by 42.86% [30]. Among the machine learning techniques considered, LASSO has
been suggested in prior studies to provide strong predictive covariate selection; in a study
of patients with metastatic colorectal cancer receiving bevacizumab treatment, prediction
models of progression-free survival and overall survival showed that models using the
LASSO technique had the lowest predictive error compared to other machine learning
techniques, and it also had a higher concordance index, a measure of how well a model
predicts the order in which events happen (LASSO increased concordance index from 0.727
to 0.754 for overall survival and from 0.972 to 0.979 for progression-free survival) [31].
While the machine learning approach does not replace theory-driven model building, it
can help researchers identify contextual variables from a broad field of complex and inter-
related socioeconomic, demographic, health, and environmental measures for subsequent
spatial modeling. If using machine learning techniques alongside theory-driven modeling,
machine learning techniques may be most useful as a prescreening tool for large datasets
with multiple confounding variables, such as the datasets used in this study.

The results for the selected covariates are largely consistent with the literature. The
associations of living with asthma, poor mental health [32,33], or conditions such as COPD
and poor physical health [34] are well-established. Unsurprisingly, census tracts that
ranked higher in percentiles of low income reported a higher frequency of poor physical
and mental health, supporting the well-established correlations between low income and
poor health [35-37]. We conjecture that the low income covariate reflects a range of socio-
economic deprivation, stress, and lack of access to healthcare resources that contribute to
poor health.

The associations between minority population share and self-reported mental health
may appear counterintuitive, but this phenomenon, sometimes termed the “Black—-White
mental health paradox,” is documented in the previous literature, particularly in the south-
ern United States [38,39]. However, the ecological association between resilience and
minority communities—sometimes attributed to greater family, community, and religious
support that helps build self-esteem—does not negate the barriers, lack of resources, and
chronic disease burdens that affect minority communities in Alabama, which is evidenced
by the positive correlation between minority population share and poor physical health.
Similarly, two other covariates that are indicative of preventive care—mammogram screen-
ing in the case of the mental health model, and routine doctor visits in the physical health
model—also appear to yield counterintuitive results. We speculate that this may be a case
of “confounding by indication,” which is a frequent challenge in observational studies.
Confounding by indication is the observation that higher use of medical care may indicate
a higher risk of disease or higher prevalence of patient frailty. This association may result
in spurious positive associations between use of preventive care and poorer health [40].

The covariate “annualized drought frequency” was positively associated with poor
mental health and may suggest new directions for research in the U.S. context. Globally,
exposure to drought is linked to economic strain, worry, hopelessness, and even suicidal
ideation [41-43]. However, linkages between drought and mental health in a primarily
urban population in the United States are an understudied but important area to explore
in a time of rapidly changing weather patterns. The percentage of residents aged 65
years or older had a significant negative association with poor physical health, which
is counterintuitive if interpreted at the individual level. Tracts with higher older-adult
percentile rankings may differ in unmeasured ways, such as insurance coverage, residential
stability, access to care, social resources, or neighborhood characteristics. This finding
should not be interpreted as evidence that older adults have better physical health, but
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rather as an ecological pattern that warrants further study. Several selected covariates
were not statistically significant after adjustment, suggesting that their associations with
self-reported health were attenuated when considered alongside other contextual measures.

While the findings in this study were statistically significant, it is important to address
that the interpretable impact of urban tree canopy expansion on self-reported health was
modest. A 10-percentage-point increase in tree canopy was only associated with a 0.11-
percentage-point decrease in prevalence of poor self-reported mental health and a 0.045-
percentage-point decrease in prevalence of poor self-reported physical health. Additionally,
it is important to address the significant spatial error parameters in both the mental health
(0.6404) and physical health (0.5983) models. The significant spatial error parameters in
both the mental and physical health models indicate residual spatial autocorrelation after
adjustment for tree canopy and selected census-tract covariates, which may reflect omitted
or incompletely measured spatially patterned factors. In the context of Alabama’s history,
residual spatial patterning may reflect the lasting influence of redlining, which—through
the accumulative economic and social effects of discriminatory housing practices—lead to
various unfavorable living conditions coinciding within the same redlined census-tracts.
Historically, census-tracts that were subject to redlining by the HOLC were more likely to
attract factory work for industrial land use, which contributed to more coverage of land
by impervious surfaces, worsened air pollution, and a decreased urban tree canopy [44].
People in redlined census-tracts have also historically had decreased access to other health-
promoting resources, such as access to healthy food retailers [45]. The significant spatial
error parameter suggests that other spatial factors within census-tracts may represent
confounding variables that were not selected by the LASSO machine learning technique
but that may represent important factors in theory-driven models such as those based on
the effects of historical redlining.

