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A B S T R A C T

Urban green infrastructure like public trees can deliver ecosystem services that help cities respond to modern 
environmental challenges like pollution, climate change, public health, crime, equitability, and biodiversity loss. 
However, studies have shown that urban trees are inequitably distributed along various socioeconomic variables, 
translating to inequitable provisioning of ecosystem services. This research aims to explore how street trees are 
distributed across Washington, DC, USA, as a function of social demographics and urban landscape features. 
Using data from DC’s Urban Forestry Street Trees dataset, we fit a series of both linear and multi-scale 
geographically weighted regression models to assess patterns in overall tree canopy cover, native species di-
versity, oak abundance, and recent street tree plantings. Both linear and MGWR models agreed on the direction 
of correlation between all dependent and independent variables. However, our MGWR models revealed spatial 
variability in some results. For example, we found that new tree plantings had a positive relationship with the 
proportion of renters in some localized areas but a negative relationship in other portions of the city, indicating 
that areas with high renting populations are not equally receiving new trees across the city. We also found a 
positive relationship with new tree plantings and heat sensitivity index and this relationship was generally 
uniform across the city, indicating that new tree plantings are being conducted in areas that need them the most. 
Our analysis can help identify local neighborhoods in which street tree inequalities exist and inform planting 
efforts that prioritize the equitable distribution of green infrastructure across Washington, DC.

1. Introduction

Sustainable cities must respond to a suite of modern challenges, 
including pollution, climate change, public health, crime, and equita-
bility. Urban planners increasingly rely on green infrastructure—i.e. 
trees, green spaces, and wetlands—to deliver ecosystem services that 
meet these challenges. Green infrastructure can vary widely in scale,

ranging from site-specific implementations to landscape-scale networks 
(Grabowski et al., 2022). Green infrastructure has proven effective at 
reducing air temperature, pollution, noise, and flooding; providing op-
portunities for recreation, aesthetics, and connection with nature; and 
supporting biodiversity through habitat creation in urban settings 
(Buffam et al., 2022).

Among the components of green infrastructure, public trees are
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particularly valued for their ability to provide a range of ecosystem 

services at a relatively low cost. The shade and evapotranspiration that 
tree canopies provide are instrumental in reducing the urban heat island 
effect created by increased heat emission and absorption in developed 
areas (Gillerot et al., 2024; Parker, 2010; Wang et al., 2021; Yang et al., 
2016). Urban areas with low canopy cover experience reduced wind 
speeds and greater concentrations of heat (Gillerot et al., 2024; Raja-
gopalan et al., 2014; Ryu and Baik, 2012), which contributes to greater 
rates of heat-related health conditions and mortality (e.g., major car-
diovascular, chronic lower respiratory; Boumans et al., 2014; Wang 
et al., 2021). Increased tree density, in turn, provides greater shade 
coverage and drastically reduces regional and local temperatures 
(Armson et al., 2012; Bowler et al., 2010) and energy costs (Moody et al., 
2021). Urban tree planting is thus projected to notably reduce 
heat-related mortality and morbidity (McDonald et al., 2024).

In addition to contributing to lower air temperatures, street trees also 
contribute to cleaner air (Nowak et al., 2006). Improved air quality from 

tree-associated air purification has been linked to lower rates of mor-
tality (Nowak et al., 2013), lung cancer (Wang et al., 2021), and 
childhood asthma (Lovasi et al., 2008). While the benefits of trees to 
human physical health are clear, their contributions to human mental 
health have only recently become appreciated. Urban trees have been 
correlated with reduced stress (Elsadek et al., 2019; Townsend et al., 
2016), better academic performance (Kweon et al., 2017), and better 
attention (Lin et al., 2014). While these benefits are enjoyed at the in-
dividual level, they bear community-level implications. Trees can pro-
vide cues that a neighborhood is cared for (Gilstad-Hayden et al., 2015), 
which has been found to promote social cohesion (Weinstein et al., 
2015) and mitigate the psychological precursors to violence (Kuo and 
Sullivan, 2001). As a result, the correlation between urban canopy cover 
and reduced crime rates has been demonstrated in numerous US cities, 
including Chicago (Kuo and Sullivan, 2001; Schusler et al., 2018), Bal-
timore (Troy et al., 2012), New Haven (Gilstad-Hayden et al., 2015), 
Cincinnati (Kondo et al., 2017a), Philadelphia (Kondo et al., 2017b), and 
New York (Lin et al., 2021).

While street trees directly benefit human health by providing air 
purification, shade, and assisting mental health, they also indirectly 
benefit society by supporting biodiverse ecosystems. Urban canopies 
foster biodiversity in cities by providing food, habitat, nesting sites, and 
movement corridors for wildlife (Bhullar and Majer, 2000; Shackleton, 
2016). In the United States, native oaks (Quercus spp.) play a dispro-
portionate role in fostering wildlife (Wood and Esaian, 2020). For 
example, oaks foster especially high Lepidoptera (butterfly) species 
richness (Narango et al., 2020; Piel et al., 2021; Tallamy and Shropshire, 
2009), are often preferred by foraging birds (Narango et al., 2017; Wood 
et al., 2012; Wood and Esaian, 2020) and are an important food source 
for many native mammals (Tallamy, 2021). Oaks can also be especially 
disturbance-tolerant, making them prime candidates for 
disturbance-rich urban environments in a warming climate (Piana et al., 
2021; Thomas et al., 2024).

