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Abstract 

This study evaluates empirical evidence of a relationship between social characteristics of 

neighborhoods, disorder, and chronic disease outcomes in a representative, longitudinal sample 

of adults in Los Angeles County, CA (n=900).   

Theory suggests that key population characteristics cause a breakdown of social control 

within neighborhoods, which leads to both social and physical disorder.  When residents 

encounter disorder in neighborhoods, it can cause fear of victimization and social isolation, each 

sources of psychosocial stress.  Disorder in neighborhoods is therefore a source of chronic stress 

and exposure to it over time can lead to chronic disease.  In this study I look at three health 

outcomes among adults: hypertension, obesity, and depression. I also examine how the 
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relationship between neighborhood characteristics and health outcomes varies by personal 

income.   

I use data from two waves of the Los Angeles Family and Neighborhoods Survey, 

collected in 2000-2001 and 2006-2008 respectively.   I use multilevel and standard OLS and 

logistic regression models to show the relationship between neighborhood characteristics at the 

first data wave and health outcomes at the second data wave, an average of 6.7 years later, net of 

individual-level controls.  Models show the effect of neighborhood on change in health.   

My findings suggest that neighborhood poverty and observed physical disorder have a 

measurable effect on increases in blood pressure only.  This relationship is contingent on 

individual income, and the direction of the interaction is unexpected—people whose incomes are 

mismatched with the poverty status of the area in which they live have higher blood pressure 

than those whose income is similar to the area in which they live.  The effects of neighborhood 

characteristics are not mediated by disorder, contrary to findings of other studies.  I find no 

residual effect of neighborhood on change in BMI, possibly because the time window is not long 

enough to capture the important exposures.  I also find no effects for depression, probably due to 

low prevalence of depression in my sample.   

I also present a sensitivity analysis of the models to specification of neighborhood scale 

using four different geographic scales derived from census geography.  Finally, I present results 

from a novel way of operationalizing “neighborhood” using time-weighted activity spaces.  My 

main results are robust to these changes to the definition of neighborhood.   
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Chapter 1: Introduction  
In the past twenty years, public health research has placed growing emphasis on how 

neighborhoods affect human health and social well-being.  This trend reflects a renewed interest 

in the contextual factors which can influence individual health outcomes.  Because 

neighborhoods are strongly patterned by race and class in the United States and elsewhere, 

differences in both social and physical aspects of neighborhoods can also help to explain and 

address health and social inequalities.  When some people are differentially likely to spend time 

in disadvantaged neighborhoods due to segregation, and those neighborhoods influence their 

health, the neighborhood context can help to explain disparities in health outcomes across social 

groups.   

Theories of how neighborhood affects health are based on the principle that people are 

embedded in a social and spatial context, and are therefore exposed to elements in their 

environment which may be harmful to health.  A broad interpretation of this classic 

epidemiology exposure model suggests that in addition to physical characteristics, the social 

context of the neighborhood may influence health, specifically by influencing exposure to 

stressors.  When stressors accumulate over time, they may have deleterious effects on health, 

including obesity, elevated blood pressure, and poor mental health. 

Although other researchers have hypothesized that the characteristics of where we spend 

our time affect our health, well-being, and other aspects of our lives, strong evidence for a causal 

pathway has been hard to find.  Many previous studies have looked at the relationship between 

neighborhood characteristics and health outcomes.  However, the empirical evidence is 

inconsistent—sometimes a relationship between a given neighborhood characteristic and health 
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outcome is significant, and in another study the same relationship is not supported.  In one 

notable study, the effect of neighborhoods on health is contingent on individual-level wealth. 

The disparate evidence thus far has two possible etiologies.  Either neighborhood 

characteristics are not causally related to health outcomes, at least not very strongly, or we are 

not measuring neighborhoods and specifying theoretical and empirical models appropriately.  

Given that little consensus exists on how to best measure and model such effects, additional 

research is needed to eliminate the possibility that true neighborhood effects are being masked by 

inappropriate methods.  This study addresses the issue of appropriateness of analytic approaches 

by giving careful attention to the issue geographic scale of neighborhoods, and by specifying and 

testing a theoretically grounded model using longitudinal data.   

Questions and Hypotheses 

The overarching question I address here is: do neighborhood-level stressors have a 

cumulative effect on individual stress-related health outcomes?    

My aim is to evaluate evidence for a causal link between neighborhood stressors and 

individual health outcomes.  I present a series of models showing the effects of neighborhood 

social context measures on three key chronic disease outcomes: obesity, hypertension, and 

depression.   

Question 1a: Is neighborhood-level stress exposure associated with contemporaneous 

individual-level health outcomes?    

Question 1b: Is neighborhood-level stress exposure associated with the progression of 

chronic disease after a time lag of 7 years?   

Question 1c: Is the association between neighborhood-level stress exposure and 

worsening chronic disease dependent on individual-level income?   
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The first section is a comparison of cross-sectional models and a more rigorous test using 

a longitudinal sample. I test a theory-driven model of neighborhood social context as a stressor 

leading to chronic disease.  First I use cross-sectional data, and then I elaborate the model to a 

longitudinal measure of new onset disease in order to establish temporal order between 

neighborhood-level exposure to stress at time 1 and individual-level health outcomes at time 2.  

In all models, I include a cross-level interaction between neighborhood-level stressors and 

individual-level income.   

Hypothesis 1a: Neighborhood-level stress exposure at time 1 will have a significant 

relationship to adult hypertension, obesity, and depression at time 1, controlling for possible 

sources of spuriousness.   

Hypothesis 1b: Neighborhood-level stress exposure at time 1 will have a significant 

relationship to adult hypertension, obesity, and depression at time 2, controlling for possible 

sources of spuriousness and for health status at time 1.   

Hypothesis 1c: Individual-level income modifies the relationship between neighborhood-

level stress exposure at time 1 and adult hypertension, obesity, and depression at time 2, 

controlling for possible sources of spuriousness and for health status at time 1.   

 

Question 2:  Are the relationships between social characteristics of the people in 

neighborhoods and chronic disease outcomes mediated by physical disorder?   

This question has two purposes: first, it tests the theoretical model I employ to explain the 

relationship between neighborhood social characteristics, physical disorder, and chronic disease 

outcomes.  It shows whether the causal path between social environment and health outcomes is 

mediated by physical disorder.  The question also asks whether substituting the social 
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characteristics of people living in neighborhoods for a more direct measure of disorder is a valid 

way to measure the construct disorder.  Due to their high expense, directly observed measures of 

disorder are rare in survey data.  Many researchers have substituted social characteristics of 

neighborhoods, such as that available from the census.  In this section, I look at the relationship 

between disorder and outcomes compared to social characteristics and outcomes, and I test a 

mediation model, in which disorder is hypothesized as a mediator between social characteristics 

of neighborhoods and outcomes.    

Hypothesis 2: The relationship between neighborhood-level social characteristics and 

adult hypertension, obesity, and depression is mediated by physical disorder at the neighborhood 

level.   

 

Question 3: Is this model sensitive to specification of neighborhood scale? 

The third section explores the appropriateness of assuming that census tracts are good 

measures of the geographic scale of neighborhoods for the purpose of the study of social context 

and chronic disease in adults.  I compare the results of models using census blocks, tracts, first-

order contiguous tracts, and second-order contiguous tracts, respectively, as the operational 

definition of neighborhood.   

Hypothesis 3: Operationalizing the neighborhood using census tracts is not driving any 

results I find; the results of the neighborhood effects model will be robust to operationalizing 

neighborhood at sub-tract and super-tract levels.   

 

Question 4:  To what extent do the stressors in the aggregation of places people typically 

spend time contribute to the effect of neighborhood on stress-related health outcomes?   
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The last section compares the use of residential neighborhood to a more complex system 

of capturing exposure to social characteristics of place.  Most people spend a substantial amount 

of each day outside the confines of their residential census tract—people go to work; they visit 

the doctor; they go grocery shopping.  If we think that people are exposed to stress as a result of 

the characteristics of the places where they spend time, it stands to reason that this does not apply 

only to their place of residence.  Stressors may accumulate over the course of each day in all the 

places people go.  If those other places have very different levels of stress exposure, then we 

must account for the time spent away from home in our definition of place-based stress exposure.   

Hypothesis 4: a measure reflecting the conditions of the places a person goes during a 

typical day or week—in addition to home neighborhoods—will be more closely related to health 

outcomes than a measure based entirely on the residential tract characteristics.   
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Chapter 2. Background and significance 

Chronic Stress Exposure and allostatic load 

Through millennia of evolution, humans and other animals have adapted mechanisms to 

cope with immediate physical danger by preparing the body to “fight or flee.”  Upon recognizing 

a stressful stimulus, the nervous and endocrine systems generate an immediate physiologic 

response by releasing stress hormones (McEwen 2008).  When stress hormones are repeatedly 

released, they fatigue hormone receptor cells and lead to impairment in their ability to maintain 

allostasis—the body’s regulatory systems for blood pressure, heart rate, breathing rate, 

temperature, and other internal systems.  This fatigue in turn leads to chronic illness and 

increased susceptibility to infectious disease (McEwen 1998, 2008; Seeman et al. 1997).  People 

who are frequently exposed to stressors exhibit a stronger and more persistent hormonal stress 

response than those infrequently exposed, suggesting that chronic exposure is cumulative—the 

more exposure you have, the more damaging the biologic response becomes (Hill et al. 2005).  

This “cumulative wear and tear on the body’s systems owing to repeated adaptation to stressors” 

is known as allostatic load (Geronimus et al. 2006). 

Although the biologic stress response likely evolved to help us respond quickly to 

physical threats such as altercations with snakes and leopards, it is equally triggered by stressors 

in the social environment such as people behaving aggressively, or feelings of isolation, hassle, 

threat, or discrimination (Pearlin 1989; Turner 2010).  Sometimes, potential stressors in the 

social environment are reflected in the physical environment—for example, in a deregulated 

neighborhood, there are often physical markers of social problems such as graffiti, litter, and 

poorly maintained property (Sampson & Raudenbush 1999).  These physical signs of disorder 

could be a source of stress for residents who experience them.  Stress is produced primarily 
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because the physical signs of disorder indicate a social environment that is breaking down.  For 

example, viewing graffiti on your neighbor’s garage door is not likely to directly cause stress 

(although it might make you angry if it’s on your garage), but knowing that violent street gangs 

are warring over your block probably does trigger feelings of threat to personal safety.  This is 

true even if you never see gang-related violence or even the gang members in person.  Thus both 

the social and the physical environment are potential sources of chronic stress.  Repeated 

exposure to stressors in the neighborhood context can result in allostatic load.   

Two features of the allostatic load hypothesis described above are critical for this study.  

First, some chronic stressors are social in origin, and can exist in the environment in which a 

person lives (Aneshensel 2010).  In this construction, environmental stress exposure is 

exogenous to the person—people are passively exposed to elements of their environment.  The 

exposure-disease epidemiology framework does not really account for the role of individual 

agency in disease exposures.  However, in my full conceptual model, which will be explained 

below, I consider how people modify their own experience of the environment according to their 

personal characteristics and resources.
1
  This conceptualization of stress exposure makes it 

possible to use the exposure-disease framework of classic epidemiology, which is the basis for 

my conceptual model of neighborhoods as a context of exposure to stress.   

Second, allostatic load accumulates over time, and should exhibit a dose-response 

relationship to the chronic stressors which cause it.  We expect stress exposure to occur in small 

doses, not in a single critical event like exposure to a virus.  The biological response 

accumulates, becoming worse the more one is exposed.  In this way, chronic stress exposure 

accumulates over the life course.  Therefore stressful environments should exhibit a dose-

                                                 
1
 In my postdoctoral project I plan to look specifically at how and why people select the geospatial environments in 
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response relationship with associated health outcomes—the larger the chronic stress exposure, 

the stronger the expected response in disease outcomes.   

Focal independent variable: Neighborhoods as a context for stress exposure 

 Although social context has been well-studied as a source of chronic stress (Pearlin 1989; 

Turner 2010), geographically-defined neighborhoods as settings for exposure to chronic stress 

are a relatively new concept (Aneshensel 2010).  Previous researchers have focused on two 

related sources of stress in the neighborhood context: disorder and concentrated disadvantage.  

Both of these are hypothesized to lead to poor health outcomes due to their cumulative effects on 

the body, producing allostatic load.      

Disorder as a neighborhood-level stressor 

The disorder construct is derived from the criminology theory of social control, defined 

as “the capacity of a social unit to regulate itself according to desired principles—to realize 

collective, as opposed to forced, goals” (Sampson & Raudenbush 1999).  In other words, social 

control in this context is the ability of neighborhood residents to enforce their collective 

behavioral norms.  Disordered elements in a neighborhood serve as a visual marker of a 

neighborhood whose social fabric is fraying; the  presence of disorder is an indicator of poor 

localized social control (Sampson & Raudenbush 1999; Wilson 1987).  Disorder may be either 

social (i.e., involving people or their behavior directly observed) or physical (i.e., involving 

aspects of the durable landscape that reflect past human behavior).  Signs of disorder may 

include, among others, graffiti, litter, dilapidated buildings, vacant business lots, public 

drunkenness and vagrancy (Ross 2000; Ross & Mirowsky 2001; Sampson & Raudenbush 1999; 

Skogan 1990).  Note that disorder here is not an indicator in the sense that it’s just a measure 

scientists use to capture an idea.  It is present in the neighborhood environment, and it serves as 
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an indicator to the residents that social control has broken down.  A social environment in which 

social control is not functional is unpredictable and possibly violent.  Residents feel that they 

cannot trust their neighbors to help enforce norms that keep everyone safe from harm.  The 

breakdown of social control and the experience of disorder indicators can therefore make 

residents feel isolated and threatened by their social environment (Ross 2000; Taylor & Hale 

1986).   

Social control and perception of threat are reciprocally related to one another; the more 

people perceive that they are personally threatened by poor social control in the neighborhood, 

the more they withdraw from the public life of their neighborhood (Jacobs 1961; Sampson & 

Raudenbush 2004).  But this withdrawal leads to truncated social networks and fewer people 

available in public spaces to enforce social norms—further undermining social control (Jacobs 

1961; Massey & Denton 1993; Skogan 1990).   

The social control theory goes even further.  Disorder in the neighborhood serves as a 

visual marker of social control problems to any observer—not just the residents, who probably 

wish social control was better.  In theory, predatory criminals readily perceive the disordered 

neighborhood as weak on social control as well.  They notice the failure of neighbors to look out 

for one another and the absence of protective foot traffic providing “eyes on the street,” and are 

attracted to the neighborhood as a good target for wrongdoing (Jacobs 1961; Wilson & Kelling 

1982).  More petty criminals—for example, vagrants, drunks, and litterers—also perceive that 

consequences for their actions are unlikely in a disordered place.  Such troublemakers may be 

attracted to disordered places from other places, or perhaps people already in disordered places 

might feel more free to behave badly than they would in a place with better social control.  Thus 

social control, fear of crime, and crime itself are all bound up in a feedback effect.  People who 
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can afford to relocate to better neighborhoods will prefer to escape this kind of decay, leaving 

behind those with the least resources, leading to concentrated disadvantage within disordered 

neighborhoods (Wilson 1987).    

Because it produces feelings of threat and isolation, neighborhood disorder has been 

hypothesized to act as a source of chronic stress.  Living in a disordered neighborhood might 

cause chronic stress along two pathways: perception of threat and truncated social networks.  As 

I described above, living in a disordered community results in fear of victimization, feelings of 

being threatened, mistrust of one’s neighbors, and experience of daily hassles—which all cause 

stress (Ross & Mirowsky 2001; Schempf et al. 2009).  Furthermore, as disorder increases, 

residents retreat from public spaces.  At the neighborhood level, this further weakens social 

control.  But at the individual level, it can also trigger feelings of isolation, anger, and 

hopelessness (Burdette & Hill 2008; Cohen et al. 2006).  Social isolation has been shown to have 

an association with chronic stress in several settings, including spatially grounded ones 

(Berkman et al. 2000).   

Past research has shown associations between disorder and a variety of health outcomes 

related to chronic stress.  For example, Aneshensel and Sucoff (1996) find that neighborhood 

disorder (which they call “ambient threat”) is associated with mental health problems among 

adolescents, net of individual predictors of mental health.  Ross (2000) finds a similar 

relationship among neighborhood disorder and depression among adults, and furthermore finds 

that disorder completely mediates the relationship between neighborhood socioeconomic 

disadvantage and depression—this will become important in my next section.  Kim (2008) 

conducted a systematic review of the literature on major depression and neighborhood 

environment, and concludes that the evidence so far supports an association between 
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neighborhood social disorder and major depression generally.  Burdette and Hill (2008) present 

evidence that perceived neighborhood disorder is associated with obesity among adults, and that 

this relationship is mediated by a measure of psychological distress.  Mujahid et al. (2008) find 

that residents of neighborhoods with worse safety and social cohesion—a measure of social 

control—had higher risk of hypertension, although not when individual-level race/ethnicity was 

included as a control variable.  Finally, Ross and Mirowsky (2001) expressly test a theoretical 

model similar to mine.  They find that the relationship between neighborhood socioeconomic 

disadvantage and general health status is mediated entirely by the perceived fear and 

psychological distress of experiencing neighborhood disorder.   

Concentrated disadvantage as a neighborhood-level stressor 

A second focus of the neighborhood effects/chronic stress literature is on the effects of 

neighborhood-level socioeconomic status, particularly concentrated disadvantage.  Following a 

rise in income inequality in the last part of the 20
th

 century, residential segregation by income 

and race increased dramatically (Massey & Denton 1993).  The race/ethnic minority poor 

became increasingly concentrated in space, forming homogenous pockets in the urban “inner-

cities” in many U.S. cities (Jencks & Mayer 1990; Wilson 1987).  Thus, the most disadvantaged 

people in society became socially and physically isolated from other groups.  Although the 

concept of an inner-city is a little hard to interpret in the Los Angeles context because the city 

lacks the historic central core of many old-guard East coast cities, Los Angeles has nonetheless 

been profoundly affected by the “white flight” phenomenon described by Jencks et al. and 

Wilson.  Los Angeles has some deeply entrenched disadvantaged areas with high concentrations 

of poor and racially/ethnically disadvantaged residents, and the most disadvantaged people in 
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Los Angeles are quite socially and spatially isolated (Charles 2000; Jones & Pebley 2012; Pebley 

& Sastry 2009).   

The presence of high levels of poverty or indices of concentrated disadvantage within a 

neighborhood has sometimes been shown to have a relationship with individual-level markers of 

allostatic load, over and above the effects of individual-level socioeconomic status (Aneshensel 

2010; Diez Roux 2007; Diez Roux et al. 2001; Kim 2008; Mujahid et al. 2008; Ross 2000; 

Timberlake 2007).  The mediators of this relationship are unclear.  One hypothesis is that in 

neighborhoods with concentrated disadvantage, resources are poor.  The resources in question 

may include assets in the physical landscape such as health care facilities and grocery stores.  

They may also include assets available via local social networks, including information, 

collective efficacy, and social capital.  This resource-poverty is supposed to contribute to poorer 

health (Cohen et al. 2006; Granovetter 1983; Prentice 2006).  Many studies using obesity as an 

outcome have suggested that poor food and/or physical activity environments are more likely in 

disadvantaged neighborhoods.  These neighborhood resource-based theories are not my focus 

here.  They draw attention away from the neighborhood as a source of stress and often leave the 

biological link between resources and outcomes unclear.   

The assumption I make in this work is that neighborhood disadvantage and disorder are 

themselves causally related.  This assumption supported by theory and empirical evidence.  Poor 

people have less resources and time to invest in their neighborhood, so in neighborhoods with 

concentrations of poverty, people on average are not able to invest as heavily in maintaining 

social control, leading to disorder (Ross 2000; Sampson et al. 1997).  Also, poor people are more 

likely to experience social problems such as homelessness, crime, drug abuse, etc.  Thanks to 

segregation by race and income and the confluence of poverty and social problems, social 
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problems are clustered in space, leading to a higher level of disorder in poor and race/ethnic 

minority neighborhoods.  Poor and minority neighborhoods may also have higher levels of 

disorder because of lack of formal services (LeClere et al. 1997) and local lack of enforcement of 

norms—or possibly completely different norms—toward disorderly behaviors (Jencks & Mayer 

1990).  These factors combine, and neighborhood disadvantage leads to the breakdown of social 

control, which is indicated by disorder.  This relationship is self-replicating, as I have discussed 

above.   

Thus, in socially and economically disadvantaged neighborhoods, I suggest that disorder 

is the true cause of stress exposure.  In past work, my colleagues and I have demonstrated a 

strong cross-sectional association between an index measure of concentrated disadvantage and 

observed physical disorder at the neighborhood level (r>0.80) (Jones et al. 2011).  I explicitly 

test this relationship in Chapter 7.  Direct measures of disorder are not available in my data for 

all neighborhoods, so in some analyses, I also use measures of the social characteristics of 

neighborhoods, a more distal cause of stress exposure, which I hypothesize is mediated by 

disorder.  

 

Neighborhood stressors as a cumulative exposure 

 The existing body of work on neighborhood health effects relies overwhelmingly on 

approaches to capturing “neighborhood” that bear only a token resemblance to the ways in which 

people experience places.  Very typically, neighborhood is simplified to the census tract of 

residence, and both exposures (e.g., concentrated poverty) and outcomes are captured at a single 

time point—usually the same time point.   
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Looking at neighborhood at a single time point severely limits our ability to test some of 

our basic hypotheses about how chronic stress in the neighborhood operates.  Namely, we cannot 

learn much about the effect of chronic stress exposure accumulating over the life course, as is 

suggested by the stress process model and allostatic load hypothesis.  Further, we struggle to 

establish causality in the absence of information about temporal order and the relationship 

between cumulative dose of stressors and health outcomes.   Use of a data snapshot of residential 

census tract assumes that people are exposed to the measured level of stress in their census tract 

consistently over time.  In fact, people move from one neighborhood to another, spend time in 

neighborhoods besides the one in which they live, and neighborhoods change over their whole 

lives.   

The extant literature shows these weaknesses; evidence for the existence of neighborhood 

effects on health is weak.  When cross-sectional relationships between neighborhoods and 

outcomes are present, they are vulnerable to the criticism that apparent neighborhood effects are 

not causal.  Rather, they may be no more than unmeasured individual characteristics appearing to 

be neighborhood effects due to homogeneity of those characteristics within neighborhoods.     

Furthermore, neighborhood exposures are often measured using a single variable or an 

index comprised of a few underlying neighborhood characteristics.  Index-style measures are 

problematic because they assume that the experience of social-geographic context is one-

dimensional.  Using a single measure, neighborhoods can range from “good” to “bad”, but the 

real experience of place is actually much more rich and multidimensional.     

Finally, neighborhoods are frequently operationalized using census tract boundaries.  

While there are some very good reasons for using census tracts, there is little evidence that it’s 
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appropriate to the experience of social context in neighborhoods.  I discuss these issues in detail 

in Chapter 4, along with discussion of my operational definitions of neighborhoods.   

Recent reviews of the neighborhood health effects literature have called for studies with 

more nuanced formulations of neighborhood to overcome these methodological problems.  

Specifically, Diez-Roux (2007) argues that dependence on residential census tracts as a proxy for 

“neighborhood” leads to important underestimation of effects.  Tracts, she says, are “imperfect 

and very obviously very crude proxies for the physical and social features of neighborhoods.”  

She calls for measures which are based in theory, and which represent the ways we hypothesize 

neighborhood to affect health outcomes.  Specifically, we need to pay attention to the 

appropriateness of spatial scale, and include cumulative effects, interactions, and appropriate 

time lags.  Entwisle (2007) also concludes, after a review of the literature, that conceptualization 

of neighborhoods must be more broad, allowing neighborhood exposures to vary over time and 

including cumulative and lagged effects.   

 

A few studies have responded to the need for a more nuanced conceptualization of 

neighborhood exposures already.  Jackson and Mare (2007) hypothesize that neighborhood-level 

socioeconomic disadvantage affects child health and well-being.  In their model, neighborhood 

poverty exposure is allowed to vary in two ways: children change residences when their families 

move, which may take them to a new neighborhood; and neighborhoods themselves change over 

time.  By weighting the poverty exposure by the length of time spent in each neighborhood and 

applying it to a synthetic cohort, Jackson and Mare develop a measure of cumulative exposure to 

neighborhood-level poverty through childhood.  For my purposes, their key finding is that 

residential mobility and secular change in neighborhood characteristics do contribute important 
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variation in exposure, compared to a neighborhood measure taken at a single point in time.
2
  

Below, I propose a conceptually similar method of weighting neighborhood by the amount of 

time spent in neighborhoods, but focusing on adults and using nonresidential destinations over 

the course of the day or week in place of residential history.   

Sastry, Pebley, and Zonta (2002) examined the role of daily destinations beyond the 

residential neighborhood in defining the way people relate to space.  Their analysis shows that 

many routine activities and daily or weekly destinations take place quite close to home; however 

they are often outside the census tract of residence.  Furthermore, these distances vary 

systematically by sociodemographic characteristics of the respondent.  Their conclusions suggest 

that we should include places besides the residential neighborhood in order to capture the true 

exposure of the individual in space.   

Wheaton and Clarke (2003) present a nuanced analysis of a cumulative neighborhood 

stress exposure.  They find that childhood neighborhood disadvantage has an effect on early 

adult mental health status, controlling for current neighborhood disadvantage —in fact, past 

neighborhood disadvantage has an increasingly strong effect as adolescence progresses, 

suggesting that disadvantage shows a substantial time lag and that it accumulates over time.  

They further show that disadvantage compounds between the individual and the neighborhood 

level; disadvantaged people are more strongly negatively affected by living in a disadvantaged 

environment than are advantaged people.  Wheaton and Clark (2003) show a strong effect of 

neighborhoods—a promising finding for other attempts to time-weight exposures.   

Wight et al. (2011) demonstrate the critical role of cross-level interactions.  They show 

that depressive symptoms in late-middle age are related to neighborhood socioeconomic 

                                                 
2
 Jackson and Mare (2007) also find that the effect of their exposure weighting scheme on child outcomes is not 

large; capturing neighborhood characteristics at a single time point is a decent proxy measure.  However, they are 

examining residential histories over a relatively short two year period. 
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disadvantage, but that this relationship is contingent on individual-level wealth.  In their study, 

individual wealth seems to replace neighborhood-level resources or wealth, buffering the more 

affluent respondents from the harmful effects of living in poor neighborhoods.   

Focal dependent variables: high blood pressure, overweight/obesity, and depression 

Specific health outcomes related to allostatic load include depression, anxiety, high blood 

pressure, heart disease, arteriosclerosis, diabetes, and obesity (Hammen 2005; McEwen 1998, 

2008; Seeman et al. 1997).  Because theories of allostatic load suggest a clear biological pathway 

between chronic stress exposure and hypertension, overweight/obesity, and depression my 

research will focus on these outcomes.   

Hypertension 

Persistent high blood pressure—also known as hypertension—affects one-third of all US 

adults (Centers for Disease Control and Prevention 2011c).  Hypertension was listed as a cause 

of death for 326,000 Americans in 2006 (Lloyd-Jones et al. 2010).  Adults with severe 

hypertension can expect to lose 2-3 years of life compared to their non-hypertensive peers, and 

lose an additional 2.5 years of productive work over the course of their disease (Kiiskinen et al. 

1998).  Much of this loss of life and productive time is attributable to sharply increased risk for 

heart disease and stroke among adults with hypertension (Centers for Disease Control and 

Prevention 2011c; Kiiskinen et al. 1998).  What is more, hypertension affects blacks and Latinos 

earlier in life and at higher rates than their white counterparts (Centers for Disease Control and 

Prevention 2011d).  Rates of hypertension increase steadily with age (Centers for Disease 

Control and Prevention 2011d), suggesting that biologic insult accumulates over time to produce 

disease, and making hypertension a good fit for a study of cumulative exposure.   
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Chronic stress exposure is a risk factor for hypertension.  Although biological pathway by 

which chronic stress exposure leads to sustained high blood pressure is almost certainly related 

to allostatic load, the specific mechanism is not well understood (Spruill 2010).  Possible 

mechanisms include a process of “wearing out” the body’s reactivity through repeated activation 

of the sympathetic nervous system response, a failure to return to pre-stress levels after 

experiencing a stressful event which gets worse with more exposure, or failure to habituate to 

stressors that are repetitive (McEwen 1998; Spruill 2010).  In any case, the empirical relationship 

between repeated stress exposure and hypertension is well-established (Sparrenberger et al. 

2009; Spruill 2010).   

Many researchers have hypothesized that disadvantaged groups are differentially exposed 

to stressors in their neighborhood thanks to segregation by race and class.  Because hypertension 

prevalence shows sharp disparities by social and economic class, and is related to psychosocial 

stressors, it was one of the earliest outcomes targeted in the neighborhood health effects 

literature.  Harburg et al. (1973) found a relationship between neighborhood-level socioeconomic 

factors, density, and crime as independent variables and hypertension as an outcome.  More 

recently, Morenoff et al. (2007) found that accounting for differences in neighborhood explained 

all the between-group differences in hypertension outcomes.  Both of these studies looked at the 

aggregate socioeconomic status of the neighborhood.  In another recent study, the specific 

resources of neighborhoods (e.g., walkability, access to healthy foods) also had a significant 

inverse relationship to hypertension (Mujahid et al. 2008).   
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Overweight and Obesity: BMI and Central Adiposity 

Nearly two-thirds of American adults are overweight or obese, as defined by having a 

body mass index (BMI)
3
 above 25 (Centers for Disease Control and Prevention 2011e).  High 

BMI is a risk factor for diabetes, heart disease, hypertension, stroke, and other serious health 

problems (Centers for Disease Control and Prevention 2011e), and has been implicated as the 

link between poor diet and low physical activity to excess deaths in the US (Mokdad et al. 2004, 

2005).  Excess weight stored in the abdominal region may be even more common, and is 

associated with heart disease and mortality independent of BMI measures (Larsson et al. 1984).  

Like hypertension, overweight and obesity disproportionately affect disadvantaged social and 

economic groups in the US, particularly blacks and Latinos and people who are living in poverty 

(Centers for Disease Control and Prevention 2011f).  Also like hypertension, overweight and 

obesity increases with age, suggesting a cumulative causal pathway.   

 Chronic stress exposure is thought to lead to overweight and obesity, particularly 

abdominal obesity (Bjorntorp 1987; McEwen 1998).  This relationship operates through two 

pathways: allostatic load and behavioral changes.  The first pathway is my focus here.  When 

exposed to a stressor, the body releases glucocorticoid hormones which facilitate the release of 

glucose into the bloodstream, readying the body for physical action (part of the “fight or flee” 

response) (Dallman et al. 2004; Ross & Mirowsky 2001).  Repeated activation of this stress 

response appears to promote the storage of excess energy, especially in the abdominal region 

(Dallman et al. 2004; Wardle et al. 2010).  Second, stress and obesity are further linked because 

stress may change both eating and physical activity behaviors.  The release of glucocorticoids as 

the result of stress exposure creates a preference for calorie-dense foods; unhealthy eating is 

therefore a secondary part of the biologic stress response (Dallman et al. 2004).  People living in 

                                                 
3
 BMI is calculated as: weight (kg) / [height (m)]

2
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stressful neighborhood environments may also have restricted access to healthful foods, 

restricted opportunities for exercise, and/or increased propensity to eat unhealthy foods as a 

coping mechanism (Adam & Epel 2007; Burdette & Hill 2008; Taylor & Repetti 1997).   

In Whitehall II subjects—the original study of social inequality as a stressor—central 

obesity is associated with social status (Brunner et al. 1997).  Many other studies have since 

linked weight gain to chronic stress exposure (Marniemi et al. 2002; Mellbin & Vuille 1989), 

specifically socioeconomic disadvantage as a source of stress (Everson et al. 2002).  A review of 

the literature and meta-analysis of longitudinal studies by Wardle et al. (2010) concludes that 

there is a relationship between chronic stress exposure and central obesity, although the effects 

are relatively weak.    

Neighborhood has been suspected as a context of stress exposure leading to obesity in a 

few key studies.  Burdette and Hill (2008) propose a model linking perceived neighborhood 

disorder to obesity via health behaviors.  They find evidence that that chronic exposure to 

disadvantage in the neighborhood —specifically social and physical disorder—leads to 

depression and anxiety, which cause poor eating and irregular exercise.  Although they include a 

lengthy discussion of the role of the glucocorticoid stress response in promoting central obesity 

without mediation by behavior, they do not test this disease pathway.  Ross and Mirowsky 

(2001), as discussed above, found a similar relationship between health and neighborhood 

disorder which was entirely mediated by psychosocial distress; however obesity was not used as 

the outcome (Ross & Mirowsky 2001).  

Neighborhood collective efficacy—a measure of social control—was linked to BMI 

among adolescents by Cohen et al (2006), using the Los Angeles Family and Neighborhoods 

Survey (L.A.FANS) data.  This study theorizes that neighborhood collective efficacy influences 
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health via “feelings of security or safety,” implying that psychosocial stress is the fundamental 

exposure of interest.  However, the study falls short of testing this mediating relationship.     

Depression 

Unlike obesity and hypertension, major depression is not a risk factor for disease—it is 

disease, i.e., the outcome we wish to prevent.   Depression affects 1 in 10 U.S. adults at any 

given time (Centers for Disease Control and Prevention 2011b).  Over the lifetime, 16.6% of all 

adults will experience a depressive episode (Kessler et al. 2005).  Women, blacks, and people at 

the middle of the age range are at higher risk for depression over their lifetimes (National 

Institute of Mental Health 2011).  Depression is associated with substantial lost productive time 

and health care costs, and is a major quality of life concern.   

Chronic and acute stress exposure are implicated in depressive symptoms and major 

depression among adults and adolescents (Hammen 2005).  Chronic stress is thought to cause 

depression via the same biologic pathways that link chronic stress to physical health—hormonal 

responses to stress affect the chemistry of the brain, which trigger anxiety and depression 

(Hammen 2005).  Stress impairs the hippocampus region of the brain, which is responsible for 

verbal and contextual memory (McEwen 1998).  Impaired memory may lead to emotional 

disturbances over the long run.  The hippocampus is also responsible for regulating the stress 

response itself; if the hippocampus becomes impaired due to chronic stress exposure, it might 

become less able to regulate the stress response, suggesting a mechanism by which individual 

stressors become allostatic load (McEwen 1998).  Because the causal relationship between stress 

exposure and depression is relatively well known, it is an important outcome for the study of 

neighborhoods as a source of chronic stress.   



 

22 

 

Of the outcomes I study, the role of neighborhood as a setting for exposure to stress as it 

relates to depression has been the most thoroughly investigated.  Aneshensel and Sucoff (1996) 

show evidence of an association between neighborhood-level socioeconomic status and 

perception of threat, which is itself associated with depression and other mental health outcomes 

among Los Angeles adolescents.   
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Chapter 3. Theory 

Theoretical Framework 

 The theoretical framework of this study is drawn from three sources: the stress process 

model, the allostatic load hypothesis, and the exposure-disease model of classic epidemiology.  I 

frame the study using the life course perspective.   

Stress Process Model  

 The foundation of my theoretical framework is the stress process model and the related 

allostatic load hypothesis.  First proposed by Pearlin (1989), the stress process model suggests 

that in a stratified society, social status is a source of chronic stress to those at the bottom of the 

social ladder.  Thus the experience of being poor, minority race or ethnicity, or having other 

social markers of disadvantage is a stressor in and of itself.   

People respond to the stress of being disadvantaged—and other stressors—by making use 

of personal resources and coping strategies at their disposal.  These strategies may modify how 

the stressor is translated into experiential stress.  The personal resources in question may include 

real capital (income, wealth, property, credit), cultural capital (education, dominant-group 

membership), and social capital (social support, collective efficacy) (Bandura 2002; Bourdieu 

1986; Carpiano 2006; Heaney & Israel 2002).  The compound disadvantage hypothesis suggests 

that people living in resource-poor environments who are themselves poor in resources will be 

doubly affected by the harmful effects of their environments (Aneshensel 2010; Jencks & Mayer 

1990).  A person with more resources in the same neighborhood would be able to buffer the 

harmful effects of the environment using their own resources.   The compound disadvantage 

hypothesis therefore suggests that individual- and neighborhood-level resources interact in such 

a way that a person who is worse-off does the worst in a poor neighborhood.  In addition, we 
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should see a person with few resources do better in a relatively affluent neighborhood, where 

neighborhood resources can substitute for some of the individual-level deficiencies.   

Compound disadvantage could be at odds with the fact that social isolation is itself a 

chronic stressor (Berkman et al. 2000).  A relatively well-off person could feel isolated if she 

lives in a neighborhood that is mostly poor.  If this is the case, we would expect to see a cross-

level interaction that operates in the other direction—a poor person in a wealthy neighborhood 

should do badly, and a wealthy person in a poor neighborhood should do badly.  In light of these 

competing hypotheses, I look for cross-level interactions in any direction.   

Allostatic Load Hypotheses 

 As discussed in detail in Chapter 2, the allostatic load hypothesis suggests that chronic 

exposure to stressors can lead to a maladaptive biological response known as allostatic load—a 

harmful adaptation of the body’s regulatory systems to constant or frequent stress (McEwen 

1998). Allostatic load is characterized by metabolic deregulation and is associated with chronic 

diseases including high blood pressure, obesity, and depression.   

 Following other social stress research (Aneshensel 2009; Aneshensel 2010; Pearlin & 

Skaff 1996; Turner 2010), I integrate these two models and hypothesize that social disadvantage 

leads to social and physical disorder in neighborhoods, which is a chronic stressor.  Exposure to 

this chronic stressor leads to allostatic load and the associated health outcomes high blood 

pressure, obesity, and depression.   

Exposure-Disease Model 

 The classic epidemiological model of disease hypothesizes that exposures to toxins or 

other physical health insults lead to disease in a probabilistic way (Gee & Payne-Sturges 2004; 

National Research Council 1991; Sexton et al. 1993) .  A somewhat broader interpretation of the 
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exposure-disease model allows that in addition to physical characteristics, social context may 

influence health, specifically by causing chronic stress.  Neighborhoods are the goespatial 

settings in which people live (and work, shop, etc.), and thus they determine the physical and 

social exposures to which residents are subject.  Insofar as different kinds of people are more or 

less likely to live in a particular neighborhood due to segregation, neighborhoods offer different 

exposures for different social groups, and thus can explain differences in health outcomes across 

social groups (Gee & Payne-Sturges 2004).   

Life Course Perspective 

 My central hypothesis is that exposure to stressors in residential neighborhoods can 

accumulate over time.  This hypothesis stems from the life course perspective, which emphasizes 

the importance of time in linking exposures and outcomes, particularly in chronic disease 

epidemiology (George 1999; Lynch & Smith 2005).  Specifically, this theory suggests that 

exposures can accumulate over time, so a long-term exposure conveys higher risk for disease 

compared to a short-term exposure.  Because stress accumulates over time and slowly becomes 

allostatic load in the body, a life course perspective is essential for studying the effects of chronic 

stress (Pearlin & Skaff 1996). 

Conceptual Model 

 My conceptual model is depicted in Figure 1.  The construct “neighborhood” here is the 

social and physical environment in the various locations people spend their time.  The location in 

question is home for some of my research questions, and in other research questions, it includes 

other key places where people routinely go.   

Certain social characteristics of the neighborhood—specifically poverty, race/ethnic 

concentration, unemployment, and tenure—are causally related to social and physical disorder.  
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Disorder is likely to be a source of chronic psychosocial stress via two pathways: it engenders 

fear of victimization, and it creates truncated local social networks and feelings of isolation.  

People who spend time in neighborhoods high in disorder are exposed to this chronic stressor.  

Since my data do not include direct measures of disorder for all neighborhoods, I use the more 

distal neighborhood social characteristics in most analyses.  I explicitly test the validity of this 

assumption.   

Exposure to chronic stress leads to allostatic load, which leads to chronic disease.  For 

theoretical reasons described above, the chronic diseases I focus on are hypertension, obesity, 

and depression.   

People use individual resources to cope with and buffer exposure to these exogenous 

stressors, and therefore economic capital modifies the relationship between stressor and 

experiential stress.  This exposure accumulates over time, so the longer the duration of exposure, 

the higher the probability of disease.  

 The case for causality in neighborhood effects 

The empirical study of how neighborhood context affects us, particularly how it affects 

our health via chronic stress exposure, has been elusive due to methodological challenges.  I try 

to address two of these challenges in this study.  First, measuring neighborhoods and the 

exposures within them has been difficult.  The most appropriate geographic scale for 

“neighborhoods” seems to be a moving target, varying by the outcome and exposure in question 

(Galster 2001), and by individual characteristics, and even within individuals (Pebley & Sastry 

2009).  I address this problem by conducting an extensive sensitivity test of my results to the 

specification of geographic scale, and by broadening the idea of place-based exposures beyond 

the residential setting.   
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Exposure to disorder as a chronic stressor has also proved difficult because of data 

availability.  Few studies have gone to the trouble and expense of collecting independent 

observed data on disorder (i.e., not disorder as reported by the neighborhood residents 

themselves).  I use a measure of observed physical disorder with high internal validity and inter-

rater reliability, and compare it to a more distal source of stress: social characteristics of 

neighborhoods.  I hope that the comparison itself may shed some light on the issue of measuring 

neighborhood disorder using social characteristics.   

The second methodological challenge is related to establishing a causal effect.  Causality 

is defined as the set of conditions which is both necessary and sufficient to produce a specified 

outcome (Rothman & Greenland 2005).  Causality is usually complex; several component causes 

work together, interacting with each other, to produce a given outcome (Rothman & Greenland 

2005).  The causal pathway between neighborhood context and health outcomes is difficult to 

establish, largely because people are selected in and out of neighborhoods based on non-random 

social processes such as racial discrimination, class discrimination, constraints in the housing 

market, availability of information, and social networks.  Segregation by class, race, age, 

nativity, and other characteristics is the outcome of this sorting process.  Causal inference 

operates the same in neighborhood effects research as in all other research areas, but 

neighborhood effects are especially vulnerable to problems of selection bias. 

 Unfortunately for empirical scientists, it is not possible to prove a causal relationship 

from observed data.  It is our task to compile enough inferential evidence to convince ourselves 

and our peers that a causal relationship probably does exist; this evidence is drawn from what we 

can observe in the world.  It may be guided by some useful general principles of causal 

inference.   
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 This process of sorting into neighborhoods generates a dilemma for researchers, known 

as the composition versus context problem (i.e., the reflection problem and the omitted variable 

problem).  We typically model neighborhood effects by putting neighborhood-level 

characteristics and individual-level characteristics in the same model; if the neighborhood 

characteristics show any effect when individual-level characteristics are included, we tentatively 

conclude that neighborhoods are the cause of variation in outcomes.  That is, observed 

differences in outcomes among neighborhoods are the result of the influence of the 

neighborhood context on the people who live there—a contextual explanation for differences.  

The contextual explanation is a causal hypothesis, and it is the fundamental relationship that all 

neighborhood effects research, including this study, attempts to establish.  

However, this causal interpretation of the relationship between neighborhood context and 

outcomes is challenged by the fact that neighbors tend to resemble one another.  Perhaps our 

measures of neighborhood characteristics are really picking up the covariation among the 

residents of these neighborhoods on unmeasured characteristics.  The compositional explanation 

for neighborhood “effects” is non-causal.  It suggests that observed differences in outcomes by 

neighborhood simply reflect the characteristics of the people who tend to live in that 

neighborhood, or the neighborhood composition, in a way that was not captured by any of the 

individual-level control variables in the model.  Any model including neighborhood effects can 

be criticized for failing to control for the appropriate individual-level characteristics and thus 

picking up a compositional effect.  Segregation, therefore, makes it very hard to identify whether 

people are affected by their neighborhood contexts or whether they are affected by something 

else, which also influences what neighborhood they live in.   
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Causal principles 

How can we overcome the composition versus context problem and make strong 

conclusions about the causal role of neighborhoods, when absolute proof from empirical 

evidence is impossible?  Some principles of causal inference in empirical science can help 

establish the case for probable cause.  A basic set of principles
4
 includes: temporality, strength 

and biological gradient, consistency, and plausibility (Hill 1965).   

Temporality is the only inviolate criteria in causality.  The cause must precede the effect 

or it cannot logically be a cause.  Establishing the time of exposure and an antecedent effect is a 

strong test for probable cause.  Many neighborhood effects studies have shown a relationship 

between neighborhood exposures and health outcomes in cross-sectional data, but this study 

design cannot address the question of order of effects.  Perhaps people living in poor 

neighborhoods have higher rates of depression because the poverty in their neighborhood leads 

to disorder, a chronic stressor.  Or, perhaps people with depression move tend to live in poor 

neighborhoods because their disease limits their ability to work, and they are therefore less able 

to afford quality housing.  Without more information about whether the depression or the poor 

neighborhood came first, the order of effects remains unknowable.   

In this study, I use longitudinal data to establish the order of effects.  I model the change 

in health status between data waves and use the neighborhood at the first wave as my exposure, 

ensuring that the exposure precedes the hypothesized effect.  The inclusion of the control for 

health status at the first time dramatically reduces the useful variation in health outcomes in my 

data, putting my longitudinal models at high risk for failing to find an effect when one truly 

                                                 
4
 I have omitted discussion of several of Hill’s criteria (namely coherence, specificity, analogy, and experiment) 

because either they are not very useful to establishing causality in the specific context of neighborhood effects, or 

because they are inherently problematic, or both. (Rothman and Greenland 2005)   
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exists.  However, establishing temporality support is absolutely necessary to establishing 

causality.   

As we shall see, establishing temporal order in neighborhood studies is not 

straightforward because neighborhood choice is conditioned in part on past neighborhood 

choices and on individual-level factors which vary over time, such as income and life stage.  

