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Survey Sampling and Administration 

Nine of the 12 sampled census tracts were previously surveyed in 2011 to build a 

longitudinal database on human and environment interactions within the Phoenix (AZ) region. 

Part of the sampling frame (n=188) included households in census tracts that responded to the 

2011 survey. An additional 1,212 addresses were obtained from the Marketing Systems Group, 

which provides an extensive list of addresses from the U.S. Postal Service. This amounted to 101 

new addresses randomly selected from each census tract. An additional 14 were drawn as backup 

addresses (i.e., to swap with bad addresses or any duplicates from the previous survey sample). 

The Survey Center at the University of Wisconsin administered the survey from June 

through August of 2017. A total of 1,400 surveys were mailed. Surveys and reminders were 

delivered through the postal service in a series of four mailings. The first wave included the 

printed questionnaire and a self-addressed, postage-paid envelope, along with a $5 incentive and 

a prepaid postcard to request a Spanish version. The second mailing was a reminder postcard 

sent a week later. The third and fourth mailings included the questionnaire and return envelope, 

which were sent 2 to 3 weeks after the previous mailings. The response rate was 39%, which 

yielded a sample of 496. This rate is based on the American Association for Public Opinion 

Research’s Response Rate 2, which is calculated as the number of completed and partial 

questionnaires divided by the total N minus both vacant and undeliverable addresses. Only 80 

respondents who completed the 2011 survey also completed the 2017 survey (response rate of 

43% based on the American Association for Public Opinion Research’s Response Rate 2). 

 



Modeling Approach 

 Ordinary least squares (OLS) regression was an appropriate specification for our analysis, 

given the relatively normal distribution of the life satisfaction variable and the relatively 

consistent linear relationships between life satisfaction and our continuous explanatory and 

control variables. The basic OLS model is specified as follows: 

 

Yin = β0 + β1nX1n + β2inX2in + β3inX3in + β4iX4i + β5nX5n + ein 

 

where Y is the life satisfaction of an individual i in neighborhood n; β0 is the intercept; β1n is the 

effect of the objective neighborhood built environment (NBE) factors; β2in is the effect of the 

perceived NBE factors, which are unique to individual i; β3in is the effect of the linking factors 

(captured at the neighborhood level), including perceptions of neighborhood social capital, 

identification, disorder, and opportunities for nature engagement and exercise, which also vary 

by individual i; β4i are the effects of the controlled individual inherited and acquired 

characteristics; β5n are the effects of the controlled neighborhood demographic characteristics; 

and ein is the error term. 

 

Accounting for Neighborhood Clustering 

 Respondents were sparsely spread out among the 57 census block groups (average of 7 

persons per neighborhood; 12 neighborhoods had only 1 person and 1 neighborhood had 56 

persons). The intraclass correlation, or proportion of variation in the residuals due to differences 

among census block groups, is 0.312, which is relatively small. We tested the performance of 

several specifications that can help account for clustering, including multilevel models that allow 



for intercepts or slopes to vary by neighborhoods and extensions to OLS regression that report 

clustered standard errors.  

 We used a Hausman test in our exploration of multilevel specifications to assess whether 

the individual-level coefficients differed systematically when we allowed slopes to vary based on 

the neighborhood. We did not find evidence for systematic variation (χ2 = 15.27; p>χ2 0.360). 

The main differences that we found were in the coefficients for perceptions of disorder  

(-0.062 in the random effects model and -0.157 in the fixed effects model), perceptions of 

opportunities for physical activity (-0.046 in the random effects model and 0.016 in the fixed 

effects model), and homeownership (0.240 in the random effects model and 0.284 in the fixed 

effects model); we observed much smaller and qualitatively not meaningful differences among 

the other explanatory variables. In short, the lack of strong intraclass correlation and difference 

in coefficients when allowing slopes to vary based on neighborhoods suggests that a multilevel 

approach is not needed.   

 Further, using a multilevel specification to account for intraclass correlation is not ideal 

for our data, given that the number of participants is unbalanced across the census block groups 

(e.g., one block group has a sample size of 1). This kind of unbalance affects statistical power 

and reliability when testing the random slope variances (e.g., Snijders, 2005). 

