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ABSTRACT 

A number of studies produced in recent years have highlighted how urban forests, or 

urban tree cover (UTC), can contribute to a wide range of environmental, public health, societal, 

and economic benefits. Few studies have evaluated how the relationships between UTC and air 

quality and crime vary across a sample of cities and neighborhoods. This study attempts to “tease 

out” the particulars of the relationships between (1) UTC and air quality measures, including 

levels of ground-level ozone and particulate matter, and (2) UTC and crime rates, at both the city 

and neighborhood level while controlling for various demographic, socioeconomic, and climate 

variables. Evaluating these relationships will lead to better understanding of how unique local 

characteristics should be considered when local policy makers develop UTC goals and policies.   

Based on a series of regressions using data from a sample of over 200 cities across the 

United States, as well as a sample of 59 communities within a single city, this study shows that 

in some cases the relationships between UTC and air quality and crime are consistent across the 

city and neighborhood levels. For example, the results show that UTC has a statistically 

significant relationship with levels of ozone (positive relationship) and property crime rates 

(negative relationship) at both the city and neighborhood levels. The results also show that in 

some cases there are substantial differences in city- and neighborhood-level relationships 

between UTC and air quality and crime. For example, UTC has a statistically significant 

relationship with asthma prevalence at both the neighborhood and city levels, but with different 
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signs (negative at the neighborhood level and positive at the city level). In addition, UTC has a 

noticeably more statistically significant and robust negative relationship with violent and 

property crime rates at the neighborhood level than at the city level. The results also show that 

there are statistically significant differences between cities with low and high UTC baselines in 

terms of how changes in UTC may affect air quality and crime. Overall, the results of this study 

suggest that policy makers should avoid adopting general, high-level UTC policies that are not 

substantiated by tailored implementation plans. For example, UTC policies aimed at improving 

air quality should be specific to the pollutant and should account for the variable pollution-

removal capabilities of different tree species. Topics for potential future research in this area are 

identified in the study. 
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1. Introduction 
As of the most recent U.S. Census, nearly 80% of the country’s population resides in 

urban areas.1 If the trend over recent decades holds true, the forthcoming 2010 Census will show 

an even higher percentage of Americans living in urban areas than in rural areas. As in other 

countries, Americans move to urban areas in search of: job opportunities, social benefits, family 

connections, more concentrated lifestyles, and proximity to particular urban-based resources, 

among other benefits. However, urban areas are typically more prone to crime, poor air quality, 

traffic congestion, and other disadvantages than rural areas. These threats to local wellbeing are a 

concern for urban policy makers who must make decisions that balance societal costs and 

benefits in the face of increasing urban populations. Because of their concern for these costs and 

benefits, policy makers look for opportunities to achieve multiple goals at once and make more 

efficient use of taxpayer dollars.  

Increasing tree cover in urban areas is believed by many to be one such opportunity. A 

number of studies produced in recent years have highlighted how urban forests, or urban tree 

cover (UTC), can contribute to a wide range of environmental, public health, societal, and 

economic benefits. Two UTC-related benefits in particular, air pollution removal and crime 

reduction, have received much attention in these studies. However, studies of the relationships 

between UTC and air quality and crime have typically focused on isolated experiments. Based 

on a review of literature to date, there appears to be a lack of empirical analysis of the 

relationship between UTC and measure of air quality and crime across multiple cities and same-

                                                 

1 U.S. Census. 2010. Census 2000 Factfinder. Available: 
http://factfinder.census.gov/servlet/DatasetMainPageServlet?_program = DEC&_submenuId = &_lang = 
en&_ts =. Accessed 10/10/2010.  

1 
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city neighborhoods. Such information would support local policy maker decisions in the face of 

limited budget resources by improving their understanding of how unique local characteristics 

should be incorporated into UTC policies to achieve greater UTC-related cobenefits.  

This study aims to address this gap in the literature by answering the question of how 

UTC relates to measures of air quality and crime across a large sample of cities, controlling for 

potentially confounding environmental, socioeconomic, and demographic factors. In addition, 

this study includes a complementary analysis that considers whether the relationships discerned 

at the city level hold true when comparisons are made across same-city neighborhoods, and if so, 

how those relationships compare. This two-tiered approach is based on the understanding that 

many local-scale attributes become muted when we compare data that are averaged across an 

entire city. Neighborhoods can vary considerably from each other, even in a single city, 

especially in terms of socioeconomics and demographics, as well as land cover. Using this tiered 

approach, the study looks to not only determine the general relationships between UTC and air 

quality and crime, but also attempts to “tease out” the particulars of these relationships and 

understand whether there are some instances where the relationships are more substantial than 

others. As a high-level analysis, the study also identifies topics worthy of future research.  

1.1 Benefits of Urban Tree Cover 

Increasing UTC – which is typically reported as the percentage of total urban area that is 

tree-covered – can have numerous environmental, public health, societal, and economic benefits, 

including, but not limited to, the following: 

• Air quality management. Trees remove criteria pollutants (primarily particulate matter 

and ground-level ozone) from the air. U.S. Forest Service researchers estimate that urban 

trees in the contiguous U.S. remove more than 780,000 metric tons of pollutants from the 
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air annually (Nowak et al., 2006). This can have indirect benefits for human health, as 

improved air quality can lead to reduced adverse impacts on human respiratory systems 

(e.g., Beckett et al., 1998; Lovasi et al., 2008; Piety, 2007).  

• Stress and crime reduction. Seeing trees regularly is believed to help reduce levels of 

anxiety. A number of studies have attempted to draw the link between the presence of 

trees and other vegetation and reductions in crime rates (e.g., Kuo and Sullivan, 2001; 

Ellis et al., 2006).  

• Traffic control. Drivers are more inclined to drive at higher speeds on streets that are 

wider. Street trees help control traffic by reducing the apparent width of the street from 

the driver’s perspective. In many cities, street trees are planted and maintained by the 

local transportation authority.2  

• Individual well-being. UTC and other vegetation cover can have several benefits for 

residents’ physical and emotional well-being. For example, multiple studies have found 

that tree cover can make urban areas more emotionally satisfying and can be supportive 

in helping children cope with attention deficit disorder (e.g., Taylor et al., 2001; Dwyer et 

al., 1991). In addition, seeing trees is believed to have aesthetic healing effects on 

recuperating hospital patients (Ulrich, 1984).  

• Climate change mitigation. Trees help mitigate climate change in multiple ways. For one, 

trees can help reduce local building energy consumption by providing shade and 

transpiring moisture in warm climates, and by shading buildings from cooling winds in 

                                                 

2 See, for example, the Washington , D.C. Department of Transportation’s Urban Forestry program 
(http://ddot.dc.gov/DC/DDOT/On+Your+Street/Urban+Forestry).  
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colder climates. These downstream reductions in energy consumption translate into fewer 

emissions of greenhouse gases from upstream energy generating units.  

In addition, trees remove carbon dioxide from the air during photosynthesis and can store 

large quantities of this greenhouse gas in their roots, trunk, and canopy (a process called 

carbon sequestration). Over time, the amount of carbon dioxide transformed into biomass 

increases, but at varying rates. The rate at which trees can sequester carbon dioxide (and 

the maximum amount that they can store) varies by species and the age of the tree. A 

one-acre pine plantation in the southeast U.S., for example, is estimated to be able to 

sequester 100 metric tons (cumulative) over the span of 90 years (U.S. EPA, 2010i).3  

• Property values. A number of economic studies have used hedonic pricing models to 

determine how much more families are willing to pay for properties that have a larger 

percentage of tree cover (e.g., Wolf, 2007; Marin et al., 1989). This premium can exceed 

10% in many urban areas, depending on the density and type of the trees.  

1.2 Initiatives to Increase Urban Tree Cover 

Recognizing the benefits of UTC at the local level, many local governments have adopted 

goals and policies for increasing or maintaining UTC levels. Several nationwide campaigns and 

initiatives have developed in recent years to help local governments establish UTC goals and 

implement UTC policies. For example:  

• American Forests, a non-profit organization dedicated to protecting forests worldwide, 

works with several local governments to set UTC goals, to analyze the benefits of 

achieving these goals, and to track progress. Currently more than two dozen cities are 
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partnering with the organization and measuring the community benefits achieved by 

increasing their UTC.4  

• Arbor Day Foundation, in collaboration with the U.S. Forest Service, has established a 

program called Tree City USA that provides assistance to communities around the 

country, supporting them in their efforts to protect UTC and engage the public in 

contributing to these efforts. More than 3,000 communities participate in the Tree City 

USA campaign.5  

• The U.S. Conference of Mayors has established a Community Trees Program to facilitate 

the sharing of best practices for UTC protection among cities across the country. The 

program provides case studies and resources to local government policy makers.6  

Through these and other such initiatives, or by taking action on their own, many local 

governments have set goals to increase UTC. However, these goals are sometimes general in 

scope (e.g., a simple goal of achieving a 20% increase in UTC over 10 years). One of the 

objectives of this study is to determine whether such general goals ignore important local 

characteristics that influence the potential benefits of increasing UTC in specific areas.  

1.3 Relationship between Urban Tree Cover and Air Quality and 
Crime Indicators 

There are several UTC-related benefits that may be considered to be of greater immediate 

significance to local policy makers because their direct implications for constituents are clearer. 

                                                                                                                                                             

3 For more information on the climate mitigation benefits of urban forests, see the U.S. Forest Service’s Pacific 
Southwest Research Station’s Web site (http://www.fs.fed.us/ccrc/topics/urban-forests/).  
4 American Forests. 2010. Urban Ecosystem Analyses. Available: 
http://www.americanforests.org/resources/urbanforests/analysis.php. Accessed 10/8/2010.  
5 Arbor Day Foundation. 2010. Tree City USA. Available: 
http://www.arborday.org/programs/treeCityUSA/index.cfm. Accessed 10/8/2010.  

5 
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Unlike the climate mitigation benefits of removing greenhouse gas emissions from the air, UTC-

related benefits that affect people’s daily lives, such as air pollution management and crime 

reduction, are directly perceived a the local level.  

Urban areas, with their higher concentration of vehicles and air pollution point sources, 

are prone to poor air quality, which can have a deleterious effect on human health, especially for 

vulnerable populations such as the elderly and young children who are more prone to respiratory 

illness and asthma, a condition that affects more than 16 million adults and 7 million children 

nationwide. According to several studies, the percentage of American urban dwellers living with 

asthma has increased in recent years, as has the number of asthma-related hospitalizations (CDC, 

2010 ). As a result, the costs of treating asthma – currently around $18 billion annually — are on 

the rise nationwide (AAFA, 2010) .   

Given the health and cost implications of living with poor air quality, the relevance of 

this issue to Americans today is clear. However, although several studies have evaluated the air 

quality benefits of trees and UTC in general, it appears that few if any researchers have 

considered whether it is possible to make inferences about this relationship across many cities. 

Similarly, although several studies have considered the crime reduction benefits of UTC and 

vegetation in general, these studies have typically been restricted to very localized study areas. 

As far as can be discerned, there have been no studies that have considered the relationship 

between UTC and crime rates across many cities. As with the effect of UTC on air quality, 

determining whether such a relationship can be established across multiple cities would be 

consequential, considering the ambient benefits that air quality management and crime reduction 

can have for a community.  

                                                                                                                                                             

6 U.S. Conference of Mayors. 2010. Community Trees Program. Available: http://www.usmayors.org/trees/. 
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The objective of this study is to improve the understanding of the relationship between 

UTC and air quality and crime, looking at data across multiple cities and controlling for 

potentially confounding local socioeconomic and demographic factors, such as median income 

level, poverty rate, and population density. In addition, a secondary analysis will look at a single 

city and consider whether the relationships discerned at the city level hold true when 

comparisons are made across same-city neighborhoods. It is believed that an improved 

understanding will support policy maker decisions regarding UTC in the face of limited budget 

resources by enabling them better identify policies that can achieve many UTC-related co-

benefits. 

2. Background 
Before considering the relationship between UTC and both air quality and crime rates in 

urban areas, it is helpful to review the context surrounding these relationships, to better 

understand their importance.  

2.1 Air Quality in U.S. Cities 

Air quality is one of the most easily recognizable features differentiating urban and rural 

areas. Air quality (or lack thereof) can be seen and felt in urban areas, making it a particularly 

poignant measure for assessing wellbeing. The U.S. Clean Air Act, as amended in 1990 

(CAAA), identifies six air pollutants of concern (called “criteria” pollutants) (U.S. EPA, 2010a). 

These criteria pollutants include ozone, particulate matter (PM), lead, nitrogen oxides (NOx), 

carbon monoxide (CO), and sulfur oxides (SOx). This study focused primarily on ozone and PM, 

                                                                                                                                                             

Accessed 10/9/2010.  

7 



as these are the two criteria pollutants that are most closely associated with trees (as described in 

Section 3).  

Ozone is typically produced at ground level through a chemical reaction between NOx 

and volatile organic compounds (VOCs) when these two reactants (called ozone precursors) 

come into contact with sunlight.7 Sunny and warmer conditions can contribute to more intense 

ozone formation (U.S. EPA, 2010c). The primary sources of ozone precursors are exhaust from 

vehicles, emissions from industrial facilities, combustion from electric utilities, gasoline vapors, 

chemical solvents, and some natural sources (e.g., trees and plants – see Section 3 for more 

information on how trees contribute to ozone formation) (U.S. EPA, 2004b).  

PM is a general term used to describe small pieces of non-soluble mater that is present in 

the air, as well as liquid droplets. The CAAA specifies two sizes of PM to differentiate between 

their effects on human health: coarse particles that have diameters of less than 10 micrometers 

(called PM10) and fine particles that have diameters of less than 2.5 micrometers (called PM2.5) 

(U.S. EPA, 2010g). The primary sources of PM2.5 emissions are road dust, industrial processes, 

electricity generation, fires, and other fossil fuel combustion (e.g., for use in on-road vehicles). 

Road dust is by far the primary source of PM10 emissions (well over half of all emissions of 

PM10) – the other sources of PM2.5 also contribute to PM10 emissions, but overall constitute a 

smaller contribution than they do for PM2.5 (U.S. EPA, 2009).– 

                                                 

7 Although ozone formation at ground level can be detrimental to human health and the environment, the 
presence of ozone in the stratosphere is beneficial, as it helps protect the Earth from the sun’s ultra-violet rays. 
Throughout the remainder of this paper, use of the term “ozone” will be in reference to harmful ground-level 
ozone, not beneficial stratospheric ozone.  

8 



2.1.1 Effects of Air Pollution 

Poor air quality can affect human health and welfare and the environment in several 

ways:  

• Health effects. Each of the criteria pollutants identified by the CAAA has potential 

adverse impacts on human health. These impacts vary by pollutant but generally involve 

aggravation of the respiratory system to some degree. Ground-level ozone can trigger 

several health problems, including throat irritation, and can worsen chronic respiratory 

conditions, such as asthma and bronchitis. Long-term exposure to elevated levels of 

ground level ozone can lead to permanent scarring of tissue in the lungs (U.S. EPA, 

2010c).  

Like ozone, PM can have a significant impact on human health. Both PM10 and PM2.5 are 

small enough to be inhaled through the nose and mouth and enter the lungs, but the finer 

particulates are harder for the body to protect against and clear once inhaled. Studies have 

linked PM to respiratory irritation (e.g., coughing), aggravated asthma and bronchitis, 

irregular heartbeat, non-fatal heart attacks, and premature death in people with heart or 

lung disease, among other effects (U.S. EPA, 2010g). In addition to ozone and PM, CO, 

NOx, lead, and SOx can have damaging impacts on health, especially for vulnerable 

populations with pre-existing respiratory conditions, heart disease, and nervous system 

disorders.  

• Environmental effects. Air pollutants can cause severe damage to the environment. For 

example, when PM lands on water it can increase the acidity of the water, which can 

harm species that are sensitive to water quality changes. Ozone, which is considered to be 

the greatest pollutant threat to vegetation, can interfere with a plant’s ability to 
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photosynthesize sunlight to produce food. This can reduce a plant’s resiliency to disease 

and harsh conditions. At the broad scale, increased ozone can reduce crop yield and forest 

growth (U.S. Department of Agriculture, 2010; U.S. EPA, 2010h, 2010d).  

• Other effects. PM (primarily PM2.5) suspended in the air can absorb and reflect incoming 

sunlight, causing a haze effect. While many of the particles that contribute to haze in 

urban areas come from natural sources (e.g., windblown dust), much of it comes from 

anthropogenic sources (e.g., motor vehicles). According to the Environmental Protection 

Agency (EPA), across the U.S., current visibility rates are on average one-third of what 

they would be in the absence of anthropogenic particulate emissions (U.S. EPA, 2006). In 

addition, air pollution can have a detrimental effect on property, including buildings. For 

example, emissions of pollutants that contribute to acid rain formation can indirectly 

cause damage to acid rain-sensitive structures.  

Considering the detrimental effects that air pollutants can have on health, human welfare, 

and the environment, it is important to protect air quality, especially in urban areas, where 

emissions are more concentrated and the number of people exposed is greater. To help manage 

air pollution emissions and concentrations, EPA established standards for the six criteria 

pollutants identified above (the National Ambient Air Quality Standards, or NAAQS). These 

standards establish maximum concentrations for the criteria pollutants, to be averaged over 

specified periods, recognizing the different effects that acute and chronic exposure to pollutants 

can have on human health. For example, for ozone, the NAAQS include maximum 

concentrations for both 8-hour and 1-hour time periods. The NAAQS are also separated into 

primary and secondary standards. The former pertain to human health and the latter to human 

10 



welfare (e.g., visibility) and the environment. Appendix A provides the NAAQS for the six 

criteria pollutants.  

Levels of air pollutants have generally declined across the U.S. since the CAAA were 

passed in 1990. The declines have been considerable for some pollutants. For example, levels of 

lead in the atmosphere have declined by more than 75% since 1990. However, according to 

recent estimates by EPA, approximately 127 million people in the U.S. live in counties that 

exceeded at least one of the NAAQS in 2008 (U.S. EPA, 2010f). As of September 2010, there 

are 114 urban areas in the United States containing at least one county that is considered to be in 

non-attainment (meaning it has exceeded a NAAQS standard) for at least one criteria pollutant. 

For many of these urban areas, multiple counties are in non-attainment, sometimes for multiple 

air quality standards. For example, in the Los Angeles area, there are currently four counties that 

are in non-attainment for three different standards: 8-hour ozone, PM10, and PM2.5 (U.S. EPA, 

2010b). 

In general, ozone and PM are the criteria pollutants that have been the most difficult to 

address in many urban areas. As shown in Table 2.1, substantial improvements have been made 

in the number of non-attainment areas for lead, NO2, CO, and SOx, while the number of non-

attainment areas for ozone and PM still remain high.  
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Table 2.1. Change in Number of Non-Attainment Areas by Pollutant. 
Pollutant Year NAAQS 

Established 
Initial Number of Non-

attainment Areas  
Number of Initial Non-attainment Areas 

Remaining in Non-attainment (as of 2008)
Ozone (8-hour) 1997 113 31 
Annual PM2.5 1997 39 21 
24-hour PM2.5 2006 31 31 
24-hour PM10 1987 87 18 
Lead (max quarterly) 1978 13 2 
Annual NO2 1985 1 0 
CO (8-hour) 1985 43 0 
Annual SO2 1987 54 0 
Source: Adapted from U.S. EPA, 2010f. 
 

2.2 Crime in U.S. Cities8  

Criminal activity is always a leading public concern for residents and elected officials in 

urban areas. At a time when U.S. cities are experiencing consistent population growth and 80% 

of the U.S. population resides in urban areas, crime rates in urban areas are now as important an 

indicator or social wellbeing as ever before.  

Crime in urban areas can take many forms. In general, crimes are separated into two 

categories:  

• Violent crime. For reporting purposes, the U.S. Federal Bureau of Investigation (FBI) 

defines violent crimes as those that include non-negligent manslaughter, forcible rape, 

robbery, and aggravated assault (FBI, 2010c).  

                                                 

8 It is important to note that the data provided in this section are based on reported crimes. The FBI recognizes 
that not all crimes are reported and cautions that available data is only a best approximation of actual criminal 
activity.  
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• Property crime. The FBI defines property crimes as those that involve burglary, larceny-

theft, motor vehicle theft, and arson.9 These crimes do not involve force or the threat of 

force against victims (FBI, 2010b).  

According to the most recent data available from the FBI, collected from nearly 18,000 

reporting jurisdictions, the number of both violent and property crimes reported across the nation 

declined consistently from 2006 through 2009, the most recent year for which data are available. 

In addition, the nationwide number of violent crimes and property crimes both declined by 

approximately 5% from 2008 to 2009. These improvements notwithstanding, violent and 

property crimes in the U.S. are extremely costly in terms of human life and welfare. For 

example, more than 15,000 people are estimated to have been murdered in the U.S. in 2009 and 

property crimes in that year alone cost the nation approximately $15 billion.  

In 2009, the violent crime rate for the nation was estimated to be approximately 0.4 

violent crimes per 100 people. The majority of these crimes consisted of aggravated assaults 

(61.2%), followed by robbery (31%), forcible rape (6.7%), and murder (1.2%). Also in 2009, the 

property crime rate for the nation was estimated to be approximately 3 property crimes per 100 

people. Larceny-theft accounted for the largest proportion of property crimes (67.9%), followed 

by burglary (23.6%) and motor vehicle theft (8.5%).  

Crime rates vary by community type. In general, urban areas are prone to higher rates of 

violent and property crimes of all types, compared to non-urban areas. Table 2.2 provides crime 

rates for metropolitan statistical areas (MSAs) (defined by the U.S. Census Bureau as geographic 

entities that consist of one or more counties and contain a core urban area of 50,000 or more 

                                                 

9 Arson is excluded from this study because the FBI does not report arson data.  
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people), other cities not included in MSAs, and non-urban areas. As the table shows, crime rates 

typically decrease going from MSA to non-MSA cities to non-urban areas.  

 

Table 2.2. Comparison of Crime Rates by Community Type. 
 Metropolitan Statistical 

Area 
City Outside of 

Metropolitan Statistical 
Area 

Non-metropolitan 
Counties 

Violent Crimes 
Murder/non-negligent 
manslaughter 

5.2 4.0 3.4 

Forcible rape 28.2 41.2 24.6 
Robbery 152.1 63.1 16.9 
Aggravated assault 273.2 288.2 157.6 

Property Crimes 
Burglary 727.3 822.6 552.8 
Larceny/theft 2,146.9 2,693.2 911.7 
Motor vehicle theft 286.0 142.6 105.3 

Note: All rates reported as number of crimes per 100,000 inhabitants.  
Source: FBI, 2010d. 

3. Literature Review 
This section provides a review of past studies that have looked at the relationships 

between UTC and measures of air quality and crime. The purpose of this review is to understand 

the extent of research on these issues that has been completed to date and to identify potential 

information gaps that may be addressed by the present study. This literature review also informs 

the analytical approach described in Section 4. 

3.1 Tree Cover in Urban Areas 

As described in the introduction to this study, trees can generate a wide range of health, 

environmental, economic, and other benefits in urban areas. Because of these benefits, many 
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urban areas across the country have established programs or joined campaigns to maintain 

existing tree resources and increase UTC where possible.  

It is estimated that approximately 35% of U.S. urban area is covered by tree canopies 

(Nowak et al., 2010). However, UTC varies considerably across cities. For example, UTC in 

Chicago, Illinois is only 11% while in Fayette County, Tennessee UTC estimates exceed 80% 

(Nowak, 2006; Nowak et al., 2010). More information on city-specific UTC is provided later in 

this study.  