Many very creative social scientists have grappled with this problem before me (Crowder & 

South 2011b; Sampson et al. 2008; Timberlake 2007; Wodtke et al. 2011).  The duration of 

exposure to neighborhood characteristics seems to be a key factor in the impact of 

neighborhoods on at least some individual outcomes (Jackson & Mare 2007; Sharkey & Elwert 

2011; Timberlake 2007; Wodtke et al. 2011).  Timing during the life course also seems to be a 

key issue (Wheaton & Clarke 2003).   

However, the L.A.FANS data—like nearly every other data source—captures the 

neighborhood in which people lived at particular times of their lives.  It does not capture the 

conditions the respondents experienced earlier in their lives
5
, which are highly correlated with 

the current conditions.  It may even be the exact same neighborhood.  The continuous nature of 

neighborhood exposures weakens the causal conclusions I can draw in my study.  When people 

live in the same neighborhood—or even a very similar neighborhood that is not exactly the 

same—for a long time before the first data point in this study, the information in my models is 

reduced.  The important impact of neighborhood may occur earlier in life than the time period I 

capture, either because a lot of years were spent and so the cumulative exposure was high, or 

because the critical life stage for exposure has passed.  Especially when neighborhood context is 

highly correlated within the lifecourse of one individual, then there may be little additional effect 

                                                 
5
 In the event history calendar, L.A.FANS respondents did report their residential locations for two years before the 

Wave 1 survey.  This still leaves a minimum of 16 years of unknown neighborhood exposures.   
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of living in the same neighborhood for the years between study waves.  The continuous nature of 

neighborhood context does not weaken the strength of my longitudinal test, but it does make it 

very hard to find an effect.   

The remaining principles serve only as guidelines for constructing our argument for 

probable causality.  The exposure-disease model suggests that the stronger the dose of the 

exposure, the more likely is the associated disease outcome.  One way to establish evidence of a 

causal relationship between exposure and disease is therefore to look for evidence of this dose-

response relationship, or gradient effect (Rothman & Greenland 2005).  This idea applied to my 

study is that the more a person is exposed to stressors (over the course of days, weeks, and 

years), the more probable the outcome becomes.  I interpret the dose of exposure as being 

partially determined by its strength at any given time (i.e., the level of disorder) and partially 

determined by how much time it accumulates over the course of a typical week.  Biological 

gradient is a particularly useful guideline in neighborhood effects, because the strength of 

exposures is often graded across the neighborhood landscape (e.g., some neighborhoods are 

much more disordered than others).  Also, we expect exposure to occur over extended periods of 

time, and we expect the effects of exposure to be cumulative.  I seek strength of relationship by 

evaluating the magnitude and significance of neighborhood characteristics as predictors of health 

outcomes.  I attempt to establish the presence of a biological gradient in two ways.  First I look at 

the strength of the relationship (i.e., again looking at the magnitude of the coefficients for 

neighborhood characteristics); where disorder and disadvantage in the neighborhood is highest, I 

should see the most stress-related chronic disease.  Second, I create a new measure of 

neighborhood exposure which is sensitive to the dose of exposure over the course of days and 

weeks, rather than just using the residential neighborhood.   
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Plausibility requires that we are able to theoretically explain the pathway by which the 

cause produces the effect, and do it within the framework of what we already know about social 

and physical environments and human biology (Rothman & Greenland 2005).  Plausibility is 

best demonstrated by hypothesizing a mechanism for the effect and testing for the 

intermediating, observable factors to see if our mechanism works in the expected way.  I have 

provided a review of the literature citing evidence of a known relationship between chronic stress 

exposure in general and three key health outcomes: obesity, hypertension, and depression.  I also 

cite evidence suggesting that social and physical disorder in the neighborhood are chronic 

stressors because they produce a) social isolation and b) fear and feelings of being threatened.  In 

my theory, high proportions of disadvantaged and disinvested residents cause a breakdown of 

social control, which leads to social and physical disorder, which causes people to experience 

stress.  Stress exposure, over time, causes chronic disease outcomes.  Testing this model is a test 

of plausibility.   

Finally, a causal relationship will be observed consistently across samples, settings, 

times, and measurement strategies (Rothman & Greenland 2005).  Consistency doesn’t mean that 

every time a component cause appears, the effect appears; some effects are produced only under 

specific circumstances.  The circumstances, then, are component causes and have to be included 

in the model of how neighborhoods produce chronic disease outcomes along with other causal 

factors.  Ross and Mirowsky (2001) have shown a relationship between neighborhood disorder 

and self-rated general health.  Wheaton and Clarke (2003) have shown a similar relationship 

between neighborhood disadvantage and mental health outcomes.  If I find similar relationships 

in in Los Angeles County adults, my findings will lend consistency support for a causal 

relationship.   
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I also use three different outcomes in an effort to produce consistency support for a 

causal pathway.  All three outcomes have—to some degree—a known relationship to chronic 

stress exposure.  They should therefore all respond in the same way to disorder, if disorder is 

truly a source of chronic stress.  Finally, I use several measures for each outcome, when I can.  

Results from the different measures of the same construct should be internally consistent, 

showing that the relationships are robust to my selected measurement strategy.   

Thus, my aim is to evaluate evidence for a causal link between neighborhood stressors 

and individual health outcomes.  In evaluating the case for causality, I focus on four kinds of 

empirical evidence: 1) establishing temporal order of effects using a longitudinal data set; 2) 

establishing a dose-response relationship between neighborhood stress exposures and disease 

outcomes by conceptualizing exposures as cumulative; 3) evaluating a theoretically-grounded 

conceptual model in which the relationship between social context and health is mediated by 

chronic stress; and 4) by testing consistency of relationships across outcomes and measurement 

approaches, focusing on relationships that have had support in other settings.  I address the 

methodological challenge of geographic scale of neighborhoods by testing the sensitivity of my 

results to the specification of scale in my third and fourth research questions.  
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Chapter 4. Overview of Research Design and Methods 

Data and Sample 

For this study, I make use of three data sources: the Los Angeles Family and 

Neighborhoods Survey (L.A.FANS), the Los Angeles Neighborhood Services & Characteristics 

(L.A.NSC), and the United States 2000 decennial census, summary file 3 (2000C-SF3).  

L.A.FANS is a representative survey of children, families, and neighborhoods in Los Angeles 

County, California.  Los Angeles County is a large, highly diverse region including dense urban 

areas, older low-density housing tracts, new cul-de-sac style suburbs and exurbs, and rural areas 

spread over 4083 square miles (Sastry et al. 2006).  Of the 9.3 million residents of the county as 

of 2000, 45% were Latino, 31% were white, 13% were Asian or Pacific Islander, and 10% were 

black (Sastry et al. 2006).  About 30% were not born in the U.S. (Sastry et al. 2006). 

L.A.FANS was designed for the study of neighborhood effects on individuals.  It includes 

data on both people and neighborhoods at two points in time: Wave 1 (L.A.FANS-1) data were 

collected from 2000-2001, and Wave 2 (L.A.FANS-2) data were collected from 2006-2008.  The 

survey was based on a stratified probability sample of 1990 census tracts (Sastry et al. 2006).  

Three strata were defined by the percent in poverty in 1997: very poor (tracts in the top 10% of 

the poverty distribution), poor (those in the next 30%), and non-poor (bottom 60%).  Tracts in 

the very poor and poor strata were oversampled.  Within strata, tracts were sampled with 

probability proportional to population size.  In each tract, census blocks were sampled with 

probability proportional to population size, and households were randomly selected from within 

blocks (Sastry et al. 2006).  Within each household, one adult was selected at random for 

interview (known as the RSAs).  The targets for sampling at Wave 1 were 50 households in each 
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of 65 census tracts (Sastry et al. 2006).  Households that were unable to complete the interviews 

in either English or Spanish were excluded from the survey (Sastry et al. 2006).   

L.A.FANS attempted to re-interview all the RSAs who completed an interview at Wave 1 

and were living in Los Angeles County at Wave 2.  Those who were able to be re-interviewed 

are known as the panel RSA sample (Peterson et al. 2012).   

Response rates were comparable to those of other in-person interview surveys.  In the 

first wave,  85-89% of selected respondents completed the survey (depending on the type of 

respondent) (Sastry et al. 2006).  At Wave 2, 81% of the Wave 1 respondents whose location was 

known and who were still in Los Angeles County and were contacted for reinterview.  Of those 

who were located and contacted, 73% were reinterviewed.  In total, 61% of Wave 1 RSAs 

completed the Wave 2 interview—the rest being deceased, incarcerated or otherwise 

institutionalized, unable to be located, moved out of the County, or refused to participate.  Of the 

RSAs who were interviewed at Wave 2, 88% percent completed at least some of the health 

measures module, which contains my primary dependent variables.  Although loss to follow up 

in this sample was extensive, it was not related to my outcome variables and key predictor 

variables.  I looked at the relationship between loss to follow up at Wave 2 and Wave 1 self-rated 

health, BMI, hypertension diagnosis, and depression and found no significant relationships.  

There were also no significant relationships between loss to follow up and neighborhood 

characteristics at Wave 1.  The most important predictor of loss to follow up is having moved 

one or more times in the two years before the Wave 1 survey.  For this reason, I do not think loss 

to follow up affects my conclusions.   

The data contain individual-level information about education, race and ethnicity, age, 

gender, and many other social and demographic variables.  I use data on mental and physical 
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health status at both Wave 1 and Wave 2.  At Wave 1, all data were self-reported during an in-

person interview conducted by a trained field interviewer (Sastry et al. 2006).  At Wave 2, 

respondents self-reported their demographic characteristics, physical health status, and mental 

health status, again in an in-person interview conducted by a trained field interviewer (Sastry et 

al. 2006).   

Most respondents also completed objective measures of physical health status, after they 

completed the interview.  These health data include measured height and weight, waist and hip 

size and blood pressure.  Height and weight were collected by trained field interviewers 

(Peterson et al. 2012).  A Tanita HD 314 digital scale was used to measure weight to the nearest 

10
th

 of a kilogram.  A folding rule was used to measure height to the nearest millimeter while the 

respondent stood on a hard surface.  A carpenter’s square was used to ensure that the rule was 

straight.  The height of hair, hair ornaments, and/or shoes was subtracted from the height 

measurement, where applicable, to produce a net height measurement.  Where the respondents’ 

height or weight exceeded the range of the equipment (2 meters or 150 kg), a missing value was 

recorded.  Height and weight were also recorded as missing for respondents who could not stand 

unassisted.  Two separate measures of height and weight were taken for each respondent and 

averaged.  These instruments and protocols had good reliability in the field.   

Waist circumference and hip circumference were measured by trained field interviewers 

using a flexible, retractable measuring tape marked in centimeters and millimeters.  Field 

interviewers offered respondents the option of measuring their own hip and waist circumference, 

with coaching.  Measurements were recorded to the nearest millimeter.  The length of the 

measuring tape was 183cm;  hip or waist circumferences in excess of 183cm were recorded as 

missing (Peterson et al. 2012).     
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Blood pressure was measured using a VSN BP Tru-100 automatic blood pressure monitor 

with a cuff size appropriate to the respondents’ arm (Peterson et al. 2012).  Trained data 

collectors took three separate blood pressure measurements for each respondent.   In accordance 

with the guidelines for blood pressure measurement provided by the National Heart, Lung, and 

Blood Institute (2003), I use a mean of readings in the analysis (Peterson et al. 2012).  Where 

three measurements were successfully recorded, I use the mean of the second and third reading; 

where two measurements were recorded, I use the mean of these two; where one measurement 

was recorded, I use that measurement alone.  The blood pressure protocol had excellent 

reliability (Peterson et al. 2012).   

L.A.FANS-1 includes data describing the observed physical and social disorder status of 

the 65 sampled census tracts in Los Angeles County.  In a subset of models, I use observed 

physical disorder data collected by the L.A.FANS interviewers during the course of their home 

visits to conduct study interviews.  The interviewers underwent two days training in the 

neighborhood observation data collection form, in addition to three weeks of training in 

conducting the field interviews.  To conduct neighborhood observations, the interviewers first 

drove around the block, then walked the entire length of the block face on which the respondent 

lived, and then completed a 40-item structured assessment form (Jones et al. 2011).  Items on the 

structured neighborhood observation form were based on the “broken windows” theory construct 

of physical disorder, and included the presence of abandoned cars, trash and litter, graffiti, strong 

foul odors, vacant lots, window bars, etc.   

However, because my research questions involve looking at neighborhoods besides those 

sampled, I also require data for all tracts and census block groups in Los Angeles County.  I used 
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data from the L.A.NSC and the 2000C-SF3 to provide neighborhood-level information (Peterson 

et al. 2007; U.S. Census Bureau 2000c).   

The L.A.NSC is provided as part of the L.A.FANS project, and provides information at 

the census tract level for all tracts in Los Angeles County (Peterson et al. 2007; Sastry et al. 

2006).  The L.A.NSC data are collected from the U.S. Census and other administrative sources 

(Sastry et al. 2006).  They provide key social characteristics of L.A.FANS and all other tracts in 

L.A. County in 2000, approximately contemporaneous with the Wave 1 L.A.FANS survey.   

In research question 1, my models include poverty and other neighborhood measures at 

the census tract level, which are available in the L.A.NSC.  In question 2, I repeat my analysis 

using a measure of observed physical disorder in the neighborhood, which is available as part of 

L.A.FANS-1 data.  In questions three and four, I use aggregations of L.A.NSC data at the tract 

level.  In part of question 2, I use census-derived neighborhood social characteristics for block 

groups from the 2000C-SF3.  The 2000C-SF3 is the same original source as the measures in the 

NSC, so data are completely comparable.   

Variables 

 In the next section, I describe in detail how I operationalize each construct in my 

conceptual model.   

Dependent Variables—Individual Level 

Overweight and Obesity 

 I use two separate measures for body size, each of which captures a different dimension 

of the construct.  The first is Body Mass Index, or BMI.  Body Mass Index is a continuous 

variable based on height and weight according to the formula:  

BMI = weight (kg) / [height (m)]2   (1) 



 

39 

 

BMI at Wave 1 is based on self-reported height and weight.  In this study, “self-reported BMI” 

means BMI derived from self-reported height and weight data; respondents were not asked to 

report their BMI directly.  At Wave 2, BMI is based on measured height and weight.   

 I selected BMI as a measure of general overweight and obesity because it has been 

widely used as an outcome in previous studies of the effects of stress, the effects of 

neighborhood conditions, and the effects of stress in neighborhoods (e.g., Cohen et al. 2006).  It 

is a reliable and widely accepted measure of excess adipose tissue at the population level 

(Deurenberg et al. 2001; Deurenberg et al. 1991) and is associated with increased risk for serious 

health outcomes including hypertension, diabetes, heart disease, stroke, and some forms of 

cancer (Centers for Disease Control and Prevention 2011a; World Health Organization 1995).   

The second measure of overweight and obesity is specific to a pattern of fat storage in the 

abdominal region: waist circumference.  Although overweight generally is a risk factor for 

serious health outcomes, central obesity is a valuable alternative measure of overweight because 

it is more specific for excess adipose tissue (Bjorntorp 1988).  This pattern of fat distribution is 

associated with risk for hypertension, heart disease, stroke, and diabetes separately from BMI 

(Bjorntorp 1987; Janssen et al. 2004; Larsson et al. 1984).  Central obesity may also be a better 

measure of overweight due to stress exposure, since activation of the stress response involves the 

release of hormones that stimulate fat storage specifically in the abdominal region of the body 

(Bjorntorp 1987). Sex-specific waist circumference is the most reliable measure of central 

obesity (Dobbelsteyn et al. 2001).
6
  I measure waist circumference as simply the circumference 

of the waist in centimeters; I also control for gender in my multivariate models. 

                                                 
6
 My proposal for this study also included the measure waist-to-hip ratio.  The results for waist-to-hip ratio were 

identical to those for WC, and WC is a more reliable measure of risk.  For these reasons, I do not present waist-to-

hip ratio results.    
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Hypertension 

Categorical hypertension status, based on a combination of cutoffs for systolic blood 

pressure and diastolic blood pressure, is the clinical measure preferred by the American Heart 

Association (Pickering et al. 2005).  However, I use systolic blood pressure readings and the 

difference between systolic blood pressure and diastolic blood pressure, known as pulse pressure, 

as my operational definitions for hypertension status.  Systolic blood pressure and pulse pressure 

are closely associated with the categorical measure (Sesso et al. 2000), and have some 

advantages from a research perspective.  The first advantage is specific to the subtype of 

hypertension which occurs most often as people age: isolated systolic hypertension.  This type of 

hypertension is characterized by rising systolic blood pressure and steady or falling diastolic 

blood pressure (Pickering et al. 2005).  In these cases, the hypertension measures most closely 

associated with cardiovascular risk are systolic blood pressure and pulse pressure (Pickering et 

al. 2005).  My theory suggests that stress exposure will raise blood pressure over time, and this 

type of hypertension is the best fit for my theory.     

Second, from a practical standpoint, systolic blood pressure and pulse pressure are 

continuous variables, which will allow me to capture the maximum variation in blood pressure in 

my sample.  Categorical hypertension status would collapse some of the variation into categories 

with cutoffs that are somewhat arbitrary.   

Both systolic blood pressure and pulse pressure are strongly associated with negative 

cardiovascular outcomes including heart attack, stroke, and death (National Heart Lung and 

Blood Institute 2008; Pickering et al. 2005; Sesso et al. 2000).  Several past studies have used 

blood pressure measures as an outcome in stress exposure (Sparrenberger et al. 2009; Spruill 

2010) and in neighborhoods (Harburg et al. 1973; Morenoff et al. 2007).  
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Systolic blood pressure is measured in millimeters of mercury (mm/Hg).  Pulse pressure 

is also measured in mm/Hg, and is derived using the formula:  

pulse pressure = systolic blood pressure (mm/Hg) – diastolic blood pressure (mm/Hg)  (2) 

 In some models, I also use the respondent’s self-report of ever having been diagnosed 

with hypertension.  The questionnaire asked “Has a doctor ever told you that you had 

hypertension or high blood pressure?”  Hypertension diagnosis is a dichotomous variable with 1 

indicating a positive response.   

Depression 

 Depression is measured using responses to the Composite International Diagnostic 

Interview—Short Form depression inventory (CIDI-SF) (Kessler et al. 1998; Peterson et al. 

2004; World Health Organization & World Mental Health 2004).  The CIDI-SF is a depression 

instrument developed by the World Health Organization to evaluate depression according to the 

criteria of the Diagnostic and Statistical Manual of Mental Disorders (Kessler et al. 1998). CIDI-

SF includes questions on 8 depression symptoms as well as their frequency, and primarily 

evaluates two major subtypes of depression—dysphoria (feelings of sadness) and anhedonia 

(loss of interest in pleasurable activities).    

The CIDI-SF picks up almost no false negatives (98% sensitivity), but it may 

overestimate depression somewhat by producing some false positives (73% specificity), as 

compared to results of the full CIDI (Patten 1997; Patten et al. 2000).  The CIDI-SF has been 

widely used as a measure of major depression in adults (e.g.,(Kling et al. 2007; Sastry et al. 

2006; Sturm et al. 1999). 
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  The CIDI-SF produces a score indicating probability that the respondent would meet 

diagnostic criteria if she were given the complete CIDI interview
7
.  Depression is a continuous 

measure ranging from 0-1 (Peterson et al. 2004).
8
   

Height 

 Finally, I present limited results for a fourth dependent variable, height.  I do not expect 

that neighborhood stressors have any effect on height, so these results are presented as a way of 

comparing theoretically grounded models to those without theoretical grounds, sometimes 

referred to as a placebo test.  Height is a continuous variable, measured in inches
9
.  Height was 

self-reported by respondents at Wave 1, and measured using the procedures described above at 

Wave 2.   

Normalizing outcome variables 

BMI, waist circumference, systolic blood pressure, pulse pressure, and depression 

outcomes are not normally distributed.  BMI and systolic blood pressure are especially right-

skewed.  However, transforming these variables (using a log or another function to make the 

distribution normal) did not substantively affect my results for any outcome, and it complicated 

interpretation.  Since it didn’t seem to have any effect, I decided not to transform them.   

Independent Variables—Neighborhood level 

Stress Exposure—Disorder  

                                                 
7
 In L.A.FANS, this is the variable “caseness.”   

 
8
 I also tried using a dichotomous indicator measuring whether the respondent would probably be diagnosed with 

depression (“probcase”), and measures for the two subtypes of major depression: anhedonia and dysphoria.  None of 

these three measures performed differently than the continuous indicator I used.  In fact, because rates for depression 

are so low, the dichotomous indicator is problematic because there are barely enough cases to meet the data 

requirements of logistic regression.  The subscales were similarly problematic because the rates were even lower.   

 
9
 Measured height was collected in centimeters, and self-reported height was collected in either inches, feet/inches, 

or centimeters, at the respondent’s preference.  I transformed the data to be represented in inches.  
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In my theoretical model, neighborhood disorder is the indicator of chronic stress 

exposure in the neighborhood, and the most proximal cause of chronic disease outcomes in my 

model.  When my models allow me to restrict neighborhood exposures to the 65 residential 

census tracts of L.A.FANS, I use a 20-item observed physical disorder scale derived from 

structured neighborhood observation data to directly measure disorder.  These data were 

collected by trained interviewer-observers using the procedures described above, as part of 

L.A.FANS-1.  Most of the items on the neighborhood assessment form used a 4- or 5-point 

Likert response scale evaluating the extent of the disorder item on the block, but sensitivity 

testing revealed that nearly all the useful variation is captured by dichotomizing each item to 

“none observed” and “any amount observed” (see Jones et al. 2011 for discussion).  In virtually 

all cases, more than one observer rated the same block, so there are several ratings occurring at 

different times contributing to each block’s disorder score.  Inter-rater reliability on items is 

moderate to strong, but the disorder scores do vary based on the observer, time, day of the week, 

and season of the observation (Jones et al. 2011).  The neighborhood observations were made at 

the block-face level.  To create measures of disorder for census tracts, the dichotomized versions 

of block-face observations were averaged across the block faces in the tracts.  The observed 

disorder scale has excellent internal validity (Cronbach’s alpha 0.90).  It is a continuous measure 

which theoretically could range from 0-1, but in the 65 L.A.FANS census tracts it ranges from 

0.09 to 0.55.   

Stress Exposure—Social Characteristics of Neighborhoods 

Unfortunately, the disorder measure is available only for the 65 tracts that were sampled 

and visited during data collection in L.A.FANS-1.  Because I compare neighborhood effects 

using residential tracts and several other definitions of neighborhood—which include tracts 
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beyond the 65 sampled tracts—I do not have direct disorder measures covering all of my study 

area.  For this reason, in bulk of results I present here, I use a multidimensional measure of 

neighborhood disadvantage, which I hypothesize is causally related to disorder.  These 

characteristics are a more distal cause of chronic stress exposure.  I use five census-derived tract 

characteristics:  

1. The percent of the population who are Latino (“percent Latino”) 

2. The percent of the population who are black (“percent black”) 

3. The percent of the population who are in the civilian labor force and are 

unemployed (“percent unemployed”) 

4. The percent of the population who are living below the federal poverty threshold 

(“percent poverty”) 

5. The percent of housing units which are renter-occupied (“percent renters”).   

 

I selected these five characteristics based on theory and empirical research.  As I 

discussed in Chapter 2, other researchers have found a relationship between socially 

disadvantaged neighborhoods and higher levels of neighborhood social and physical disorder 

(Cohen et al. 2003; Ross & Mirowsky 2001; Sampson & Raudenbush 1999).  Specifically, 

disadvantaged neighborhoods tend to be more disordered because the residents have less 

informal social control, less resources for maintaining and controlling their property, and less 

power to marshal public resources to assist with these tasks.  Because of the confluence of 

residential segregation and poverty in US cities, the most impoverished and powerless 

neighborhoods also tend to be higher in proportions of nonwhite race/ethnic residents.  I included 

the tract proportion Latino and black for this reason.  Proportion unemployed is another measure 
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of concentrated disadvantage which is related to disorder.  Spatial mismatch theory suggests that 

changes in the manufacturing economy have left some of the poorest neighborhoods without 

ready access to jobs, leaving large proportions of the population jobless, powerless, and living in 

poverty (Wilson 1987).  Finally, I include the proportion of housing that is renter-occupied.  

Renters tend to move more frequently than do homeowners, investing less in the social fabric of 

their neighborhoods.  Renters are also less involved and financially invested in the maintenance 

and upkeep of their property.  Places higher in renter tenancy are therefore more likely to be 

disordered neighborhoods.   

In past work I compared neighborhood concentrated disadvantage to these same 

neighborhood physical disorder scores.  I found that in Los Angeles neighborhoods, the 

concordance between these two measures was extremely high (r > 0.80) (Jones et al. 2011).  In 

this study, I also empirically tested the relationship between the disorder scale and the social 

characteristics of neighborhoods.  I selected the five
10

 census characteristics that most strongly 

correlated with the disorder scale within the 65 L.A.FANS census tracts (see Table 5 for 

correlations).  Together, these five neighborhood measures account for 88% of the variance in 

disorder in L.A.FANS tracts (results not shown).  As part of my results, I also perform a direct 

comparison of models using the disorder measure and models using the multidimensional 

neighborhood disadvantage variables, and test a mediation model which looks for evidence that 

disorder and neighborhood disadvantage indicators are causally related.   

My motive for using a multidimensional neighborhood measure instead of a scale 

constructed from these five variables or even percent poverty alone, as others have done (e.g., 

Leventhal & Brooks-Gunn 2003; Ross & Mirowsky 2001), is that the experience of 

                                                 
10

 A sixth characteristic--proportion of adults with low education--had a strong empirical relationship with disorder 

and theoretical links to disorder.  However, it was so highly collinear with proportion Latino that its inclusion in the 

same multivariate models produced unpredictable results.  I excluded it for this reason.   
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neighborhood is not one-dimensional.  The economic and employment status, race, tenancy, and 

other measures of social standing of one’s neighbors have separate effects on the overall 

character of the place, and not always in the same direction.  As evidence of the separate effect 

of social characteristics of a place, we need only imagine a largely white, middle-class single-

family home neighborhood and a largely black, middle-class single-family home neighborhood.  

Poverty status alone would not differentiate these two places at all, yet they may be quite 

different in terms of resources available, norms about behavior, collective experiences of 

discrimination, family structure, age, and possibly even language (see Pattillo 1999 for a 

thorough discussion).  The places adjacent to these neighborhoods are also likely to be quite 

different.  Because of the scale at which segregation operates, many relatively affluent minority 

census tracts are adjacent to much poorer minority tracts.  White neighborhoods, on the other 

hand, tend to be further away from minority and poor areas (Pattillo 1999).  Collapsing all this 

variation on several dimensions into a single measure muddies the results and makes it 

impossible to draw conclusions about which neighborhood characteristics really matter most for 

health outcomes.  

I rescale each of the five census-derived neighborhood measures and the disorder scale 

for two reasons.  First, for most characteristics (except percent Latino), the observed range in 

both the sample and in Los Angeles County tracts is something less than its theoretical 

maximum.  For example, there are no census tracts in the sample (and few in the county) with a 

majority black population, so extrapolating results beyond what is expected for a tract that is 

about 50% black is reaching beyond the data.  Second, a difference of 1 percentage point or a 

fraction on the disorder scale is not very meaningful in terms of what the neighborhood is really 

like.  I divide each characteristic by its interquartile range (IQR) in the sample of neighborhoods 
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(not the IQR in the entire county, which would be larger).  Rescaling in this way facilitates 

interpretation in terms of a real change in the neighborhood type.  For example, a regression 

coefficient for neighborhood poverty can be interpreted as the difference between living in a 

place that is 9% poor (the 25
th

 percentile) and a place that is 33% poor (the 75
th

 percentile).  

 

Geographic scale for neighborhood exposures 

In this work, the construct “neighborhood” is operationalized using census geography.  

Census geography takes a nested approach: blocks are nested in block groups, which are nested 

in tracts.  See Figures 2-4 for example maps showing census geography for selected regions of 

Los Angeles County.  Census tracts are created by the U.S. Census Bureau in consultation with 

local administrative offices and data users (U.S. Census Bureau 2000b).  Census tracts, block 

groups, and blocks are all bounded areas—everyone within a single census geographic unit 

shares the same borders.
11

   

Census blocks are typically circumscribed by the street network, and are made up of the 

residences inside one city block.  Each side of a block is separated from its neighbors across the 

street by an imaginary division running down the middle of the street.  The census block is not a 

good candidate for studying neighborhoods because intuitively, houses facing one another across 

the street must be neighbors (Goodman 1977).  In any case, the U.S. Census does not publically 

release demographic data beyond population counts at the census block level, so they are not a 

useful measure in a study dependent on social characteristics of places.   

Block groups are aggregations of several census blocks, and contain an average of about 

1,000 people (U.S. Census Bureau 2000b).  Block group boundaries never cross tract boundaries.  

                                                 
11

 Census areas generally do not change over time, unless the population within the tract grows substantially.  In this 

case, the original tract/block is usually divided into two or more tracts/blocks.  This condition does affect the more 

rural parts of Los Angeles County which have seen a lot of new housing construction in the last two decades.     
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Tracts usually contain several block groups—the average in Los Angeles County is 3.7 block 

groups per tract.  Demographic data based on a sample of residents are available at the block 

group level in the decennial census SF3 files.     

Census tracts have between 2,500 and 8,000 residents, and are intended to be 

homogenous in terms of demographic, economic, and housing characteristics (U.S. Census 

Bureau 2000b).  Boundaries of census tracts generally do not cross major features of the 

landscape such as freeways or rivers.  In Los Angeles County, census tracts average 2.4 square 

miles (6.2 square km), but are highly variable in area.  Tract-level data are available for the 

decennial census and pooled intercensal years.   

Thus available census data on “neighborhoods” allow us to choose between block groups, 

tracts, or some larger aggregation of tracts.  I choose the census tract primarily because 

demographic and economic data from the L.A.FANS and the U.S. Census are readily available 

for this operational definition of neighborhood, and because many studies before this one have 

selected tracts; there is value in comparability between studies.  There is also some limited 

evidence that tracts are an appropriate level of aggregation for the exposures I study here (see 

below).   

However, census units are not completely divorced from the spatial, demographic and 

social landscape.  They are created with the intention of representing real neighborhood units, 

and they are usually homogenous social and demographic aggregations of people, at least at the 

time of their creation.  Although some researchers have criticized census units for arbitrarily 

categorizing space, which is truly a continuous phenomenon (Fotheringham & Wong 1990; 

Heywood et al. 1998), people living in urban environments do not experience geographic space 

in a truly continuous way.  Rather, they tend to consider their neighborhood to be bounded by 
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major physical and psychological barriers such as major streets and freeways (Grannis 1998, 

2005).   

Some previous studies have investigated whether census tracts represent neighborhoods 

well enough to use them in research.  Work investigating the degree to which census tracts are 

concordant with the area most people call “their neighborhood” have found that census tracts are 

generally larger than perceived neighborhoods (Pebley & Sastry 2009); block groups are a better 

approximation.  But it’s not clear that the geographic scale of exposure to disorder aligns with 

what most people call their neighborhood.  My theory assumes that people are exposed to 

disorder in geographic space by virtue of their spending time there; they generally spend 

substantial time outside the place they call their neighborhood.  Using the same data, Pebley et al 

(2002) show that 84% of L.A.FANS respondents shop for groceries outside their own census 

tract.  Similarly, the overwhelming majority of respondents work, worship, and visit a doctor in a 

location outside their residential census tract (Sastry et al. 2002).  This fact strongly suggests that 

place-based exposures are not limited by the smaller units suggested by self-identified 

“neighborhoods”.   

My selection of the census tract as the primary scale of exposure is also grounded in the 

limited empirical evidence that exists.  Many studies have found significant effects for 

neighborhood characteristics on individual outcomes when using census tracts to operationalize 

neighborhood, indicating that at least in some cases, the census tract scale provides useful 

variation (e.g.,Aneshensel & Sucoff 1996; Brooks-Gunn et al. 1993; Cohen et al. 2006; 

Leventhal et al. 2005; Ross & Mirowsky 2001).  In the few studies that specifically compare 

census tracts or block groups as operational definitions of neighborhood, census tracts perform 

reasonably well for poverty exposures (Ailshire et al. 2010; Goodman 1977).  Tracts or smaller 
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units are acceptable proxies for exposure to stress due to physical disorder (Ailshire et al. 

2010).
12

   

Each of my research questions focuses on a different operational definition of the scale at 

which disorder as a stressor operates.   

For questions 1 and 2, I use social characteristics of the respondent’s residential census 

tract at the approximate time of the first wave of data collection.  This operationalization is 

similar to the way in which neighborhood stress exposure has been operationalized in most of the 

previous research on the topic, and therefore I use it as a benchmark for two more complex 

measures of exposure explored in my second and third research questions. In question 3, I 

explicitly address the issue of scale.  To ensure that any results I might find are not entirely 

driven by my selection of census tracts as the operational definition of neighborhood, I compare 

results for block groups, tracts, and an aggregation of census tracts based on 1
st
-order and then 

2
nd

-order contiguities.  The 1
st
-order contiguity aggregates data across the respondent’s 

residential census tract and the census tracts immediately contiguous to the residential census 

tract; the 2
nd

-order contiguity also includes the tracts which are adjacent to the 1
st
-order 

contiguous area.  I compare results across models to test for sensitivity to the specification of 

neighborhood.   

 For question 4, I operationalize stress exposure using a simplified time-study approach.  

I use several L.A.FANS-1 questions which asked respondents to report the location of common 

daily or weekly destinations besides their home (e.g., work, child’s school/daycare, place of 

worship, grocery store).  Based on these reports, I make a series of informed assumptions about 

what proportion of a typical week each respondent spends in each of several census tracts.  I then 

                                                 
12

 There is some evidence that a larger geographic scale—formed by aggregating contiguous census tracts—might 

work better when the exposure of interest is lack of local resources due to concentrated poverty (Ailshire et al. 

2009).   
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calculate two new measures of place-based exposure: 1) an “activity space” type measure, 

looking at the average social characteristics of residential tract plus the other tracts in which the 

respondent typically spends time, and 2) a time-weighted individual score of exposure to 

neighborhood characteristics.  This time-weighted measure is the percent of hours in a week 

spent in each census tract times the neighborhood characteristics of those census tracts (see 

formula 3).  The time-weighted measure is conceptually similar to calculating time-weighted 

exposure to cigarette smoke using pack-years of cigarette smoking—packs of cigarettes smoked 

per day is multiplied by the number of years smoked.   

For each respondent i:  

 time-weighted mean characteristicJi = 


N

j 1

[tract characteristicj x (time spentj/112)] (3) 

Where   j = census tract of a reported destination 

 J = all j’s forming the individual’s unique activity space, Ji 

 

About crosswalking 2000 statistics to 1990 geographies 

To operationalize neighborhood stress exposure in my main analyses, I use the 

neighborhood characteristics available in the L.A.NSC database at the census tract level.  These 

data are primarily derived from the 2000 decennial census, but they have undergone a 

transformation to represent 1990 census geography.  The L.A.FANS sampling frame was based 

on the 1990 Census tract geography, and respondents were drawn from 65 randomly selected 

1990 census tracts.  In a neighborhood effects analysis such as the one I perform here, this 

clustering becomes important in two separate aspects of analysis: sample clustering and exposure 

clustering.  First, the unit of spatial clustering in the sample was the 1990 census tract of 

residence.  Clustering in the sample has to be accounted for using a sample weighting scheme 
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and multilevel modeling.  If it is not, the standard errors of my estimates will be artificially 

small.    

But clustering is also the central issue of my analysis.  My hypothesis states that people 

are affected by their neighborhood’s characteristics.  By virtue of the study design, the people in 

my sample are clustered in neighborhoods; there is no within-neighborhood variation on 

neighborhood-level exposures.  The lack of variation within neighborhoods must be accounted 

for, also by using multilevel modeling.  I am interested in neighborhood exposures at the time of 

the first survey wave, which are more or less contemporaneous with the 2000 decennial census.  

Unfortunately, the 1990 geography and the 2000 geography do not always match because blocks 

and tracts may be changed from census to census, especially in areas which have undergone 

substantial population growth.  When they do not match, I cannot use 2000 census geography as 

the unit of exposure clustering in the multilevel models without disrupting the needs of sample 

clustering in 1990 census geography.   

The solution is to make these two disparate clustering needs compatible by creating a 

crosswalk of 2000 characteristics to 1990 census geography.  Crosswalking weights the 2000 

characteristic by the 1990 geography.  I will use percent poverty as an example to simplify 

further description.  In cases where the 1990 tract boundaries and the 2000 tract boundaries are 

the same, percent poverty measured in 2000 is just applied to the 1990 tract—i.e., the area 

weight is 1.  In cases where the boundaries changed between 1990 and 2000, the weight is 

derived from the proportion of the area of the 1990 tract that the area of the 2000 tract represents.  

The most common type of boundary change is a split: one 1990 tract becomes two or more 2000 

tracts.  For example, the 1990 tract is split into three tracts in the 2000 census.  2000 Tract A is 

20% poor and 50% of the original 1990 area.  2000 Tract B is 30% poor and 25% of the original 
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area and 2000 Tract C is 10% poor and 25% of the original area.  To get the 2000 poverty for the 

1990 area, 2000 census poverty is weighted by the proportion of the 1990 tract that each 2000 

tract represents.  All the weighted fragments in the 1990 tract area are summed to produce a 

value for percent poverty measured in 2000 for the 1990 area, shown in formula 4.  See Figure 5 

for a graphical representation of this example.   

For each 1990 census unit:  

2000 data for 1990 unit = 


N

f 11990

[2000 data valuef2000  * (areaf2000 ÷ 1990 unit area)] (4) 

Where f 1990 = The fragments of the 1990 census units 
 N = The number of fragments for each 1990 census unit, and  

  f 2000 = The fragments of the 2000 census units 
 

In other words, the neighborhood characteristics I use are the 2000 characteristics of the 

1990 areas, and clustering for the purposes of sampling and exposures occur within 1990 areas.  

The L.A.NSC provides this crosswalk for the 2,052 2000 Census tracts in Los Angeles County.  

For the sensitivity analysis in Chapter 8, I calculated crosswalked neighborhood characteristics 

for alternative geospatial definitions of neighborhood: super-tracts and block groups.   

Independent Variables—Individual level 

 I control for a number of individual-level variables in my models.  I expect each of these 

variables to be significant because past work or theory has demonstrated that it is correlated with 

the three key health outcomes: hypertension, obesity, and depression.  I need to control for them 

because I seek to demonstrate the marginal effect of neighborhood, once individual-level 

characteristics have been accounted for.  Where these control variables are also a factor in spatial 

patterning of neighborhoods (i.e., segregation by race, income, age, parental status, immigration 

status), they may also be sources of spuriousness.  Leaving them out would cause the 

neighborhood characteristics to pick up some of the effects of the omitted variables.   
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In all cases, I use the individual-level measure taken at Wave 1, because this is when the 

period of measurement began.  For race/ethnicity, gender, and in most cases immigration status 

and education, I would not expect the values for one person to change between time 1 and time 

2.  Age will increase mechanically as time passes, so I include a variable capturing the time 

elapsed between the Wave 1 interview date and the Wave 2 interview date.   

I expect income to increase as time passes and individuals in the sample accumulate labor 

market experience, and because this study takes place during a time of economic growth.  To 

account for the effect of these changes in income during the elapsed time, I also include income 

change in dollars.   Because some respondents may achieve additional education, and this 

additional human capital may affect their labor market prospects, personal debt, and other factors 

which might influence their experience of chronic stress, I include an indicator variable for 

whether any additional education was obtained between Wave 1 and Wave 2 of the survey.   

Race, ethnicity, and immigration status 

Race/ethnicity is included as a potential confounder because social status associated with 

race may be a source of chronic stress.  Respondents were asked the question: Please look at this 

list and tell me what group or groups describe your race or ethnic origin.  There were 15 choices 

listed: black/African-American, white, Latino/Latino/Latin American, 7 national-origin based 

Asian subgroups, Native American/American Indian, Inuit/Eskimo/Aleut, Hawaiian, Pacific 

Islander, and “other” (Peterson et al. 2004).   

I collapse these 15 race/ethnic categories into five mutually exclusive categories: Latino, 

white, black, asian, and other or multiple races/ethnic origins.  Where a respondent selected more 

than one race or ethnicity, I code them as “other” (n=16) except for respondents who said they 

were both Latino and another race/ethnic origin (n=20)—I code those respondents as Latino.   
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 Immigration status, particularly for undocumented immigrants, may also be a source of 

stress.  Because of Los Angeles’ high proportion of Latino immigrants, I am able to divide this 

group into documented and undocumented immigrants.   

Because the vast majority of immigrants in Los Angeles County are Latino, coding 

race/ethnicity and immigration status variables separately yields very small cells for white 

immigrants and black immigrants.  Therefore, I operationalized race, ethnicity and immigration 

status jointly as a categorical variable.  Each respondent is assigned one of the following 

mutually exclusive categories based on his combined self-reported race/ethnicity and 

immigration status at Wave 1:  

A. Latino/native-born 

B. Latino/foreign-born, documented 

C. Latino/foreign-born, undocumented 

D. white/native-born 

E. black/native-born 

F. asian/ either native-born or foreign born 

G. all others 

Table 1 shows this scheme in a visual format.  The reference group in my models is native-born 

Latinos, who make up the largest group in my sample.  Using native-born Latinos as the 

reference group also makes it easier to compare the subcategories of Latinos to one another.
13

    

Gender 

 Gender is a dichotomous variable, coded 1 for female.   

                                                 
13

 In initial models, I also included cross-level interactions for respondent’s own race/ethnicity and the proportion of 

the neighborhood that was the same race/ethnicity.  I did this for individual Latino x neighborhood % Latino and 

individual black x neighborhood % black interactions.  These interactions were not significant in any model.  They 

are not presented here.     
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Age 

 I use the age of the respondent at Wave 1 in years.   

PCG status 

 I include an indicator of whether the respondent was a primary caregiver (PCG) for the 

purposes of the L.A.FANS sample.  Parental status, particularly being a mother to younger 

children, may be correlated with the outcome variables, especially BMI and depression.  PCG is 

a dichotomous variable, coded 1 if the respondent is a PCG.   

Income 

 I include a control variable for income in all my models.  Income is important because 

individual socioeconomic status (SES) has a strong effect on health outcomes, possibly via 

stress.  Also, individual SES is often highly correlated with neighborhood SES, therefore it is 

necessary to control for it as a possible source of spuriousness.   

 Income is operationalized as the natural log of family income.  This variable is a 

composite of earnings, transfers (child support, alimony, public assistance, etc.) and asset income 

(income from properties, businesses, retirement withdrawals, investments, etc.) summed across 

all members of each family in L.A.FANS-1 (Bitler & Peterson 2004).  Family income was 

imputed where values were missing, so nearly all families have a value for income, even if they 

did not report it (Bitler & Peterson 2004).   

Because I expect income to increase over time, and also because I believe the stability of 

income is a factor in stress exposure over time, I also include a continuous variable indicating the 

change in the respondent’s imputed family income from Wave 1 to Wave 2 in $1,000.  This 

variable has a mean of around $33,000 increase in income.   
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I also present results for a cross-level interaction between neighborhood poverty status 

and family income.  This interaction variable is constructed by multiplying the inverse of 

neighborhood poverty (i.e., neighborhood nonpoverty) by the logged value for family income.
14

  

My theoretical model suggests that people respond to the stressors in their environment using 

individual resources, including financial resources.   People who have little in the way of 

financial support may be more affected by the stress of living in a disordered and disadvantaged 

neighborhood, compared to their more well-off neighbors.   

Education 

 I control for education in all models because it is associated with both neighborhood 

characteristics and the outcomes hypertension, obesity, and depression.
15

  Education is measured 

in years, and is based on Wave 1 self-reports.   Because 16% of respondents increased their 

education by an average of 2.2 years between Wave 1 and Wave 2, I also include an indicator for 

whether the respondent obtained any additional years of education.   

Institutional Review Board and Human Subjects Protections 

 The L.A.FANS project was conducted under procedures reviewed and approved by 

Institutional Review Boards at RAND, UCLA and RTI International.  Respondents completed 

standard informed consent procedures and provided written consent for both the interviews and 

the health measures.  As an employee of the RAND Corporation, I have signed a data use 

agreement covering my use of the version 2.5 restricted L.A.FANS data under their master data 

use agreement and data safeguarding plan.   

                                                 
14

 It has to be the inverse of neighborhood poverty because otherwise, the value of the interaction term would be 

moderate for low family income/high poverty and also moderate for high family income/low poverty.  That is to say, 

family income would mitigate neighborhood poverty, not amplify it as my theory suggests.   

 
15

 I also tested a cross-level interaction for individual-level education and neighborhood percent poverty, but it was 

not significant in any model so I do not present results.   
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Analytic Sample and Missingness 

 I use the Wave 1 panel RSAs respondents who were not lost to follow up at Wave 2 as 

my primary sample (n=1,195).  All RSAs are included; some of these RSAs were also sampled 

and interviewed as PCGs.  I use adults because I am focusing on the cumulative effects of stress 

in the neighborhood, and I expect the lag between exposure and chronic disease outcome to be 

relatively long; I expect to see more meaningful variation among the adults.   

To maximize the number of cases, I imputed missing values for control variables using 

two strategies: substitution and multiple imputation.  For race/ethnic/immigrant status, if a 

response was provided at Wave 2 but was missing at Wave 1, I substitute the Wave 2 value for 

the missing value.  For remaining missing race/ethnic/immigrant status values and all the other 

control variables that had missing values vary over time, I use multiple imputation.  For each 

control variable with some missing values after substitution, I implement an equation which 

predicts the missing value for each respondent given the nonmissing values on many other 

variables.  This equation is repeated over 10 iterations, and I use the average of the results as the 

imputed value.  For continuous variables, I took the mean of iterations, and for categorical 

variables, I took the mode.  If there was more than one mode I used the first mode.   

