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A B S T R A C T   

Urban tree cover contributes to human well-being through a variety of ecosystem services. In this study, we focus 
on the role that trees can play in reducing temperature during warm seasons and associated impacts on human 
health and well-being. We introduce a method for quantifying and valuing changes in premature mortality from 
extreme heat due to the changes in urban tree cover and apply this method to Baltimore City, Maryland. The 
model i-Tree Cool Air uses a water and energy balance to estimate hourly changes in air temperature due to 
alternative scenarios of tree cover applied across 653 Census Block Groups. The changes in temperature are 
applied to existing temperature–mortality models to estimate changes in health outcomes and associated values. 
Existing tree cover in Baltimore is estimated to reduce annual mortality by 543 deaths as compared to a 0% tree 
cover scenario. Increasing the area of current tree cover by 10% of each Census Block Group reduced baseline 
annual mortality by 83 to 247 deaths (valued at $0.68 –2.0 billion applying Value of Statistical Life estimates). 
Over half of the reduced mortality is from the over 65 year age group, who are among the most vulnerable to 
extreme heat. Reductions in air temperature due to increased tree cover were greatest in downtown Baltimore 
where tree cover is relatively low and impervious cover is relatively high. However, the greatest reductions in 
mortality occurred in the outskirts of Baltimore where a greater number of people who are over 65 years in age 
reside. Quantifying and valuing the health benefits of changes in air temperatures due to increased tree cover can 
inform climate adaptation and mitigation plans by decision makers. Developing adaptation strategies to effec
tively address these issues will become increasingly important in the future under changing climates and an 
aging population.   

1. Introduction 

Urban tree cover provides a myriad of ecosystem services and con
tributes to human health and well-being at local, regional, national, and 
global scales. Tree cover benefits include air and water filtration; tem
perature, climate and water regulation; noise reduction; increased 
biodiversity and pollination; and esthetic improvements (Bolund and 
Hunhammar, 1999; Gómez-Baggethun and Barton, 2013; Nowak and 
Dwyer, 2007). Through quantification and valuing of these services, tree 
cover effects can be incorporated within city actions to improve public 
health (Haase et al., 2014). Estimates of monetary benefits provide a 
common metric that can be compared with costs of implementing the 
policies and support the development and prioritization of optimal 

policies. Thus, efforts to expand and improve the quantification and 
valuation of urban tree services are critical for improved decision 
making in urban environments, and thereby advance the United Na
tion’s Sustainable Development Goals (U.N. General Assembly, 2015). 

Air temperature reductions caused by the presence of trees are get
ting increasing attention due to changing climates (NPR, 2019). 
Although based on different data and methods (and thus not directly 
comparable), existing studies provide insights on the issue of 
heat-related mortality. In the United States, an average of 702 
heat-related deaths occurred annually between 2004 and 2018 (Vai
dyanathan et al., 2020). However, this estimate uses data from medical 
records, which often do not capture the role of heat in exacerbating 
other causes of death not explicitly categorized as heat-related 
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(USGCRP, 2016). A study using statistical approaches estimated more 
than 1,300 deaths per summer during the 1975–2004 period (Kalkstein 
et al., 2011). More recent studies provide evidence of even higher esti
mates. For example, Weinberger et al. (2020) estimate over 5,000 
annual deaths between 1997 and 2006 in 297 counties (representing 
61.9% of the total population in the country), and Shindell et al. (2020) 
estimate about 12,000 premature deaths annually due to heat-related 
deaths over the last decade. During a heat wave year, the total num
ber of deaths is estimated to be substantially larger. For example, a heat 
wave in Chicago in July 1995 resulted in approximately 700 deaths 
(Kaiser et al., 2007), and one in Europe led to more than 70,000 deaths 
in summer 2003 (Robine et al., 2008). The number of premature 
heat-related deaths in the summer is projected to increase by the thou
sands under climate change scenarios in the United States and similar 
trends would be seen in different parts of the world (USGCRP, 2016; 
Gasparrini et al., 2017). Extreme heat can also result in morbidity im
pacts such as heat exhaustion and heat cramps, as well as exacerbate 
respiratory and cardiovascular illnesses (Guo et al., 2018). 

People with specific demographic and socioeconomic characteristics 
are more sensitive to extreme heat (Gamble et al., 2016). Among them 
are adults above the age of 65, who are more sensitive to extreme heat 
due to issues related to thermoregulation, preexisting diseases, need to 
rely on others, and limited mobility (Balbus and Malina, 2009; Basu and 
Samet, 2002; Benmarhnia et al., 2015; Gamble et al., 2013). Projected 
increases in heat-related health impacts and differences in population 
vulnerability to extreme heat have important implications for public 
health and environmental justice. Developing adaptation strategies to 
effectively address these issues will become increasingly important in 
the future. 

Quantifying and valuing the health benefits of changes in air tem
peratures due to increased tree cover can inform climate adaptation and 
mitigation plans made by decision makers. Evidence from the literature 
suggests that increasing tree cover in cities can reduce air temperatures 
and urban heat island effects (e.g., Akbari et al., 2001), yet these find
ings are often limited to a few small empirical studies (Bowler et al., 
2010). Heavily forested parks in Baltimore have been shown to have up 
to 7.1 ◦C cooler air temperatures in the evening and about 2.7 ◦C cooler 
temperatures in the daytime relative to the inner city (Nowak and 
Heisler, 2010). Cooler air temperatures have direct and indirect benefits 
for human health (Kovats and Hajat, 2008). Even small differences in 
seasonal average temperatures can affect human mortality and public 
health (USGCRP, 2016). In New York City, deaths during heat waves 
were less likely among residents living in areas with more green space 
(Madrigano et al., 2015). 

The goal of this study was to introduce and demonstrate a method 
and tool for quantifying and valuing changes in mortality from extreme 
heat due to the presence of tree cover. Existing studies that quantify 
temperature–mortality impacts of increased tree cover primarily use a 
greenspace exposure–mortality dose–response approach (e.g., Kondo 
et al., 2020) without directly modeling temperature changes. In our 
study, we employ an approach similar to Nowak et al. (2013a, 2014), 
who investigated air pollution removal effects of urban trees. We first 
estimate air temperature changes due to changes in tree cover and then 
link these temperature changes to changes in premature mortality by 
applying estimated extreme temperature–mortality relationships from 
the epidemiological literature. To the best of our knowledge, this direct 
link to temperature changes has not been explicitly modeled and 
incorporated in a tool before. Inclusion of this linkage can facilitate 
development of efficient adaptation strategies under different climate 
scenarios and enhanced tree cover in targeted areas to reduce human 
mortality. 

This work adds to an existing suite of urban forest modeling tools 
developed by the U.S. Department of Agriculture (USDA) Forest Service 

and its partners in the i-Tree consortium.1 i-Tree provides a framework 
for assessing various ecosystem services and associated benefits due to 
changes in tree cover, such as effects on building energy use, stormwater 
runoff volume and pollution reduction, carbon sequestration, and im
provements in public health due to air pollution reduction (Nowak et al., 
2008, 2013b, 2014, 2017). In this study, we expand the suite of i-Tree 
benefits to include air temperature and human health impacts of trees 
during warm seasons, and we also demonstrate how our approach can be 
implemented by others through use of an illustrative case study for the 
city of Baltimore, Maryland. 