Several limitations of this study should be acknowledged. Since the analysis was
conducted at the census-tract level within Alabama MSAs, the findings may be affected by
the Modifiable Area Unit Problem, edge effects at study-area boundaries, and neighborhood
selection bias due to nonrandom residential sorting. The observational design of the
study precludes causal inference, and the reliance on self-reported health measures may
introduce reporting bias. Additionally, the cross-sectional nature of the data limits our
ability to assess temporal relationships. Changes in tree canopy throughout the life of
residents may have had effects on self-reported physical and mental health. Tree canopy
data in this study represented an average over several years (2011-2021). Census-tract-
level aggregations prevent more nuanced analyses at the individual level and create the
possibility of ecological fallacy; therefore, tract-level associations should not be interpreted
as individual-level effects. For example, recent research suggests that reductions in ambient
temperature and any resultant benefits are most dependent on proximity and the density of
tree cover within 10 m [46], and census-tract-level measures cannot capture such variation.
The tree canopy was measured via satellite imagery, which does not capture the street-level
quality, maintenance status of trees, or species composition.

While total tree canopy data through satellite imagery offers a valuable insight into the
urban landscape, future studies should also pay attention to the true accessibility of such
tree canopy and residents’ practical ability to interact with urban tree canopy in an effective
way. Modest improvements in self-reported mental and physical health in this study may
be related to a lack of true accessibility, such as the majority of the tree canopy being located
in private parks or residences rather than public areas such as along streets or in public
green spaces. Future studies should incorporate more precise, street-level indicators of tree
canopy quality, maintenance, accessibility, and perceived safety. Future studies should also
examine other local indicators that may influence the relationship between tree canopy and
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health, such as heat exposure, air quality, health care access, walkability, housing quality,
and neighborhood social conditions.

Another limitation that must be addressed is the use of CDC PLACES-derived mea-
sures. Both outcomes of self-reported mental health and self-reported physical health
were derived from PLACES using multilevel regression and post-stratification applied to
ACS and BRFSS data. Several of the covariates, such as current adult asthma and routine
doctor visits, also used measures from PLACES, and other covariates, such as income and
racial/ethnic composition, were derived from ACS data—data that, as stated previously,
was used in the generation of PLACES estimates. This overlap between covariates and
outcome data may produce a degree of circularity that may amplify the final results. In
addition, it is important to emphasize that PLACES measures are model-derived estimates,
not observed prevalences; therefore, currently reported standard errors and confidence
intervals may not fully address the total uncertainty surrounding the estimated associations.
Finally, because covariates were selected using a machine learning screening approach, the
findings should be interpreted as exploratory and contextual rather than as a fully theory-
specified causal model. Although bootstrap-stabilized penalized regression was used to
improve the stability of covariate selection, the post-selection SEM estimates and confidence
intervals do not fully account for uncertainty introduced by the variable-selection step.

Future directions include collaboration with local organizations in Alabama, such as
Cool Green Trees [47], which currently works to plant more trees in Alabama’s urban heat
islands, potentially providing opportunities for quasi-experimental study designs. More-
over, smaller-scale studies with targeted primary data collection could provide more clarity
on the complex relationships between tree canopy, neighborhood perceptions, contextual
socioeconomic factors, and health outcomes of neighborhood residents. Longitudinal or
quasi-experimental studies that measure tree planting, tree maintenance, resident use, tem-
perature, air quality, and perceived neighborhood conditions would be especially useful
for clarifying mechanisms and informing urban greening strategies.

5. Conclusions

This study contributes to a growing understanding of the complex, context-dependent
relationship between urban greenness and health by leveraging publicly available data and
novel tree canopy estimates from Alabama, a state that has largely been overlooked in this
area of research. While the gold standard in research remains randomized controlled trials,
such as the Green Heart Project in Louisville, KY [2], replicable methods that leverage large,
open-access datasets can help provide critical tools to the research community, especially
in an era of limited funding for environmental health and environmental justice research.
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