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Abstract
American cities and neighborhoods vary in their residents’ typical levels of mental health. Despite
scholarship emphasizing that we cannot thoroughly understand city and neighborhood problems without
investigating how they are intertwined, limited research examines how city and neighborhood effects
interact as they impact health. I investigate these interactions through a study of the effects of the Great
Recession of 2007–2009. Using Waves 1 (2005–2006) and 2 (2010–2011) of the National Social Life,
Health, and Aging Project survey (N = 1,341) and in accordance with the compound disadvantage model,
I find through fixed-effects linear regression models that city- and neighborhood-level economic declines
combine multiplicatively as they impact older Americans’ depressive symptoms. I furthermore find that
this effect is only partly based on personal socioeconomic changes, suggesting contextual channels of
effect. My results show that we cannot fully understand the effects of city-level changes without also
considering neighborhood-level changes.
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Introduction
American cities and their neighborhoods vary
substantially in the typical levels of mental
health of their residents. In 2005, Midland–
Odessa, TX’s average citizen experienced 2.2
days of depression per month. The corresponding amount was 3.4 in Bloomington, IN, and
4.5 in Santa Rosa-Petaluma, CA (Sperling and
Sander 2007). This points to how social, cultural, demographic, economic, and political
features of cities impact their residents’ wellbeing (Galea, Freudenberg, and Vlahov 2005).
Features of neighborhoods also impact the
health and life satisfaction of their residents;
these include social cohesiveness (Cramm, van

Dijk, and Nieboer 2013; Feldman and Oberlink 2003); prevalent health practices (Dragano et al. 2007); extent of urbanization;
degree of segregation based on marital status,
age, and ethnicity (van Hooijdonk et al. 2007);
and the extent of disadvantage, disorder, and
disorganization (Bursik 1988; Sampson and
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Groves 1989). Scholarship shows that neighborhoods within the same city can vary extensively in their physical, demographic, social,
economic, and political features (e.g., Pearce,
Witten, and Bartie 2006; Rundle et al. 2007).
This research encourages study of how
both city and neighborhood contexts impact
residents. While much research has studied
cities and neighborhoods as independent
influences on health and well-being, scholars
have argued that in addressing population
health and social issues, research must build
bridges between the numerous levels of analysis (Kaplan, Everson, and Lynch 2000; van
Kempen, Bolt, and van Ham 2016). Accordingly, van Kempen et al. (2016) emphasized
that neighborhood problems and their solutions can only be understood by examining how neighborhoods are intricately linked
with their cities’ policies, processes, and circumstances, all of which strongly impact
neighborhoods’ social and economic conditions (Kaplan et al. 2000; van Kempen et al.
2016). Nonetheless, relatively few scholars
have investigated how city- and neighborhood-level variables interact as they affect
residents’ health (e.g., Acevedo-Garcia et al.
2003; Diez Roux 2001; Galea et al. 2005;
Pemberton and Humphris 2016). This study
is unique as it examines how city-level economic declines through an economic shock,
the Great Recession of 2007–2009, interact
with declining neighborhood conditions in
influencing the depressive symptoms of older
residents.
Present-day demographic trends motivate
the study of how cities and their neighborhoods impact older persons. Caused by
declining rates of fertility and rising life
expectancies, population aging is an important demographic trend across the industrialized world (Brown 2011; Cooke 2006;
McDaniel and Rozanova 2011; McDonald
and Donahue 2011; Turcotte and Schellenberg 2007). Furthermore, these aging populations are increasingly living within cities,
making aging an important urban phenomenon. The numerical significance of older
adults has thus increased. Accordingly, older
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adults’ engagements in paid work, community
activities, and social life more generally have
acquired greater importance. As healthier and
happier older adults are more involved in paid
employment (e.g., Austen and Ong 2009; van
den Berg, Elders, and Burdorf 2010; van Rijn
et al. 2014) and in community groups and
activities (Cornwell, Laumann, and Schumm
2008; Kohli, Hank, and Kunemund 2009;
Young, Russell, and Powers 2004), there is
an increasing need to comprehend how cities
and their neighborhoods affect older adults’
mental health.