 There is substantial variation in data missingness by tract.  Although the average is low—

at least one demographic control was missing (before multiple imputation) in just 4% of cases 

overall—the range is troubling.  Several tracts have no cases with missing data, but the 

maximum is 38% of cases within the tract which have at least one missing value on a 

demographic control variable.  The variation in missingness by tract suggests that demographic 

data are not missing at random.  A significant bivariate relationship exists between the within-

tract proportion of cases having at least one missing demographic marker and the percent of 

respondents who are documented Latino immigrants (r=0.24, p=0.045).  For all other 
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demographic variables, the bivariate relationship between the tract population and the number 

missing does not reach significance.  The lack of relationships here leads me to believe that there 

are not important relationships between missingness and my key exposure variables.   

A comparison of imputed versus observed values for control variables reveals that means 

and standard deviations are similar, except in the case of Wave 1 depression.  At Wave 1, 

depression measures were only captured for PCGs, so 53% of my sample does not have Wave 1 

depression scores.  Furthermore, there is systematic variation in the missingness because the 

PCG sample was different from the RSA sample by design.  Comparing the imputed values to 

the observed values shows that indeed, imputation was unreliable.  For this reason, I did not 

impute Wave 1 depression.  I present results for depression models which do not include a 

control for depression status at Wave 1—unlike all my other models.     

To ensure comparability across my analyses, I fixed my analytic dataset across all 

outcomes and models.  I use listwise deletion to deal with data that are still missing after the 

imputation procedures described above.  Two cases are lost because they moved out of the 65 

L.A.FANS sampling tracts in between their selection into the sample and their Wave 1 interview, 

making their Wave 1 neighborhood measures impossible to deal with empirically.  The 

remaining case losses had missing values on health status outcome variables (n=293).  My final 

analytic sample is 900 cases.  See Table 2 and Figure 6 for details.   

Sample Weights 

A sample weight is available for L.A.FANS panel RSAs, making weighted results 

generalizable to the population of adults who lived in Los Angeles County at Wave 1 and Wave 

2.  Multilevel modeling demands that sample weights be divided into the tract weight 

component, or the probability of the tract being selected from all tracts, and the individual weight 
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component.  The sample weight is available as part of the data release, and I was able to obtain 

the tract weight component.  I derived an individual weight component by dividing the sample 

weight by the tract weight.  My approach does not account for some of the trimming that was 

performed in deriving the sample weight.  However, I performed sensitivity testing to the use of 

several formulations of weights in multivariate modeling and found that results were fairly 

robust to tinkering with weights.   

The use of weights in multivariate modeling is controversial (Winship & Radbill 1994), 

and in multilevel multivariate modeling, it is even more unclear when it is and is not appropriate 

to use weights. I decided to include weights because the L.A.FANS sampling strategy 

oversampled poor and very poor neighborhoods, and neighborhood poverty itself is one of my 

key independent variables.  Without weights, the data over-represent those with the highest 

exposure to neighborhood poverty, which should upwardly bias my results.  Weights, in this 

case, should make my results more conservative.  In Appendix A, I compare the results of 

weighted versus unweighted models.  There are some important differences, suggesting that the 

weights are influential in my results.  Given the controversy surrounding weighting in multilevel 

modeling and multivariate modeling in general, my weighted results should be interpreted with 

caution.   

Analytic Approach 

In this section, I present my analytic approach for the study as a whole, followed by a 

brief description of the approach used for each research question.  The details of the specific 

approach I use for each research question will be provided in the chapter on methods and results 

for that question.      
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I have three main outcome variables, some of which have multiple indicators: obesity, 

hypertension, and depression.  I use two indicators for obesity: BMI (using self-report at Wave 1 

and measured BMI at Wave 2); and waist circumference (measured at Wave 2 only).  I use three 

indicators for hypertension: systolic blood pressure and pulse pressure at Wave 2, which are both 

continuous, and self-reported past diagnosis of hypertension, which is dichotomous.  Self-

reported diagnosis of hypertension is used as an outcome in cross sectional models only.  I use 

one indicator for depression: the probability of depression using the CIDI-SF, a continuous 

measure.  I model and report each outcome variable separately.  All continuous outcome 

variables are modeled using multilevel OLS regression, and the one dichotomous outcome is 

modeled using multilevel logistic regression.
16

  The person is level-1 and the neighborhood is 

level-2 in all models.  I use the Stata user-generated program known as GLLAMM (Generalized 

Linear Latent and Mixed Models) to produce multilevel models (Rabe-Hesketh et al. 2005).   

I use an elaboration modeling strategy in which groups of variables are added in a 

progression of models.  I evaluate changes to the overall model fit and the coefficients and 

significance of specific variables and sets of variables at each step.   

In all analyses, the focal independent variable is neighborhood characteristics.  I use the 

census tract to operationalize the geographic scale of neighborhood in all analyses, except in the 

sensitivity analysis presented in question 3.   

I control for respondent age, education, gender, PCG status, family income, and 

race/ethnicity/immigration status reported at Wave 1 in all analyses, and also for elapsed time 

between survey waves, change in education and change in income for longitudinal models.    

Question 1 

                                                 
16

 Although the use of the options ‘nip’ and ‘adapt’ are recommended to improve model fit, in my sensitivity testing 

these options did not affect the results in the slightest.  Because they add substantial computational time and 

sometimes cause failure of model convergence, I elected not to use these options.   
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Question 1a: Is neighborhood-level stress exposure associated with contemporaneous 

individual-level health outcomes?    

Question 1b: Is neighborhood-level stress exposure associated with the progression of 

chronic disease after a time lag of 7 years?   

My first research question aims to validate part of the basic conceptual model I have 

described—the relationship between neighborhood social characteristics and chronic disease 

outcomes.  For each outcome in turn, I first generate a cross-sectional set of models, then 

introduce a longitudinal component.  The cross-sectional models estimate the effect of Wave 1 

neighborhood stressors on Wave 1 health status.  The longitudinal models estimate the effect of 

Wave 1 neighborhood stressors on Wave 2 observed health status, controlling for Wave 1 health 

status.
17

 This control for Wave 1 health status essentially reduces the variation in Wave 2 health 

status to the change in status which occurred between observations.  This approach provides a 

rigorous test of the effect of neighborhood characteristics at time 1 on health status later in life.  I 

expect that exposure to stressors will be predictive of stress-related chronic disease outcomes in 

both cross-sectional models and longitudinal models, which is evidence that neighborhood 

disorder does operate as a stressor.     

The models consist of individual characteristics at level 1, tract level neighborhood 

characteristics at Level 2, and a random effect for tract.  The random effect accounts for 

clustering in the sample design, and it allows us to see the variation in the outcome attributable to 

the neighborhood characteristics separately from the individual characteristics.  

Summary of Question 1 Approach: 

Focus Elaboration Modeling 

                                                 
17

 For depression outcome, the longitudinal models does not control for Wave 1 depression.   



 

63 

 

Data sources L.A.FANS-1, L.A.FANS-2, L.A.FANS-NSC 

Primary Sample 

Analytic Sample 

Panel RSAS (n=1,195) 

Panel RSAS with complete data (n=900) 

Dependent 

variables 

Wave 1 

depression: probability of 

depression (continuous) 

hypertension: self-reported 

hypertension diagnosis 

(dichotomous) 

obesity: Self-reported BMI 

(continuous) 

Wave 1 

depression: probability of depression 

(continuous)  

hypertension: systolic blood pressure 

(continuous) and pulse pressure 

(continuous) 

obesity: measured waist circumference 

(continuous) and measured BMI 

(continuous) 

Key Independent 

Variable 

Place-based stress exposure in the Wave 1 residential neighborhood, 

operationalized multidimensional neighborhood characteristics.  

Neighborhood scale Census tract 
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Control Variables Cross-sectional models 

Level I:  Age, age
2
, 

education, gender, family 

income 

race/ethnicity/immigration 

status, PCG indicator 

Level II: social 

characteristics of 

neighborhood 

Longitudinal models 

Level I:  Age, age
2
, education, gender, 

family income race/ethnicity/immigration 

status, PCG indicator, Wave 1 health status 

indicator (specific to outcome), change in 

income between data waves, change in 

education indicator, elapsed time between 

data waves  

Level II: social characteristics of 

neighborhood 

Other notes A random effect for Wave 1 residential neighborhood is included in all 

models.   

 

Question 2 

Question 2: Are relationships between social characteristics of the people in 

neighborhoods and health outcomes mediated by physical disorder?   

This research question has two purposes: 1) to validate the mediating role of disorder in 

the link between neighborhood social characteristics and health outcomes, and 2) to inform the 

use of the more distal cause of stress exposure--neighborhood social characteristics—in place of 

disorder, when disorder measures are unavailable.  For the sake of brevity, in this section I 

present results only for obesity and hypertension outcome.  For each outcome in turn, I show 

both cross-sectional and longitudinal models including neighborhood exposures, individual 

control variables, and a cross-level interaction term for a moderating relationship of family 
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income on neighborhood poverty.  I compare models with social characteristics to models using 

disorder, and then show a model with both neighborhood characteristics and disorder.  I expect 

that 1) disorder and neighborhood social characteristics will perform about the same because 

they are themselves causally related; and 2) that disorder will mediate the relationship between 

neighborhood social characteristics and chronic disease outcomes.  That is, the inclusion of 

disorder measures should reduce the magnitude and significance of neighborhood social 

characteristics.   

The models consist of individual characteristics at level 1, tract level neighborhood 

characteristics at Level 2, and a random effect for tract.  The random effect accounts for 

clustering in the sample design, and it allows us to see the variation in the outcome attributable to 

the neighborhood characteristics separately from the individual characteristics.  

Summary of Question 2 Approach: 

Focus Mediation Models 

Data sources L.A.FANS-1, L.A.FANS-2, L.A.FANS-NSC 

Primary Sample 

Analytic Sample 

Panel RSAS (n=1,195) 

Panel RSAS with complete data (n=900) 

Dependent 

variables 

Wave 1 

hypertension: self-reported 

hypertension diagnosis (dichotomous) 

obesity: Self-reported BMI 

(continuous) 

Wave 1 

hypertension: systolic blood 

pressure (continuous) and pulse 

pressure (continuous) 

obesity: measured waist 

circumference (continuous) and 

measured BMI (continuous) 
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Key Independent 

Variable 

Place-based stress exposure in the Wave 1 residential neighborhood, 

operationalized as disorder AND/OR multidimensional neighborhood 

characteristics.  

Neighborhood scale Census tract 

Control Variables Cross-sectional models 

Level I:  Age, age
2
, 

education, gender, family 

income 

race/ethnicity/immigration 

status, PCG indicator 

Level II: disorder AND/OR 

social characteristics of 

neighborhood 

Longitudinal models 

Level I:  Age, age
2
, education, gender, 

family income race/ethnicity/immigration 

status, PCG indicator, Wave 1 health 

status indicator (specific to outcome), 

change in income between data waves, 

change in education indicator, elapsed 

time between data waves  

Level II: disorder AND/OR social 

characteristics of neighborhood 

Other notes A random effect for Wave 1 residential neighborhood is included in all 

models.   

 

Question 3 

Question 3: Is this model sensitive to specification of neighborhood scale? 

I test the sensitivity of my conceptual model to specification of neighborhood scale by 

repeating the analysis above for neighborhoods operationalized at one sub-tract and two super-

tract levels.  Neighborhood at the sub-tract level is operationalized using census block groups.  

Neighborhood at the super-tract level is operationalized as the residential census tract aggregated 
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with all 1
st
-order and then 2

nd
-order contiguous tracts.  I reproduce the final model in Question 1 

for each outcome in turn, including individual socioeconomic and demographic characteristics, 

the multidimensional neighborhood characteristics, and a random effect for tract.  Next, I 

substitute the neighborhood characteristics exposure variables at different scales of neighborhood 

effects.  I assess the changes in coefficients, p-values, and the overall model fit to evaluate 

whether my hypothesized conceptual model fits the data.  I expect that my results will be 

consistent across different neighborhood scales, which is evidence that any relationships I find 

are not due to my selection of tracts as the scale for neighborhoods.   

Summary of Question 3 Approach: 

Focus Geospatial Scale of Neighborhoods 

Data sources L.A.FANS-1, L.A.FANS-2, L.A.FANS-NSC, 2000C-SF3 

Primary Sample 

Analytic Sample 

Panel RSAS (n=1,195) 

Panel RSAS with complete data (n=900) 

Dependent 

variables 

Wave 1 

depression: probability of 

depression (continuous) 

hypertension: self-

reported hypertension 

diagnosis (dichotomous) 

obesity: Self-reported BMI 

(continuous) 

Wave 1 

depression: probability of depression 

(continuous)  

hypertension: systolic blood pressure 

(continuous) and pulse pressure 

(continuous) 

obesity: measured waist circumference 

(continuous) and measured BMI 

(continuous) 
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Key Independent 

Variable 

Place-based stress exposure in the Wave 1 residential neighborhood, 

operationalized as multidimensional neighborhood characteristics.  

Neighborhood 

scales 

Census block-group 

Census tract 

Aggregated 1
st
-order contiguous tracts 

Aggregated 2
nd

-order contiguous tracts 

Control Variables Cross-sectional models 

Level I:  Age, age
2
, 

education, gender, family 

income 

race/ethnicity/immigration 

status, PCG indicator 

Level II: social 

characteristics of 

neighborhood 

Longitudinal models 

Level I:  Age, age
2
, education, gender, 

family income race/ethnicity/immigration 

status, PCG indicator, Wave 1 health status 

indicator (specific to outcome), change in 

income between data waves, change in 

education indicator, elapsed time between 

data waves  

Level II: social characteristics of 

neighborhood 

Other notes A random effect for Wave 1 residential neighborhood is included in all 

models.  In the block group models, this is a random effect for block 

group.  In all other models, it’s a random effect for tract.   

 

Question 4 

Question 4:  To what extent do stressors in the aggregation of places people typically 

spend time contribute to the effect of neighborhood on stress-related health outcomes?   
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My final research question looks at the amount of time people spend in locations besides 

their home neighborhood, and asks whether incorporating the exposure to stressors in those other 

locations adds anything to our understanding of how neighborhood affects health outcomes.   

I again use an elaboration model approach.  I first reproduce the final model in Question 

1 for each outcome in turn, including individual socioeconomic and demographic characteristics, 

the multidimensional neighborhood characteristics, and a random effect for tract.  Next, I 

substitute two measures of the larger areas survey respondents spent their time: an activity spaces 

type measure, and a time-weighted measure.  These neighborhood measures are unique to the 

individual, so they are at Level 1 in the model.  However, a random effect for residential census 

tract is still included to account for clustering in the sample.  I assess the changes in coefficients, 

p-values, and the overall model fit to evaluate whether my hypothesized conceptual model fits 

the data.   I expect to see that the activity space and time-weighted approaches explain more of 

the variation in stress-related health outcomes than do models using residential census tract 

characteristics alone.   

Summary of Question 4 Approach: 

Focus Activity Spaces as Neighborhoods 

Data sources L.A.FANS-1, L.A.FANS-2, L.A.FANS-NSC 

Primary Sample 

Analytic Sample 

Panel RSAS (n=1,195) 

Panel RSAS with complete data and an activity spaces neighborhood 

definition (n=888) 
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Dependent 

variables 

Wave 1 

obesity: Self-reported 

BMI (continuous) 

hypertension: self-

reported hypertension 

diagnosis (dichotomous) 

depression: probability of 

depression (continuous) 

 

Wave 1 

obesity: measured waist circumference 

(continuous) and measured BMI (continuous) 

hypertension: systolic blood pressure 

(continuous) and pulse pressure (continuous) 

depression: probability of depression 

(continuous)  

Key Independent 

Variable 

Place-based stress exposure in the Wave 1 activity space area specific to 

the respondent, operationalized as multidimensional neighborhood 

characteristics.  

Neighborhood scale Census tract 

Control Variables Cross-sectional models 

Level I:  Age, age
2
, 

education, gender, family 

income 

race/ethnicity/immigration 

status, PCG indicator 

Level II: social 

characteristics of 

neighborhood 

Longitudinal models 

Level I:  Age, age
2
, education, gender, family 

income race/ethnicity/immigration status, 

PCG indicator, Wave 1 health status indicator 

(specific to outcome), change in income 

between data waves, change in education 

indicator, elapsed time between data waves  

Level II: social characteristics of 

neighborhood 
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Other notes A random effect for Wave 1 residential census tract is included in all 

models.   
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Chapter 5: Descriptive statistics and bivariate relationships 

Descriptive statistics 

People 

Descriptive statistics for my analytic sample at the individual level are presented in Table 

2.  The final analytic sample contains 900 adults, of whom 62% were female.  About 60% were 

Latino, of whom more than half were foreign-born.  A quarter of respondents were native-born 

white, 9% were native-born black, and 6% were of asian origin—either immigrants (1%) or 

native-born (5%).  The remaining 1% of respondents fell into the residual category.  These 

included people who were Native American, Pacific Islander, or multiple non-Latino race/ethnic 

origin, and the black and white respondents who were not native-born.  It is not possible to 

interpret the residual category because of its broad heterogeneity.  In all, about 62% of these 

adults were U.S. citizens; 23% were immigrants with documentation to live in the United States 

legally, and 16% were immigrants without documentation.  The average age of the sample at 

Wave 1 was 39 years, and average education was 12 years or a high-school level.  One in five 

respondents added at least 1 year of education in the 7 years elapsed between Wave 1 and Wave 

2 of the survey.  The median family income at Wave 1 was $53,000, and it increased by an 

average of $25,000 between Wave 1 and Wave 2.   

The health status for my sample at both Wave 1 and Wave 2 is shown in the second panel 

of Table 2.  The health status of most respondents was excellent, very good or good and was 

almost stable across the years between data waves.  I used self-reported height and weight to 

calculate BMI at Wave 1 and Wave 2, and measured BMI at Wave 2
18

.  On average, panel 

respondents were slightly overweight at Wave 1 and gained weight over time—about 1.6 BMI 
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points, which is the equivalent of 10 pounds for an adult who is 5’5” tall.
19

  At Wave 2, three-

quarters of the sample was classified as either overweight or obese according to their BMI.  A 

very high proportion L.A.FANS panel adults—four in five—had a waist circumference or a 

waist-hip-ratio above the clinical cutoffs for high risk for heart disease.   

  About 17% of respondents reported that a doctor had told them they had high blood 

pressure at Wave 1; 24% reported having a hypertension diagnosis at Wave 2.  At Wave 2, 14% 

of respondents had measured blood pressure indicating Stage I or Stage II hypertension.  The 

self-reported ever-diagnosed hypertension rate is considerably higher because some respondents 

have controlled their blood pressure through lifestyle modification or pharmacologic intervention 

after they were diagnosed as having high blood pressure.   Of course diagnosis of any chronic 

condition is contingent on having seen a doctor, which is partially dependent on insurance status.  

For these reasons, there are complex relationships between the ever-diagnosed outcomes and 

SES.   

I report depression status at Wave 1 among the subset of 424 RSAs who were also PGCs 

because depression was assessed only among PCGs at Wave 1.  The proportion with depression 

at Wave 1 in this subsample is 14%, and at Wave 2 it is approximately the same.  In the full 

sample of RSAs at Wave 2, depression prevalence is slightly lower at 13%.  About 10% of 

                                                 
19

 In separate work, I have examined systematic error in self-reporting height and weight.  Generally, adults report 

being taller than they really are and weighing less than they really do.  However, there are nearly half of adults do 

report a too-short height and/or a too-heavy weight.  Because I use self-reported height/weight (converted into BMI) 

as a control variable in models of Wave 2 weight status, error could be a problem in my estimates.  That is, I may 

actually just be modeling the degree to which people were wrong about their height and/or weight at Wave 1.  

Although I think this is a very important issue in the study of overweight generally, I don’t think it is driving my 

results.   

 

Height/weight self-report error does not vary systematically by poverty status, and models using self-reported height 

and weight at Wave 2 as the outcome look the same as those using measured height and weight.  I also ran similar 

analyses using self-reported height at Wave 1 and measured height at Wave 2, restricting my sample to the adults 

aged between 25 and 60 at Wave 1.  Since these people are unlikely to change stature in the intervening years, the 

models are effectively predicting the error in self-reported height at Wave 1.  There are no significant relationships 

in these models.   
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people were depressed at Wave 1 and got better by Wave 2; 4% of people were depressed at 

Wave 1 and were still depressed at Wave 2, and about 10% of people were not depressed at 

Wave 1 and were depressed at Wave 2.  The remaining 76% were depressed at neither data 

collection time.   

Neighborhoods 

 These adults were sampled from within 65 census tracts prior to the Wave 1 interviews.  

For the main analysis in research question 1, the “neighborhoods” are limited to these original 65 

L.A.FANS tracts.  In question 2, I change the sample of “neighborhoods” to census block groups 

and super-tract aggregations, respectively.  In question 3, my sample of neighborhoods includes 

the census tracts in which panel adults work, shop, go to the doctor, attend religious services, 

take children to school, etc.   

 Table 3 presents descriptive statistics for the 65 L.A.FANS-1 1990 census tracts and for 

all 1,638 inhabited 1990 census tracts in Los Angeles County.  The average tract in L.A.FANS-1 

has a population of 7,700, an area of 6.7 miles
2
, and a median household income of $40,400.  In 

the County as a whole, tracts are on average smaller in both area and population.  Median 

household income, median home values, the proportion of housing units which are occupied by 

their owners, and the proportion who are non-Hispanic white are all higher in the County as a 

whole; the differences are expected because L.A.FANS oversampled poor and very poor tracts.  

Table 3 also presents distributions of the key neighborhood exposure variables I use in my study: 

disorder, percent poverty, percent black, percent Latino, percent unemployment, and percent 

renters.   Again, it is clear that the sampled tracts have more disadvantage as compared to the 

County as a whole as a result of the sample design.   
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 Table 4 describes the L.A.FANS-1 tracts in terms of aggregated individual-level data.  Of 

course the mean characteristics were the same as those of the sample as a whole.  However, 

looking at the minimum and maximum values by tract reveals a substantial range of average 

health status within the tracts.  For example, although the overall mean BMI at Wave 1 was 26.8 

(indicating that the sample as a whole was moderately overweight), the range of within-tract 

means is dramatic.  The minimum tract had a mean BMI of 23.4 (normal weight) and the 

maximum tract had a mean of 30.0 (obese).  Because these means are sensitive to very high 

values and BMI data have a skewed distribution, I also show the within-tract medians in Table 4.  

The mean of medians is the median tract values averaged across the 65 tracts.  The minimum of 

medians is the tract median with the smallest value, and the maximum of medians is the tract 

median with the largest value.  Although the medians are a little more moderate, these figures 

still show dramatic differences between tracts.   

There is also heterogeneity by tract in how much weight people gained between survey 

waves.  On average, respondents gained 2.8 BMI points, but in the minimum case, they gained 

just 0.8 BMI (~5 lbs. for a 5’5” adult), and in the highest-gaining tract respondents gained an 

average of 8.3 BMI (equivalent to about 50 lbs. for an adult who is 5’5” tall).  This highest-

gaining tract contains one individual who gained a great deal of weight, so the median value is 

probably a better guide.  The highest median value is still 5.3 BMI points gained (equivalent to 

32 lbs. for an adult 5’5” tall).    

However, it is also true that the more a respondent weighed at Wave 1, the more weight 

he gained in between survey waves.  To get a sense of the variance within tracts controlling for 

the starting weight, I also present BMI change as a proportion of Wave 1 BMI.  This measure 

still shows a large gap between the residents of the lowest-gaining tract, with an 11% gain, and 
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the residents of the highest-gaining tract, with a huge 33% gain.  The median values show a 

similar, if somewhat more moderate story: the lowest-gaining tract gained less than 1% on 

median, while the highest-gaining tract gained a median of 18%.   

The story is the same for the other outcome variables.  The range in the tract means for 

waist circumference is 26 cm.  The range for systolic blood pressure is 22 mm/Hg, enough to 

mean the difference between a person who has normal blood pressure and a person who is 

classified as hypertensive.  The between-tract range in new onset hypertension
20

 is enormous—

from a minimum of zero percent of respondents having new-onset cases in one tract to 54% of 

respondents having new-onset cases in another tract.  The range for depression is 0% new cases 

to 30% new cases.  Even height varies by tract.
21

  

Clearly, in this sample, people are clustered in neighborhoods in such a way that 

neighbors share health statuses to some extent. The people in some tracts are much more likely 

to gain weight, have new-onset hypertension, and become depressed than the people in other 

tracts.  This variation in health outcomes by tract is a key point, because it is the basis of my 

research agenda in this study: what accounts for this tract-level variation in health status change?  

Can it be attributed to stressors in the neighborhoods themselves, or is it simply due to the 

clustering of similar people within residential neighborhoods?   

Bivariate relationships 

 Table 5 presents correlations among the key neighborhood measures I used in this study, 

and other measures of neighborhood status drawn from the 2000 census.  Nearly every statistic 

                                                 
20

 A “new onset hypertension” case is a person who said that a doctor had never told them they had hypertension or 

high blood pressure at Wave 1 AND had measured blood pressure readings classifying them as prehypertensive, 

Stage I hypertensive, or Stage II hypertensive at Wave 2.    

 
21

 Within-tract variation universally exceeds between-tract variation in my sample, as in most other neighborhood 

effects studies and more generally studies of individuals-in-groups.   
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shown in this table is significantly different from 0 at α < 0.01.  Disorder and the five census-

derived social characteristics I use to measure the neighborhood environment are highlighted in 

Table 5.  Observed physical disorder is highly correlated with the census measures.   Percent 

poverty and percent Latino had the strongest direct relationship to disorder with correlations 

above r = 0.80.  Correlations among the five census-derived neighborhood descriptors were 

moderate to high, ranging from a low of r = -0.07 (percent black/percent Latino) and a high of r 

= 0.70 (percent poverty/percent unemployment).   Although there may be some multicollinearity 

among the various measures of neighborhood I used in my multidimensional neighborhood 

construct, it is no greater than we might see among individual-level variables that are frequently 

included in one multivariate model, for example income and unemployment status.
22

  As 

discussed in the section on variables, the five dimensions of neighborhood represent distinct 

factors and experiences of neighborhood.  I include them even though some multicollinearity 

exists.   

 Table 6 shows correlations between neighborhood characteristics and individual control 

variables.  These results tell us something about the degree to which people in the sample 

resemble the average characteristics of their neighborhoods.  In general, the individual 

characteristics are predictive of the neighborhood characteristics, showing again that people are 

not selected into their neighborhoods at random, but are sorted into neighborhoods based in part 

on their own characteristics.  Correlations are especially strong for the income/education and 

poverty variables, for example family income and neighborhood percent poverty are correlated r 

= -0.36.  Own-race and neighborhood race are also highly correlated (i.e., Latino and 

                                                 
22

 Although percent low education was theoretically and empirically linked to disorder, I excluded it because it was 

very highly correlated with percent Latino.  In initial models, collinearity between these two variables created 

unreliable results.   
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neighborhood percent Latino or black and neighborhood percent black).  Observed physical 

disorder is closely associated nearly every individual characteristic, especially education, 

income, and white native-born race/immigration.   

 Table 7 shows bivariate relationships between the key neighborhood exposures and the 

outcomes of interest in my study.  Disorder and each of the five census-derived neighborhood 

measures was predictive of BMI at both time points, and waist circumference at Wave 2.  They 

are also moderately but significantly predictive of change in BMI between waves with 

correlation coefficients in the range of r = 0.09 – 0.13.  Disorder, percent poor, and percent black 

were also predictive of Wave 1 hypertension status.  However, in this sample
23

, the 

neighborhood characteristics are not predictive of systolic blood pressure or pulse pressure at 

Wave 2.  Neighborhood measures are not predictive of any depression measure.  Given these 

bivariate results, I expect that if any of the stress-related chronic disease outcomes shows a 

relationship to neighborhood effects, it will be BMI.   

                                                 
23

 The preliminary results in my proposal used a larger and substantially different sample.   
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Chapter 6. The effect of neighborhood social characteristics on 

hypertension, obesity, and depression—results from elaboration 

modeling 

Introduction 

In this chapter, I briefly review the background and theoretical framework for the effect 

of neighborhood-level exposure to stress on individual-level health outcomes.  Then I describe 

the specific methods I use to test a theory-driven model of the effect of neighborhood-level 

stressors on three different individual-level health outcomes among adults.  I present results and 

discussion of these models.   

Background 

 The possibility that neighborhoods affect individual health outcomes has recently 

experienced a surge of interest from the public health research and policy community.  One 

hypothesis, supported by the stress process model, is that particular neighborhood characteristics 

may be a source of chronic stress.  Living or spending time in an area with high rates of social 

and physical disorder may cause stress by producing daily hassles (e.g., being approached for 

spare change, disputes with neighbors over noise or property maintenance, etc.) or by creating 

feelings of threat to personal safety and fear of crime victimization.  Disordered neighborhoods 

may also impair the formation of social ties that help people cope with individual-level stressors.   

However, many studies have failed to provide evidence of a causal relationship between 

disorder and related neighborhood characteristics and stress-related health outcomes.  One 

problem has been the lack of longitudinal studies.  Because the hypothesized cause and effect are 

measured at the same time in cross-sectional studies, it is not possible to establish the order of 

effects.  If less healthy people live in neighborhoods together--perhaps because they cannot 

participate in the work force or have high medical bills and are therefore poorer than healthy 
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people—then we can’t be sure if the neighborhood characteristics caused the health outcome or 

simply contributed to the tendency of less healthy people to cluster in poor neighborhoods.  A 

longitudinal sample, such as the one I present here, makes it possible to control for health status 

at the start of observation.  Longitudinal models allow me to model the change in health status 

after the period of exposure, ensuring that the observed order of effects is known.    

 Another important component of establishing improved causal support for a model of 

neighborhood effects on health is to test a specific theory-driven model of relationships between 

constructs.  I test a model in which disorder is considered to be an exposure in geographic space.  

People are exposed to disorder in their residential neighborhood by virtue of the fact that they 

spend time in that geographic space.  The stress process model suggests that such exposures 

accumulate, and that related health outcomes manifest after a substantial time delay, which is 

consistent with the use of a longitudinal model.   

 Finally, I test for consistency of relationships by looking at the effect of disorder on three 

key health outcomes, each with strong empirical support for a link to chronic stress exposure: 

overweight (especially abdominal adiposity), blood pressure, and depression.   Consistency 

support is also tested by using multiple measures of each construct.   

 Another component of causal support is accurately measuring constructs.  Although 

many researchers have hypothesized that disorder is a source of chronic stress, often direct 

measures of disorder are unavailable.  Measures of neighborhood social characteristics such as 

poverty or indices of disadvantage are often used as proxy measures of disorder because they are 

thought to be causally related to disorder.  My theoretical model also suggests that social 

characteristics of neighborhoods lead to social and physical disorder, the true source of stress.  In 

this section, I rely on a more distal cause of chronic stress exposure in the neighborhood: average 
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social characteristics of the people who live in the neighborhood.  I select five characteristics 

based on their theoretical and empirical relationship with disorder itself: neighborhood level 

poverty, race and ethnicity, unemployment, low education, and tenure.  In Chapter 7, I also 

evaluate how these measures perform in place of direct disorder measures, and how they are 

related to disorder.   

My research questions in this section are: are social characteristics of residential 

neighborhoods associated with contemporaneous individual-level health outcomes?  Are social 

characteristics of residential neighborhoods a source of chronic stress exposure, affecting 

individual-level health outcomes 7 years later, net of health status at time 1?  And, does 

neighborhood-level poverty interact with individual-level income, exacerbating individual 

poverty for those who live in poor neighborhoods?   

Methods 

Data and sample 

I use a representative sample of adults in Los Angeles County from Waves 1 and 2 of the 

L.A.FANS.  This survey is described in detail in Chapter 4, Overview of Methods.  My analytic 

sample is identical across all models and contains 900 adults who lived in 65 Los Angeles census 

tracts at the time of the first wave of data collection, 2000-2001.  I include sample weights in all 

multilevel models.  The weights are designed to make the sample representative of the 

population of Los Angeles County in 2000 who remained in the County in 2006-2008.  In 

Appendix A, I compare the final weighted models presented in this chapter to unweighted 

versions.  There are some important differences, suggesting that weighting is influential in my 

findings.  Given the ambiguity of using weights in multilevel modeling, this is an important 

caveat.    
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Variables 

 Full descriptions and information about the construction of my outcome variables and 

key control variables are provided in Chapter 4.  In brief, I have three main outcomes, which 

were selected based on their salience to the stress process in adults.  Overweight is measured 

with body mass index (BMI) and waist circumference.  Blood pressure is measured with systolic 

blood pressure (the top number in a blood pressure reading), pulse pressure (the difference 

between the top and bottom number) and—for cross-sectional models only—hypertension 

diagnosis.  Depression is measured as a continuous score on the Composite International 

Diagnostic Interview-Short Form (CIDI-SF), representing the probability that the respondent 

would be diagnosed with major depression if given the full CIDI.   

The focal independent variables are social characteristics of neighborhoods at 

approximately the time of the Wave 1 survey.  The neighborhood measures have been rescaled 

so that 1 unit represents the difference between the 25
th

 percentile and the 75
th

 percentile of that 

characteristic in the analytic sample.  This makes it possible to interpret regression coefficients 

as the expected difference between a neighborhood near the bottom of the distribution to one 

near the top of the distribution for each neighborhood characteristics.  For all analyses in this 

section, the construct “neighborhood” is operationalized as the respondent’s residential census 

tract at Wave 1.   

I control for respondent age, education, gender, whether or not the respondent is a PCG 

as well as an RSA in the sample, the natural log of family income, and 

race/ethnicity/immigration status reported at Wave 1 in all analyses.  In longitudinal models I 

also control for time elapsed between data waves, change in family income, and change in 

education status.  To address my last research question, I include an interaction term for 

individual-level family income with neighborhood-level percent poverty.   
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Analytic approach 

I present the results of elaboration modeling on a total of seven measures of health.  

Continuous variables (BMI, waist circumference, systolic blood pressure, pulse pressure, and 

probability of depression) are modeled using multilevel OLS regression.  The one dichotomous 

variable (hypertension diagnosis in cross-sectional models) is modeled using multilevel logistic 

regression.
24

  All models are weighted using separate weight components for neighborhoods and 

individuals in the sample.   

In order to replicate the extant literature on neighborhood health effects as closely as 

possible and provide a benchmark model for the observed effect of neighborhood on health 

status, my first set of models is cross-sectional.  The outcomes for these cross-sectional models 

are self-reported BMI and hypertension diagnosis at Wave 1. Wave 1 neighborhood social 

characteristics are the key independent variables, and appear alone in an initial model.  I then add 

the individual-level controls listed above, and finally I add the cross-level interaction for 

individual income status by neighborhood poverty status.  I also show results of a model with 

only the individual characteristics (no neighborhood characteristics) for the purposes of 

comparison.   

My next set of models use longitudinal data.  I model health status measured at Wave 2, 

and use neighborhood exposures and individual controls at Wave 1.  In an initial model, only the 

neighborhood exposures are included.  I next introduce a control for self-reported health 

indicators at Wave 1.  The initial model gives an estimate of the effect of Wave 1 neighborhood 

exposure on Wave 2 health status with Wave 1 health status held constant.  This is effectively 

provides a model of change in health status between Wave 1 and Wave 2.  The health status 

control variable is specific to the outcome.  For hypertension, I use self-reported past diagnosis 

                                                 
24

 I use the Stata program “gllamm” to produce multilevel models.   
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of hypertension at Wave 1.  For overweight/obesity, I use self-reported BMI at Wave 1.  For 

depression, the CIDI-SF was not asked of all RSAs, so I am unable to include this control 

variable.
25

    

In the next model, I add individual-level control variables.  This addition gives an 

estimate of the effect of neighborhood exposures, net of individual-level characteristics that have 

known associations with chronic stress-related health outcomes.  Finally, I estimate a model 

including a cross-level interaction between individual income and average neighborhood income.  

Again, I also present a model with only the individual characteristics (no neighborhood 

characteristics).   

 I assess the changes in coefficients, p-values, and several measures of the overall model 

fit at each step to evaluate whether my data fit my hypothesized conceptual model.   

Results 

Descriptive Statistics 

 Descriptive statistics for people and neighborhoods are shown in Tables 2 and 3, and 

discussed in detail in Chapter 5.   

Obesity 

Cross-sectional Model 

 Results of models using BMI at Wave 1 as the outcome are presented in Table 8.  The 

cross-sectional null model predicting Wave 1 self-reported BMI with no covariates (not shown) 

indicates a weighted grand mean BMI at Wave 1 (the constant) of 26.0.  The variance at level 1 

                                                 
25

 I am not able to use the CIDI-SF depression results either as an outcome in cross-sectional models or as a control 

for Wave 1 depression status in longitudinal models because the CIDI-SF was given only to a subsample at Wave 1, 

and this sample is unlike the main analytic sample in ways that are related to depression prevalence: it is a sample of 

primary caregivers for young children, it is almost entirely female, and it is younger than the primary sample.  I 

attempted multiple imputation to generate a value for the missing Wave 1 depression measures, but I was unable to 

create an imputation model that worked reliably.   
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is 14.1, and the variance at level 2 is essentially zero.  Zero variance at level 2 means the intra-

class correlation (ICC) is also equal to zero.  A likelihood-ratio test comparing the multilevel 

model with a standard regression model confirms that the design effect is equal to zero.  There is 

no effect of clustering in the sample.  This is true across all the multilevel models I ran for this 

study.  In descriptive statistics, I did observe some between-neighborhood variance, so this result 

is puzzling.  I explore it further in Appendix B.     

Model 1 in Table 8 shows neighborhood characteristics as predictors of Wave 1 BMI.  

The outcome and the neighborhood characteristics are measured at the same time, making this a 

cross-sectional model of neighborhood effects.  A likelihood ratio test comparing this model to 

the null model indicates that Model 1 does fit the data significantly better compared to the null 

model (not shown).   The BIC value is also lower, and the variance at level 1 is smaller, which 

we would expect if more of the variance is explained by the addition of these variables.  The 

coefficient for each of the five neighborhood characteristics is significant.  The model shows 

strong positive relationships between self-reported BMI and neighborhood percent poor, Latino, 

and black.  There strong negative relationships between BMI and percent unemployed and 

renters.  For example, the effect of living in a neighborhood at the 75
th

 percentile for Latino 

ethnicity (83% Latino) versus a neighborhood at the 25
th

 percentile (25% Latino) is 1.7 BMI 

points, or about 11 pounds for an adult who is 5’5” tall.  

Model 2 adds individual-level characteristics as control variables.  Again, overall model 

fit is improved, as measured by a nested likelihood-ratio test, BIC, and the variance explained at 

level 1.  As we would expect based on national samples, native-born whites and asians have 

significantly lower BMI, compared to native-born Latinos.  Age is positively associated with 

BMI.  Although nearly all the neighborhood-level predictors are reduced in magnitude, the 
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reductions are generally small.  The Wave 1 tract percent poor and percent black are still 

significantly and positively associated with BMI at Wave 1, and tract percent unemployed and 

renters are significantly negatively associated with BMI.  Only percent Latino has a large change 

in magnitude and drops below the threshold for significance.
26  

  
 

Model 3 adds a cross-level interaction term.  This variable tests the theory that the 

harmful effects of an impoverished neighborhood experience are exacerbated by individual-level 

low income.  Although the interaction term and the two variables contributing to it are not 

significant, the overall model is a better fit for the data compared to Model 2.  The inclusion of 

this term greatly increases the effect of family income at the individual level, though it is not 

statistically significant.  At the same time it increases the magnitude of the neighborhood-level 

poverty indicator.  The effect of this interaction is shown graphically in Figure 7.  Neighborhood 

poverty modifies the effect of individual poverty.  Although everyone has higher BMI in a poor 

neighborhood, the slope is steeper for a person with high income—they do much worse in a poor 

neighborhood, while a poor person does only a little bit worse.  While this relationship does not 

achieve significance, I mention it here in this first description of the results because the cross-

level interaction term turns out to be among the most persistent and interesting among the results 

of this study.   

Longitudinal Models 

 In the next group of models, self-reported BMI at Wave 1 is a control variable.  These 

models answer the question: how much does exposure to neighborhood social characteristics 

                                                 
26

 Model 4, by way of comparison, leaves out the neighborhood predictors.  This model fits the data less well than 

Model 2.  The model including the neighborhood predictors explains slightly more of the variance at level 1, and the 

Likelihood-ratio test indicates that Model 2 is a better fit.  The individual-level coefficients are essentially 

unchanged from Model 2.   
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affect change in body size, i.e., affect obesity after an average of 6.7 years has elapsed, net of the 

individual’s obesity status at the start?   

 Table 9, Model 1 shows the relationship between the neighborhood characteristics at 

Wave 1 and BMI at Wave 2 after an average of 6.7 years has elapsed.  Results are quite similar 

to those from the cross-sectional model.  The control for BMI at Wave 1 is added in Model 2.  

As we might expect, BMI at Wave 1 has a highly significant and nearly 1-to-1 relationship with 

BMI on average 6.7 years later.  It shows that on average, respondents experienced a small 

increase in BMI between data waves.
27

 The coefficient is 1.05, indicating that for each point of 

BMI recorded at Wave 1, BMI at Wave 2 is predicted to be 1.05 points or 5% higher than at 

Wave 1.  For example, a person with a BMI of 25 at Wave 1 has a predicted BMI of 26.25 at 

Wave 2.  A person who was heavier at Wave 1 has a higher predicted weight gain—for example 

a person with a Wave 1 BMI of 40 has a predicted Wave 2 BMI of 42.    In this model, none of 

the neighborhood characteristics are significant predictors of Wave 2 BMI, net of Wave 1 BMI.  

Each of the neighborhood characteristics’ coefficients is cut by about half.   

Models 3-6 control for individual-level characteristics beyond initial BMI.  Model 3 does 

improve model fit over Model 2, although none of the individual characteristics are predictive of 

Wave 2 BMI.  Predicting outcomes based on the interaction shown in Model 4 reveals a 

relationship similar in direction (but even smaller in magnitude) to the interaction described for 

                                                 
27

 To fully explore the concept that there is a nonlinear relationship between BMI at Wave 1 and BMI at Wave 2 

(i.e., the slope varies depending on starting weight), I tested several other ways of specifying this model.  First, I 

entered a quadratic term for Wave 1 BMI in the model.  It was not significant.  Then I tried modeling the change in 

BMI as a proportion of starting weight—but because this measure is algebraically equivalent to what I present in 

Table 9, the neighborhood effects were the same.   

 

Finally I modeled Wave 2 BMI on Wave 1 BMI, gender, and age.  I obtained a predicted value for Wave 2 BMI for 

each respondent, and then took the difference between their actual Wave 2 BMI and their predicted Wave 2 BMI.  I 

used these residuals as the dependent variable in regression equations that look otherwise like the ones I present.  

This, too, was substantively the same as just modeling Wave 2 BMI using Wave 1 BMI as a control.   
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the cross-sectional BMI model, the addition of this interaction does not improve overall model 

fit.  In essence, only Wave 1 BMI is predictive of Wave 2 BMI.   

Model 4 is a demanding test of the relationship between neighborhoods and health 

outcomes because only the change in BMI over the elapsed time window is available as variance 

once the Wave 1 control is entered.  Model 5 relaxes this restriction, showing the relationship 

between neighborhood characteristics and Wave 2 BMI in the absence of the control for Wave 1 

BMI.  This model cannot help us establish the order of effects, because we don’t know if the 

respondents who were heavier at the time of the outcome measure were already heavier when 

they were exposed to the neighborhood characteristics at Wave 1.  But the results are notable 

because they look almost exactly like the cross-sectional results in Table 8, Model 3.  

Neighborhood percent black and renter-occupied are significant predictors of Wave 2 BMI.  In 

this case, the interaction between family income and neighborhood percent poor is also 

significant, and again suggests that all respondents do worse in poor neighborhoods, but the 

biggest negative effect is among affluent respondents.
28

   

 Table 10 shows results of longitudinal models for waist circumference.  For Model 1, 

neighborhood characteristics—particularly percent Latino, percent black and percent renters—

play a role in predicting later waist circumference when they are the only predictors.  

Neighborhood percent Latino, for example, is associated with a 6 cm increase in waist 

circumference.   

In Model 2, neighborhood percent black and percent unemployed are still predictive of 

Wave 2 waist circumference, net of Wave 1 BMI.  Once the other individual-level controls are 

entered in Model 3, the neighborhood effect for percent unemployed is diminished below the 

                                                 
28

 For reference, Model 6 shows the effects of all individual characteristics, without the neighborhood 

characteristics.  The more complete model (Model 3) is a better fit for the data.  
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level of significance.  Unlike for the Wave 2 BMI outcome, a significant positive association 

between neighborhood percent black and waist circumference persists in Model 3—although the 

effect is small (~1cm).   

Several individual-level characteristics are predictive of Wave 2 waist circumference.  As 

with Wave 2 BMI, self-reported BMI at Wave 1 is a strong predictor for later waist 

circumference in all models.  Female gender is associated with lower waist circumference, net of 

Wave 1 BMI—indicating that females have less central adipose deposition than males.  This is 

consistent with population-based studies of waist circumference.  Compared to native-born 

Latinos, documented immigrant Latinos and asians had smaller waist circumferences.  The 

coefficient for the residual race/ethnic/immigration category is also significant, but this group is 

too diverse to draw conclusions.  In this case, the cross-level interaction shown in Model 4 is not 

significant, and adds nothing to the explanatory power of the model.   

Hypertension 

Cross-sectional Model 

 Results of models using hypertension as the outcome are presented Tables 11-13.  In the 

cross-sectional models presented in Table 11, odds ratios for logistic regression are reported.  In 

the initial model of Wave 1 hypertension diagnosis with only neighborhood characteristics 

(Model 1), there is a strong positive relationship between probability of hypertension diagnosis 

and neighborhood percent black.  Odds of a hypertension diagnosis are 41% higher in a 

neighborhood that is 10% black (the 75
th

 percentile for neighborhood percent black), compared 

to a neighborhood with 2% black (the 25
th

 percentile).  Although this odds ratio seems large, 

consider that blacks have much higher rates of hypertension than other subpopulations, and 

individual-level race is not accounted for here—a compositional effect could be at play.   
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However, when the range of individual-level controls is entered in Model 3, 

neighborhood percent black is also significant and its effect is approximately the same as in the 

more simplistic model.   Age has a nonlinear association with hypertension diagnosis.  