2. Methods 

i-Tree generally uses a four-step process to assess and value benefits 
from trees: quantifying forest structure, modeling the functions of that 
forest structure, estimating the impacts that humans experience from 
those forest functions, and applying economic valuation to those im
pacts. In our study, while keeping the same broad approach, we tailor 
these steps for assessing the heat-related mortality impacts and associ
ated economic values due to tree cover change. Our first step is to 
quantify relevant structural features, which include the amount of tree 
canopy cover and impervious cover present and baseline reference 
meteorological observations. In the second step, we estimate the impact 
of current and alternative tree cover scenarios on air temperature using 
the i-Tree Cool Air model (Yang et al., 2013). The third step applies 
relationships between extreme temperature and mortality from the 
epidemiological literature to the population that is exposed to air tem
perature changes. The last step involves conducting benefits transfers to 
value changes in premature mortality using evidence from economic 
valuation literature. The methodology for this study was designed to 
work in cities across the United States and is demonstrated using the 
study area of Baltimore, MD. The city of Baltimore consists of 653 
Census Block Groups and these polygon areas were used as the spatial 
unit for implementing each of the four steps (U.S. Census Bureau, 2010). 
Census Block Groups were chosen to balance computational time and 
spatial resolution. Change in mortality results were aggregated up to the 
entire city area, rounding to whole numbers as a last step in reporting. 

2.1. Quantify urban tree and impervious cover 

Existing tree cover and impervious cover percentages for each 
Census Block Group were derived from 2011 National Land Cover 
Database (NLCD) 30-m resolution tree cover and impervious cover maps 
(MRLC, 2015). Finer resolution land cover data was available in Balti
more, but the dataset used was selected because its coverage extends 
throughout the United States and our goal is to develop a method that 
can be applied to other cities across the country. Zonal Statistics in 
ArcMap was applied to the 30-m resolution NLCD data to assign mean 
percent tree cover and impervious cover to each Census Block Group 
polygon area and this defined the baseline conditions. Other land cover 
types, including surface water, may be present, but only tree cover and 
impervious cover were simulated to isolate the effects of those land 
cover types for land management decision support. The most important 
land cover types driving air temperature are impervious and tree can
opy. In a detailed field study of the urban heat island in Madison, WI, the 
land cover types of impervious and tree canopy had the greatest effect on 
air temperature, with no observed effects of elevation and the effect of 
three large adjacent water bodies limited to an average of 0.25 C along 
the shoreline (Ziter et al., 2019). Where tree cover percent and imper
vious cover percent summed to less than 100%, remaining land cover 
was assumed to be bare soil as inputs for temperature modeling.2 

1 www.iTreeTools.org  
2 This simplifies comparisons between land cover scenarios by avoiding 

evapotranspiration energy fluxes from short vegetation. 
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With impervious cover held constant in each Census Block Group, 
the effects of three alternative tree cover change scenarios on air tem
perature were assessed: 1) increasing the existing tree cover by 10% of 
each Census Block Group’s area, 2) removing 10% of each Census Block 
Group’s area from existing tree cover, and 3) removing all existing tree 
cover in each Census Block Group. The alternative of increasing tree 
cover by 10% is intended to demonstrate a simple scenario that is 
broadly applicable and in line with goals historically adopted by cities. 
For example, Baltimore’s goal is to establish 40% tree cover by 2030. 
Other assessments of increasing tree cover also use similar scenarios. 
Philadelphia has a goal of at least 30% tree cover in each of the city’s 
neighborhoods and impacts of this goal were assessed by Kondo et al. 
(2020). For approaches on more nuanced development of canopy goals, 
see Leff (2016). The 0% tree cover alternative is commonly used by 
i-Tree to assess impact and costs avoided due to current tree cover. The 
baseline tree and impervious cover and alternative tree and impervious 
cover scenarios served as the inputs to modeling temperature changes as 
described in Section 2.2. 

2.2. Modeling temperature changes due to tree cover 

Air temperature and humidity for baseline and alternative scenarios 
were estimated using the i-Tree Cool Air model based on methods 
detailed by Yang et al. (2013) and an interpolation routine. The Cool Air 
model estimates this weather at approximately 2 m elevation, within the 
urban canopy layer, using observed meteorological data, land cover and 
topography data, and hydrology and energy budget parameters.3 The 
model assumes that all simulated locations within the city area have the 
same overlying mesoscale climate and uses the weather station record 
from one location to estimate the properties of temperature and hu
midity for all other locations. The approach involves solving 10 coupled 
energy and water balance equations and is designed to consider effects 
of land cover albedo, roughness height, topographic slope and aspect, 
and water storage in soil, surface depressions, and the tree canopy. To 
clarify the impact of tree cover on temperature for this study, simula
tions were simplified so that all Census Block Groups used the same 
reference weather station, neglected topographic slope effects on solar 
exposure, and used the same set of parameters related to water and 
energy budget equations. 

Weather data from the Baltimore-Washington International Airport 
(WBAN 93,721) station were obtained from the National Centers for 
Environmental Information’s (NCEI) Integrated Surface Database and 
preprocessed by a utility for i-Tree Eco weather preprocessing (Hir
abayashi and Endreny, 2016). Weather inputs for the i-Tree Cool Air 
model include hourly air temperature, dew point temperature, wind 
speed, precipitation, observed and net radiation, and direct and diffuse 
solar radiation estimated at the reference weather station. For this case 
study, 3 years of meteorology inputs were used to assess model sensi
tivity to weather year. For the decade of 2007–2017 the typical, 
maximum, and minimum yearly average air temperatures nationwide 
were identified.4 2011 represents the typical annual average nationwide 
for that period, 2012 represents the hottest annual average, and 2008 
represents the coolest annual average. 

The i-Tree Cool Air model simulated hourly air temperature for the 
warm season months of April and October for what are identified as four 
edge cases of tree cover and impervious cover (0% tree cover and 0% 
impervious cover, 100% tree cover and 0% impervious cover, 0% tree 
cover and 100% impervious cover, and 100% tree cover and 100% 
impervious cover). Percent impervious and tree cover in each Census 
Block Group are not mutually exclusive in the NLCD dataset used as an 
input in this study. It is possible that impervious cover and tree cover can 
sum to values greater than 100%, since tree canopy cover can overlap 
impervious cover. The impervious cover under tree canopy is not 
explicitly represented in the energy-balance simulation because i-Tree 
Cool Air represents only one layer in the energy balance (Yang et al., 
2013). Therefore, the edge case of 100% tree cover and 100% imper
vious cover yields the same results and effectively we simulate three 
edge cases. The reference weather defines the mesoscale climate that 
drives the energy budget of the three edge cases. Those edge case results 
were used to linearly interpolate hourly results for all 1% increments of 
impervious cover and tree cover from 0% to 100%. The purpose of 
estimating results for a full range of tree cover and impervious cover 
combinations was to enable users to assess a range of land cover change 
scenarios when this model is incorporated into i-Tree Tools. Interpola
tion was used to simplify, smooth, and improve efficiency of tempera
ture results for the 10,201 land cover scenarios assessed (101 × 101 
combinations of tree cover and impervious cover incremented from 0% 
to 100% at 1% intervals). A lookup table was used to link the estimated 

Table 1 
Studies examining relationships between temperature and mortality.  