Furthermore, the physical and cognitive declines that often co-occur with aging
might increase older persons’ susceptibility
to negative features of their environments
(Lawton and Nahemow 1973). This vulnerability might be intensified by older adults’
higher spatial confinement, caused by retirement, functional health problems, or other life
course events, transitions, and circumstances
(Choi et al. 2015; Glass and Balfour 2003;
Krantz-Kent and Stewart 2007). The physical
and social circumstances of neighborhoods
might therefore have a stronger influence on
older residents (Lawton and Nahemow 1973).
These aging processes provide additional reasons for why it is particularly important to
understand how cities and their neighborhoods affect the health and well-being of their
older residents.
The Great Recession was a difficult experience for many older Americans (Boen and
Yang 2016; Cagney et al. 2014). Between
2007 and 2011, more than 1.5 million older
Americans underwent home foreclosure
(Trawinski 2012). While any individual older
person’s absolute risk of home foreclosure
might have remained relatively low, apprehension caused by increased risk of home
foreclosure within one’s immediate environment can be consequential for well-being
(Cagney et al. 2014). Between 2007 and
2010, the median family net worth of heads
of households from 55 to 64 years of age
dropped by almost one third, whereas that
of those from 65 to 74 years of age dropped
by about 18 percent (Ackerman, Fries, and
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Windle 2012). Almost one out of every four
adults above the age of 50 stated that they had
depleted their savings to endure the difficulties of the recession (Rix 2011).

Background
Theoretical Perspectives
I use the compound disadvantage model as an
orienting framework. In its most abstract formulation, this model proposes that “The
effects of separate sources of disadvantage of
the same type combine multiplicatively . . .”
(Wheaton and Clarke 2003:695). While this
model has mostly been applied to disadvantaged people within disadvantaged neighborhoods (Gilster 2014; Wheaton and Clarke
2003; Wodtke, Elwert, and Harding 2016),
the concept of multiplicative effects of diverse
sources of the same type of disadvantage is
applicable to neighborhood conditions within
cities. I examine interactions between measures of economic health and stability at the
city and neighborhood levels, thereby presenting an ecological compound disadvantage
model.
Disadvantaged city and neighborhood conditions can affect residents’ depressive symptoms
through numerous pathways. Declining cities
often show higher rates of home foreclosures,
producing externalities at the neighborhood
level that decrease the upkeep, maintenance,
and values of homes while increasing levels
of crime and disorder (Leonard and Murdoch
2009). Urban neighborhoods in decline show
high extents of vandalism, delinquent activity,
and unrestrained young persons, all of which
are stressful and cause fear. These stressors
lead residents to avoid leaving their homes
and becoming involved in community activities and to restrict their interactions to close
family members and friends (Aneshensel 2010;
Aneshensel et al. 2011). These constraints are
damaging to mental health (Aneshensel 2010).
Moreover, city- and neighborhood-level economic declines lead to the erosion of personal wealth and income (Boen and Yang
2016; Meltzer, Steven, and Langley 2013),

3
creating financial strains and stressors that
damage health (Boen and Yang 2016; Hajat
et al. 2010, 2011; Pool et al. 2017; Robert and
House 1996). These financial difficulties are
partly based on rising rates of unemployment
in American cities and neighborhoods undergoing socioeconomic declines (Chatterjee and
Eyigungor 2015; Katz, Wallace, and Hedberg
2013; Zivin, Paczkowski, and Galea 2011). As
such, worsening circumstances within cities
and their neighborhoods might affect depressive symptoms in an additive fashion; each one
might impact mental health net of the other.
Furthermore, their effects might occur through
losses in personal socioeconomic status and
through contextual channels.
Beyond additive effects, an ecological
compound disadvantage model postulates
that city- and neighborhood-level economic
declines will combine multiplicatively as
they impact residents’ mental health. A possible mechanism for a multiplicative combination of city- and neighborhood-level effects
is presented by Baumer, Wolff, and Arnio
(2012), who discussed disadvantaged neighborhoods within “vulnerable” cities marked
by extensive socioeconomic difficulties. In
their analysis of the Great Recession, they
stated that declining neighborhoods embedded within larger political contexts in which
resources are sparse are less able to obtain
needed resources, such as for foreclosure
mitigation and for the maintenance and
repurchasing of abandoned buildings. Similarly, Allen (2013) discussed how declining property values and incomes through
the recession reduced cities’ tax revenues,
impairing cities’ provision of services to their
neighborhoods, including for the upkeep of
streets and abandoned buildings.