Tree cover varies across urban areas due to a number of natural and human-created 

conditions. Some of the most influential factors include the following (Dwyer et al., 2000; 2010): 

• Natural setting and meteorology. UTC varies depending on the natural setting in which 

the urban area exists. For example, UTC is generally greater in urban areas that exist in 

regions that are naturally forested (i.e., areas that would be forested in the absence of 

human development) compared to urban areas that exist in regions that are predominantly 

prairie or desert. Temperature, wind, and rain – all factors associated with an natural 

setting – are the most significant natural determinants of the ability of trees to grow and 

thrive in an area.  

• Population characteristics. The number of people living in an urban area and the density 

of their habitation can affect the amount of green space available for trees. Areas with 

large populations and high population density generally have lower UTC values because 

UTC competes with more land use types. Zhu and Zhang (2006) examined the 

relationship between UTC and population density in the 149 cities in the southwestern 

U.S. with populations greater than 40,000 and found that below a population density 

threshold of 180 persons per square kilometer the relationship between population 
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density and UTC is positive, but it changes to negative at greater densities. Population 

demographics can also have a significant effect on UTC. As described in the 

introduction, tree cover can increase property value, meaning areas with higher property 

values (and therefore higher median household incomes) may be expected to have more 

trees. Zhu and Zhang (2006) also examined the relationship between UTC and household 

income and found that below a household income threshold of $39,000, the relationship 

between income and UTC was negative, but that the relationship changed signs above 

that threshold. 

• Development characteristics. How an urban area is planned and developed can have 

substantial limiting or enabling impacts on UTC. For example, a city who’s population 

relies heavily on motorized transport may have a higher proportion of road cover, which 

may limit the amount of space available for urban trees.  

• Air quality. As described above, air pollutants can have a detrimental impact on 

vegetative growth. Trees in urban areas that have particularly poor air quality may be 

smaller or have shorter healthy life spans.  

• Local policies. Clearly, land use planning in general, and tree protection planning in 

particular, are critical factors affecting UTC. Cities that fail to recognize the benefits of 

UTC or lack resources to plan communities appropriately will typically have less UTC.  

• Other factors. Other factors, such as the presence of invasive plants, insects, and diseases, 

can significantly hamper tree growth and survival in urban areas.  

3.2 Mechanisms by which UTC Affects Air Quality 

Trees can have a number of effects on local air quality. Some of these effects have 

positive impacts on air quality, others negative.  
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3.2.1 Air Quality Benefits of UTC 

Trees can improve air quality by removing pollutants and precursors from the air through 

what is called dry deposition and by reducing local temperatures, which mitigates the potential 

for ozone formation. When PM comes into contact with tree leaves, it can become immobilized 

on the leaves until re-suspended by strong wind or rain. Although trees do not permanently 

remove airborne particulates from the air in this fashion, they do provide a form of storage for 

particulates that would otherwise threaten human health (Nowak et al., 2006). In addition, trees 

can take up some gases from the air through stomata on the leaves. These gases include CO, 

NOx, ozone, and SOx (Akbari, 2002). Moreover, because trees remove NOx, an ozone precursor, 

UTC can reduce ozone formation at the ground level.  

Through transpiration, the process by which plants “exhale” water vapor, and shading 

ground surfaces, trees can reduce local temperatures. Because of this, tree planting is often 

considered as potential urban heat island mitigation strategy (Akbari, 2002). According to one 

study, mid-day air temperatures can be reduced by between 0.04o C and 0.2o C for every one 

percent increase in UTC (Souch and Souch, 1993). By reducing temperatures at the ground level, 

trees can help reduce the potential for ozone formation (Nowak, 2000). 

Taha et al. (1997) estimated that planting an additional 11 million trees in the Los 

Angeles area would reduce ozone formation by 0.6% simply by removing NOx from the air. This 

0.6% removal was additional to the 1% removal of ozone by direct dry deposition of the gas 

through tree stomata. Nowak et al. (2000) modeled the effects of increased UTC on ozone 

concentrations across several cities over a three-day span and found that urban trees reduce 

ozone concentrations by causing changes in dry deposition and meteorology, including air 

temperatures, wind patterns, and the elevation at which ground-level ozone disperses. The 

authors’ modeling results showed that increasing UTC from 20% to 40% can reduce hourly 
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ozone concentrations in urban areas during the daytime by 2.4% (1 ppbv) on average and as 

much as 4.1% (2.4 ppbv).   

Piety (2007) considered the relationship between UTC and ground level ozone, looking 

specifically at the effects of tree cover on peak 8-hour ozone measurements over the course of a 

year in the Baltimore non-attainment area. Piety identified temperature as one of the most 

significant factors affecting ground level ozone (due to the reduced heat island effect, which 

contributes to ozone formation), based on a review of several prior modeling analyses. These 

included a general modeling analysis of the effect of urban trees on ozone (Nowak et al., 2000) 

and city-specific modeling exercises undertaken by Cardelino and Chamedies (1990) in Atlanta, 

Georgia, by Luley and Bond (2005) in New York City, and Taha (2005) in Los Angeles. Each of 

these studies identified increased temperature and ozone formation as direct and indirect effects 

of reductions in UTC. Based on this existing literature, Piety determined that because increases 

in UTC can reduce temperatures and increase dry ozone deposition, reductions in daily mean 

peak 8-hour ozone of 1-2 ppbv can be achieved if UTC in the Baltimore area is increased by 

20% to 40%. One of the key findings from this review is that areas downwind of locations where 

land use has changed (e.g., by increasing UTC) will receive some of the benefits (or adverse 

impacts). 

Under the CAAA, states are required to develop plans – called state implementation plans 

(or SIPs) – that describe efforts the state will take to manage air quality in general and to 

improve air quality in any areas within the state that have been designated as non-attainment 

areas. These plans must include specific actions or control measures that will help improve local 

and statewide air quality. These control measures typically focus on reducing pollutant emissions 

but also address methods of removing from the atmosphere pollutants that have already been 
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emitted. Recently, increasing UTC has been identified as a control measure that can have 

substantial air quality benefits, particularly for areas in non-attainment for ozone and PM 

(NASF, 2010). In 2004, the U.S. EPA issued guidance on incorporating UTC and other 

voluntary measures into SIPs (U.S. EPA, 2004a).10  

3.2.2 UTC-Related Air Quality Threats 

It is important to note that trees can also contribute to air pollution through the emission 

of VOCs, such as isoprene. These compounds are ozone precursors and when they come into 

contact with NOx and sunlight can produce ground level ozone. VOC emission rates vary by tree 

species. For example, trees in the sweetgum, sycamore, beefwood, black gum, poplar, oak, black 

locust, and willow generally produce high levels of isoprene emissions, and can therefore 

contribute to higher levels of ozone formation (Nowak, 2002). However, as Taha et al. (1997) 

found, emissions of VOCs from tree respiration do not always contribute substantially to ground 

level ozone concentrations, particularly in areas where NOx (another ozone precursor) emissions 

are limited.  

3.2.3 Net Effects of UTC on Air Quality 

The total effects of UTC on air quality can be measured using the Urban Forest Effects 

(UFORE) model developed by the USDA Forest Service. Nowak and Crane (1998) describe how 

the model can project air pollution removal benefits based on tree cover, land use, shrub cover, 

building features, and tree-specific characteristics (e.g., height and diameter). As an example, the 

authors describe the air pollution removal benefits of trees in the New York City area, explaining 

                                                 

10 Although information on the extent to which states have incorporated UTC into their SIPs is not readily 
available, it is clear that increasing UTC has been identified as a pollution control measure in several specific 
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how in areas of the city that have 100% tree cover, such as contiguous forest stands within parks, 

trees can remove from the air as much as 15% of the ozone, 14% of the SO2, 8% of the NOx, and 

0.05% of the CO. In another study, researchers modeled the air quality effects of a 20% reducing 

in UTC in the Atlanta area and found that the loss could lead to increases in daily ozone levels as 

high as 14% (Cardelino and Chameides, 1990). 

Tree-related air quality benefits can vary considerably within urban areas. Beckett et al. 

(1998) explain how different types of trees (coniferous as opposed to broadleaf) can have 

different air pollution removal potential. Escobedo and Nowak (2009) conducted an analysis of 

how the air pollution removal benefits of trees vary within a single locality. The authors 

estimated air pollution removal from 200 sites, categorized into three socioeconomic sub-regions 

of Santiago, Chile. The estimates were based on urban forest structure data collected from July 

1997 to June 1998 and from July 2000 to June 2001. The authors found that air pollution 

removal per square meter of tree cover was greatest in low socioeconomic regions (areas with 

average annual income less than $1,250 USD), but determined that these higher rates were due 

primarily to unique meteorological and geographic conditions, rather than the socioeconomic 

status of the region. 

3.2.4 Secondary Effects of the Relationship between UTC and Air Quality  

As described in the background section, poor air quality can lead to a number of health 

outcomes, including increased incidence of asthma and other respiratory ailments. Several 

studies have considered the impacts of living in urban areas on the prevalence of having asthma. 

For example, Akinbami et al. (2010) used 12-month air pollution levels for criteria pollutants, 

                                                                                                                                                             

SIPs, including the SIP for PM2.5 Washington, DC-Maryland-Virginia non-attainment area and the SIP for 
ozone in the Houston, Texas metropolitan non-attainment area (American Forests, 2011b; MWCOG, 2008). 
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averaged over the years 2000 through 2004 and data drawn from the National Health Interview 

Study for children between the ages of 3 and 17 living in MSAs. The authors used a logistic 

regression model to assess the association between asthma outcomes and each pollutant 

separately. In these models, the authors controlled for asthma covariates, including age, sex, 

race/ethnicity, adult smoker in the household, single parent household, highest level of parental 

education, poverty status, and region of residence. The analysis concluded that children in 

counties with ozone, and to a lesser degree, PM levels in the highest quartile were more likely to 

have asthma currently or to have had an attack in the past 12 months, compared to children living 

in areas in the lowest quartile. 

Given the relationship between living in urban areas and the likelihood of having asthma, 

in addition to the relationship between air quality and asthma, it is reasonable to question 

whether UTC can affect the prevalence of asthma in an urban area.11 One study has attempted to 

make this connection. Looking at 42 health service catchment areas in New York City, Lovasi et 

al. (2008) compared data on the prevalence of asthma among children between the ages of 4 and 

5, and on hospitalizations for asthma among children under 15, with data on street tree density 

and found that an increase in street tree density of 1 standard deviation was associated with a 

29% lower prevalence of asthma, but that the association with hospitalizations was not 

significant. The authors controlled for several potential confounding variables: population 

density, percentage in poverty, percentage black, percentage Latino, and percentage near 

pollution sources (including toxic release inventory sites, stationary point sources, and major 

truck routes.  

                                                 

11 It is important to note that trees can also contribute to asthma prevalence in some cases, by producing pollen 
that irritates respiratory systems (Beggs and Bambrick, 2005). 
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In a review of Lovasi et al.’s assessment, Zandbergen (2009) noted that the Lovasi et al. 

study only used data on trees that are planted along streets (as identified by the New York City 

Parks and Recreation Department), and excluded all other trees (including trees in parks and 

open spaces where children are likely to play). Zandbergen argues that only using data on street 

trees presents a misleading picture of the effects of tree cover on local air quality. In addition, 

Zandbergen argues that the Lovasi et al. study fails to appropriately measure the proximity of 

children in study areas to pollution sources, citing several instances where data aggregation 

ignores key variabilities.  

3.2.5 Gaps in Literature Pertaining to the Relationship between UTC and Air Quality 

As shown above, there are many studies that have evaluated the relationship between 

UTC and air quality. These studies show that the relationship between trees in urban areas and 

air pollutant emissions and removal can be substantial and that increasing UTC can provide 

significant benefits to urban areas in general. In addition, there is a great deal of research being 

conducted that looks at specific cities and evaluates them for UTC and air pollution removal. For 

example, the non-profit American Forests has conducted approximately two-dozen urban 

ecosystem analyses for cities across the country (American Forests, 2010). These analyses 

provide estimates of total UTC across the city and use modeling tools to calculate the estimated 

air quality benefits of urban trees in each city (measured in terms of pollutants removed). 

However, in general these studies provide little inter-city comparison and are based on models 

that predict air quality outcomes based on a range of inputs.  

What is missing from the literature is a comprehensive analysis of observed data on air 

quality and UTC from multiple cities. Such an analysis would help improve understanding of the 
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benefits that can be achieved through UTC improvements by assessing whether observed data 

reflect the findings produced by models.  

3.3 Factors that Affect Crime 

The FBI cautions that it is simplistic and misleading to rank cities by crime rates alone 

and emphasizes the importance of considering the many factors that influence crime rates. 

Among the factors recognized by the FBI as contributing to criminal activity are the following 

(FBI, 2010a): 

• Degree of urbanization 

• Population density 

• Economic conditions, including median income, poverty level, and job availability 

• Family conditions (e.g., proportion of single-parent households) 

• Stability of the population, including the proportion of people who have moved recently  

• Variations in composition of the population (e.g., concentration of youth) 

• Climate.  

To reduce crime rates, policy makers and enforcement officials are constantly looking for 

opportunities to moderate the effects of the above factors on the tendency of individuals to 

commit crimes and on the potential for exposure for victims. As described below, increasing 

UTC in urban areas may present one such opportunity.  

3.4 Mechanisms by which UTC Reduces Crime 

The relationship between UTC and criminal activity is not well established in the 

literature. In the past, it was posited that UTC, especially trees in parks, contributed to increased 

crime by providing shelter for criminals and obstructing victims’ views. For example, in one 
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study spanning 180 urban parks in which individuals were asked to rate their sense of safety, 

individuals felt less safe in areas with more dense tree cover than areas that were more open 

(Schroeder and Anderson, 1984). 

However, a few studies have produced interesting results that suggest that UTC, and 

vegetation in general, can contribute to reductions in criminal activity in urban areas. In one of 

the most commonly cited studies on the issue, Kuo and Sullivan (2001) evaluated the 

relationship between vegetation cover and crime rates for 98 buildings in an inner-city 

neighborhood in Chicago, Illinois. The authors measured vegetative cover by taking aerial 

photographs of 220 spaces in the neighborhood and rating each photograph on a scale of 0 (no 

tree or grass cover) to 4 (full tree cover). Crime rates for the 98 buildings were determined based 

on data on violent and property crime incidents, as reported by the Chicago Police Department. 

The authors conducted a multiple regression analysis that controlled for the number of units in a 

given apartment building and the height of the building (both of which were identified as having 

high correlations with crime rates), and found that vegetation was significant and negative 

related to total crime (property and violent combined) and property crime, but not statistically 

related to violent crime. 

Lorenzo and Wims (2004) studied the relationship between the amount of vegetation 

present in an area and the level of property crime, focusing specifically on ten subdivisions in 

different census tracts within the city of Tallahassee, Florida. Crime reports were obtained from 

the local police department. Data on the amount of vegetation were obtained from measurements 

using color infrared aerial photography and incorporated into a Normalized Difference 

Vegetation Index. The authors were able to obtain crime data for time periods that coincided 

with their vegetation data collection (through aerial photography), enabling temporal 
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consistency. The authors used several socioeconomic control variables, including unemployment 

rate, median family income, total dwelling units, percent ownership (as opposed to renting), and 

total population.  

Pearson correlation analysis revealed that vegetation is strongly and negatively related to 

percent unemployment; and strongly and positively related to median family income, percent 

ownership, and total population. However, the authors report finding no significant relationship 

between crime activity and the socioeconomic control variables included in their models. Results 

of the simple regression (excluding control variables) indicate that vegetation was significantly 

and negatively related to the number of property crimes, and that vegetation accounts for 

approximately 16% of the variance in the frequency of property crimes reported. Results of the 

logistic regression (including control variables) indicate that the relationship between vegetation 

and crime is still strong and negative. The results of this model regression also indicate that the 

estimates on median family income and percent ownership are statistically significant. Other 

studies (e.g., Donovan and Prestemon, 2010) that have identified similar relationships contribute 

to the hypothesis that areas with more tree cover deter criminal activity because they serve as 

indicators of how well-protected and -monitored a community is.  

It is possible that UTC can also help mitigate criminal activity through indirect means by 

reducing temperatures in urban areas. As described above, trees can help reduce local 

temperatures. Several studies have identified a positive link between temperature and crime and 

aggression. For example, Field (1992) analyzed annual, quarterly, and monthly data on reported 

crimes in England and Wales and found a strong relationship between violent and property crime 

and temperature for the quarterly and monthly data. Temperature’s effect varied by type of 

crime, with the strongest (and positive) effect on sexual offenses  and other violent crimes, 
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compared to property crimes. The author found the relationship between temperature and one 

form of crime, robbery, to be insignificant. In addition, the author found that there was no 

significant relationship between sunshine and precipitation and crime. Field suggests that lower 

temperatures lead to reduced crime because people are less inclined to spend time outdoors in 

cooler temperatures, and are therefore less exposed to criminal activity.  

In another study, Anderson (1989) conducted a review of the findings of five previous 

analyses and found that in each one the relationship between temperature and aggressive 

behavior (including violent crime) was strong. The author noted that each of the five analyses he 

studied used a different model for evaluating the relationship between temperature and 

aggression, but each produced consistent results.  

3.4.1 Relationship between Parks and Crime 

Several studies have considered the relationship between park space (or proximity to park 

space) and criminal activity. For example, Trove and Grove (2008) assessed whether crime rates 

had a mediating effect on the premium paid through housing purchases for homes near parks in 

Baltimore, Maryland. The authors ran regressions that measured the effect on home sale price of 

park proximity, area-weighted robbery and rape rates for Census blocks encompassing parks, and 

an interaction term for the two variables of interest. Results indicate that park proximity is 

positively valued by the housing market when the combined robbery and crime rates remain 

below a certain threshold, but becomes negatively valued above that threshold. This threshold, 

depending on the model, occurs at between 406% and 484% of the national average for 

combined crime rates.  

26 



3.4.2 Relationship between UTC and Neighborhood Satisfaction 

Other studies have considered the relationship between UTC and neighborhood 

satisfaction, which can be an indicator of a number of community factors, including crime. Kuo 

and Sullivan (1998) explore the issue of how individuals’ natural environments relate to their 

tendency to establish neighborhood social ties. Specifically, the authors consider the relationship 

between the level of vegetation in common spaces to the development of neighborhood social 

ties, with the hypothesis that “greener” common spaces give rise to stronger neighborhood social 

ties. The study focused on a single public housing development in the Chicago area. The 

apartments rented by the residents of this development had direct access to common spaces with 

varying levels of vegetation. Through a survey, residents were asked to personally assess the 

“greenness” of the common space they had access to (among other secondary independent 

variables of similar nature) as well as their neighborhood social ties, both assessed using a five-

point Likert scale. Several regressions were run, varying independent variables and sub-

variables. The authors found a strong relationship between the “greenness” of common spaces 

and the likelihood of residents establishing neighborhood social ties. In addition, the authors 

found that “greenness” of common spaces has good explanatory value for the dependent variable 

of whether residents feel safe in their environment. The authors noted, however, the challenges 

of determining causation: they noted that the results could be interpreted that stronger 

neighborhood social ties could lead to greener common spaces if socially engaged people take 

action to improve the quality of their public spaces. One of the conclusions the authors draw is 

that the effects of common space “greenness” on neighborhood social ties is likely very 

dependent on specific conditions, such as the poverty of the subject area and racial diversity (as 

both of these factors could influence the likelihood of developing social ties). 
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Ellis et al. (2006) considered the relationship between retail land use and neighborhood 

satisfaction, accounting for moderating and mediating effects of trees and shrubs. The authors 

collected data on neighborhood satisfaction (an aggregate index variable containing data from 

responses to eight questions, including how safe the neighborhood feels) through mail-in surveys 

distributed to residents living in single-family housing units in suburban subdivisions near 

commercial strip development. The data were compared to tree and shrub cover obtained through 

satellite GIS imagery. The authors found a significant interactive relationship between the 

amount of trees and shrubs and retail land use, and the influence on neighborhood satisfaction. It 

was determined that an increase in nearby retail land use is related to a decrease in nearby trees 

and shrubs, but also that nearby trees and shrubs mediate the negative effects of retail land use on 

neighborhood satisfaction. 

3.4.3 Gaps in Literature Pertaining to the Relationship between UTC and Crime 

While numerous studies have evaluated the relationship between UTC and crime (or park 

space and crime), these studies have typically involved only small observation areas. To date, it 

appears that there have been no studies that have considered how the relationship between UTC 

and crime holds when compared using data from multiple cities.  

4. Analysis Plan and Conceptual Models  
This study involves two complementary analyses, each involving several ordinary least 

squares regression models. A primary analysis attempted to shed light on the question of whether 

there are meaningful relationships between UTC and measures of air quality and crime across 

U.S. cities. A secondary analysis looked within a single city to consider whether the relationships 

discerned at the city level hold true when comparisons are made across same-city neighborhoods.  
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The results of these analyses can improve understanding of how best to design UTC 

policies. For example, the results of the analyses may show that there is a stronger relationship 

between UTC and air quality and crime reduction at the neighborhood level, which would 

suggest that UTC projects should be tailored by neighborhood. On the other hand, if the results 

show that the relationship is stronger at the city level than the neighborhood level, there may be 

reason to believe that simply planting trees wherever it is cost-effective to do so is appropriate.  

It is important to note that relationships between UTC and air quality and crime that are 

found to be significant across neighborhoods in one city may not be significant, or may have 

very different effects, in another. As described below, the neighborhood-level component of this 

study is limited primarily to neighborhoods in one city, which is hardly a large enough sample 

from which we can draw broad conclusions. Nevertheless, the neighborhood-level analysis can 

provide meaningful insight into the differences and similarities between UTC and air quality and 

crime as one increases or decreases scale. 

4.1 Analytical Approach 

Several ordinary least squares (OLS) regression models are used. These models are 

described in Section 4.2. For each of these models, a primary OLS regression is run, as well as 

several alternative specifications to test for robustness. For example, for a model that looks at the 

relationship between UTC and air quality across U.S. cities, different models are run for 

alternative UTC variables (e.g., UTC as a percentage of total area and UTC per capita [m2]). 

More information on these sensitivity analyses is provided in Section 7 and Appendix B.  

4.1.1 Level of Analysis 

City-level (in the geo-political sense) data are typically not available for most of the 

variables of interest. Most U.S. Census-based data are collected for MSAs rather than for cities. 
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To analyze the relationships between UTC and air quality and crime at the city level across the 

nation, data are compiled at the MSA-level. Neighborhood-level data for the variables of interest 

are practically non-existent for most cities. However, data for New York City are available 

across 59 community districts. Data are also available for Washington, D.C. neighborhoods, but 

only for the District’s eight wards, meaning the data are at a much more aggregated level which 

likely limits the ability to illuminate very localized relationships. For this reason, relationships 

between UTC and air quality and crime at the neighborhood level are analyzed primarily for 

New York City community districts; the data from the Washington, D.C. wards are used for a 

supplemental regression analysis only. 

4.1.2 Dependent Variables of Interest 

Different models are run for the UTC-air quality and UTC-crime relationships. Each 

model includes its own set of control variables (some of these variables appear in both models). 

For consistency, an attempt is made to use the same control variables in the neighborhood-level 

models as the city-level models. However, how data are collected and reported for key variables 

may not be consistent between the neighborhood- and city-level models (e.g., crime reporting 

typically varies by jurisdiction and UTC measurement methods at the neighborhood level may 

not mirror the methods used for the nation as a whole). In addition, some city-level variables 

may not be appropriate at the neighborhood level, or may not vary greatly. For example, average 

wind speed, which can vary greatly from city to city, is unlikely to vary greatly across 

neighborhoods within a single city.  