Undocumented Latino immigrants and native-born blacks are considerably more likely to have a 

hypertension diagnosis, compared to native-born Latinos.   Because seeing a doctor is a 

prerequisite for having a diagnosis, these results are strongly influenced by who has seen a 

doctor during their adult lives.  Unfortunately, L.A.FANS does not have a good measure of 

history of doctor visits.  Controlling for insurance coverage over the last 5 years did not, 

however, affect the results (not shown).  The interaction between individual-level family income 

and neighborhood-level percent poor in Model 4 is not significant here.
29

   

Longitudinal Models 

 In the next group of models, self-reported hypertension at Wave 1 is a control variable.  

These models answer the question: how much do initial neighborhood characteristics affect 

hypertension after an average of 6.7 years has elapsed, net of the individual’s hypertension 

diagnosis status at the start?  These models also use a much more reliable indicator of 

hypertension, measured with systolic blood pressure and pulse pressure.   

 Table 12 shows results for systolic blood pressure at Wave 2.  In the model which only 

includes neighborhood measures, no variable is significant at α = 0.05 (Model 2).  A likelihood-

ratio test shows that Model 1 does not fit the data better than a null model.  Neighborhood 

characteristics are apparently not related to systolic blood pressure at Wave 2.   

                                                 
29

 Model 5 shows the odds ratios for individual control variables, excluding neighborhood variables.  The more 

complete model (Model 3 here) is a better fit for the data overall.  The only substantial change from model 3 is that 

the odds ratio for native-born blacks is substantially larger and more precise.  The odds ratios for several of the 

individual variables are reduced in this model as compared to Model 3, suggesting that neighborhood characteristics 

have a suppressing effect—including neighborhood measures allows the individual characteristics to have amplified 

effects.   
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Model 3 shows that, as expected, having a hypertension diagnosis at Wave 1 is a 

powerful predictor of systolic blood pressure at Wave 2 and is associated with a measured 

systolic blood pressure that is 9 points higher.  Because we know that hypertension is associated 

with several of the individual-level control variables, and that neighborhoods are segregated by 

the same individual-level characteristics, I expected the neighborhood-level variable to have a 

positive relationship with blood pressure in the absence of the individual-level controls—it 

should absorb the unmeasured characteristics that are common within the neighborhood, 

especially age and race/ethnic/immigrant status.  However, it does not, suggesting that within-

neighborhood homogeneity in race, ethnicity, income, etc. is not enough to predict systolic blood 

pressure.  Blood pressure is highest among blacks, and the black population in Los Angeles has 

become more spatially diffuse in recent years (Charles 2000; Sastry et al. 2002), so perhaps 

concentrations of blacks are not high enough to produce a measurable effect.   

In Model 3, when individual-level controls are added, the coefficient for Wave 1 

hypertension diagnosis drops substantially in magnitude, from 8.9 to 4.1.  Age (+), white (-) or 

other race/ethnic/immigrant status (-), and PGG status (-) are significant individual-level 

predictors of systolic blood pressure.   

The interaction term between neighborhood-level poverty and individual-level family 

income in Model 4 is significant, and its inclusion also dramatically increases the size and 

significance of the coefficients for neighborhood percent poor and family income.  Predicted 

values from this interaction are shown graphically in Figure 8.  Ceterus parabus, among high-

income respondents, predicted blood pressure is higher in low-income neighborhoods than in 
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high-income neighborhoods, and for low-income individuals the direction is reversed--blood 

pressure is higher in high-income neighborhoods than in low-income neighborhoods.
30

  

Model 5 excludes the control for hypertension status at Wave 1.  This relaxes the 

restriction that the cause comes before the effect, but the results show that the coefficients are 

largely the same as in Model 4, and Model 4 is also a better fit for the data.
31

  

 Table 13 shows very similar results for pulse pressure.  There is no apparent relationship 

between neighborhood characteristics at Wave 2 and pulse pressure at Wave 2 in models 1-3.  A 

likelihood-ratio test shows that Model 1 does not fit the data better than a null model.  In Model 

2 we see the expected result that having a hypertension diagnosis at Wave 1 is a predictor of 

pulse pressure at Wave 2.  In Model 3, when individual-level controls are added, the coefficient 

for Wave 1 hypertension diagnosis drops in magnitude.  Age is a positive predictor of pulse 

pressure, and native-born whites and those in the other race/ethnic/immigration status group have 

lower pulse pressure than the reference category, native-born Latinos.  But, as for systolic blood 

pressure, the interaction term for neighborhood-level poverty and individual-level family income 

(Model 4) is significant, and its addition to the model dramatically changes the coefficients and 

significance for neighborhood poverty and family income.  The interaction operates in the same 

way as it does for the outcome systolic blood pressure.
32

   

Depression 

Longitudinal Models 

                                                 
30

 The residential segregation literature suggests that people living in neighborhoods in which their race is 

uncommon might similarly experience stress due to out-group membership.  I tested an individual-race by 

neighborhood-race interaction term for Latinos and blacks, but these were not significant in any model.   

 
31

 Model 6 shows individual-level effects on systolic blood pressure in the absence of neighborhood-level controls.  

The more complete model (Model 3) fits the data marginally better.   

 
32

 Model 6 in Table 13 shows results for pulse pressure with no neighborhood exposure variables in the model.  This 

model does  
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Because Wave 1 depression measures are available only for the subset of my analytic 

sample who are PCGs as well as RSAs, and the PCG sample is different from my analytic 

sample in ways that are related to depression prevalence, I do not attempt to predict Wave 1 

depression using Wave 1 neighborhood and individual exposures.
33

  The same problem also 

prevented me from imputing the missing values for depression status at Wave 1, so I am not able 

to include a control for Wave 1 depression in my longitudinal models.   

 In the models presented in Table 14, there is little of note.  There are no strong predictors 

of depression at Wave 2.
34

  There is no significant relationship between neighborhood 

characteristics and depression, nor is there a significant cross-level interaction in Model 2.  

Overall the probability of depression is very low, so these slim findings may be attributable to 

low power.  So few adults are depressed in L.A.FANS-2 that there is little variability to predict.   

Discussion 

Obesity Outcomes 

In the full cross-sectional models (Table 8, Model 3), the percent of the neighborhood 

which is black, unemployed, and renter-occupied are significantly associated with BMI.
35

 

                                                 
33

 There is an item in the adult interview at Wave 1 which reads “Has a doctor ever told you that you have any 

emotional, nervous, or psychiatric problems?”  I decided not to use it as an outcome or a control for several reasons.  

First, it surely captures mental health issues besides major depression, such as anxiety disorder, eating disorder, 

attention deficit hyperactivity disorder, learning disorders, and developmental delays.  Second, its face validity is 

low.  I would not expect people to answer this question accurately in part because it’s a sensitive topic, and in part 

because it comes in between questions about “coronary heart disease, angina, congestive heart failure or other 

heart problems” and “arthritis or rheumatism.”  This placement suggests that the respondent should consider only 

physical/medical problems, not mental health problems such as feeling sad or blue.  Empirically, it is also not highly 

correlated with depression among the PCG sample.   

 
34

 In models using the subset of cases who are an RSA and a PCG (n=424), and including Wave 1 depression 

probability, Wave 1 depression is the only significant predictor of Wave 2 depression.   

 
35

 I thought the unexpected direction of effects for percent renters might be an adjustment for a relationship between 

race/ethnicity, class and homeownership.  However, I tested interaction terms between neighborhood percent of 

housing that is was renter-occupied and neighborhood percent black/percent Latino, respectively. These interactions 

were not significant.  Nor were interaction terms between neighborhood percent renters and individual-level native-

born black and native-born Latino race/ethnicities, respectively.   
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However, these models do not allow us to sort out whether people cluster in neighborhoods 

based on shared characteristics that also affect their BMI, or if something about the 

neighborhoods actually causes BMI changes.  In similar models of obesity outcomes at Wave 2 

(Tables 9 and 10, Model 5), there is still a positive association between neighborhood 

characteristics at Wave 1 and body size after 6.7 years, on average, has elapsed.  However, the 

longitudinal models accounting for BMI status at the time of the first observation (Tables 9 and 

10, Model 4) show the predictors of change in weight status after the exposure has occurred—a 

more rigorous test which addresses the question of reverse causality.  In this model, no 

neighborhood characteristics have any residual effect on Wave 2 BMI.   

One challenge to identifying the effect of exposure to chronic stress is embedded in the 

chronic nature of the exposure.  Many of the L.A.FANS adults who live in poor and disordered 

neighborhoods at Wave 1 still lived in the same neighborhoods at Wave 2, and had lived in the 

same neighborhood for some time before Wave 1.  Among the 900 panel adults in my sample, 

55% lived in the same neighborhood at Wave 1 and Wave 2.  Even among those did move, the 

constraints of financial situation, segregation, and social ties mean that respondents were likely 

to have moved to neighborhoods that are not radically dissimilar to their Wave 1 neighborhood.
36

  

The Wave 1 neighborhood is therefore likely to be a fair proxy for longer-term neighborhood 

exposure.  Jackson and Mare (2007) find that, among children in L.A.FANS-1, neighborhood at 

the time of the Wave 1 survey is a fair proxy for neighborhood exposure over the course of the 2-

year residential history included in the Wave 1 survey.   

                                                 
36

 The extent to which neighborhood characteristics at Wave 1 represent a person’s long-term residential 

neighborhood context is an empirical question that can be answered in part by using the L.A.FANS event history 

calendar.  I think it’s a very important question, but unfortunately it is outside the scope of this project.  I intend to 

address it in a separate study.    
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While neighborhood characteristics at Wave 1 are probably a good proxy for longer-term 

exposure to neighborhood characteristics, using this “momentary” exposure also blunts the 

strength of conclusions I can make about the order of neighborhood effects.  If people are 

exposed to the same kind of neighborhood—or even the very same neighborhood—over their 

whole lives, then key neighborhood exposures may have occurred well before the Wave 1 

survey.  These earlier-life neighborhood characteristics would also be strongly associated with 

the characteristics of neighborhood at the time of the Wave 1 survey.  In short, for people who 

have lived in the same or similar neighborhood for a long time, the damaging effects of 

neighborhood chronic stress exposures may have already peaked by the time of the Wave 1 

survey, and so there is no discernible additional effect of neighborhood 6.7 years later.  Since I 

look only at people who were adults at Wave 1, I certainly miss capturing exposures that 

occurred during childhood and adolescence.  There is reason to believe that, particularly for 

obesity outcomes, childhood and adolescence are critical times of transition (Lucas 1998; 

Martorell et al. 2001).  During this life phase, people seem to begin a weight trajectory that lasts 

a lifetime.   

Turning back to the results from longitudinal models for obesity, the complete model for 

waist circumference (Table 10, Model 4) shows a persistent significant effect for neighborhood 

percent black.  It appears that, net of all individual controls including BMI at Wave 1, 

neighborhood percent black has a small but significant effect on waist circumference.  What can 

we make of this result?  Caution is needed, because one reason for the stronger result for waist 

circumference is that I don’t have an exactly matching measure at Wave 1.  BMI at Wave 1 

predicts waist circumference less precisely than it does BMI at Wave 2.  The effect here could be 

the error between measuring BMI and measuring waist circumference itself.   
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However, a substantive explanation is also possible.  Waist circumference is a more 

precise measure of obesity related to stress exposure because it is specific to central adiposity, a 

product of stress exposure (and genetics).  Therefore we can interpret this finding as cautious 

evidence that at least one of the neighborhood stressors is associated with increased obesity.  At 

minimum, future surveys collecting data on obesity related to neighborhoods should consider 

measuring waist circumference in addition to BMI.   

Hypertension Outcomes 

Neighborhood percent black has a large effect on the odds of hypertension diagnosis in 

the full cross-sectional models (Table 11, Model 3).  The measure I used for hypertension 

diagnosis at Wave 1 is highly dependent on the respondent having seen a doctor, which is 

associated with  availability of primary care, poverty status (e.g., although very poor U.S. 

citizens are likely to qualify for public insurance, the working poor may not), and immigration 

status.  These relationships are quite complex.  For example, some immigrants may have had 

public health care in their home country, while their US-born counterparts at the same income 

level do not (Prentice et al. 2005).  Because people also cluster in space based on their race, 

class, and immigration status, there’s a strong possibility that these complex interactions produce 

a compositional effect in these models.  If that is the case, the coefficient for percent black can be 

interpreted as the extent to which people who have seen a doctor and been diagnosed with 

hypertension cluster within black neighborhoods.  Longitudinal modeling should help make the 

issue more clear.   

Once we control for Wave 1 hypertension status, the model is a much more demanding 

test of the change in blood pressure status after the time of the exposure.  At the same level of 

original hypertension diagnosis status, are those people who lived in poor and disordered 
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neighborhoods more likely to have high blood pressure an average of 6.7 years later?  The 

answer is: yes, dependent on individual income.   

The interaction between family income at the individual level and neighborhood poverty, 

significant in longitudinal models for both systolic blood pressure and pulse pressure (Tables 12 

and 13, Model 4), shows that a person with high income is predicted to be most strongly 

adversely affected by living in a poor neighborhood.  The interaction direction does not support 

compound disadvantage theory, which predicts that an affluent person would be better off in a 

poor neighborhood than would a poor person, because personal resources could compensate for 

the stressors of the neighborhood.  More generally, the interaction I observe here does not 

support the notion that local resources replace personal resources.   

The observed effect is consistent with the notion that social isolation has a negative effect 

on health—one of the hypothesized pathways by which disorder is thought to negatively affect 

health.  However, if this were the true explanation, we would expect to see similar interactions 

for other in-group/out-group relationships, particularly individual-race and neighborhood-race.  

In results not shown, I find no effect of cross-level race/ethnicity interactions.  The mechanism 

behind the interaction for income does not appear to be social isolation within the neighborhood.  

If people who are unlike most of their neighbors experience more discrimination, this could also 

explain the direction of the interaction.  But again, in this case we would expect to see a similar 

or stronger effect for individual-race by neighborhood-race interactions.     

I am not the first researcher to find an unexpected harmful effect of a mismatch between 

individual and neighborhood affluence.  Results from the Moving to Opportunity Study seem to 

indicate that among very poor families living in public housing projects, moving to a more 

affluent neighborhood is harmful for behavioral outcomes of teenage males (Katz et al. 2001) 
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and for mother-daughter relationships (Leventhal & Brooks-Gunn 2005).  I propose an 

alternative hypothesis which I will discuss in detail in the next chapter: behaviors and social 

skills are learned over the course of a lifetime, and are finely tuned to specific social contexts.  

Those who are most negatively affected by disorder are people who have little experience in 

disordered neighborhoods.  As a result of this inexperience, more affluent people may lack skills 

to separate real threats from minor threats, and to manage and cope with disorder.   On the 

reverse side, a person who has learned the social context of a poor neighborhood may feel stress 

as a product of living in an affluent neighborhood because the behaviors, skills, norms and 

expectations she is accustomed to are no longer appropriate.   

Depression Outcomes 

 The lack of relationships in the depression models is disappointing, because depression 

has been strongly linked to chronic stress exposure in several previous studies.  However, 

depression also has a known relationship with gender, and I do not find that relationship in 

evidence either.  The null findings for every individual predictor of depression suggest that the 

depression models are underpowered.  For whatever reason, not enough people reported 

symptoms of depression to provide useful variation for these models.   

Overall support for Hypotheses 

 Like several other studies, I have shown a cross-sectional association between some 

neighborhood-level social characteristics and two health outcomes with known relationships to 

chronic stress exposure: BMI and hypertension.  But my main hypothesis in this section was that 

neighborhood-level social characteristics would predict stress-related chronic disease outcomes 

after a time lag of an average of 6.7 years, net of health status at the original time point.  My data 

do not support this hypothesis for BMI.  When I control for the preexistence of the same health 
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condition in longitudinal models, any apparent neighborhood effect disappears.  Together with 

my cross-sectional results, this finding suggests that the association between Wave 1 health 

status and Wave 1 neighborhood characteristics is the product of some prior process, for 

example, the determinants of neighborhood selection itself, or neighborhood exposures earlier in 

life.  People who are overweight seem to be already clustered in neighborhoods at Wave 1.   

 My hypothesis has limited support in the models of waist circumference.  In the 

longitudinal waist circumference models (Table 10, Model 4) Wave 1 neighborhood percent 

black has a significant effect on the outcome, all else equal—including BMI at Wave 1.  This 

result must be interpreted with caution, because it may be that the neighborhood percent black 

was in fact related to increased waist circumference—or it may be that this result is attributable 

to the error between waist circumference and BMI.   

 My hypothesis is partially supported for hypertension outcomes.  Neighborhood percent 

poor has a significant association with systolic blood pressure and pulse pressure, but the 

relationship is contingent on a cross-level interaction between neighborhood poverty and 

individual-level income being included in the model. Individual income is a key modifier of the 

relationship between neighborhood poverty and hypertension, all else equal.   

Multidimensional measures of neighborhood social characteristics 

I have measured the effects of neighborhood stressors using five separate dimensions of 

neighborhood social characteristics.  This is unlike many previous studies, which use either a 

single social characteristic—often percent of the neighborhood in poverty—or an index 

comprised of several social characteristics together.  Although a one-dimensional neighborhood 

measure simplifies the process of modeling, especially when interaction terms are involved, my 

results show that the social characteristics of neighborhoods do have separate effects—
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sometimes opposing effects.  For example, in cross-sectional BMI models, the percent of 

housing that is renter-occupied has a negative association with BMI, but the percent of residents 

who are black has a positive association.   

Furthermore, I find that people are affected by the social characteristics of their 

neighborhood in part depending on their own characteristics.  The interaction term between 

percent poor and individual-level income was significant in rigorous longitudinal models of 

blood pressure outcomes.  In models not shown, I also tested cross-level interactions for 

individual race and neighborhood race—and found that they were not significant.  It seems that 

these interactions are a key part of the neighborhood effects puzzle, and using a composite 

measure of neighborhood is probably not adequate to see how they operate.  Individual-versus-

neighborhood interactions require more exploration, and the results I show here suggest that a 

multidimensional measure of neighborhood social characteristics is the best way to approach 

further exploration.   

Variance at Level 2 

My results also show that, across every model and health outcome, none of the total 

variance in health outcomes is due to differences between census tracts.  The inverse 

interpretation is that 100% of the variance in health outcomes is due to differences at the 

individual level.  Clustering has no effect in these data.  A likelihood-ratio test confirms that 

multilevel modeling is unnecessary in these data.   

The absence of variance at level 2 is at odds with the finding that in some cases, the 

neighborhood-level variables are significant.  There is no effect of clustering, yet there is an 

association between the neighborhood-level variables and individual health outcomes.  These 

findings are difficult to interpret.  One interpretation is that the neighborhood-level variables 
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operate at the individual level.  It is as if I have 900 people in 900 neighborhoods.  But, I do not 

have 900 neighborhoods.  The individuals in my sample are clustered within 65 census tracts, 

which means the people within each tract are exposed to the same levels of poverty, race/ethnic 

concentration, unemployment, and tenure by renters within neighborhoods.   

An alternative interpretation is that where neighborhood-level characteristics are 

significant predictors of health outcomes—even in the longitudinal models—they are picking up 

on unmeasured characteristics at the individual level.  These unmeasured characteristics, like 

race and income, are associated with how people are clustered within neighborhoods and thus the 

variance is picked up by the neighborhood-level measure.  The significance of the cross-level 

interaction terms may support this interpretation.  An interaction term allows some of the effect 

of the neighborhood-level variable to transfer to the individual level, which—if the 

neighborhood effects are completely compositional—is where the effect belongs.  If this is the 

case, we should see the interaction term become significant and amplify the effects of its 

components.  This is precisely what I have shown.  However, a true effect modification works 

the same way.  We can’t know which is going on in these results.    Perhaps the addition of more 

cross-level effects, not proposed here, would help to clarify the issue.   

Consistency 

Overall, causal pathways from neighborhood social characteristics to chronic stress-

related health do not seem to be consistent across the three outcomes I have chosen.  Social 

disadvantage in residential neighborhoods is a measurable source of chronic stress for adults in 

Los Angeles County related to blood pressure, and possibly waist circumference, but not BMI 

and depression.  In addition, the direction of the key cross-level interaction between individual 

income and neighborhood poverty is inconsistent with at least one previous study.  Wight et al. 
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(2011) show that individual income can buffer a person from the harmful effect of living in a 

poor neighborhood, that is, a relatively affluent person would be better-off in a poor 

neighborhood than would a poor person.  In my results—albeit for a different stress-related 

health outcome—I show that individual income can be at odds with neighborhood-level poverty.  

That is to say, a relatively affluent person would be worse off in a poor neighborhood than would 

a poor person.  The natural conclusion from these findings is that the model of neighborhood as a 

source of chronic stress is missing some pieces.  It seems that any effect of neighborhood is 

contingent on individual characteristics.  People are not, as my model assumes, passive recipients 

of their socio-spatial environments.  The role of individual choice, agency and behavior in 

modifying neighborhood effects is a key area for future research development.   

Furthermore, if there are any neighborhood effects on obesity in Los Angeles County, 

they are likely to take place over a long period of time, longer than the 6.7 years I have at my 

disposal.  The most critical period of exposure is also likely to include childhood and 

adolescence.  Uncovering these effects would require looking at how individuals are exposed to 

dynamic neighborhood environments the course of their whole lives—a very data intensive task.   

Type II Error 

In an effort to avoid committing a type II error, I also analyzed stature as an outcome 

using the same approaches as for my three main health outcomes.  My theoretical model does not 

support a direct causal relationship between adult height and neighborhood stressors including 

social characteristics and disorder.  Furthermore, we know that adult stature is closely related to 

individual characteristics such as race/ethnicity and immigration status (actually, immigration 

status here represents nutrition and sanitation environment in childhood, and subgroupings 

among of immigrants).  In my data, adult Latinos who are undocumented immigrants are 4.5 
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inches shorter on average than are adult native-born whites.  Some Latino subgroups are likely 

even shorter than this average, and the presence of ethnic enclaves in the city may create 

apparent neighborhood effects on stature.   

Using height as an outcome in a cross-sectional model should show whether the 

purported health effects of cross-sectional neighborhood characteristics are compositional in 

nature.  Predicting height (results not shown) on neighborhood characteristics measured at the 

same time (both at Wave 1), controlling for individual characteristics, indicates a significant 

negative relationship between height and one neighborhood measure: percent unemployment.  

This finding strongly suggests that in cross-sectional models, the neighborhood variables are 

absorbing some of the covariance on individual characteristics, i.e., a compositional effect.  

People are clustered in neighborhoods in ways that affect both their employment status and their 

stature.   

I also performed longitudinal analyses of Wave 2 height on neighborhood characteristics.  

Because my models use adults there is very little real variation in height from Wave 1 to Wave 2.  

The possible variation comes from two sources: error in self-reported height at Wave 1, or actual 

change in height.  To eliminate the latter possibility, I restricted my analyses to respondents who 

were at between 20 and 69 years old at Wave 1.  Controlling for Wave 1 height should absorb all 

of the model’s variance except what is produced by error in self-reported height at Wave 1.  

Since the difference in self-reported and measured height at Wave 2 was quite small, I expected 

no relationship between neighborhood level social environment and height after a 6.7-year 

average time lag.  Instead, I once again found a significant negative relationship between percent 

unemployment and height.  Again, the result suggests a compositional effect—this time between 

error in self-reported height and something at the individual level that is not included in my 
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models.  Perhaps some groups cluster in neighborhoods and also do not know precisely how tall 

they are.  Some very disadvantaged immigrant subgroups are an obvious candidate.   

In any case, I can think of no reasonable explanation for unemployment to directly affect 

change in adult height.  My findings for adult stature in longitudinal models should serve as a 

caution against reading too much into what positive findings are present in my longitudinal 

models.  

Type I Error 

 Other explanations for the lack of support for my hypotheses are possible, however.  

What if I have not adequately captured neighborhood characteristics, and so I have missed an 

effect where one really exists?  It is possible that my neighborhood social characteristics are not 

related to disorder in the way I have hypothesized, and thus they don’t capture stress exposure 

due to disorder.  I address this question in detail in the next chapter by examining the association 

between the social characteristics of neighborhoods, observed neighborhood physical disorder 

itself, and these same health outcomes.   

 Another type I error that could explain my overall null findings in this section is poorly 

specifying neighborhoods.  Perhaps census tracts do not accurately capture the geographic space 

in which people are exposed to stressors.  In Chapters 8 and 9, I will implement more nuanced 

measures of neighborhood exposure and see if this enhances the picture of the effect of 

neighborhood stressors on health outcomes.   

Conclusions 

In this chapter, I have evaluated empirical evidence for a causal relationship between 

neighborhood social characteristics, hypothesized to operate through chronic stress caused by 

physical disorder, and three chronic disease outcomes in adults in Los Angeles County.  I find 
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limited support for this model for waist circumference and two blood pressure outcomes, but not 

BMI or depression.   

Limitations 

A limitation in my study is that my longitudinal change-in-health models have limited 

power to detect change because of the strong association between health statuses at Wave 1 and 

matching health status outcome at Wave 2.  A related limitation is the use of Wave 1 

neighborhood exposures as a proxy for longer-term neighborhood exposures.  A longer set of 

longitudinal data, especially one beginning early in life before chronic diseases make their 

appearance, could also address these weaknesses.  

Another important limitation in this section is that I don’t have precisely the same 

measure across the two data waves, which introduces an error component into the observed 

change in health status.  I have self-reported BMI at Wave 1, and I use this as a matching control 

for measured BMI and waist circumference at Wave 2.  For hypertension, I use diagnosis of 

hypertension at Wave 1—a measure that is highly dependent on the respondent having seen a 

doctor—and measured current blood pressure at Wave 2.  I have no usable measure of 

depression at Wave 1 (although this is irrelevant in light of the very small variance in depression 

at Wave 2).  This problem might be partially addressed by setting up models that follow a 

traditional analytic approach for panel data--i.e., there are two observations for each respondent 

(at Wave 1 and Wave 2), and a fixed effect for the individual.  The fixed effect would absorb any 

unmeasured characteristics that were consistent within the individual, such as propensity of 

having seen a doctor.  But since the measure of health status is not the same across the two data 

waves, results of these models would still not provide a clear answer about the predictors of 

change in health status.    
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A third limitation is related to the unusual interaction effect I find.  The individual-level 

measure of personal resources is family income—a fairly limited measure for capturing the real 

resource status of a family.  A measure of total household wealth would provide useful additional 

detail.  In particular, income-to-debt ratio is an important aspect of wealth that is not captured by 

income alone, and the inclusion of debt could explain why a person with high income should 

both live in a less-affluent neighborhood and experience higher stress.  Income-to-needs ratio 

would also be useful, and it could explain why a relatively poor person living in an affluent 

neighborhood would experience higher than expected stress.  This limitation applies to all my 

models, and it certainly needs to be addressed before drawing any conclusions about interaction I 

present.   

Summary of Conclusions 

My longitudinal models restricting the variance in outcomes to the change in health 

status between data waves are a key step in addressing the issue of order of effects.  My results 

suggest that, for BMI, any relationship between neighborhood social characteristics and chronic 

disease status is either compositional in nature, or occurred before the time of the first 

observation.  Or both—it is possible that earlier neighborhood exposures lead people with similar 

health status to live in the same neighborhoods.  The people in this sample were all adults, and 

other research has suggested that neighborhood exposures are most influential during childhood 

and adolescence (Brooks-Gunn et al. 1993; Duncan et al. 1994; Jones et al. 2011; Leventhal et al. 

2005; Wheaton & Clarke 2003).  Future research in neighborhood effects on chronic disease 

outcomes should take seriously the notion that exposures occur across the life course, and may 

be most influential early in life.   
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There appears to be an effect of neighborhood percent black on waist circumference, 

controlling for individual-level predictors of waist circumference including BMI at Wave 1.  The 

strength of any conclusions I can make is limited by the absence of a measure of waist 

circumference at Wave 1.   

For blood pressure outcomes, there is an association between neighborhood poverty on 

worsening blood pressure status, and the relationship is modified by individual-level income.  

The significance of the cross-level interaction term here is an unusual finding and an intriguing 

one.  It suggests that the relationship between neighborhood stress and blood pressure is 

modified by individual wealth, and in the opposite direction to what I expected.  In my next 

chapter, I propose a theory which might explain the interaction, if the theory can be empirically 

supported in future work.  However, other results (e.g., zero variance at level 2, longitudinal 

models of adult stature) serve as cautions to overinterpretation at this point.   

Consistency support for a causal path between neighborhood social characteristics and 

health outcomes is weak in my data.  I show different results for the three health outcomes, and 

different results even within some of the measures of these outcomes.  My conclusion from 

seeking consistency evidence is that my causal model is missing some pieces.  Apparently 

obesity and hypertension are not related to neighborhood stressors in the same way, or over the 

same time lags.   

In my next chapter, I will try to show plausibility support for the relationship between 

neighborhood characteristics, disorder, and chronic disease outcomes by validating the mediating 

role of disorder.     
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Chapter 7. The mediating role of physical disorder in the 

relationship between social characteristics of neighborhoods and 

chronic disease outcomes.   

Introduction 

In this chapter, I briefly review the background and theoretical framework for the 

mediating role of disorder in the link between neighborhood social characteristics and stress 

exposure and its milieu.  Then I describe the specific methods I use to test this relationship, using 

two outcomes, each measured at two time points: BMI at Wave 1 and Wave 2, and hypertension 

at Wave 1 and Wave 2.  I present results and discussion of these models.   

Background 

 One of the key tools empirical scientists use to draw conclusions about causal 

mechanisms is to validate a theory-driven model of relationships between constructs. My 

theoretical model posits that particular social characteristics of neighborhoods cause increased 

levels of social and physical disorder in those neighborhoods, and that exposure to disorder is a 

chronic stressor leading to poor health outcomes (see Figure 1).  In the last chapter, I showed that 

social characteristics are linked to some chronic disease outcomes, particularly obesity and blood 

pressure.   

My theoretical model specifies that social and physical disorder is the mediating factor in 

the link between social environment and chronic disease.  In this chapter, I test the link between 

disorder and health outcomes, and its mediating role in the social characteristics-health outcomes 

link.   

Because high quality objective measures of disorder are difficult to collect, many studies 

(including this one, for most of the analyses) substitute social characteristics of neighborhoods 

for the more proximal cause of chronic stress, disorder.  It is not clear whether these social 
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measures are really a good substitute for direct measures of disorder.  Jones et al. (2011) show 

high agreement between the neighborhood poverty measure used in Chapter 6 and observed 

physical disorder at the tract level in Los Angeles, but we also find that disorder predicts 

behavior problems among children independently of neighborhood poverty and other composite 

neighborhood characteristics.  Although we do not test a mediation model in that work, the 

findings presented in Jones et al. (2001) hint that disorder exposure could be the proximal cause 

of childhood behavior problems.  Raudenbush and Sampson (1999) also find moderate 

correlation between a similar measure of physical disorder and concentrated poverty in clusters 

of census tracts in Chicago.   

In this chapter, I explore the relationships between social characteristics of 

neighborhoods, physical disorder, and health outcomes.  I have two research questions.  First, is 

the relationship between neighborhood social characteristics and health outcomes mediated by 

observed physical disorder?  And, do observed physical disorder and neighborhood social 

characteristics have a comparable relationship to health outcomes?   

Methods 

Data and sample 

I use a representative sample of adults in Los Angeles County from Waves 1 and 2 of the 

L.A.FANS.  This survey is described in detail in Chapter 4.  My analytic sample is identical 

across all models and contains 900 adults who lived in 65 Los Angeles census tracts at the time 

of the first wave of data collection, 2000-2001.  I include two-level sample weights in all my 

multivariate models, making them representative of the population of Los Angeles County in 

2000 who remained in the County in 2006-2008.  
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Variables 

 Full descriptions and information about the construction of my variables are provided in 

Chapter 4.  In this section, I use two main outcomes.  Overweight is measured at Wave 1 by self-

reported height and weight (as BMI), and at Wave 2 by BMI derived from objective height and 

weight collected by trained interviewers.  Hypertension is measured at Wave 1 by self-reported 

history of hypertension diagnosis, and at Wave 2 by systolic blood pressure readings taken by the 

trained interviewers, using a blood pressure cuff.  These measures are continuous, except 

hypertension at Wave 1, which is dichotomous.   

There are two sets of focal independent variables in this chapter.  First, I use social 

characteristics of neighborhoods as reported by the 2000 US decennial census, SF3 file, 

approximately the time of the Wave 1 survey.  Second, I use a 20-item scale of observed 

disorder, data for which were collected by the trained interviewers at the time of the Wave 1 

interviews.  Each of the neighborhood measures has been rescaled so that 1 unit represents the 

difference between the 25
th

 percentile and the 75
th

 percentile of that characteristic in the analytic 

sample.  Rescaling makes it possible to interpret regression coefficients in terms of a difference 

in neighborhood status that is both substantively meaningful and within the range of what exists 

in my sample.  For all analyses in this section, the construct “neighborhood” is operationalized as 

the respondent’s residential census tract at Wave 1.   

I control for respondent age, education, gender, whether or not the respondent is a PCG 

as well as an RSA in the sample, the natural log of family income, and a combined 

race/ethnicity/immigration status variable reported at Wave 1 in all analyses.  In longitudinal 

models I also control for time elapsed between data waves, change in family income, and change 

in education status.  I include an interaction term for individual-level family income with either 

neighborhood-level percent poverty or neighborhood disorder (depending on the goals of the 
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model), to account for the way in which individual resources modify the experience of stress in 

the neighborhood.  Although my assumption was that individual-level resources would allow 

people to buffer themselves against the stressors in their neighborhood, the results I showed in 

the previous chapter suggest that this modifying effect goes in the other direction in my data.   

Analytic approach 

The procedures I use here are similar to those presented in the preceding chapter.  I 

present the results of multilevel, multivariate modeling on four measures of health.  Continuous 

variables (BMI and systolic blood pressure) are modeled using multilevel OLS regression.  The 

one dichotomous variable (hypertension diagnosis in cross-sectional models) is modeled using 

multilevel logistic regression.
37

   

 For each outcome, the first model is identical to the most complete model presented in 

Chapter 6.  This model includes neighborhood social characteristics and a suite of individual-

level control variables, and a cross-level interaction showing the modifying effect of individual-

level family income on neighborhood-level poverty.  Next, I use disorder as an outcome, keeping 

neighborhood social characteristics as the key independent variables and also keeping the 

complement of individual-level control variables in the model.  This model assesses whether 

there is a link between disorder and neighborhood social characteristics.  In a third model, I 

include both neighborhood social characteristics and disorder scores as independent variables.  

Compared to Model 1, I expect disorder to take on much of the variance in health outcomes that 

was explained by the neighborhood social characteristics.  That is to say, including disorder 

should reduce the size and significance of the more distal measure of neighborhood stress 

exposure, the neighborhood social characteristics.  Disorder should also have a significant 

                                                 
37

 I use the user-generated Stata program “gllamm” to produce multilevel models.   
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relationship to the health outcome in this model.  This set of characteristics is evidence of a 

mediated relationship (Muller et al. 2005).   

My theoretical model (Figure 1) shows that individual income is hypothesized to modify 

the relationship between neighborhood stressors and the outcome variables.   An interaction term 

is included to test whether individual-level income modifies the effect of neighborhood-level 

stressors on health outcomes.   

In a final model, I substitute the hypothesized more proximal cause of chronic stress—

observed physical disorder—for neighborhood social characteristics.  Based on my theoretical 

model, I expect disorder to perform about the same as the neighborhood social characteristics did 

in Model 1.   

 I assess the changes in coefficients, p-values, and several measures of the overall model 

fit at each step to evaluate whether my data fit my hypothesized conceptual model.   

Results 

Descriptive Statistics 

 Descriptive statistics for people and neighborhoods are shown in Tables 2 and 3, and 

discussed in detail in Chapter 5.   

Obesity Results 

Cross-sectional Model 

The first step in mediation testing looks at the more distal relationship—in this case, the 

relationship between disorder and the neighborhood social characteristics themselves.  These 

results are not unique to each health outcome, so they are presented in a single table.  Table 15 

shows that tract proportion poor, Latino, and units that are renter-occupied have significant 

relationships with neighborhood physical disorder, controlling for individual-level 
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characteristics.  This is not surprising at all, since I selected these neighborhood characteristics 

based in part on their empirical relationship to the disorder measure.  In fact, it is surprising that 

neighborhood percent black and unemployed do not show significant relationships with disorder.  

Their failure to appear as significant predictors can be attributed to the inclusion of individual-

level controls in this model.   

Table 16 shows results for the remainder of mediation testing steps for BMI from Wave 

1, a cross-sectional model.  In Model 1, Wave 1 neighborhood percent black, percent 

unemployed, and percent renter-occupied housing show significant associations with Wave 1 

BMI.  At the individual level, we also see significant associations between Wave 1 BMI and age 

and several of the race/ethnic/immigrant groups.   

 In Model 2, both the neighborhood social characteristics and the direct measure of 

disorder are included.   In a mediated relationship, we would see the coefficients for the more 

distal cause drop in magnitude and in significance; the more proximal cause would be significant 

instead.  This is not the relationship we observe.  The relationships between Wave 1 BMI and 

neighborhood social characteristics are mostly unchanged as compared to Model 1.  In addition, 

disorder is not a significant predictor of Wave 1 BMI.  A likelihood ratio test indicates that there 

is no substantial difference in the overall explanatory power of Model 3 compared to Model 1.   

Model 3 in Table 16 addresses my second research question, do observed physical 

disorder and neighborhood social characteristics have a comparable relationship to health 

outcomes?  In this model, disorder is substituted for the neighborhood social characteristics.  An 

interaction term between neighborhood physical disorder and individual-level income is also 

included in the model.  Because I hypothesized that disorder is the true source of stress exposure 

in neighborhoods and because disorder is highly correlated with social characteristics of 
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neighborhoods, I expected to see a similar relationship between disorder and one or more of the 

neighborhood social characteristics.  However, disorder at Wave 1 is unrelated to BMI at Wave 

1.  The interaction is also not significant.   

 

Longitudinal Model 

 In Table 17, I present a similar progression of models using BMI measured at Wave 2 as 

the outcome variable  I also add BMI at Wave 1 as a key control variable which restricts the 

model to the change in BMI between data waves.  In Model 1, neighborhood social 

characteristics are not related to the outcome variable.  The null result for neighborhood 

characteristics is likely attributable to the inclusion self-reported BMI at Wave 1, which absorbs 

most of the variance in Wave 2 BMI; Wave 1 BMI is highly predictive of BMI at Wave 2.  

Model 2 includes both neighborhood social characteristics and disorder.  This model is not 

significantly different from Model 1 according to a likelihood-ratio test, and again disorder does 

not appear to mediate between neighborhood social characteristics and BMI.  Model 3 shows 

that disorder and the interaction between disorder and family income are, not surprisingly, also 

unrelated to the outcome Wave 2 BMI when they are the sole neighborhood-level characteristics 

in the model.   

Hypertension Results 

Cross-sectional Model 

 Table 18 shows results of testing for a mediated relationship between neighborhood 

social characteristics and health outcomes for self-reported past diagnosis of hypertension or 

high blood pressure.  Model 1 shows a significant relationship between tract percent black and 

tract percent renter-occupied housing and hypertension diagnosis.  Several individual-level 
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control variables are also significant predictors of hypertension diagnosis, including age and 

race/ethnic/immigrant status.  In Model 2, disorder is not significantly associated with the 

outcome.  Its inclusion indicates a suppressing effect of having omitted disorder from the 

model—the neighborhood social characteristics are, if anything, more influential for having 

controlled for observed physical disorder.  Once again, in Model 3, physical disorder does not 

have a significant relationship with the outcome when it is substituted for the neighborhood 

social characteristics, contrary to my expectation.   

Longitudinal Model 

 Table 19 shows results of testing the mediating role of disorder for the final outcome, 

systolic blood pressure at Wave 2.  In the initial model (Model 1), which is the same as the 

interaction model described in Chapter 6, we see a significant cross-level interaction between 

individual-level income and tract-level percent poor.  Figure 8 shows this interaction effect in 

graphical form.  A poor person has higher predicted systolic blood pressure in an affluent 

neighborhood, and an affluent person has higher blood pressure in a poor neighborhood.  Several 

individual-level controls are significant, including age, family income, change in income, and the 

residual and native-born white race/ethnic/immigrant status groups.   

In Model 2 of table 19, observed physical disorder is not significant.  In addition, the 

coefficients for neighborhood social characteristics are not generally reduced in magnitude, as 

we would expect if disorder mediates their relationship to the outcome.   

In Model 3, the coefficient for disorder is not significant, but we do see a significant 

interaction for disorder and individual income.  Predicted values for this interaction are shown in 

Figure 9.  It operates in much the same way as did the interaction between neighborhood poverty 

and individual-level income, suggesting that perhaps in this case, disorder does explain the same 
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variance as did the neighborhood social measures.  Furthermore, this finding is consistent with 

my theoretical model, because it suggests that personal income modifies the effect of disorder on 

health outcomes.   

 

Discussion 

For three of the outcomes presented here—BMI at Wave 1, BMI at Wave 2, and 

hypertension diagnosis at Wave 1—observed physical disorder does not appear to mediate the 

relationship between neighborhood social characteristics and stress-related chronic disease 

outcomes.  In no model does the addition of disorder improve the overall model fit.  The pattern 

is consistent across the three outcomes.  These findings indicate that at the same level of 

observed physical disorder, tract-level social characteristics are somewhat predictive of health 

outcomes.  I showed in Chapter 6 that these neighborhood social characteristics are likely 

compositional effects.   

Systolic blood pressure appears to operate somewhat differently.  Although disorder is 

not a mediator in this relationship either, there is some evidence supporting my hypothesis that 

disorder explains the same variance in health outcomes as do social characteristics of 

neighborhoods, which was my second research question.  Disorder does interact with individual-

level family income just as does neighborhood poverty, and the interaction effects operate in the 

same directions.  This disparity between the various outcomes presented here could be explained 

if blood pressure is more sensitive to the link from neighborhood social characteristics to 

disorder to chronic stress.  This is work for future studies.   

The interaction effects I have shown in this and the preceding chapter do not behave in 

the way I expected them to, based on the compound disadvantage hypothesis, which suggests 
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that people use resources held at the individual level to buffer stressors in their neighborhoods.  

Instead, the interactions show that a mismatch in personal income level and neighborhood 

income level is more deleterious to health than is a match—even when that match means a poor 

person lives in a poor neighborhood.   As I mentioned in Chapter 6, the absence of any 

significant interaction between individual- and neighborhood-race suggests that the effect is not 

due to social isolation of people within their neighborhoods or due to discrimination experienced 

by people who are mismatched within their neighborhoods.   

A competing theory known as relative deprivation can partially explain the interaction I 

observe.  Perhaps people who are poor and who live in affluent neighborhoods experience 

relative deprivation—negative feelings and stress related to their not being able to “keep up” 

with their neighbors (Jackson et al. 2009; Runciman 1966).  However, traditional relative 

deprivation theory does not address the reverse situation—higher stress experienced by a 

relatively well-off person in a poorer neighborhood.   

I suggest a related theory which incorporates a life course perspective, and which can 

explain both ends of the spectrum.  Social skills, norms and behaviors are highly complex, subtle 

products of social context—including place-based social environments such as neighborhoods.  

These skills and context-appropriate behaviors are acquired over the course of years as a person 

grows up and experiences different social situations.  People who spend their childhood and 

adolescence living within even the most violent, disordered, impoverished communities develop 

an understanding of these environments that helps them navigate them better than any outsider 

could. Long-term residents of poor communities develop the skills to read poor communities.  A 

person who grows up outside this environment and then moves to it will be adrift, unable to 
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distinguish real threats from a little bit of harmless graffiti, and feel constantly threatened even in 

situations that are not truly threatening.   

This theory works equally well in the opposite direction.  A poor person living in a 

relatively affluent neighborhood is unable to read the community’s cues and behaviors 

effectively.  Norms and behaviors appropriate to an impoverished social context are 

inappropriate in an affluent setting, and as a result, this mismatched person experiences stress.  

As results for adolescent males in the Moving to Opportunity experiment suggest, this could be 

more important for some subgroups than for others.  I do not explore such three-way interactions 

here, but it could be an interesting avenue for future work.    

If this principle of mismatches social skills is at work, it has some important implications 

for research.  First, using observed disorder measures in this context may be inappropriate, 

because reactions to disorder—even the perception of disorder itself—is in some part dependent 

on the observer.  Indeed, Jones et al. (2011) find significant observer effects in the same 

neighborhood observation data I use here.  The key factor for experiential stress is the unique 

individual experience of disorder.  This is a case in which disorder and community stressors as 

reported by the respondent may be a more appropriate measure of stress exposure.  Using 

respondent-reported disorder measures introduces a new and difficult methodological problem—

same-source bias.  The tradeoffs between reported disorder and observed disorder should be 

explored thoroughly in future research.   

Second, whether this theory is at play can be addressed empirically.  Looking at 

relationships between the observers of disorder and the amount of disorder observed is a starting 

point.  What is the relationship between disorder as perceived by residents versus disorder 

observed by independent, trained data collectors?  What is the role of collective efficacy and 
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other measures of neighborhood social function to the threat associated with disorder?  Do most 

people who grew in ordered communities perceive more threat in the presence of disorder than 

do people who grew up in disordered communities, as I suggest?   

Conclusions 

 I have shown empirical evidence that observed physical disorder is only weakly 

associated to health outcomes, if it is related at all.  Disorder does not appear to mediate the 

relationship between neighborhood social characteristics and health outcomes.  If anything, 

disorder behaves as we would expect a control variable to behave—when it has any effect in the 

overall models, it is to reveal a stronger relationship between neighborhood social characteristics 

and health outcomes.   Outcomes of systolic blood pressure suggest that disorder might have a 

role in the link between neighborhood social characteristics and health outcomes, but the 

associations are relatively weak, and the mediation model is not directly supported.   