 That said, accounting for clustering was still necessary, since participants were clustered 

within spatially bounded census block groups, and we did find evidence of some intraclass 

correlation (e.g., Abadie et al., 2017). Thus, we adjusted the standard error to account for 

clustering. This method allowed us to address the potential for error based on the clustering of 

participants in a way that did not overextend the statistical power of our analysis, given the 

unbalance of the participants among the neighborhoods (e.g., McCoach & Adelson, 2010). This 



specification also was compatible with our imputation approach (see below). Inclusion of 

clustered standard errors did not radically alter the magnitude or statistical significance of the 

coefficients for the main explanatory variables. The main differences were that the coefficient on 

neighborhood identification became more significant (p<0.05 to p<0.01), the coefficient on 

tenure became insignificant (p<0.05 to p>0.05), and the coefficient on neighborhood linguistic 

diversity became significant (p>0.05 to p<0.05). 

 

Missing Values and Multiple Imputation  

 The variables that had the most missing values were adjusted household income (6%), 

race (5%), and life satisfaction (4%); all other explanatory, linking, and control variables had 

fewer than 2% of values missing (see Table 1). The missing values followed a few discernable 

patterns. People who were older, lived in smaller households, had lived in their homes longer, 

lacked college degrees, and were female were less likely to report their life satisfaction. People 

who were older and female were less likely to report their household incomes. People who had 

higher incomes and lived in smaller households were less likely to report their race. 

 It is appropriate to impute variables with missing data if the data are missing at random. 

Data are missing across all of the sampled census tracts and respondents; thus, the missing values 

appear to be unintended and uncontrolled, meaning we are not violating any assumptions by 

imputing the responses. Further, dropping respondents who did not answer a question may a) 

introduce bias in the analysis, because respondents who answered every question are probably 

unrepresentative of the entire sample; and b) cause the analysis to lose statistical power (see 

Harrell, Lee, & Mark, 1996; Rubin, 1976, 2004; Schafer, Olsen, & Smardon, 1998). 



 Missing values for the explanatory and control variables were imputed using multiple 

imputation by chained equations (MICE) in Stata to reduce bias in the estimates (White et al., 

2011). The MICE algorithm was appropriate to use in dealing with the different kinds of 

variables in our analysis (continuous, nominal) requiring imputation. A total of 25 imputed data 

sets were created. A handful of auxiliary variables that were highly correlated with variables that 

had a high proportion of missing values also were included in the imputation process, such as 

nativity status, the neighborhood homeownership rate, whether their neighborhood had a 

concentration of high or low incomes, neighborhood toxins exposure, hazardous land use 

exposure, and street light intensity at night. Associations between life satisfaction and the 

explanatory, linking, and control variables were similar in models where participants with 

missing values were excluded and included with their assigned values. 

 

Reverse Causality, Type I and II Error, and Statistical Power 

 One concern is whether reverse causality is present in our analysis (i.e., whether more 

satisfied people perceive their NBE more positively; see Ettema & Schekkerman, 2016, for an 

overview of this issue). There was no evidence of a strong correlation between overall 

satisfaction (a component of our life satisfaction measure) and the perceived NBE when 

measuring them using a comparable 5-point Likert scale (see description of variables in Table 

2A). The correlation between participants’ overall and park satisfaction is low (0.19); further, 

there is no discernable correlation between overall satisfaction and perceptions of neighborhood 

walkability and transit. These findings suggest that people who feel more satisfied do not 

necessarily perceive neighborhood features more positively. There is support in the scholarly 

literature for a causal link between environmental satisfaction and quality of life and subjective 



wellbeing (SWB), with satisfaction with important domains of life (including objective and 

perceived aspects of the environment) being an important driver of the life satisfaction 

component of SWB (e.g., Marans & Couper, 2000; Van Kamp et al., 2003). 

 Another concern is whether the relatively high R2s that we observed in Models 1, 2, and 

13 in Tables 2 and 4A reflect some kind of error inherent in our analysis. We are unable to 

determine whether the relatively high amount of variation in life satisfaction captured in our 

analysis is due to a) our inclusion of understudied perceived, objective, and linking factors that 

might more comprehensively convey the relationship between the NBE and life satisfaction; b) 

qualities unique to the Phoenix region that lead to stronger links between the NBE and life 

satisfaction; or c) something else.  