Despite the numerous benefits associated with urban street trees, 
many studies have shown that urban trees are unequally distributed 
along various socioeconomic variables (Gerrish and Watkins, 2018; 
Pham et al., 2017) — especially, race and income (Landry and Chak-
raborty, 2009; Lin et al., 2021; Watkins et al., 2017) — which translates 
into an inequitable distribution of ecosystem services for those com-
munities. While these relationships have been observed across several 
cities, city-specific history and ecology present local nuances that 
remain uncaptured by sweeping multi-city studies (e.g., Magle et al., 
2021). Thus, single-city studies are warranted to capture the social and 
environmental conditions unique to a locale (Healy et al., 2022; Roman 
et al., 2021; Smart et al., 2020). Urban planners and decision-makers 
may rely on these city-specific inferences that reflect their local 
context to tailor policies that address the challenges unique to their 
region.

The heterogeneous and dynamic characteristics of urban

environments present an opportunity to explore fine-scale social and 
environmental variables that might give rise to spatial disparities in the 
distribution of urban public trees. However, the same heterogeneous 
characteristic may cause significant spatial nonstationary in these data, 
obscuring our understanding of where ecosystem services are being 
provisioned. Multiscale geographically weighted regression (MGWR) is 
an extension of linear regression that allows for the associations between 
response variables and independent variables to vary both across 
geographic space and at different spatial scales. MGWR models also offer 
a more robust understanding of relationships than traditional linear 
regression (LR) (Xiao et al., 2023), as they are able to capture local 
variations in the effects of independent variables. Here, we assess the 
relationships between public tree distribution and social-environmental 
characteristics of the urban environment in Washington, D.C., USA. We 
use a MGWR approach to address both spatial heterogeneity and the 
effects of scale on tree distributions across the city.

The city of Washington, DC, provides an important case study as a 
proud “city of trees” (Nowak et al., 2006) that has formally prioritized 
the planting of public street trees to mitigate and expand resiliency to 
the impacts of climate change (i.e. flooding, urban heat island effect, and 
pollution) and improve environmental health (i.e. air purification, water 
filtration, and increased biodiversity) (Department of Energy and the 
Environment, 2016; Urban Forest Division, 2020). Washington, DC also 
has a long history of racial and class discrimination (King et al., 2022), 
and a recent study in Washington, DC, found that median household 
income was negatively correlated with the health and quality of public 
street trees (Fang et al., 2023). Here we build on this study to investigate 
the spatial relationship between social-ecological variables in Wash-
ington, DC and four attributes of street trees: overall canopy cover, 
native species diversity, oak abundance, and the number of trees planted 
in the last five years. Additionally, we assess an explicit public health 
component by examining the distribution of public trees in relation to 
health conditions that can worsen an individual’s sensitivity to heat 
exposure. We hypothesized that each tree metric would be positively 
correlated with the proportion of residential buildings, the perceived 
social prestige of an area, and mean building age in an area, and nega-
tively correlated with the proportion of renters and populations that are 
particularly sensitive to heat exposure. Furthermore, we also hypothe-
sized that these relationships would vary locally across the city in both 
magnitude and direction. The goal of this study is two-fold: i) to explore 
the distribution of public trees as they relate to social-ecological vari-
ables and ii) to identify location-specific disparities in ecosystem service 
provisioning that can be addressed through targeted tree plantings. Our 
analyses can help identify specific neighborhoods in which street tree 
inequalities exist to prioritize planting efforts that contribute to envi-
ronmental justice across Washington, DC.

2. Methods

2.1. Study area

We conducted this study in Washington, DC, a city situated at the 
confluence of the Potomac and Anacostia Rivers in the Mid-Atlantic 
region of the United States. The city has a terrestrial area of approxi-
mately 158 km 2 and is characterized by dense urban development in the 
center of the city, encircled by a ring of rowhomes and a subsequent ring 
of single-family homes. The district identifies itself as a “city of trees,” 
which is manifested by a city-wide canopy cover of nearly 37 %, the 
presence of the United States National Arboretum, and a festival dedi-
cated to non-native cherry trees which attracts over 1.5 million in-
dividuals annually (Fang et al., 2023; Nowak et al., 2006; Office of the 
Mayor of the District of Columbia, 2024). The District of Columbia has 
formally prioritized the use of public tree plantings to increase shade, 
stabilize riverbanks, and filter and purify air and water as part of the 
District’s climate change preparedness plans (Department of Energy and 
the Environment, 2016). To meet these goals, the District of Columbia
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largely collaborates with a local non-profit, Casey Trees to plant trees on 
public and private lands and increase the urban canopy to 40 % by 2032 
(Buscaino and Schichtel, 2024). Casey Trees plants approximately 5500 
trees per year in the District of Columbia (O’Brien, 2023), and in 2024 
Casey Trees, the District of Columbia, and other community partners 
planted 16,000 trees in the District on both public and private lands 
(Buscaino and Schichtel, 2024). While the area is naturally a beech-oak 
forested ecosystem, a wide array of other species comprise the city’s 
urban canopy and are maintained by Casey Trees and the city’s Urban 
Forestry Division (Department of Energy and the Environment, 2015; 
Fang et al., 2023).