These multiplicative effects on older residents’ depressive symptoms likely come about
through both negative changes in features
of contexts and personal financial problems.
Increased home foreclosures and detriments
to the quality of streets and properties create
neighborhood-level externalities that reduce
the values of homes and raise extents of disorder and criminal activity (Leonard and
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Murdoch 2009). As housing prices form large
proportions of Americans’ total net worth
(De Nardi, French, and Benson 2012), these
negative externalities impact Americans’ total
household assets. Furthermore, availability
of financial resources is key to the stimulus
packages enacted at the federal, state, city,
and municipal levels to counteract the effects
of the Great Recession (Dethier and Morrill
2012; Miller and Hokenstad 2014). Stimulus
spending can invigorate declining neighborhoods through improving employment circumstances, raising spending, and increasing
residents’ incomes. These effects are pertinent
to older residents’ households’ financial circumstances as the economic challenges of the
Great Recession forced many older Americans
to delay their retirement plans (Munnell and
Rutledge 2013). Furthermore, older Americans commonly co-reside with younger family
members (see Russell 2009; Ulker 2008) who
are likely to work for pay. Accordingly, the
negative effects of residing within a city with
weakening resources might be accentuated
within neighborhoods undergoing increasing
disadvantage and need for additional resources.
In examining these contextual effects, I
focus on depressive symptoms. Depression
is a central psychological outcome of stressful circumstances, as well as an all-round
indicator of stress (Pearlin 1989; Pearlin,
Aneshensel, and LeBlanc 1997; Pearlin et al.
1981). Among older adults, depression might
be the most prevalent form of emotional suffering (Blazer 2003). In later life, depression
is a strong predictor of suicide (Blazer 2003;
Fiske, Wetherell, and Gatz 2009; Vanderhorst
and McLaren 2005) and is linked to higher
morbidity, detriments to cognitive, social, and
physical functioning, and self-neglect, all of
which are associated with mortality (Blazer
2003; Fiske et al. 2009).

The Great Recession of 2007–2009
I study the interactive effects of declining
city and neighborhood conditions within the
context of the Great Recession of 2007–
2009, which was the most extensive global
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economic crisis since the 1930s’ Great
Depression (Meltzer et al. 2013). This economic shock involved the collapse of the
property market, leading to immense losses
within the financial sector and culminating in
a pronounced recession during which the
typical American family lost approximately
40 percent of its net worth. Furthermore, the
United States underwent its greatest declines
in gross domestic product and levels of
employment since the Great Depression
(Meltzer et al. 2013). Economic challenges
through this recession, including increased
rates of home foreclosures, have been associated with lower well-being (Cagney et al.
2014; Houle 2014) and higher rates of suicide (Houle and Light 2014). Similarly,
declining incomes (Burgard, Seefeldt, and
Zelner 2012) and rising levels of unemployment (Phillips and Nugent 2014) through this
recession harmed physical and mental health.
In addition, those who lost substantial
amounts of their housing wealth through this
recession underwent high levels of stress
(Yilmazer, Babiarz, and Liu 2015).
Despite the scope of the recession, American cities varied extensively in how hard
they were hit. While some cities achieved
a rapid and successful recovery (e.g., San
Jose and San Francisco), other cities remain
in troubled circumstances (e.g., Tampa and
Orlando) (Arias, Gascon, and Rapach 2016;
Davidson 2014; Dill 2014; Gray and Scardamalia 2014). Traits of cities that fared better
through the recession include the possession
of larger and more educated populations as
well as economies less dependent on real
estate (Arias et al. 2016; Florida 2016; Gray
and Scardamalia 2014). While cities within
the South and West census regions fared the
worst economically through the recession,
those in the Midwest underwent less potent
economic declines, and those in the Northeast
fared the best (Hacker et al. 2012). These
regional variations are linked with differences
in racial/ethnic composition, percentages of
heads of households who hold high school
diplomas and college degrees, and employment rates (Hacker et al. 2012).