 Few studies capture both the perceived and objective qualities of the built environment 

drivers of SWB (see exceptions: Cao, 2016; Ettema & Schekkerman, 2016; Kent et al., 2017); 

this is an emerging research direction and a primary contribution of our research. Our knowledge 

of how objective and subjective NBE measures interact and jointly relate to SWB is still 

underdeveloped, despite long-standing awareness of the importance of these dynamics (Ballas, 

2013; Mouratidis, 2018; Van Kamp et al., 2003). Further, factors that may link these NBE 

factors to SWB are rarely included in econometric models. To the best of our knowledge, we are 

the first to jointly model the relationships among walkability, transit, and parks and life 

satisfaction using closely and comprehensively paired objective and subjective measures and 

accounting for often theorized linking factors (neighborhood social capital, identification, 

disorder, nature engagement, and physical activity). Thus, it’s difficult to compare the variation 

in life satisfaction accounted for in our study to the variation found in other studies. Comparisons 

of variance are further hampered by variation in the operationalization of SWB (e.g., life 



satisfaction versus affective SWB, as a continuous or nominal measure, etc.) and study site/time, 

given evidence that the NBE predictors of SWB (including the magnitude of these effects) are 

context dependent (Hogan et al., 2016; Kyttä et al., 2016).  

 The research study that most closely matches our approach is Kent et al. (2017). This 

study uses the same outcome variable (the Satisfaction With Life Scale) and attempts to jointly 

model some of the same objective and perceived built environment features using survey data 

(sample of approximately 600 households in Sydney, Australia). Two of our three comparable 

objective and perceived NBE results align; both studies demonstrate a statistically significant 

positive association between objective walkability and life satisfaction and a statistically not 

significant association between objective parks/nature access and life satisfaction. The one 

inconsistency is perceptions of walkability, which we observe to have a statistically not 

significant association, whereas Kent et al. (2017) finds a statistically significant life 

satisfaction–promoting association. The lack of statistical significance that we observe for this 

factor in Model 13 might be due to strong associations between this factor and the accounted-for 

linking factors (neighborhood identification, exercise, etc.), which Kent et al. (2017) do not 

account for. The R2 of the Kent et al. (2017) model is not directly comparable to our model, due 

to specification differences (Tobit versus OLS regression). The R2s of studies that capture 

perceptions of the built environment are generally higher than those that capture objective 

features alone (see overview in Ettema & Schekkerman, 2016).   

 We also have done extensive standard OLS post-estimation tests and analysis to guard 

against the potential for Type I or II error, including examining the efficiency of our model in 

accounting for life satisfaction, the potential for omitted variable bias, and the ways that our 

explanatory factors interact with other variables (see UC Board of Regents, 2019, for details on 



these tests; output available on request). We found no evidence of overt, major issues that may 

be leading to errors through these tests or potentially inflating the percentage of variance in life 

satisfaction that we are able to account for in our models. Further, the effects that we document 

largely persist across the models, from simple bivariate specifications to more complex 

specifications that account for various individual and neighborhood factors related to life 

satisfaction (see Models 1–13 in Tables 4 and 5).    

 A third concern is the statistical power of analysis, given the size of our sample and 

number of variables in our models. A “rule of thumb” for assessing statistical power is having a 

10:1 ratio between observations and independent variables, or 10 observations per variable 

(Harrell, Lee, & Mark, 1996). Our analysis includes 475 observations and 22 variables; 475/22 = 

approximately 22 observations per variable. Thus, there are no overt issues with statistical power 

in our models using this rule of thumb.  
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Table 1A: Characteristics of Survey Sampling Census Tracts