Washington is home to approximately 672,000 people across 132 
neighborhoods within eight administrative wards (City of Washington, 
DC, 2007; Census Bureau, 2022a). Although the population is ethnically 
and socioeconomically diverse, the distribution of these demographics is 
relatively stratified due to historical redlining and disinvestment prac-
tices (King et al., 2022; Logan, 2017). Neighborhoods east of the Ana-
costia River tend to be low-income (Fig. 1.) and/or Black neighborhoods 
(e.g., Barry Farm; Fig. 1; King et al. 2022), although Black and 
middle-income neighborhoods also exist in this portion of the city (e.g., 
Kenilworth). Conversely, neighborhoods in the western section of the 
city tend to be both affluent and white (e.g., Georgetown, 16th Street 
Heights; Fig. 1; King et al., 2022). The northeastern section of the city is 
more heterogeneous, with neighborhoods forming a patchwork of racial 
and financial diversity (e.g., Petworth and Brookland; Fig. 1). Fewer 
residents live in the center of the city (e.g. China Town and Downtown), 
but neighborhoods tend to be dominated by affluent white families just 
beyond the city center (e.g., Capitol Hill), before transitioning to pri-
marily middle-class Black neighborhoods further east (e.g., Kingman 
Park; Fig. 1). Additionally, communities in eastern Washington, DC are 
more susceptible to heat related illnesses (Fig. 1).

2.2. Urban tree metrics

To assess the spatial distribution of trees across Washington, D.C., we 
used the Urban Forestry Street Trees database (District of Columbia, 
2024a), managed by the District of Columbia Department of Trans-
portation's Urban Forestry Division. The Urban Forestry Street Tree 
database is a publicly available dataset that includes information for 
each tree planted in a landscaped public space in Washington, DC (e.g., 
tree species, year it was planted, health, diameter at breast height). 
Trees found on federal property, private properties, or non-landscaped 
public properties are not included in the database. At the time of this 
analysis, the database contained 213,877 individual street trees across 
all of Washington, DC. We removed duplicate entries, trees labeled as

“dead” or “no tree,” and species names left blank or labeled “N/A.” After 
filtering out these records, 187,590 observations remained.

To aggregate the urban street tree data, we superimposed a 
550x550m spatial grid over the administrative area of Washington, DC, 
and removed any cell that did not fall at least 50 % within the city 
boundaries. Furthermore, we removed any cell in which greater than 
25 % of the cell’s area was comprised of open water, federal park land, 
military land, university campuses, or large private properties, since 
trees in these land use categories are not recorded in the Urban Forestry 
Street Tree database and their absence would bias our results. We chose 
a 550x550m grid size because the area of each cell is approximately the 
mean area of census block groups in Washington, DC, and uniform grid 
cells ensured that our spatial units were consistent across the landscape, 
which is not achieved when using census block groups.

Within each remaining gridcell (n = 526), we calculated the pro-
portion of overall tree canopy cover, Shannon’s diversity index of native 
trees, the total number of oak trees (Quercus spp.), and the number of 
individual trees planted between 2018 and 2022 (Fig. S1). To calculate 
canopy cover, we used the Chesapeake Conservancy high-resolution (1-
m) land cover database (Chesapeake Bay Program, 2023; Robinson 
et al., 2019) and calculated the proportion of each land cover class 
within each grid cell. We then summed the proportions of land cover 
cells classified as “Forest”, “Tree, Other”, “Tree Canopy Over Turf 
Grass”, and “Tree Canopy Over Impervious” in each grid cell to obtain a 
value of total canopy cover. Native tree Shannon’s diversity index was 
calculated using the vegan package (Oksanen et al., 2022) in R version 
4.4.0. (R Core Team, 2024). Species were considered native if their 
native range included Washington, DC, Virginia, or Maryland per the US 
Department of Agriculture plants database (plants.usda.gov) or the 
ICUN’s listed range for each species (iucnredlist.org). Hybridized species 
were not included as native. The overall sum of Oak trees in each grid 
cell was used as oak abundance, and all plantings (regardless of species) 
conducted between 2018 and 2022 were summed in each grid cell to 
calculate the number of new plantings. Cells that were removed from the 
original grid were assigned “NA” values and not included in the statis-
tical analysis. All spatial processing was performed using the ‘sf’ 
(Pebesma, 2018) and ‘terra’ (Hijmans et al., 2024) packages in R version 
4.4.0.

2.3. Spatial autocorrelation

Prior to analysis, we investigated the spatial autocorrelation of all 
dependent variables by calculating Moran’s I and plotting local in-
dicators of spatial autocorrelation (LISA; Anselin, 1995).

Fig. 1. The distribution of median household income (A), proportion of non-white residents (B) based on the U.S. Census 2023 5-year American Community Survey 
(U.S. Census Bureau, 2022b), and heat sensitivity index (C) based on (Department of Energy and Environment, 2022) across the city of Washington, DC USA.
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2.4. Predictor variables

The aim of this study was to explore how street trees are distributed 
across the District of Columbia and the implications of this distribution 
on vulnerable populations. With this in mind, the predictor variables 
that we used in our study were arranged into two categories: 1) urban 
landscape characteristics (i.e., mean impervious surface area, propor-
tion of commercial building coverage, proportion of residential building 
coverage, and mean building age), and 2) socio-demographic charac-
teristics (i.e., proportion of residents that rent, neighborhood prestige, 
and heat sensitivity).

2.4.1. Impervious cover
To calculate impervious cover, we used the Chesapeake Conservancy 

high-resolution (1-m) land cover database (Chesapeake Bay Program, 
2023; Robinson et al., 2019) and summed the proportions of land cover 
cells classified as “Impervious Roads”, “Impervious Structures”, or 
“Impervious, Other” in each grid cell using the ‘terra’ package in R.

2.4.2. Residential and commercial building footprints
To calculate residential and commercial building footprints, we first 

spatially joined the District of Columbia Building Footprints layer 
(Building Footprints; District of Columbia, 2024b) and the District of 
Columbia Existing Land Use layer (Existing Land Use; District of 
Columbia, 2024b). We reclassified buildings labeled as ‘Residential’ or 
‘Mixed’ to residential buildings and buildings labeled ‘Commercial’ or 
‘Industrial’ to commercial. We summed the area of each building type 
within each grid cell and divided by the area of the grid cell to obtain a

proportion of coverage by each building type.