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Cities most impacted by the recession
underwent substantial decreases in the prices
of homes (Arias et al. 2016; Chatterjee and
Eyigungor 2015; Gray and Scardamalia 2014)
and overall levels of income (Chatterjee and
Eyigungor 2015; Katz et al. 2013; Zivin et al.
2011). Both median home prices (see Chatterjee and Eyigungor 2015; Diamond 2017;
Kahn 2017; Lutz 2008) and median household incomes (see Brasier et al. 2011; Chatterjee and Eyigungor 2015; Jha 2017; Maher
and Deller 2011) are central determinants of
tax revenues, affecting the resources that a
city can channel into needy neighborhoods
and dedicate to citywide public goods and
services. As such, city-level median home
prices and median household incomes are
highly pertinent to this study.
There is also substantial evidence of the
recession having affected people’s well-being
through their neighborhoods. Neighborhoodlevel home foreclosure rates were linked
with significant depressive symptoms (Cagney et al. 2014). Neighborhoods undergoing
housing instability showed high levels of
stress, homelessness, and residential crowding, as well as higher risks of illness due
to abandoned buildings that accumulated
insects and other disease carriers (Burgard
and Kalousova 2015).
While most American urban neighborhoods were economically affected by the
recession (Owens and Sampson 2013; van
Kempen et al. 2016; Zwiers et al. 2016),
there was considerable variability within cities. Neighborhoods that were disadvantaged
pre-recession tended to be more heavily
impacted (Grusky, Western, and Wimer 2011;
Owens and Sampson 2013; van Kempen et al.
2016; Williams, Galster, and Verma 2013), as
were communities in which minority racial
groups and immigrants were concentrated
(Downing 2016; Owens and Sampson 2013;
Williams et al. 2013). Larger cities contain
neighborhoods that are more economically
and racially segregated (David 2018; Florida
2015; Florida and Mellander 2015; Kent and
Frohlich 2015; Nodjimbadem 2017; Wilson
2017). As such, their neighborhoods showed
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higher variability in how they fared through
the recession. Cities of higher affluence and
with more high-tech and knowledge-based
economies also show greater neighborhood
economic segregation (Florida 2015; Florida
and Mellander 2015). This increased intracity variability in their neighborhoods’ economic fortunes during and after the recession.
Accordingly, neighborhood disadvantage
shifted systematically through the Great
Recession, in varied ways across cities, supporting the study of disadvantage across
neighborhoods and cities. Each city neighborhood potentially presents a unique configuration of city- and neighborhood-level
economic changes, yielding a unique effect
on residents’ well-being. This presents the
possibility that there are multiplicative effects
between city- and neighborhood-level economic changes that would be obscured by a
merely additive analysis.

Research Question and
Hypothesis
In this study, I investigate whether increased
neighborhood-level need accentuated the
impact of declining city-level resources
through the Great Recession on residents. I
also test whether this effect is mostly based
on personal financial changes or whether
changes to features of contexts are also
important channels of effect. Based on an
ecological compound disadvantage model, I
hypothesize that declining resources at the
city level interact with worsening neighborhood conditions in influencing older residents’ depressive symptoms. I further
hypothesize that only a portion of this effect
is based on personal socioeconomic declines;
changing socioeconomic features of contexts
in themselves affect depressive symptoms.

Data and Method
Data Set and Sample
I use the National Social Life, Health, and
Aging Project (NSHAP) survey (Wave 1: Waite
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et al. 2014-b; Wave 2: Waite et al. 2014-a) as a
source of individual-level variables. The
NSHAP follows a representative sample of
older Americans through time, and its variables
focus on social relationships, health, and wellbeing. This data set is developed through a
complex multistage area probability sampling
design that comprises 58 cities (specifically,
metropolitan statistical areas [MSAs]) that substantially vary in how they fared during and
after the Great Recession. I tied respondents
with their MSAs and neighborhoods (specifically, census tracts) using protected geodata I
procured via special contractual arrangements
from the National Opinion Research Center. I
analyze the subsample of NSHAP respondents
who remained within the same MSA between
Waves 1 and 2 (further explained below). Suzman (2009) and O’Muircheartaigh, Eckman,
and Smith (2009) provided further details concerning the sampling design employed in the
NSHAP. At Wave 1 (2005–2006), 3,005 respondents between the ages of 57 and 85 years were
interviewed. The Wave 1 response rate was 75.5
percent, and 75.2 percent of Wave 1 respondents were reinterviewed at Wave 2 (2010–
2011). The rate of retention between Waves 1
and 2 (76.0 percent) was comparable for those
NSHAP respondents dwelling within MSAs at
the time of the first wave. This data set is particularly useful as the timing of Waves 1 and 2
allows me to study the effects of the Great
Recession of 2007–2009.