Name Municipality
Distinct 

Ecological 
Features

Intraregional 
Geography

Avg. Year of 
Housing 

Development
Median Per 

Capita Income
% Persons of 

Color
Population 
Density Per 
Square KM

# of Nested 
Block Groups

# of 
Participants

X17 Tempe River/Wash Urban Core 1982 $24,000 50% 6,161 1 38

U18 Phoenix River/Wash Urban Core 1953 $12,000 95% 3,409 1 31

711 Phoenix None Urban Core 1971 $11,000 85% 2,656 2 18

V14 Phoenix Desert 
Preserve Urban Core 1981 $32,000 29% 1,694 3 47

W15 Phoenix Desert 
Preserve Urban Core 1968 $73,000 12% 801 1 56

IBW Scottsdale Urban Park Inner Ring 
Suburban 1974 $41,000 18% 1,588 1 37

Q15 Phoenix Agricultural Inner Ring 
Suburban 2001 $22,000 76% 559 1 38

R18 Phoenix River/Wash Inner Ring 
Suburban 2003 $15,000 88% 505 7 28

TRS Phoenix River/Wash Outer Ring 
Suburban 2006 $18,000 83% 1,292 9 29

PWR Gilbert Agricultural Outer Ring 
Suburban 2007 $33,000 26% 951 18 60

U21 Phoenix Desert 
Preserve

Outer Ring 
Suburban 1995 $54,000 24% 812 4 51

AA9 Scottsdale Desert 
Preserve

Outer Ring 
Suburban 2000 $88,000 14% 158 9 42

Sources: Larson et al. (2017); U.S. Census Bureau (2016); U.S. Census Bureau (2018); Maricopa County Assessor's Office (2017)
Note: Urban core neighborhoods are located within 5 miles of downtown Phoenix or within 1.5 miles of other large city 
downtowns. The outer ring suburban neighborhoods have a significant amount of undeveloped land. The other 
neighborhoods were classified as inner ring suburban. River/wash signifies the Salt River channel, which is dry much of the 
year due to water storage upstream. The # of Participants reflects the final number of particpants included in the analysis (475).



Table 2A: Measures

Variable Description Scale Source

Outcome

Life Satisfaction

Average factor score refecting respondents' agreement or disagreement with the following 
statements (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): “In most 
ways my life is close to ideal;” “The conditions of my life are excellent;” “I am satisfied with 
my life;” “So far I have gotten the important things I want in life;” and “If I could live my life 
over, I would change almost nothing.” Ranges from 1 (low life satisfaction) to 5 (high life 

satisfaction). Cronbach's alpha: 0.86.

Individual
Larson et al. 

(2017); Diener 
et al. (1985)

Objective Built Environment Factors 

Walkability
 Rank based on neighborhood street intersection density, proximity to transit stops, and 

diversity of land uses; relative to U.S. neighbrohoods. Ranges from 0 (low walkability) to 20 
(high walkability).  

Census Block Group

U.S. 
Environmental 

Protection 
Agency (2013, 

2017)

Transit Accessibility

 Weighted index based on neighborhood transit route proximity, coverage area, available 
trips per week, and service frequency; relative to U.S. neighborhoods. All forms of transit 

included (e.g., bus, rail, streetcar, etc.), with data originating from a 2018 database of 
General Transit Feed Specification (GTFS) data. Ranges from 0 (low accessibility) to 100 
(high accessibility). The index was logged to account for the positive or right skew of the 

data (few participants lived in neighborhoods with high transit accessibility).

Census Block Group

Center for 
Neighborhood 

Technology 
(2019a, 
2019b)

Parks Acreage Acreage of official municipal and county parks within a two-mile neighborhood buffer. Census Block Group
AZ GEO 

Clearinghouse 
(2013)

Perceived Built Environment Factors 

Agrees Neighborhood Has 
Places to Walk to Nearby

Binary variable reflecting respondents' agreement or disagreement with the following 
statement (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): "There 
are many places to go within easy walking distance of my home." Recorded as 1 (strongly 

agree or somewhat agree) or 0 (neither disagree nor agree, somewhat disagree, or strongly 
disagree).

Participant-Defined 
Neighborhood 

Boundaries

Larson et al. 
(2017); Sallis 
et al. (2009)

Agrees Neighborhood Transit 
is Easy to Walk to

Binary variable reflecting respondents' agreement or disagreement with the following 
statement (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): "It is easy 

to walk to a transit stop, either bus or light rail, from my home." Recorded as 1 (strongly 
agree or somewhat agree) or 0 (neither disagree nor agree, somewhat disagree, or strongly 

disagree).

Participant-Defined 
Neighborhood 

Boundaries

Larson et al. 
(2017); Sallis 
et al. (2009)

Satisfied with Amount of 
Neighborhood Parks and 
Open Spaces 

Binary variable reflecting respondents' satisfaction or disatisfaction with  "the amount of 
neighborhood parks and open spaces...in and around [their] neighborhood" (five-point Likert 

scale (from strongly satisfied (5) to strongly dissatisfied (1)). Recorded as 1 (strongly 
satisfied or somewhat satisfied) or 0 (neither dissatisfied nor satisfied, somewhat 

dissatisfied, or strongly dissatisfied).

Participant-Defined 
Neighborhood 

Boundaries
Larson et al. 