It is also important to note that the models used to evaluate the UTC-air quality and UTC-

crime relationships consider these relationships in reduced form. That is to say, the models are 

not intended to analyze the mechanisms by which the policy variable influences the dependent 
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variables (e.g., the crime model does not consider how increasing UTC can improve community 

satisfaction levels, which in turn can lead to improved upkeep and reduced crime). For this 

reason, the conceptual models described below do not include such variables as community 

satisfaction and other variables that would be included if this study were not conducted in 

reduced form. 

4.2 Conceptual Models 

Several models are used to conduct the analyses described above. Ideally, these models 

would be based on a wealth of previous empirical analyses of the relationships between UTC and 

air quality and crime indicators across multiple cities and same-city neighborhoods. However, as 

noted in Section 3, there do not appear to be any such analyses described in the literature. As 

such, the models described in this section are based on the general relationships between 

variables identified in reviewed literature (e.g., the relationship between trees and ozone), rather 

than the applied relationships of interest in this study (e.g., the relationship between UTC and 

measures of ozone across cities or neighborhoods). Nevertheless, the literature does provide a 

sound basis for the inclusion of certain conceptual variables in the models, even if it does not 

identify suggested models that would suit these analyses. (Note: see Section 7 and Appendix B 

for more information on how these conceptual models are modified to test sensitivities.) 

Three models are used to attempt to answer the first question above, pertaining to the 

relationship between UTC and air quality and crime across multiple urban areas in the U.S. The 

level of analysis used for these models is the MSA, which is a U.S. Census Bureau-defined 

geographic entities that consist of one or more counties and contain a core urban area of 50,000 

or more people. Table 4.1 provides operational definitions of the conceptual variables included 

in these three city-level models. 
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Table 4.1. Definition of Key Variables Used in the Three City-Level Models.   
Conceptual Variable Actual Variable(s) 

Dependent Variables 

Air quality variables - Average of four highest observations for 1-hour ozone, 8-hour ozone, 24-hour PM2.5, and 
24-hour PM10 

- Estimated number of days in the year that the standards were exceeded (alternative for four 
highest observations) 

Asthma prevalence* Proportion of adult population that currently has asthma 
Crime rate variables Number of crimes per 100,000: 

- Total violent crime 
- Total property crime 
- Murder/manslaughter 
- Rape 
- Robbery 
- Assault 
- Burglary 
- Theft 
- Motor vehicle theft 

Independent Variables 

UTC variables** - UTC as a percentage of total area 
- UTC per capita (m2) (alternative for UTC%) 
- Greenspace as a percentage of total area 

Control Variables 

Population density People per square mile 
Wind Average wind speed 
Precipitation Average annual precipitation 
Cooling/heating degree 
days 

An indexed number that represents how warm a location is by measuring how many times the 65o 

threshold was exceeded (or missed, in the case of heating degree days) each day of the year.  
Temperature (alternative 
for CDDs) 

Average annual temperature 

Solo commuting Percentage of workforce that drives to work alone 
Poverty rate Percentage of population with income under the poverty threshold 
Median income 
(alternative for poverty) 

Median household income (logged) 

Unemployment 
(alternative for poverty) 

Unemployment rate 

Single parents Percentage of families with one parent only 
Vacancy rate Percentage of households that are vacant 
Population stability Percentage of population that is in the same house as last year 

* One key variable for which data are unavailable is asthma prevalence in children at the MSA (and ward) levels. The data 
are only available for adults (only adults are included in the CDC’s Behavioral Risk Factor Surveillance System, with the 
exception of a few states). The CDC surveys that do consider child asthma prevalence do not include information on the 
MSA in which the child lives. 
** Additional alternative variables are also used for UTC, including variables that consider impervious area and total 
greenspace. 
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4.2.1 Model 1: Relationship between Air Quality and UTC across U.S. Cities 

Model 1 is designed to evaluate the relationship between air quality variables and UTC 

across U.S. cities:  

•  Air Quality Variables = β0 + β1UTC + β2PopulationDensity + β3Wind + 
β4Precipitation + β5CoolingDegreeDays + β6SoloCommuting + β7PovertyRate + 
error 

Model 1 is run separately for four different dependent air quality variables. These 

variables include the average of the four highest observations for the following CAAA-defined 

criteria pollutants: 1-hour ozone, 8-hour ozone, 24-hour PM2.5, and 24-hour PM10. Alternative 

model specifications use the estimated number of days in the year that the NAAQS were 

exceeded. The alternative specifications are used to test the robustness of the primary regression 

results.  

As shown in the table, several UTC variables are used as the policy variable in the Model 

1 regressions. Based on the findings of previous studies, it is expected that each of these 

variables will have a negative effect on the dependent air quality variables (Cardelino and 

Chamedies, 1990; Luley and Bond, 2005; Nowak et al., 2000; Piety, 2007; Taha et al., 1997; and 

Taha, 2005). However, as noted in Section 3, the relationship between UTC and pollutant levels 

can be positive under certain conditions (Nowak, 2002).  

Population density is included in Model 1 because previous studies have found that more 

densely populated communities may be more prone to poorer air quality because of the 

concentration of pollution sources (Dwyer et al., 2010), and is therefore believed to have a 

negative effect on air quality variables.  

Climate variables are included in Model 1 because past studies have found that wind, 

precipitation, and temperature can affect air pollution levels. While wind and precipitation 

generally help to disperse and remove pollutants from the air, higher temperatures can contribute 
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to increases in pollution levels (e.g., higher temperatures contribute to increased ozone 

formation) (Nowak et al., 2000; Nowak et al., 2006; U.S. EPA, 2010c). The percentage of 

workers who commute to work alone is included in Model 1 as a proxy for roadway congestion 

and is believed to have a positive effect on pollution levels (McConnel et al., 2010). Poverty rate 

(the log of median income and unemployment rate are substituted for poverty rate in the 

robustness checks described in Section 7) is included because the literature suggests that 

individuals with higher incomes produce less pollution (looking primarily at personal vehicles, 

which are the major source of emissions at the individual level). Using data from California’s 

Random Roadside Emissions Testing program, which tested over 24,000 vehicles between 1997 

and 1999, Kahn and Schwartz (2004) found that because individuals with higher incomes are 

more likely to purchase newer, cleaner vehicles, they produce fewer emissions on a per-vehicle 

basis. Therefore, it is expected that poverty rate will have a positive effect on air pollution levels.  

4.2.2 Model 2: Relationship between Asthma Prevalence and UTC across U.S. Cities 

As described in Section 3, air pollution has been found to contribute to asthma 

prevalence. Model 2 is designed to evaluate the relationship between asthma prevalence and 

UTC across U.S. cities:  

• Asthma prevalence = β0 + β1UTC + β2PopulationDensity + β3Wind + β4Precipitation 
+ β5CoolingDegreeDays +β6SoloCommuting + β7PovertyRate + error 

Model 2 uses the proportion of the adult population in a city that currently has asthma as 

the dependent variable. Several UTC variables are used as the policy variable in the regressions. 

It is expected that each of these variables will have a negative effect on asthma prevalence. 

Although the relationship between UTC and asthma prevalence is not well characterized in the 

literature, at least one study (Lovasi et al., 2008) found a negative relationship between tree 

cover and asthma. The demographic, climate, and socioeconomic control variables used in this 
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model are same as for Model 1 because asthma prevalence is believed in large part to be 

positively related to the concentration of air pollution (Akinbami et al., 2010). These control 

variables are generally expected to have the same effect on asthma prevalence as on the air 

quality variables identified in Model 1. However, for some variables the effect may differ. For 

example, precipitation is predicted to have a negative effect on air pollution levels, which could 

lead to reduced asthma prevalence; however, increased precipitation could also lead to the 

production of asthma-inducing spores (Nowak et al., 2006).  

4.2.3 Model 3: Relationship between Crime and UTC across U.S. Cities 

Model 3 evaluates the relationship between crime and UTC across U.S. cities:  

• Crime Rate Variables = β0 + β1UTC + β2PopulationDensity + β3Wind + 
β4Precipitation + β5CoolingDegreeDays + β6PovertyRate + B7SingleParents + 
BB8VacancyRate +B9SameHouseLastYear + error 

The dependent variables used in the Model 3 regressions are total violent crime and total 

property crime (both measured and reported as the number of incidents per 100,000 people). 

Alternative model specifications use disaggregated crime rates. Rather than total violent crime, 

separate regressions are run using murder/manslaughter, rape, robbery, and assault. Rather than 

total property crime, separate regressions are run using burglary, theft, and motor vehicle theft. 

Several UTC variables are used as the policy variable in the regressions. Based on a review of 

the literature, it is expected that each of these variables will have a negative effect on crime rates 

(Kuo and Sullivan, 2001; Donovan and Prestemon, 2010). 

Climate variables are included in the model because past studies have identified a 

negative relationship between poorer weather conditions (i.e., lower temperatures and greater 

precipitation and wind) and criminal activity because individuals are more likely to stay in their 

homes (where they are safer) when the weather is bad (Field, 1992). Other studies suggest that 
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increased temperatures can contribute to increased criminal activity because individuals are more 

inclined towards behaving aggressively in warmer temperatures (Anderson, 1989).  

The demographic and socioeconomic variables identified in Model 3 are included 

because the FBI identifies them as factors contributing to criminal activity (FBI, 2010a). 

Population density, poverty rate (alternatively, the log of median income and unemployment 

rate), percentage of families with single-parents, and vacancy rate are all expected to have 

positive effects on crime rates, while the percentage of people living in the same home as the 

previous year (an indication of the population’s stability) is expected to have a negative effect on 

crime rates. 

4.2.4 Model 4: Relationship between Air Quality and UTC across Neighborhoods 

To complement the three city-level models described above, two neighborhood-level 

models are used to evaluate the relationships between UTC and air quality and crime across 

neighborhoods within cities. Specifically, these models are used to evaluate data from the 59 

community districts in New York City and eight wards that constitute Washington, D.C., these 

being the only cities for which neighborhood-level UTC data are available.  

Because ambient air pollutant levels do not vary greatly across neighborhoods in a city, 

there is no neighborhood-level counterpart to Model 1.12 Model 4, which mirrors the city-level 

Model 2, is designed to evaluate the relationship between asthma prevalence and UTC across 

neighborhoods:  

• Asthma prevalence = β0 + β1UTC + β2PopulationDensity + β3SoloCommuting + 
β4PovertyRate + β6DCDummyVariable + error 

                                                 

12 Neighborhood-level air pollution data are available for New York City. However, the measures are different 
from those used at the city level and thus cannot be compared. Regressions using these data are run as 
robustness checks. More information is provided in Section 7. 
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The only major difference between Model 4 and Model 2 is that the climate variables are 

omitted from Model 4. This is because data on precipitation, wind, and temperature are not 

available at the neighborhood level, which highlights the fact that these measures are unlikely to 

vary much across neighborhoods. In addition, no measure of green space as a percent of total 

area (an alternative to UTC) is available at the neighborhood level. 

4.2.5 Model 5: Relationship between Crime and UTC across Neighborhoods 

Model 5, which mirrors the city-level Model 3, is designed to evaluate the relationship 

between crime and UTC across neighborhoods:  

• Crime Rate Variables = β0 + β1UTC + β2PopulationDensity + β3PovertyRate + 
BB4SingleParents + B5VacancyRate + β6DCDummyVariable + error 

As with the city-level Model 3, the dependent variables that are used in the primary 

regressions are total violent crime and total property crime (again, measured and reported as the 

number of incidents per 100,000 people). Alternative model specifications use the disaggregated 

crime rates identified in Model 3. For the same reason as with Model 4, climate variables have 

been omitted from Model 5 and no measure of green space as a percent of total area is available. 

In addition, no data are available at the neighborhood level on the proportion of residents who 

remained in the same home from the previous year. 

5. Data Sources and Assemblage 
This section provides information on the sources of data for each variable described in 

Section 4. This section also includes an explanation of how data are assembled and manipulated 

as part of the overall analytical approach.  
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5.1 Data Sources 

This section provides information on the sources from which data on each of the 

variables included in the conceptual models are drawn. For most of these sources, data are 

available for several years (if not every year, dating back to an initial year). Because this study 

aims to improve understanding of the relationships between UTC and air quality and crime, it is 

important to select data from these sources in accordance with the causal chain inherent in the 

UTC air quality and crime relationships. For example, it would be nonsensical to select data 

from the year 2005 for crime and the year 2006 for UTC because the hypothesis is that the UTC 

already in existence has an effect on the propensity to commit crime today. For each model, the 

data source year for the independent variable pre-dates the data source year for the dependent 

variables. In addition, the data source years for the dependent variable controls (e.g., 

socioeconomic and demographic variables) also pre-date the data source years for the dependent 

variables themselves.  

In general, the dependent variable data are drawn from 2008 (the most recent year for 

which data are readily available for air quality and crime), while the independent variable data 

are drawn from a 2001 dataset (first published in 2007). The control variable data are drawn 

primarily from the 2000 Census and – in the case of the climate variables – from 30-year average 

values based on data from 1971 through 2000. Years for which data are selected from each of the 

sources are provided below. 

5.1.1 Data Sources for City-Level Models (Models 1-3) 

Data for the variables included in Models 1-3 are drawn from the following sources: 

• Urban Forest Database (U.S. Forest Service [USFS], Northern Research Station) – 

2001. This database is used to access information on the following variables: total UTC 
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area, UTC as proportion of total land area, UTC per capita, UTC as proportion of total 

green space, total green space, percentage green space, total impervious area, percentage 

impervious area, and impervious area per capita. To develop the Urban Forest Database, 

the USFS’s Northern Research Station combined land cover data from the National Land 

Cover Database (NLCD) and population and geographic data from the 1990 and 2000 

U.S. Census. The NLCD, which was developed by the U.S. Geological Survey and 

published in 2007, is based on high-resolution (30m) Landsat satellite imagery of tree 

canopy and impervious surfaces collected in 2001. Percentages of tree canopy and other 

data were overlaid onto U.S. Census boundaries to establish localized information, such 

as tree canopy cover per capita for specific U.S. Census units of analysis (e.g., counties 

and cities). Data files are available in Microsoft Excel format. Each county is entered 

singularly in 50 state-specific files. County-level data are aggregated to create MSA-level 

statistics. It is important to note that a 2009 evaluation of the dataset revealed a general 

underestimation of tree cover by approximately 10% (Nowak et al., 2010).  

• Behavioral Risk Factor Surveillance System (BRFSS) City and County Data (U.S. 

Center for Disease Control[CDC]) — 2008. This dataset is used to access information 

on the rate (proportion) of adults 18 years and over who self-report that they currently 

have asthma. BRFSS data are based on a nationally representative telephone survey of 

adults 18 and over, collected by MSA. The data are collected to help inform policies that 

address health risks, preventive health practices, and health care access. Data are 

collected by states individually and reported to the CDC. The CDC has a basic list of 

questions that states must ask residents. Adult asthma is a required question; childhood 
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asthma is not (however, some states ask about child asthma rates). The survey has been 

conducted annually since 1984.  

• Air Quality System Database (U.S. EPA) — 2008. This database is used to access 

information on the following variables: the average of the four highest observations for 1-

hour ozone, 8-hour ozone, 24-hour PM2.5, and 24-hour PM10 and the estimated number of 

days in the year that the standards were exceeded. The U.S. EPA monitors ambient 

concentrations of criteria and hazardous air pollutants from stations in cities across the 

country. The Air Quality System Database is updated nearly every day by state and local 

environmental agencies that operate the monitoring stations. Through the EPA AirData 

system, it is possible to access Air Quality System data for different periods (e.g., by 

month and year) for different air pollutants at the MSA level.  

• Crime in the USA (Federal Bureau of Investigation) — 2008. This database is used to 

collect information on the following variables: violent crime rate, property crime rate, 

and total crime rate. Law enforcement agencies across the countries report all known 

instances of criminal offense to the Federal Bureau of Investigation (FBI). The FBI 

consolidates this data in a database that provides information by locality and by type of 

offense. The information is collected and made available annually. Data are available in 

Microsoft Excel format for each MSA, broken down by type of crime. Four types of 

violent crime are specified, and three types of property crime.  

• 2000 Census (U.S. Census Bureau) — 2000. This dataset is used to access information 

on population density, population, proportion of population that drives to work alone, 

poverty rates, housing vacancy rates, median household income, and the number of 

single-parent homes. The Census is a decennial survey of the entire U.S. population that 
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is mandated by the Constitution. Prior to 2010, the decennial Census was last conducted 

in 2000.13 Data are collected primarily through a mail-in questionnaire that is sent to 

addresses around the country. Data are collected at numerous statistical levels, from the 

census block (smallest) to the state level. Data are available through the American Fact 

Finder tool maintained by the Census Bureau.  

• Local Area Unemployment Statistics (Bureau of Labor Statistics) — 2000. This 

dataset is used to access information on the number unemployed individuals as 

percentage of total work force. This dataset is compiled monthly by the U.S. Bureau of 

Labor Statistics. Data are based on a signal-plus-noise model projection14 at the state 

level, disaggregated to the local level. Data are published at the county and MSA levels.  

• U.S. Climate Normals Database (National Oceanic and Atmospheric 

Administration) – averaged from 1971-2000. This database is used to collect 

information on the following variables: cooling degree days (CDD), heating degree days 

(HDD), average wind speed, average temperature, and average precipitation. This 

database is maintained by the National Oceanic and Atmospheric Administration 

(NOAA). Data are collected hourly from stations around the country. Data are aggregated 

and averaged to produce “normals” for specific areas. These normals are provided for 

each month and for the entire year. The NOAA Normals Climatography includes normals 

based on data collected from 1971 through 2000. Normals stations include both National 

Weather Service Cooperative Network and Principal Observation locations in each of the 

                                                 

13 Data from the 2010 Census will be published in the Spring of 2011.  
14 A signal-plus-noise model involves two components: a “signal” that involves a time-series model of the true 
labor force and a “noise” effect that reflects autocorrelation in sampling error. This approach, which minimizes 
the effects of autocorrelation on model estimates, are standard in estimating employment and unemployment 
rates (BLS, 2009).  
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50 states. Most municipal jurisdictions have at least one normals station, although some 

have multiple stations.  

5.1.2 Data Sources for Neighborhood-Level Models (Models 4 and 5) 

New York City-specific data for the variables included in Models 4 and 5 are drawn from 

the following sources: 

• A Report on New York City’s Present and Possible Urban Tree Canopy (U.S. Forest 

Service) — 2002. This report, prepared by U.S. Forest Service staff for the New York 

City Department of Parks and Recreation, provides a summary of existing and possible 

UTC at city-, borough-, community district-, and neighborhood-level. The data used in 

the analysis were generated for the city’s Chief of Forestry and Horticulture between 

2001 and 2002 using color-infrared aerial imagery at 3-foot resolution. The authors 

attempted to fact-check the imagery data and found that in general, the geospatial data 

layers provided by the city slightly underestimated the actual existing UTC across the 

city. As such, the estimates in this report are conservative (Grove et al., 2006).  

• Community Health Survey (New York City Department of Health and Mental 

Hygiene) — 2009. The New York City Department of Health and Mental Hygiene 

collects data each year on a number of health indicators, including asthma prevalence. 

Data are collected by United Hospital Fund neighborhood level, of which there are 42. 

These neighborhood levels can be matched to associated community districts. Data are 

collected each year and datasets are available to the public for each year dating back to 

2002.  

• Community Air Survey (New York City Health Department and Queens College) – 

2009. The New York City Health Department and Queens College collaborated on a city-
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wide community air survey in 2009 that produced measurements of the average reading 

for several criteria pollutants throughout the summer season (NYC CAS, 2009). For the 

criteria pollutants of interest for this study, data are available for PM2.5 and ozone. Data 

are available at the community district level, so no data manipulation is necessary.  

• Crime Statistics (New York Police Department) — 2009. The New York Police 

Department tracks reported crimes at the precinct level. For the most part, precinct 

boundaries coincide with community district boundaries. Some community districts 

contain several precincts, while others are coterminous with one precinct. Statistics are 

provided for the following types of crimes: murder, rape, robbery, felony/assault, 

burglary, grand larceny, and grand larceny-auto. These crime types do not match exactly 

with the types defined by the FBI. However, due to their close proximity they can be 

matched.  

• 2000 Census (U.S. Census Bureau) — 2000. The New York City Department of City 

Planning provides access to 2000 Census data for several demographic and socio-

economic factors at the community district level. Census data reported on the Department 

of City Planning’s Web site are collected for the following variables: population, poverty 

rate, percentage of drivers who commute alone, percentage single-parent families, 

housing vacancy rate, and poverty rate. 

Washington, D.C.-specific data for the variables included in Models 4 and 5 are drawn 

from the following sources: 

• Urban Ecosystem Analysis for the Washington D.C. Metropolitan Area (American 

Forests) — 2002. This report is used to access information on UTC and UTC per capita 
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for each of Washington, D.C.’s eight wards. Data were collected using Landsat 

technology to evaluate tree cover percentages in 2002 (American Forests, 2002).  

• Profile of Health and Socioeconomic Indicators (DC Department of Health) — 2004. 

This dataset is used to collect information on asthma prevalence across the District. The 

Washington, D.C. Department of Health collects data on health care and health risks for 

populations of each of the District’s eight wards. The health data are based on 

information collected through the District-administered version of the national BRFSS in 

2004.  

• 2000 Census (U.S. Census Bureau) — 2000. The Washington, D.C. Office of Planning 

provides access to 2000 Census data for several demographic and socio-economic factors 

at the ward level. Census data reported on the Office of Planning’s Web site are collected 

for the following variables: population, poverty rate, percentage of drivers who commute 

alone, percentage single-parent families, housing vacancy rate, and poverty rate. 

• DC Crime Map (Washington, D.C. Metropolitan Police Department) — 2009. This 

dataset is used to collect information on violent and property crimes across the District. 

The Metropolitan Police Department provides information on crimes reported for each of 

the District’s eight wards. Data can be downloaded for specified periods of time, from 

January 2006 through November 2010. The data in the system omits crimes for which 

geographic coordinates are not available (estimated to be approximately 1% of all 

reported crimes). Data can be downloaded into Excel format. Crime data are available for 

six types of violent crime and five types of property crime.  
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5.2 Data Assemblage and Manipulation 

This section provides an overview of the procedures used to combine data from each 

source into a format that is conducive to running ordinary least squares regressions. As noted 

above, the city-level models look at the relationships between UTC and air quality and crime 

rates across MSAs. Data for a number of the control variables identified in previous sections and 

in the city-level models are obtained from the U.S. Census. Other variables for which MSA-level 

data are available include crime rates (from the FBI) and unemployment rates (from the BLS). 

Data from the U.S. EPA on air quality are not directly available at the MSA-level. Instead, the 

data are keyed to match with the MSA-level data. This is because EPA data includes MSA codes 

for each location and MSA codes are no longer used by the Census Bureau. It is therefore 

necessary to key the MSA codes to the currently used FIPS (Federal Information Processing 

Standard) codes for MSAs (and other statistical areas) to match the data.  

For the UTC data from the U.S. Forest Service, data are available at the county level 

only. The data are aggregated up to the MSA-level using Census MSA identification lists, which 

identify exactly which counties comprise specific MSAs. For the climate-related data from 

NOAA, data are available for weather monitoring stations only. Most large cities have such 

stations, so climate data for the largest cities within each MSA are hand-entered into the 

composite dataset. Data are aggregated and manipulated from the various reported levels into 

one composite dataset of 363 total observations at the city level. Table 5.1 provides an overview 

of this data assemblage and manipulation approach.  