Heat Metric Months Geography Age 
Groups 

Mortality Classification 
(Epidem. Study) 

Mortality Classification 
(Incidence Data) 

Control for 
Ozone 

Beta 
Coefficient 

St. 
Error 

Basu et al. (2005) 
Daily mean temp. Jun- 

Aug 
Northeast 65–99 Cardiorespiratory mortality Mortality, 

Cardiopulmonary 
No 0.0105 0.0052 

Medina-Ramon & Schwartz (2007) 
Binary variable indicating 

extremely hot day or not* 
May- 
Sep 

All of US 0–99 Mortality, All Cause Mortality, All Cause No 0.0558 0.0115 
Yes 0.0479 0.0107 

Piecewise linear metric^ May- 
Sep 

All of US 0–99 Mortality, All Cause Mortality, All Cause No 0.0052 0.0010 
Yes 0.0043 0.0009 

Medina-Ramon et al. (2006) 
Binary variable indicating 

extremely hot day or not* 
Apr-Oct All of US 0–99 Pneumonia Mortality, Respiratory No 0.0080 0.0334 

Stroke Mortality, 
Cardiopulmonary 

No 0.0257 0.0144 

Cardiovascular Diseases Mortality, 
Cardiopulmonary 

No 0.0100 0.0131 

* Extremely hot days are those with daily minimum temperature at or greater than the 99th percentile. 
^ Heat metric takes value zero when the daily minimum temperature is <= 17 ◦C and varies linearly with minimum temperature when minimum temperature is above 
17 ◦C. 
Note: Results presented here do not represent all results in each study. Several studies presented results for multiple Mortality Classifications, Study Populations, 
Thresholds, and/or Temperature Metrics. For further information, see the individual studies. 

3 See table of temperature calculation parameters for i-Tree Cool Air in 
Supplementary Material. 

4 Nationwide temperatures were used for consistency when expanding this 
modeling framework to cities of various climates in a future study. 
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air temperature and humidity data for the combinations of tree and 
impervious cover under baseline and alternative scenarios identified for 
each Census Block Group using Zonal means of the NLCD data. The 
temperature and humidity records were used as inputs for the analysis of 
premature mortality as described in Section 2.3. 

2.3. Estimating the changes in premature mortality 

Our approach for modeling the connection between human health, 
extreme temperature, and tree cover is similar to the connection 
developed between human health, air pollution, and tree cover, in 
which epidemiological studies use either air pollution or extreme tem
perature as inputs and not the tree cover (Nowak et al., 2013a, 2014). 
We selected a set of studies from the epidemiological literature that 
estimated the relationship between extreme heat exposure and mortal
ity, ensuring they were applicable to the study area (Table 1). Basu et al. 
(2005) included data from 20 metropolitan areas across the country and 
covers a range of temperature conditions. This study provides estimated 
coefficients for different regions and the coefficient for the Northeast 
was applied to Baltimore. Medina-Ramon et al. (2006) and Medina-R
amon and Schwartz (2007) include data from Baltimore in their analysis 
and provide nationwide estimates which we apply. City-specific studies, 
although ideal, are unavailable for all cities in the country. Since our 
goal is to provide a method that can be applied to different locations, we 
apply these three studies as a starting point. These relationships were 
then applied to the relevant population in each Census Block Group. 

A wide variety of definitions and measures—including ambient 
temperature, heat index (a combination of temperature and dew point), 
and heat waves (exceeding predefined thresholds over a number of 
days)—represent extreme heat in the epidemiological literature. 
Different metrics such as average, minimum, or maximum daily tem
peratures, nighttime temperatures, or daytime temperatures have been 
used to define extremes. Predefined thresholds vary from specific tem
peratures such as 35 ◦C to historical local averages or percentiles. 
Studies have shown that people can adapt at least partly to the tem
perature they are used to due to infrastructure and physiological accli
matization and that the health impact of temperature can vary with 
location (Medina-Ramon et al., 2006; Sarofim et al., 2016). In other 
words, a 35 ◦C air temperature will impact people in Phoenix, Arizona 
differently than people from Boston, Massachusetts; what is extreme is 
relative to the typical local conditions. However, there is also evidence 
suggesting that there are heat tolerance limits (Sherwood and Huber, 
2010). This lack of a standard definition is well documented in the 
research on climate impacts on human health (Smith et al., 2013; Sar
ofim et al., 2016). 

The epidemiological studies selected for this study (Table 1) repre
sent a range of extreme heat metrics. The heat metrics were calculated as 
per the definitions in the epidemiological studies. Basu et al. (2005) use 
daily mean temperature as the heat metric. Medina-Ramon et al. (2006) 
employ a city-specific binary variable to determine whether it is an 
extremely hot day. In this study, extremely hot days are defined as those 
with daily minimum temperature at or greater than the 99th percentile 
for Baltimore.5 The minimum temperature is used as an indication of 
nighttime relief from heat. Medina-Ramon and Schwartz (2007) used 
the same heat metric as Medina-Ramon et al. (2006) but also used a 
piecewise linear metric where there are no impacts if the daily minimum 
temperature is 17 ◦C or less and impacts are linear above that temper
ature. As shown in Table 1, the three studies encompass different 
months. 

The data for these heat metric calculations were obtained from the 
baseline and alternative scenarios’ hourly temperature estimates from i- 
Tree Cool Air as described in Section 2.2. Changes in each heat metric 
(∆HEAT) were obtained by taking the difference in the heat metric under 
the alternative scenario and the baseline tree cover–impervious cover 
conditions6 as follows: 

ΔHEAT = HEATAlt − HEATBase (1) 

Mathematically, estimating the changes in mortality (∆y) due to 
change in each heat metric entails applying a health impact function 
(Voorhees et al., 2011) that transforms a change in heat exposure to a 
change in mortality as follows: 

Δy = y0 ∗
(
eβΔHEAT − 1

)
∗ P (2)  

where y0 is the baseline health incidence rate for mortality for each age 
group; ∆HEAT is the change in the heat metric; P is the exposed popu
lation for each age group; and β represents the relationship between the 
change in the heat metric and mortality for the relevant age group and 
was derived from the heat exposure-mortality response relationships in 
the selected epidemiological studies. Information on the functional form 
of the exposure-response relationships in each study was used to 
mathematically derive β and the associated confidence interval. Studies 
use various functional forms and covariates including air pollution that 
may be correlated with heat exposures. As we are focusing on warm 
seasons, ozone levels are likely to be high and there is emerging evi
dence of interactions between air pollution and temperature which 
impact human physiological response to each of those stressors (Analitis 
et al., 2014; Fann et al., 2016; Jhun et al., 2014; Madrigano et al., 2015; 
Medina-Ramon, and Schwartz, 2007). Not controlling for ozone, which 
is correlated with temperature, would result in biased estimates for the β 
coefficient on the heat metric. Medina-Ramon and Schwartz (2007) find 
that controlling for ozone reduces the β coefficient on the heat metric. 
Applying coefficients without ozone controls would therefore result in 
overestimates of mortality reduction. 

County-level baseline incidence rates for cause-specific mortality 
were obtained for each age group from BenMAP-CE (CDC 2015; Sacks 
et al., 2018). Mortality classifications in the incidence data and epide
miological studies did not match exactly so we made the closest match 
possible as shown in the two columns for mortality classification (one for 
the epidemiological study and the other for incidence data) in Table 1. 