 

Limitations 

An important limitation in this section is that I have no measure of neighborhood social 

disorder.  In my conceptual model I note that physical disorder is only one component of a 

disordered environment.  Perhaps social characteristics of neighborhoods are more influential in 

causing social disorder, which is a chronic stressor leading to poor health outcomes.  This would 

explain why including physical disorder doesn’t have the expected mediating effect—the models 

are still missing one of the key pieces that is in the theoretical model.  Although L.A.FANS-1 

collected data on social disorder, I have some concerns about their reliability.  Future studies 

should try working with these data to see if they are reliable measures of social disorder, and 
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investigate how social and physical disorder are independently related to social characteristics of 

neighborhoods.   

Conclusions 

I had two aims in this chapter.  My first aim was to show whether the relationship 

between social characteristics of neighborhoods and chronic disease outcomes is mediated by 

disorder.  My results show that disorder is not a mediator. Second, I wanted to explore whether 

disorder and the social characteristics of neighborhoods can replace one another in models.  That 

is, do their effects as predictors of chronic disease outcomes go in the same direction and explain 

about the same amount of variance?  I have shown that for some outcomes (BMI and 

hypertension diagnosis), they do not.  But for systolic blood pressure, the results hint that 

perhaps they do.   

 

Overall, my theoretical model has found limited support in the empirical evidence 

presented in this chapter and in Chapter 6.  The links between neighborhood social 

characteristics, disorder, and health outcomes among Los Angeles county adults are tenuous.  

When they exist, they seem to not be mediated by exposure to physical disorder.  .   

This finding stands in stark contrast to considerable work by other researchers, who have 

theorized—and sometimes shown empirical results that support their theory—that exposure to 

neighborhood disorder directly affects a broad array of health conditions in people exposed to it.  

Perhaps the absence of apparent relationships between neighborhoods and health outcomes is 

due to poorly specifying the places in which people are exposed.  In my next two chapters, I turn 

to this question.   
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Chapter 8. Neighborhood stress and health outcomes: does the 

geographic scale of neighborhood matter?   

Introduction 

In the previous two chapters, I showed that the social characteristics and physical 

disorder environment of respondents’ home census tracts are only weakly related to chronic 

disease outcomes among adults in Los Angeles County.  If census tracts are either too small or 

too large to capture the place in which stress exposures actually take place, I might be missing an 

effect where one actually exists.  In this chapter, I describe the methods and results from testing 

sensitivity of my neighborhood effects models to the specification of geographic scale of 

neighborhoods.  I compare results of operationalizing neighborhood at several spatial scales 

derived from US census geography, each using the neighborhood of residence as the core.  The 

geospatial scales I compare are: Census block-groups, tracts, and first-order and second-order 

contiguous tracts (defined using two different weighting approaches).  I compare how social 

characteristics, operationalized at each of these six scales, perform in a model of neighborhood-

level exposure to stress on individual-level chronic disease outcomes.   

Background 

Neighborhood effects research presents unique methodological challenges.  When causal 

pathways are hypothesized, they can prove difficult to measure in part because it’s unclear how 

best to operationalize the construct “neighborhood.”  One problem is that, although 

neighborhoods are clearly spatial in nature, it is not obvious how big a “neighborhood” is.  The 

answer must be grounded in the specific constructs at hand.  In my case, the fundamental 

question is: in what area are people exposed to the chronic stressors of physical disorder, and the 

more distal stressors of neighborhood disadvantage?  Failing to specify the appropriate scale can 

weaken the effects we are able to observe, leading us to type I errors and contributing to 
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inconclusive or conflicting empirical results.  Thus, specifying an appropriate measurement 

approach for the neighborhoods in our model is of critical importance to our ability to understand 

neighborhood effects in empirical models.   

Although many studies have used census tracts to operationalize neighborhoods, there is 

little theoretical agreement about how to specify the appropriate scale for neighborhood.  Galster 

(2001) suggests that scale should be dependent on the level at which meaningful between-group 

variation exists—i.e., it depends on the scale at which the exposure and the outcome operate.  

For effects based on exposure to disadvantage, race/ethnic concentration, and disorder in 

Chicago neighborhoods, Ailshire et al. (2010) found that the census tract may be too small.   

My tract-level cross-sectional models (presented in Chapter 6) show that the effects of 

neighborhood characteristics on stress-related health outcomes are varied.  In cross-sectional 

models of BMI and hypertension status, certain neighborhood characteristics are significant 

predictors.  In more rigorous longitudinal models of BMI, neighborhood effects disappeared.  

However, in similar longitudinal models of waist circumference and blood pressure, some 

neighborhood level associations do persist.  In order to ensure that my conclusions based on 

these results are not due to incorrect specification of neighborhood scale, I repeat my analyses 

using neighborhoods operationalized at three other spatial scales: the block-group (smaller than 

tracts) and aggregations of 1
st
- and 2

nd
-order contiguous tracts.  For the contiguous tract areas, I 

also compare two methods of aggregating data.  My research question is: do the effects of 

neighborhood characteristics vary when neighborhood is operationalized at geographic scales 

smaller and larger than the census tract?   
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Methods 

Data and sample 

I use a representative sample of adults in Los Angeles County from Waves 1 and 2 of the 

L.A.FANS.  This survey is described in detail in Chapter 4.  My analytic sample is the same 

across all models and contains 900 adults who lived in 65 Los Angeles census tracts at the time 

of the first wave of data collection, 2000-2001.  I include sample weights in all multivariate 

models, making them representative of the population of Los Angeles County in 2000 who 

remained in the County in 2006-2008. 

Variables 

I use three outcomes, which were selected based on their salience as outcomes of the 

stress process in adults.  Overweight is measured with BMI and waist circumference; blood 

pressure is measured with systolic blood pressure (the top number in a blood pressure reading), 

pulse pressure (the difference between the top and bottom number) and for cross-sectional 

models only, hypertension diagnosis; and depression is measured as a continuous score on the 

CIDI-SF, indicating the probability that the respondent would be diagnosed with major 

depression if they were given the full CIDI.     

In all analyses in this section, the focal independent variables are neighborhood social 

characteristics at approximately the time of the Wave 1 survey.  I use five key indicators of 

neighborhood social environment, which are thought to be causally related to disorder: percent 

poverty, percent black, percent Latino, percent unemployment, and percent of housing that is 

renter-occupied.  To facilitate interpretation of results in multivariate models, the neighborhood 

measures have been rescaled so that 1 unit represents the difference between the 25
th

 percentile 

and the 75
th

 percentile of that characteristic in the analytic sample.   In this section I focus on the 
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scale over which these neighborhood social characteristics are averaged, and ask whether 

geographic scale makes any difference in the conclusions.   

As in my previous chapters, I control for respondent age, education, gender, status as a 

PCG in the survey, the natural log of family income, and race/ethnicity/immigration status 

reported at Wave 1 in all analyses; in longitudinal models I also control for time elapsed between 

data waves, change in family income, and change in education status.  I include an interaction 

term for individual-level family income with neighborhood-level percent poverty.   

Full descriptions and information about the construction of my outcome variables and 

key control variables are provided in Chapter 4.  I will focus here on describing the new 

measures of neighborhood.     

Creating measures for super-tracts 

To calculate super-tract neighborhood measures, I began with the L.A.NSC data, which 

includes the aggregated social characteristics for every tract in Los Angeles County based on 

data from the 2000 census and geography from the 1990 census
38

.  The NSC also includes, for 

each tract in LA County, a count of 1
st
- and 2

nd
-order adjacent tracts and their tract IDs.  Tracts 

adjoining at an edge or adjoining only at a corner are included in the count.   

For each of the five selected neighborhood social characteristics in turn, I calculated the 

area-weighted mean and population-weighted mean across the index tract and 1
st
-order 

contiguous tracts.
39,40  

 Then I calculated the area-weighted mean and population-weighted mean 

across the index tract, 1
st
-order tracts, and 2

nd
-order tracts.  Area-weighting allows a tract with a 

                                                 
38

 See the Overview of Methods for a description of crosswalking the 2000 Census data to the 1990 geography.   

 
39

 Each area is inclusive of all the orders below it.  This is sometimes known as the Danish approach (as opposed to 

the donut approach).  See http://geodacenter.asu.edu/node/380 

 
40

 Because census areas are created based largely on population, there was high correlation between the area-

weighted mean and the population-weighted mean measures for the same areas.     

http://geodacenter.asu.edu/node/380
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larger area to be more influential in the final super-tract value, while population-weighting 

allows a tract with higher population to have more influence in the final super-tract value.
41

    

This process produced area-weighted mean and population-weighted mean measures for 

each of the five key census characteristics at the 1
st
-order and 2

nd
-order super-tract level, for a 

total of four sets of super-tract measures.
42

   

In a small number of cases, where a tract was near the LA County border, one or more of 

its contiguous tracts was in another county.  I excluded tracts that were outside of LA County 

from both the numerator and denominator of the means for the super tracts.
 43

  This missing data 

problem affected a relatively small number of tracts, and given the propensity for a tract to 

resemble its neighbors in social characteristics, its effect is probably negligible.  Downloading 

and compiling 2000 Census data and producing a 1990 to 2000 tract geography crosswalk for 4 

additional counties was beyond the scope of this project.  

Creating measures for block-groups 

 I used a different approach to calculate census block-group characteristics.  The 

L.A.FANS sampling strategy involved selecting tracts from within three poverty strata, then to 

select blocks from the selected tracts; respondents are clustered at tract and block levels.  

However, the Census Bureau does not provide any social characteristics data at the block level—

the smallest geographic unit for which data are publically available is the block group.   

                                                 
41

 My theoretical framework suggests that people are exposed to disorder in the area in which they live, regardless 

of the number of people who live there.  But since disorder is a social ill, there is an argument to be made that a 

disorderly and densely populated area could be a stronger exposure than a disorderly and sparsely populated area.  

Since it is not clear which measure is better here, I present results for both.   

 
42

 I also tested two spatially-lagged measures for super tracts—one that gave more weight to the areas surrounding 

the index tract (which stems from the theory that the local availability of resources is the key factor influencing 

contextual health effects) and one that gave more weight to the index tract (which stems from the conventional idea 

that people spend the most time in the area immediately around their residence, and therefore it is the most 

influential).  Neither measure was much different from the measures presented here.   

 
43

 Because any information that could be used to identify the L.A.FANS tracts is restricted, I don’t present statistics 

showing how many L.A.FANS tracts were affected by having one or more of their neighboring tracts missing data.   
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Fortunately, blocks are always nested within block groups.  I downloaded block-group level data 

for all block-groups in Los Angeles County from the 2000 decennial census SF3 (U.S. Census 

Bureau 2000c), and derived the five measures of neighborhood social environment.  I applied the 

block-group level data to the census blocks.
44,45

   Each of several census blocks sharing a block 

group got the same values for social characteristics—there is no within-group variation below 

the block group level, even though my data have a row for every block.    

My next task was to produce a crosswalk of 2000 block geography to 1990 block 

geography similar to what is available in the NSC at the tract level (see Chapter 4 for a more 

complete description of the need for and process of crosswalking census geography). Although 

the US Census offers a table indicating when a block’s geography changed between decennial 

census years, it does not provide the detail I needed to generate area-weights.  I created the area 

weights myself.  I downloaded the 1990 shapefile of blocks (U.S. Census Bureau 2000a).  Using 

ArcMap, I created an intersection of the 1990 and 2000 shapefiles.
46

  This new file had one row 

for every unique fragment of both 1990 and 2000 blocks; a set of fragments made up a 1990 

block and a (sometimes different) set of fragments made up the 2000 block that overlaps the 

same area.  Then I calculated the area of each fragment in ArcMap, and exported the results to 

Stata to finished data processing.  I summed the areas of the fragments over 1990 block ID’s and 

2000 block ID’s to recreate the areas of the 1990 blocks and 2000 blocks, respectively.
47

  Then, I 

                                                 
44

 I performed these data processing tasks in ArcView 10.0, using the 2000 TIGER/Line shapefiles for census block-

groups and blocks (U.S. Census Bureau 2000a).  I used a polygon-to-polygon spatial join of the second type, where 

each polygon is given the attributes of the polygon it falls inside of.   

 
45

 For all the geospatial processing in this study, I projected my maps and shapefiles to NAD 1983 State Plane 

California VI, FIPS code 0406, in U.S. feet.     

 
46

 I used the Intersect tool.   

 
47

 For reasons knowable only to cartographers in the Census Bureau, the TIGER/Line block files from 1990 and 

2000 do not line up with one another precisely, even where boundaries did not really change.  In viewing one on top 
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used the areas of the fragments as weights to transform the 2000 census social characteristics to 

1990 geographies.  This is the same process that was used to produce 2000 characteristics for 

1990 tracts in the L.A.NSC.  In the end, I had social characteristics from the 2000 census for 

1990 block areas.   

Analytic approach 

My analytic approach is to substitute each of these measures in turn in a multivariate 

model of health outcomes.  Because the findings in my previous two chapters indicated that there 

is no effect of clustering in these data, and multilevel modeling has some drawbacks 

(specifically, it cannot provide an equivalent of an r-squared statistic and it is computationally 

intensive), I do not use multilevel models here.
48

  Instead, I use regular OLS or logistic 

                                                                                                                                                             
of the other, it looks like the entire County drifted about 200 feet East and 10 feet South (which it did not).  

Although this type of problem sometimes results from incorrect projection settings, in the case of 1990 and 2000 

TIGER/Line files it is a problem with the shapefiles themselves.      

 

This drift presents a problem when an overlay is used to crosswalk 1990 boundaries to 2000 boundaries as I have 

done, because boundaries that should be exact matches are not.  For example, it appears that no 1990 tracts and 2000 

tracts are a perfect match, when in fact about 68% of blocks did not change.  Furthermore it appears that all 2000 

blocks have a small fraction of their area overlaying the incorrect 1990 block.   

 

I looked at the distribution of the areas in the intersection file and determine a reasonable cutoff, then dropped the 

rows representing the tiny fractions of census blocks that result from the drift.  I dropped the fractions which 

represented less than 5% of the area of both its 1990 and 2000 census block.  Although this was 33% of all rows in 

my file, the dropped areas represented less than 0.5% of the average area of the 1990 block and the 2000 block.  The 

number of instances where the dropped row represented more than 5% of the area of the 1990 block was less than 

1%, and the largest dropped fragment—by far—was still only 15% of the area of the 1990 block of which it was 

part.  Special thanks to Aaron Kofner at the RAND geospatial methods group for guidance on this problem, and on 

spatial crosswalking in general.   

 
48

 Due to a large number of groups and a small average number of individuals per group, multilevel models at the 

block/block-group level failed to converge for three of my outcome measures.  I repeated these analyses using 

multilevel models where possible, and they were substantively the same.  In fact, in most cases they were exactly the 

same.   

 

To account for clustering in the sample in models using exposure at the super-tract areas in the multilevel models 

(not shown), I include a random effect for the L.A.FANS sample census tract.  Because there are still 65 unique 1
st
-

order and 2
nd

-order contiguities, each with one of the L.A.FANS sample tracts at its core, the “mismatch” between 

clustering at the tract level and measures at the super-tract level does not present a problem.  To account for block-

level clustering in the sample, I include a random effect for census block. There are about 300 blocks and about 275 

block-groups in my models.  The discrepancy between blocks and block-groups are cases in which L.A.FANS, by 

chance, sampled more than one block within the same block group.  This doesn’t matter because the block 
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regression.  My hypothesis is that the coefficients for super-tract characteristics are 

approximately the same as for census characteristics measured at the census tract level and that 

the total variance explained would be similar across models, i.e., that the geographic scale at 

which I operationalize neighborhood is not driving my results.  I assess coefficients for 

individual variables and measures of overall model fit.   

Results 

Descriptive results 

Descriptive statistics for the average social characteristics of these areas are shown in 

Table 20.  The 65 L.A.FANS census tracts have a median of seven 1
st
-order contiguous tracts 

and a median of sixteen 2
nd

-order contiguous tracts.  There are approximately 300 blocks
49

 in the 

sample.  There is wide variation in the mean areas for the various measures.  In rural parts of the 

county, they are much larger than in more densely settled urban parts of the county.
50

   

For each person, the area comprising the neighborhood is partially shared across 

operational definitions of neighborhoods and so we would expect to see some similarity among 

the areas.  If tracts are very like their neighboring tracts, we might expect to see quite a bit of 

similarity—block and tract descriptions would resemble the super-tract descriptions of the scale 

of segregation is large, or if there just isn’t much variation on the characteristic in the county as a 

whole.  However, if tracts are unlike adjacent tracts, we would expect to see differences in the 

descriptions of the areas when more tracts are aggregated.   

                                                                                                                                                             
characteristics are the same for every block in the block group.  The random effect behaves as if I had two clusters 

with the same measured characteristics by chance.   

 
49

 To ensure that indirect identification of the L.A.FANS tracts is not possible, I have rounded some of the figures I 

present in these descriptive statistics.     

 
50

 For example, in downtown Los Angeles, the mean tract size is ~0.5 square miles; 1
st
-order super tracts are mean 3 

sq. mi, and 2
nd

-order super tracts are mean 7 sq. mi.  In a more rural part of the county, the mean tract is nearly 100 

square miles; 1
st
-order super tracts are 300 sq. mi and 2

nd
-order super tracts are 700 sq. mi.   
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In fact, Table 20 shows that the average social characteristics are quite similar across the 

neighborhood scales.  For example, the mean population in poverty is 22% in block groups, 23% 

in tracts, and 19-22% for the larger super-tract areas.  The only characteristic that shows 

substantial variation is the proportion unemployed, which is higher in the blocks than in the other 

five neighborhood definitions.  The area-weighted mean measures generally have the lowest 

values for my neighborhood characteristics.  This is because they give more weight to less 

densely populated places, which are also likely to be populated by more advantaged people—

they tend to be more affluent, white, and homeowners.  Some of the differences as we move 

from block-group to tract to super tract are also attributable to regression to the mean—the larger 

areas are closer to the mean for the county simply because they capture more people.  This 

appears to be most marked for population density and proportion Latino.  Table 3 shows the 

means for the county as a whole.   

Table 21 shows the correlations among block-group, tract, and super-tract measures for 

the same person, for each of the five social characteristics of neighborhoods.  These results 

confirm that, on average, “neighborhoods” look very similar across these six geospatial scales—

especially for poverty and race.  Table 21 again demonstrates that percent unemployment is the 

only characteristic that shows substantial variation by neighborhood scale.   

A somewhat different story emerges when we look at the average characteristics for 

various neighborhood scales by region of the County.  Here I use the eight Los Angeles County 

Service Planning Areas (SPAs) (see Figure 10).  Table 22 shows mean neighborhood 

characteristics by SPA.  The most dramatic result in this table is the vast difference in social 

characteristics from region to region of the County.  For example, the proportion in poverty is 

37% for the L.A.FANS respondents in living in South LA and only 6% for the L.A.FANS 
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respondents living in West LA. The proportion of renter-occupied housing ranges from 24% in 

Antelope Valley to 78% in Metro LA.  Because L.A.FANS oversampled poor and very poor 

census tracts, this pattern is somewhat exaggerated but it is generally similar to the regional 

pattern in the County as a whole.
51

  

The next notable fact in Table 22 is that in most SPAs, the larger areas captured by the 

1
st
- and 2

nd
-order contiguity means diminish the exposure to disadvantage slightly.  For example, 

in the first row of the table, in SPA 2 block-group level poverty is 19%, tract-level poverty is 

18%, the first-order super tract poverty is 16%, and the second-order super tract is 13% for the 

area-weighted mean and 16% for the population-weighted mean.  It appears that adjacent tracts 

are generally a little less poor than index tracts.  This fact is in part probably an artifact of 

oversampling very poor tracts—we see regression to the mean when we start with very poor 

tracts and then add more tracts into an average.  However, the reverse is true in West LA—the 

larger area introduces more poverty exposure, indicating that neighboring tracts are generally 

more poor than index tracts.  In Metro and South LA, the poorest SPAs, the larger area has little 

effect, suggesting that tracts in these SPAs are surrounded by like tracts.  That is to say, it looks 

like there is little difference between an index tract and its adjacent tracts in South LA and 

Metro, but there is a large difference between the index tract and its adjacent tracts in West LA 

and a moderate difference in other regions.   

Galster (2001) argues that the appropriate measure for the effect of neighborhoods is the 

scale at which there are observable, meaningful between-group differences on exposures.  

Otherwise, how can we distinguish the effect of one “neighborhood” from another? These 

                                                 
51

 Note that although the L.A.FANS sampling strategy ignored SPAs, the nonpoor, poor, and very poor tracts were 

not sprinkled at random across the larger landscape of the county.  The approach of stratifying all tracts by poverty 

status and sampling within strata led to an actual sample pattern of poor and very poor sampled tracts coming from 

the poor and very poor SPAs, and nonpoor tracts coming from the less poor SPAs.   
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descriptive statistics suggest that tracts do not capture the scale at which segregation really 

operates—and also do not capture the scale of segregation consistently--on these five social 

characteristics.
52

     

Multivariate Results 

Obesity results 

 Tables 23 through 29 show results of multivariate models comparing neighborhood 

effects on health outcomes across the various geographic scales.  Table 23 shows the results of a 

cross-sectional neighborhood effects model for the outcome BMI at Wave 1.  The model 

includes the same key individual-level covariates as were used in previous chapters (not shown), 

the five “neighborhood” social characteristics at different levels of aggregation, and the 

interaction term for individual-level income and the neighborhood-level poverty (operationalized 

according to that model’s definition of neighborhood).  As we saw in Chapter 6, tract-level 

proportion black and proportion renters are associated with BMI.  This association is also present 

at the block-group level.  Proportion of housing that is renter-occupied seems to have a 

consistent effect across the definitions of neighborhood.  Proportion black is significant at the 

block-group, tract, and first-order contiguity area-weighted mean levels.  At all super-tract levels, 

the area’s proportion Latino takes on significance instead.  Tract-level percent black and percent 

Latino are not highly correlated in the county (see Table 5).  Turning to the overall model fit 

statistics, BIC and the log likelihood statistic show similar model fit across definitions.  R-

squared is slightly lower for the area-weighted mean measures.   

Table 24 shows the longitudinal model for BMI at Wave 2.  Again, the individual-level 

covariates are not shown in this table, but are included in the model.  This time the model also 

                                                 
52

 I tried restricting all the analyses in this chapter to “normal-sized” index tracts—those below the 95
th

 percentile 

for area within the sample.  This restriction made no difference to the results, so the few very large tracts are not 

driving the results.   
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includes BMI at Wave 1 as a key control variable, which as we saw in previous chapters is 

highly predictive of Wave 2 BMI.  The high r-squared statistic reflects this association.  Across 

all definitions of neighborhood, no neighborhood-level measure achieves significance.  

Furthermore, the coefficients in these models are quite small and inconsistent even in sign.  The 

overall model fit is nearly identical across the various definitions of neighborhood.   

Table 25 shows longitudinal results for waist circumference, controlling for BMI at Wave 

1 and other individual characteristics (not shown).  Again the high r-squared values reflect the 

fact that Wave 1 BMI is highly predictive of waist circumference at Wave 2.  In this case, few of 

the neighborhood characteristics achieve statistical significance.  The r-squared and other model 

fit statistics suggest that there is little difference between the models.   

 

Hypertension results 

Table 26 shows results for hypertension diagnosis at Wave 1—a cross-sectional model.  

Here we again see inconsistent results in the individual odds ratios for the effect of neighborhood 

characteristics on Wave 1 hypertension diagnosis.  The BIC statistic and log likelihood statistic 

indicate little difference between the models’ fits. 

Table 27 shows the coefficients for area social characteristics as predictors of systolic 

blood pressure at Wave 2, controlling for hypertension diagnosis at Wave 1.  The r-squared 

statistics reflect the fact that hypertension diagnosis is a strong predictor of later systolic blood 

pressure, but nowhere near as strong as BMI was for weight outcomes.  In these models, several 

of the interactions between individual-level family income and the neighborhood poverty—with 

neighborhood defined consistent with that model—are significant.  The magnitude of the 

interaction and its effect on area poverty vary somewhat, but the coefficients for individual 
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poverty are significant and consistent at the block-group, tract, 2
nd

-order area-weighted mean, 

and 1
st
-order population-weighted mean levels.  Predictions based on these models (not shown) 

are similar to what we saw for systolic blood pressure in Chapters 6 and 7—a mismatch between 

the neighborhood and the individual seems to be deleterious for blood pressure.  R-squared and 

the other model fit statistics, in this case, seem to modestly favor the larger neighborhood 

definitions.  The results for pulse pressure (Table 28) closely mirror what we see for systolic 

blood pressure. 

 

Depression results 

 Finally, Table 29 shows results of variations on neighborhood scale for probability of 

depression at Wave 2.  As in previous chapters, these models control for key individual-level 

covariates, but not for Wave 1 depression status due to lack of data availability.  And, as before, 

there is little to report for depression.  Essentially no variables predict depression at Wave 2.   

Discussion and Conclusions 

 No pattern emerges to suggest that operationalizing social characteristics of 

neighborhoods at the block-group, 1
st
-order, or 2

nd
-order super tracts would perform better than 

census tracts.  My hypothesis—that the results in Chapters 6 and 7 are not driven purely by my 

selection of census tracts as the areal unit for neighborhoods—is supported. Creating area-

weighted or population-weighted means based on census tract geography does not appear to 

perform substantially and consistently better and involves considerable time investment.  Census 

data are limited at the block-group level, and again involve considerable time.  Block-group 

models are also difficult because the small number of respondents per block-group makes 

multilevel modeling unstable.   
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More broadly speaking, these various “neighborhoods” are so similar to one another in 

terms of average social characteristics that the choice of scale—among the six nested scales I 

created—has little effect on the results.   

Limitations 

 One limitation of this study is that all the geographic scales I test are based on census 

geography.  Census geography is not designed for the purpose of measuring how neighborhoods 

influence chronic disease outcomes, and are not necessarily the best match for the question I 

have asked.  I show that the effect of averaging across larger areas varies by LA County Service 

Planning Area, providing evidence that census tracts are not the scale at which meaningful 

between-group variation on these social characteristics occurs, at least not consistently.  As 

Galster (2001) suggests, it may be more informative to seek out the scale at which these social 

characteristics actually vary.   

Empirical approaches to identifying the scale at which there exists meaningful between-

group variation in disorder have not been well-explored to date.   In most regions of Los Angeles 

County, residential segregation operates at a fairly large scale; neighboring census tracts tend to 

resemble each other--in terms of income, race and ethnicity, age, and other characteristics--

across broad territories, especially in poor, densely populated neighborhoods.  An approach to 

defining neighborhoods which analyzes the scale of segregation to discover meaningful 

“neighborhoods” of exposure might yield more reliable results.   

One approach that has been used extensively in the Project on Human Development in 

Chicago Neighborhoods (PHDCN) and several other Chicago-based studies is clustering census 

tracts to form “ecologically meaningful” groups (Sampson et al. 1997).  The neighborhood 

clusters in PHDCN are groups of contiguous census tracts with about 8000 people each, and 
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were designed to be “internally homogeneous on key census indicators” including race/ethnicity, 

SES, housing density, and family structure (Sampson et al. 1997).  Although Sampson et al. 

(1997) do not describe the specific process used to derive their neighborhood clusters, they say 

broadly that they used their own knowledge of the region and cluster analysis of census data.  

They indicate that ICC’s showed substantial within-group homogeneity for these neighborhood 

clusters.  Empirically, data from PHDCN studies have shown some of the strongest and most 

consistent neighborhood effects in the literature.  Perhaps Sampson et al. are on to something by 

clustering census tracts.  Or, perhaps neighborhood effects are stronger for the outcomes 

PHDCN focuses on—primarily child development.  Another explanation is that Chicago is in 

many respects very dissimilar to Los Angeles.  Future work attempting to cluster census tracts in 

other settings could reveal whether it is a fruitful approach to identifying between-group 

variation on exposure measures.   

Fuzzy set theory offers another approach to “discovering” neighborhoods of exposure.   

Fuzzy set theory takes advantage of the fact that neighborhood areas adjacent to one another are 

not likely to be completely different—they share some social and physical characteristics, 

although they are separated by arbitrary boundaries.  This phenomenon is often referred to as 

spatial autocorrelation (Mitchell & Environmental Systems Research Institute (Redlands Calif.) 

1999).  However, we often treat boundaries as if they were real.  For example, we can imagine a 

case where census tract A has 40% population below the federal poverty line.  Adjacent tract B 

also has 40% of people in poverty.  These tracts are not different on poverty, and by treating the 

border between these two tracts as a real boundary, we ignore the possibility that they are really 

experienced as a continuous neighborhood by residents.   
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Fuzzy set theory allows for more continuous variation across adjacent tracts (Feng & 

Flowerdew 1998).  Variables are classified using very small categories on more than one 

variable simultaneously, and then a simulation model is run to find clusters of spatial units which 

are like each other in ways important to the exposures and outcomes of interest (Binaghi et al. 

1999; Feng & Flowerdew 1998).  Clusters themselves may be “fuzzy,” so that a particular unit 

may belong to more than one cluster simultaneously (Feng & Flowerdew 1998).  The clustered 

spatial units can then be used as the “neighborhood.”  To use an illustrative example, suppose my 

exposure of interest is tenure by renters and the outcome in this case is physical disorder.  Fuzzy 

set theory finds clusters of contiguous census blocks which have similar values on tenure, 

disorder, and related control variables.  These clusters become our neighborhoods in analyses.  

The neighborhood is determined by the similarity of housing tenure within the set, and thus will 

vary in size from tiny pockets to large areas.  This approach to operational definitions of 

neighborhoods is more flexible, allowing scale to be determined by the actual scale at which the 

variables of interest vary.  It is also not as heavily influenced by boundaries, which may be 

arbitrary.  Fuzzy set theory has only begun to be applied in the social sciences, and it is not well 

understood in this setting.  This, too, could be a fruitful path for future work on measuring 

neighborhoods.   

 A second limitation is that all the “neighborhoods” I present in this chapter are forms of 

residential neighborhoods—they capture exposure to social stressors in the places where people 

live.  My theory suggests that people are exposed to stressors as a function of the amount of time 

they spend in a place.  The extent to which all six of these residential neighborhood definitions is 

relevant to the person is therefore dependent on the extent to which they spend time at home.  In 
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my next chapter, I explore an alternative way of operationalizing neighborhood using data on 

where people generally spend time in the course of their days and weeks.   
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Chapter 9. Activity spaces—a better measure of neighborhood 

exposures?   

Introduction 

In Chapter 8, I presented results indicating that for Los Angeles adults in 2000-2001, 

there was little difference among the characteristics of neighborhoods measured at four nested 

geographic scales.  Those “neighborhoods” used L.A.FANS respondents’ home addresses as 

their cores.  However, my theoretical model of exposure to chronic stressors in neighborhoods 

suggests that people are exposed to stress in places by virtue of the fact that they spend time 

there.  Since people routinely spend some of their days away from their place of residence—

shopping, working, attending religious services, delivering children to school—neighborhood 

definitions that are centered on place of residence may be limited in their ability to capture actual 

social-spatial environments. 

In this chapter, I use data on the locations of key places in the lives of Los Angeles 

County adults to estimate the social characteristics of activity spaces—a geographic area defined 

by the combination of places where people actually spend their time.  I compare the performance 

of these activity space measures and more traditional, residentially-centered measures in 

predicting chronic disease outcomes in both cross-sectional and longitudinal models.  My 

research questions in this section are: do activity spaces provide a substantively different picture 

of chronic stress exposure in neighborhoods than do residential census tracts?  And to what 

extent do the stressors in the aggregation of places people typically spend time contribute to the 

effect of neighborhood characteristics on stress-related health outcomes?   

Background 

As I described in the background for the previous chapter, one problem with 

neighborhood effects research is that there is no one best way to operationalize ‘neighborhood.’ 
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But, inappropriate specification of neighborhoods could lead to findings with weak effects for 

neighborhood-based exposures.  My theoretical model suggests that people are exposed—mostly 

in a passive way—to the social and disorder environment of places because they spend time in 

those places.  Most people spend substantial amounts of time outside the area where they live, 

but the bulk of previous research has looked only at the social ecology of place of residence.   

Wong and Shaw (2011) and Lee et al. (2008) argue that activity spaces are better 

reflections of the degree of race/ethnic and income segregation that individuals experience. If 

activity spaces and residential neighborhoods differ substantially from each other, then the 

results I have shown in Chapters 6, 7, and 8 for exposures in residential settings may be missing 

an important piece of the puzzle (Crowder & South 2011a; Inagami et al. 2007; Matthews 2011; 

Sastry et al. 2004).  

The concept of activity spaces originates in ecological studies of animal territories, but it 

has also been used in urban studies to describe how people use urban space (for example, see 

H gerstrand (1967); Horton and Reynolds (1971)).  Several other studies have used the places 

individuals go on a routine basis to identify place-based exposures (Kestens, Lebel, Daniels, et 

al. 2010; Matthews et al. 2005; Schönfelder & Axhausen 2003; Vallee et al. 2010; Wong & 

Shaw 2011; Zenk et al. 2011).  These previous studies are highly varied in how they construct 

activity spaces, ranging from studies using GPS monitoring or detailed travel diaries to capture 

all paths and destinations to which individuals travel in a fixed period of time (e.g., Zenk et al. 

2011) to studies defining activity spaces based on a subset of routine activities (Kestens, Lebel, 

Daniels, et al. 2010; Newsome et al. 1998; Vallee et al. 2010).  In this section, I use this latter 

approach.  L.A.FANS asked adult respondents to report the location of several key destinations: 

their place of work, grocery store where they shopped most often, place of worship, doctor’s 
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offices, their children’s schools or childcare, and one “other” place where they spent a lot of time 

in the past week (detailed below).   

A handful of previous studies have examined whether the social environment of 

residential neighborhoods adequately represent the environment that individuals encounter on a 

regular basis.  For example, Zenk et al. (2011) showed that the characteristics of activity spaces 

were only weakly associated with those of residential neighborhoods in Detroit adults.  In 

another example, Kestens, Lebel, Daniel, et al. (2010) compare physical features of residential 

neighborhoods to those of activity spaces in Montreal and Quebec City and also find substantial 

differences between residential areas and those of activity spaces.   

Jones and Pebley (2012), using the same Los Angeles data as I use here, compare the 

social characteristics of home census tracts to those of two measures of activity spaces
53

.  In that 

paper, we find that individuals are exposed to a broader range of people and conditions in their 

activity spaces than in their home census tracts.  However, white respondents are exposed to 

strikingly less race/ethnic diversity than all other groups.  We also find that the characteristics of 

both home tracts and activity spaces are closely associated with individual characteristics–e.g., 

Latinos are much more likely to be exposed to other Latinos; the poor are much more likely to be 

exposed to other poor.   

                                                 
53

 Although we present related work in Jones and Pebley (2012), there are important differences between these two 

studies.  Most importantly, our purposes are different.  I predict health outcomes based on exposures in activity 

spaces, where Jones and Pebley extensively describe the kinds of people who live in the activity spaces of 

L.A.FANS-1 respondents.  I also use a different analytic sample (Jones and Pebley use all Wave 1 adults, whereas I 

use the panel RSAs who had measures of chronic disease status at Wave 2) and 20 possible destinations (Jones and 

Pebley use 7).     
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Methods 

Data and sample  

I use a representative sample of adults in Los Angeles County from Waves 1 and 2 of the 

L.A.FANS.  This survey is described in detail in Chapter 4.  In addition to the self-reported 

health, social, and demographic characteristics I have used throughout this study, L.A.FANS 

adults were also asked to report the street address or intersection of up to 20
54

 key destinations in 

their lives: home residence, place of work (and secondary place of work, if any), primary grocery 

store, health care providers (for sick care and well care and for the respondent him/herself and 

for each of up to two children in the household, separately), place of worship, parents’ and 

stepparents’ addresses, and the schools and daycare locations of up to two children in the 

household.  In addition to these specific destinations, respondents were asked “aside from home 

and work, what was the one place you spent most time last week?”—a destination I simply refer 

to as “other.”
55

  Addresses or cross-streets were geocoded to the street address or the nearest 

intersection using ESRI ArcMap (ESRI (Environmental Systems Resource Institute) 2010).  The 

overall match rate for geocoding was 82%.  In my analytic sample, a total of 5,891 destinations 
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 I used all the available destinations for which at least 25 respondents reported an address that could be geocoded.   

 
55

 The respondent may have already reported this “other” destination as one of the named destinations.  From a 

statistical standpoint, this does not present a problem for my measures.  It behaves as if one respondent has two 

discrete destinations that are in the same census tract.  This destination will carry a bit more weight for being 

counted twice, which seems theoretically consistent with its having been the one place that the respondent spent the 

most time last week.   

 

There were some follow-up questions in which the respondent gave the category of activity they were doing while in 

this “other” place.  These responses are rich in information, but because they were coded as check-all-that-apply, it 

is impossible to identify subcategories of activities that I can use for time-weighting.  For example, for one 

respondent, “spending time with kids/family” and “studying,” “housework” and “eating a meal” are all listed.   It is 

impossible to make any assumption about what proportion of the week this person spent at this site.   

 

The majority of these “other places” were related to running errands—e.g., going to the bank, post office, 

laundromat, or taking care of paperwork.  Many people reported eating out at a restaurant or eating at a friend’s or 

relative’s house, helping out at their children’s schools, watching or playing team sports (often their child’s team), 

helping family (with yard work, housework, home repair, car repair, or childcare), and leisure time activities such as 

parks, hiking, and going to the beach.  Several people reported a vacation destination.   
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were reported and geocoded, for an average of 7 geocoded destinations per person, including 

home addresses. 

  Using ArcMap, I overlaid the point destinations on a map of 1990 census tracts for Los 

Angeles County, thus identifying the 1990 tract in which each destination was located.  

Individual destinations outside the county were not included in this analysis (n=109).  I merged 

the L.A.NSC to these destination tracts to get the 2000 census social characteristics of the 1990 

tracts in which each respondent shopped, worked, etc.    

My analytic sample is the same across all models and contains 900 adults who lived in 65 

Los Angeles census tracts at the time of the first wave of data collection, 2000-2001.  See 

chapter 4 for details about the selection of this analytic sample.  I include sample weights in all 

multivariate models, making them representative of the population of Los Angeles County in 

2000 who remained in the County in 2006-2008. 

Variables 

I present descriptions of the activity spaces themselves as well as multivariate results 

predicting three health outcomes, which were selected based on their salience as outcomes of the 

stress process in adults.  Overweight is measured with BMI and waist circumference; blood 

pressure is measured with systolic blood pressure (the top number in a blood pressure reading), 

pulse pressure (the difference between the top and bottom number) and for cross-sectional 

models only, hypertension diagnosis; and depression is measured as a continuous score on the 

CIDI-SF, indicating the probability that the respondent would be diagnosed with major 

depression if they were given the full CIDI.     

In all analyses in this section, the focal independent variables are neighborhood social 

characteristics at approximately the time of the Wave 1 survey.  I use five key indicators of 
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neighborhood social environment, which are thought to be causally related to disorder: percent 

poverty, percent black, percent Latino, percent unemployment, and percent of housing that is 

renter-occupied.  In multivariate models, the neighborhood measures have been rescaled so that 

1 unit represents the difference between the 25
th

 percentile and the 75
th

 percentile of that 

characteristic in the analytic sample.   In this chapter, I focus on two novel operational 

definitions of neighborhood, each based on the various destinations an adult visits in the course 

of a week. I compare each of these activity spaces definitions to residential census tract.   

As in my previous chapters, I control for respondent age, education, gender, status as a 

PCG in the survey, the natural log of family income, and race/ethnicity/immigration status 

reported at Wave 1 in all analyses; in longitudinal models I also control for the most appropriate 

health status indicator at the time of the Wave 1 survey (except for in depression models), time 

elapsed between data waves, change in family income, and change in education status.  I include 

an interaction term for individual-level family income with neighborhood-level percent poverty.   

Full descriptions and information about the construction of my outcome variables and 

key control variables are provided in Chapter 4.  I will focus here on describing the two new 

measures of neighborhood.     

Activity spaces as nodes 

Nodes are a concept borrowed from the urban planning and transportation literature 

(Horton & Reynolds 1971; Kwan 1999; Wong & Shaw 2011).  The node concept assumes that a 

person is exposed to the characteristics of the places which he/she visits regularly, and that 

people have little exposure to the areas between these tracts.  A fitting example for Los Angeles 

is a person who drives to work in a personal car, mostly on the freeway.  The node definition 

assumes that this person will be unaffected by the characteristics of the communities she drives 
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through while on the freeway, but that she will be affected by the social conditions of the census 

tract in which she works because she spends substantial time there.  For each person in my 

sample, I identify a set of nodes: the tracts in which their reported destinations are located, 

including their home tract.  The average number of geocoded destinations reported in my 

analytic subsample is 7.0 (range 1-17), and the average aggregate size of nodes is 24.7 square 

miles.   

For each respondent, I calculated an area-weighted mean for five key social 

characteristics of areas.  The area-weighted mean is averaged across the respondents’ set of 

reported destination tracts, or nodes; if a particular type of destination was not reported then it is 

omitted from both the numerator and the denominator, as shown in formula 5.  The five key 

social characteristics I use are: percent poverty, percent black, percent Latino, percent 

unemployed, and percent of housing that is renter-occupied.   

For each individual i:  

 area-weighted meanJi = 


N

j 1

[tract characteristicj x (areaj/total areaJ)] (5) 

Where   j = census tract of a reported destination 
 J = all j’s forming the individual’s unique activity space, Ji 

 
Because my theory suggests that people are exposed to chronic stress in places as a 

function of the amount of time they spend there, my next set of measures is weighted by the 

proportion of the week that a person is assumed to spend in each of her nodes—a time-weighted 

mean, shown in formula 6.  L.A.FANS unfortunately has little usable information on the amount 

of time actually spent in each place, so I created a standard set of time weights and applied them 
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to all respondents.  I assumed that, for each of the destinations reported, the respondent spent the 

following proportion of the waking hours in a week
56

 in that place: 

Parents’ and stepparents’ homes, each unique address: 1% 

Employer 1: 40% (or 30% if two employers were reported) 

Employer 2: 22% 

Grocery store: 5% 

Respondents’ doctor’s offices, each reported: 1% 

Childrens’ doctor’s offices for up to two children, each reported: 1% 

Childrens’ day care or schools, up to 2 addresses for up to 2 children: 5% each 

“Other”: 10%, except for people who reported having spent less than 4 of the previous 24 

hours at home—their “other” was weighted at 50%.
57

   

For each individual i:  

time-weighted meanJi = 


N

j 1

[tract characteristicj x (time spentj/112)] (6) 

Where   j = census tract of a reported destination 
 J = all j’s forming the individual’s unique activity space, Ji 
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 By “waking hours in a week” I mean 112 total hours.  This assumes people sleep an average of 8 hours per day. I 

decided to use waking hours instead of total hours because it gives more weight to the away-from-home 

destinations, creating more opportunity for a difference in the exposures observed by my three measures.  I also 

think that that people aren’t generally exposed to social stressors in their sleep, but this—like the rest of the 

assumptions I make here—could be subject to further investigation.   

 
57

 A question on L.A.FANS interview asks: “I want to ask you about time you spent away from home yesterday.  

Think about the 24-hour period beginning at midnight [the day before yesterday] to midnight last night.  Out of 

those 24 hours, about how many hours were you away from your home?”  The response options were None, Less 

than 5 hours, 5-9 hours, 10-19 hours, 20+ hours but did go home at least briefly, or not home at all.  After the initial 

pass at creating my time weights as described, the pattern of my “% time away from home” variable matches with 

the reported categories of time away from home: those reporting that they spent no time away from home have the 

lowest “% time away from home” values on my created variable.  People who said they spent less than 5 hours away 

from home had slightly higher values on my “% time away from home” variable.  This pattern continues as we 

would expect it to.  The exception was for the small number of people who said they were home less than 4 hours—

the last two categories.  They had low values for % time away from home.  I gave the “other” destination additional 

weight for people who said they were at home less than 4 hours on the previous day to correct this.   
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For each respondent, I used the set of destinations they provided.  I summed the total 

proportion of time spent away from home across all the reported destinations.  If no address was 

reported for a particular destination, that destination contributes no time to the total “away from 

home” time.  The time spent at home is derived by subtracting the total “percent time away from 

home” from 100%.  Thus, for people who reported no destinations except their home, I assume 

they spent 100% of time at home.  People who reported one employer address and one child 

school address are assumed to spend 45% of their waking time at home.  I assume that when 

someone did not report an address, they did not spend time in that type of location at all.  On 

average, the respondents in my sample spend 39% (SD 25%) of their waking hours away from 

home.  The range is 0%-100%.  Of course these are a lot of assumptions about how people 

actually spend their time, and the assumptions are a real limitation of my study which I will 

discuss below.   

Analytic approach 

My analytic approach is to substitute each of these three measures—home tracts, area-

weighted mean nodes, and time-weighted mean nodes—into a multivariate model of health 

outcomes in turn.  Because the findings in Chapters 6 and 7 showed that there is no effect of 

clustering in these data, I do not use multilevel models here.
58

  Instead, I use regular OLS or 

logistic regression.  My hypothesis is that the coefficients for the social characteristics of activity 

spaces will be stronger predictors of chronic disease, compared to neighborhood census tract.  I 

assess coefficients for individual variables and measures of model fit.   