At the neighborhood level, data are readily available for all 59 New York City 

community districts and all eight Washington, D.C. wards for each of the variables of interest. 

Little manipulation is necessary, with the exception of the crime rates in New York City (for 
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which it is necessary to aggregate up from 76 precincts) and asthma rates in New York City (for 

which it is necessary to aggregate up from 42 United Hospital Fund districts). 

 

Table 5.1. Manipulations to Data for City-Level Models 

Conceptual 
Variable 

Actual Dataset Variable Dataset Source Data Manipulation 

Dependent Variables 
Air quality 
variables 

- Number of days during the year when 
criteria pollutant standard was exceeded (for 
ozone and PM standards) 
- Average of the four highest readings for 
each standard over the course of the year 

Air Quality System 
Database (U.S. EPA) 

Data are available for 2008 for 
monitoring stations across the country. 
Data are keyed to MSAs indirectly by 
first matching the MSA codes in the 
dataset to the FIPS associated with 
each MSA.  

Asthma 
prevalence 

Rate (proportion) of adults 18 years and over 
self-reporting that they currently have asthma

Behavioral Risk Factor 
Surveillance System City 
and County Data (Center 
for Disease Control 
SMART Database) 

Data are available at the MSA level 
for 2008. No manipulation is 
necessary.  

Crime rate 
variables 

- Violent crimes per 100,000 residents 
(murder, rape, robbery, aggravated assault) 
 — Property crimes per 100,000 residents 
(burglary, larceny/theft, motor vehicle theft)
 — Total crimes per 100,000 residents 

Crime in the USA 
(Federal Bureau of 
Investigation) 

Data are available at the MSA level.  

Independent Variables 
UTC 
variables 

- UTC as a percentage of total area 
- UTC per capita (m2) (alternative for 
UTC%) 

 - Greenspace as a percentage of total area 

U.S. Forest Service Urban 
Forest Data (Northern 
Research Station, U.S. 
Forest Service, U.S. 
Department of 
Agriculture) 

Data are aggregated up from county 
level to MSA level. Data are from 
2007.  

Control Variables 
Climate 
variables 

- Average annual precipitation, temperature, 
HDDs, CDDs, wind speeds 
 

U.S. Climate Normals 
(National Oceanic and 
Atmospheric 
Administration) 

Data are available for weather stations. 
Weather station locations are keyed to 
MSAs based on the core urban area 
within the MSA (most of which have 
weather stations). Data are based on 
averages across 30 years.  For the 
wind variable, due to lack of data for 
many MSAs, values are obtained from 
nearby, in-state locations. 

Unemp. Annual unemployment rate Local Area 
Unemployment Statistics 
(Bureau of Labor 
Statistics) 

Data are available at the MSA level 
for 2000.  

Socio-
economic 
control 
variables 

Population, population density, solo 
commuters, poverty rate, median income 
(logged), single-parent families, vacancy rate, 
percentage of homeowners in the same house 
the previous year 

2000 Census (U.S. 
Census Bureau) 

Data are available for 2000 by FIPS. 
MSA level data are obtained by 
keying FIPS codes.  
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6. Dataset Statistics and Correlations 
This section explains preliminary findings based on an initial evaluation of the data, 

including a description of summary statistics for all variables and an assessment of correlations 

between key groups of variables.  

6.1 Summary Statistics 

To run the models described in previous sections, two datasets have been created. The 

first contains data for cities and the second contains data for neighborhoods in New York City 

and Washington, D.C..  

6.1.1 City-Level Data 

The city-level dataset contains 363 total observations.15 The mean value for UTC (tree 

canopy coverage as a percentage of total area) for this dataset is 31.23% (with a fairly large 

standard deviation of 20.91) and the mean value for UTC per capita (an alternative to UTC) is 

just over 6,070 m2 of tree cover per person (also with a large standard deviation). The mean value 

for the average of the four highest observations for the 24-hour PM10 standard (the air quality 

variable with the largest variation and one that has higher correlation with UTC) is 50.52 ug/m3 

(with a range of 0 to over 500 and a standard deviation of approximately 63 ug/m3). The other 

three air quality variables have fairly small mean values and standard deviations. The asthma 

prevalence rate across the country is estimated to be approximately 8.6% (with a small standard 

                                                 

15 Note that when UTC data is matched with the dependent variables of interest in each model series, the total 
number of observations decreases (due to lack of data for dependent variables for some cities). For example, 

47 



deviation) and the average violent and property crime rate (in number of incidents per 100,000 

people) is 414 and 3,373, respectively (both with large standard deviations).  

To investigate whether the observed similarities at the mean disguise underlying 

differences, the sample is split into sub-samples of cities with UTC lower than or equal to 

30.73%, which is the median value for the entire sample, and cities with UTC above the median. 

Halving the dataset according to UTC allows for an evaluation of whether cities with high UTC 

have decidedly different relationships between UTC and air quality/asthma and crime than do 

cities with lower UTC.  

Table 6.1 provides mean values and standard deviations for all variables for the full 

sample and for half-samples divided according to where a city falls with respect to the full 

sample median UTC percentage. As the table shows, it is difficult to identify clear relationships 

between UTC and air quality and crime indicators, looking only at the mean values. Looking at 

the crime variables, we see that some have higher means in the low-UTC sub-sample (e.g., total 

property crime and rape), while others have higher means in the high-UTC sub-sample (e.g., 

total violent property crime and murder/manslaughter). Looking at the air quality variables, we 

see that the average asthma prevalence rate is higher for cities with higher UTC, but the mean 

pollution indicators are all lower for the cities with higher UTC. These results suggest that 

important differences remain hidden at the city level, and that further disaggregation could help 

tease out clearer relationships.  

 

 

 

                                                                                                                                                             

the total number of observations in the model series for air quality, asthma, and crime rates are 213, 114, and 
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Table 6.1. Mean and Standard Deviation (in Parentheses) for City-Level Variables. 

Variable Full Sample (n=363) 
Cities with Lower UTC 

(n=182) 
Cities with Higher UTC 

(n=181) 
Land Cover Variables 

Percent UTC 31.23                    
(20.91) 

12.94                    
(8.44) 

49.63                    
(11.34) 

UTC Per Capita 6073.34                  
(7799.06) 

3437.39                  
(7213.99) 

8723.86                  
(7477.03) 

UTC Area (km2) 1652.22                  
(1856.68) 

857.29                   
(1037.47) 

2451.54                  
(2137.54) 

Percent Impervious Area 3.1                      
(2.65) 

3.13                     
(2.81) 

3.06                     
(2.48) 

Impervious Area Per Capita 372.85                   
(136.01) 

403.55                   
(147.89) 

341.98                   
(115.33) 

Impervious Area (km2) 182.26                   
(306.56) 

209.31                   
(351.19) 

155.06                   
(251.98) 

Crime Variables 

Total Violent Crime Rate 414                     
(200.41) 

409.49                   
(198.34) 

418.61                   
(203.03) 

Murder/Manslaughter Rate 4.5                      
(3.17) 

4.3                      
(2.97) 

4.72                     
(3.36) 

Rape Rate 33.41                    
(17.02) 

34.99                    
(19.3) 

31.79                    
(14.19) 

Robbery Rate 106.01                   
(69.79) 

100.64                  
(72.61) 

111.52                   
(66.55) 

Assault Rate 270.07                   
(150.92) 

269.57                   
(142.65) 

270.59                   
(159.39) 

Total Property Crime Rate 3373.05                  
(967.65) 

3393.85                  
(919.05) 

3351.74                 
(1017.51) 

Burglary Rate 782.24                   
(335.77) 

776.64                   
(311.7) 

787.98                   
(359.67) 

Theft Rate 2341.2                   
(639.57) 

2346.57                  
(647.2) 

2335.7                   
(633.63) 

Motor Vehicle Theft Rate 249.61                  
(156.66) 

270.64                   
(177.29) 

228.04                   
(129.26) 

Asthma and Air Quality Variables 
Percentage of Adult 
Population with Asthma 

8.59                     
(1.77) 

8.54                     
(1.78) 

8.65                     
(1.77) 

Number of Days when 1-
hour Ozone Standard was 
Exceeded 

0.5                     
(2.65) 

0.84                     
(3.58) 

0.11                     
(0.59) 

Average of Four Highest 
Observed 1-hour Ozone 
Readings 

0.08                     
(0.03) 

0.08                     
(0.04) 

0.08                     
(0.02) 

Average of Four Highest 
Observed 8-hour Ozone 
Readings 

0.07                     
(0.03) 

0.07                     
(0.03) 

0.07                     
(0.02) 

                                                                                                                                                             

223 respectively. See Section 7 for more information.  
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Table 6.1. Mean and Standard Deviation (in Parentheses) for City-Level Variables. 

Variable Full Sample (n=363) 
Cities with Lower UTC 

(n=182) 
Cities with Higher UTC 

(n=181) 
Number of Days when 8-
hour Ozone Standard was 
Exceeded 

5.03                     
(11.08) 

5.92                     
(14.14) 

4.03                     
(5.92) 

Average of Four Highest 
Observed 24-hour PM2.5 
Readings 

28.38                    
(15.52) 

28.64                    
(15.7) 

28.09                    
(15.38) 

98th Percentile Reading for 
24-hour PM2.5

29.13                    
(19.02) 

29.24                   
(16.2) 

29.01                    
(21.84) 

Average of Four Highest 
Observed 24-hour PM10 
Readings 

50.52                    
(63.08) 

63.02                    
(76.55) 

36.41                    
(38.88) 

Number of Days when 24-
hour PM10 Standard was 
Exceeded 

1.2                      
(11.72) 

2.12                     
(16.03) 

0.16                     
(1.06) 

Demographic Variables 

Population 872716                  
(2062520) 

938962.3                 
(1994722) 

802638                  
(2137972) 

Population Density (people 
per square mile) 

109                     
(156.33) 

114.21                   
(174.11) 

104                    
(136) 

Percentage of Households 
that are Single-Parent 

13.52                    
(2.13) 

13.48                    
(1.92) 

13.57                    
(2.34) 

Percentage of Population 
Living in the Same House as 
Previous Year 

93.1                     
(1.4) 

92.86                    
(1.27) 

93.36                    
(1.49) 

Percentage of Housing Units 
that are Vacant 

8.33                     
(4.32) 

7.39                     
(3.39) 

9.33                     
(4.94) 

Socio-economic Variables 
Percentage of Population in 
Poverty 

12.88                    
(4.4) 

12.82                    
(5.1) 

12.94                    
(3.52) 

Median Household Income 39419.71                 
(5861.16) 

40264.06                 
(5896.39) 

38526.51                 
(5712.8) 

Unemployment Rate 4.07                    
(1.63) 

4.23                     
(2.07) 

3.92                     
(1.01) 

Climate Variables 

Average CDDs 1369.59                  
(944.46) 

1411.41                  
(1057.37) 

1327.54                  
(816.16) 

Average Annual Wind Speed 8.94                     
(1.59) 

9.43                    
(1.6) 

8.44                     
(1.41) 

Average Annual 
Precipitation 

37.41                    
(14.49) 

29.55                    
(14.01) 

45.32                    
(9.97) 

Average Annual 
Temperature 

56.11                    
(8.61) 

55.43                    
(9.04) 

56.79                    
(8.14) 

Other Variables 
Percentage of Workers who 
Drive to Work Alone 

79.4                     
(4.22) 

78.97                    
(4.26) 

79.86                    
(4.14) 

Note: Not all variables identified in this table are included in the primary regression runs described in Section 7. Those 
not used in the primary regression runs are used in the sensitivity analyses. 
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6.1.2 Neighborhood-Level Data 

The neighborhood-level dataset contains 67 observations. Table 6.2 presents summary 

statistics at the neighborhood level for the 59 community districts in New York City and the 

eight Washington, D.C. wards. For comparison purposes, the means and standard deviations are 

reported for both cities combined, for New York City observations only, and for half-New York 

City samples (split according to the median UTC value of 17%).  

Comparing the New York City-only sample to the combined New York City-

Washington, D.C. sample, Table 6.2 shows that averages for UTC, UTC per capita, and total 

UTC acres for neighborhoods in New York City are comparatively lower than for the entire data 

set. The asthma rate does not appear to vary considerably between the combined New York City-

Washington, D.C. data set and the New York City-only data set, and the air quality variables are 

the same for the combined New York City-Washington, D.C. sample and the New York City-

only sample because these variables are not available for Washington, D.C. wards. There is a 

noticeable difference in the crime rates between the two data sets – for each type of crime, the 

mean rate for the New York City-only data set is considerably lower. This could likely be due to 

the different reporting practices of the respective police departments. The differences in 

measures for the variables of interest between the two cities highlight the appropriateness of 

running regressions with and without Washington, D.C. wards included to see if relationships 

between the variables change. 

The demographic and socioeconomic control variables are fairly comparable (likely 

because those people who choose to live in the two cities do so for similar reasons, e.g., style of 

life, job opportunity, inclination to urban living). Slight variation is noticeable for three control 

variables, with the New York City-only data set having a slightly higher mean population 

density, slightly lower median income, and lower poverty rate.  
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The lack of variation between the control variables in the sub-samples may suggest that 

UTC has a clearer effect on the variation in the dependent variables (for example, the noticeable 

difference between crime rates in the two cities). If there is significant variance between New 

York City community districts and Washington, D.C. wards in each control variable, it may be 

more difficult to identify a clear relationship between UTC and the dependent variables.  

Splitting the New York City data into two sub-sets according to the level of UTC shows 

us greater variation in the variables of interest as well as the control variables. Table 6.2 shows 

clear differences between the statistics for the high and low-UTC New York City samples, 

especially with regard to the crime rates (less so for the air quality variables). The burglary and 

grand larceny auto theft rates excepted, the crime rates are noticeably higher for low-UTC 

neighborhoods. We also see differences in the control variables, with higher median incomes and 

lower rates for vacancy, poverty, and single-parent households. This tells us that the more 

affluent neighborhoods in New York City have higher UTC. While it is tempting to draw a 

connection between the higher UTC in these areas and the noticeably lower crime rates, it is 

important to note that the neighborhoods with more affluent residents are likely to have better 

policing, which would deter criminal activity.  
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Table 6.2. Mean and Standard Deviation (in Parentheses) for Neighborhood-Level Variables. 

Variable 
Combined New York 
City and Washington, 

D.C.  (n = 67) 

New York City 
Only     (n = 59) 

New York City 
Low UTC (n=35) 

New York City High 
UTC  (n = 24) 

Land Cover Variables 

Percent UTC 18.76 
(9.04) 

18.07 
(8.22) 

12.6             
(4.25) 

26.04                
(5.63) 

UTC Per Capita (m2) 22.85 
(30.11) 

18.20  
(24.37) 

7.82             
(5.29) 

33.34                
(32.44) 

Total UTC Area (acres) 717.88 
(942.38) 

678.25  
(678.25) 

1820.33          
(1011.82) 

4635.85             
(3549.06) 

Air Quality/Asthma Variables 
Percentage of Population with 
Asthma 

11.77 
(3.61) 

12.15  
(3.60) 

13.31            
(3.51) 

10.45                
(3.06) 

Average Annual PM2.5 Reading  11.61 
(0.98) 

11.61  
(0.98) 

12.04            
(1.03) 

10.99                
(0.43) 

Average Annual Ozone Reading 24.55 
(2.49) 

24.55  
(2.49) 

23.68            
(2.68) 

25.82                
(1.44) 

Crime Variables 

Murder/Manslaughter 9.16 
(12.64) 

5.93 
(4.84) 

6.82             
(5.30) 

4.63                 
(3.8) 

Rape 21.68 
(24.07) 

14.76  
(8.73) 

17.52            
(8.95) 

10.72                
(6.7) 

Robbery 300.91 
(234.20) 

236.72  
(122.90) 

281.85           
(127.36) 

170.89               
(80.54) 

Assault 253.24 
(191.17) 

219.03  
(151.13) 

270.81           
(164.37) 

143.51               
(87.35) 

Burglary 329.35 
(294.40) 

284.23  
(274.13) 

284.06           
(163.33) 

284.48               
(387.38) 

Grand Larceny 893.62 
(1,276.67) 

583.21  
(831.46) 

770.54           
(1041.65) 

310.02              
(90.12) 

Grand Larceny Auto 226.63 
(314.44) 

130.47  
(50.26) 

124.74           
(53.64) 

138.83               
(44.65) 

Demographic Variables 

Population 132,475 
(46,124) 

140,816 
(42,739) 

128,804          
(42,769) 

158,335              
(36,909) 

Population Density (people per 
square mile) 

66.01 
(42.65) 

71.73  
(41.95) 

85.55            
(43.21) 

51.59                
(31.04) 

Percentage of Housing Units that 
are Vacant 

8.82 
(3.24) 

8.67  
(3.18) 

9.95             
(3.45) 

6.82                
(1.34) 

Percentage of Households that are 
Single-Parent 

14.27 
(10.01) 

12.85  
(8.44) 

14.08            
(9.96) 

11.06                
(5.21) 

Socio-economic Variables 

Median Household Income 53,772.57 
(24,205.22) 

51,448.17  
(22,464.18) 

49,514.17 
(27,103.14) 

54,268.58           
(13,140.57) 

Percentage of Population in 
Poverty 

17.36 
(10.42) 

16.97  
(10.65) 

20.22            
(11.95) 

12.23                
(5.93) 

Other Variables 
Percentage of Workers who 
Commute Alone 

24.47 
(14.77) 

22.44  
(14.22) 

15.4             
(9.22) 

32.71                
(14.11) 

Note: Not all variables identified in this table are included in the primary regression runs described in Section 7. Those not 
used in the primary regression runs are used in the sensitivity analyses. 
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6.2 Correlations between Key Groups of Variables 

The following tables present pairwise correlation coefficients for key groups of variables, 

which allows for an initial assessment of the relationship that regression runs may produce, 

ignoring the potential for confounding effects for the moment. The first two tables provide 

correlation coefficients for the three city-level models (correlation coefficients for Model 1 and 

Model 2 are combined), while the latter two tables provide coefficients for the two 

neighborhood-level models.  

6.2.1 City-Level Variable Correlations 

Table 6.3 shows pairwise correlations between variables in Model 1 and Model 2, which 

evaluate the effect of UTC and other control variables on air pollution measures and asthma 

prevalence at the city level, respectively.  

The table shows that the variables with the strongest correlations with air pollution 

variables include UTC (positive correlation for ozone and negative for PM10), population density 

(positive correlation for ozone), average wind speed (negative correlation for ozone and PM2.5), 

average precipitation (positive correlation for ozone and negative for PM10), and average number 

of HDDs (negative correlation for ozone). The table also shows that the variables with the 

strongest correlations with asthma prevalence appear to be average wind speed (positive 

correlation), UTC per capita (negative correlation), average number of CDDs (negative 

correlation), and percentage of workers who commute alone (positive correlation). The 

correlation between asthma prevalence and UTC is negative but not strong. 

We see that average number of CDDs, average number of HDDs, and temperature are all 

highly correlated (as would be expected), and moderately correlated with UTC in the case of 

average number of HDDs and temperature. In addition, median income and poverty rate are 
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highly correlated (negatively), as are population density and the percentage of workers who 

commute alone (also negatively). This high correlation between right-hand variables may reduce 

the efficacy of regression runs in terms of the ability to identify clear effects of UTC on the 

dependent variables of interest and implies that some of these highly correlated control variables 

should not be included in regression runs.  

Table 6.4 shows pairwise correlations between variables in Model 3, which considers the 

effect of UTC and other control variables on crime rates at the city level. The table shows that 

the variables with the strongest correlation with crime include temperature (positive correlation), 

poverty rate (positive correlation), and the percentage of families with only one parent (positive 

correlation). The table shows that UTC does not have a strong correlation with any type of crime. 

It is interesting that in the city-level crime model (and in the neighborhood-level crime model – 

see Table 6.6), UTC per capita generally has stronger correlations with variables of interest than 

does UTC, which contrasts with the other three models. As such, it may be appropriate to use 

UTC per capita as the primary independent variable, rather than UTC, for the crime model. It is 

possible that UTC per capita is a better predictor of crime in urban areas because it is likely a 

better measure of how well-maintained an area is (e.g., a lot of well-kept homes with yards), 

which has been proposed as a mitigating factor for criminal activity. As with the air quality and 

asthma prevalence correlation, there is a high correlation between several climate variables and 

socioeconomic variables. Because of this, some of these variables are omitted from the primary 

regressions described in Section 7 and used as alternative specifications to test for robustness. 
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Table 6.3. Correlation between Variables in Models 1 and 2. 

 
Asthma 

Prev. 
8-hr 

Ozone*
1-hr 

Ozone*
24-hr 
PM2.5

*
24-hour 
PM10

*
Percent 

UTC 
UTC Per 
Capita 

Pop. 
Density Wind Precip. HDD CDD Temp. Solo 

Comm.
Poverty 

Rate 
Median 
Income 

Asthma 
Prevalence 1  .00                

8-hr Ozone* 0.01 1.00               

1-hr Ozone* 0.04 0.98 1.00              

24-hr PM2.5
* 0.01 0.42 0.39 1.00             

24-hour 
PM10

* 0.02 0.19 0.15 0.27 1.00            

Percent 
UTC -0.04 0.31 0.35 0.12 -0.34 1.00           

UTC Per 
Capita -0.19 -0.14 -0.11 -0.15 -0.24 0.57 1.00          

Population 
Density 0.03 0.35 0.31 0.19 -0.06 0.03 -0.33 1.00         

Wind 0.21 -0.48 -0.5 -0.3 -0.18 -0.49 -0.36 -0.1 1.00        
Precip. -0.09 0.25 0.31 0.04 -0.46 0.72 0.29 0.05 -0.25 1.00       
HDD 0.17 -0.44 -0.45 0.1 -0.17 -0.3 -0.1 -0.12 0.58 -0.36 1.00      
CDD -0.1 0.14 0.16 -0.05 0.07 0.28 0.15 -0.02 -0.4 0.31 -0.71 1.00     
Temp. -0.19 0.24 0.26 -0.19 0.29 0.06 -0.02 -0.1 -0.31 0.29 -0.81 0.6 1.00    
Solo 
Commuter -0.1 0.14 0.16 -0.05 0.07 0.28 0.15 -0.02 -0.4 0.31 -0.71 1 0.6 1.00   

Poverty 
Rate 0.17 -0.27 -0.22 -0.09 -0.18 0.07 0.21 -0.54 0.28 0.24 0.24 -0.1 -0.07 -0.1 1.00  

Median 
Income -0.11 0.08 0.06 -0.08 0.24 0.14 0.26 -0.05 -0.33 0.1 -0.5 0.46 0.42 0.46 -0.11 1.00 

* Air quality variables represent the average of the four highest observations over the course of the year for that particular criteria pollutant. 
Note: Not all variables identified in this table are included in the primary regression runs described in Section 7. The correlations evaluations are intended to help determine which 
variables should be included in the primary regression models. Those not used in the primary regression runs are used in the sensitivity analyses. 
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Table 6.4. Correlation between Variables in Model 3. 
 Violent 

Crime 
Rate 

Property 
Crime 
Rate 

Percent 
UTC 

UTC Per 
Capita 

Pop. 
Density Wind Precip. HDD CDD Temp. 

Solo 
Comm.