2.4.3. Prestige index
As the US capital city, Washington, DC maintains several grand and 

opulent spaces as symbols of democracy, history, and diplomacy 
(Schroder, 2021; Witt, 2005). These spaces are revered as points of pride 
in the city and were thus considered to convey prestige. To quantify 
prestige across Washington, DC we obtained the Embassies (dataset 
name: Embassies), federal buildings recognized on the historical register 
or eligible for the historical register (dataset name: Historic landmarks), 
monuments and memorials (dataset name: Memorials), museums 
(dataset name: Museums), University and College Campuses (dataset 
name: University and college campuses), and parks (dataset names: 
National parks, Parks and recreation areas) layers publicly available 
from DC Open Data (District of Columbia, 2024b). Within each grid cell, 
we summed the number of previously described attributes and 
log-transformed the data before analysis.

2.4.4. Building age
To calculate mean building age for each grid cell, we calculated the 

weighted average year a structure was built using the U.S. Census Bu-
reau's 2022 5-year American Community Survey (Census Bureau, 
2022b). The average year that structures were built was subtracted from 

2024 to get a weighted mean building age for each grid cell.

2.4.5. Proportion of renters
To calculate the proportion of renters in each grid cell, we summed 

the total population and total renter population from each 2022 5-year 
American Community Survey census block group that overlapped a grid 
cell. When a block group did not overlap a grid cell completely, we used

an area-weighted crosswalk approach by multiplying the population 
data by the proportion of the respective census block that was within the 
grid cell (Goodchild et al., 1993). We then divided the total population 
by the population of renters to obtain the proportion of renters in each 
grid cell.

2.4.6. Heat-sensitivity Index
Following the Heat Sensitivity Index methodology prepared by the 

CADMUS group (Department of Energy and Environment, 2022), we 
calculated a heat sensitivity index comprised of 9 variables calculated 
for each 550x550m grid cell in our study area. Using the 5-year Amer-
ican Community Survey (2018–2022) we calculated the following var-
iables for each grid cell: the proportion of people of color that do not 
identify as white, total population under 5 years of age, total population 
that was age 65 or over, total population below the 200 % poverty ratio, 
total population with a disability (calculated at the tract level), and total 
population who are not proficient in English. All variables were calcu-
lated at the census block group scale unless otherwise noted. When 
Census geometries overlapped the boundaries of a grid cell we used a 
crosswalk approach and divided the population data by the proportion 
of the respective census geometry that was within a grid cell (Goodchild 
et al., 1993). The crude prevalence of obesity, asthma, and coronary 
heart disease was calculated from the 2023 CDC PLACES Data at census 
tract scale (Center for Disease Control, 2024). When a grid cell over-
lapped more than one census tract boundary, we took the mean of each 
variable.

Each variable was then scaled and indexed using the following ag-
gregation (Department of Energy and Environment, 2022):

where i = variable, j = grid cell, n = the total number of variables 
(n = 9). Once scaled and indexed, variables were summed to create the 
heat sensitivity index (HSI):

HSI j = 
∑ 9

i=1
Component Index i

2.5. Data analysis

For each response variable we fit two models using all four inde-
pendent variables: a standard linear regression model (LM) and a multi-
scale geographically weighted regression model (MGWR). Both the LM 

and MGWR were fit using the ‘GWmodel’ package (Gollini et al., 2015) 
using R version 4.4.0. All dependent variables, except proportion of 
canopy cover, were log-transformed before analysis. The proportion of 
canopy cover was instead logit transformed – a more appropriate 
transformation for proportional data. The model assessing new planting 
rates included all previously described independent variables as additive 
terms and the existing tree density variable. We included existing tree 
density as a variable to account for instances where current tree density 
may lead to decisions not to plant more trees (i.e. there are already 
enough trees in an area). Here we calculated the existing tree density in 
each cell by summing the number of existing living street trees in each 
cell and dividing it by the area of the cell. Models assessing canopy 
cover, native tree diversity, and oak abundance did not include the 
existing tree density variable. All independent variables were scaled to 
have a mean of 0 and a standard deviation of 1. For our MGWR model, 
we used an adaptive Gaussian kernel to estimate the number of nearest 
neighbors (bandwidth) and set the backfitting threshold to 0.001

Component Index i = 

(
population share j − minimum census tract share

maximum census tract share − minimum census tract share 

) 

× 

(
1
n

) 

,
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iterations.
While an overall p-value is calculated for each variable using the LM, 

overall variable-specific significance is not reported for MGWRs as the 
strength and direction of relationships can vary across space. As a result, 
a variable can be significant in some grid cells but insignificant in others. 
With a MGWR model, a variable’s t-values can vary spatially, so areas 
with high t-values indicate stronger evidence that the effect of a variable 
is locally significant (Fotheringham et al., 2002; Lu et al., 2014). We 
considered a variable locally significant if the t-value for a respective 
grid cell was greater than 1.96 (Fotheringham et al., 2002; Lu et al., 
2014).

We then visualized the estimated spatially varying regression co-
efficients for each independent variable in each grid cell using a diver-
gent color palette and added cross-hatching to indicate where a 
coefficient was not considered locally significant. Visual assessment of 
these maps allowed us to identify spatial patterns and clustering of re-
sults. We also assessed bandwidth values to identify when a variable was 
locally or globally relevant. Smaller bandwidths indicate that a model 
used fewer nearest neighbors for the respective variables, indicating 
more spatial non-conformity, whereas larger bandwidth values indicate 
greater spatial conformity. Finally, we assessed the adjusted R 2 value for 
both the LM and MGWR to compare model fit between the two 
approaches.