                                                 
58

 I repeated these analyses using multilevel models where possible, and the results were substantively same.  To 

account for clustering in the sample, I included a random effect for the L.A.FANS sample census tract.   
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Results 

Descriptive results 

Descriptive statistics for the average social characteristics of these areas are shown in 

Table 30.  The figures shown are unweighted averages across all individuals.  Unlike in the 

previous chapter everyone’s activity space is unique.  There are statistically significant 

differences in the social characteristics that people experience according to how neighborhood is 

measured in Table 30, but the differences are not dramatic.  In home tracts, people are exposed to 

an average of 22% poverty with a range of 3-51%.  In the area-weighted mean node measure, the 

average is 20%, with a range of 1-50%.  time-weighted means tend to be more similar to home 

tracts because on average, people spend a lot of their time at home.  The average poverty 

according to the time-weighted mean is 22%.  The pattern is similar across the five social 

exposure measures.  In almost every case, a t-test shows that the new measures give values that 

are significantly different from home tracts (the exception being proportion of renters by time-

weighted mean).   

We might expect the average to mask some important variability.  Perhaps people who 

spend most of their time at home have node definitions that are very similar to their home tracts, 

but those who spend a lot of time away from home have node definitions different from their 

home tracts.  The differences between the average characteristics of home tracts and area-

weighted mean nodes by the time spent away from home did not reveal such inequalities.  I also 

looked at the difference between home tract and time-weighted mean measures by the amount of 

time spent at home (according to my assumed time structure).  These comparisons are shown in 

Table 31.  There were not dramatic differences in the average social exposures of people who 

spent at least 40% of time away from home versus those who did not.   



 

148 

 

Multivariate results 

Obesity results 

 Results of weighted multivariate regression of health outcomes using neighborhood-

based exposures as defined by activity spaces are shown in Tables 32-38.  The “tract” model in 

each table is the same as the most complete tract-level models from Chapter 6, and is listed for 

comparison.  The three models in each table control for the same key individual-level covariates 

and for poverty, minority concentration, unemployment and tenure at the “neighborhood” 

level—only the operational definition of neighborhood varies.   

Table 32 shows results for the cross-sectional model of Wave 1 BMI.  The coefficient for 

neighborhood proportion black as a predictor of Wave 1 BMI is somewhat larger for both 

activity space definitions, and the time-weighted mean effect is larger than the area-weighted 

mean.  Since area-weighted mean is a somewhat more crude measure, the larger effect for time-

weighted mean may indicate that time-weighted mean is a better measure of actual exposure.  

The individual-level covariates are more or less the same across models.  Overall, the BIC 

statistic and r-square values suggest that the area-weighted mean and time-weighted mean 

neighborhood measures explain a little more total variance than the tract measures, and that time-

weighted mean has the best overall fit, if marginally.   

 Table 33 shows results of a longitudinal model, with the neighborhood exposures at 

Wave 1 and BMI measured at Wave 2.  BMI at Wave 1 is also included as a control, and the 

high r-squared statistics indicate that it is a very good predictor of Wave 2 BMI.  As in previous 

chapters, the neighborhood measures do not predict BMI change.  However, their effects are 

generally a little larger than those at the tract level.  BIC, log likelihood, and r-squared do not 

indicate a better fit from area-weighted mean nodes or time-weighted mean nodes.   
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Table 34 shows results for longitudinal models using waist circumference as the 

outcome.  In both node-based neighborhood measures, the % black is a significant predictor of 

waist circumference, where it was not in the tract-based neighborhood measure.  Coefficients for 

the other neighborhood characteristics are also fairly different from measure to measure, though 

none of the others achieve significance.  Overall model fit is the same or slightly better for the 

time-weighted mean measure.   

Hypertension results 

 Table 35 shows odds ratios from a cross-sectional logistic regression model using 

hypertension diagnosis at Wave 1 as the outcome.  The neighborhood proportion black is 

significant in the tract measure, and also significant in the area-weighted mean node measure.  

Although it is not significant in the time-weighted mean measure the p-value is not dramatically 

different from other models (tract: p-value=0.04, area-weighted mean: p-value=0.01, time-

weighted mean: p-value=0.09).  There are few differences among the three options for 

operationalizing neighborhood.   

 Table 36 shows coefficients for modeling systolic blood pressure measured at Wave 2 

and using neighborhood exposures at Wave 1 as the key independent variables.  Blood pressure 

diagnosis at Wave 1 is used as a control variable.  In this model, we once again see a significant 

interaction term between individual-level family income and neighborhood-level poverty.  

Predicted values for this interaction (not shown) indicate, as before, that a mismatch between 

individual-level income and neighborhood-level income is associated with higher blood pressure 

for all three neighborhood definitions.  The combined effect size of the interaction is 

approximately the same across the measures.  For this outcome, some individual-level 

characteristics have larger coefficients in the area-weighted mean and time-weighted mean 
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models than in the tract model—specifically, native-born whites have systolic blood pressure 

that is 8 mmHg lower than that of native-born Latinos.  PCGs have systolic blood pressure about 

5 mmHg lower than non-PGCs.   Overall model fit is better for both the area-weighted mean and 

the time-weighted mean measure.  About 4% additional variance is explained by the node 

measures.  These patterns are nearly identical for the outcome pulse pressure, shown in Table 37. 

 

Depression results 

Results of OLS modeling for the probability of depression are shown in Table 38.  As in 

previous chapters, the results for depression as an outcome are overall disappointing, probably 

due to low prevalence of depression in my sample.  No variables are significant predictors of 

probability of depression at Wave 2.  

Discussion and Conclusions 

Limitations 

 In this chapter, I have stretched to the limits of my data to capture the places Los Angeles 

County adults typically visit in the course of their daily travels.  Especially for the time-weighted 

mean node measures, I have made quite a few informed assumptions about how people spend 

their time.  My results hint that time-weighted measures of neighborhood exposure to social 

disadvantage could be an improvement in measurement of neighborhoods.  An important next 

step for this method is to use actual time study data which captures how and where people really 

do spend their time.   

 Another limitation in this section is that I have data from the L.A.FANS about where 

people go when they are not at home, but I do not have data on whom they see when they are 

there.  The characteristics of all the destinations are based on the people who live there.  We can 

imagine a person who works downtown in a high-rise office building.  His social exposures 
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while at work are based almost entirely on the other people who work downtown or on those 

who work in his building or office suite, but my measures capture only the people who live 

downtown.  In theory, this problem could be resolved by compiling, for example, the income of 

the people who report working in each census tract to get a measure of the percent poverty of 

people working in the tract.  This approach would be highly data intensive indeed.   

Conclusions 

 Perhaps the most remarkable result here is the striking similarity between home census 

tracts and the aggregation of places L.A.FANS respondents visit.  Although the differences are 

statistically significant, their actual values are generally functionally the same.  For the adults in 

this sample, home tracts do an adequate job of representing the characteristics of the total range 

of destinations.   

This finding has two key implications.  First, from a methodological standpoint, there is 

little difference between measuring the social exposures of the L.A.FANS sample according to 

their home tracts or their set of nodes.  The findings are true whether I use simple area-weighted 

means or the more complex concept of time-weighted means.   

The second implication is that, from the standpoint of what people’s social exposures are 

really like, L.A.FANS adults’ home tracts closely mirror the places they visit as part of their 

routine activities.  Jones and Pebley (2012) also looked at the average and range of 

characteristics of activity spaces as a function of respondents’ own characteristics.  In that study, 

we also find that people are very largely exposed to people like themselves.  Black respondents 

are exposed to a broader range of people than any other group, and white respondents are 

exposed to the narrowest range.  The findings I present here and those of Jones and Pebley 

(2012) suggest that for people living in disadvantaged neighborhoods, the time they spend 
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outside their home tracts does not modify their overall exposure to social disadvantage and 

disorder much because those other places look a lot like their home tracts.   

Considering how similar the node characteristics are to the home tract characteristics, it is 

not surprising at all that the multivariate models are largely the same across the three ways of 

operationalizing neighborhood that I present here.  Yet, more often than not, the overall variance 

explained is a little higher for the node-based measures, suggesting that there is some potential 

for a more robust measure of neighborhood to explain neighborhood stress exposure.  The 

performance of the activity space measures seem particularly strong for the blood pressure 

measures, where the interaction between individual-level and neighborhood-level poverty plays a 

key role, and the total variance explained by node-based measures is higher.   

The possibility is still strong that the neighborhood measures, when they explain any 

variance in health outcomes, are picking up the effects of omitted individual-level variables.  I 

did not present results from multilevel modeling because there was no effect of clustering within 

the 65 L.A.FANS home tracts.  Repeating the multivariate models shown here using multilevel 

models (not shown) confirm that there is still zero variance at the home tract level when I use the 

node measures of neighborhood exposures.  However, because each person’s node is unique to 

their set of destinations, there is actually individual-level variation in the node characteristics.  

The possibility exists that these node-based measures are picking up important variation on 

social exposures that lead to chronic disease outcomes in Los Angeles County adults.   
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Chapter 10. Conclusion  
 This study follows on a recent scientific interest in the effect of geospatial context on 

individual outcomes ranging from child education outcomes (Leventhal et al. 2005) to adult 

mortality (Wight et al. 2010) .  One hypothesis as to how neighborhood characteristics get 

“under the skin” to produce differences in health outcomes holds that the presence of social and 

physical disorder in neighborhoods is stressful to those who experience it (Burdette & Hill 2008; 

Hill et al. 2005; Jones et al. 2011; Ross & Jang 2000; Ross & Mirowsky 2001).  In previous 

work, my collaborators and I found that neighborhood-level observed physical disorder and 

neighborhood social and economic disadvantage are closely related to one another, and that 

disorder has cross-sectional associations with a limited range of individual-level child and adult 

outcomes (Jones et al. 2011).   

 In this study, I expand on these suggestive previous findings and focus on the 

relationships between neighborhood social context, physical disorder, and individual-level health 

outcomes.  I present empirical evidence testing a hypothesized causal path between the social 

characteristics and physical disorder status of neighborhoods and health outcomes among adults 

in Los Angeles County, CA in the years 2000-2008.  I test models designed to provide specific 

information about the link between neighborhoods and health, based on four causal principles: 

temporality, plausibility, consistency, and biological gradient.   

Temporality evidence 

The only causal principle necessary for establishing causality is the temporal order of 

effects.  To establish causality, it is critical to ensure that the cause occurs before the effect.  

Although other researchers have shown associations between social characteristics of 

neighborhoods and various health outcomes, many of these studies have been cross-sectional, 
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and therefore they can’t provide any evidence about the order of effects.  I test models designed 

to provide information about the temporal order of effects by using longitudinal data and 

measuring the change in health status between two data waves.   

In Chapter 6, I perform elaboration modeling to test the hypothesis that neighborhood 

social characteristics would have a significant effect on change in health status after an average 

time lag of 6.7 years, net of individual-level predictors of disease.  My results show that social 

characteristics of neighborhoods are linked to some chronic disease outcomes, particularly 

obesity and hypertension.  For obesity outcomes, the relationships hold true in less-demanding 

cross-sectional models only.  The apparent neighborhood effects disappear in the more rigorous 

tests using longitudinal observations.   

The disappearance of effects in longitudinal models for obesity outcomes suggests that in 

cross-sectional models, the effects of neighborhood social characteristics are either 

compositional in nature or occurred prior to the Wave 1 survey, or both.  Since I use only people 

who were adults at Wave 1, it is possible that key neighborhood exposures occurred earlier in 

life, setting people on a trajectory of health that leads up to the Wave 1 survey and through the 

Wave 2 survey.  Discovering such long-term effects and inertia of health behaviors, stressors, 

and outcomes requires us to take seriously the notion that contextual exposures are continuous 

and dynamic, and to follow individuals’ spatial environments through the course of their whole 

lives (Entwisle 2007; Sampson et al. 2002).  The models I present here take a step in the 

direction of life course perspective by including longitudinal data over a fairly long time period, 

but my results suggest that the data may not cover a long enough period.  Wheaton and Clarke 

(2003) measure childhood exposure to neighborhood poverty and find that it has a substantial 

lagged effect on mental health later on in life, in early adulthood.  Future work should explore 
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whether childhood and adolescence are critical times for neighborhood-level exposures for 

obesity as well.   

A related issue in the results I present in Chapter 6 is that I use neighborhood at the time 

of the Wave 1 study to proxy for an exposure which is actually not instantaneous—it is chronic, 

and earlier exposures are correlated with later life exposures.  I.e., people don’t move all that 

much, and when they do, it is likely to be to a neighborhood that resembles their old one.  

Jackson and Mare (2007) find that capturing the various neighborhoods in which children live 

over a two-year time frame does affect the overall picture of the sort of neighborhoods to which 

kids are exposed, but that this more complex measure does not dramatically change the effect of 

neighborhoods on behavioral and education outcomes.   Some other evidence supports the notion 

that duration of exposure to neighborhood disadvantage during childhood is a critical aspect of 

valid measurement of neighborhood exposure (Crowder & South 2011b; Timberlake 2007; 

Wodtke et al. 2011).  Whether duration is also a key component of neighborhood effects for 

chronic disease outcomes among adults is an important empirical question which has yet to be 

addressed.   

I found different results for hypertension outcomes.  I do observe some persistence of 

neighborhood effects in longitudinal models, but only when a cross-level interaction is included 

in the model.  Individual income appears to modify the effect of neighborhood characteristics on 

blood pressure outcomes.  People who are mismatched with the community in which they live 

have higher blood pressure than those whose personal income is similar to the community in 

which they live.  In these longitudinal blood pressure models, neighborhood exposures from 6.7 

years prior to the blood pressure measurement are influential in predicting blood pressure, net of 

hypertension status at the initial time.   This finding is consistent across both measures of blood 
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pressure at Wave 2.  The persistent and unexpected interaction effect I present throughout these 

chapters deserves further exploration.  It is suggestive that, at least for blood pressure, there is an 

important neighborhood effect at play, and that it is dependent on the individual’s own 

characteristics.    

Plausibility Evidence 

A second key tool empirical scientists use to draw conclusions about causal mechanisms 

is to validate a theory-driven model of relationships between constructs.   A theoretical model is 

constructed using what is already known about how pieces of the overall puzzle fit together, and 

hypotheses are made about the unknown links in the proposed causal chain.  When the links of 

the model are validated by empirical results, it lends credence to the argument that the 

associations we see are causal in nature, because they are consistent with a previously 

established set of relationships.   

My theoretical model posits that particular social characteristics of neighborhoods cause 

increased levels of social and physical disorder in those neighborhoods, and that disorder is a 

chronic stressor leading to poor health outcomes (see Figure 1).  The model includes a modifying 

effect for individual income, based on the supposition that people use individual income to 

buffer stressors.  This model is derived from previous empirical research showing relationships 

between chronic stress exposure and chronic disease outcomes among adults, on the one hand, 

and disorder and neighborhood disadvantage as chronic stressors, on the other hand (Ross 2000; 

Ross & Mirowsky 2001).   

 In Chapter 6, one of my aims was to validate this theoretical model by showing that 

neighborhood social characteristics are related to health outcomes in the way my model 

predicted.  In Chapter 7, my aim was to show that observed physical disorder acts as a mediator 
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in the causal chain leading from social characteristics of neighborhoods to chronic disease 

outcomes.  My results suggest that disorder does not operate as a mediator.    

The cross-level interaction effect for individual-level family income and neighborhood-

level poverty, described above, does not operate the way I predicted.  Instead of showing that 

individual resources can replace neighborhood resources (i.e., an affluent person is better-off in a 

poor neighborhood than is a poor person), as I expected based on the compound disadvantage 

hypothesis and previous empirical research, the interaction indicates that neighborhood resources 

and individual resources do not always substitute for one another (i.e., an affluent person is 

worse-off in a poor neighborhood than is a poor person).  The interaction seems to suggest that a 

mismatch between individual income and the income of the surrounding area is a source of 

chronic stress.   In Chapter 7, I suggest a competing theory: the social skills and behaviors we 

develop are specific to our social position and social context, and when we are outside of our 

historically “normal” social context, we experience more stress.  This implies that the people 

most negatively affected by disorder are people who have little experience in disordered 

neighborhoods.  As a result of inexperience in a disordered social context, more affluent people 

may lack skills to separate real threats from minor threats, and to manage and cope with disorder.  

Similarly, people who have little experience living in affluent neighborhoods find the mismatch 

between their expectations and the social context of their neighborhood stressful.  These 

questions can be explored empirically, and the interaction I observe across the models presented 

here should be tested more thoroughly to see if it persists.   

In models of obesity outcomes, disorder does not act as a mediator.  Perhaps another 

causal path mediates the link between neighborhoods and obesity—for example, the social 

characteristics of neighborhoods affect the food environment of the neighborhood, which can 
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lead to obesity.  Important aspects of food environments are specific to the residential 

neighborhood and an individual’s activity space.  I do not explore these alternative pathways, but 

my results suggest that more work is needed to figure out how neighborhoods could affect 

obesity, if at all.  Or, as I described above, perhaps obesity outcomes are determined early in life, 

and so my data do not capture the critical period of exposure to disorder for this outcome.  This 

explanation is related to the duration of exposure over the life course, and is an important area 

for research development as discussed above.   

In Chapter 9, I attempt to take into account the fact that people routinely spend some of 

their time in places beyond their homes, and thus are exposed to contexts and potential context-

based stressors beyond their residential neighborhoods.  These results are another way of 

validating my theoretical model, because they test whether it is true that exposure to stressors in 

geospatial contexts occurs by virtue of people spending time there.  I create two new measures of 

neighborhood based on the “nodes” concept of how people use urban space.  The first measure 

summarizes the social characteristics of a person’s unique activity space, and the second measure 

weights the characteristics of each place by the amount of time they spend there.  In both cases, 

the characteristics of these areas are statistically different from those using only residential 

neighborhood, although differences are not large.  When these new measures are substituted in 

the multivariate neighborhood effects models, I show modest support for the time-weighted 

measures explaining more total variation in health outcomes—especially for systolic blood 

pressure and pulse pressure outcomes, but also to some extent for obesity.  Given the weak 

associations in the baseline models, this support—while modest—is promising.  It is worth 

exploring time-weighted exposure measures and other kinds of activity spaces in the context of 

other theoretical models of neighborhood effects, and in other datasets.  One of the limitations of 
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the time-weighted measures is that I had to assume how much time people spend in each 

location.  Time-use data is a clear next step for this work.   

Consistency Evidence 

The third approach I use to try to establish a causal relationship between neighborhoods 

and chronic disease outcomes among adults is to look for consistency.  Empirical scientists may 

seek relationships that are consistent across settings, times, populations, specific exposures and 

outcomes which use the same causal pathways, and measures in order to establish common 

associations that affect human populations.  I show results for three different stress-related health 

outcomes, each of which is hypothesized to follow the same causal pathway from neighborhood 

social characteristics and neighborhood disorder to individual health outcomes.  I also test 

whether the relationships I observe are robust to different operational definitions of measures, 

where possible, and to the specification of neighborhood itself.   

I show results for three health outcomes that are each supposed to operate through the 

same causal chain.  For depression, the results are overall disappointing.  No neighborhood- or 

individual-level variables predict depression, suggesting that prevalence of depression was 

simply not high enough to produce usable variation for modeling.  My sample includes a large 

proportion of recent, undocumented Mexican-origin immigrants, who have lower prevalence of 

major depression than other populations (Burnam et al. 1987).  Perhaps this explains my null 

results for depression outcomes.   

For obesity outcomes, as discussed above, the results I present show that neighborhood-

level variables are only important predictors of obesity outcomes in cross-sectional models.  

When I use longitudinal data to look at change in obesity between data waves, I find that 

neighborhood measures—either social characteristics or observed physical disorder—are not 
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important predictors.  I find consistency across two operational definitions of the outcome—I see 

approximately the same results for BMI and waist circumference.  I also ran models looking at 

waist-to-hip ratio, and I did not present them because they were almost identical to those for 

waist circumference.  The internal consistency is reassuring—all the measures of obesity seem to 

pick up the same results, indicating that my measures are reliable. 

My results for blood pressure outcomes, as mentioned above, are not consistent with the 

results for obesity.  Longitudinal blood pressure results partially support my theoretical model.  

There is an important effect of some neighborhood level characteristics when a cross-level 

interaction for poverty/income status is included in the model, although this relationship is not 

mediated by disorder as my theory suggests.  The lack of consistency between obesity and blood 

pressure indicates that my theoretical model is missing something.  Perhaps these two outcomes 

are not the product of stress exposure in equivalent ways; or perhaps the critical life stage or 

appropriate time lag for exposure is different between the two outcomes.  This result deserves 

further exploration.  The results I show are reliable between the two Wave 2 blood pressure 

measures, systolic blood pressure and pulse pressure.  I show somewhat different results for 

hypertension diagnosis at Wave 1, but the difference can be attributed to exogenous factors 

related to hypertension diagnosis—i.e., having seen a doctor.   

In Chapter 8, my intention was to test the sensitivity of my main results to the geographic 

scale at which neighborhood was operationalized.  I compared models using local areas at four 

different, nested geospatial scales.  My goal was to ensure that the results I see for neighborhood 

effects on health outcomes are not due only to misspecification of neighborhood scale.  The 

results indicate that social characteristics of neighborhoods, and their effects on chronic disease, 

are very similar across these six measures of geospatial scale.  This evidence lends support for 
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consistency, and it is also substantively interesting finding on its own.  It suggests that the scale 

of segregation is larger than the census tract for the five social characteristics I employ.  

Capturing differences in exposure from neighborhood to neighborhood may require us to seek 

out the scale at which neighborhood social characteristics show meaningful variation, and use a 

measure derived from that empirical process.   

Biological Gradient Evidence 

Finally, a gradient between outcomes and exposures lends support to the argument for 

causality, because we expect that, in general, as the cause increases in strength, so does its effect.  

I test for graded relationships in two ways: first by looking at the magnitude of coefficients for 

neighborhood social characteristics in multivariate models through all four empirical chapters.  

Second, in Chapter 9 I look at the performance of the time-weighted measure of neighborhood 

exposures.  This measure is unique among my results, because it allows exposure to accumulate 

over the amount of time a person is assumed to spend in various contexts.   

Overall, the magnitude of neighborhood effects I observe is quite small, when it is 

significant at all.  This small effect is consistent with many previous studies of neighborhood 

effects.  Individual characteristics generally tend to be much more important predictors of health 

outcomes.  A key finding with respect to magnitude of effects is that obesity status at the initial 

data wave is extremely predictive of obesity status after an average of 6.7 years has elapsed.  

Although this fact is perhaps not surprising, it does show that weight status follows a trajectory 

which seems to be determined earlier in life than what my data capture for adults.  My study has 

not been able to show whether this trajectory is established in part by neighborhood 

characteristics.   
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The time-weighted mean exposure to neighborhood social characteristics presented in 

Chapter 9 is promising.  The inclusion of this cumulative exposure measure does seem to 

improve the overall model variance explained, validating the gradient hypothesis that people are 

affected by geospatial context by virtue of the amount of time they spend there.  These promising 

results raise the question of how neighborhood exposures shift and accumulate over the life 

course, and might shape blood pressure outcomes.  Cumulative neighborhood effects are a key 

component of my future research plan.   

Limitations 

 This study has several important overall limitations.  First, my ability to validate the 

theoretical model I proposed is limited by the data available in L.A.FANS.  In particular, I can’t 

test the mediating roles of either experiential stress or allostatic load, because data are lacking 

for these measures.  I have to assume that the relationship between disorder and health outcomes 

operates through these two factors in the way that I expect.   

 I used list-wise deletion to deal with cases that were missing data on health outcome 

measures.  This approach to dealing with “missingness” may have reduced the useful variation in 

my data by excluding those where were the least healthy from my analysis.  For example, people 

who weighed more than 330lbs were missing the Wave 2 BMI measures due to the limit of the 

scale used to measure weight.  People who were unable to stand unassisted were similarly 

missing height and weight measures.  Also, people who were very unhealthy may have been less 

likely to complete the health measures module at all.  I looked at the relationship between self-

reported health at Wave 2 and missingness on the outcome variables, and found no substantial 

red flags, but missingness remains a concern.   
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 Perhaps the most important limitation is that my longitudinal models, by design, restrict 

the variation in the outcome measure to the change in health status from Wave 1 to Wave 2. This 

restriction deeply affects the useful variation available in the model because, in this 

representative sample of fairly healthy adults, there was not a great deal of health deterioration in 

the elapsed time.  A longer observation period would be required to improve power.  However, 

before anyone writes the grant proposal to collect L.A.FANS Wave 3 on obesity, it is worth 

noting that similar modeling schemes using longer time-series data still have difficulty showing 

significant associations (Seeman et al. 2004).  It is a highly demanding test.  This limitation is 

also one of the most prominent assets of my study, because it clearly establishes the order of 

effects, as I have discussed.   

Strengths 

 The strength of this study is its emphasis on empirical evidence for a causal relationship 

between neighborhood context and stress-related health outcomes.  I have presented the results 

from a rigorous test of the change in health status, using longitudinal data to establish that the 

hypothesized cause preceded its effect.  I show evidence that such a relationship exists for blood 

pressure outcomes, and that it is modified by individual income status.  I also focus on validating 

a conceptual model that has been hypothesized in many other studies, and establishing consistent 

effects across several outcomes and measures which all use the same hypothesized causal 

pathway.  Although my causal model was only partially supported, this exercise is informative.   

In my data, the characteristics of geospatial context seem to operate as a source of 

chronic stress for blood pressure outcomes only.  In addition, the interaction I included in my 

theoretical model was supported, but in an unexpected direction.  This interaction was supported 
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across every longitudinal hypertension model.  Because of the restrictions I have imposed on the 

models, the presence of an effect for blood pressure here is a strong finding.   

For obesity, perhaps modifications to the theoretical model are needed.  My results for 

obesity indicate that the time lag between data waves was not enough to capture substantial 

change in weight status, and that weight trajectories are established earlier in life or over a longer 

time lag than I have available.  Or, perhaps my null results really indicate that there is no effect 

of neighborhood characteristics on obesity.  Additional data are needed to sort this out.   

Conclusions  

Overall, I show mixed support for the theory that social characteristics of neighborhoods 

are related, via physical disorder in neighborhoods, to adult health outcomes in Los Angeles 

County in the years 2000-2008.  Unfortunately, depression—a key outcome in my theoretical 

model—shows no relationships with either neighborhood or individual characteristics.   

Although I find some cross-sectional associations between neighborhood social 

characteristics and adult obesity outcomes, on the whole it seems obesity is unaffected by 

neighborhood characteristics in the time period I have to work with.  For obesity, disappearance 

of these associations in longitudinal models suggests that the appropriate time window for 

capturing neighborhood effects is even longer than what I have measured—if they exist at all.  A 

key next step for this study is to look at neighborhood contexts in early life, especially childhood 

and adolescence.  These early life contexts may put people on a health trajectory that lasts a 

lifetime, and possibly even contributes to the clustering of like people within neighborhoods later 

in life.  That is to say, early-life exposures may be both a true causal neighborhood effect and a 

factor in the production of compositional neighborhood effects.  In light of the dynamic, 
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reciprocal nature of neighborhood exposures, it may not be possible to separate composition 

effects from contextual effects because they each contribute to one another.   

I show support for the theory in the case of blood pressure outcomes.  This association is 

modified by individual-level income in an unexpected way: dissonance between individual 

income and neighborhood poverty is associated with higher increases in blood pressure status.  

Furthermore, this relationship appears to be stronger in time-weighted activity spaces measures, 

which capture the variety of places in which adults spend their time—further support for the 

hypotheses I proposed.   Next steps for this research are further investigation of the unusual 

interaction I show here, the use of time-study data to improve the accuracy of my time-weighted 

activity space measures, and investigation of duration of neighborhood exposures over the life 

course.   
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Appendix A: Testing sensitivity to weighting in multivariate 

multilevel results 
The use of weights in multilevel multivariate modeling is controversial.  The 

methodological literature on multilevel modeling does not yet have a clear answer as to when it 

is appropriate to use weights.  I use a two-level sample weight in my main multivariate results 

because the L.A.FANS sampling strategy oversampled poor and very poor neighborhoods, and 

neighborhood poverty itself is one of my key independent variables.  Without weights, the data 

over-represent those with the highest exposure to neighborhood poverty, which should upwardly 

bias my estimates of neighborhood effects on the health outcomes, especially for neighborhood 

poverty.  Weights, in this case, should make my results more conservative.   

In this Appendix, I compare the results of weighted versus unweighted models including 

the full complement of control variables, for each of my outcome variables.  I estimate these 

models using the same procedures as were used in Chapter 6.  In Tables 39-41, I present the 

results for each outcome variable.  The weighted results are identical to those shown in Chapter 

6.  The unweighted results are presented for comparison.   

Table 39 shows results for the three hypertension outcomes—Hypertension diagnosis at 

Wave 1 (cross-sectional model), systolic blood pressure at Wave 2 (longitudinal model), and 

pulse pressure at Wave 2 (longitudinal model).  For hypertension diagnosis at Wave 1 (in the 

first panel), odds ratios are reported.  The effect of neighborhood characteristics on odds of 

having a hypertension diagnosis is about equal between weighted and unweighted models.  In 

unweighted models, native-born black race/ethnicity/immigration status is a strong, positive 

predictor whereas in the weighted model it was not.  Some other differences appear among the 

individual-level covariates, but they are minor. 



 

167 

 

The next panel of Table 39 shows results for modeling systolic blood pressure at Wave 2, 

controlling for hypertension diagnosis at Wave 1 as well as individual- and neighborhood-level 

predictors.  This model also includes a key interaction term between individual-level family 

income and neighborhood-level poverty.  Comparing weighted to unweighted results, we see 

some key differences.  First, the control for self-reported hypertension status at Wave 1 is 

significant only for unweighted results.  Second, the interaction term, which was significant in 

the weighted model, is not significant in the unweighted model.  Nor are the underlying variables 

significant in the unweighted version.  These findings are difficult to interpret because the role of 

weights in multivariate modeling is quite obscure.  I will conclude only that the significance of 

the interaction term depends on the weight being included in the model.  In Chapters 6 and 7 and 

in my conclusion, I have discussed the need for further investigation of this interaction effect.  

Further investigation of the role of weighting in creating or revealing the interaction effect is 

among the next steps for this work.   

For pulse pressure, shown in the third panel, the pattern is not the same.  For this 

outcome, the interaction term does remain significant in the unweighted version.  In addition, the 

interaction effect is overall the same (not shown), although the coefficients for the underlying 

variables are independently quite different from weighted to unweighted versions.  In addition, in 

the unweighted model, neighborhood percent Latino, black, and renter-occupied housing are all 

significant, where in the weighted model they were not.  These findings are consistent with my 

hypothesis that unweighted models would show larger neighborhood effects because they over-

represent those in disadvantaged neighborhoods.   

Table 40 shows results for the three obesity outcomes, self-reported BMI at Wave 1 

(cross-sectional model), and measured BMI and waist circumference at Wave 2 (longitudinal 
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models).  Beginning with Wave 1 BMI models in the first panel, we generally see somewhat 

larger neighborhood effects in the unweighted model.  The interaction between individual 

income and neighborhood poverty is also significant only in the unweighted model.  For Wave 2 

BMI, the differences between weighted and unweighted models are mostly among the 

individual-level control variables: age, gender, and native-born black status are significant in the 

unweighted model only.  In models of waist circumference at Wave 2, there are few differences 

between weighted and unweighted models.  Age is one exception—it is only significant in the 

unweighted models.  What can explain these inconsistent differences between weighted and 

unweighted obesity models?  It is difficult to say.  I would simply caution against making overly 

strong conclusions from my weighted results.    

Finally, Table 41 shows the results of modeling probability of depression using weights 

versus excluding weights.  Here at last is a clue as to what the weights do.  There were no 

significant predictors of depression in weighted models—not even for well-known relationships 

such as between depression and gender.  However, the unweighted results show that females do 

have significantly higher probability of depression compared to males, and PCG’s have 

significantly lower probability of depression—consistent with other research on depression and 

the characteristics of the PCG sample.  These results are suggestive.  Perhaps using the weights 

is overcontrolling for key individual characteristics, obscuring some of the relationships I would 

expect to see between individual characteristics and outcomes.  It makes sense that the weights 

similarly control for some key neighborhood-level characteristics, since the weights are based on 

the probability of sampling, which was based on neighborhood characteristics themselves.   

How would my conclusions change if I had used unweighted models?   
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First, I would have made somewhat less of the interaction between individual income and 

neighborhood poverty for hypertension outcomes, since it is not consistent between the two 

Wave 2 hypertension outcomes.  However, because it still exists for pulse pressure, I would still 

conclude that it should be investigated further.   Second, overall the effect of neighborhood 

characteristics health outcomes are approximately the same or, in the case of hypertension, 

perhaps slightly stronger.   

Overall, there are some differences between weighted and unweighted versions of the 

final models presented in Chapter 6, suggesting that the weights are to some extent influential in 

my results.  Given the controversy surrounding weighting in multilevel modeling and 

multivariate modeling in general, my weighted results should be interpreted with caution.   
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Appendix B: Exploring variance components in multilevel 

elaboration modeling 
 In the multilevel models I present in Chapters 6 and 7, I present the model’s variance or 

error term in two parts.  Variance at level 1 is the within-neighborhood variance or the variance 

among respondents, assuming they are in the same neighborhood.   Variance at level 2 is the 

between-neighborhood variance, or the variance among neighborhoods.   In all the models I 

present in my main results, the variance at level 2 is esesentially zero.  My research focus in this 

work is on the effects of neighborhood characteristics on health outcomes—not on the degree to 

which people within neighborhoods have a similar health status per se.  Thus the level-2 variance 

and the related measure, intraclass correlation coefficient, are not central to my analysis or my 

conclusions.  However, having level-2 variance of virtually zero seems unexpected, so I explore 

it more completely in this appendix.   

In Chapter 5, when I present my descriptive statistics, I do show that neighborhoods are 

on average different from one another.  Table 4 in that chapter shows that the standard deviation 

of neighborhood mean health status measures is substantial.  For example, the standard deviation 

in mean neighborhood BMI at wave 1 is 1.4 BMI points, or about 9 lbs. for an adult who is 5’5” 

tall.  Table 42 in this Appendix presents results from ANOVA analysis that looks more 

specifically at the differences in neighborhood mean health outcomes.  For each of the three 

obesity outcomes, there are significant differences between neighborhood means.  For systolic 

blood pressure, pulse pressure, and depression, there are not significant differences between 

neighborhood averages.   

If there is significant between-group variance for at least some of these health outcomes, 

how can the level 2 variance in multilevel models always be zero—even in the null models?  

Table 43 explores this question empirically.  I present the variance components from elaboration 
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modeling.  I include weighted and unweighted results.  I present results for each of three health 

outcomes (BMI at Wave 1, BMI at Wave 2, and systolic blood pressure at Wave 2).  All the 

health outcomes in my study follow the same pattern, so I use these three to illustrate my 

discussion here.   

First, let us examine variance at Level 1.  In the first panel, in models of Wave 1 BMI, 

the level-1 variance in the unweighted null model is 15.898.  In the null weighted model, 

variance at level 1 is slightly lower—14.095.  The reason is that including the weights accounted 

for some of the variance in BMI at the individual level.  To put this another way, some of the 

apparent variance in BMI was due to the overrepresentation of people who live in poor and very 

poor neighborhoods in the sample.   

When neighborhood percent poverty is added in model 1, variance at Level 1 drops very 

slightly.  When the other four neighborhood-level measures are added in model 2, again variance 

at level 1 drops marginally.  When the complement of individual-level control variables are 

added in Model 3, the variance at level 1 is reduced by a more substantial margin to 14.764.  The 

same pattern is more dramatic in the second panel of this table, which shows results for Wave 2 

BMI.  Level 1 variance drops by over 50% when the individual-level controls are added in 

Model 3.  Recall that these controls include BMI at wave 1—a powerful predictor of this 

outcome.  So, as more of the total variance is explained, the remaining variance is reduced.   

Now we will consider variance at Level 2.  In the unweighted null model in the first 

panel, the level-2 variance in BMI at Wave 1 is small, but not zero: 0.758.  When neighborhood 

poverty is added to this model, level-2 variance drops by half.  When the remaining four 

neighborhood-level characteristics are added in Model 2, the level 2 variance is reduced to nearly 

zero.  I have explained all of the variance at the neighborhood level using these five 
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neighborhood characteristics.  This is a bit surprising, but considering how small the level-2 

variance was to begin with, it is not unreasonable.   

Notice that in weighted models—which I present in my main results—the level-2 

variance is always zero.  The weights are based on the sampling probabilities, which are in turn 

based on neighborhood poverty itself.  I believe the effect of weights on variance at level 2 is 

related to this relationship between the weights and the neighborhood characteristics, but again, 

the ambiguity in using weights in multilevel modeling is an obstacle for interpretation.     

Intraclass correlation coefficients (ICC’s) are derived from the variance components, and 

are used to estimate the degree to which individuals within a group are alike.  The inclusion of 

control variables at the group level which explain some of the variance on the outcome will 

reduce the unexplained variance at level 2, as I have just shown.  In analyses where the goal is to 

estimate ICC’s, it would be unusual to include such control variables.  This is not my objective 

in this thesis.  Rather, the finding that the neighborhood characteristics completely explain the 

level 2 variance component supports my hypotheses that neighborhood characteristics are related 

to health outcomes.   
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Figure 1. Conceptual Model of Neighborhood Effects on Chronic Disease Outcomes 
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Figure 2. Census tracts, block groups, and blocks in Brentwood Region, Los Angeles 

County, CA 

  
Figure 3. Census tracts, block groups, and blocks in UCLA Region, Los Angeles County, 

CA 
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Figure 4. Census tracts, block groups, and blocks in University of Southern California 

Region, Los Angeles County, CA 

 

 
Figure 5. Graphical representation of 1990-2000 census geography crosswalk example 
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Figure 6. Flow chart of sources of missing data 
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Figure 7. Results from elaboration modeling—Table 9, Model 4: predicted values for Self-

reported BMI at Wave 1 for a typical respondent.  Interaction effect between neighborhood 

percent poor and individual family income.  

 
Figure 8. Results from elaboration modeling—Table 10, Model 4: predicted values for 

systolic blood pressure at Wave 2 for a typical respondent.  Interaction effect between 

neighborhood percent poor and individual family income. 
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Figure 9. Results from mediation modeling—Table 19, Model 3: predicted values for 

systolic blood pressure at Wave 2 for a typical respondent.  Interaction effect between 

neighborhood disorder and individual family income.   
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Figure 10. Map of Los Angeles County Service Planning Areas (SPAs) 
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Table 1. Categorization Scheme for Race/Ethnicity/Immigration Status Variable 

  Native-Born Foreign-Born 

   Documented Undocumented 

Latino  A B C 

Non-Latino 

White D G G 

Black E G G 

Asian F F F 

Native Americans, 
Pacific Islander, and 
Multiple non-Latino 
Races 

G G G 

 

A = Latino/native-born 

B = Latino/foreign-born, documented 

C = Latino/foreign-born, undocumented 

D = white/native-born 

E = black/native-born 

F = asian/native-born OR foreign-born 

G = all others (includes native-born Pacific Islanders, Native Americans, and multiple non-

Latino races, and foreign-born whites and blacks 
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Table 2.  Descriptive statistics for analytic sample (n=900) 
 Wave 1  Wave 2  
 %/mean SD %/mean SD 

Demographic Variables     

Age (years) 39 12 46 12 

Education (years) 12.2 4.6 12.4 4.6 

Any increase in education Wave 1 to Wave 2   19%  

Family income ($) 53,480 85,778 79,188 134,629 

Change in family income from Wave 1 to Wave 2 ($)   25,709 100,033 

Female 62%    

Primary Caregiver in Wave 1 Sample 37%    

Race/ethnicity/immigration
a
  

 Latino native-born 
 Latino immigrant, documented 
 Latino immigrant, undocumented 
 white native-born 
 black native-born 
 asian, either native-born or immigrant 
 all others 

 
25% 

20 
14 
24 
9 
6 
1 

   

Time elapsed Wave 1 to Wave 2 (years)   6.7  

Health Status Variables     

Self-rated general health 
  Excellent 
  Very good 
  Good 
  Fair 
  Poor 

 
22% 

26 
30 
18 
4 

 

 
22% 

23 
33 
18 
4 

 

     

Self-reported overweight or obesity diagnosis 14%  28%  

Self-reported BMI
b
 26.7 4.1 28.3 5.7 

Measured BMI   29.5 5.8 

Measured BMI category 
  Underweight (BMI<18.5) 
  Normal (BMI 18.5-24.9) 
  Overweight (BMI 25.0-29.9) 
  Obese (BMI 30.0 – 39.9) 

  

 
0.2% 
23.1 
36.1 
40.6 

 

Measured waist circumference (cm)
c
 

  Men 
  Women 

 
 

 
 

100 
97 

 
11 
15 

     

Self-reported high blood pressure 16%  24%  

Measured blood pressure—categorical 
  Normal 
  Prehypertension 
  Stage I Hypertension 
  Stage II Hypertension 

  

 
58.6% 

27.9 
10.6 

3.0 

 

Measured systolic blood pressure (mm/Hg)   117 17 

Measured diastolic blood pressure (mm/Hg)   74 11 

Measured pulse pressure (mm/Hg)   43 11 

     

Self-reported past mental health problem diagnosis 6%  8%  

Proportion depressed
d,e

 14.2%  13.9%  

Note: Missing values were imputed using an adapted multiple imputation approach.   

a Categories are exclusive; see text for details. 

b “Self-reported BMI” is based on self-reported height and weight; respondents were not asked to report their BMI.   

c The clinical cutoffs for “high risk” waist circumference are 90cm for men and 80cm for women (Dobbelsteyn et al 2001).  83% of men and 66% of women in my sample are high risk.   

d Although this is the proportion of respondents who were depressed, I use a different measure of depression in my multivariate analyses: the probability that each respondent would be diagnosed 

with depression if they were given the full CIDI. 

e In Wave 1, the depression scale was only assessed on PCGs, so these values are for PCGs only (n=424).  The proportion depressed at Wave 2 in the entire sample is 13.0%.   
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Table 3. Descriptive statistics for census tracts, 2000
f
.  

 LA County (n=1,642) LA FANS Tracts (n=65)
e
 

 Mean SD Min P25 P75 Max Mean SD Min P25 P75 Max 

Tract population
a
 5,798 3,009 0 3,877 7,081 29,789 7,733 4,177 900 5000 9000 22,000 

Tract area (sq. mi.) 2.4 16.9 0.0 0.3 0.9 365.9 6.7 34.1 0 1 1 200 

Population Density (1,000’s 
people/sq. mi.) 