Poverty 
Rate 

Median 
Income

Unemp.  
Rate 

Single-
Parent 

Families
Vacancy 

Rate 

Percent 
Same 
House 

Violent 
Crime 
Rate 

1  .00                 

Property 
Crime 
Rate 

0.55 1.00                

Percent 
UTC -0.05 -0.09 1.00               

UTC Per 
Capita -0.10 -0.02 0.59 1.00              

Pop. 
Density 0.11 -0.10 0.02 -0.25 1.00             

Wind -0.17 -0.11 -0.37 -0.21 -0.06 1.00            

Precip. 0.14 0.16 0.60 0.20 0.04 -0.21 1.00           

HDD -0.55 -0.48 -0.04 0.07 -0.08 0.46 -0.26 1.00          

CDD 0.48 0.48 -0.11 -0.12 -0.06 -0.19 0.24 -0.84 1.00         

Temp. 0.40 0.46 0.08 -0.04 -0.02 -0.37 0.28 -0.80 0.73 1.00        
Solo 
Comm. -0.02 0.07 0.10 0.06 -0.34 0.18 0.29 0.23 -0.09 -0.13 1.00       

Poverty 
Rate 0.34 0.41 -0.03 0.12 -0.10 -0.22 -0.04 -0.54 0.50 0.49 -0.31 1.00      

Median 
Income -0.15 -0.27 -0.11 -0.29 0.43 0.07 -0.12 0.28 -0.34 -0.30 -0.17 -0.69 1.00     

Unemp. 
Rate 0.18 0.19 -0.11 0.03 -0.04 -0.24 -0.29 -0.37 0.30 0.28 -0.26 0.61 -0.44 1.00    

Single-
Parent  0.57 0.53 0.06 0.09 -0.02 -0.20 0.08 -0.32 0.26 0.26 0.00 0.45 -0.26 0.22 1.00   

Vacancy 
Rate 0.12 0.12 0.17 0.13 -0.13 -0.05 0.23 -0.39 0.44 0.32 0.01 0.25 -0.34 0.32 -0.05 1.00  

Same 
House  -0.15 -0.19 0.29 0.12 0.17 0.08 0.10 0.37 -0.46 -0.29 0.06 0.06 -0.18 0.04 0.12 -0.27 1.00 

Note: Not all variables identified in this table are included in the primary regression runs described in Section 7. The correlations evaluations are intended to help determine which 
variables should be included in the primary regression models. Those not used in the primary regression runs are used in the sensitivity analyses. 
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6.2.2 Neighborhood-Level Variable Correlations 

Table 6.5 shows pairwise correlations between variables in Model 4, which considers the 

effect of UTC and other control variables on asthma prevalence at the neighborhood level. The 

table shows that the variables with the strongest relationship with asthma prevalence appear to be 

UTC (negative correlation) and the poverty rate (strong positive correlation). The table also 

highlights the strong positive correlation between population density and the percentage of 

drivers who commute to work alone. The table highlights the high correlation between asthma 

prevalence and poverty rate, which is consistent with the literature (e.g., Lovasi et al., 2008). 

Again, there is a high correlation between poverty rate and median income.  

Table 6.6 shows pairwise correlations between variables in Model 5, which considers the 

effect of UTC and other control variables on crime rates at the neighborhood level. As described 

in Section 4, the relationships between UTC and crime are evaluated for both the aggregate 

categories (e.g., total violent crime and total property crime) and for the disaggregated categories 

(only aggregate crime rates are shown in Table 6.6). The table shows that most types of crime 

are highly correlated with UTC (negatively), UTC per capita (negatively), poverty rate 

(positively), percentage of single-parent families (positively), and the vacancy rate (positively). 

The table also shows a very high correlation between the poverty rate, vacancy rate, and percent 

single-parent families control variables. These high correlations between explanatory variables 

suggest that it may be appropriate to run models with and without the variables and to compare 

the overall significance of the regression model results.  

The relationships between UTC and UTC per capita and air quality and crime seem to be 

stronger at the neighborhood level than at the city level. Acknowledging that the neighborhood-
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level data are limited in terms of number of observations, having stronger relationships at the 

sub-city level could have implications for how resources are allocated across a city. 

Table 6.5. Correlation between Variables in Model 4. 

 
Percent 

UTC 
UTC Per 
Capita 

Asthma 
Prevalence

Average 
O3  

Average 
PM2.5  

Population 
Density 

Solo 
Commuter 

Poverty 
Rate 

Median 
Income 

Percent UTC 1.00         
UTC Per 
Capita 0.71 1.00        

Asthma 
Prevalence -0.21 -0.07 1.00       

Average 
Summer O3  

0.58 0.47 -0.07 1.00      

Average 
Summer PM2.5 

-0.76 -0.47 0.09 -0.82 1.00     

Population 
Density -0.48 -0.57 0.05 -0.60 0.47 1.00    

Solo Commute 0.75 0.81 -0.06 0.67 -0.71 -0.69 1.00   

Poverty Rate -0.27 -0.38 0.54 -0.09 0.01 0.25 -0.37 1.00  

Med. Income -0.02 0.26 -0.34 -0.29 0.36 0.00 0.10 -0.84 1.00 
Note: Not all variables identified in this table are included in the primary regression runs described in Section 7. The 
correlations evaluations are intended to help determine which variables should be included in the primary regression 
models. Those not used in the primary regression runs are used in the sensitivity analyses. 
 

Table 6.6. Correlation between Variables in Model 5. 

 
Violent 
Crime  

Property 
Crime  

Percent 
UTC 

UTC Per 
Capita 

Pop. 
Density 

Solo 
Commute

Poverty 
Rate 

Median 
Income 

Single-
Parent 

Vacancy 
Rate 

Violent 
Crime  1.00          

Property 
Crime  0.64 1.00         

Percent 
UTC -0.16 -0.18 1.00        

UTC Per 
Capita -0.02 0.12 0.77 1.00       

Pop. 
Density -0.17 -0.30 -0.49 -0.59 1.00      

Solo 
Commute 0.05 0.08 0.73 0.77 -0.73 1.00     

Poverty 
Rate 0.60 0.00 -0.23 -0.28 0.18 -0.29 1.00    

Median 
Income -0.30 0.35 0.11 0.39 -0.11 0.17 -0.77 1.00   

Single-
Parent  0.77 0.15 0.10 0.04 -0.07 0.14 0.79 -0.59 1.00  

Vacancy 
Rate 0.42 0.39 -0.48 -0.27 0.31 -0.35 0.09 0.16 0.15 1.00 

Note: Not all variables identified in this table are included in the primary regression runs described in Section 7. The 
correlations evaluations are intended to help determine which variables should be included in the primary regression 
models. Those not used in the primary regression runs are used in the sensitivity analyses. 
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7. Results 
This section presents the results of the primary regression model runs as well as the 

results of regressions of alternative model specifications used to test the robustness of these 

results. Additional information on the alternative specifications tested is provided in Appendix B.  

7.1 Model 1: Relationship between Air Quality and UTC across 
U.S. Cities 

As noted in Section 3, there is a wealth of literature describing how trees can help remove 

air pollutants from the atmosphere. The first series of regressions is designed to help understand 

whether the relationships between UTC and measures of different air pollutants are statistically 

significant across many and how these relationships compare across different pollutants. As 

described in Section 3.2, UTC can have variable effects on air quality, depending on the type of 

pollutant measured. However, it is posited that UTC is negatively associated with concentrations 

of air pollutants in general.  

Table 7.1 shows the results of an OLS regression of urban tree cover (UTC) as a 

percentage of total area on four air quality variables, the highest four values over the course of 

the year for 24-hour PM (2.5 micrograms or less) (PM2.5), 24-hour PM (10 micrograms or less) 

(PM10), 8-hour ozone, and 1-hour ozone, using the full sample of city-level data (n = 213). The 

model R2 values are relatively consistent across the four models, with the PM10 model showing 

the highest R2 value at 0.38, meaning the model successfully predicts approximately 38% of the 

variability in the PM10 variable. Looking at the PM regression results, we see that the coefficient 

on the policy variable (UTC percentage) is not statistically significant; nor are the coefficients on 

the socioeconomic and demographic control variables (population density, poverty rate, and 

percentage of workers who commute to work alone).  
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The coefficients on the climate variables, on the other hand, are statistically significant. 

We see that annual average wind speed has the strongest (in terms of magnitude) and most 

significant relationship (negative) with PM measurements and is highly statistically significant 

for both PM measures (statistically significant at the less than 1% level). The other climate 

variables (precipitation and average number of CDDs) also have statistically significant negative 

coefficients (stronger for PM10). The statistically significant negative coefficients on the wind 

and precipitation variables seem to be consistent with the hypothesized relationships identified in 

the literature. Higher wind speeds help to disperse pollutants more effectively, so that areas with 

higher average annual wind speeds will have lower ambient pollutant measurements. Similarly, 

precipitation causes wet deposition of air pollutants, essentially flushing them from the 

atmosphere, so it is expected that areas with higher average annual precipitation will have lower 

pollution levels. The effect of CDD days (i.e., higher temperatures) is statistically significant for 

both PM variables, but is negative for PM2.5 and positive for PM10. The reasoning behind this 

effect is difficult to understand, as the literature does not include much information on the 

relationship between temperature and PM emissions. However, studies have shown that PM 

emissions from vehicles (a major source of the emissions) increase exponentially in cooler 

temperatures due to poorer conditions for efficient combustion (e.g., Nam et al., 2010). This 

would suggest that areas that have lower CDDs would have higher PM emissions, which 

supports the regression results of the PM2.5 model run, but not the PM10.  

Looking at the results of the ozone model regressions in Table 7.1, we see that the climate 

variables again have statistically significant coefficients, but unlike for the PM regressions we 

also see that UTC percentage, population density, and poverty rate all have statistically 

significant coefficients (all at the less than 5% level). The coefficients on ozone are noticeably 
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smaller than for PM, which may be due to the relatively small variability in the ozone variable 

observations. We see that the coefficients and statistical significance are nearly identical for 8-

hour and 1-hour ozone. The results of the regressions suggest that UTC percentage matters more 

for ozone measurements than for PM. Interestingly, the coefficient on UTC percentage for ozone 

is positive in both cases. While it was hypothesized that areas with higher tree cover would have 

lower ozone levels, the regression results are not inconsistent with the literature – several studies 

have noted that trees can contribute to ozone formation through the production of ozone 

precursors such as isoprene (e.g., Nowak, 2002). The positive sign on the CDD coefficient for 

the ozone variables is consistent with the literature, as areas with higher temperatures are more 

conducive to ozone formation at the surface level. The ozone model results also show that 

poverty rate has a statistically significant negative effect on ozone observations, which may 

reflect the fact that cities with lower poverty rates have more vehicles on the road (e.g., Glaeser 

et al., 2008), and higher usage of personal vehicles can contribute to higher ozone levels (e.g., 

Guldmann and Kim, 2001).  

Table 7.1 showed the results of regressions of UTC percentage on the four air quality 

variables using the full data set. To determine if there are specific differences between cities with 

higher and lower UTC, Table 7.2 shows the results of regressions of UTC percentage on the four 

air quality variables with the dataset halved according to UTC percentage. In general, the models 

that evaluate the relationship between UTC percentage and pollutant levels have higher R2 values 

for cities with lower UTC than cities with higher UTC, which indicates that the regressions help 

to explain a greater proportion of the variation for lower UTC cities than for high-UTC cities. 

Considering the policy variable, we see that the coefficient on UTC percentage is only 

significant (negatively) for PM2.5 in cities with high UTC. The coefficients on average wind 
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speed and CDD are generally statistically significant for most models (both PM and ozone), but 

not for the ozone models in cities with high-UTC. However, the coefficient on precipitation is 

statistically significant for more of the PM models than the ozone, which may reflect the fact that 

rain and other forms of precipitation are more effective at removing particulates from the air than 

gases. As noted in Table 7.1, poverty rate has a statistically significant coefficient for the ozone 

models. Here in Table 7.2, we notice that the coefficients are only statistically significant for 

cities with high UTC.  

Robustness Checks 

Alternative specifications are used to test the robustness of the regression results 

described in Tables 7.1 and 7.2. These alternative specifications include: substituting alternative 

measures for each pollutant (i.e., using the number of days over the course of the year that the 

pollutant standard is estimated to have been exceeded); substituting percent greenspace and UTC 

per capita for UTC as a percent of total area; substituting average annual temperature and 

average annual HDD for average annual CDD; and substituting median income (logged) and 

unemployment for poverty rate. 

Substituting the alternative pollutant measures does not have substantial effects on the 

significance of regression coefficients. However, the coefficients on UTC for ozone become 

insignificant when using the alternative pollutant measures, whereas they had initially been 

significant in the primary regression results. This is also true when percent greenspace (i.e., total 

surface area, minus impervious surfaces and water) and UTC per capita are substituted for UTC 

as a percent of total area. The statistical insignificance of both policy variables could be due to 

the fact that there is very little variation in the alternative pollutant measures (this is true for PM 

and ozone alike). A review of the frequency distributions for the alternative pollutant measures 
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reveals that for more than half of the sample for each measure, the observations have a value of 

zero.16 In addition, running the regressions with logged dependent variables produced less 

significant coefficients for when using both the full sample and the split city-level samples.  

With regard to the greenspace measure, the reduction in statistical significant of the 

policy variable when substituting greenspace for UTC is not inconsistent with the literature, as 

several studies have revealed that trees remove pollutants from the air at different (and typically 

higher) rates than other forms of vegetation (e.g., Yang et al., 2008). The results of this 

regression are not reported in the following tables.  

The alternative specification that substitutes unemployment for poverty rate (using the 

original air pollution measures) also reduces the significance of the UTC coefficients in the 

ozone models, but they still remain slightly significant. On the contrary, substituting median 

income (logged) for poverty (again, using the original air pollution measures) has the effect of 

increasing the significance of the UTC coefficient in the ozone models to a high level (significant 

at the less than 1% level) and the coefficient on median income is itself statistically significant in 

these models (significant at the less than 1% level) and in the PM10 model. This model 

specification also produces significant coefficients for nearly every variable, the only exception 

being the percentage of workers who commute alone. Table 7.3 presents the results of these 

regressions. In general, the results are consistent with the results of the primary regression model 

described in the previous section, which used poverty rate instead of median income, and the R2 

values for the results using this alternative specification are higher for all four pollutants.  

                                                 

16 In the case of 8-hour ozone and 24-hour PM10, more than 90% of the samples’ observations have values of 
zero.  
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In general, with each alternative specification, the coefficients in the PM models remain 

relatively consistent (compared to the ozone models). In addition, in each specification the 

climate variables remain highly statistically significant in general.  

When looking at the partial samples, split by UTC level, using the logged dependent 

variables produces statistically significant coefficients on both ozone measures for low-UTC 

cities (significant at the less than 1% level for 8-hour ozone and at approximately less than 1% 

for 1-hour ozone), whereas in the primary regression results these coefficients had been 

insignificant. Substituting the alternative pollutant measures has a minimal effect on coefficients. 

However, when using median income (logged) in place of poverty rate, the UTC variable 

coefficient in the 1-hour ozone model becomes significant for cities with high UTC; this is the 

only specification among the partial sample specifications using median income for which UTC 

has a significant coefficient (see Table B.2 in Appendix B). In the models that use UTC per 

capita in place of UTC as a percent of total area, the coefficient on UTC becomes slightly 

significant for 1-hour ozone in cities with high UTC (the UTC coefficients in the other three 

ozone models are very nearly significant). 
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Table 7.1. OLS Regression Results for City-Level Air Pollutant Models – Full Samples.  
Dependent Variables Variables 

PM2.5 PM10 8-Hour O3 1-Hour O3

Percent UTC -0.0395  
(0.0709) 

0.1439  
(0.2491) 

0.0003** 
 (0.0001) 

0.0004**  
(0.0001) 

Population Density 0.0087  
(0.0066) 

0.0171  
(0.0233) 

0.0000*** 
 (0.0000) 

0.000*** 
 (0.000) 

Average Annual Wind 
Speed 

-3.8935***  
(0.7066) 

-9.1468***  
(2.4827) 

-0.0044***  
(0.0012) 

-0.0054***  
(0.0014) 

Average Annual 
Precipitation 

-0.2003*  
(0.1021) 

-2.7746***  
(0.3588) 

-0.0003*  
(0.0002) 

-0.0004** 
 (0.0002) 

Average Annual CDD -0.0032**  
(0.0014) 

0.0273***  
(0.0048) 

0.0000**** 
 (0.0000) 

0.0000***  
(0.0000) 

Percentage of Workers 
who Commute Alone 

0.162  
(0.2788) 

0.7011 
 (0.9795) 

-0.0006  
(0.0005) 

-0.0006  
(0.0005) 

Poverty Rate 0.2516 
 (0.2743) 

-1.4178  
(0.9638) 

-0.0011**  
(0.0005) 

-0.0013** 
 (0.0005) 

Constant 59.8316** 
 (22.9802) 

152.2875*  
(80.7414) 

0.1543*** 
 (0.0389) 

0.1784***  
(0.0453) 

Sample size 213 213 213 213 
R-squared 0.1985 0.3823 0.2403 0.2638 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses).  
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Table 7.2. OLS Regression Results for City-Level Air Pollutant Models – Split Samples.  
Dependent Variable PM2.5 PM10 8-Hour O3 1-Hour O3

Variables Cities with 
Low UTC 

Cities with 
High UTC 

Cities with 
Low UTC 

Cities with 
High UTC 

Cities with 
Low UTC 

Cities with 
High UTC 

Cities with 
Low UTC 

Cities with 
High UTC 

Percent UTC 0.1367  
(0.256) 

-0.2268* 
(0.1323) 

-1.4064 
 (1.0323) 

0.1878 
 (0.3739) 

0.0003  
(0.0005) 

0.0002 
 (0.0002) 

0.0003 
 (0.0006) 

0.0002  
(0.0002) 

Population Density 0.0017  
(0.0085) 

0.0159 
 (0.0116) 

0.0043 
 (0.0343) 

0.0392 
 (0.0329) 

0.000 
 (0.000) 

0.000**  
(0.000) 

0.000** 
 (0.000) 

0.000*** 
 (0.000) 

Average Annual Wind 
Speed 

-4.3311*** 
(0.9998) 

-4.1278*** 
(1.1128) 

-12.9087*** 
(4.0314) 

-5.9253** 
(3.1437) 

-0.0073*** 
(0.0019) 

-0.0011  
(0.0015) 

-0.0085*** 
(0.0022) 

-0.0019 
 (0.0018) 

Average Annual 
Precipitation 

-0.1598  
(0.1364) 

-0.4422** 
(0.2048) 

-2.7385*** 
(0.5502) 

-1.9602*** 
(0.5787) 

0.000 
 (0.0003) 

-0.0004  
(0.0003) 

-0.0001 
 (0.0003) 

-0.0006** 
(0.0003) 

Average Annual CDD -0.0022 
 (0.0017) 

-0.0041* 
(0.0025) 

0.0295*** 
(0.007) 

0.0189*** 
(0.0069) 

0.000** 
 (0.000) 

0.000  
(0.000) 

0.000** 
 (0.000) 

0.000  
(0.000) 

Percentage of Workers 
Who Commute Alone 

0.4167  
(0.4235) 

0.0997  
(0.4013) 

0.9148  
(1.7076) 

0.8385 
 (1.1337) 

-0.0009  
(0.0008) 

0.0001 
 (0.0005) 

-0.001  
(0.0009) 

0.0001 
 (0.0006) 

Poverty Rate 0.3537  
(0.3627) 

0.5665  
(0.4625) 

-2.035 
 (1.4626) 

-1.0165 
 (1.3065) 

-0.0007  
(0.0007) 

-0.0016** 
(0.0006) 

-0.0008  
(0.0008) 

-0.002*** 
(0.0007) 

Constant 38.4362 
(33.7287) 

83.6422** 
(35.8532) 

191.7815 
(136.0048) 

81.662 
(101.2885) 

0.1951*** 
(0.0628) 

0.0959** 
(0.0473) 

0.2195*** 
(0.073) 

0.123** 
 (0.0566) 

Sample size 106 107 106 107 106 107 106 107 
R-squared 0.2435 0.2338 0.4419 0.1565 0.3202 0.1958 0.3351 0.2221 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
City-level UTC split at 25.49663 (median value).  
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Table 7.3. Alternative OLS Regression Results for City-Level Air Pollutant Models – Full Samples.  
Dependent Variables Variables 

PM2.5 PM10 8-Hour O3 1-Hour O3

Percent UTC -0.0215                      
(0.768) 

0.2055                       
(0.421) 

0.0004***                    
(0.001) 

0.0005***                    
(0.001) 

Population Density 0.0063                       
(0.364) 

0.01                        
(0.68) 

0.000**                      
(0.03) 

0.000***                     
(0.006) 

Average Annual Wind 
Speed 

-3.9279***                   
(0) 

-8.693***                    
(0.001) 

-0.004***                    
(0.001) 

-0.0049***                   
(0) 

Average Annual 
Precipitation 

-0.2218**                    
(0.031) 

-2.7843***                   
(0) 

-0.0003**                    
(0.046) 

-0.0005**                    
(0.017) 

Average Annual CDD -0.0023*                     
(0.08) 

0.0267***                    
(0) 

0.000***                     
(0.001) 

0.000***                     
(0) 

Percentage of Workers 
who Commute Alone 

0.1165                       
(0.669) 

1.2604                       
(0.187) 

-0.0001                     
(0.883) 

0.000                        
(0.982) 

Median Income 
(logged) 

4.8583                       
(0.543) 

46.678*                      
(0.096) 

0.051***                     
(0) 

0.0616***                    
(0) 

Constant 14.8047                      
(0.87) 

-408.0674                    
(0.198) 

-0.4419***                   
(0.003) 

-0.5404***                   
(0.002) 

Sample size 213 213 213 213 
R-squared .1967 .3842 .2739 .2998 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
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7.2 Model 2: Relationship between Asthma Prevalence and UTC 
across U.S. Cities 

As an alternative to the air quality model described above, which uses air pollutant 

dependent variables, we can also consider the relationship between UTC percentage and asthma 

prevalence, to which air pollutants directly contribute. Table 7.4 shows the results of a regression 

of UTC percentage on asthma prevalence for the full samples of city-level observations as well 

as half-samples split according to their UTC percentage. We see that the model using only cities 

with high UTC percentage is a better predictor of asthma prevalence than the other two (R2 of 

0.34). Looking at the full sample model regression results, we see that UTC percentage has a 

statistically significant positive effect (significant at the less than 5% level).  

The positive coefficient is consistent with the results in Tables 7.1 and 7.2, which 

indicated that tree cover is positively associated with higher levels of ozone, which contributes to 

asthma prevalence, and with the findings of past studies (e.g., Beggs and Bambrick, 2005). 

Average wind speed also has a statistically significant coefficient in the full sample model 

regression results: the positive effect reflects the fact that higher winds are likely to trigger more 

respiratory ailments. The negative coefficient on annual precipitation may reflect the fact that 

precipitation can help remove PM from the air through wet deposition. We also see that the 

percentage of drivers who drive to work alone has a statistically significant positive effect on 

asthma prevalence, which is consistent with the notion that more cars on the road means a larger 

percentage of the population that is exposed to vehicle emissions, which can contribute to 

asthma. Looking at the split sample regression results, we see that fewer coefficients are 

statistically significant. The primary exception is the coefficient on average wind speed for cities 
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with high UTC. In cities with high UTC, average annual wind speed has a highly statistically 

significant positive effect on asthma prevalence.  