3. Results

3.1. Spatial autocorrelation

Local indicators of spatial association (LISA) revealed clusters of 
spatial autocorrelation in all five of our dependent variables, justifying 
our use of an MGWR (Fig. 2). Clusters of spatial autocorrelation are 
indicated by cells with statistically high values bordered by other cells of 
statistically high values (High-High) or cells of statistically low values 
bordered by other cells of statistically low values (Low-Low). Across 
variables, clustering was most prevalent around downtown, areas 
neighboring the east side of Rock Creek Park, and along the city borders 
(Fig. 2). Additionally, the analysis also identified regions in which grid 
cells with statistically low values border grid cells with statistically high 
values (High-Low), and vice versa (Low-High). These locations of High-
Low and Low-High indicate hyper-local anomalies in public tree metrics. 

To explore the nuanced relationships between dependent and

independent variables across the city, we compared traditional linear 
regression (LR) models against MGWR models. The MGWR models 
outperformed LM models for all dependent variables, as indicated by R 2 

values (Table 1). Generally speaking, the direction of effect of significant 
(p ≤ 0.05) variables in the LM matched the direction of the median es-
timate of the same variable in the MGWR, indicating that results from 

the LM and MGWR models complemented each other.

3.2. Canopy cover

Results from our LM indicate a positive correlation between total tree 
canopy cover and the proportion of residential buildings (β LM = 0.1608, 
95 % CI = 0.1205–0.2011), proportion of renters (β LM = 0.0891, 95 % 

CI = 0.0472–0.1310), neighborhood prestige (β LM = 0.0644, 95 % CI = 

0.0285–0.1003), and mean building age (β LM = 0.12892, 95 % CI = 

0.0861–0.1717), and a significant negative correlation with impervious 
cover (β LM = − 0.87760, 95 % CI = − 0.9240 - − 0.8312) and heat 
sensitivity index (β LM = − 0.1065, 95 % CI = − 0.1451 - − 0.0679). All 
variables in the MGWR, excluding heat sensitivity index, showed spatial 
variation in their correlation with tree canopy cover (i.e. low band-
width; Table 1), including proportion of commercial buildings which 
was not significant in the LM (Fig. 3). Heat sensitivity was significant in 
our LM and had a bandwidth of 525 in the MGWR, indicating that the 
significant negative correlation between tree canopy cover and heat 
sensitivity index was uniform across the city (Table 1).

3.3. Native tree diversity

Results from our linear model show a negative correlation between 
native tree diversity and impervious surface (β LM = − 0.0928, 95 % CI =
− 0.1320 - − 0.0537) and a positive correlation with the proportion of 
residential buildings (β LM = 0.1377, 95 % CI = 0.1036–0.1717) and 
commercial buildings (β LM = 0.0553, 95 % CI =0.0135, 0.0970). While 
our results from the MGWR model indicated that the correlation be-
tween impervious cover and native tree diversity was uniform across the 
city (bandwidth = 525), the MWGR model indicated that the correlation 
between both residential and commercial buildings and native tree di-
versity varied across the city with a bandwidth of 14 and 61, respec-
tively (Fig. 4). Our LM did not find a significant relationship between 
native tree diversity and mean building age (Table 1). However, we 
found significant correlations between native tree diversity and mean 
building age that varied spatially across the city (bandwidth = 42), with 
some local areas having a significant positive correlation with mean 
building age and other areas showing a significant negative correlation 
(Fig. 4).

3.4. Oak abundance

Across our study area, we found an average of 62.5 (sd = 37.5) oak 
trees per grid cell. For the number of oak trees, we found a significant 
positive correlation with the proportion of residential (β LM = 0.5224, 
95 % CI = 0.4153–0.6295) and commercial buildings (β LM = 0.1781, 
95 % CI = 0.0467–0.3097) in our LM. However, results from the MWGR 
model indicated notable spatial variation in local correlations between 
the number of oak trees and impervious cover (bandwidth = 43), resi-
dential buildings (bandwidth = 28), commercial buildings (bandwidth
= 230), neighborhood prestige (bandwidth = 59), and mean building 
age (bandwidth = 312) (Fig. 5). In the case of impervious cover, we 
found some areas with a significant positive correlation with the number 
of oaks and other areas with a significant negative correlation (Fig. 5).

3.5. New tree plantings

We found an average of 9.4 trees (sd = 5.6) planted in each grid cell 
between 2018 and 2022. The linear model for new plantings in the last 5 
years, showed a significant negative correlation between impervious

Fig. 2. Visualizations of local indicators of spatial association (LISA) for each 
dependent variable across sampled grid cells in Washington, DC. Colors indi-
cate the value of each grid cell’s dependent variable value in relation to its 
neighboring cells.
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cover (β LM = − 0.1854, 95 % CI = − 0.2729 - − 0.0978), proportion of 
renters (β LM = − 0.1213, 95 % CI = − 0.2001, − 0.0425), and mean 
building age (β LM = − 0.1486, 95 % CI = − 0.2294 - − 0.0677), and a 
significant positive correlation between commercial buildings (β LM = 

0.1479, 95 % CI = 0.0549–0.2408), heat sensitivity index (β LM =

0.1720, 95 % CI = 0.0994–0.2446), and current abundance of trees (x = 

286.5, sd =, 124.4, β LM = 0.65272, 95 % CI = 0.5761–0.7293). Results 
from our MGWR model indicate spatial variation in the correlation be-
tween new plantings and proportion of residential buildings (bandwidth
= 28), proportion of commercial buildings (bandwidth = 68), propor-
tion of renters (bandwidth = 45), neighborhood prestige (bandwidth =

23), and abundance (bandwidth = 24). While the proportion of com-
mercial buildings was not significant in our LM, the results of the MGWR 
indicate that there is significant positive correlation in some local areas 
(Fig. 6). Additionally, we found local areas of significant negative cor-
relation and other areas of significant positive correlation between the 
proportion of renters and the number of new plantings (Fig. 6). Finally, 
bandwidth results from the MGWR model indicate that the correlations 
between new plantings and impervious cover, building age, and heat 
sensitivity identified in the LM are fairly uniform across the city 
(Table 1).