11.9 9.8 0.0 5.9 15.3 29.8 15.2 10.8 0 8 21 46 

Median household income 
($1,000’s) 

47.7 25.0 0.0 31.0 57.0 200.0 40.4 22.3 15 25 50 130 

Individuals per household 3.3 4.2 1.0 2.6 3.7 156.3 3.5 0.8 2 3 4 5 

% no English language ability
a
 29.5 19.0 0.0 12.6 44.4 81.6 38.4 19.9 5 20 26 70 

% foreign born
a
 34.6 15.6 0.0 21.8 46.0 88.9 40.2 15.4 12 31 50 75 

% Income below the federal 
poverty threshold

a
 

17.2 12.6 0.0 7.2 24.7 100.0 22.9 13.9 3 10 34 51 

% black
a
  9.8 16.5 0.0 1.2 8.3 91.8 8.3 10.0 0 2 10 48 

% Hispanic or Latino
a
 41.1 28.7 0.0 14.6 64.6 99.4 55.1 29.6 2 28 83 96 

% White
a
 34.0 28.6 0.0 6.5 60.0 100.0 23.8 25.6 0 4 38 89 

% with 12 or less years education
b
 55.1 22.8 0.0 35.7 75.8 100.0 64.6 23.8 13 48 84 94 

% Unemployed
c
 4.3 3.0 0.0 2.4 5.4 50.0 5.6 3.4 0 40 7 24 

Renter-occupied housing
d
 47.2 24.5 2.9 25.9 67.4 100.0 53.4 24.2 5 33 71 94 

% vacant
d
 4.2 3.8 0.0 2.4 4.9 80.0 5.2 3.6 1 3 7 18 

Median home value as a 
percentile of the county 

50.8 28.9 1.0 25.0 75.0 100.0 39.6 29.4 2 14 61 99 

Disorder score n/a n/a n/a n/a n/a n/a 0.35 0.13 0.09 0.23 0.46 0.55 

# of 1st-order contiguous tracts 6.3 1.8 1 5 7 22 7 2 4 6 8 11 

# of 2nd-order contiguous tracts 15.0 4.9 3 12 17 52 16 5 6 14 17 32 
a of individuals    
b of individuals over age 25    
c of individuals in the civilian labor force    
d of housing units   
e to ensure that the specific tracts in the L.A.FANS sample cannot be identified from these descriptions, the values for minimums, maximums, and percentiles for census data and 

the number of contiguous tracts have been rounded to the nearest whole number or 100 population.   
f The neighborhood measures are rescaled for interpretability in the multivariate results, but not in these descriptive results.  These are shown in original scales: 0-1 for disorder, 

and 0% - 100% for the five census-derived measures.     
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Table 4. Individual-level variables aggregated to the tract level (n=65) 

Individual variables aggregated to tract 
level 

Mean of 
Means 

SD of 
Means 

Min of 
Means 

Max of 
means 

Mean of 
Medians 

Min of 
Medians 

Max of 
Medians 

Education at Wave 1 (years) 12.1 2.9 6 17.8 12.5 6 18.5 

Wave 1 family income ($1000) 53.2 58.1 11.8 365.2 42.2 10.1 243.8 

Change in family income ($1000) 26.9 46.4 -14.5 372.1 18.7 0.5 174.3 

% female 62 12 36 92 - - - 

age (years) 39.1 4.6 31 53 38 29 51 

Self-reported BMI at Wave 1 26.8 1.4 23.4 30.0 26.4 22.3 29.2 

Measured BMI at Wave 2 29.6 2.2 24.5 35.5 28.6 24.1 33.7 

BMI change 2.8 1.3 0.8 8.3 2.3 0.2 5.3 

BMI change as a % of Wave 1 BMI 10.5 4.7 3.9 33.1 8.7% 0.9 18.2 

Waist circumference at Wave 2 98.2 4.6 84.2 109.9 97.4 82.5 109.2 

Height at Wave 1 65.2 1.3 62.6 68.5 65.2 61 68 

Height at Wave 2 64.6 1.4 62.0 67.9 64.4 61.4 67.7 

Wave 1 hypertension diagnosis 16.3% 10.7 0.0 62.5 - - - 

Systolic blood pressure (mm/Hg) 116 5 104 126 114 101 124 

Pulse pressure (mm/Hg) 43 3 36 50 40 35 47 

New hypertension at Wave 2 % 31.5% 12.0 0.0 53.8 - - - 

Depressed at Wave 1
a
 14.0% 14.3 0.0 50.0% - - - 

Probability of depression at Wave 2 13.0% 9.2 0.0 50.0% - - - 

New depression
b
 4.7% 6.4 0.0 30.0 - - - 

a
 Reported for PCGs only (individual n=424). 

b
 Not depressed at Wave 1 and depressed at Wave 2; reported for PCGs only (individual n=424)
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Table 5. Correlations among neighborhood measures at the Census tract level, Los Angeles County tracts (n=1,642
a
) 
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Disorder 

 

1.00 - -          

% Poverty 0.87 1.00 -          

Median household 
Income 

-0.84 -0.71 1.00 -         

% Foreign Born 0.70 0.55 -0.51 1.00         

% Black 

 

0.29 0.27 -0.25 -0.24 1.00        

% Latino 

 

0.82 0.60 -0.59 0.61 -0.07 1.00       

% White 

 

-0.82 -0.65 0.68 -0.60 -0.39 -0.79 1.00      

% Low Education 0.88 0.72 -0.71 0.58 0.16 0.90 -0.84 1.00     

% Unemployment 0.43 0.70 -0.53 0.26 0.31 0.38 -0.46 0.48 1.00    

% Renters 0.68 0.68 -0.70 0.53 0.09 0.35 -0.36 0.39 0.41 1.00   

Percentile Home 
Value 

-0.68 -0.54 0.55 -0.28 -0.31 -0.66 0.72 -0.78 -0.45 -0.14 1.00  

% Vacant 0.47 0.30 -0.14 -0.01 0.19 0.06 -0.07 0.17 0.26 0.21 -0.21 1.00 

Note: the neighborhood measures I used in my study have been highlighted.   
a For disorder, the n = 65 because observed physical disorder is available only for the L.A.FANS-1 census tracts.   
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Table 6. Correlations between neighborhood characteristics and individual-level control variables (n=900)  

 Disorder 

Score 

Percent 
poverty 

Percent 
black 

Percent 
Latino 

Percent 
unemployed 

Percent 
renters 

Age -0.24*** -0.22*** -0.10** -0.21*** -0.16*** -0.19*** 

Education -0.51*** -0.49*** -0.09** -0.56*** -0.25*** -0.34*** 

Female 0.05 0.07* 0.02 0.02 0.03 0.09** 

Family Income -0.43*** -0.36*** -0.13*** -0.42*** -0.19*** -0.33*** 

Latino native-born 0.10** 0.04 -0.11** 0.23*** 0.00 0.03 

Latino foreign-born, documented 0.29*** 0.24*** 0.01 0.29*** 0.14*** 0.25*** 

Latino foreign-born, 
undocumented 

0.26*** 0.31*** 0.06 0.25*** 0.17*** 0.22*** 

White native-born -0.55*** -0.48*** -0.17*** -0.58*** -0.27*** -0.38*** 

Black native-born 0.10** 0.09** 0.37*** -0.03 0.10** 0.01 

Elapsed time 0.10** 0.09** 0.07* 0.11*** 0.03 0.10** 

Change in family income -0.10** -0.08* -0.03 -0.13** -0.01 -0.04 

Change in education -0.02 -0.03 -0.04 -0.00 -0.01 -0.02 

* significant at α < 0.05     ** significant at α < 0.01     *** significant at α < 0.001 
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Table 7. Correlations between neighborhood characteristics and individual outcomes (n=900)  

 Disorder 

Score 

Percent 
poverty 

Percent 
black 

Percent 
Latino 

Percent 
unemployed 

Percent 
renters 

Wave 1 BMI 0.17*** 0.15***
  

0.14*** 0.20*** 0.10** 0.06 

Wave 2 BMI 0.21*** 0.19*** 0.17*** 0.22*** 0.14*** 0.10** 

Wave 2 Waist Circumference 0.12** 0.11** 0.18*** 0.13** 0.10* 0.01 

BMI change 0.13*** 0.13** 0.12** 0.12** 0.11* 0.09** 

BMI change as a percent of Wave 
1 BMI 

0.13** 0.12** 0.10** 0.11** 0.10* 0.09** 

Wave 1 Hypertension diagnosis 0.05 0.06 0.13** 0.04 0.02 -0.00 

Wave 2 Systolic Blood Press 0.04 0.01 0.09** 0.04 -0.03 -0.02 

Wave 2 Pulse Pressure 0.03 0.03 0.05 0.04 0.02 -0.00 

Wave 1 Depression
a
 -0.04 0.01 0.05 -0.01 0.07 0.02 

Wave 2 Depression 0.01 0.02 -0.02 0.03 0.02 0.02 

* significant at α < 0.05     ** significant at α < 0.01     *** significant at α < 0.001 
a PCG sample only
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Table 8. Elaboration models: multilevel OLS models of Wave 1 neighborhood characteristics predicting BMI at Wave 1 (n of 

individuals=900, n of neighborhoods=65) 

 Model 1  Model 2  Model 3  Model 4  

 b SE b SE b SE b SE 

Tract % poor
a
 1.091* 0.439 1.080** 0.411 -1.586 1.528   

Tract % Latino
a
 1.668*** 0.372 0.758 0.500 0.649 0.507   

Tract % black
a
 0.747*** 0.154 0.756*** 0.168 0.743*** 0.167   

Tract % unemployed
a
 -0.207* 0.104 -0.196 0.108 -0.224* 0.109   

Tract % of units renter-occupied
a
 -1.562*** 0.324 -1.491*** 0.328 -1.544*** 0.326   

Ix: family income x tract % poor
b
 

 
 

 
 -0.279 0.165   

Age at Wave 1 (years) 
 

 0.134* 0.053 0.138* 0.054 0.121* 0.055 

Quadratic term for age 
 

 -0.001 0.001 -0.001* 0.001 -0.001 0.001 

Education at Wave 1 (years) 
 

 -0.026 0.064 -0.023 0.064 -0.092 0.067 

Female 
 

 -0.606 0.423 -0.596 0.423 -0.843 0.441 

Wave 1 family income (logged) 
 

 0.034 0.167 0.958 0.512 0.045 0.158 

PCG indicator 
 

 0.053 0.557 0.007 0.558 0.263 0.592 

Latino/native-born (reference grp)   - - - - - - 

Latino/foreign-born documented 
 

 -0.549 0.522 -0.543 0.524 -0.882 0.525 

Latino/foreign-born undocumented 
 

 0.201 0.672 -0.179 0.661 -0.174 0.759 

White/native-born 
 

 -1.814** 0.574 -1.814** 0.573 -1.899*** 0.572 

Black/native-born 
 

 -1.131 0.727 -1.107 0.717 -0.503 0.63 

Asian 
 

 -2.205** 0.766 -2.238** 0.737 -2.236** 0.710 

Other race/immigration 
 

 -2.364*** 0.671 -2.506*** 0.667 -2.234*** 0.532 

Constant 25.163 ***  23.877*** 2.358 26.177*** 3.081 25.239*** 1.798 

BIC 4853.9  4885.65  4888.34  4911.1  

Log likelihood statistic -2403.14  -2378.2  -2376.15  -2407.93  

Variance at Level 1 12.73  12.03  11.98  12.86  

Variance at Level 2 <0.0001  <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 
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Table 9. Elaboration Models: multilevel OLS models of Wave 1 neighborhood characteristics predicting BMI at Wave 2 (n of individuals=900, n of neighborhoods=65) 

 
Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

 b SE b SE b SE b SE b SE b SE 

Tract % poor
a
 1.964 1.055 0.816 0.902 0.537 0.822 -1.618 1.591 -3.263 2.160 

 
 

Tract % Latino
a
 2.126*** 0.577 0.372 0.556 0.634 0.610 0.546 0.647 1.253 0.736 

 
 

Tract % black
a
 1.005*** 0.243 0.220 0.195 0.101 0.182 0.093 0.186 0.886*** 0.228 

 
 

Tract % unemployed
a
 -0.059 0.152 0.159 0.100 0.089 0.101 0.067 0.105 -0.184 0.140 

 
 

Tract % of units renter-occupied
a
 -1.867* 0.828 -0.224 0.587 -0.162 0.494 -0.212 0.509 -1.862** 0.715 

 
 

Ix: family income x tract % poor
b
 

 
 

 
 

 
 -0.226 0.146 -0.518* 0.215 

 
 

Wave 1 Self-report BMI 
 

 1.052*** 0.066 1.072*** 0.069 1.069*** 0.069 
 

 1.085*** 0.072 

Age at Wave 1 (years) 
 

 
 

 -0.091 0.083 -0.087 0.082 0.056 0.097 -0.091 0.087 

Quadratic term for age 
 

 
 

 0.000 0.001 0.000 0.001 -0.001 0.001 0.000 0.001 

Education at Wave 1 (years) 
 

 
 

 0.000 0.056 0.002 0.056 -0.026 0.093 -0.027 0.053 

Female 
 

 
 

 0.468 0.377 0.473 0.375 -0.161 0.586 0.392 0.382 

Wave 1 family income (logged) 
 

 
 

 0.034 0.102 0.782 0.452 1.794* 0.750 0.019 0.112 

PCG indicator 
 

 
 

 0.322 0.403 0.287 0.402 0.276 0.732 0.381 0.381 

Latino/native-born     - - - - - - - - 

Latino/foreign-born documented 
 

 
 

 -0.361 0.56 -0.359 0.564 -0.932 0.766 -0.351 0.533 

Latino/foreign-born undocumented 
 

 
 

 0.733 1.058 0.750 1.055 0.544 1.391 0.740 1.011 

White/native-born 
 

 
 

 0.729 0.432 0.722 0.436 -1.218 0.630 0.247 0.487 

Black/native-born 
 

 
 

 1.074 0.578 1.087 0.596 -0.082 0.905 1.098 0.593 

Asian 
 

 
 

 -0.003 0.771 -0.040 0.782 -2.417* 1.054 -0.309 0.899 

Other race/immigration 
 

 
 

 -2.142** 0.738 -2.267** 0.729 -4.944*** 1.054 -2.411** 0.755 

Years between Wave 1 and Wave 2 
 

 
 

 -0.161 0.316 -0.160 0.318 -0.123 0.474 -0.118 0.302 

$ change in income Wave 1-Wave 2 
 

 
 

 -0.001 0.001 -0.001 0.001 0.000 0.002 -0.001 0.001 

Increased yrs of educ Wave 1-Wave 2 
 

 
 

 -0.064 0.712 -0.058 0.711 -0.172 0.767 -0.125 0.724 

Constant 26.518*** 0.68 0.054 1.45 2.609 2.723 4.552 3.302 32.321*** 3.894 3.735 2.696 

BIC 5512.33  4846.4  4883.42  4887.46  5575.72  4861.89  

Log likelihood statistic -2732.36  -2395.99  -2363.48  -2362.1  -2709.63  -2369.72  

Variance at Level 1 26.60  12.52  11.64  11.57  25.28  11.82  

Variance at Level 2 <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 
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Table 10. Elaboration Models: multilevel OLS models of Wave 1 neighborhood characteristics predicting waist circumference (cm) at Wave 2 (n of individuals=900, n of 

neighborhoods=65) 

 
Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

 b SE b SE b SE b SE b SE b SE 

Tract % poor
a
 2.082 2.119 -0.560 1.912 -0.113 1.896 -1.797 5.454 -5.427 6.576 

 
 

Tract % Latino
a
 5.588*** 1.613 1.550 1.375 1.543 1.425 1.474 1.439 3.036 1.838 

 
 

Tract % black
a
 2.998*** 0.598 1.190* 0.481 0.991* 0.407 0.985* 0.408 2.736*** 0.543 

 
 

Tract % unemployed
a
 0.260 0.480 0.761* 0.388 0.672 0.390 0.655 0.393 0.102 0.438 

 
 

Tract % of units renter-occupied
a
 -6.032** 1.961 -2.249 1.466 -1.995 1.175 -2.033 1.180 -5.674*** 1.619 

 
 

Ix: family income x tract % poor
b
 

 
 

 
 

 
 -0.176 0.489 -0.822 0.637 

 
 

Wave 1 Self-report BMI 
 

 2.421*** 0.153 2.361*** 0.151 2.358*** 0.150 
 

 2.442*** 0.165 

Age at Wave 1 (years) 
 

 
 

 -0.134 0.187 -0.131 0.186 0.184 0.229 -0.173 0.202 

Quadratic term for age 
 

 
 

 0.001 0.002 0.001 0.002 -0.001 0.002 0.002 0.002 

Education at Wave 1 (years) 
 

 
 

 0.075 0.153 0.077 0.153 0.015 0.214 0.004 0.144 

Female 
 

 
 

 -2.734** 1.026 -2.730** 1.026 -4.130** 1.527 -2.856** 1.042 

Wave 1 family income (logged) 
 

 
 

 0.115 0.354 0.700 1.606 2.932 2.244 0.123 0.371 

PCG indicator 
 

 
 

 -0.436 1.331 -0.463 1.344 -0.488 1.979 -0.355 1.301 

Latino/native-born (reference grp)     - - - - - - - - 

Latino/foreign-born documented 
 

 
 

 -2.727** 0.964 -2.725** 0.967 -3.989* 1.563 -3.036*** 0.856 

Latino/foreign-born undocumented 
 

 
 

 -0.702 1.859 -0.689 1.866 -1.142 2.632 -0.824 1.967 

White/native-born 
 

 
 

 -0.360 0.969 -0.366 0.970 -4.646** 1.464 -0.537 1.269 

Black/native-born 
 

 
 

 0.445 1.258 0.455 1.271 -2.126 1.968 1.508 1.241 

Asian 
 

 
 

 -6.101*** 1.806 -6.129*** 1.803 -11.375*** 2.596 -6.250** 1.928 

Other race/immigration 
 

 
 

 -7.108** 2.505 -7.206** 2.421 -13.113*** 2.862 -7.157** 2.683 

Years between Wave 1 and Wave 2 
 

 
 

 0.366 0.734 0.367 0.735 0.448 1.022 0.343 0.731 

$ change in income Wave 1-Wave 2 
 

 
 

 0.001 0.004 0.000 0.004 0.003 0.004 0.001 0.004 

Increased yrs of educ Wave 1-Wave 
2  

 
 

 -0.251 1.303 -0.246 1.301 -0.497 1.630 -0.632 1.366 

Constant 94.074*** 1.923 33.144*** 3.706 35.411*** 8.941 36.930*** 10.399 98.203*** 11.283 36.383*** 8.814 

BIC 7124.17  6578.19  6605.62  6612.18  7145.73  6504.30  

Log likelihood statistic -3538.28  -3261.89  -3224.58  -3224.46  -3494.64  -3234.15  

Variance at Level 1 161.67  87.06  80.09  80.06  146.62  81.92  

Variance at Level 2 <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a 
Variable is rescaled such that 1=the interquartile range for the variable in the sample.  

b 
The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).
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Table 11. Elaboration Models: multilevel logistic regression models of Wave 1 neighborhood characteristics predicting 

hypertension diagnosis at Wave 1 (n of individuals=900, n of neighborhoods=65) 

 
Model 1  Model 2  Model 3  Model 4  

 OR SE OR SE OR SE OR SE 

Tract % poor
a
 1.540 0.698 1.760 0.933 0.155 1.724    

Tract % Latino
a
 1.021 0.495 1.251 0.743 1.135 0.762    

Tract % black
a
 1.413 ** 0.128 1.401 * 0.149 1.385 * 0.153    

Tract % unemployed
a
 0.881 0.171 0.909 0.176 0.884 0.176    

Tract % of units renter-occupied
a
 0.634 0.365 0.508 0.355 0.497 0.365    

Ix: family income x tract % poor
b
 

 
 

 
 0.778 0.16 

 
 

Age at Wave 1 (years) 
 

 1.184 ** 0.059 1.183 ** 0.058 1.167 ** 0.054 

Quadratic term for age 
 

 0.999 * 0.001 0.999 * 0.001 0.999 * 0.001 

Education at Wave 1 (years) 
 

 1.034 0.035 1.034 0.035 1.004 0.035 

Female 
 

 1.332 0.304 1.340 0.31 1.232 0.294 

Wave 1 family income (logged) 
 

 1.048 0.062 2.443 0.549 1.046 0.061 

PCG indicator 
 

 0.565 0.336 0.542 0.336 0.602 0.343 

Latino/native-born (reference grp)   -  -  -  

Latino/foreign-born documented 
 

 1.733 0.462 1.782 0.466 1.462 0.438 

Latino/foreign-born undocumented 
 

 4.019 * 0.71 4.165 * 0.722 3.740 * 0.631 

White/native-born 
 

 0.871 0.56 0.872 0.562 0.884 0.436 

Black/native-born 
 

 3.196 * 0.594 3.197 0.597 4.298 ** 0.464 

Asian 
 

 0.783 0.975 0.799 0.975 0.793 0.985 

Other race/immigration 
 

 3.929 0.931 3.456 0.989 3.984 0.992 

Constant -1.651 ***  -7.898 *** 2.021 -5.881 ** 2.134 -6.992 *** 1.696 

BIC 807.47  798.67  802.42  785.4  

Log likelihood statistic -383.33  -338.11  -336.59  -348.49  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).      
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Table 12. Elaboration Models: multilevel OLS models of Wave 1 neighborhood characteristics predicting systolic blood pressure (mmHg) at Wave 2 (n of 

individuals=900, n of neighborhoods=65) 

 
Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

 b SE b SE b SE b SE b SE b SE 

Tract % poor
a
 -1.414 2.628 -1.873 2.937 -0.782 2.726 -15.482* 6.863 -16.400* 6.725 

 
 

Tract % Latino
a
 4.267 2.603 4.187 2.624 3.811 2.702 3.201 2.663 3.296 2.625 

 
 

Tract % black
a
 0.469 0.832 -0.058 0.846 0.312 0.805 0.253 0.810 0.473 0.789 

 
 

Tract % unemployed
a
 -1.012 0.594 -0.864 0.542 -0.867 0.535 -1.016 0.542 -1.097* 0.554 

 
 

Tract % of units renter-occupied
a
 -3.069 1.731 -2.565 1.816 -2.782 2.165 -3.100 2.121 -3.421 2.135 

 
 

Ix: family income x tract % poor
b
 

 
 

 
 

 
 -1.539* 0.614 -1.663** 0.606 

 
 

Wave 1 hypertension dx 
 

 8.935*** 2.523 4.396 2.394 4.117 2.416 
 

 4.750* 2.402 

Age at Wave 1 (years) 
 

 
 

 0.616* 0.290 0.640* 0.289 0.701* 0.277 0.611* 0.293 

Quadratic term for age 
 

 
 

 -0.002 0.003 -0.002 0.003 -0.003 0.003 -0.002 0.003 

Education at Wave 1 (years) 
 

 
 

 0.108 0.257 0.123 0.257 0.147 0.262 0.016 0.243 

Female 
 

 
 

 -1.450 1.914 -1.384 1.906 -1.225 1.969 -2.137 1.910 

Wave 1 family income (logged) 
 

 
 

 -0.068 0.439 5.033** 1.872 5.444** 1.847 0.002 0.435 

PCG indicator 
 

 
 

 -3.669 2.238 -3.929 2.194 -4.211 2.244 -3.136 2.257 

Latino/native-born (reference grp)     - - - - - - - - 

Latino/foreign-born documented 
 

 
 

 0.631 2.595 0.672 2.586 0.883 2.652 -0.432 2.433 

Latino/foreign-born undoc. 
 

 
 

 0.136 3.488 0.288 3.407 0.775 3.139 -0.925 3.475 

White/native-born 
 

 
 

 -5.931* 2.609 -5.942* 2.608 -6.039* 2.623 -6.898* 2.880 

Black/native-born 
 

 
 

 0.935 2.787 1.099 2.791 1.813 2.778 -0.900 2.942 

Asian 
 

 
 

 -2.062 3.902 -2.269 3.862 -2.420 3.770 -2.893 4.092 

Other race/immigration 
 

 
 

 -11.118** 3.879 -11.860** 3.977 -11.147** 3.533 -11.216** 4.084 

Years between Wave 1 and Wave 2 
 

 
 

 -1.985 1.161 -1.980 1.166 -1.960 1.188 -1.954 1.124 

$ change in Income Wave 1-Wave 2 
 

 
 

 -0.017* 0.008 -0.018* 0.008 -0.018* 0.008 -0.019* 0.008 

Increased yrs educ Wave 1-Wave 2 
 

 
 

 -2.102 2.077 -2.047 2.086 -1.844 2.052 -2.020 2.150 

Constant 119.706*** 2.505 118.352*** 2.505 114.688*** 10.502 127.225*** 11.811 126.467*** 11.832 114.655*** 10.135 

BIC 7652.76  7626.93  7564.24  7564.65  7565.46  7456.33  

Log likelihood statistic -3802.57  -3786.25  -3703.89  -3700.7  -3704.5  -3710.16  

Variance at Level 1 292.20  281.71  234.26  232.59  234.59  241.71  

Variance at Level 2 <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).    
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Table 13. Elaboration Models: multilevel OLS models of Wave 1 neighborhood characteristics predicting pulse pressure (mmHg) at Wave 2 (n of individuals=900, n of 

neighborhoods=65) 

 
Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

 b SE b SE b SE b SE b SE b SE 

Tract % poor
a
 -1.199 2.287 -1.571 2.430 -0.253 2.052 -12.785* 5.262 -13.572* 5.277 

 
 

Tract % Latino
a
 1.312 1.775 1.247 1.814 1.998 1.812 1.478 1.851 1.560 1.840 

 
 

Tract % black
a
 0.172 0.737 -0.255 0.765 0.075 0.638 0.025 0.659 0.213 0.620 

 
 

Tract % unemployed
a
 -0.490 0.481 -0.371 0.445 -0.573 0.451 -0.700 0.475 -0.770 0.483 

 
 

Tract % of units renter-occupied
a
 -1.143 1.443 -0.734 1.410 -0.956 1.443 -1.227 1.472 -1.502 1.555 

 
 

Ix: family income x tract % poor
b
 

 
 

 
 

 
 -1.312** 0.498 -1.419** 0.511 

 
 

Wave 1 Self-report hypertension dx 
 

 7.235*** 1.742 3.768* 1.921 3.530 1.925 
 

 3.889* 1.886 

Age at Wave 1 (years) 
 

 
 

 -0.270 0.201 -0.249 0.197 -0.197 0.190 -0.264 0.203 

Quadratic term for age 
 

 
 

 0.007** 0.002 0.006** 0.002 0.006** 0.002 0.007** 0.002 

Education at Wave 1 (years) 
 

 
 

 -0.005 0.145 0.008 0.146 0.028 0.152 -0.048 0.149 

Female 
 

 
 

 3.207* 1.345 3.263* 1.333 3.399* 1.372 2.862* 1.285 

Wave 1 family income (logged) 
 

 
 

 0.028 0.418 4.376** 1.473 4.729** 1.531 0.053 0.412 

PCG indicator 
 

 
 

 -4.037** 1.329 -4.259** 1.306 -4.500*** 1.349 -3.773** 1.277 

Latino/native-born (reference grp)     - - - - - - - - 

Latino/foreign-born documented 
 

 
 

 -1.263 1.614 -1.227 1.605 -1.047 1.676 -1.717 1.559 

Latino/foreign-born undocumented 
 

 
 

 -2.196 1.586 -2.066 1.500 -1.648 1.423 -2.707 1.635 

White/native-born 
 

 
 

 -3.623* 1.641 -3.632* 1.638 -3.716* 1.628 -4.299** 1.664 

Black/native-born 
 

 
 

 0.026 2.268 0.166 2.360 0.777 2.252 -1.078 2.339 

Asian 
 

 
 

 -2.093 2.536 -2.269 2.470 -2.398 2.421 -2.615 2.737 

Other race/immigration 
 

 
 

 -9.228** 2.889 -9.861** 3.003 -9.249*** 2.756 -9.377** 2.971 

Years between Wave 1 and Wave 2  
 

 
 

 -1.392 0.880 -1.388 0.881 -1.371 0.893 -1.339 0.852 

$ change in income Wave 1-Wave 2 
 

 
 

 -0.007 0.005 -0.008 0.005 -0.008 0.005 -0.008 0.005 

Increased yrs of educ Wave 1-Wave 2 
 

 
 

 -1.350 1.300 -1.303 1.291 -1.129 1.276 -1.254 1.232 

Constant 45.470*** 1.551 44.373*** 1.368 53.253*** 9.617 63.941*** 10.96 63.291*** 11.143 53.296*** 9.001 

BIC 7033.81  6997.58  6851.87  6848.33  6853.99  6848.33  

Log likelihood statistic -3493.1  -3471.58  -3347.71  -3342.54  -3348.77  -3342.54  

Variance at Level 1 146.12  139.24  105.51  104.30  105.76  107.63  

Variance at Level 2 <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 
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Table 14. Elaboration Models: multilevel OLS models of Wave 1 neighborhood characteristics predicting probability of 

depression at Wave 2 (n of individuals=900, n of neighborhoods=65) 

 
Model 1  Model 2  Model 3  

 b SE b SE b SE 

Tract % poor
a
 0.047 0.046 0.035 0.046 0.023 0.079 

Tract % Latino
a
 -0.015 0.033 -0.032 0.038 -0.032 0.039 

Tract % black
a
 0.005 0.014 0.004 0.014 0.004 0.014 

Tract % unemployed
a
 -0.003 0.007 -0.004 0.007 -0.004 0.007 

Tract % of units renter-occupied
a
 -0.018 0.021 -0.022 0.024 -0.022 0.024 

Ix: family income x tract % poor
b
 

 
   -0.001 0.008 

Age at Wave 1 (years) 
 

 -0.001 0.004 -0.001 0.004 

Quadratic term for age 
 

 0.000 0.000 0.000 0.000 

Education at Wave 1 (years) 
 

 -0.003 0.003 -0.003 0.003 

Female 
 

 0.053 0.032 0.053 0.032 

Wave 1 family income (logged) 
 

 0.008* 0.004 0.012 0.026 

PCG indicator 
 

 -0.023 0.035 -0.023 0.035 

Latino/native-born (reference grp)   - - - - 

Latino/foreign-born documented 
 

 0.040 0.036 0.04 0.036 

Latino/foreign-born undocumented 
 

 0.072 0.060 0.072 0.060 

White/native-born 
 

 0.008 0.043 0.008 0.043 

Black/native-born 
 

 0.010 0.050 0.010 0.050 

Asian 
 

 -0.017 0.033 -0.018 0.033 

Other race/immigration 
 

 0.009 0.057 0.008 0.057 

Years between Wave 1 and Wave 2 
 

 -0.001 0.015 -0.001 0.015 

$ change in income Wave 1-Wave 2 
 

 0.000 0.000 0.000 0.000 

Increased yrs of educ Wave 1-Wave 2 
 

 0.028 0.036 0.028 0.036 

Constant 0.074** 0.023 0.074 0.132 0.084 0.141 

BIC 15.72  91.53  53.91  

Log likelihood statistic 15.95  32.46  30.86  

Variance at Level 1 0.06  0.05  0.05  

Variance at Level 2 <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).   
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Table 15. Mediation models: Multilevel OLS models of Wave 1 neighborhood 

characteristics predicting physical disorder score (n of individuals=900, n of 

neighborhoods=65) 

 
Model 1  

 b SE 

Tract % poor
a
 0.431** 0.156 

Tract % Latino
a
 0.455*** 0.082 

Tract % black
a
 0.055 0.035 

Tract % unemployed
a
 -0.047 0.034 

Tract % of units renter-occupied
a
 0.312** 0.097 

Ix: family income x tract % poor
b
 0.000 0.014 

Age at Wave 1 (years) 0.005 0.005 

Quadratic term for age 0.000 0.000 

Education at Wave 1 (years) -0.003 0.003 

Female -0.009 0.023 

Wave 1 family income (logged) 0.004 0.044 

PCG indicator 0.009 0.024 

Latino/native-born (ref. group) - - 

Latino/foreign-born documented -0.044 0.032 

Latino/foreign-born undocumented -0.089* 0.043 

White/native-born -0.061 0.035 

Black/native-born 0.003 0.046 

Asian -0.064 0.069 

Other race/immigration -0.049 0.128 

Constant 0.242 0.176 

BIC -212.54 
 

 

Log likelihood statistic 174.29 
 

 

Variance at Level 1
 c
 0.040  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor or the inverse disorder score times the individual-level family 

income (logged).  
c The variance at level 2 and the ICC are always <0.0001.   
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Table 16. Mediation models: Multilevel OLS models of Wave 1 neighborhood 

characteristics predicting BMI at Wave 1 (n of individuals=900, n of neighborhoods=65) 

 
Model 1  Model 2  Model 3  

 b SE b SE b SE 

Tract % poor
a
 -1.578 1.516 -1.127 1.420 

 
 

Tract % Latino
a
 0.683 0.519 1.158 0.621 

 
 

Tract % black
a
 0.757*** 0.169 0.815*** 0.184 

 
 

Tract % unemployed
a
 -0.217* 0.108 -0.267* 0.110 

 
 

Tract % of units renter-occupied
a
 -1.500*** 0.321 -1.173*** 0.349 

 
 

Ix: family income x tract % poor
b
 -0.274 0.164 -0.274 0.157 

 
 

Observed physical disorder score
a
 

 
 -1.046 0.693 -1.262 1.926 

Ix: family income x tract disorder score     -0.117 0.189 

Age at Wave 1 (years) 0.137* 0.054 0.142** 0.055 0.122* 0.055 

Quadratic term for age -0.001* 0.001 -0.001* 0.001 -0.001 0.001 

Education at Wave 1 (years) -0.034 0.063 -0.037 0.061 -0.102 0.066 

Female -0.595 0.420 -0.605 0.425 -0.818 0.443 

Wave 1 family income (logged) 0.947 0.509 0.951 0.486 0.394 0.525 

PCG indicator 0.009 0.554 0.018 0.559 0.244 0.591 

Latino/native-born (ref. group) - - - - - - 

Latino/foreign-born documented -0.757 0.514 -0.803 0.522 -1.050* 0.507 

Latino/foreign-born undocumented -0.251 0.673 -0.344 0.671 -0.257 0.747 

White/native-born -1.777** 0.590 -1.841** 0.580 -1.895** 0.587 

Black/native-born -1.124 0.734 -1.122 0.754 -0.470 0.650 

Asian -2.211** 0.740 -2.278** 0.739 -2.258*** 0.686 

Other race/immigration -2.090* 0.831 -2.142* 0.837 -1.902* 0.745 

Constant 26.201*** 3.116 26.454*** 3.082 26.994*** 3.717 

BIC 4891.18  4894.76  4926.03 
 

 

Log likelihood statistic -2377.57  -2375.95  -2408.59 
 

 

Variance at Level 1
 c
 12.017  11.974  12.895  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor or the inverse disorder score times the individual-level family 

income (logged).  
c The variance at level 2 and the ICC are always <0.0001.   
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Table 17. Mediation models: Coefficients (SE’s) from multilevel OLS models of Wave 1 

neighborhood characteristics predicting BMI at Wave 2 (n of individuals=900, n of 

neighborhoods=65) 

 
Model 1  Model 2  Model 3  

 
b SE b SE b SE 

Tract % poor
a
 -1.578 1.564 -1.426 1.549 

 
 

Tract % Latino
a
 0.576 0.635 0.740 0.682 

 
 

Tract % black
a
 0.093 0.187 0.114 0.182 

 
 

Tract % unemployed
a
 0.074 0.106 0.057 0.129 

 
 

Tract % of units renter-occupied
a
 -0.204 0.506 -0.093 0.526 

 
 

Ix: family income x tract % poor
b
 -0.217 0.144 -0.218 0.143 

 
 

Observed physical disorder score
a
 

 
 -0.361 0.816 0.449 2.047 

Ix: family income x tract disorder score     -0.020 0.179 

Wave 1 Self-report BMI 1.071*** 0.069 1.070*** 0.068 1.088*** 0.070 

Age at Wave 1 (years) -0.089 0.083 -0.087 0.080 -0.100 0.084 

Quadratic term for age 0.000 0.001 0.000 0.001 0.001 0.001 

Education at Wave 1 (years) 0.003 0.055 0.002 0.055 -0.013 0.057 

Female 0.493 0.375 0.488 0.374 0.452 0.373 

Wave 1 family income (logged) 0.757 0.446 0.760 0.442 0.089 0.509 

PCG indicator 0.285 0.406 0.289 0.404 0.349 0.376 

Latino/native-born (ref. group) - - - - - - 

Latino/foreign-born documented -0.257 0.604 -0.274 0.595 -0.250 0.584 

Latino/foreign-born undocumented 0.828 1.062 0.797 1.035 0.852 1.046 

White/native-born 0.777 0.437 0.753 0.445 0.639 0.436 

Black/native-born 1.133 0.627 1.132 0.626 1.192* 0.588 

Asian 0.035 0.778 0.009 0.780 -0.016 0.836 

Other race/immigration -1.845* 0.834 -1.865* 0.817 -1.796* 0.903 

Time between Wave 1 and Wave 2 
interviews (years) 

-0.155 0.315 -0.156 0.315 -0.152 0.301 

Change in family income Wave 1-Wave 
2 ($1,000) 

-0.001 0.001 -0.001 0.001 -0.001 0.001 

Increased education Wave 1-Wave 2 
(0/1) 

-0.076 0.719 -0.071 0.716 -0.143 0.731 

Constant 4.284 3.308 4.411 3.377 2.932 4.396 

BIC 4891.28  4897.69  4866.54  

Log likelihood statistic -2364.01  -2363.82  -2368.65  

Variance at Level 1
c
 11.658  11.653  11.780  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor or the inverse disorder score times the individual-level family 

income (logged). 
c The variance at level 2 and the ICC are always <0.0001.   
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Table 18.  Mediation models: Odds Ratios (SE’s) from logistic regression models of Wave 1 

neighborhood characteristics predicting hypertension diagnosis at Wave 1 (n of 

individuals=900, n of neighborhoods=65) 

 
Model 1  Model 2  Model 3  

 
b SE b SE b SE 

Tract % poor
a
 0.169 5.635 0.250 5.344   

Tract % Latino
a
 1.265 2.130 1.912 2.494   

Tract % black
a
 1.350* 1.161 1.442* 1.190   

Tract % unemployed
a
 0.893 1.195 0.861 1.202   

Tract % of units renter-occupied
a
 0.483* 1.426 0.634 1.505   

Ix: family income x tract % poor
b 

 0.788 1.175 0.784 1.171   

Observed physical disorder score
a
   0.375 1.978 0.217 3.831 

Ix: family income x tract disorder 
score 

    0.871 1.122 

Age at Wave 1 (years) 1.186** 1.060 1.194** 1.062 1.177** 1.060 

Quadratic term for age 0.999* 1.001 0.999* 1.001 0.999* 1.001 

Education at Wave 1 (years) 1.020 1.039 1.018 1.039 0.989 1.038 

Female 1.373 1.359 1.334 1.365 1.239 1.343 

Wave 1 family income (logged) 2.363 1.742 2.408 1.714 1.584 1.418 

PCG indicator 0.546 1.416 0.563 1.426 0.606 1.422 

Latino/native-born (ref. group) - - - - - - 

Latino/foreign-born documented 2.052 1.547 2.004 1.554 1.716 1.528 

Latino/foreign-born undocumented 5.709** 1.931 5.307* 1.939 5.073* 1.808 

White/native-born 1.224 1.719 1.117 1.718 1.145 1.655 

Black/native-born 5.596** 1.904 5.743** 1.929 6.952** 1.744 

Asian 1.116 2.620 1.070 2.670 1.064 2.713 

Other race/immigration 5.339 2.494 4.688 2.418 5.387 2.593 

Constant 0.002** 8.415 0.002** 8.207 0.005** 5.732 

BIC 792.89  795.67  780.47  

Log likelihood statistic -331.82  -329.81  -342.62  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor or the inverse disorder score times the individual-level family 

income (logged). 
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Table 19. Mediation models: multilevel OLS models of Wave 1 neighborhood 

characteristics predicting systolic blood pressure at Wave 2 (n of individuals=900, n of 

neighborhoods=65) 

 
Model 1  Model 2  Model 3  

 
b SE b SE b SE 

Tract % poor
a
 -15.590* 6.822 -18.465** 6.304   

Tract % Latino
a
 3.068 2.664 -0.051 3.678   

Tract % black
a
 0.260 0.801 -0.134 0.869   

Tract % unemployed
a
 -1.017 0.537 -0.694 0.727   

Tract % of units renter-occupied
a
 -3.084 2.117 -5.206 2.736   

Ix: family income x tract % poor
b
 -1.547* 0.608 -1.540* 0.615   

Observed physical disorder score
a
 

 
 6.845 4.638 -11.929 6.501 

Ix: family income x tract disorder score     -1.249* 0.596 

Self-report past hypertension dx Wave 
1 

4.293 2.479 4.542 2.444 4.827* 2.452 

Age at Wave 1 (years) 0.635* 0.290 0.595* 0.286 0.631* 0.293 

Quadratic term for age -0.002 0.003 -0.002 0.003 -0.002 0.003 

Education at Wave 1 (years) 0.120 0.252 0.137 0.247 0.045 0.243 

Female -1.317 1.907 -1.260 1.897 -1.876 1.892 

Wave 1 family income (logged) 5.069** 1.845 5.013** 1.882 3.715* 1.561 

PCG indicator -4.078 2.200 -4.135 2.197 -3.498 2.208 

Latino/foreign-born documented - - - - - - 

Latino/native-born (ref. group) 0.073 2.512 0.365 2.386 -1.152 2.339 

Latino/foreign-born undocumented -0.106 3.461 0.451 3.522 -1.374 3.430 

White/native-born -6.445* 2.586 -6.033* 2.512 -6.991* 2.782 

Black/native-born 0.467 2.886 0.398 2.807 -1.631 2.960 

Asian -2.717 3.909 -2.276 3.861 -3.450 3.961 

Other race/immigration -13.608*** 3.810 -13.338*** 3.354 -13.374*** 4.059 

Time between Wave 1 and Wave 2 
interviews (years) 

-1.986 1.153 -1.956 1.163 -2.146 1.127 

Change in family income Wave 1-
Wave 2 ($1,000) 

-0.018* 0.008 -0.017* 0.008 -0.019* 0.008 

Increased education Wave 1-Wave 2 
(0/1) 

-2.128 2.088 -2.238 2.063 -2.054 2.180 

Constant 127.967*** 11.739 126.211*** 12.387 130.821*** 13.282 

BIC 7561.13  7560.78  7546.83 
 

 

Log likelihood statistic -3698.93  -3695.36  -3705.39  

Variance at Level 1
c
 231.677  229.830  236.54  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor or the inverse disorder score times the individual-level family 

income (logged).      
c The variance at level 2 and the ICC are always <0.0001.   
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Table 20. Descriptive Statistics for hierarchical neighborhood scales 

 

Characteristic 
Block-Group 

Mean (SD) 

Tract 

Mean (SD) 

1° AWM
a
  

Mean (SD) 

2° AWM
a
 

Mean (SD) 

1° PWM
b 

 

Mean (SD) 

2° PWM
b
 

Mean (SD) 

LA FANS 
neighborhoods at 
Wave 1 ~300 65 65 65 65 65 

Area (sq mi) 0.5 (1) 7 (30) 30 (120) 60 (160) 30 (120) 60 (160) 

Total population 2,000 (1,000) 8,000 (4,000) 
50,000 
(19,000) 

100,000 
(34,000) 

50,000 
(19,000) 

100,000 
(34,000) 

Population Density 
(people per square 
mile) 

16,000 
(11,000) 

15,000 
(11,000) 

11,000 
(9,000) 

10,000 
(8,000) 

11,000 
(9,000) 

10,000 
(8,000) 

% poor 22 (15) 23 (14) 20 (11) 19 (10) 22 (12) 21 (11) 

% Black 8 (12) 8 (10) 10 (13) 10 (13) 10 (13) 11 (12) 

% Latino 56 (31) 55 (30) 48 (26) 45 (23) 51 (26) 50 (22) 

% Unemployed 11 (7) 6 (3) 5 (2) 5 (2) 5 (2) 5 (2) 

% Renters 53 (28) 53 (24) 49 (21) 46 (20) 53 (20) 52 (19) 
 

a AWM = area-weighted mean 

b PWM = population-weighted mean
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Table 21. Correlations among neighborhood social characteristics across neighborhood 

definitions, by individual (n=900 individuals) 
 Percent Poverty 

 Block-Group Tract 1° area-
weighted 
mean 

1° 
population-
weighted 
mean 

2° area-
weighted 
mean 

2° 
population-
weighted 
mean 

Block-Group 1.00      

Tract 0.93 1.00     

1° area-weighted 
mean 

0.81 0.84 1.00    

1° population-
weighted mean 

0.78 0.81 0.88 1.00   

2° area-weighted 
mean 

0.87 0.92 0.94 0.90 1.00  

2° population-
weighted mean 

0.80 0.84 0.90 0.95 0.94 1.00 

 Percent Black 

 Block-Group Tract 1° area-
weighted 
mean 

1° 
population-
weighted 
mean 

2° area-
weighted 
mean 

2° 
population-
weighted 
mean 

Block-Group 1.00      

Tract 0.92 1.00     

1° area-weighted 
mean 

0.86 0.91 1.00    

1° population-
weighted mean 

0.82 0.86 0.93 1.00   

2° area-weighted 
mean 

0.85 0.89 0.95 0.93 1.00  

2° population-
weighted mean 

0.83 0.88 0.91 0.97 0.95 1.00 

 Percent Latino 

 Block-Group Tract 1° area-
weighted 
mean 

1° 
population-
weighted 
mean 

2° area-
weighted 
mean 

2° 
population-
weighted 
mean 

Block-Group 1.00      

Tract 0.97 1.00     

1° area-weighted 
mean 

0.87 0.90 1.00    

1° population-
weighted mean 

0.78 0.81 0.87 1.00   

2° area-weighted 
mean 

0.93 0.96 0.95 0.87 1.00  

2° population-
weighted mean 

0.86 0.88 0.92 0.96 0.93 1.00 

 Percent Unemployment 

 Block-Group Tract 1° area-
weighted 
mean 

1° 
population-
weighted 
mean 

2° area-
weighted 
mean 

2° 
population-
weighted 
mean 

Block-Group 1.00      

Tract 0.85 1.00     

1° area-weighted 
mean 

0.49 0.52 1.00    

1° population-
weighted mean 

0.40 0.41 0.63 1.00   

2° area-weighted 
mean 

0.61 0.67 0.88 0.73 1.00  
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2° population-
weighted mean 

0.50 0.52 0.77 0.90 0.87 1.00 

 Percent Renters 

 Block-Group Tract 1° area-
weighted 
mean 

1° 
population-
weighted 
mean 

2° area-
weighted 
mean 

2° 
population-
weighted 
mean 

Block-Group 1.00      

Tract 0.91 1.00     

1° area-weighted 
mean 

0.76 0.83 1.00    

1° population-
weighted mean 

0.72 0.79 0.88 1.00   

2° area-weighted 
mean 

0.78 0.85 0.97 0.89 1.00  

2° population-
weighted mean 

0.73 0.80 0.88 0.96 0.92 1.00 

 
a AWM = area-weighted mean 

b PWM = population-weighted mean
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Table 22. Mean neighborhood social characteristics across definitions of neighborhood, by 

SPA (n=900 individuals) 
 

n
a
 

Block-
Group Tract 1° AWM

b
 1° PWM

c
 2° AWM

b
 2° PWM

c
 

Percent Poverty        

1 Antelope Valley 31 22% 21% 18% 19% 13% 14% 

2 San Fernando Valley 105 19 18 16 16 13 16 

3 San Gabriel Valley 136 13 13 12 13 11 12 

4 Metro LA 129 30 29 28 29 27 31 

5 West 55 8 6 12 14 10 15 

6 South 152 37 37 34 37 31 34 

7 East 141 17 17 15 15 15 16 

8 South Bay 151 23 23 15 19 15 19 

Percent Black        

1 Antelope Valley 31 11.0 11.7 7.6 12.6 5.4 12.5 

2 San Fernando Valley 105 3.5 5.4 3.8 4.0 3.8 4.0 

3 San Gabriel Valley 136 3.0 3.7 5.5 3.9 5.1 4.2 

4 Metro LA 129 4.2 3.5 5.5 5.3 5.0 4.9 

5 West 55 2.9 3.1 6.7 13.2 11.8 14.2 

6 South 152 22.6 22.8 27.9 28.3 29.0 27.3 

7 East 141 2.0 2.3 2.5 2.3 3.1 2.3 

8 South Bay 151 7.5 8.2 9.6 9.7 10.2 12.0 

Percent Latino        

1 Antelope Valley 31 35.6 38.2 43.2 38.8 20.7 29.7 

2 San Fernando Valley 105 48.3 45.3 38.3 41.2 32.8 41.5 

3 San Gabriel Valley 136 52.7 51.9 38.8 43.6 33.6 41.6 

4 Metro LA 129 67.7 68.0 58.3 60.4 55.9 58.5 

5 West 55 10.3 11.2 12.7 14.8 15.7 20.5 

6 South 152 73.7 73.2 66.4 65.7 62.0 65.5 

7 East 141 67.3 66.3 65.5 69.0 62.1 66.5 

8 South Bay 151 41.5 38.9 30.0 39.4 32.3 37.3 

Percent Unemployed        

1 Antelope Valley 31 10.1 5.6 5.9 6.2 4.3 4.8 

2 San Fernando Valley 105 12.7 6.6 4.1 4.3 3.5 4.0 

3 San Gabriel Valley 136 8.3 4.2 2.7 3.4 3.4 3.4 

4 Metro LA 129 12.4 6.0 5.6 5.7 5.5 5.8 

5 West 55 6.1 3.1 3.8 4.1 2.8 3.4 

6 South 152 13.8 7.0 7.0 7.4 6.9 7.1 

7 East 141 9.3 4.1 4.4 4.3 4.3 4.4 

8 South Bay 151 11.4 5.4 3.6 4.4 3.9 4.5 

Percent Renters        

1 Antelope Valley 31 27.6 24.4 29.9 24.3 18.6 25.2 

2 San Fernando Valley 105 51.4 51.7 41.3 47.0 37.8 46.9 

3 San Gabriel Valley 136 45.4 40.2 31.7 37.3 28.3 33.2 

4 Metro LA 129 86.5 78.8 75.3 78.0 70.9 77.5 

5 West 55 39.9 44.6 52.3 58.2 49.2 60.2 

6 South 152 65.8 58.7 59.7 60.3 56.2 59.3 

7 East 141 43.9 42.4 40.5 42.8 42.3 46.2 

8 South Bay 151 54.8 52.2 45.9 51.6 43.9 51.7 

a - n is the number of respondents in sample in this SPA 

b - Area-weighted Mean 

c - Population-weighted Mean 
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Table 23. Comparisons across neighborhood scale: Coefficients of OLS regression models of Wave 1 neighborhood 

characteristics predicting BMI at Wave 1 (n of individuals=900) 

 
Block-
Group 

Tract 
1° area-

weighted 
mean 

2° area-
weighted 

mean 

1° 
population-
weighted 

mean 

2° 
population-
weighted 

mean 

Area % poor
a
 1.121* -1.586 -1.751 0.437 -0.912 -1.326 

Area % Latino
a
 0.638 0.649 0.739*** 0.474** 1.119*** 0.882*** 

Area % black
a
 0.632*** 0.743*** 1.121* 0.170 0.912 0.480 

Area % unemployed
a
 -0.139 -0.224 0.088 0.081 -0.585 -0.582 

Area % of units renter-occupied
a
 -1.791*** -1.544** -0.457 -1.551** -0.837* -1.260** 

Ix: family income x area % poor
b
 0.000 -0.279 -0.009 -0.005 -0.009 -0.013 

Constant 23.887*** 26.178*** 24.734*** 25.146*** 25.451*** 26.921*** 

BIC 4919.46 4918.18 4934.14 4931.49 4918.44 4914.51 

Log Likelihood Statistic -2395.11 -2394.47 -2402.45 -2401.12 -2394.6 -2392.63 

r
2
 0.15 0.15 0.13 0.14 0.15 0.15 

r
2
-adjusted 0.13 0.13 0.12 0.12 0.13 0.14 

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).  