For all three models, the coefficients are very small, which reflects the fact that there is 

very little variation in the asthma prevalence variable. Figure 1 illustrates this lack of variation.  

 

 

Figure 1. Frequency distribution of observed values for asthma prevalence at the city level, showing the mean 
value (8.6%), mean value minus on standard deviation (6.8%), and plus one standard deviation (10.3%).  

Robustness Checks 

Alternative specifications are used to test the robustness of the regression results 

described in Table 7.4. These alternative specifications include substituting percent greenspace 

UTC per capita for UTC as a percent of total area and substituting median income (logged) and 

unemployment for poverty rate. When substituting median income for poverty rate, very little 

changed except that the coefficient on the percent of workers who commute alone became 

statistically significant for the full sample and for cities with low UTC. When substituting 

unemployment for poverty rate, the coefficient on UTC remained significant for full sample but 
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also became slightly significant for cities with high UTC. As opposed to poverty rate, the 

coefficient on unemployment is significant for both the full sample and the cities with high UTC. 

Substituting percent greenspace and UTC per capita for UTC as a percent of total area produces 

a noticeable decrease in statistical significance for most coefficient in each model. Again, as 

noted in the air pollution model section, with regard to the greenspace measure, the reduction in 

statistical significance of the policy variable when substituting greenspace for UTC is not 

inconsistent with the literature, as several studies have revealed that trees remove pollutants from 

the air at different (and typically higher) rates than other forms of vegetation (e.g., Yang et al., 

2008). 
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Table 7.4. OLS Regression Results for City-Level Asthma Prevalence Models – Full and Split Samples. 
Dependent Variable Asthma Prevalence 
Variables Full Sample Cities with Low UTC Cities with High UTC 

Percent UTC 0.0003**  
(0.0001) 

0.0002 
 (0.0005) 

0.0004  
(0.0003) 

Population Density 0.000  
(0.000) 

0.000 
 (0.000) 

0.000 
(0.000) 

Average Annual Wind Speed 0.0031**  
(0.0012) 

0.0001 
 (0.0019) 

0.0048***  
(0.0018) 

Average Annual Precipitation -0.0004**  
(0.0002) 

-0.0003 
 (0.0003) 

-0.0005  
(0.0004) 

Average Annual CDD 0.000  
(0.000) 

0.000  
(0.000) 

0.000 
 (0.000) 

Percentage of Workers Who Drive 
Alone 

0.001* 
 (0.0005) 

0.0022* 
 (0.0009) 

0.0004  
(0.0007) 

Poverty Rate 0.0001  
(0.0005) 

-0.0002 
 (0.0007) 

0.0011 
 (0.001) 

Constant -0.0174  
(0.0409) 

-0.0862 
 (0.0674) 

0.0029  
(0.0586) 

Sample size 114 57 57 
R-squared 0.1568 0.1444 0.3355 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
City-level UTC split at 29.68441 (median value).  
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7.3 Model 3: Relationship between Crime and UTC across U.S. 
Cities 

As noted in Section 3, several studies have identified a negative relationship between 

UTC and criminal activity. Several regressions are run in an attempt to tease out the specifics of 

this relationship (e.g., whether the relationship between UTC and crime matters more for cities 

with more tree cover generally), if a general relationship can be identified.  

Table 7.5 shows the results of regressions of UTC percentage on total violent crime and 

property crime rates across cities. The table includes the results of regressions using both the full 

sample of observations and half-samples split according to UTC percentage. All six of the 

models shown in the table are good predictors of crime rates, with R2 values above 0.4. The 

model that is the best predictor of crime rate is the model of a regression of UTC percentage on 

violent crime rate in cities with high-UTC levels. The coefficient on UTC percentage is negative 

and statistically significant only for the regression of UTC percentage on property crime using 

the full model (statistically significant at the less than 5% level). Looking at the effects on 

violent crime rate, we see that the coefficient on UTC percentage is not statistically significant 

for the full or split samples. We see that in the full sample model, population density, average 

annual CDD, and percentage of single-parent families have statistically significant coefficients 

(all positive). The coefficient on population density is understandable, with the expectation that 

areas that are more crowded will have higher violent crime rates. The coefficient on CDD 

reflects the fact that more crimes are committed when temperatures are higher, because people 

spend more time outside of the home exposed to crime – this is consistent with the literature 

cited in Section 3.4 (e.g., Field, 1992; Anderson 1989). Looking at the split sample regression 

results for violent crime, we see that the coefficient on population density is only statistically 
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significant for cities with low UTC. We also see that the coefficient on percentage of single-

parent families is nearly double for cities with low UTC than for cities with high UTC.  

Looking at the property crime regression results for the full sample model, we see that 

UTC percentage has a statistically significant negative coefficient (significant at the less than 5% 

level). The fact that UTC percentage is only significant for property crime may reflect the fact 

that many violent crimes are premeditated, whereas many property crimes are committed when 

conditions are preferable. According to the literature, areas with higher tree cover are likely to 

have less crime because criminals are deterred from committing crimes in areas that appear well 

maintained, as areas with high tree cover are likely to appear. Consistent with the literature, areas 

with warmer temperatures tend to have higher property crime rates. Surprisingly, the regression 

results suggest that areas with more precipitation have higher crime rates, which seems to 

contradict the notion that more crimes are committed in better weather. As expected, poverty 

rate, percentage of single-parent families, and the percentage of homeowners who were in the 

same house the previous year all have strong statistically significant effects. It is interesting to 

note that for the percentage of homeowners living in the same house as last year, the coefficient 

is only statistically significant for property crime models (negatively) and not violent crime 

models, and is much stronger in cities with high UTC. Across all six models, the percentage of 

single-parent families has a highly statistically significant coefficient that is very large and 

positive, especially for the property crime models. This is consistent with the literature, which 

indicates that this variable can have a strong effect on the propensity to commit crimes.  

Robustness Checks 

Alternative specifications are used to test the robustness of the regression results 

described in Table 7.5. These alternative specifications include: substituting percent greenspace 
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and UTC per capita for UTC as a percent of total area and substituting median income (logged) 

and unemployment for poverty rate. Alternative specifications are also run using the 

disaggregated crime rates (i.e., the different types of crimes), rather that the aggregate total 

property and total violent crime rates, to see if certain types of crimes are more likely to be 

impacted by UTC.  

Looking at the full sample of city-level data, substituting UTC per capita for UTC 

changes the UTC coefficient to be insignificant for total property crime, whereas it had been 

significant in the primary regression model (the coefficient is still insignificant for total violent 

crime), while most other coefficients remain at the same level of significance. One reason why 

UTC per capita may not be as clearly related to property crime as UTC percentage is that UTC 

per capita as a measure can mask a lot of variation in a city, especially if the city has large parks 

with high tree cover. In a city with very high UTC per capita, there may still be sections of the 

city that have low tree cover and that may have high crime rates that skew the city-level data. 

Substituting percent greenspace for UTC produces less-significant coefficients for most variables 

in both the total violent crime and total property crime models, indicating that UTC likely has a 

unique effect different from other types of vegetative cover. This would be consistent with 

studies such as Donovan and Prestemon (2010) that suggest that the size of the vegetation 

matters as regards the crime deterrence effect, with larger trees having a stronger negative effect 

on criminal activity than smaller trees and other ground-level vegetation. As Donovan and 

Prestemon argue, larger trees offer less cover for criminals at the ground level (limbs are higher 

off the ground) than other vegetation. 

 While substituting median income (logged) for poverty produces almost no change, 

substituting unemployment for poverty rate causes the coefficient for UTC in the total property 
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crime model becomes slightly less significant than in the primary model (now nearly significant 

at the less than 5% level).  

Using the full sample of city-level data, but disaggregating the crime rates by type, the 

results (see Table 7.6) show that for violent crimes, climate variables matter most for robbery 

(wind, precipitation, and CDD all have coefficients significant the less than 1% level). This is 

intuitive and consistent with the literature, which suggests that crimes are more likely to occur 

when people spend time outside, as they are more likely to do during better climatic conditions. 

Looking at the property crimes, the UTC variable coefficient is significant only for burglary, 

even though the full sample of total property crime results showed a statistically significant 

coefficient on UTC, which suggest that the effect of UTC on burglary is driving the effect of 

UTC on total property crime.  

Running the disaggregated models with the UTC splits (i.e., high and low UTC cities), 

we see that the results do not change greatly from the full sample to the low-UTC sample (the 

coefficient on UTC remains marginally significant for burglary) (see Table B.7 in Appendix B). 

For cities with high UTC, there is similarly little difference except that UTC becomes 

statistically significant for robbery (see Table B.8 in Appendix B). 
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Table 7.5. OLS Regression Results for City-Level Crime Models – Full and Split Samples.  
Dependent Variables 

Violent Crime Property Crime 
Variables 

Full Sample Cities with Low 
UTC 

Cities with High 
UTC 

Full Sample Cities with Low 
UTC 

Cities with High 
UTC 

Percent UTC -0.8124  
(0.7447) 

1.0115  
(2.4249) 

-0.8664 
 (1.4773) 

-7.3917** 
 (3.5665) 

14.094 
 (11.6794) 

-4.7103 
 (7.2082) 

Population Density 0.1934*** 
 (0.0686) 

0.2139** 
 (0.0917) 

0.1424 
 (0.1079) 

-0.3154 
 (0.3284) 

-0.0147 
 (0.4415) 

-0.6189 
 (0.5263) 

Average Annual Wind 
Speed 

-1.8657  
(7.0677) 

1.8465 
 (9.9149) 

7.7674 
 (11.0537) 

23.1766 
 (33.8461) 

115.8228** 
 (47.7538) 

-52.9925 
 (53.9357) 

Average Annual 
Precipitation 

1.0796 
 (1.0173) 

0.0352  
(1.5636) 

-1.4113 
 (1.8534) 

14.8107*** 
 (4.8717) 

3.8543 
 (7.5311) 

19.58**  
(9.0434) 

Average Annual CDD 0.0633*** 
 (0.0178) 

0.0604**  
(0.023) 

0.1366***  
(0.0318) 

0.1715** 
 (0.085) 

0.2834**  
(0.1106) 

0.0706  
(0.1553) 

Poverty Rate -1.1113 
 (3.3011) 

-2.6193 
 (4.2947) 

3.7056 
 (5.6381) 

36.1777**  
(15.8086) 

33.7541 
 (20.6851) 

24.0838 
 (27.5107) 

Percentage of Families 
with Single Parents 

50.3659***  
(5.6102) 

60.6128*** 
 (8.4304) 

33.7015*** 
 (7.7277) 

196.0837*** 
(26.8666) 

195.5504*** 
(40.6041) 

196.1706*** 
(37.7068) 

Vacancy Rate 0.9851 
 (3.0762) 

-3.2675 
 (5.7222) 

2.1219 
 (3.7315) 

-10.8039  
(14.7316) 

-26.8758 
 (27.5604) 

-1.5216 
 (18.2076) 

Percent of 
Homeowners in Same 
House as Last Year 

-11.4304 
 (9.8977) 

-5.7048 
 (15.3141) 

-4.155 
 (13.6516) 

-102.2133** 
 (47.3988) 

-32.3257 
 (73.7583) 

-141.2531** 
 (66.6115) 

Constant 711.2458 
 (891.1973) 

66.5032 
 (1384.278) 

121.6676 
 (1225.981) 

9228.573** 
(4267.835) 

1898.934 
 (6667.211) 

13388.06** 
(5982.066) 

Sample size 223 112 111 223 112 111 

R-squared .4795 0.4777 0.5628 .4542 0.4303 0.5276 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
City-level UTC split at 30.67833 (median value). 
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Table 7.6. Alternative OLS Regression Results for City-Level Crime Models – Full Samples.  
Dependent Variables 

Violent Crime Property Crime 
Variables 

Murder/ 
Mansl. 

Assault Robbery Rape Burglary Theft Motor Vehicle Theft

Percent UTC -0.0196      
(0.0123) 

-0.4041        
(0.6335) 

-0.3491        
(0.221) 

-0.0398          
(0.0738) 

-2.9593**           
(1.1645) 

-4.0259             
(2.5832) 

-0.407              
(0.5866) 

Population Density 0.002*       
(0.0011) 

0.038          
(0.0583) 

0.1669***      
(0.0204) 

-0.0134**        
(0.0068) 

-0.178*             
(0.1072) 

-0.3641             
(0.2379) 

0.2267***           
(0.054) 

Average Annual Wind 
Speed 

-0.3807***   
(0.1169) 

3.702          
(6.0116) 

-6.4039***     
(2.0974) 

1.2153*         
(0.7003) 

-15.3816            
(11.0512) 

62.9843**           
(24.5146) 

-24.4252***         
(5.5668) 

Average Annual 
Precipitation 

0.0361**     
(0.0168) 

0.1905         
(0.8653) 

0.8494***      
(0.3019) 

0.0037          
(0.1008) 

5.9532***           
(1.5907) 

12.252***           
(3.5286) 

-3.3941***          
(0.8013) 

Average Annual CDD 0.0009***    
(0.0003) 

0.043***       
(0.0151) 

0.02***        
(0.0053) 

-0.0006          
(0.0018) 

0.039              
(0.0278) 

0.0902              
(0.0616) 

0.0423***           
(0.014) 

Poverty Rate -0.0715      
(0.0546) 

2.3839         
(2.8079) 

-3.3191***     
(0.9796) 

-0.1043          
(0.3271) 

3.7092              
(5.1617) 

31.8059***          
(11.4501) 

0.6639              
(2.6001) 

Percentage of Families 
with Single Parents 

0.7898***    
(0.0928) 

28.6381***     
(4.772) 

18.4782***     
(1.6649) 

2.4601***       
(0.5559) 

78.955***           
(8.7723) 

86.465***          
(19.4594) 

30.6636***          
(4.4189) 

Vacancy Rate 0.0427       
(0.0509) 

1.8132         
(2.6166) 

-0.8657        
(0.9129) 

-0.0038          
(0.3048) 

10.3049**           
(4.8101) 

-18.1774*           
(10.67) 

-2.9306             
(2.423) 

Percent of 
Homeowners in Same 
House as Last Year 

0.169        
(0.1636) 

-6.6717        
(8.4188) 

-2.9267        
(2.9372) 

-2.0023**        
(0.9806) 

-22.2251            
(15.4764) 

-65.2687*           
(34.3308) 

-14.7189*           
(7.7959) 

Constant -19.7561     
(14.7345) 

372.3068       
(758.0395) 

178.6479       
(264.4698) 

180.1754**      
(88.2984) 

1655.712            
(1393.506) 

6057.874*           
(3091.178) 

1514.923**          
(701.951) 

Sample size 223 223 223 223 223 223 223 

R-squared .4617 .3431 .6088 .1456 .4998 .3343 .4958 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
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7.4 Model 4: Relationship between Air Quality and UTC across 
Neighborhoods 

In considering whether the relationships between UTC and air quality are different at the 

neighborhood level compared to the city level, it is not possible to compare air pollution 

measures, as data on pollutants at the sub-city level are generally not available (however, a 

variation on the air pollution model regressions is presented in the robustness checks below). 

Data on asthma prevalence, on the other hand, are available at the sub-city level. Table 7.7 

presents the results of regressions of UTC percentage on asthma prevalence for the full city-level 

sample (as reported in Table 7.4), the combined New York City-Washington, D.C. sample, the 

New York City-only sample, and split samples with the New York City observations halved 

according to UTC percentage (as with the city-level regressions, these splits helped to determine 

whether the relationship between tree cover and asthma prevalence is statistically different for 

neighborhoods with low and high UTC percentage). Because there is virtually no variation in 

climate variables across neighborhoods in a city, no data are available for average wind speed, 

precipitation, and CDDs at the neighborhood level.  

In contrast to the coefficient on UTC in the full city-level sample, we see that the 

coefficient on UTC is negative and statistically significant at the less than 5% level for the 

sample that includes all New York City neighborhoods. This is consistent with the study 

conducted by Lovasi et al. (2008), which found a statistically significant negative relationship 

between tree cover and asthma prevalence, although the Lovasi et al. study looked only at street 

tree density and asthma prevalence in early childhood. We also see that the coefficient on 

poverty rate is positive and statistically significant for all four neighborhood samples and the 

coefficient on percentage of workers who commute alone is positive and statistically significant 
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(both positive) for the sample that includes all New York City neighborhoods and the New York 

City high-UTC sample.  

Robustness Checks 

Alternative specifications are used to test the robustness of the regression results 

described in Table 7.7. These alternative specifications include using average ozone and PM2.5 

readings in place of local asthma prevalence rates. Average ozone and PM2.5 readings for the 

summer of 2009 are available for New York City neighborhoods. Substituting these dependent 

variables into the neighborhood models for asthma caused the coefficients on UTC for four of 

the models to become significant (highly significant in the case of PM2.5 – at the less than 1% 

level – in all neighborhoods and ones with low UTC). Overall the model for PM2.5 in 

neighborhoods with low UTC predicts approximately 80% of all variation in PM2.5 across 

neighborhoods. The statistically significant negative relationship between UTC and PM2.5 differs 

from the relationship between UTC and ozone, which is statistically significant and positive at 

the less than 5% level for the low-UTC New York City sample. This discrepancy between the 

UTC-ozone and UTC-PM relationships appears to be consistent with the city-level results 

described in Section 7.1. Table 7.8 below presents the results of these regressions.  
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Table 7.7. OLS Regression Results for Neighborhood-Level Asthma Prevalence Models – Full and Split Samples.  
Dependent Variable Asthma Prevalence 

Variables Full City-Level Sample Combined New York City 
and Washington DC New York City Only New York City – Low 

UTC 
New York City – High 

UTC 

Percent UTC 0.0003**  
(0.0001) 

-0.0814 
 (0.0648) 

-0.1655**               
(0.024) 

-0.0954 
 (0.1724) 

0.008 
 (0.1152) 

Population Density 0.000 
 (0.000) 

0.0065 
 (0.0137) 

0.0045                 
(0.728) 

0.0045 
 (0.0134) 

-0.0128 
 (0.0378) 

Average Annual Wind 
Speed 

0.0031** 
 (0.0012) - - - - 

Average Annual 
Precipitation 

-0.0004** 
 (0.0002) - - - - 

Average Annual CDD 0.000 
 (0.000) - - - - 

Percentage of Workers 
Who Commute Alone 

0.001* 
 (0.0005) 

0.0414  
(0.0512) 

0.1219**               
(0.021) 

0.093 
 (0.0777) 

0.1598* 
 (0.0931) 

Poverty Rate 0.0001  
(0.0005) 

0.158*** 
 (0.0402) 

0.2041***              
(0.000) 

0.179*** 
 (0.0467) 

0.3698*** 
 (0.1002) 

Constant -0.0174 
 (0.0409) 

9.1154*** 
 (2.0655) 

8.6186***              
(0.000) 

9.1054*** 
 (2.2303) 

1.3918 
 (5.6367) 

Sample size 114 67 59 30 29 
R-squared 0.1568 0.2404 .3777 0.4119 0.3800 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
New York City UTC split at 17 (median value).  
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Table 7.8. Alternative OLS Regression Results for Neighborhood-Level Air Quality Models –New York City Split Samples.  
Dependent Variable Average Summer O3 Reading Average Summer PM2.5 Reading 

Variables New York City Only New York City – Low 
UTC 

New York City – 
High UTC New York City Only New York City – Low 

UTC 
New York City – 

High UTC 

Percent UTC 0.0574              
(0.0424) 

0.2479**            
(0.1103) 

-0.007              
(0.0497) 

-0.0611***          
(0.0137) 

-0.1574***          
(0.031) 

-0.0221*            
(0.0125) 

Population Density -0.0159**           
(0.0076) 

-0.0156*            
(0.0086) 

-0.0234             
(0.0163) 

-0.0002             
(0.0025) 

0.0001              
(0.0024) 

0.0024              
(0.0041) 

Percentage of Workers 
Who Commute Alone 

0.0729**            
(0.0305) 

0.1202**            
(0.0497) 

0.0022              
(0.0402) 

-0.03***           
(0.0099) 

-0.0393***          
(0.014) 

-0.002              
(0.0101) 

Poverty Rate 0.0438*             
(0.0233) 

0.0156              
(0.0298) 

-0.0436             
(0.0433) 

-0.0265***          
(0.0076) 

-0.0174**           
(0.0084) 

0.0239**            
(0.0109) 

Constant 22.2726*            
(1.1701) 

19.9645***          
(1.4264) 

27.6231***          
(2.4327) 

13.8483***          
(0.3793) 

14.878***           
(0.4011) 

11.2067***          
(0.6127) 

Sample size 59 30 29 59 30 29 

R-squared .5368 .6311 .4125 .6874 .7962 .6018 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
New York City UTC split at 17 (median value).  
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7.5 Model 5: Relationship between Crime and UTC across 
Neighborhoods 

To evaluate whether the relationship between UTC percentage and criminal activity is 

different at the neighborhood level than the city-level, Table 7.9 presents the results of 

regressions of UTC percentage on violent and property crime rates for the full city-level sample 

(as reported in Table 7.5), the combined New York City-Washington, D.C. sample, the New 

York City-only sample, and split samples with the New York City observations halved according 

to UTC percentage. We see that the neighborhood-level models appear to be much better 

predictors of variation in violent crime rates than for property crime rates, with the R2 values for 

the violent crime models all near 0.80. Looking at the violent crime rate model regression results, 

we see that UTC percentage has a statistically significant negative coefficient for the combined 

New York City-Washington, D.C. , the New York City-only, and the high UTC New York City 

samples, compared to the full city-level sample for which UTC percentage did not have a 

statistically significant coefficient. The coefficients for UTC percentage in the combined New 

York City-Washington, D.C., the New York City-only, and high-UTC New York City samples 

suggest that UTC percentage is second only to the percentage of families with single parents in 

terms of the magnitude of the effect on violent crime rates. In contrast with the city-level sample, 

we see that population density has a statistically significant negative coefficient for the combined 

New York City-Washington, D.C., the New York City-only, and the low-UTC New York City 

samples.  

Looking at the coefficients on poverty rate, percentage of single-parent families, and 

vacancy rate control variables, we see considerable differences between the low-UTC New York 

City and high-UTC New York City samples. With the exception of the low-UTC New York City 
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sample, it seems clear that the percentage of single-parent families has the strongest effect on 

violent crime rates at the city level and neighborhood level, a finding that is consistent with 

several studies on the factors that affect crime (e.g., Wong, 2007; Antecol and Bedard, 2007).  

Looking at the property crime rate model regression results, we see that UTC percentage 

has a statistically significant negative coefficient for the combined New York City-Washington, 

D.C., the New York City-only, and the low-UTC New York City samples, which is consistent 

with the results from the full city-level sample regression results. The coefficients for property 

crime are noticeably larger than for violent crime in each sample, which reflects the larger 

variation in the property crime rate variable than for the violent crime rate variable (the standard 

deviations for each of the three property crime rates are higher than the standard deviations for 

each of the four violent crime rates).  

In contrast with the city-level sample, we see that population density has a statistically 

significant negative relationship with property crime for the combined New York City-

Washington, D.C., the New York City-only, and the low-UTC New York City samples. 

Surprisingly, the coefficient on poverty rate is statistically significant but negative in the high-

UTC model, which is inconsistent with the full city-level sample results – however, this may 

reflect the fact that neighborhoods with lower poverty rates generally have higher income 

households, which are typically more tempting for property criminals. It is also interesting that 

for all three neighborhood-level models, the percentage of families with single parents does not 

have a statistically significant coefficient; this is surprising given the fact that this variable 

seemed to have the strongest effect on crime rates at the city-level. Additionally, we see that the 

vacancy rate coefficients for the combined New York City-Washington, D.C., the New York 

City-only, and the low-UTC New York City samples are statistically significant, positive, and 
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large, which is more consistent with the literature than the result of the full city-level sample 

regression.  