Population for 5-year age groups at the Census Block Group level was 
obtained from the 2010 decennial census (Manson et al., 2020). Rep
resenting different age groups accurately is crucial because baseline 
incidence rates for cause-specific mortality vary across age groups and 
exposure-response functions are age-specific. Since the younger age 
groups in data sources for baseline incidence rates and for population 
were not completely aligned, an adjustment was performed. More spe
cifically, BenMAP-CE has baseline incidence rates for ages 0 and 1 to 17, 
while the decennial census has population for ages under 5, 5 to 9, 10 to 
14, and 15 to 17 years. Assuming that the population under 5 is uni
formly distributed across the ages 0 to 4, 1/5 of the population under 5 
years was used for the population for age 0. Similarly, 4/5 of the pop
ulation under 5 years was used for the population for ages 1–4, which 
was summed with populations for 5 to 9, 10 to 14, and 15 to 17 years to 
obtain the population for ages 1 to 17. Above 18 years, the age groups in 
the two data sources were matched, and thus no adjustment was 
performed. 

When applying each epidemiological study to calculate the mortality 
impacts, we use the relevant months, population age groups, heat 

5 Since the estimated β coefficients of the study represented deviations from 
the 99th percentile for 1989–2000, we used hourly measurements at the 
reference weather station (WBAN: 93721) for the same time period and our 
computed value for the 99th percentile of daily minimum temperature was 
24◦C. 

6 For the heat metric corresponding to Medina-Ramon et al. (2006) that was 
based on the 99th percentile threshold, binary indicator variables were used to 
calculate whether the threshold was exceeded under the baseline and alterna
tive scenarios. 
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metrics, and β. To obtain the total changes in mortality, we added the 
mortality impacts across all age groups relevant for the study. We also 
estimated lower and upper bounds for health impacts {∆yUB, ∆yLB} using 
the confidence interval {βUB, βLB} to represent the uncertainty in β es
timates. Results for each specification of the model run (heat metric - 
health endpoint - β - population) are presented separately. Since the 
model runs represent different heat metrics, health endpoints, and 
population groups, it is not appropriate to average or aggregate results. 
Further, retaining the full range of the results for different model runs 
allows us to compare results across the model specifications and pro
vides options for considering research questions that are interesting to 
the reader. 

2.4. Estimating the monetary value of human health benefits 

The monetary benefit of the change in mortality (B) was estimated 
using the above computed change in mortality (∆y) along with the Value 
of a Statistical Life (V), and calculated as: 

B = Δy ∗ V (3) 

The Value of a Statistical Life is defined in the economics literature as 
the willingness to pay for a small reduction in risk of death in the pop
ulation for a group of people. The estimate that is typically used in 
benefits analysis conducted by the U.S. EPA (2018) was applied in this 
study ($7.4 million in 2006 dollars). We adjusted this value to 2011 
dollars using the Consumer Price Index Inflation Calculator from the U. 
S. Bureau of Labor Statistics, 2020 and obtained a value of $8.22 million. 
As per the guidance of U.S. EPA, this same value is applied to the whole 
population regardless of age, income, or other population 
characteristics. 

3. Results and discussion 

3.1. Quantify urban tree and impervious cover 

The amount of tree cover and impervious cover under baseline 
conditions in each of Baltimore City’s 653 Census Block Groups in 2011 
is shown in Figs. 1a and 1b respectively. Tree cover estimates are con
servative as NLCD is known to underestimate tree cover (Nowak and 
Greenfield, 2010). We expect that the NLCD underestimation of tree 
cover does not affect the impacts of adding tree cover, because tree cover 
effects are linearly interpolated as described in Section 2.2. The 0% tree 
cover scenario is affected by the NLCD underestimation of tree cover, 
where the estimated impacts and economic values for the 0% tree cover 
scenario represent change from an underestimated baseline tree cover 
and therefore are a lower boundary of results. Tree cover in downtown 
Baltimore was low (≤20%) and higher in the city’s outskirts (≥20%). 
The most forested Census Block Group had 73% tree cover and the least 
forested had 0% tree cover. There were 93 Census Block Groups with less 
than 10% tree cover and 81 of those had 0% tree cover. Conversely, 
impervious cover in downtown Baltimore tended to be high (>60%), 
while it was lower in the city’s outskirts (≤40%). The most impervious 
Census Block Groups had 100% impervious cover and the least imper
vious had 10% impervious cover. There were 55 Census Block Groups 
with impervious cover of 90% or more and 3 of those had 100% 
impervious cover. The effect on tree cover of removing or adding 10% 
tree cover in each of Baltimore City’s Census Block Groups is shown in 

Fig. 1. Baseline land cover conditions (a) Tree cover (b) Impervious cover.  
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Appendix Figs. A1.a and A1.b.7 As described in Section 2.1, surface 
water cover was not accounted for in this model, and of the 653 Census 
Block Groups in Baltimore, only 29 (4%) included water bodies. 

3.2. Modeling temperature changes due to tree cover 

Baseline average air temperatures from April to October for Balti
more City’s Census Block Groups range from 19.2 ◦C to 21.2 ◦C, with 
highest impervious cover and lowest tree cover being the hottest (Fig. 2). 
A time series of baseline minimum, average, and maximum air tem
perature among all Census Block Groups for the same period shows the 
months of May, June, and July have some of the hottest weather, with 
maximum temperatures reaching 40 ◦C (Fig. 3). Although the average 
temperature (shown by the red line in Fig. 3) reaches its highest value 
near 35 ◦C on July 22, approximately midway through the warm season, 

there is considerable variation across the period and within each month. 
The difference between the baseline minimum and maximum temper
atures ranges from 1.2 ◦C on September 6 to 22.7 ◦C on April 4. 

Analysis of the simulated years of 2008, 2011, and 2012 showed 
common patterns in temperature changes between the baseline tree 
cover and the alternative scenarios, and 2011 was selected as a repre
sentative case. Although we conduct our analysis for all three alternative 
scenarios, we primarily focus on the alternative of increasing tree cover 
by 10% for the purposes below.9 

As summarized in Table 2, the heat metrics derived from the i-Tree 
Cool Air model results vary across the selected epidemiological studies 
and are based on either average or minimum temperatures. Maps of the 
reductions in average and minimum air temperatures with 10% in
creases in tree cover are shown for the hottest day of the season, July 22, 
2011 (Fig. 4a and 4b). While the spatial distribution of the reductions is 
similar for both the average and the minimum, the reductions in average 
temperature range from 0.33 ◦C to 0.57 ◦C, while the reductions in 
minimum temperature range from 0.09 ◦C to 0.33 ◦C. This indicates that 
if other parameters including β in Eq (2) are held constant, the health 
impacts would be lower for a heat metric that uses the minimum tem
perature. The same pattern holds for reductions in the daily average and 
daily minimum air temperatures averaged across all the months be
tween April and October (Figs. 4c and 4d). The greater magnitude 
reduction in average temperatures compared with minimum tempera
tures fits trends in the i-Tree Cool Air model where maximum temper
atures (and thus averages) are more sensitive to changes in tree cover 
than are minimum temperatures. All four maps show temperature 
change to be higher downtown, which has a higher impervious cover 
and lower tree cover, indicating the higher impact of increased tree 
cover in areas where the baseline tree cover is low and impervious cover 
is high. 