(2017)

Linking Factors

Neighborhood Social Capital

Average factor score refecting respondents' agreement or disagreement with the following 
statements (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): “I live in 
a close-knit neighborhood;” “I can trust my neighbors;”  “My neighbors don't get along;” and  

“If there were a serious problem in my neighborhood, the residents would get together to 
solve it.” Negative statements reversed. Ranges from 1 (low social capital) to 5 (high social 

capita). Cronbach's alpha: 0.79.

Participant-Defined 
Neighborhood 

Boundaries

Larson et al. 
(2017); Larsen 

et al. (2004)

Neighborhood Identification

Average factor score refecting respondents' agreement or disagreement with the following 
statements (five-point Likert scale (from strongly agree (5) to strongly disagree (1)) “I feel my 
neighborhood is a part of me;”  “My neighborhood is very special to me;” “I identify strongly 
with my neighborhood;” “I am very attached to my neighborhood;” and “My neighborhood 

means a lot to me.” Ranges from 1 (low identification) to 5 (high identification). Cronbach's 
alpha: 0.96. 

Participant-Defined 
Neighborhood 

Boundaries

Larson et al. 
(2017); 

Williams and 
Vaske (2003)

(Continued on next page)



Table 2A: Measures (cont.)

Variable Description Scale Source
Agrees Neighborhood 
Environment…

Promotes Criminal 
Activities (Disorder) 

Binary variable reflecting respondents' agreement or disagreement with the following 
statement (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): the 

“environment of neighborhood...promotes criminal activities.”  Recorded as 1 (strongly agree 
or somewhat agree) or 0 (neither disagree nor agree, somewhat disagree, or strongly 

disagree).

Participant-Defined 
Neighborhood 

Boundaries
Larson et al. 

(2017)

Allows for Nature 
Engagement 

Binary variable reflecting respondents' agreement or disagreement with the following 
statement (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): the 

“environment of neighborhood...provides opportunities...to explore and learn about nature.” 
Recorded as 1 (strongly agree or somewhat agree) or 0 (neither disagree nor agree, 

somewhat disagree, or strongly disagree).

Participant-Defined 
Neighborhood 

Boundaries
Larson et al. 

(2017)

Allows for Physical 
Activity 

Binary variable reflecting respondents' agreement or disagreement with the following 
statement (five-point Likert scale (from strongly agree (5) to strongly disagree (1)): the 

“environment of neighborhood...provides opportunities...for physical activities.” Recorded as 
1 (strongly agree or somewhat agree) or 0 (neither disagree nor agree, somewhat disagree, 

or strongly disagree).

Participant-Defined 
Neighborhood 

Boundaries
Larson et al. 

(2017)

Individual Controls

Adjusted Household Income

The midpoint of respondents' reported income range (the top value was $200k). Incomes 
were adjusted for household size by dividing the midpoint household income by the square 

root of the household size. This adjustment assumes that a two-person household only 
needs 1.414 the income of a one-person household to be equally well off (see Burkhauser & 
Larrimore, 2014). Income was also transformed into a quadratic variable to account for the 
well-documented non-linear relationship between happiness and income (the happiness 

plateau at the upper-middle income threshold) (Dolan et al., 2008). 

Individual
Larson et al. 

(2017); Dolan 
et al. (2008)

College Educated Binary variable reflecting respondents' attainment of at least a four-year college degree. 
Recorded as 1 (degree obtained) or 0 (degree not obtained). Individual Larson et al. 

(2017)

Age
 Respondents' age. This measure was transformed into a quadratic variable to account for 

the well-documented non-linear relationship between happiness and age (the anticipated dip 
in happiness during middle age) (Dolan et al., 2008). 

Individual
Larson et al. 

(2017);  Dolan 
et al. (2008)

Non-Hispanic White 
Binary variable reflecting respondents' reported race or ethnicity. Recorded as 1 ("White or 

Anglo" and not of "Mexican, Mexican-American, Chicano, Hispanic, Latino, or...Spanish 
background") or 0 (Not "White or Anglo").

Individual Larson et al. 
(2017)

Homeowner Binary variable reflecting respondents' tenure. Recorded as 1 (current home is owned) or 0 
(current home is not owned). Individual Larson et al. 

(2017)

Perceives Neighborhood 
Geography Narrowly

Binary variable reflecting whether or not respondents perceived their neighborhood as "the 
block or street" that they "live on" or "several blocks or streets in each direction from [their] 
home." Recorded as 1 (neighborhood perceived as up to several blocks or streets near the 

home) or 0 (neighborhood perceived as "the area within a 15 minute walk" or "an area larger 
than a 15 minutes walk" from the home.