Interestingly, looking at violent crime, the coefficient on population density changes sign 

when switching from the full city-level sample to the neighborhood-level samples. It makes 

sense that more dense areas have higher crime rates because there are more opportunities to 

commit crimes.  

In general, the coefficient signs are consistent across the city-level and neighborhood-

level results for UTC percentage and percentage of single-parent families. The coefficient signs 

seem inconsistent for poverty rate and vacancy rate. On poverty rate, the coefficient for violent 

crime across all cities is negative but insignificant and the coefficient for property crime in New 

York City neighborhoods with high UTC is negative but significant (however, the F-statistic on 

this particular model regression run is very low, below 1). On vacancy rate, the coefficient for 

property crime across all cities is negative, but insignificant, while the coefficients for the 

neighborhood-level samples are all positive (and significant for the combined New York City-

Washington, D.C., the New York City-only, and the low UTC New York City samples).  

Robustness Checks 

Alternative specifications are used to test the robustness of the regression results 

described in Table 7.9. These alternative specifications include using the disaggregated crime 

rates (i.e., the different types of crimes), rather that the aggregate total property and total violent 

crime rates, to see if certain types of crimes are more likely to be impacted by UTC. Alternative 

specifications are also run using UTC per capita as a substitute for UTC percentage.  

Table 7.10 presents the results of these alternative specification regressions using the 

combined New York City-Washington, D.C. sample (the results using the low-UTC New York 
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City sample and the high-UTC New York City sample can be found in Table B.9 and B.10 in 

Appendix B). In general, the results of the regressions for the combined New York City-

Washington, D.C. and split samples show that the types of crimes that are likely to be affected by 

UTC include robbery, burglary, and theft (including motor vehicle theft). Crimes such as murder 

and manslaughter, assault, and rape are less likely to be affected by UTC. This seems intuitive 

because violent crimes such as murder and manslaughter, assault, and rape are more likely to be 

premeditated, whereas the other crimes are likely to be more opportunistic (i.e., they are more 

likely to occur when conditions are suitable). The literature described earlier notes that trees are 

believed to help reduce crime by suggesting to potential criminals that neighborhoods are better 

maintained and therefore more likely to be policed (e.g., Donovan and Prestemon, 2010). As 

such, it seems to make sense that crimes that involve an assessment of the suitability of 

conditions and the probably of arrest would be more likely to be affected by tree cover. 

Consistent with the primary regression results, population density and the percentage of single-

parent families appear to be key determinants of crime rates of all types.  

An additional series of regressions using the New York City-only sample rather than the 

combined New York City-Washington, D.C. sample produces similar results: nearly all 

coefficients have the same level of significance and all significant coefficients have the same 

sign. Interestingly, nearly every statistically significant coefficient in the results from the New 

York City-only sample regressions is smaller in magnitude than the statistically significant 

coefficients in the results from the combined sample. This could be due to the fact that because 

Washington, D.C. data are only available for eight wards, which results in a greater degree of 

variability (in fact, a review of the standard deviations for the seven crime variables across the 

eight wards reveals that with the exception of murder/manslaughter and rape, the standard 
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deviations are very large). The differences in variation in crime rates across the two cities was 

addressed in Section 6.1.2. 

When substituting UTC per capita for UTC percentage with the disaggregated crime rates 

(by type of crime), the coefficient on the policy variable is statistically significant in five of the 

model runs; for four of these, the coefficient on the policy variable is statistically significant 

using UTC percentage (for the high-UTC model using robbery, the coefficient on UTC per 

capita is significant, but is not for UTC percentage). However, for another four models the 

coefficient on the policy variable became insignificant when UTC per capita is substituted for 

UTC percentage. As noted in the section on crime rates at the city-level, the UTC per capita may 

mask substantial variation at the very local level, which may complicate the relationship between 

UTC per capita. For instance, in a neighborhood with high UTC per capita, the tree cover may be 

highly concentrated in a single area.  
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Table 7.9. OLS Regression Results for Neighborhood-Level Crime Models – Full and Split Samples.  
Dependent Variable Violent Crime Property Crime 

Variables 
Full City-

Level 
Sample 

Combined 
New York 
City and 

Washington 
DC 

New York 
City Only 

New York 
City – Low 

UTC 

New York 
City – High 

UTC 

Full City-
Level 

Sample 

Combined 
New York 
City and 

Washington 
DC 

New York 
City Only 

New York 
City – Low 

UTC 

New York 
City – High 

UTC# 

Percent UTC -0.8124  
(0.7447) 

-11.2311** 
(4.4353) 

-6.1017*    
(0.065) 

-5.1492  
(8.1645) 

-10.1193** 
(4.4348) 

-7.3917** 
(3.5665) 

-57.0766** 
(26.8688) 

-43.9987**  
(0.016) 

-171.4227*** 
(48.2203) 

-9.1383 
(15.4585) 

Population Density 0.1934*** 
(0.0686) 

-3.4427*** 
(0.7531) 

-1.8351***  
(0.000) 

-1.909*** 
(0.5785) 

-0.8863 
 (0.9137) 

-0.3154 
 (0.3284) 

-19.7604*** 
(4.5622) 

-8.8143***  
(0.002) 

-9.9592*** 
(3.4169) 

-0.8006 
 (3.1851) 

Average Annual Wind 
Speed 

-1.8657  
(7.0677) - - - - 23.1766 

(33.8461) - - - - 

Average Annual 
Precipitation 

1.0796 
 (1.0173) - - - - 14.8107*** 

(4.8717) - - - - 

Average Annual CDD 0.0633*** 
(0.0178) - - - - 0.1715** 

 (0.085) - - - - 

Poverty Rate -1.1113 
 (3.3011) 

1.9088 
 (5.4571) 

10.6932***  
(0.008) 

24.1375*** 
(5.7463) 

-3.9435  
(5.0013) 

36.1777** 
(15.8086) 

-30.5383 
(33.0587) 

-6.8351     
(0.746) 

11.1273 
(33.9382) 

-30.0305** 
(17.4332) 

Percentage of Families 
with Single Parents 

50.3659*** 
(5.6102) 

30.2188*** 
(5.6859) 

14.1386***  
(0.003) 

-1.353 
 (7.0031) 

30.074*** 
(5.4093) 

196.0837*** 
(26.8666) 

38.6517 
(34.4444) 

-16.339     
(0.51) 

-25.8289 
(41.3611) 

31.042  
(18.8555) 

Vacancy Rate 0.9851  
(3.0762) 

40.9297*** 
(10.8349) 

33.4983***  
(0.000) 

40.7801*** 
(8.9231) 

3.6997 
 (18.4326) 

-10.8039 
(14.7316) 

191.0153*** 
(65.637) 

135.8385*** 
(0.002) 

112.41** 
(52.7007) 

27.6094 
(64.2513) 

Percent of 
Homeowners in Same 
House as Last Year 

-11.4304 
(9.8977) - - - - -102.2133** 

(47.3988) - - - - 

Constant 711.2458 
(891.1973) 

197.6404 
(175.8516) 

64.5891     
(0.61) 

-82.2695 
(172.7043) 

332.7149 
(213.3212) 

9228.573** 
(4267.835) 

2120.289* 
(1065.292) 

1572.764**  
(0.026) 

3104.278*** 
(1020.006) 

840.8396 
(743.5834)

Sample size 223 67 59 30 29 223 67 59 30 29 
R-squared 0.4795 0.7733 .7941 0.8334 0.8011 0.4542 0.3931 .4812 0.6568 0.1980 
Notes: * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
# Regression models have very low F-statistics (less than 1). 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
New York City UTC split at 17 (median value). 
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Table 7.10. Alternative OLS Regression Results for Neighborhood-Level Crime Models – All Neighborhoods (Combined New York 
City and Washington DC).  

Dependent Variables 
Violent Crime Property Crime 

Variables 

Murder/ 
Mansl. 

Assault Robbery Rape Burglary Theft Motor Vehicle Theft

Percent UTC 0.119        
(0.1322) 

-2.8666*       
(1.4932) 

-8.3512***     
(3.0651) 

-0.1323          
(0.2866) 

-5.6772             
(5.3212) 

-48.6597**          
(21.8431) 

-2.7398             
(4.316) 

Population Density -0.0733***   
(0.0224) 

-1.3406***     
(0.2535) 

-1.8939***     
(0.5204) 

-0.1349***       
(0.0487) 

-2.7426***          
(0.9035) 

-14.6844***         
(3.7089) 

-2.3107***          
(0.7328) 

Poverty Rate -0.1727      
(0.1627) 

4.6209**       
(1.8372) 

-1.9445        
(3.7712) 

-0.5949*         
(0.3527) 

-7.0153             
(6.547) 

-8.5589             
(26.8752) 

-14.8542***         
(5.3104) 

Percentage of Families 
with Single Parents 

0.9942***    
(0.1695) 

10.9386***     
(1.9142) 

16.1947***     
(3.9293) 

2.0912***       
(0.3675) 

10.8698             
(6.8215) 

-1.2829             
(28.0017) 

28.8117***          
(5.5329) 

Vacancy Rate 1.5131***    
(0.323) 

20.5364***     
(3.6477) 

16.6558**      
(7.4877) 

2.2243***       
(0.7002) 

24.3052*            
(12.9989) 

146.3111***         
(53.3598) 

20.0678*            
(10.5435) 

Constant -12.7606**   
(5.2415) 

-21.9149       
(59.2029) 

238.3754*      
(121.5251) 

-6.0595          
(11.3651) 

369.277*            
(210.9731) 

1652.815*           
(866.0325) 

100.3206            
(171.1222) 

Sample size 67 67 67 67 67 67 67 

R-squared .7553 .8634 .6165 .6825 .2686 .3447 .5782 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses).  
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8. Limitations and Areas for Future 
Research 
In interpreting the results of this study, it is important to recognize that there are a 

number of limitations to how the results can and should be applied in policy decisions. The most 

important of these limitations include: 

• Small sample sizes. For the city level regression models, sample sizes are 223 for crime 

models, 213 for air quality models, and only 114 for the asthma models. The low sample 

sizes are a reflection of the lack of data for all variables (including control variables) for 

many observations. Initially, at the city level there are 363 MSAs for which UTC data are 

available. The small sample sizes make it comparatively more difficult to identify 

statistically significant relationships between variables, especially when running split-

sample regressions.  

At the neighborhood level, data are only available for two cities and for one of these 

cities the data are only available for eight neighborhoods. As a result, the neighborhood-

level regression results are driven primarily by data from New York City. The 

applicability of these results to policy decisions in other cities comes into question. In the 

future, empirical analyses can be used to test the external validity of the New York City 

regression results. Such information would help illuminate the distinctions between UTC-

air quality and UTC-crime relationships at the city and neighborhood levels.  

• Lack of data for some variables. In some instances, the variables used in the regression 

analyses are inexact proxies for the actual variable of interest. For example, for asthma 

prevalence, data are only available for adults because the BRFSS survey administered by 

the CDC only requires states to collect data for adults 18 years or older. While some 
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states have also started collecting data on asthma prevalence for children, most have not. 

In the future, incorporating data on childhood asthma prevalence into analyses such as 

this one (e.g., as Lovasi et al. [2008] attempted to do) could be informative.  

• Lack of variation in some variables. For some variables, including the asthma prevalence 

and air quality measures, there is a lack of variation that made it more difficult to identify 

statistically significant relationships. To increase the ability of analyses such as this one 

at teasing out the relationships between UTC and air quality and asthma prevalence, 

researchers might try using alternative dependent variables. For instance, while asthma 

prevalence (as a percentage of total population) does not vary greatly across cities, 

estimates of the number of asthma-related hospitalizations may have more variability, 

which could make the regression results more robust.  

• Large size of primary unit of analysis for city-level regressions. As this study shows, 

there are likely many differences in the relationships between UTC and air quality and 

crime when one varies the unit of analysis (e.g., from city to neighborhood), with the 

relationships becoming clearer and more specific as the unit of analysis becomes smaller. 

For this study, the MSA is used as the city-level unit of analysis because it is the smallest 

geographic area for which city-level data are available for all variables of interest.17 

Using county-level data for some parts of the city-level analysis and MSA-level data for 

others would put a constraint on the degree to which comparisons could be made across 

regression results. However, MSAs can be very large, with some spanning multiple 

metropolitan areas. The large size of the MSAs likely smoothes out much of the local 

                                                 

17 For example, although UTC and other data are available at the county level, asthma prevalence data are not 
reported by the CDC for areas smaller than the MSA. 
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variability in UTC, air quality, asthma, and crime. In the future, it may be informative to 

perform an analysis at the county level (MSAs are comprised of one or more county) and 

compare the results to those from the MSA and neighborhood levels.   

• Potential for multiple causal relationships between key variables. The regression results 

show that in certain conditions UTC can be negatively related to PM, which may suggest 

that tree cover helps reduce PM levels in the atmosphere. However, it may also be the 

case that trees do not fare as well in areas with high PM. The potential for these two-way 

relationships was discussed in Section 3.2.  

• Lack of information on specific tree and landscape characteristics. The data used for the 

UTC and greenspace variables do not include information on several specific tree cover 

characteristics that can certainly influence the relationship between UTC and air quality 

and crime. For instance, tree species matters greatly when considering the net effects of 

UTC on air pollutant production and removal. For example, as noted in Section 3.2, 

certain species are known to produce substantial quantities of ozone precursors. In 

addition, the data do not account for the size of the trees in a given area. This could have 

implications for the relationship between UTC and crime. As some researchers have 

noted (e.g., Donovan and Prestemon, 2010) – and as the regression results described in 

Section 7 seem to corroborate – larger trees have strong crime deterrence effects.  

• The UTC data do not reflect how tree cover is arranged in a given area. Whether trees 

are evenly dispersed across a city or highly concentrated in certain areas (e.g., public 

parks) matters in terms of how the benefits of trees accrue. Future research might involve 

analyzing the differences between UTC-air quality and UTC-crime relationships across 

several same-city neighborhoods that have varying levels of tree dispersion. 
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Lastly, it is important to note that this study is not intended to determine whether local 

governments should pursue UTC policies. This study does not account for the many other 

benefits of trees and nothing in this study should be construed as implying that trees should not 

be planted. When considering the total net benefits of tree cover in urban areas (especially the 

carbon dioxide storage benefits, urban heat island reduction effects, and property value 

increases), increasing UTC seems to be a good investment all-around. This study simply 

attempts to show (1) that if policy makers want to achieve specific air quality and crime 

reduction goals, targeted UTC policies that are carefully designed can be very useful tools, and 

(2) that the relationships between UTC and air quality and crime at the city and neighborhood 

levels are topics worthy of additional future research.  

9. Policy Implications  
The results of this study show that in some cases the relationships between UTC and air 

quality and crime are consistent across the city and neighborhood levels. For example, the results 

show that UTC has a statistically significant relationship with levels of ozone (positive 

relationship) and property crime rates (negative relationship) at both the city and neighborhood 

levels. The results also show that in some cases there are substantial differences in city- and 

neighborhood-level relationships between UTC and air quality and crime. For example, UTC is 

found to have a statistically significant relationship with asthma prevalence at both the 

neighborhood and city levels, but with different signs (negative at the neighborhood level and 

positive at the city level). In addition, UTC is found to have a noticeably more statistically 

significant and robust negative relationship with violent and property crime rates at the 

neighborhood level than at the city level. The results also show that there are statistically 
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significant differences between cities with low and high UTC baselines in terms of how changes 

in UTC may affect air quality and crime.  

Despite the limitations discussed in the previous section, there seem to be several policy 

implications that can be drawn from this study. The most basic of these is that policy makers 

should avoid setting general, high-level UTC policies that are not substantiated by tailored 

implementation plans. As discussed in Section 1.2, many local governments have adopted UTC 

goals. Some of these goals are incorporated into sophisticated UTC improvement plans, while 

others are general stand-alone goals. The results of this study suggest that policy makers should 

be wary of setting UTC goals that are general in scope, and should design policies so as to allow 

for consideration of across-neighborhood heterogeneity.  

Table 9.1 presents a series of recommended general UTC goals proposed by the 

American Forests initiative. It is not difficult to imagine how adopting goals such as those in the 

table may lead to a range of missed opportunities at the local level. For example, if a local 

government is strictly focused only on aggregate UTC levels in the suburban, urban, and central 

business district zones, it would probably end up achieving these goals by increasing UTC where 

it least costly to do so, rather than focusing on increasing UTC where the increases will have the 

greatest benefits (e.g., in terms of air quality improvement and crime reduction). In this way, it is 

possible that planting trees could also exacerbate disparities between communities, as plantings 

may occur in areas where there is already a supportive environment for trees, rather than in areas 

that are bereft of UTC.  
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Table 9.1. Example of General UTC Goals, as Recommended by American 
Forests.  

Region Zone UTC Goal 
Average tree cover counting 

all zones 40% 

Suburban residential zones 50% 
Urban residential zones 25% 

Metropolitan areas east of the 
Mississippi and in the Pacific 

Northwest 

Central business districts 15% 

Average tree cover counting 
all zones 25% 

Suburban residential zones 35% 
Urban residential zones 18% 

Metropolitan areas in the 
Southwest and dry West 

Central business districts 9% 

Source: American Forests, 2011a.  
 

The results of this study suggest that policy makers should take into consideration the 

following issues when developing targeted UTC policies: 

• UTC policies aimed at improving air quality should be specific to the pollutant and 

should account for the variable pollution-mitigation capabilities of different tree species. 

As noted in the limitations section and in Section 3.2, different tree species have different 

effects on air pollutant removal and production. Policy makers should be aware of these 

differences when determining what trees should be planted where. For example, 

sycamore trees are very popular city trees for their aesthetic appearance; however, they 

produce relatively high levels of isoprene, an ozone precursor.  

It is also important to note that UTC can have very different relationships with different 

air pollutants, both in terms of statistical significance and magnitude and direction of 

effect. For example, as the results of this study show, UTC seems to have a more 

significant effect on ozone than PM at the city level. In addition, UTC has a statistically 

significant positive relationship with ozone at the city and neighborhood levels, but a 
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statistically significant negative relationship for PM at the neighborhood level (across the 

combined New York City-Washington, D.C. and split samples).  

• UTC policies aimed at reducing crime should be specific to the type of crime. The city- 

and neighborhood-level regression results show that UTC has different effects on 

different types of crime, both at the aggregate level (e.g., violent versus property crime) 

and disaggregate level (e.g., burglary versus murder). As the regression results suggest, 

UTC has a stronger negative effect on “opportunistic” crimes, such as robbery and 

burglary, that are more easily deterred (or involve a spot decision of whether or not to 

commit the crime).  

• UTC policies should account for how much tree cover an area already has. The effects of 

increasing UTC in an area can vary depending on the baseline level of UTC. For 

example, the regression results suggest that at the neighborhood level, increasing UTC in 

areas with low-UTC baselines has a comparatively stronger (i.e., more significant) 

negative effect on crime than increasing UTC in areas that already have high UTC.  

• In developing local sustainability and green infrastructure plans, policy makers should 

be cognizant that greenspace and UTC can have distinct effects on air quality and crime. 

As evidenced by the differences in results from the primary regression results and the 

sensitivity analyses described in Section 7, UTC and greenspace have distinct effects on 

air quality and crime. When substituting the greenspace variable  into the regression 

models for UTC, the greenspace variable is found to have an insignificant coefficient in 

each instance, which suggests that while increasing UTC in certain areas may reduce 

crime or improve air quality, increasing greenspace without increasing UTC could have 

reduced benefits. Policy makers should consider this fact when determining the best use 
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of park space (e.g., whether it is best to plant trees or to build soccer fields). Such 

decisions, however, must weigh the comparative effects on many policy objectives (e.g., 

physical health, property values), not just air quality and crime. 

• Policy makers should recognize the advantages of using well-designed tools that can be 

applied to prioritize UTC investments. A number of studies have proposed UTC planting 

prioritization frameworks (e.g., Morani et al., 2010). As the results of this study suggest, 

using such prioritization frameworks to specify highly localized, issue-specific UTC 

policies could lead to greater benefits than simply setting aggregate, high-level UTC 

goals. It is also important to note that these prioritization frameworks should be designed 

to account for social issues such as air quality and crime, as some researchers have 

already begun to do (e.g., Locke et al., 2010). 

10. Conclusion  
A number of studies produced in recent years have highlighted how urban forests, or 

urban tree cover (UTC), can contribute to a wide range of environmental, public health, societal, 

and economic benefits. Few studies have evaluated how the relationships between UTC and air 

quality and crime vary across a sample of cities and neighborhoods. This study attempts to “tease 

out” the particulars of the relationships between (1) UTC and air quality measures, including 

levels of ground-level ozone and particulate matter, and (2) UTC and crime rates, at both the city 

and neighborhood level while controlling for various demographic, socioeconomic, and climate 

variables. Evaluating these relationships will lead to better understanding of how unique local 

characteristics should be considered when local policy makers develop UTC goals and policies.   

Based on a series of regressions, it is found that in some cases the relationships between 

UTC and air quality and crime are consistent across the city and neighborhood levels. For 
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example, the results show that UTC has a statistically significant relationship with levels of 

ozone (positive relationship) and property crime rates (negative relationship) at both the city and 

neighborhood levels. The results also show that in some cases there are substantial differences in 

city- and neighborhood-level relationships between UTC and air quality and crime. For example, 

UTC is found to have a statistically significant relationship with asthma prevalence at both the 

neighborhood and city levels, but with different signs (negative at the neighborhood level and 

positive at the city level). In addition, UTC is found to have a noticeably more statistically 

significant and robust negative relationship with violent and property crime rates at the 

neighborhood level than at the city level. The results also show that there are statistically 

significant differences between cities with low and high UTC baselines in terms of how changes 

in UTC may affect air quality and crime.  

In interpreting the results of this study, it is important to recognize that there are a 

number of limitations to how the results can and should be applied in policy decisions. As 

discussed in this study, these limitations include, but are not limited to, small sample sizes, lack 

of data for some variables, and lack of specific information on tree species and vegetation cover 

types.  

The results of the study suggest that policy makers should avoid setting general, high-

level UTC policies that are not substantiated by tailored implementation plans. In addition, 

policy makers should ensure that UTC policies are designed in accordance with the variable 

pollution- and crime-mitigation capabilities of different tree species and types. Policy makers 

should also ensure that UTC policies are designed in accordance with how much tree cover an 

area already has. Lastly, policy makers should recognize the advantages of using well-designed 
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tools (such as those developed by Morani et al. [2010] and Locke et al. [2010]) to prioritize UTC 

investments.  

Overall, this study provides a high-level analysis of the relationships between UTC and 

air quality and crime. In addition to revealing several policy implications, it also identifies a 

number of areas worthy of future research. In particular, the findings from this study highlight 

the importance of how in-depth research at the single-city and single-neighborhood levels may 

improve understanding of how increasing UTC in urban areas can maximize public health and 

other socieital cobenefits. Lastly, the findings from this study underline the importance of 

ensuring that forthcoming tools used to screen and prioritize UTC plantings in urban areas 

account for the variable, and sometimes substantial, air quality and crime reduction benefits of 

urban trees. 
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Appendix A 
Table A.1 provides the current NAAQS thresholds.  