To better understand how changes in premature mortality vary 
across the warm season months, the monthly reductions in average and 
minimum air temperatures caused by increased tree cover are presented 
in Figs. 5a and 5b. Overall a U-shaped trend is seen where the temper
ature reduction is smallest in April and October and the greatest 
reduction in temperature is in July for both average and minimum. 
These monthly average temperature reductions smooth out the much 
larger hourly and daily temperature reductions caused by increasing 
tree cover. Across all days and Census Block Groups in the warm season, 
the maximum reduction in average (minimum) temperature is 0.63 ◦C 
(0.56 ◦C) and the minimum reduction in average (minimum) tempera
ture is 0.01 ◦C (0.06 ◦C). There is high variance across the Census Block 
Groups with July having the greatest variance for both average and 
minimum air temperatures. 

3.3. Estimating the changes in premature mortality 

3.3.1. Changes in heat metrics 
The heat metric of Basu et al. (2005) focuses on June, July, and 

August, the summer season’s three hottest months. The heat metric in 
this study is the daily average temperature and as seen in Fig. 3, this 
metric (averaged across all Census Block Groups) ranges from 20 ◦C to 
35 ◦C during these three months in our study year of 2011. Under the 
alternative scenario of increased tree cover, the maximum and minimum 
reductions in the monthly mean of the average temperature for the three 
summer months of June, July, and August are 0.40 ◦C and 0.19 ◦C, 

Fig. 2. Baseline temperature for each Census Block Group averaged over April 
to October.8 

7 When removing 10% tree cover, the extent of tree cover for the 93 Census 
Block Groups that had less than 10% tree cover was set at or left at 0% and thus 
not reduced by a full 10%. This asymmetry is indicative of a limitation in simple 
alternative scenarios being broadly applied to all Census Block Groups. For 
example, assessing the removal of 10% tree cover is irrelevant in the 81 out of 
653 Census Block Groups that have a baseline of 0% tree cover. This asymmetry 
does not prevent the identification of overall trends in impact for this case 
study.  

8 Temperatures are based on mesoscale climate calculated from a reference 
weather station (Baltimore/Washington International Thurgood Marshall 
Airport) located outside of the study area, as described in section 2.2. 

9 The asymmetry of alternative scenario changes to tree cover has only a 
small effect on temperature impacts for all years and alternative scenarios. 
When adding or removing 10% of tree cover from each Census Block Group’s 
area, the interquartile range of impact on air temperature is equivalent with one 
significant figure of precision: the 25th and 75th percentile impact for both 
alternative scenarios ranges from a 0.4◦C to a 0.5◦C change in mean tempera
ture across all Census Block Groups for the hottest day, July 22, 2011. 
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respectively (Fig. 5). 
As with Basu et al. (2005), the heat metric of Medina-Ramon and 

Schwartz (2007) is also linear but is based on daily minimum temper
ature and assumes no heat exposure unless the minimum temperature 
exceeds 17 ◦C. The minimum temperature (averaged across all Census 
Block Groups) ranged from 5.4 ◦C to 27.4 ◦C between May and 
September. The maximum and minimum reductions in the monthly 
mean of the minimum temperature for the five months are 0.17 ◦C and 
0.04 ◦C respectively as shown in Fig. 5. 

Comparing the metrics from the two studies, we see that as 

summarized in Section 3.2, the reduction in minimum temperatures is 
less than that of average temperatures. In addition, the Medina-Ramon 
and Schwartz (2007) study assumes a truncated heat metric, where any 
health impacts below a minimum temperature of the 17 ◦C threshold are 
zero.10 In our study, for about 33% of the time the minimum tempera
tures were below 17 ◦C for both the baseline and alternative scenarios 
across the Census Block Groups. The change in heat metric in such in
stances is zero. Further, about 0.4% of the time, increased tree cover 
under the alternative scenario results in temperatures dropping from 
above 17 ◦C to below 17 ◦C. In such cases the impacts on heat metrics are 

Fig. 3. Time series of baseline daily temperature range (in gray) and average (in red), averaged over the 653 Census Block Groups.  

Table 2 
Change in Mortality† and Associated Monetary Benefits Under the Alternative Scenario of Increasing Tree Cover by 10% of Census Block Group Area.  

Study Heat Metric Mortality 
Classification 

Age 
Groups 

Control for 
Ozone 

Change in Incidence Economic Value (2011 
$billions)      

LB* Center* UB* LB* Center* UB* 

Basu et al. (2005) Daily mean temperature Cardiorespiratory 
mortality 

Over 65 No − 213 − 423 − 632 -$1.751 -$3.473 -$5.193 

Medina-Ramon & 
Schwartz (2007) 

Binary variable indicating 
extremely hot day or not 

Mortality, All Cause All ages No − 58 − 96 − 133 -$0.476 -$0.790 -$1.096 
Yes − 47 − 83 − 118 -$0.386 -$0.681 -$0.969 

Piecewise linear metric Mortality, All Cause All ages No − 181 − 298 − 416 -$1.488 -$2.453 -$3.417 
Yes − 141 − 247 − 353 -$1.158 -$2.029 -$2.900 

Over 65 No − 105 − 172 − 240 -$0.860 -$1.418 -$1.975 

†Under the alternative scenarios of increasing tree cover by 10%, mortality is reduced from baseline conditions. Hence the table shows negative values. 
*Center uses the estimated Beta coefficient. LB and UB denote estimates using lower and upper bounds of the 95% Confidence Interval for the estimated Beta 
coefficient. 

10 Figure A.2 in the appendix shows that the drop in heat metric values 
(averaged across Census Block Groups) representing the piecewise linear metric 
from Medina-Ramon and Schwartz (2007) is always less than the Basu et al. 
(2005) metric, since the line showing the latter is always below the former. For 
Medina-Ramon and Schwartz (2007), the line coincides with the horizontal axis 
for some days, which denotes a no changes in the heat metric. 
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Fig. 4. Reductions in (a) average and (b) minimum temperature on hottest day (7/22/2011), and (c) average and (d) minimum temperature averaged over April to 
October, under the alternative scenario of a 10% increase in tree cover. 
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limited by the 17 ◦C threshold.11 

The Medina-Ramon et al. (2006) and Medina-Ramon and Schwartz 
(2007) studies both use a binary heat metric to define extremely hot 
days. For these studies, reductions in heat metrics only occur if the in
crease in tree cover causes the minimum temperature to drop from 
above the historical threshold to below the threshold. For this to happen, 
two conditions must be satisfied. First, the minimum temperature under 
the baseline conditions must be above 24 ◦C, and second, the increase in 
tree cover must cause enough of a temperature drop to change the bi
nary heat metric from 1 to 0. Extremely hot days are defined as days 
where minimum temperatures cross historical thresholds, so a priori we 
expect that the number of days with temperature conditions satisfying 
the first condition for each Census Block Group will be small. This is 

evidenced in our data where there are 10 days where minimum tem
perature is above 24 ◦C. The number of days that the binary heat metric 
switched from a value of 1 to 0 varied across the study area, with only 
28% of Census Block Groups experiencing a change of 1 or 2 days; 151 
(23%) had a change on 1 day, 33 (5%) had a change on 2 days; and the 
remainder experienced no change (Fig. 6). 