Individual Larson et al. 
(2017)

Neighborhood Demographic 
Controls

Long Term Residents The percentage of households living in the neighborhood for seven years or more. Census Block Group U.S. Census 
Bureau (2017)

Linguistic Diversity
Entropy score reflecting the diversity of languages spoken in the neighborhood (Theil, 1972; 
see Iceland, 2004 for the formula). The following U.S. Census Bureau language categories 

were accounted for: English, Spanish, Indo-European, Asian and Pacific Islander, and Other. 
Ranges from 0 to 1.61, with higher values conveying greater diversity. 

Census Block Group U.S. Census 
Bureau (2017)

Poverty The proportion of families living at or below the poverty line. Census Block Group U.S. Census 
Bureau (2017)



Table 3A: Relationships Between Objective and Perceived Neighborhood Walkability, Transit, and Parks (n=475)

Agrees 
Neighborhood 
Has Places to 

Walk to Nearby

Does Not 
Agree 

Neighborhood 
Has Places to 

Walk to Nearby

Agrees 
Neighborhood 
Transit is Easy 

to Walk to

Does Not 
Agree 

Neighborhood 
Transit is Easy 

to Walk to

Satisfied with 
Amount of 

Neighborhood 
Parks and 

Open Spaces

Not Satisfied 
with Amount of 
Neighborhood 

Parks and 
Open Spaces

Objective Built Environment Factors 

Walkability 7.9 7.6

Transit Accessibility (Ln) 6.0*** 2.4***

Parks Acreage 2.1 1.6

N 171 302 221 253 302 170

Source: Larson et al. (2017); U.S. Environmental Protection Agency (2013); Center for Neighborhood Technology (2019a); 
AZGEO Clearinghouse (2013)
Note: Cells report averages.
*** p<0.001 ** p<0.01 * p<0.05

Variables

T-Tests of Differences in Means



Model 3: 
Objective 

NBE

Model 4: 
Perceived 

NBE

Model 5: 
Objective 

NBE

Model 6: 
Perceived 

NBE

Model 7: 
Objective 

NBE

Model 8: 
Perceived 

NBE

Model 9: 
Objective 

NBE

Model 10: 
Perceived 

NBE

Model 11: 
Objective 

NBE

Model 12: 
Perceived 

NBE

Built Environment Factors 

Walkability 0.046*           
(0.020)

0.033*       
(0.016)

0.041*         
(0.017)

0.038        
(0.020)

0.038*        
(0.018)

0.045*       
(0.020)

Agrees Neighborhood Has Places to 
Walk to Nearby

0.101            
(0.076)

0.034          
(0.065)

0.062        
(0.069)

0.063       
(0.076)

0.071        
(0.075)

0.078       
(0.075)

Transit Accessibility (Ln) -0.027**         
(0.009)

-0.014        
(0.008)

-0.023**       
(0.008)

-0.020*       
(0.009)

-0.022*           
(0.009)

-0.022*       
(0.009)

Agrees Neighborhood Transit is Easy 
to Walk to

-0.114           
(0.106)

-0.041         
(0.093)

-0.107       
(0.100)

-0.079       
(0.110)

-0.124        
(0.101)

-0.126        
(0.103)

Parks Acreage 0.037*           
(0.018)

0.020         
(0.016)

0.026        
(0.015)

0.033        
(0.018)

0.029         
(0.016)

0.033*        
(0.016)

Satisfied with Amount of 
Neighborhood Parks and Open 
Spaces

0.389***               
(0.091)

0.245**          
(0.080)

0.277**       
(0.092)

0.344***        
(0.088)

0.305**       
(0.103)

0.318**        
(0.106)

Linking Factors

Neighborhood Social Capital 0.305***         
(0.050)

0.299***          
(0.053)

Neighborhood Identification 0.227***      
(0.040)

0.211***       
(0.044)

Agrees Neighborhood Environment…

Promotes Criminal Activities 
(Disorder) 

-0.353**       
(0.121)

-0.341**      
(0.116)

Allows for Nature Engagement 0.313**       
(0.094)

0.284*       
(0.117)

Allows for Physical Activity 0.286**       
(0.090)

0.208         
(0.114)

Individual Controls

Perceives Neighborhood Geography 
Narrowly

-0.177**              
(0.061)

-0.169*         
(0.065)