 

Table A.1. National Ambient Air Quality Standards 
 Primary Standards Secondary Standards 
Criteria 
Pollutant 

Level  Averaging Time Level Averaging 
Time 

0.075 ppm  
(2008 std) 8-hour Same as primary 

0.08 ppm  
(1997 std) 8-hour Same as primary Ozone 

0.12 ppm 1-hour Same as primary 
PM10 150 µg/m3 24-hour Same as primary 

15.0 µg/m3 Annual Same as primary 
PM2.5 35 µg/m3 24-hour Same as primary 

0.15 µg/m3 Rolling 3-Month Average Same as primary 
Lead 

1.5 µg/m3 Quarterly Average Same as primary 
53 ppb Annual Same as primary 

NO2 100 ppb 1-hour None 
9 ppm  

(10 mg/m3) 8-hour 
CO 35 ppm 

(40 mg/m3) 
1-hour 

None 

0.03 ppm Annual Same as primary 
0.14 ppm 24-hour 0.5 ppm 3-hour SO2

75 ppb 1-hour None 

Source: U.S. EPA, 2010e. 
Note: In 2008, EPA increased the stringency of the 8-hour ozone standard. It is in the 
process of implementing the newly revised regulations.  
Key: ppm: parts per million; ppb: parts per billion; µg: microgram; mg: milligram; m: meter
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Appendix B 

Overview of Alternative Model Specifications Used to Test Robustness of Regression 
Results  

The following tables present sensitivity analyses (i.e., alternative model specifications) 

that are used to the test the robustness of the primary regression models used for each model. 

Each table presents alternative regression models for a single primary regression model. Bolded 

cells indicate variables that have been changed from the primary regression model.  
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Table B.1. Alternative Model Specifications for City-Level Air Pollutant Models.  
Control Variables Dependent 

Variable 
Policy 

Variable Climate Variables Demographic/Socioeconomic Variables 

Notes 

Primary Regression Model 

Average of four 
highest 
readings for 
each pollutant 

Percent UTC Average annual 
wind speed 

Average annual 
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Regression results from primary 
regression model can be viewed 
in Tables 7.1 and 7.2. 

Alternative Regression Models 

Estimated 
number of 
exceedences 
for each 
pollutant over 
the course of a 
year 

Percent UTC Average annual 
wind speed 

Average annual
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Overall, does not have 
substantial effects on the 
significance of regression 
coefficients. However, 
coefficients on ozone become 
insignificant.  

Average of four 
highest 
readings for 
each pollutant 

UTC per 
capita and 
greenspace 
percent 

Average annual 
wind speed 

Average annual 
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Overall, does not have 
substantial effects on the 
significance of regression 
coefficients. However, 
coefficients on ozone become 
insignificant. 

Average of four 
highest 
readings for 
each pollutant 

Percent UTC Average annual 
wind speed 

Average annual 
precipitation 

Average 
annual 
temperature 
or HDD 

Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Overall, does not have 
substantial effects. 

Average of four 
highest 
readings for 
each pollutant 

Percent UTC Average annual 
wind speed 

Average annual 
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Median 
income or 
unemployment 
rate 

Using unemployment does not 
have substantial effects. 
However, using median income 
results in increased significance 
on UTC for ozone models, and 
higher significance on most 
coefficients in general. 
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Table B.2. Alternative Model Specifications for City-Level Asthma Prevalence Models.  
Control Variables Dependent 

Variable 
Policy 

Variable Climate Variables Demographic/Socioeconomic Variables 

Notes 

Primary Regression Model 

Asthma 
prevalence 

Percent UTC Average annual 
wind speed 

Average annual 
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Regression results from primary 
regression model can be viewed 
in Table 7.4. 

Alternative Regression Models 

Asthma 
prevalence 

UTC per 
capita and 
greenspace 
percent 

Average annual 
wind speed 

Average annual 
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Substituting percent greenspace 
and UTC per capita for UTC as 
a percent of total area produces 
a noticeable decrease in 
statistical significance for most 
coefficient in each model. 

Asthma 
prevalence 

Percent UTC Average annual 
wind speed 

Average annual 
precipitation 

Average annual 
CDD 

Population 
density 

Percentage of 
workers who 
commute alone

Median 
income or 
unemployment 
rate 

Using median income produces 
little effect, but using 
unemployment causes the 
coefficient on UTC to become 
slightly significant for cities 
with high UTC. The coefficient 
on unemployment is generally 
significant, while the coefficient 
for median income is not.  
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Table B.3. Alternative Model Specifications for City-Level Crime Models.  
Control Variables Dependent 

Variable 
Policy 

Variable Climate Variables Demographic/Socioeconomic Variables 

Notes 

Primary Regression Model 

Total 
violent/prop
erty crime 
rate 

Percent UTC Average 
annual wind 
speed 

Average annual 
precipitation 

Average 
annual CDD

Population 
density 

Poverty rate Percentage of 
families with 
single parents 

Vacancy rate Percent of 
homeowners 
in same 
house last 
year 

Regression results 
from primary 
regression model can 
be viewed in Table 
7.5. 

Alternative Regression Models  

Disaggregat
ed violent 
and 
property 
crimes (e.g., 
burglary) 

Percent UTC Average 
annual wind 
speed 

Average annual 
precipitation 

Average 
annual CDD

Population 
density 

Poverty rate Percentage of 
families with 
single parents 

Vacancy rate Percent of 
homeowners 
in same 
house last 
year 

Using the full sample, 
UTC becomes 
significant only for 
burglary. Using the 
split samples, UTC is 
significant for several 
crimes in low and 
high-UTC areas.  

Total 
violent/prop
erty crime 
rate 

UTC per 
capita and 
greenspace 
percent 

Average 
annual wind 
speed 

Average annual 
precipitation 

Average 
annual CDD

Population 
density 

Poverty rate Percentage of 
families with 
single parents 

Vacancy rate Percent of 
homeowners 
in same 
house last 
year 

Substituting UTC per 
capita and greenspace 
for UTC changes the 
UTC coefficient to be 
insignificant for total 
property crime.  

Total 
violent/prop
erty crime 
rate 

Percent UTC Average 
annual wind 
speed 

Average annual 
precipitation 

Average 
annual CDD

Population 
density 

Median 
income or 
unemploym
ent rate 

Percentage of 
families with 
single parents 

Vacancy rate Percent of 
homeowners 
in same 
house last 
year 

Substituting median 
income produces 
almost no change. 
Substituting 
unemployment causes 
the coefficient for 
UTC in the total 
property crime model 
becomes slightly less 
significant than in the 
primary model. 

104

 

 

 



 

Table B.4. Alternative Model Specifications for Neighborhood-Level Asthma Prevalence Models.  
Control Variables Dependent 

Variable 
Policy 

Variable Climate Variables Demographic/Socioeconomic Variables 

Notes 

Primary Regression Model 

Asthma 
prevalence 

Percent UTC    Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Regression results from primary 
regression model can be viewed 
in Table 7.7. 

Alternative Regression Models 

Average 
summer O3 
and PM 
reading (NYC 
only) 

Percent UTC    Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Coefficient on UTC is 
significant and negative for PM 
for NYC-only sample and both 
splits; positive on ozone for 
neighborhoods with low UTC. 

Average 
summer O3 
and PM 
reading (NYC 
only) 

UTC per 
capita 

   Population 
density 

Percentage of 
workers who 
commute alone

Poverty rate Relative to using UTC, using 
UTC per capita reduces the 
significance of the policy 
variable in all models. The 
coefficient is only slightly 
significant in one model (PM in 
low-UTC areas). 
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Table B.5. Alternative Model Specifications for Neighborhood-Level Crime Models.  
Control Variables Dependent 

Variable 
Policy 

Variable Climate Variables Demographic/Socioeconomic Variables 

Notes 

Primary Regression Model 

Total 
violent/property
crime rate 

 
Percent UTC    Population 

density 
Poverty rate Percentage of 

families with 
single parents 

Vacancy 
rate 

Regression results 
from primary 
regression model can 
be viewed in Table 7.9.

Alternative Regression Models 
Disaggregated 
violent and 
property 
crimes (e.g., 
burglary) 

Percent UTC    Population 
density 

Poverty rate Percentage of 
families with 
single parents 

Vacancy 
rate 

Using the NYC+DC 
sample, UTC becomes 
significant for assault, 
robbery, and theft. 
Using the split 
samples, UTC is 
significant for several 
crimes in low and 
high-UTC areas. 

Total 
violent/property
crime rate 

 
UTC per 
capita 

   Population 
density 

Poverty rate Percentage of 
families with 
single parents 

Vacancy 
rate 

Coefficient on the 
policy variable is 
statistically significant 
in five of the model 
runs, as opposed to 
nine in the primary 
regression.  
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Additional Information on Results of Robustness Checks 

The following information is supplemental to the information provided in Section 7 on 

the results of the robustness checks on the primary regression model results. This information 

was omitted from the main body of the text for length considerations.  

Alternative Model Specification Regression Results for City-Level Air Pollution Models using 
Split Samples 

Table B.6 presents the results of a regression of an alternative specification for the city-

level air pollution model. Specifically, this alternative specification uses median income (logged) 

in place of poverty rate. The table shows the results of the alternative regression runs, split by 

UTC level.  

Alternative Model Specification Regression Results for City-Level Crime Models using Split 
Samples 

Tables B.7 and B.8 below present the results of regressions of an alternative specification 

for the city-level crime model. Specifically, this alternative specification uses the disaggregated 

crime types in place of total property or total violent crime rates. The table shows the results split 

by UTC level (the results of the regressions using the full sample are provided in the main body 

of the text). 

Alternative Model Specification Regression Results for Neighborhood-Level Crime Models 
using Split Samples 

Tables B.9 and B.10 below present the results of regressions of an alternative 

specification for the neighborhood-level crime model. Specifically, this alternative specification 

uses the disaggregated crime types in place of total property or total violent crime rates. The 

table shows the results split by UTC level (the results of the regressions using the combined New 

York City-Washington, D.C. sample are provided in the main body of the text).   
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Table B.6. Alternative OLS Regression Results for City-Level Air Pollutant Models – Split Samples.  
Dependent Variable PM2.5 PM10 8-Hour O3 1-Hour O3

Variables Cities with 
Low UTC 

Cities with 
High UTC 

Cities with 
Low UTC 

Cities with 
High UTC 

Cities with 
Low UTC 

Cities with 
High UTC 

Cities with 
Low UTC 

Cities with 
High UTC 

Percent UTC 0.1178       
(0.648) 

-0.212       
(0.13) 

-1.448       
(0.164) 

0.3369       
(0.384) 

0.0002       
(0.676) 

0.0003*      
(0.093) 

0.0002       
(0.744) 

0.0004*      
(0.072) 

Population Density -0.0002      
(0.98) 

0.0124       
(0.289) 

-0.0086      
(0.812) 

0.0335       
(0.302) 

0.000        
(0.483) 

0.000**      
(0.017) 

0.000        
(0.205) 

0.000***     
(0.009) 

Average Annual Wind 
Speed 

-4.3485***   
(0) 

-4.2332***   
(0) 

-12.4472***  
(0.003) 

-5.8193*     
(0.064) 

-0.007***    
(0) 

-0.0009      
(0.547) 

-0.0082***   
(0) 

-0.0016     
(0.367) 

Average Annual 
Precipitation 

-0.185       
(0.177) 

-0.4052*       
(0.05) 

-2.6972***   
(0) 

-1.9696***   
(0.001) 

0.000        
(0.991) 

-0.0005*     
(0.069) 

-0.0001      
(0.772) 

-0.0007**    
(0.035) 

Average Annual CDD -0.001       
(0.554) 

-0.0034      
(0.161) 

0.0291***    
(0) 

0.0186***    
(0.007) 

0.000***     
(0.001) 

0.000        
(0.495) 

0.000***     
(0.001) 

0.000        
(0.253) 

Percentage of Workers 
Who Commute Alone 

0.3014       
(0.46) 

-0.0292      
(0.942) 

1.765        
(0.281) 

1.4262       
(0.204) 

-0.0005      
(0.467) 

0.0008       
(0.133) 

-0.0005      
(0.525) 

0.001        
(0.128) 

Median Income 4.8284       
(0.682) 

-1.6302      
(0.889) 

68.1365      
(0.152) 

51.2282      
(0.115) 

0.0618***    
(0.004) 

0.0443***    
(0.004) 

0.0683***    
(0.006) 

0.0599***    
(0.001) 

Constant 0.4323       
(0.997) 

116.3702     
(0.395) 

-626.8433    
(0.235) 

-525.676     
(0.167) 

-0.5027**    
(0.034) 

-0.4474**    
(0.013) 

-0.5512**    
(0.046) 

-0.6083***   
(0.005) 

Sample size 106 107 106 107 106 107 106 107 
R-squared .2374 .2223 .4427 .1725 .3675 .2082 .3776 .2460 
Notes * = statistically significant at the less than 10% level 

** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
City-level UTC split at 25.49663 (median value).  
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Table B.7. Alternative OLS Regression Results for City-Level Crime Models – Cities with Low UTC.  
Dependent Variables 

Violent Crime Property Crime 
Variables 

Murder/ 
Mansl. 

Assault Robbery Rape Burglary Theft Motor Vehicle Theft

Percent UTC 0.0547*      
(0.0368) 

0.5205         
(1.937) 

0.4042         
(0.7748) 

0.0317          
(0.2725) 

6.6551*            
(3.7469) 

5.5022              
(8.9429) 

1.9369              
(1.986) 

Population Density 0.0025*      
(0.0014) 

0.0269         
(0.0732) 

0.1913***      
(0.0293) 

-0.0067          
(0.0103) 

-0.1519             
(0.1416) 

-0.0975             
(0.338) 

0.2348***           
(0.0751) 

Average Annual Wind 
Speed 

-0.2565      
(0.1504) 

3.8731         
(7.9197) 

-4.3823        
(3.1678) 

2.6057**        
(1.1141) 

2.9019              
(15.3199) 

138.8851***         
(36.565) 

-25.9602***         
(8.12) 

Average Annual 
Precipitation 

0.0089**     
(0.0237) 

-0.3948        
(1.249) 

0.5351        
(0.4996) 

-0.1129          
(0.1757) 

1.9099              
(2.416) 

7.0785              
(5.7665) 

-5.1336***          
(1.2806) 

Average Annual CDD 0.0007       
(0.0003) 

0.0394**       
(0.0183) 

0.0198***      
(0.0073) 

0.0005          
(0.0026) 

0.0561              
(0.0355) 

0.1553*             
(0.0847) 

0.072***            
(0.0188) 

Poverty Rate -0.0302      
(0.0651) 

0.7103         
(3.4305) 

-2.7284**      
(1.3722) 

-0.5678          
(0.4826) 

-2.7573             
(6.636) 

36.5062**           
(15.8385) 

0.0065              
(3.5173) 

Percentage of Families 
with Single Parents 

0.8204***    
(0.1279) 

34.8818***     
(6.734) 

21.2822***     
(2.6936) 

3.6269***       
(0.9473) 

89.1849***          
(13.0262) 

73.0099**           
(31.0904) 

33.3569***          
(6.9042) 

Vacancy Rate 0.0268       
(0.0868) 

-0.5525        
(4.5708) 

-2.4882        
(1.8283) 

-0.2521          
(0.643) 

15.23*              
(8.8416) 

-30.7701            
(21.1029) 

-11.3338**          
(4.6863) 

Percent of 
Homeowners in Same 
House as Last Year 

0.0833       
(0.2323) 

2.0549        
(12.2325) 

-6.4553        
(4.8929) 

-1.3912          
(1.7208) 

-6.6811             
(23.6624) 

-18.8135           
(56.4765) 

-6.8351             
(12.5417) 

Constant -13.7444     
(20.9976) 

-472.4542      
(1105.726) 

450.7674       
(442.283) 

102.2871        
(155.5459) 

-73.4515            
(2138.905) 

1160.259            
(5105.064) 

812.4137            
(1133.682) 

Sample size 112 112 112 112 112 112 112 

R-squared .4908 .3606 .6018 .1756 .4887 .3370 .5792 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
City-level UTC split at 30.67833 (median value). 
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Table B.8. Alternative OLS Regression Results for City-Level Crime Models – Cities with High UTC.  
Dependent Variables 

Violent Crime Property Crime 
Variables 

Murder/ 
Mansl. 

Assault Robbery Rape Burglary Theft Motor Vehicle Theft

Percent UTC -0.0367      
(0.0274) 

0.0002         
(1.3458) 

-0.7385*       
(0.4111) 

-0.0909          
(0.1236) 

-3.7434             
(2.4061) 

-1.000              
(4.7615) 

0.0329              
(1.1056) 

Population Density 0.0001       
(0.002) 

0.0456         
(0.0983) 

0.1111***      
(0.03) 

-0.0144          
(0.009) 

-0.2274             
(0.1757) 

-0.5216             
(0.3476) 

0.13                
(0.0807) 

Average Annual Wind 
Speed 

-0.3184      
(0.205) 

13.2345        
(10.0701) 

-5.3254*      
(3.0762) 

0.1795          
(0.9246) 

-15.6131            
(18.0039) 

-24.4424            
(35.628) 

-12.9392           
(8.2728) 

Average Annual 
Precipitation 

0.0468       
(0.0344) 

-2.4811        
(1.6885) 

1.2142**       
(0.5158) 

-0.1919          
(0.155) 

5.7437*             
(3.0187) 

13.9594*            
(5.9738) 

-0.1232             
(1.3871) 

Average Annual CDD 0.0016***    
(0.0006) 

0.1038***      
(0.029) 

0.0297***      
(0.0089) 

0.0014          
(0.0027) 

0.0578              
(0.0519) 

-0.003              
(0.1026) 

0.0158              
(0.0238) 

Poverty Rate -0.1676      
(0.1046) 

7.9379         
(5.1364) 

-4.8916***     
(1.5691) 

0.8226*         
(0.4716) 

13.1993             
(9.1832) 

11.9968             
(18.1726) 

-1.111              
(4.2197) 

Percentage of Families 
with Single Parents 

0.6966***    
(0.1433) 

16.2241**      
(7.0401) 

15.6646***     
(2.1506) 

1.1173*         
(0.6464) 

62.9042***          
(12.5867) 

104.1451***         
(24.9077) 

29.12***            
(5.7836) 

Vacancy Rate 0.0324       
(0.0692) 

2.7347         
(3.3995) 

-0.859***7     
(1.0385) 

0.2151          
(0.3121) 

9.083               
(6.0778) 

-8.4963             
(12.0273) 

-2.1075             
(2.7927) 

Percent of 
Homeowners in Same 
House as Last Year 

0.4504*      
(0.2532) 

-5.2384        
(12.4367) 

2.4543         
(3.7992) 

-1.8218          
(1.142) 

-22.0105            
(22.2352) 

-96.051**           
(44.0012) 

-23.1883**          
(10.2171) 

Constant -44.4672*    
(22.7369) 

260.1912       
(1116.883) 

-279.1842      
(341.1893) 

185.1599*       
(102.5535) 

1763.833            
(1996.835) 

9504.355**          
(3951.536) 

2119.591**         
(917.5462) 

Sample size 111 111 111 111 111 111 111 

R-squared .4795 .4145 .6654 .2347 .5603 .4334 .4148 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
City-level UTC split at 30.67833 (median value). 
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Table B.9. Alternative OLS Regression Results for City-Level Crime Models – New York City Neighborhoods with Low UTC.  
Dependent Variables 

Violent Crime Property Crime 
Variables 

Murder/ 
Mansl. 

Assault Robbery Rape Burglary Theft Motor Vehicle Theft

Percent UTC 0.3934**     
(0.1737) 

-4.1024        
(4.5971) 

-1.901         
(4.6691) 

0.4609          
(0.3309) 

-20.2909**          
(7.7729) 

-150.1493***        
(42.2996) 

-0.9825             
(2.826) 

Population Density -0.0283**    
(0.0123) 

-1.0748***    
(0.3257) 

-0.8011**      
(0.3309) 

-0.0048          
(0.0234) 

-1.8946***          
(0.5508) 

-7.5852**           
(2.9974) 

-0.4793**           
(0.2002) 

Poverty Rate 0.3848***    
(0.1223) 

11.6265***     
(3.2355) 

11.7802***     
(3.2862) 

0.346           
(0.2329) 

7.7516              
(5.4707) 

4.5434              
(29.7712) 

-1.1677             
(1.989) 

Percentage of Families 
with Single Parents 

-0.0843      
(0.149) 

1.7793         
(3.9432) 

-3.3433        
(4.005) 

0.2953          
(0.2838) 

-5.8876             
(6.6672) 

-22.9067            
(36.2826) 

2.9654              
(2.424) 

Vacancy Rate 0.8245**     
(0.1898) 

20.227***      
(5.0242) 

18.7621***     
(5.103) 

0.9666**       
(0.3617) 

15.4951*            
(8.4951) 

99.3736**           
(46.23) 

-2.4587             
(3.0886) 

Constant -10.7438***  
(3.6744) 

-53.8867       
(97.2422) 

-8.359         
(98.7662) 

-9.28            
(7) 

462.9576**          
(164.4202) 

2461.269**          
(894.7667) 

180.0523***         
(59.7781) 

Sample size 30 30 30 30 30 30 30 

R-squared .7282 .8314 .7167 .6821 .5418 .6669 .3450 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
New York City UTC split at 17 (median value). 
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Table B.10. Alternative OLS Regression Results for City-Level Crime Models – New York City Neighborhoods with High UTC. 
Dependent Variables 

Violent Crime Property Crime 
Variables 

Murder/ 
Mansl. 

Assault Robbery Rape Burglary# Theft# Motor Vehicle Theft

Percent UTC -0.0427      
(0.0953) 

-4.5717*       
(2.4469) 

-5.2857**      
(2.0811) 

-0.219           
(0.2057) 

-2.8669             
(15.2771) 

-3.3419             
(3.8897) 

-2.9294**           
(1.2973) 

Population Density -0.0268      
(0.0196) 

-0.5751        
(0.5042) 

-0.2267        
(0.4288) 

-0.0577          
(0.0424) 

-0.3305             
(3.1477) 

-0.01               
(0.8014) 

-0.4601*            
(0.2673) 

Poverty Rate 0.0815       
(0.1074) 

-0.601         
(2.7595) 

-3.4142        
(2.347) 

-0.0097          
(0.2319) 

-24.5578            
(17.2287) 

-1.5637             
(4.3866) 

-3.909**            
(1.463) 

Percentage of Families 
with Single Parents 

0.5517***    
(0.1162) 

14.8294***     
(2.9847) 

13.7863***     
(2.5385) 

0.9066***       
(0.2509) 

22.1117            
(18.6343) 

2.6248              
(4.7445) 

6.3054***           
(1.5823) 

Vacancy Rate 0.5206       
(0.3959) 

2.5151         
(10.1704) 

-1.0718        
(8.6499) 

1.7358*         
(0.8549) 

24.676              
(63.4975) 

-2.1781            
(16.1671) 

5.1116              
(5.3919) 

Constant -3.6443      
(4.5823) 

121.0682       
(117.7025) 

216.9861**     
(100.1062) 

-1.6951          
(9.8934) 

257.8089            
(734.8599) 

400.9516**          
(187.1029) 

182.0791***         
(62.4011) 

Sample size 29 29 29 29 29 29 29 

R-squared .8071 .7818 .7677 .7213 .1358 .0604 .6037 

Notes 

* = statistically significant at the less than 10% level 
** = statistically significant at the less than 5% level 
*** = statistically significant at the less than 1% level 
Results indicate both the regression coefficient and standard deviation (in parentheses). 
# Regression models have very low F-statistics (less than 1). 
New York City UTC split at 17 (median value). 
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