3.3.2. Changes in premature mortality 
Estimated heat metric results applied using the Medina-Ramon and 

Schwartz (2007) approach provide impacts for the broadest range of 
health endpoints (all-cause mortality) and all age groups. Further, this 
study also estimates exposure-response relationships controlling for 
ozone. Applying the β coefficient on the piecewise linear heat metric in 
Medina-Ramon and Schwartz (2007), we find that the estimated number 
of deaths avoided when tree cover is increased by 10% of Census Block 
Group area is 247 with a 95% confidence interval of 141 to 353 

Fig. 5. Spatial distribution across all Census Block Groups for monthly average of reductions in daily (a) average and (b) minimum temperature under the alternative 
scenario of a 10% increase in tree cover. 

11 Figure A.3 shows the number of days that minimum temperature was below 
17◦C under both the baseline and alternative scenarios for each Census Block 
Group. Figure A.4 shows the number of days that minimum temperature 
changed from above 17◦C to below 17◦C under the alternative scenario of 
increasing tree cover by 10% of the Census Block Group area. 
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(Table 2).12 These impacts are 17% lower than when applying β co
efficients without controlling for ozone to the same piecewise linear 
metric, which yields 298 avoided deaths. 

To incorporate another type of heat metric typically used in the 
public health literature, we apply the binary metric from Medina-R
amon and Schwartz (2007) to assess the health impacts of the alternative 
scenario of increasing tree cover. The β coefficient for this binary metric 
is roughly 10 times higher than that of the piecewise linear metric from 
the same study, indicating a much stronger mortality response to an 
extremely hot day as compared to less extreme temperatures. However, 
the number of extremely hot days are limited (in 2011, this was 10). 
Hence, whether smaller or larger health impacts in total are expected 
with binary metrics versus piecewise linear metrics is an empirical 
question and will depend on the number of days that the binary heat 
metric changes from 1 to 0. Applying the β coefficient on the binary heat 
metric that also controls for ozone, the mortality reduction is 83 with a 
confidence interval of 47 to 118.13 Although this is a much smaller 
impact compared to the estimated avoided deaths from applying the 
piecewise linear metric, this result is not surprising given the small 
number of days that the binary heat metric changes from 1 to 0 in 2011 
as illustrated in Fig. 6 and described in detail in Section 3.3.1. If the 

study year included a higher number of extreme heat days (e.g., in a heat 
wave year), the estimates would be much higher. 

The public health literature shows that the population over 65 is 
more sensitive to extreme heat, so we also show results for the Basu 
et al. (2005) approach, which represents cardiorespiratory mortality for 
adults in this age group. Basu et al. (2005) and Medina-Ramon and 
Schwartz (2007) differ in terms of the age groups, months covered, data 
and methods, heat metrics, and mortality causes, thus making a direct 
comparison of results challenging. The most meaningful comparison 
between the two is to consider the β coefficient on the piecewise linear 
metric of Medina-Ramon and Schwartz (2007) that does not control for 
ozone with the linear metric of Basu et al. (2005). 

Given the lower baseline incidence rates for cardiorespiratory mor
tality14 and the reduced population represented by the elderly, along 
with fewer months assessed, smaller impacts were expected using Basu 
et al. (2005). However, the larger β coefficient in Basu et al. (2005) 
would be expected to result in greater impacts, potentially due to a 
greater response for the hottest months and/or vulnerability to the heat 
exposures for the population over 65. Further, as described in Section 
3.3.1, because the change in heat metrics is larger for Basu et al. (2005), 
reductions in mortality would also be expected to be lower using the 
Medina-Ramon and Schwartz (2007) study. Which study yields a higher 
net impact is therefore an empirical question. 

When applying the Medina-Ramon and Schwartz (2007) β coefficient 
for all ages to only the adults over 65, the avoided mortality is 172 (95% 
confidence interval is between 105 and 240) while the avoided mortality 
for Basu et al. (2005) is 423 (95% confidence interval is between 213 
and 632). The mean estimates for Medina-Ramon and Schwartz (2007) 
are lower despite being applied to a higher baseline incidence for 
all-cause mortality and to a larger number of months. This lower esti
mate is potentially due to a combination of the smaller reduction in heat 
metrics (as described in Section 3.3.1) and smaller β coefficient of 
Medina-Ramon and Schwartz (2007). Even if the same heat metrics were 
used, the fact that the β coefficient for Medina-Ramon and Schwartz 
(2007) is roughly half of Basu et al. (2005) highlights the importance of 
distinguishing vulnerable age groups and applying the age-specific co
efficients relevant for vulnerable age groups. 

In addition to the mortality impacts, another question that is 
extremely relevant for decision makers is the spatial distribution of the 
impacts. The mortality impacts estimated with Basu et al. (2005) tend to 
be lowest near Baltimore downtown and higher in the outskirts (Fig. 7a). 
This result is not in line with the temperature reductions, which occur 
more in the downtown area (Fig. 4). However, as Fig. 8a shows, the 
population over 65 is more concentrated in the outskirts, and the spatial 
distribution of impacts lines up closely with that of the population (the 
magnitude of the Pearson’s correlation coefficient is 0.94). As shown in 
Fig. 7b, the distribution of mortality impacts using Medina-Ramon and 
Schwartz (2007) but applied to the population over 65 shows a similar 
pattern (the magnitude of the Pearson’s correlation coefficient is 
0.93).15 Further, applying the Medina-Ramon and Schwartz (2007) 
approach to all age groups, we see that the mortality impacts (Fig. 7c) 
and total population (Fig. 8b) have similar spatial distribution patterns 
(the magnitude of the Pearson correlation coefficient is 0.58), with more 
impacts downtown than for the population over 65 years in age. In 
comparison, heat metric changes showed very low correlation with the 
mortality impacts estimated for the total population using the 

Fig. 6. Number of days for each Census Block Group when 10% increase in tree 
cover caused daily minimum temperature to drop from above historical 
threshold (24 ◦C) to below threshold for May through September. 

12 Table A.1 in the appendix also provides mortality impacts associated with 
the other 2 alternative scenarios.  
13 As shown in Table 2, estimates with ozone controls for the binary metric are 

lower than with no controls by about 14%. 

14 Mortality rates from all causes includes cardiorespiratory causes as well as 
other causes, hence cardiorespiratory incidence rates are smaller.  
15 We expect the correlation between population and mortality impacts for 

Medina-Ramon and Schwartz (2007) to be different from Basu et al. (2005). 
This is because the spatial distribution of impacts, although similar, is not 
identical. The different heat metrics used in the two studies combined with 
different β coefficients account for the difference in the spatial distribution of 
impacts. 
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Fig. 8. Population (a) over 65 years old and (b) all ages.  

Fig. 7. Changes in mortality for (a) cardiorespiratory causes over 65 years old (Basu et al., 2005), (b) all causes for over 65 years old (Medina-Ramon and Schwartz, 
2007), and (c) all causes for all ages (Medina-Ramon and Schwartz, 2007) due to 10% increase in tree cover. Note: Under the alternative scenario of increasing tree 
cover by 10%, mortality is reduced from baseline conditions. Hence the maps show negative values. 
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Medina-Ramon and Schwartz (2007) approach (the magnitude of the 
Pearson correlation coefficient is 0.001). A key implication of these re
sults is that in Baltimore, the largest impacts of increased tree cover are 
seen where the exposed population resides, not necessarily where the 
temperature changes are the greatest. If a policy goal is to reduce tem
perature risks to vulnerable populations, it is important to increase tree 
cover in areas where susceptible populations reside, not necessarily 
where there is low tree cover or where temperature reductions can be 
the greatest. 