Table 1
Model results for linear and multi-scale geographically weighted regression models used to model the distribution of public street trees in Washington, DC, USA. An 
asterisk (*) indicates a significant result at a p-value threshold of ≤ 0.05 for the LM results.

Model Variable Linear Model 
Estimate

Linear Model 
95 % CI

MGWR Model Median 
Estimate

MGWR Mean 
(SD)

MGWR Model Range 
Estimate

MGWR
Bandwidth

Canopy Cover
LM adjR 2 = 0.8684 
MGWR adjR 2

= 0.9210

% Impervious -0.87760* -0.9240,
− 0.8312

-0.8431 -0.8303
(0.1191)

-1.0968, − 0.4248 25

% Residential 0.1608* 0.1205, 0.2011 0.1084 0.1139
(0.0778)

-0.0740, 0.3064 61

% Commercial 0.0278 -0.0217, 0.0772 0.0631 0.0772
(0.1163)

-0.1225, 0.3833 90

% Renter 0.0891* 0.0472, 0.1310 0.0650 0.0647
(0.0624)

-0.1057, 0.2059 433

Prestige Index 0.0644* 0.0285, 0.1003 0.0702 0.0699
(0.0054)

0.0583, 0.0819 96

Mean Building 
Age

0.12892* 0.0861, 0.1717 0.0649 0.0890
(0.1176)

-0.1689, 0.6268 39

Heat Sensitivity 
Index

-0.1065* -0.1451,
− 0.0679

0.0564 -0.05625
(0.0006)

0.0577, − 0.0552 525

Native Shannon’s 
Diversity
LM adjR 2 = 0.1547 
MGWR adjR 2

= 0.6763

% Impervious -0.0928* -0.1320,
− 0.0537

-0.0116 -0.0209
(0.0198)

-0.0760, − 0.0014 525

% Residential 0.1377* 0.1036, 0.1717 0.0545 0.1094
(0.2271)

-0.1402, 2.0369 14

% Commercial 0.0553* 0.0135, 0.0970 0.0102 0.0436
(0.1045)

-0.0631, 0.4213 61

% Renter -0.0114 -0.0468, 0.0240 0.0069 0.0069
(0.0022)

0.0033, 0.0109 525

Prestige Index -0.0109 -0.0194, 0.0412 -0.0087 -0.0086
(0.0029)

-0.0137, − 0.0041 525

Mean Building 
Age

0.0168 -0.0529, 0.0193 0.0087 0.0037
(0.0738)

0.4212, 0.1905 42

Heat Sensitivity 
Index

0.0193 -0.0132, 0.0519 -0.0205 -0.0189
(0.0037)

-0.0228, − 0.0126 525

Oak Abundance
LM adjR 2 = 0.1778 
MGWR adjR 2

= 0.5458

% Impervious -0.0116 -0.1349, 0.1118 0.1431 0.1529
(0.3741)

-0.7297, 1.1313 43

% Residential 0.5224* 0.4153, 0.6295 0.2521 0.3155
(0.3479)

-0.2601, 1.9566 28

% Commercial 0.1781* 0.0467, 0.3097 0.0414 0.0532
(0.1237)

-0.1280, 0.2650 230

% Renter 0.0126 -0.0987, 0.1240 0.0158 0.0138
(0.0120)

0.0084, 0.0304 525

Prestige Index 0.0173 -0.0781, 0.1127 -0.1470 -0.5150
(0.8384)

-3.0665, 0.2446 59

Mean Building 
Age

-0.0393 -0.1529, 0.07461 0.0165 0.0505
(0.0876)

-0.0482, 0.1973 312

Heat Sensitivity 
Index

-0.0664 -0.1690, 0.0362 0.0178 -0.0241
(0.0241)

-0.0616, 0.0063 525

Recent Planting Rate 
LM adjR 2 = 0.5172 
MGWR adjR 2

= 0.8033

% Impervious -0.1854 -0.2729,
− 0.0978

-0.0253 -0.0253
(0.0026)

-0.0306, − 0.0200 522

% Residential 0.0882 -0.0019, 0.1784 0.0499 0.0804
(0.1622)

-0.3408, 0.8105 28

% Commercial 0.1479* 0.0549, 0.2408 0.1303 0.1622
(0.1789)

-0.0844, 0.5904 68

% Renter -0.1213* -0.2001,
− 0.0425

-0.0303 -0.0084
(0.1538)

-0.4433, 0.6732 45

Prestige Index -0.0585 -0.1260, 0.0090 -0.1020 -0.2317
(0.3538)

-1.8688, 0.3454 23

Mean Building 
Age

-0.1486* -0.2294,
− 0.0677

-0.0872 -0.0863
(0.0032)

-0.0900, − 0.0779 525

Heat Sensitivity 
Index 

0.1720* 0.0994, 0.2446 0.0303 0.02906
(0.0025)