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, race/ethnic/immigration status.   
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Table 24. Comparisons across neighborhood scale: Coefficients of OLS regression models of Wave 1 neighborhood 

characteristics predicting BMI at Wave 2 (n of individuals=900) 

 
Block-
Group 

Tract 
1° area-

weighted 
mean 

2° area-
weighted 

mean 

1° 
population-
weighted 

mean 

2° 
population-
weighted 

mean 

Wave 1 Self-report BMI 1.069*** 1.077*** 1.077*** 1.075*** 1.0768*** 1.070*** 

Area % poor
a
 0.611 -1.618 0.223 0.442 0.915 -1.121 

Area % Latino
a
 0.506 0.546 0.087 -0.148 -0.0174 -0.342 

Area % black
a
 0.074 0.093 0.659 -0.186 0.2351 -0.384 

Area % unemployed
a
 -0.015 0.067 -0.105 0.963 0.1656 1.436 

Area % of units renter-occupied
a
 -0.284 -0.212 0.217 -0.507 -0.1854 -0.617 

Ix: family income x area % poor
b
 -0.000 -0.226 0.001 0.000 0.0003 -0.009 

Constant 2.294 4.552 2.695 2.265 2.5229 3.499 

BIC 4913.86 4917.08 4921.86 4917.18 4920.58 4913.45 

Log Likelihood Statistic -2378.7 -2380.31 -2382.7 -2380.36 -2382.06 -2378.5 

r
2
 0.61 0.61 0.61 0.61 0.61 0.61 

r
2
-adjusted 0.6 0.6 0.6 0.6 0.6 0.6 

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).     

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, race/ethnic/immigration status, years elapsed between interviews, change 

in family income, and an indicator of any additional education achieved between interviews.    

.   
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Table 25. Comparisons across neighborhood scale: Coefficients of OLS regression models of Wave 1 neighborhood 

characteristics predicting waist circumference (cm) at Wave 2 (n of individuals=900) 

 
Block-Group Tract 

1° area-
weighted 

mean 

2° area-
weighted 

mean 

1° 
population-
weighted 

mean 

2° 
population-
weighted 

mean 

Wave 1 Self-report BMI 2.358*** 2.399*** 2.380*** 2.380*** 2.366*** 2.346*** 

Area % poor
a
 -0.901 -1.797 4.566 1.710 6.477 2.573 

Area % Latino
a
 1.343 1.474 0.701 0.087 0.682 -0.166 

Area % black
a
 1.133* 0.985 0.595 -1.230 -0.235 -1.421 

Area % unemployed
a
 0.873 0.655 -0.939 2.630 0.402 2.311 

Area % of units renter-occupied
a
 -2.348 -2.033 -0.746 -2.308 -1.481 -2.998* 

Ix: family income x area % poor
b
 0.000 -0.176 0.0191 0.003 0.024 -0.003 

Constant 35.497*** 36.930*** 33.578*** 33.990*** 31.808** 36.079*** 

BIC 6644.56 6655.09 6664.97 6652.93 6659.36 6651.11 

Log Likelihood Statistic -3244.05 -3249.32 -3254.26 -3248.24 -3251.45 -3247.33 

r
2
 0.56 0.55 0.55 0.55 0.55 0.56 

r
2
-adjusted 0.55 0.54 0.54 0.54 0.54 0.54 

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).     

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, race/ethnic/immigration status, years elapsed between interviews, change 

in family income, and an indicator of any additional education achieved between interviews.    
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Table 26. Comparisons across neighborhood scale: Odds ratios from logistic regression models of Wave 1 neighborhood 

characteristics predicting hypertension diagnosis at Wave 1 (n of individuals=900) 

 
Block-
Group 

Tract 
1° area-

weighted 
mean 

2° area-
weighted 

mean 

1° 
population-
weighted 

mean 

2° 
population-
weighted 

mean 

Area % poor
a
 1.579 0.155 0.136 0.855 0.288 0.124 

Area % Latino
a
 1.110 1.135 1.611** 1.260 1.667* 1.293 

Area % black
a
 1.227 1.385* 1.914 0.972 1.438 0.940 

Area % unemployed
a
 1.121 0.884 1.387 1.324 0.908 2.868 

Area % of units renter-occupied
a
 0.476* 0.497 0.924 0.668 0.669 0.792 

Ix: family income x area % poor
b
 1.000 0.778 0.994 0.999 0.994 0.995 

Constant 0.000*** 0.003** 0.001** 0.001*** 0.001** 0.001** 

BIC 806.47 802.42 794.55 813.07 800.71 807.14 

Log Likelihood Statistic -338.61 -336.59 -332.65 -341.91 -335.73 -338.95 

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, and race/ethnic/immigration status.    
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Table 27. Comparisons across neighborhood scale: Coefficients of OLS regression models of Wave 1 neighborhood 

characteristics predicting systolic blood pressure (mmHg) at Wave 2 (n of individuals=900) 

 
Block-Group Tract 

1° area-
weighted 

mean 

2° area-
weighted 

mean 

1° 
population-
weighted 

mean 

2° 
population-
weighted 

mean 

Self-report past hypertension dx Wave 1 4.117 3.938 4.300 3.880 3.935 4.244 

Wave 1 family income (logged) 5.033* 5.666* 1.587 5.698* 6.829** 0.166 

Area % poora -0.600 -15.482* -7.970 -3.999 -11.191 -20.289** 

Area % Latinoa 2.616 3.201 1.401 1.521 2.489* 3.060* 

Area % blacka 0.304 0.253 6.701** 3.613 6.769** 5.027* 

Area % unemployeda -1.007 -1.016 -5.763* -1.380 -5.641 -1.469 

Area % of units renter-occupieda -4.459* -3.100 -1.385 -1.660 -1.025 -0.292 

Ix: family income x area % poorb 0.000 -1.539* -0.067* -0.020 -0.069* -0.0836* 

Constant 115.3619*** 127.225*** 122.027*** 117.308*** 125.326*** 125.062*** 

BIC 7607.11 7614.91 7600.07 7618.32 7603.2 7600.2 

Log Likelihood Statistic -3725.33 -3729.23 -3721.81 -3730.93 -3723.37 -3721.87 

r2 0.22 0.22 0.23 0.21 0.23 0.23 

r2-adjusted 0.2 0.2 0.21 0.19 0.21 0.21 
* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).   

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, race/ethnic/immigration status, years elapsed between interviews, change 

in family income, and an indicator of any additional education achieved between interviews.    
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Table 28. Comparisons across neighborhood scale: Coefficients of OLS regression models of Wave 1 neighborhood 

characteristics predicting pulse pressure (mmHg) at Wave 2 (n of individuals=900) 

 
Block-Group Tract 

1° area-
weighted 

mean 

2° area-
weighted 

mean 

1° 
population-
weighted 

mean 

2° 
population-
weighted 

mean 

Self-report past hypertension dx Wave 1 3.530 3.436 3.631 3.410 3.480 3.525 

Wave 1 family income (logged) 4.376** 5.393* 0.596 5.394** 5.997** 0.259 

Area % poora -0.458 -12.785* -8.725 -2.321 -10.408 -16.458* 

Area % Latinoa 0.800 1.478 0.824 0.978 1.491 1.5228 

Area % blacka 0.328 0.025 4.075** 1.952 3.990** 2.541 

Area % unemployeda -0.515 -0.700 -3.933* 0.315 -4.334 -0.162 

Area % of units renter-occupieda -1.731 -1.228 -0.373 -0.179 -0.185 0.556 

Ix: family income x area % poorb -0.000* -1.312** -0.063* -0.007 -0.065* -0.073** 

Constant 52.847*** 63.941*** 62.027*** 52.802*** 64.570*** 62.185*** 

BIC 6888.12 6893.07 6875.69 6898.18 6876.28 6881.49 

Log Likelihood Statistic -3365.83 -3368.31 -3359.62 -3370.86 -3359.91 -3362.52 

r2 0.3 0.29 0.31 0.29 0.3 0.3 

r2-adjusted 0.28 0.27 0.29 0.27 0.29 0.28 
* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).  

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, race/ethnic/immigration status, years elapsed between interviews, change 

in family income, and an indicator of any additional education achieved between interviews.    
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Table 29. Comparisons across neighborhood scale: Coefficients of OLS regression models of Wave 1 neighborhood 

characteristics predicting probability of depression at Wave 2 (n of individuals=900) 

 
Block-Group Tract 

1° area-
weighted 

mean 

2° area-
weighted 

mean 

1° population-
weighted 

mean 

2° 
population-
weighted 

mean 

Area % poor
a
 -0.021 0.023 -0.108 0.029 0.021 0.036 

Area % Latino
a
 -0.007 -0.032 0.023 0.012 0.013 0.014 

Area % black
a
 0.011 0.004 0.007 0.012 -0.015 0.006 

Area % unemployed
a
 0.007 -0.004 0.025 -0.026 -0.011 -0.059 

Area % of units renter-occupied
a
 -0.008 -0.022 0.018 -0.012 -0.017 -0.012 

Ix: family income x area % poor
b
 0.000 -0.001 -0.000 0.002 0.000 0.000 

Constant 0.054 0.084 0.092 0.076 0.080 0.134 

BIC 82.12 84.23 77.64 81.79 82.78 81.59 

Log Likelihood Statistic 33.77 32.71 36.01 33.93 33.44 34.03 

r
2
 0.04 0.04 0.05 0.04 0.04 0.04 

r
2
-adjusted 0.02 0.02 0.02 0.02 0.02 0.02 

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).  

Note: Model also includes controls for age, a quadratic term for age, gender, family income, PCG status, race/ethnic/immigration status, years elapsed between interviews, change 

in family income, and an indicator of any additional education achieved between interviews.    
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Table 30. Descriptive statistics for activity space neighborhoods versus home census tracts 

(n=900) 

Characteristic Measure Mean SD Min Max 
Inter-quartile 
Range 

Population (1,000’s) Home Tract 7.7 4.2 0.8 22.2  

 Nodes 47.5 27.5 3.7 226.3  

Area (sq. mi.) Home Tract 6.4 32.8 0.1 198.8  

 Nodes 24.7 133.4 0.2 2196.4  

Population Density  Home Tract 14.8 10.5 0.06 46.1  

(1,000’s) Nodes 3.5 13.3 0.2 153.6  

% poor Home Tract 22.1% 13.8 2.7 51.0 24.3 

 
Area-weighted 
mean of Nodes 

19.7 * 11.0 0.9 49.8 17.3 

 
Time-weighted 
mean of Nodes 

21.4 * 12.3 1.9 63.2 19.8 

% Black Home Tract 7.9 9.8 0.0 48.1 8.3 

 
Area-weighted 
mean of Nodes 

8.3 * 10.1 0.0 65.9 8.7 

 
Time-weighted 
mean of Nodes 

8.6 * 10.0 0.0 64.4 9.0 

% Latino Home Tract 54.2 29.4 1.8 96.1 57.7 

 
Area-weighted 
mean of Nodes 

48.9 * 26.2 1.4 96.1 46.6 

 
Time-weighted 
Mean of Nodes 

51.2 * 26.4 1.6 96.4 46.5 

% Unemployed Home Tract 5.4 3.2 0.4 24.1 3.3 

 
Area-weighted 
mean of Nodes 

4.7 * 2.0 0.3 12.5 2.7 

 
Time-weighted 
mean of Nodes 

5.1 * 2.6 0.4 22.6 2.9 

% Renters Home Tract 52.3 24.8 4.7 94.2 47.1 

 
Area-weighted 
mean of Nodes 

46.8 * 19.9 0.2 94.7 30.4 

 
Time-weighted 
mean of Nodes 

52.4 21.4 4.7 94.8 33.4 

* = significantly different from the home tract value at α = 0.01 
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Table 31. Differences in average social characteristics of home tracts versus area-weighted 

mean nodes and time-weighted mean nodes, by time spent away from home 

Characteristic Group 
Difference between home and 
area-weighted mean Node 

Difference between home 
and time-weighted mean 
Node 

% poor ≥40% time away 3.1% 1.0% 

 <40% time away 1.1 0.4 

% Black ≥40% time away -0.5 -1.0 

 <40% time away -0.5 -0.5 

% Latino ≥40% time away 6.2 4.7 

 <40% time away 4.7 1.4 

% Unemployed ≥40% time away 0.7 0.4 

 <40% time away 0.6 0.2 

% Renters ≥40% time away 5.9 -0.3 

 <40% time away 5.6 0.6 

Note: positive numbers for differences mean that the home tract was higher on the characteristic than was the node average.  For 

example, in the top left cell of the table, among those who spend at least 40% of time away from home, the home tract was on 

average 3.1% higher in poverty than was the area-weighted mean node.  
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Table 32. Activity space comparisons: OLS regression models of Wave 1 neighborhood 

characteristics predicting BMI at Wave 1 (n=900) 

 
Tract 

Area-weighted Mean of 
Nodes 

Time-weighted Mean 
Nodes 

 b SE b SE b SE 

% poor
a
 -1.586 1.602 -3.540 1.848 -1.111 1.779 

% Latino
a
 0.649 0.539 0.683 0.437 0.738 0.412 

% black
a
 0.743*** 0.195 0.815*** 0.211 0.928*** 0.206 

% unemployed
a
 -0.224 0.232 -0.287 0.441 -0.103 0.226 

% of units renter-occupied
a
 -1.544** 0.477 -0.218 0.392 -0.813* 0.395 

Ix: family income x area % 
poor

b
 

-0.279 0.161 -0.306 0.180 -0.118 0.173 

Age at Wave 1 (years) 0.138* 0.058 0.125* 0.061 0.128* 0.060 

Quadratic term for age -0.001 0.001 -0.001 0.001 -0.001 0.001 

Education at Wave 1 (years) -0.023 0.063 -0.040 0.064 -0.023 0.063 

Female -0.596 0.420 -0.723 0.418 -0.610 0.416 

Wave 1 family income (logged) 0.958 0.497 1.505 0.846 0.545 0.650 

PCG indicator 0.007 0.485 0.060 0.491 -0.004 0.489 

Latino/foreign-born 
documented 

-0.543 0.540 -0.605 0.556 -0.572 0.546 

Latino/foreign-born 
undocumented 

-0.179 0.745 0.163 0.746 -0.024 0.752 

White/native-born -1.814** 0.564 -2.252*** 0.570 -2.195*** 0.564 

Black/native-born -1.107 0.780 -1.045 0.801 -1.167 0.767 

Asian -2.238** 0.732 -2.387*** 0.685 -2.447*** 0.691 

Other race/immigration -2.506*** 0.616 -2.359*** 0.596 -2.466*** 0.631 

Constant 26.177*** 3.123 27.382*** 3.107 24.794*** 3.205 

BIC 4918.18  4862.79  4847.79  

Log Likelihood Statistic -2394.47  -2366.90  -2359.40  

r
2
 0.15  0.14  0.15  

r
2
 -adjusted 0.13  0.12  0.14  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).      
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Table 33. Activity space comparisons: OLS regression models of Wave 1 neighborhood 

characteristics predicting BMI at Wave 2 (n=900) 

 
Tract 

Area-weighted mean 
of Nodes 

Time-weighted mean 
of Nodes 

 b SE b SE b SE 

% poor
a
 -1.618 1.730 0.041 1.921 0.439 1.799 

% Latino
a
 0.546 0.651 0.181 0.470 0.475 0.482 

% black
a
 0.093 0.186 0.289 0.183 0.195 0.185 

% unemployed
a
 0.067 0.150 0.006 0.360 0.151 0.141 

% of units renter-occupied
a
 -0.212 0.507 -0.242 0.464 -0.051 0.403 

Ix: family income x area % 
poor

b
 

-0.226 0.162 -0.023 0.184 0.045 0.157 

Wave 1 Self-report BMI 1.069*** 0.058 1.060*** 0.059 1.063*** 0.058 

Age at Wave 1 (years) -0.087 0.068 -0.064 0.070 -0.069 0.068 

Quadratic term for age 0.000 0.001 0.000 0.001 0.000 0.001 

Education at Wave 1 (years) 0.002 0.068 0.016 0.067 0.018 0.068 

Female 0.473 0.423 0.309 0.429 0.305 0.431 

Wave 1 family income (logged) 0.782 0.510 0.121 0.823 -0.180 0.617 

PCG indicator 0.287 0.487 0.350 0.447 0.353 0.456 

Latino/foreign-born 
documented 

-0.359 0.754 -0.292 0.744 -0.311 0.773 

Latino/foreign-born 
undocumented 

0.750 0.923 0.871 0.911 0.933 0.904 

White/native-born 0.722 0.587 0.093 0.572 0.319 0.576 

Black/native-born 1.087 0.686 0.740 0.696 0.856 0.698 

Asian -0.040 0.794 -0.480 0.847 -0.312 0.825 

Other race/immigration -2.267** 0.753 -2.424** 0.756 -2.276** 0.760 

Years between Wave 1 and 
Wave 2 interviews 

-0.160 0.315 -0.199 0.306 -0.204 0.315 

$1000 change in family income 
Wave 1-Wave 2 

-0.001 0.002 -0.001 0.002 -0.001 0.001 

Increased years of education 
from Wave 1-Wave 2 

-0.058 0.565 0.052 0.574 0.052 0.573 

Constant 4.552 3.163 3.663 3.805 2.521 3.226 

BIC 4917.08  4841.4  4840.82  

Log Likelihood Statistic -2380.31  -2342.63  -2342.34  

r
2
 0.61  0.60  0.60  

r
2
 -adjusted 0.60  0.59  0.59  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).     
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Table 34. Activity space comparisons: OLS regression models of Wave 1 neighborhood 

characteristics predicting waist circumference (cm) at Wave 2 (n=900) 

 
Tract  

Area-weighted Mean of 
Nodes 

Time-weighted Mean of 
Nodes 

 b SE b SE b SE 

% poor
a
 -1.797 5.583 0.595 5.530 3.621 4.959 

% Latino
a
 1.474 1.520 0.514 1.251 1.178 1.199 

% black
a
 0.985 0.524 1.119* 0.445 1.090* 0.449 

% unemployed
a
 0.655 0.424 -0.293 1.174 0.590 0.406 

% of units renter-occupied
a
 -2.033 1.393 -0.690 1.060 -0.773 1.077 

Ix: family income x area % 
poor

b
 

-0.176 0.531 0.038 0.519 0.456 0.449 

Wave 1 Self-report BMI 2.358*** 0.134 2.361*** 0.137 2.350*** 0.135 

Age at Wave 1 (years) -0.131 0.183 -0.103 0.178 -0.108 0.171 

Quadratic term for age 0.001 0.002 0.001 0.002 0.001 0.002 

Education at Wave 1 (years) 0.077 0.178 0.108 0.172 0.123 0.177 

Female -2.730* 1.086 -3.063** 1.091 -3.054** 1.099 

Wave 1 family income (logged) 0.700 1.694 -0.102 2.339 -1.831 1.743 

PCG indicator -0.463 1.155 0.112 1.113 0.150 1.130 

Latino/foreign-born 
documented 

-2.725 1.694 -2.850 1.714 -2.897 1.713 

Latino/foreign-born 
undocumented 

-0.689 2.073 -0.447 2.095 -0.385 2.046 

White/native-born -0.366 1.491 -1.292 1.486 -1.059 1.498 

Black/native-born 0.455 1.429 0.263 1.491 0.175 1.470 

Asian -6.129** 1.882 -6.858*** 1.978 -6.530*** 1.887 

Other race/immigration -7.206** 2.579 -7.347** 2.539 -7.177** 2.634 

Years between Wave 1 and 
Wave 2 interviews 

0.367 0.722 0.310 0.664 0.375 0.688 

$1000 change in family income 
Wave 1-Wave 2 

0.000 0.005 0.001 0.004 0.000 0.004 

Increased years of education 
from Wave 1-Wave 2 

-0.246 1.135 -0.127 1.128 -0.068 1.131 

Constant 36.930*** 9.261 35.312*** 10.157 30.447*** 9.109 

BIC 6655.09  6543.23  6537.61  

Log Likelihood Statistic -3249.32  -3193.54  -3190.73  

r
2
 0.55  0.56  0.56  

r
2
 -adjusted 0.54  0.54  0.55  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).    
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Table 35. Activity space comparisons: Logistic regression models of Wave 1 neighborhood 

characteristics predicting hypertension diagnosis at Wave 1 (n=900) 

 
Tract 

Area-weighted Mean 
of Nodes 

Time-weighted Mean 
of Nodes 

 OR SE OR SE OR SE 

% poor
a
 0.155 1.704 0.178 1.284 0.560 1.148 

% Latino
a
 1.135 0.655 1.188 0.417 1.139 0.459 

% black
a
 1.385* 0.162 1.543* 0.182 1.384 0.197 

% unemployed
a
 0.884 0.143 0.930 0.384 0.910 0.145 

% of units renter-occupied
a
 0.497 0.384 0.691 0.271 0.643 0.298 

Ix: family income x tract % 
poor

b
 

0.778 0.150 0.859 0.130 0.932 0.091 

Age at Wave 1 (years) 1.183** 0.058 1.155* 0.059 1.152* 0.058 

Quadratic term for age 0.999* 0.001 0.999 0.001 0.999 0.001 

Education at Wave 1 (years) 1.035 0.040 1.022 0.043 1.023 0.041 

Female 1.340 0.346 1.286 0.346 1.324 0.356 

Wave 1 family income (logged) 2.443 0.519 2.156 0.634 1.395 0.382 

PCG indicator 0.542 0.356 0.664 0.370 0.640 0.354 

Latino/foreign-born 
documented 

1.782 0.543 1.972 0.564 1.952 0.558 

Latino/foreign-born 
undocumented 

4.165* 0.683 4.953* 0.649 4.416* 0.654 

White/native-born 0.872 0.560 0.734 0.541 0.755 0.580 

Black/native-born 3.197 0.605 3.480* 0.577 3.833 0.585 

Asian 0.799 0.824 0.935 0.800 0.808 0.835 

Other race/immigration 3.456 0.932 4.209 0.902 3.920 0.904 

Constant 0.003** 2.237 0.005** 2.543 0.002** 2.065 

BIC 802.42  757.96  764.83  

Log Likelihood Statistic -336.59  -314.48  -317.92  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).     



 

218 

 

Table 36. Activity space comparisons: OLS regression models of Wave 1 neighborhood 

characteristics predicting systolic blood pressure (mmHg) at Wave 2 (n=900) 

 

 
Tract 

Area-weighted Mean 
of Nodes 

Time-weighted Mean of 
Nodes 

 b SE b SE b SE 

% poor
a
 -15.482* 6.605 -18.077* 7.434 -13.104* 5.811 

% Latino
a
 3.201 2.350 1.942 2.279 1.948 2.152 

% black
a
 0.253 1.007 1.772 0.966 0.541 1.028 

% unemployed
a
 -1.016 0.799 -3.224 2.009 -1.074 0.849 

% of units renter-occupied
a
 -3.100 2.523 0.480 1.929 -2.003 1.911 

Ix: family income x area % 
poor

b
 

-1.539* 0.670 -1.755** 0.674 -1.277* 0.586 

Self-report past hypertension 
dx Wave 1 

4.117 2.762 4.978 2.671 5.237 2.709 

Age at Wave 1 (years) 0.640* 0.325 0.557 0.298 0.592 0.302 

Quadratic term for age -0.002 0.004 -0.001 0.003 -0.001 0.003 

Education at Wave 1 (years) 0.123 0.355 0.119 0.341 0.174 0.355 

Female -1.384 2.037 -1.720 1.900 -1.447 1.948 

Wave 1 family income (logged) 5.033* 2.062 8.380** 3.123 5.354* 2.310 

PCG indicator -3.929 2.292 -4.674* 2.025 -4.867* 2.061 

Latino/foreign-born 
documented 

0.672 2.894 0.178 2.878 0.413 2.870 

Latino/foreign-born 
undocumented 

0.288 4.072 0.374 4.186 0.249 4.095 

White/native-born -5.942 3.061 -7.683* 3.049 -7.734* 3.05 

Black/native-born 1.099 2.972 -1.894 2.982 -0.541 2.920 

Asian -2.269 3.628 -4.530 3.436 -4.401 3.456 

Other race/immigration -11.860* 4.695 -12.666* 4.963 -13.325** 4.816 

Years between Wave 1 and 
Wave 2 interviews 

-1.980 1.453 -2.560 1.407 -2.415 1.441 

$1000 change in family income 
Wave 1-Wave 2 

-0.018 0.010 -0.019 0.010 -0.018 0.010 

Increased years of education 
from Wave 1-Wave 2 

-2.047 1.945 -2.141 2.115 -2.250 2.049 

Constant 127.225*** 14.232 137.841*** 14.826 129.290*** 13.643 

BIC 7614.91  7448.14  7454.43  

Log Likelihood Statistic -3729.23  -3646.00  -3649.14  

r
2
 0.22  0.26  0.26  

r
2
 -adjusted 0.20  0.24  0.24  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).    
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Table 37. Activity space comparisons: OLS regression models of Wave 1 neighborhood 

characteristics predicting pulse pressure (mmHg) at Wave 2 (n=900) 

 
Tract 

Area-weighted Mean 
of Nodes 

Time-weighted 
Mean of Nodes 

 b SE b SE b SE 

% poor
a
 -12.785* 4.990 -18.982** 5.978 -12.700* 5.393 

% Latino
a
 1.478 1.842 1.272 1.818 1.589 1.595 

% black
a
 0.025 0.738 0.980 0.818 0.210 0.812 

% unemployed
a
 -0.700 0.495 -0.562 1.382 -0.334 0.475 

% of units renter-occupied
a
 -1.227 1.614 1.644 1.374 -0.673 1.396 

Ix: family income x area % 
poor

b
 

-1.312** 0.505 -1.724** 0.582 -1.251* 0.504 

Self-report past hypertension 
dx Wave 1 

3.530 2.092 3.598 2.119 3.712 2.171 

Age at Wave 1 (years) -0.249 0.229 -0.279 0.223 -0.272 0.219 

Quadratic term for age 0.006* 0.003 0.007** 0.002 0.007** 0.002 

Education at Wave 1 (years) 0.008 0.191 0.032 0.193 0.057 0.193 

Female 3.263* 1.417 2.961* 1.340 3.215* 1.376 

Wave 1 family income (logged) 4.376** 1.490 8.258** 2.614 5.297** 1.887 

PCG indicator -4.259** 1.463 -4.557*** 1.368 -4.669*** 1.369 

Latino/foreign-born 
documented 

-1.227 1.978 -1.623 1.959 -1.285 1.971 

Latino/foreign-born 
undocumented 

-2.066 2.176 -1.573 2.197 -1.724 2.130 

White/native-born -3.632 1.931 -4.359* 1.925 -4.247* 1.903 

Black/native-born 0.166 2.376 -1.277 2.336 -0.563 2.416 

Asian -2.269 2.545 -3.479 2.399 -3.176 2.445 

Other race/immigration -9.861*** 2.957 -9.706** 3.279 -10.000** 3.117 

Years between Wave 1 and 
Wave 2 interviews 

-1.388 0.970 -1.607 0.963 -1.589 0.994 

$1000 change in family income 
Wave 1-Wave 2 

-0.008 0.006 -0.009 0.006 -0.008 0.006 

Increased years of education 
from Wave 1-Wave 2 

-1.303 1.170 -1.204 1.206 -1.235 1.193 

Constant 63.941*** 10.791 69.895*** 11.525 63.815*** 10.763 

BIC 6893.07  6756.5  6769.21  

Log Likelihood Statistic -3368.31  -3300.18  -3306.53  

r
2
 0.29  0.33  0.32  

r
2
 -adjusted 0.27  0.31  0.30  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).    
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Table 38. Activity space comparisons: OLS regression models of Wave 1 neighborhood 

characteristics predicting probability of depression at Wave 2 (n=900) 

 
Tract 

Area-weighted 
Mean of Nodes 

Time-weighted 
Mean of Nodes 

 b SE b SE b SE 

% poor
a
 0.023 0.081 -0.089 0.068 -0.027 0.072 

% Latino
a
 -0.032 0.042 -0.037 0.030 -0.026 0.030 

% black
a
 0.004 0.018 0.001 0.017 0.008 0.018 

% unemployed
a
 -0.004 0.011 0.033 0.033 -0.005 0.009 

% of units renter-occupied
a
 -0.022 0.030 -0.014 0.024 0.012 0.024 

Ix: family income x area % 
poor

b
 

-0.001 0.008 -0.006 0.006 -0.002 0.007 

Age at Wave 1 (years) -0.001 0.004 0.000 0.004 -0.001 0.004 

Quadratic term for age 0.000 0.000 0.000 0.000 0.000 0.000 

Education at Wave 1 (years) -0.003 0.003 -0.004 0.003 -0.004 0.003 

Female 0.053 0.028 0.046 0.026 0.042 0.026 

Wave 1 family income (logged) 0.012 0.026 0.036 0.029 0.016 0.028 

PCG indicator -0.023 0.036 -0.036 0.031 -0.035 0.031 

Latino/foreign-born 
documented 

0.040 0.037 0.033 0.037 0.028 0.037 

Latino/foreign-born 
undocumented 

0.072 0.059 0.088 0.062 0.078 0.059 

White/native-born 0.008 0.041 -0.020 0.036 -0.013 0.038 

Black/native-born 0.010 0.057 0.002 0.057 0.010 0.054 

Asian -0.018 0.036 -0.025 0.035 -0.025 0.035 

Other race/immigration 0.008 0.055 -0.002 0.052 0.004 0.053 

Years between Wave 1 and 
Wave 2 interviews 

-0.001 0.014 -0.002 0.013 -0.005 0.014 

$1000 change in family income 
Wave 1-Wave 2 

0.000 0.000 0.000 0.000 0.000 0.000 

Increased years of education 
from Wave 1-Wave 2 

0.028 0.035 0.035 0.035 0.031 0.035 

Constant 0.084 0.142 0.132 0.149 0.111 0.145 

BIC 84.23  32.83  38.09  

Log Likelihood Statistic 32.71  58.26  55.64  

r
2
 0.04  0.05  0.04  

r
2
 -adjusted 0.02  0.02  0.02  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged).   
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Table 39. Weighted vs. unweighted multilevel model results for hypertension outcomes (n of individuals=900, n of neighborhoods=65) 

Outcome W1 Hypertension W2 SBP W2 PP 

 Weighted  Unweighted Weighted  Unweighted  Weighted  Unweighted  

 OR SE OR SE b SE b SE b SE b SE 

Tract % poor
a
 0.155 1.724 0.780 2.309 -15.482* 6.863 -5.426 4.656 -12.785* 5.262 3.299*** 0.918 

Tract % Latino
a
 1.135 0.762 1.425 1.435 3.201 2.663 2.291 1.797 1.478 1.851 -0.282* 0.137 

Tract % black
a
 1.385 * 0.153 1.230* 1.101 0.253 0.810 1.283* 0.546 0.025 0.659 0.008*** 0.001 

Tract % unemployed
a
 0.884 0.176 0.878 1.174 -1.016 0.542 -1.290 0.674 -0.700 0.475 -0.023 0.103 

Tract % of units renter-occupied
a
 0.497 0.365 0.760 1.350 -3.100 2.121 0.099 1.519 -1.227 1.472 2.987*** 0.793 

Ix: family income x tract % poor
b
 0.778 0.16 0.952 1.085 -1.539* 0.614 -0.568 0.457 -1.312** 0.498 1.882* 0.928 

Wave 1 Self-reported hypertension     4.117 2.416 5.649*** 1.399 3.530 1.925 -4.080*** 0.853 

Age at Wave 1 (years) 1.183 ** 0.058 1.086 1.044 0.640* 0.289 0.605** 0.209 -0.249 0.197 -1.747 1.029 

Quadratic term for age 0.999 * 0.001 1.000 1.000 -0.002 0.003 -0.002 0.002 0.006** 0.002 -0.386 1.163 

Education at Wave 1 (years) 1.034 0.035 0.957 1.031 0.123 0.257 0.057 0.157 0.008 0.146 -3.049** 1.147 

Female 1.340 0.31 1.349 1.259 -1.384 1.906 -2.063 1.209 3.263* 1.333 0.906 1.384 

Wave 1 family income (logged) 2.443 0.549 1.152 1.292 5.033** 1.872 1.826 1.426 4.376** 1.473 -3.562* 1.597 

PCG indicator 0.542 0.336 0.870 1.293 -3.929 2.194 -4.331*** 1.302 -4.259** 1.306 -7.887** 2.781 

Latino/native-born (reference grp) - - - - - - - - - - - - 

Latino/foreign-born documented 1.782 0.466 1.352 1.392 0.672 2.586 -1.810 1.569 -1.227 1.605 0.478 0.467 

Latino/foreign-born undocumented 4.165 * 0.722 3.141** 1.425 0.288 3.407 -1.951 1.779 -2.066 1.500 -0.004 0.003 

White/native-born 0.872 0.562 1.781 1.471 -5.942* 2.608 -4.941** 1.760 -3.632* 1.638 -0.677 0.847 

Black/native-born 3.197 0.597 3.948*** 1.479 1.099 2.791 1.200 2.110 0.166 2.360 -5.200 3.035 

Asian 0.799 0.975 1.620 1.686 -2.269 3.862 -3.510 2.446 -2.269 2.470 0.997 1.164 

Other race/immigration 3.456 0.989 2.966 2.137 -11.860** 3.977 -11.484** 4.241 -9.861** 3.003 0.474 0.356 

Years between Wave 1 and Wave 
2 

    -1.980 1.166 0.633 0.713 -1.388 0.881 -0.622 0.438 

$ change in income Wave 1-Wave 
2 

    -0.018* 0.008 -0.004 0.005 -0.008 0.005 0.352 0.987 

Increased yrs of educ Wave 1-
Wave 2 

    -2.047 2.086 -1.365 1.300 -1.303 1.291 -0.567 0.297 

Constant -5.881 ** 2.134 1.230* 1.101 127.225*** 11.811 99.039*** 9.256 63.941*** 10.96 42.350*** 5.984 

Variance at Level 1     232.59  212.93  104.30  91.78  

Variance at Level 2     <0.0001  <0.0001  <0.0001  <0.0001  

ICC     <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 

  



 

222 

 

Table 40. Weighted vs. unweighted multilevel model results for obesity outcomes (n of individuals=900, n of neighborhoods=65) 

Outcome W1 BMI    W2 BMI    W2 Waist Circumference 

 Weighted  Unweighted Weighted  Unweighted Weighted  Unweighted 

 b SE b SE b SE b SE b SE b SE 

Tract % poor
a
 -1.586 1.528 -2.600* 1.214 -1.618 1.591 -0.990 1.120 -1.797 5.454 -0.365 2.941 

Tract % Latino
a
 0.649 0.507 1.313** 0.462 0.546 0.647 0.819 0.430 1.474 1.439 0.453 1.129 

Tract % black
a
 0.743*** 0.167 0.440** 0.141 0.093 0.186 0.218 0.131 0.985* 0.408 0.605 0.344 

Tract % unemployed
a
 -0.224* 0.109 -0.035 0.174 0.067 0.105 0.089 0.161 0.655 0.393 0.384 0.423 

Tract % of units renter-occupied
a
 -1.544*** 0.326 -0.545 0.393 -0.212 0.509 0.354 0.364 -2.033 1.180 -0.608 0.955 

Ix: family income x tract % poor
b
 -0.279 0.165 -0.260* 0.118 -0.226 0.146 -0.046 0.109 -0.176 0.489 -0.034 0.288 

Wave 1 Self-reported BMI     1.069*** 0.069 1.104*** 0.030 2.358*** 0.150 2.337*** 0.080 

Age at Wave 1 (years) 0.138* 0.054 0.216*** 0.054 -0.087 0.082 -0.168*** 0.051 -0.131 0.186 -0.413** 0.133 

Quadratic term for age -0.001* 0.001 -0.002*** 0.000 0.000 0.001 0.001* 0.000 0.001 0.002 0.004** 0.001 

Education at Wave 1 (years) -0.023 0.064 -0.072 0.041 0.002 0.056 -0.032 0.038 0.077 0.153 -0.027 0.100 

Female -0.596 0.423 0.034 0.316 0.473 0.375 1.001*** 0.291 -2.730** 1.026 -0.834 0.765 

Wave 1 family income (logged) 0.958 0.512 0.807* 0.371 0.782 0.452 0.140 0.342 0.700 1.606 0.028 0.899 

PCG indicator 0.007 0.558 -0.601 0.337 0.287 0.402 -0.013 0.314 -0.463 1.344 -2.121* 0.826 

Latino/native-born (reference grp) - - - - - - - - - - - - 

Latino/foreign-born documented -0.543 0.524 -0.759 0.411 -0.359 0.564 -0.350 0.379 -2.725** 0.967 -3.352*** 0.997 

Latino/foreign-born undocumented -0.179 0.661 -0.501 0.460 0.750 1.055 -0.046 0.426 -0.689 1.866 -2.277* 1.119 

White/native-born -1.814** 0.573 -0.957* 0.458 0.722 0.436 0.681 0.423 -0.366 0.970 1.107 1.111 

Black/native-born -1.107 0.717 0.049 0.549 1.087 0.596 1.179* 0.506 0.455 1.271 1.923 1.328 

Asian -2.238** 0.737 -2.108*** 0.636 -0.040 0.782 0.327 0.591 -6.129*** 1.803 -4.855** 1.552 

Other race/immigration -2.506*** 0.667 -1.571 1.109 -2.267** 0.729 0.087 1.024 -7.206** 2.421 -2.866 2.688 

Years between Wave 1 and Wave 
2 

    -0.160 0.318 -0.169 0.172 0.367 0.735 0.203 0.452 

$ change in income Wave 1-Wave 
2 

    -0.001 0.001 -0.001 0.001 0.000 0.004 -0.002 0.003 

Increased yrs of educ Wave 1-
Wave 2 

    -0.058 0.711 0.129 0.312 -0.246 1.301 -0.675 0.819 

Constant 26.177*** 3.081 25.071*** 2.054 4.552 3.302 4.740* 2.321 36.930*** 10.399 46.911*** 6.092 

Variance at Level 1 11.98  14.69  11.57  12.45  80.06  85.73  

Variance at Level 2 <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

ICC <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 

 



 

223 

 

Table 41. Weighted vs. unweighted multilevel model results for depression (n of 

individuals=900, n of neighborhoods=65) 

Outcome W2 Probability of depression 

 Weighted  Unweighted  

 b SE b SE 

Tract % poor
a
 0.023 0.079 -0.066 0.085 

Tract % Latino
a
 -0.032 0.039 0.015 0.033 

Tract % black
a
 0.004 0.014 -0.007 0.010 

Tract % unemployed
a
 -0.004 0.007 0.008 0.012 

Tract % of units renter-occupied
a
 -0.022 0.024 0.005 0.028 

Ix: family income x tract % poor
b
 -0.001 0.008 -0.004 0.008 

Age at Wave 1 (years) -0.001 0.004 0.003 0.004 

Quadratic term for age 0.000 0.000 0.000 0.000 

Education at Wave 1 (years) -0.003 0.003 -0.004 0.003 

Female 0.053 0.032 0.046* 0.022 

Wave 1 family income (logged) 0.012 0.026 0.018 0.026 

PCG indicator -0.023 0.035 -0.051* 0.024 

Latino/native-born (reference grp) - -   

Latino/foreign-born documented 0.04 0.036 -0.010 0.029 

Latino/foreign-born undocumented 0.072 0.060 0.051 0.032 

White/native-born 0.008 0.043 0.031 0.032 

Black/native-born 0.010 0.050 0.016 0.038 

Asian -0.018 0.033 -0.026 0.045 

Other race/immigration 0.008 0.057 -0.065 0.078 

Years between Wave 1 and Wave 2 -0.001 0.015 0.002 0.013 

$ change in income Wave 1-Wave 2 0.000 0.000 -0.000 0.000 

Increased yrs of educ Wave 1-Wave 2 0.028 0.036 0.009 0.028 

Constant 0.084 0.141 0.057 0.167 

Variance at Level 1 0.05  0.07  

Variance at Level 2 <0.0001  <0.0001  

ICC <0.0001  <0.0001  

* = significant at α = 0.05     ** = significant at α = 0.01    *** = significant at α = 0.001 
a Variable is rescaled such that 1=the interquartile range for the variable in the sample.   
b The interaction is constructed as the neighborhood % nonpoor times the individual-level family income (logged). 
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Table 42. Analysis of between-group variance on chronic disease outcomes (n of 

individuals=900, n of neighborhoods=65) 

 Sum of 
Squares 

Degrees of 
freedom 

Residual 
Mean 
Square Error 

Prob > F 

Models of BMI at Wave 1     

Between groups 1,714.00 64 26.78 0.0009 

Within groups 13,273.33 835 15.90  

Models of BMI at Wave 2     

Between groups 4,070.47 64 63.60 <0.0001 

Within groups 26,547.44 835 31.79  

Models of waist circumference at Wave 2     

Between groups 18,078.39 64 282.47 0.0045 

Within groups 151,679.57 835 181.65  

Models of systolic blood pressure at 
Wave 2 

    

Between groups 18,934.93 64 295.86 0.2979 

Within groups 226,526.66 835 271.29  

Models of pulse pressure at Wave 2     

Between groups 8,031.79 64 125.50 0.5738 

Within groups 109,511.82 835 131.15  

Models of depression at Wave 2     

Between groups 4.41 64 0.07 0.6207 

Within groups 61.45 835 0.07  
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Table 43. Elaboration models demonstrating level 2 variance issues: multilevel OLS models 

of Wave 1 neighborhood characteristics predicting BMI at Wave 1   (n of individuals=900, 

n of neighborhoods=65) 

 Unweighted 
Models 

 Weighted 
Models 

 

 Variance at 
Level 1 

Variance at 
Level 2 

Variance at 
Level 1 

Variance at 
Level 2 

Models of BMI at Wave 1     

Null Model 15.898 0.758 14.095 <0.001 

Model 1—add percent poverty at neighborhood 
level to null model  

15.890 0.375 13.777 <0.001 

Model 2—add neighborhood-level percent Latino, 
percent black, percent unemployment, and percent 
renter-occupied housing to Model 1 

15.577 <0.001 12.726 <0.001 

Model 3—add individual characteristics to model 2 
(full model) 

14.764 <0.001 12.071 <0.001 

Model 4—add individual characteristics to null 
model 

15.137 0.020 12.896 <0.001 

Models of BMI at Wave 2     

Null Model 31.862 2.203 29.582 <0.001 

Model 1—add percent poverty at neighborhood 
level to null model  

31.924 0.915 28.259 <0.001 

Model 2—add neighborhood-level percent Latino, 
percent black, percent unemployment, and percent 
renter-occupied housing to Model 1 

31.333 <0.001 26.598 <0.001 

Model 3—add individual characteristics to model 2 
(full model) 

12.453 <0.001 11.691 <0.001 

Model 4—add individual characteristics to null 
model 

12.555 0.020 11.854 <0.001 

Models of Systolic Blood Pressure at Wave 2     

Null Model 270.475 2.255 297.268 <0.001 

Model 1—add percent poverty at neighborhood 
level to null model  

270.514 2.163 296.780 <0.001 

Model 2—add neighborhood-level percent Latino, 
percent black, percent unemployment, and percent 
renter-occupied housing to Model 1 

267.687 <0.001 292.196 <0.001 

Model 3—add individual characteristics to model 2 
(full model) 

212.848 0.718 233.365 <0.001 

Model 4—add individual characteristics to null 
model 

213.614 <0.001 2.154 <0.001 
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