Given the difference in estimates among the various studies and 
metrics, the question is which metric is appropriate for decision makers? 
The answer depends on the audience and context of the analysis. As the 
piecewise linear metrics used by Medina-Ramon and Schwartz (2007) 
represent the entire population and all mortality causes, it would pro
vide average city-wide estimates. These estimates would be appropriate 
for decision makers such as city planners in typical years (i.e., without 
heat waves). The binary metric in this study assumes that there is no 
mortality impact of warmer temperatures unless they are extreme. 
Given that the piecewise linear metrics provide significant results for 
less extreme temperatures, the use of binary metrics is more restrictive. 
However, in the context of climate change, where the number of 
extremely hot days is projected to increase significantly, assessments 
using the binary heat metric can potentially inform preparedness efforts 
(e.g., cooling centers) and response plans for heat waves and thus pro
vide useful information to the public health community. The results may 
be closer using these two types of metrics for heat wave years if mini
mum temperatures stay the same on average but there are more days 
with extreme heat. If the focus is on the population over 65, the linear 
Basu et al. (2005) metric would yield estimates that can be considered as 
upper bounds for cardiorespiratory mortality specific to this age group, 
and policies based on these estimates would be most protective of that 
group. More detailed information about impacts on specific causes of 
mortality, such as pneumonia, stroke, and cardiovascular diseases, 
might be useful for the public health community as well. We applied the 
same binary heat metric from Medina-Ramon et al. (2006) to calculate 
reductions in pneumonia, stroke, and cardiovascular disease-related 
mortality, which were 1, 18, and 7 deaths, respectively, under the sce
nario of increasing trees.16 

Though this case study focuses primarily on impacts for the scenario 
of increasing tree cover by 10%, two other scenarios were assessed 
(described in Section 2.1). For city-wide mortality using the Medi
na-Ramon and Schwartz (2007) study, while the scenario of increasing 
tree cover by 10% of each Census Block Group’s area was estimated to 
result in 251 deaths avoided, reducing tree cover by 10% of each Census 
Block Group’s area was estimated to result in 220 more deaths. The 
asymmetry of health impacts when increasing and reducing tree cover 
by the same amount is expected because the health impact function is 
non-linear and because of the asymmetry in structure and temperature 
impacts of these alternative scenarios as described in Sections 3.1 and 
3.2.17 Removing all tree cover from each Census Block Group was esti
mated to result in 551 more deaths. This 0% tree cover scenario indi
cated that Baltimore’s baseline tree cover in 2011 avoids 551 deaths 
from mortality city-wide per year. 

3.4. Estimating the monetary value of human health benefits 

The mean estimate for monetary values of reductions in mortality 
(shown in Table 2) using the Medina-Ramon and Schwartz (2007) 
piecewise linear approach (when controlling for ozone and applied to all 
age groups) is $2.06 billion with a 95% confidence interval of $1.18 
billion to $2.95 billion. Applying the binary heat metric from the same 
study, the estimate is $692.63 million with a 95% confidence interval of 
$393 million to $986.04 million. 

The monetary value of the reduced mortality for the population over 
65 using the Basu et al. (2005) approach is $3.47 billion (95% confi
dence interval between $1.75 billion and $5.19 billion) and using the 
Medina-Ramon and Schwartz (2007) piecewise linear approach is $1.42 
billion (95% confidence interval between $0.86 billion and $1.98 
billion). Estimates from the Basu et al. (2005) study may be considered 
as upper bounds for cardiorespiratory mortality. Table A.1 in the ap
pendix also provides monetary values associated with the other two 
alternative scenarios for Basu et al. (2005) and Medina-Ramon and 
Schwartz (2007). Table A.2 shows the health and monetary impacts 
using the Basu et al. (2005) approach for all three years and Fig. A.5 
shows the spatial distribution for mortality reductions in 2008 and 2012. 

To place these results in context with other impacts of ecosystem 
services provided by urban tree cover, the monetary benefits of Balti
more’s current tree cover from reducing heat are more than 100 times 
larger than from reducing PM2.5 concentrations on average (Nowak 
et al., 2013a). The study of PM2.5 reduction is comparable in that both 
studies represented all causes of mortality associated with an environ
mental factor (PM2.5 or heat metrics), assessed a 0% tree cover alter
native to estimate the impact of current tree cover, and used the Value of 
Statistical Life to estimate monetary benefits. The studies differ in that 
Nowak et al. (2013a) used different age group delineations (0–1 and 
25–99), analysis year (2010 instead of 2011), dollar year (2015 instead 
of 2011), scale of result (by city instead of by Census Block Group), and 
source of tree cover data (2005 field samples instead of 2011 NLCD). 
Although PM2.5 levels vary across cities and therefore the benefits of 
pollutant removal also vary, baseline levels of pollution in the United 
States are in the range of the National Ambient Air Quality Standards 
and thus the marginal benefits of reducing PM2.5 are relatively small as 
compared to heat-related mortality, which is a leading cause of death 
from natural weather or environmental events in the United States 
(APHA, 2018). Increasing tree cover can therefore play a critical role in 
reducing heat-related mortality impacts under current conditions and an 
even bigger role under future climate scenarios. 

4. Conclusion and future research 

The goal of this study was to introduce and demonstrate a method for 
quantifying and valuing changes in mortality from extreme heat due to 
the presence of tree cover. This method provides the foundation for the 
spatially-explicit decision-support tool i-Tree to incorporate heat-related 
mortality. This method will be implemented in the i-Tree model to allow 
users to assess mortality impacts of changes in tree cover across the 
warm season and provide valuable information to city planners and the 
public health community. Future work will explore the potential for i- 
Tree to include a range of health impact functions (e.g., different heat 
metrics, coefficients that are specific to vulnerable populations) that will 
allow users to assess a wide set of research questions such as the role 
trees can play in reducing mortality impacts under different climate and 
population scenarios. 

To further facilitate environmental policymaking, we apply the 
16 These estimates are not additive with the overall estimates from the other 

two studies; rather, they provide impacts on more detailed causes of mortality.  
17 Each source of asymmetry acts in a different direction: ∆HEAT used as an 

exponential in the health impact function means reducing tree cover (resulting 
in positive ∆HEAT) is expected to have a larger health impact, but asymmetry 
when removing tree cover (due to 14.2% of Census Block Groups having <10% 
baseline tree cover) reduces the city-wide impact of the reduced tree cover 
scenario. 
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National Ecosystem Services Classification System (NESCS) Plus classi
fication system (Newcomer-Johnson et al., 2020) to the ecosystem ser
vice we quantify and value in this study. Mortality impacts of 
temperature reductions due to increased tree cover can be assigned a 
NESCS Plus code of 27.1.1092.211 (Environment Class: Urban/
Suburban (27); Ecological End-Product: Atmosphere (1); Direct Use: 
Support of human health and life (1092); Direct User: Households 
(211)). Using a common classification code can support policymaking by 
helping organize measures of ecosystem service benefits and providing a 
common language across disciplines. 