-0.148*           
(0.060)

-0.115        
(0.068)

-0.103           
(0.063)

-0.189**       
(0.070)

-0.161**       
(0.061)

-0.165*       
(0.070)

-0.147*      
(0.062)

-0.178**      
(0.066)

-0.163**         
(0.060)

Constant 3.256***          
(0.121)

3.593***          
(0.099)

2.437***        
(0.188)

2.614***         
(0.158)

2.556***      
(0.204)

2.863***       
(0.146)

3.497***        
(0.146)

3.665***           
(0.095)

3.268***      
(0.134)

3.496***        
(0.078)

3.182***       
(0.147)

3.503***         
(0.074)

F 9.160 7.620 22.850 23.370 27.090 17.540 12.060 9.290 9.850 8.380 9.550 7.700

Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

R-Squared (Models Excluding 
Participants with Missing Variable Values) 0.061 0.073 0.171 0.165 0.150 0.136 0.096 0.092 0.108 0.098 0.097 0.081

Source: Larson et al. (2017); U.S. Census Bureau (2017); U.S. Environmental Protection Agency (2013); 
Center for Neighborhood Technology (2019a); AZGEO Clearinghouse (2013)
Note: Cells report the estimated effect and standard error (in parentheses).
*** p<0.001 ** p<0.01 * p<0.05

Allows for Physical Activity

Table 4A: Direct and Not Direct Associations Between Life Satisfaction and Objective and Perceived Neighborhood Walkability, Transit, and Parks (n=475)

Variables
Model 1:                      

Objectived 
NBE Only

Model 2:                      
Perceived 
NBE Only

Linking Factors

Social Capital Identification
Agrees Neighborhood Environment…

Promotes Criminal 
Opportunities (Disorder)

Allows for Nature 
Engagement



Table 5A: Associations Between Linking Factors and Neighborhood Walkability, Transit, Parks, and Geographic Perceptions (n=475)

Objective 
NBE

Perceived 
NBE

Objective 
NBE

Perceived 
NBE

Objective 
NBE

Perceived 
NBE

Objective 
NBE

Perceived 
NBE

Objective 
NBE

Perceived 
NBE

Built Environment Factors 

Walkability -0.047**       
(0.016)

-0.055       
(0.031)

-0.042       
(0.068)

-0.092       
(0.099)

-0.199*      
(0.099)

Agrees Neighborhood Has Places to 
Walk to Nearby

0.198        
(0.104)

0.190        
(0.106)

-0.758       
(0.383)

0.514        
(0.278)

0.766*        
(0.350)

Transit Accessibility (Ln) -0.001        
(0.009)

0.025        
(0.014)

0.054        
(0.034)

0.025        
(0.034)

0.023       
(0.029)

Agrees Neighborhood Transit is Easy 
to Walk to

-0.054        
(0.087)

0.141*       
(0.059)

0.596*        
(0.259)

0.593*          
(0.275)

0.697**     
(0.255)

Parks Acreage -0.013          
(0.016)

-0.014       
(0.024)

0.026       
(0.054)

-0.025        
(0.045)

-0.053       
(0.055)

Satisfied with Amount of 
Neighborhood Parks and Open 
Spaces

0.330**       
(0.109)

0.440***       
(0.101)      

-0.808***        
(0.241)

1.034***       
(0.235)

1.422***       
(0.277)

Perceives Neighborhood Geography 
Narrowly

-0.056         
(0.067)

-0.037        
(0.066)

-0.367***     
(0.070)

-0.318***      
(0.066)

0.384*        
(0.188)

0.339         
(0.209)

-0.451       
(0.233)

-0.331        
(0.252)

-0.359       
(0.206)

-0.229       
(0.248)

F 10.590 18.490 12.820 14.550 8.390 14.410 5.730 13.080 4.100 27.350

Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Source: Larson et al. (2017); U.S. Census Bureau (2017); U.S. Environmental Protection Agency (2013); 
Center for Neighborhood Technology (2019a); AZGEO Clearinghouse (2013)
Note: Cells report the estimated effect and standard error (in parentheses). Individual and neighborhood controls included but suppressed.
*** p<0.001 ** p<0.01 * p<0.05

Variables

Linking Factors

OLS Models Logit Models: Agrees Neighborhood Environment…

Social Capital Identification Promotes Criminal 
Opportunities (Disorder)

Allows for Nature 
Engagement Allows for Physical Activity