0.0237, 0.0317 525

Abundance 0.65272* 0.5761, 0.7293 0.5008 0.5771
(0.3186)

0.0967, 2.2873 24
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4. Discussion

Inequities in the distribution of public trees impact neighborhood-
level resilience to environmental challenges (e.g., urban heat, pollu-
tion, lack of access to nature) and yield inequitable provisioning of 
ecosystem services to communities. Given the notable societal benefits 
of street trees, it is essential to ensure that public trees are distributed 
equitably across cities (Parker and Simpson, 2020). Although the rela-
tionship between socio-demographics and urban canopies are 
well-studied (e.g., Pham et al. 2017; Gerrish and Watkins, 2018; Watkins 
and Gerrish 2018), our analysis revealed that many of these relation-
ships are not spatially uniform across our focal city, Washington, D.C. 
Therefore, hyperlocal analyses like ours are needed to identify local 
trends and inform local management decisions that contribute to 
social-ecologically resilient cities (Young and Lieberknecht, 2019; Jain 
and Espey, 2022).

We used a MGWR statistical approach to assess the distribution of 
street trees across Washington, DC. A MGWR modeling framework al-
lows relationships between dependent and independent variables to 
vary spatially, providing the ability to identify local differences in 
highly-heterogenous urban areas. As a result, our findings are

neighborhood-specific and uncovered hyper-local relationships that 
require specific and thoughtful intervention. For example, using a 
traditional linear regression model, we found that the number of new 

tree plantings had a significant negative relationship with the propor-
tion of renters in an area, suggesting that trees are being planted less in 
neighborhoods with more renters. However, when considering spatial 
non-conformity our MGWR model highlighted that new tree plantings 
had a significant negative relationship with the proportion of renters in 
the central and western portions of the city, but a significant positive 
relationship with the proportion of renters in the northeast and south-
eastern portions of the city. These results suggest that renter populations 
in some local areas are not equally receiving new trees, compared to 
areas with a high renting population elsewhere in the city. This disparity 
is important because renters tend to have less ability to plant private 
trees at their residences and may rely more on the ecosystem services 
provisioned by public trees (Morgan and Ries, 2022; Perkins et al., 2004; 
Steenberg et al., 2018). These types of results highlight the importance 
of considering spatial non-conformity in analyzing environmental fac-
tors to better address nature equity and environmental justice. 

Extreme heat presents a serious public health challenge for urban 
residents (Kovats and Hajat, 2008; Luber and McGeehin, 2008), and

Fig. 3. Visualization of multi-scale geographically weighted regression (MGWR) results for percent canopy cover across Washington, DC. Cool colors indicate a 
locally negative relationship between the independent variable and canopy cover, while warm colors indicate a locally positive relationship. The relationship was not 
locally statistically significant in cells with gray cross-hatching.
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increased tree cover has shown to be a successful mitigation strategy to 
lower temperatures in urban neighborhoods (Bowler et al., 2010). Ziter 
et al. (2019) found that during extreme heat events, daytime air tem-
perature was substantially reduced when canopy cover was > 40 % at 
the scale of a typical city block. Thus, total canopy cover can have 
serious implications for local areas that have higher populations of heat 
vulnerable residents. We found that overall tree canopy cover had a 
negative correlation with the heat sensitivity index of an area, and that 
the relationship was spatially uniform across Washington, D.C. Thus, in 
this case, city planners shouldn’t prioritize a particular local area but 
should prioritize planting larger trees that increase shade in areas that 
have larger populations of heat vulnerable residents across the city. 
However, increasing the number of large street trees may not always be 
possible in heavily urbanized neighborhoods due to decreased available 
planting areas (e.g., smaller sidewalks and sidewalk cutouts). Therefore, 
urban foresters and community partners should focus on planting larger 
trees on private residential properties in areas with higher heat 
sensitivity.

We also found a significant positive relationship and substantial 
spatial variation in the effect size of all other predictor variables on the 
proportion of tree canopy cover except for commercial buildings. 
Instead, we found that commercial buildings have a significant positive 
relationship in the northern neighborhoods of DC but a significant 
negative relationship in the downtown core of the city. While it may not 
be feasible to significantly increase urban canopy cover in the downtown 
core because of the high density of taller buildings, city managers and 
planners could prioritize green walls, engineered vegetation coverings, 
and native green roofs in these areas to increase cooling and other 
benefits normally provided by trees (Armson 2012, Bowler et al. 2010). 

Similarly, we found a significant negative relationship between 
native tree diversity and impervious cover and this relationship was 
spatially uniform across the city. As noted, increasing the total tree 
canopy in highly developed areas may present a challenge, yet 
increasing the diversity of trees planted in these areas is feasible. 
Research has shown that higher species diversity can increase human 
mental wellbeing (Krischke et al., 2025; Southon et al., 2018; Wolf et al., 
2020), increase local biodiversity (Anderson et al., 2023; Threlfall et al., 
2017; Wood and Esaian, 2020), and provides greater resilience within 
the urban canopy to environmental disasters (e.g., disease outbreak; 
Jactel et al., 2017). Focusing on increasing the diversity of native trees 
planted in highly developed areas will 1) increase the diversity of native

trees that people experience, because areas of high impervious cover 
often correlate with greater human population density and 2) increase 
the overall tree species pool, and thus increase the resilience of the 
urban forest by increasing functional and redundant diversity (Petchey 
and Gaston, 2006; Wood and Dupras, 2021). A key limitation is that not 
all native species can tolerate harsh urban conditions, such as elevated 
temperatures and limited growing space. Future research should 
therefore focus on the adaptability of native tree species to specific 
urban environments, enabling industry stakeholders (e.g., growers and 
producers) and urban foresters to draw from a more diverse and resilient 
species pool (Raupp et al., 2006).