Results indicate that approximately 251 deaths (95% confidence 
interval of 143 to 358) can be avoided in the city of Baltimore (total 
population of 620,961) with a 10% increase in tree cover. We also find 
that more than half of the reduced mortality impacts are for the popu
lation over the age of 65 (which is about 12% of the total population) 
who are known to be vulnerable to extreme heat. Controlling for ozone 
is important to account for interaction effects with temperature and we 
find that impacts on premature mortality are lower but remain in a 
similar range. Even under the most conservative approach, with only 
extreme temperatures above 24 ◦C assumed to have a mortality impact 
(and therefore impacts in 2011, which is not a heat wave year, are 
limited to a few days and Census Block Groups), 84 (95% confidence 
interval of 48 to 120) deaths are avoided annually in Baltimore alone. 
The economic value of these avoided deaths is large, ranging from $690 
million to $2.1 billion when we consider ozone effects. There is potential 
for even larger benefits given that tree cover can be increased by much 
more in some areas. Spatial distribution of impacts shows that the 
greatest reductions in mortality occurred in the outskirts of Baltimore 
(where a greater number of people who are over 65 years in age reside) 
rather than downtown (where the temperature reductions are greatest). 
These spatial patterns have important policy implications. For example, 
our analysis highlights the importance of identifying areas with plant
able space and vulnerable populations to maximize human health ben
efits from urban forests in each city. Further, assessing spatially-explicit 
impacts of alternative tree cover scenarios can help develop more tar
geted and efficient policies to promote environmental justice and equity. 

Our estimated results are broadly consistent with other studies that 
quantify mortality impacts of increased tree cover using different 
methods. For example, Kondo et al. (2020) project reducing premature 
deaths by about 400 (95% confidence interval of 298 to 618) by 
increasing Philadelphia’s tree cover to 30%. Given that the spatial and 
temporal aspects as well as the study data and methods (including the 
extent of tree cover change assessed) are different between the two 
studies, a direct comparison is difficult. However, the results appear to 
be in a similar range. 

While this study is a first step to modeling temperature impacts of 
trees on human health, there are several ways in which a more 
comprehensive assessment can be made. In subsequent analysis on the 
temperature modeling side, i-Tree Cool Air could be modified to simu
late anthropogenic contributions to the urban heat island. This would 
include heat released from human activities, such as from combustion of 
fuels, friction from machines, and human metabolism. The signature of 
anthropogenic heating is often clearest in nighttime temperatures where 
it can add 2 ◦C to 3 ◦C, and during peak activity it can contribute on the 
order of 100 W/m2 to net heat inputs (Sailor, 2011). 

Although the monetary value of avoided mortality impacts from 
increasing tree cover is large, mortality is not the only impact of tem
perature on human well-being. Further research should investigate 
temperature impacts on other health conditions such as heat stroke, heat 
exhaustion, heat cramps, as well as respiratory and cardiovascular ill
nesses, low birth weight, and mental distress. Research could also 
investigate how these changes in air temperature affect human comfort 
(e.g., Sinha et al., 2018). 

Estimating the impacts of tree cover for different U.S. cities will also 
expand our knowledge on the variation of potential impacts of urban 
trees on air temperature and human health. Exploring whether the bi
nary metrics and the piecewise linear metrics yield results that are more 
similar in analysis conducted for a heat wave year would be interesting. 
Further, we find that more than half the impacts are for a vulnerable age 
group (population over 65). For a more comprehensive assessment, 
future models will need to incorporate other demographic and socio
economic factors associated with health impacts from extreme heat 
(USGCRP, 2016). 

Our findings for Baltimore suggest that temperature reductions can 
potentially contribute to human health and well-being significantly in 
the light of the large number (approximately 12,000) of heat-related 
deaths in the United States each year and the projected increases in 
such deaths due to changing climates. Increasing tree cover can there
fore play an important role in adaptation strategies for cities to mitigate 
the effects of rising temperatures and reduce urban heat island effects. 
The method demonstrated here can be applied to inform the develop
ment of climate adaptation strategies in an optimal manner. For 
example, estimates of monetary benefits provide a common metric that 
can be compared with the costs of implementing the policies. Further, 
such holistic assessments of benefits provide evidence-based support for 
policies, which can provide significant public health and economic 
benefits to cities. Examining spatial variations of impacts among 
different socioeconomic and demographic groups could also help 
address public health, environmental justice, and equity issues and 
reduce risks to vulnerable populations. 
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Appendix  

Fig. A.2. Time series of change in daily heat metrics over 653 Census Block Groups for alternative scenario of a 10% increase in tree cover versus baseline.  

Fig. A.1. Alternative Tree Cover Scenarios (a) Baseline tree cover - 10% of Census Block Group area (b) Baseline tree cover +10% of Census Block Group area.  

P. Sinha et al.                                                                                                                                                                                                                                   



Ecological Modelling 449 (2021) 109553

15

Fig. A.3. Number of days at each Census Block Group when daily minimum temperature for baseline and alternative scenario of a 10% increase in tree cover is below 
threshold (17 ◦C) for May through September. 
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Fig. A.4. Number of days for each Census Block Group when 10% increase in tree cover caused daily minimum temperatures to change from above 17 ◦C to below 
17 ◦C for May through September. 
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Fig. A.5. Changes in cardiorespiratory mortality for population over 65 years old (Basu et al., 2005) due to 10% increase in tree cover using weather data for (a) 
2008 and (b) 2012. Note: Under the alternative scenario of increasing tree cover by 10%, mortality is reduced from baseline conditions. Hence the maps show 
negative values. 

Table A1 
Change in Mortality† and Associated Monetary Benefits Under the Alternative Scenarios of Reducing Tree Cover by 10% of Census Block Group Area and of Zero Tree 
Cover.  

Study Heat Metric Mortality 
Classification 

Age 
Groups 

Control for 
Ozone 

Change in Incidence Economic Value (2011 
$billions)      

LB* Center* UB* LB* Center* UB* 

Reducing Tree Cover by 10% of Census Block Group Area 
Basu et al. (2005) Daily mean temperature Cardiorespiratory 

mortality 
Over 65 No 191 380 569 $1.571 $3.121 $4.674 

Medina-Ramon & 
Schwartz (2007) 

Binary variable indicating 
extremely hot day or not 

Mortality, All Cause All ages No 59 101 143 $0.487 $0.827 $1.175 
Yes 48 86 125 $0.393 $0.708 $1.029 

Piecewise linear metric Mortality, All Cause All ages No 159 262 364 $1.304 $2.150 $2.995 
Yes 123 216 309 $1.015 $1.778 $2.548 

Over 65 No 94 155 215 $0.771 $1.271 $1.771 
Zero Tree Cover 
Basu et al. (2005) Daily mean temperature Cardiorespiratory 

mortality 
Over 65 No 505 1005 1507 $4.150 $8.258 $12.385 

Medina-Ramon & 
Schwartz (2007) 

Binary variable indicating 
extremely hot day or not 

Mortality, All Cause All ages No 181 308 437 $1.490 $2.529 $3.592 
Yes 146 263 383 $1.202 $2.163 $3.145 

Piecewise linear metric Mortality, All Cause All ages No 398 657 915 $3.273 $5.397 $7.522 
Yes 310 543 776 $2.546 $4.464 $6.383 

Over 65 No 240 396 552 $1.973 $3.253 $4.535 

†Under the alternative scenarios of reducing tree cover by 10% and no tree cover, mortality is increased from baseline conditions. Hence the table shows positive 
values. 
*Center uses the estimated Beta coefficient. LB and UB denote estimates using lower and upper bounds of the 95% Confidence Interval for the estimated Beta 
coefficient. 
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