We also found spatially varying correlations between native tree 
diversity and mean building age. In the areas of northeastern DC, we 
found a positive correlation between native tree diversity and mean 
building age, indicating that areas with older housing stock had greater 
native tree diversity. However, we found a negative correlation in the 
more central portions of northeast D.C. near the National Arboretum. 
Thus, increasing the diversity of trees planted around older buildings 
and homes where native tree diversity is lower in these localized areas 
will increase tree diversity and the benefits they provide in specific areas 
where they are currently lacking. These results highlight how city 
managers can use these localized findings to prioritize hyper-local areas 
that may be lacking in tree diversity.

Finally, oak trees (Quercus sps.) provide a large array of services in 
urban areas. Their high leaf-area ratio provides shade for urban cooling 
and captures particulate matter out of the air acting as air filters (Grote 
et al., 2016; Moss et al., 2019). Oaks also harbor greater biodiversity 
compared to other commonly used tree species in urban areas (Narango 
et al., 2020, 2018). Thus, oak trees are a particular asset to urban areas. 
Results from our LM model indicated a significant relationship between 
oak abundance and both residential and commercial buildings. How-
ever, our MGWR suggests that the magnitude of those positive re-
lationships varied across the city, indicating that oaks could be 
prioritized in areas that have weaker positive relationships. Addition-
ally, we found varying directions of effects of impervious cover on the 
number of oak trees. Our results highlight three localized areas where 
the number of oaks and impervious cover have a positive relationship, 
but two specific areas in northeast Washington, DC where there is a 
significant negative relationship. In these specific neighborhoods, oak 
plantings could be prioritized in more densely developed areas as an 
opportunity to increase the abundance of oaks in those neighborhoods.

Fig. 4. Visualization of multi-scale geographically weighted regression (MGWR) results for native tree diversity across Washington, DC. Cool colors indicate a locally 
negative relationship between the independent variable and canopy cover, while warm colors indicate a locally positive relationship. The relationship was not locally 
statistically significant in cells with gray cross-hatching.
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While it is important to look at how existing tree metrics correlate 
with social demographics and the physical characteristics of cities, we 
felt it was important to also explore where new trees were being planted. 
New plantings highlight priority locations for urban greening, and it is 
important to assess whether new plantings are being located equitably, 
especially as it pertains to historically marginalized populations. We 
found a significant positive correlation between new plantings and both 
commercial and residential buildings, but the magnitudes of effect 
varied across neighborhoods. These results could be following patterns 
of new development. For example, we found a significant positive 
relationship with both residential buildings and proportion of renters in 
a specific area of northeast D.C. (Fig. 6) – an area experiencing high 
levels of high-density residential development. It is possible that higher 
planting rates in these areas due to ordinances that require developers to 
plant trees. If true, these findings would highlight how public policy can 
increase urban tree canopy and diversity. Notably, we found a positive 
relationship with new tree plantings and heat sensitivity index and this 
relationship was generally uniform across the city - indicating that new 

tree plantings in Washington, D.C. are, on average, being conducted in 
areas where public health is most benefited.

In our case, the Washington, D.C. Urban Forestry Street Tree data-
base only covers public land managed by the District of Columbia. 
Therefore, our analysis of native tree diversity, oak abundance, and

recent plantings excluded trees on private lands and federally managed 
lands. Notably, the federal government manages more than 90 % of 
public parklands in Washington, D.C. (National Capital Planning Com-
mission, 2010), and therefore most of the public greenspaces in Wash-
ington, D.C. were excluded from our analysis. To have a more 
comprehensive understanding of tree distributions in Washington, D.C., 
future research should prioritize comprehensive urban tree inventories, 
including both public and private lands. Additionally, while our analysis 
described how tree species – and thus the ecosystems services they 
provision – are distributed across Washington, D.C., our analysis did not 
answer the question of why trees are planted or preserved in specific 
locales. What, where, and why trees are planted (or preserved) is based 
on human decisions, and those decisions will vary city to city. Our 
findings showed where trees are distributed in Washington, D.C. and 
how their distributions relate to hyper-local social and ecological 
characteristics, but future studies should focus on the human decisions, 
public policies, and development patterns that correlate to tree preser-
vation and plantings to better inform equitable tree planting policies and 
programs.

5. Conclusion

Cities are highly heterogeneous landscapes, and our research

Fig. 5. Visualization of multi-scale geographically weighted regression (MGWR) results for native oak tree abundance across Washington, DC. Cool colors indicate a 
locally negative relationship between the independent variable and canopy cover, while warm colors indicate a locally positive relationship. The relationship was not 
locally statistically significant in cells with gray cross-hatching.
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highlights the necessity of integrating spatially explicit models like 
MGWR into urban ecological studies to account for non-stationarity in 
environmental relationships. Our analysis found that not all variables 
associated with public street trees are spatially stationary and we pro-
vide spatially explicit insights for urban managers to guide geographi-
cally targeted management and tree plantings in Washington, D.C. As 
suggested by our analysis, this approach may have an unparalleled 
ability to identify inequities in urban tree coverage and identify 
geographic areas where targeted tree plantings may lead to healthier 
communities. Urban tree plantings have become an essential strategy for 
cities to address environmental and societal challenges. Given the 
spatially heterogeneous nature of urban areas, city planners should ac-
count for spatial nonconformity in their data analysis – as we did – to 
identify local tree inequities and guide justice-centered tree plantings 
initiatives.
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