I study only those NSHAP respondents who
remained within the same MSA between Waves
1 and 2. This is because I am investigating how
economic changes within cities through the
recession interacted with worsening neighborhood circumstances in affecting older residents’
depressive symptoms. Of the 3,005 NSHAP
respondents at Wave 1, 2,073 dwelled within
MSAs. By Wave 2, 731 respondents (of the
2,073 MSA residents at Wave 1) had either
dropped out of the NSHAP sample (n = 397)
or moved to a new MSA (n = 334). The number of respondents per MSA ranges from 1 to
61, the average being 23.14. The analytical
sample includes 1,342 respondents.
In some regards, respondents living in
MSAs at Wave 1 (n = 2,073) were similar
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to those not initially residing within MSAs
(n = 932). These two groups did not differ
statistically according to gender and mental health. However, those initially dwelling
within MSAs were younger, more racially/
ethnically diverse, of better physical health,
wealthier, and more educated and were more
likely to be married or living with a partner,
to be employed, to view themselves as being
of higher social status, and to be residing
within a neighborhood of lower concentrated
disadvantage.
Among Wave 1 MSA-dwelling respondents (n = 2,073), those who remained within
the analytical sample at Wave 2 (n = 1,342)
did not differ in some respects from those
who did not (n = 731). These two groups did
not differ according to gender, race/ethnicity,
total household assets, and self-assessment of
social class. However, those who remained in
the sample (n = 1,342) tended to be younger,
more educated, and healthier and were more
likely to be married or living with a partner,
as well as to be working for pay. Respondents
who remained within the analytical sample (n
= 1,342) also tended to reside within MSAs
that at Wave 1 had lower median household incomes, median home prices, and rates
of foreclosed homes. Furthermore, retained
respondents (n = 1,342) tended to reside at
Wave 1 within census tracts with higher initial concentrated disadvantage.
As regards education, health, relationship status, and employment status, Wave 1
respondents who did not remain within the
analytical sample show disadvantages compared with those who did. Accordingly, if
those more susceptible to depressive symptoms had lower likelihoods of remaining
within the analytical sample, attrition between
Waves 1 and 2 might lead to conservative
assessments of how contexts undergoing economic declines affect their residents’ depressive symptoms.

Dependent Variable
I study depressive symptoms through an index
that combines 11 symptoms of depression
with an assessment of general happiness. The
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former are based on an 11-item short-form
version of the 20-item Center for Epidemiologic Studies Depression Scale (CES-D).
Respondents reported on the extent to which
they felt everything was an effort, they felt
depressed, their sleep was restless, they felt
lonely, they enjoyed life, and so on over the
past week. They responded to each question
on an ordinal scale spanning from (1) rarely
or none of the time to (4) most of the time. I
reverse-coded two of these 11 measures so
that all items indicate increasing levels of
depressive symptoms. I assess general happiness through the question, “If you were to
consider your life in general these days, how
happy or unhappy would you say you are, on
the whole?” Respondents answered on an
ordinal scale spanning from (1) unhappy usually to (5) extremely happy. I reverse-coded
this measure to fit with the direction of the
other 11 measures.
In a study using the NSHAP, Payne et al.
(2014) showed how, among older adults,
these 12 items constitute a single cluster
of mental health, and thus may be part of
the same dimension of mental health. Congruently, I found through exploratory factor
analyses (EFAs) that these 12 measures fit
into one factor at both waves (according to
the Kaiser criterion). This suggests that they
are all indicative of the same aspect of mental
health. To create this factor, I averaged standardized scores on all 12 measures, separately
at Waves 1 and 2 (see Payne et al. 2014). At
both waves, this index of depressive symptoms has high internal reliability (Cronbach’s
alpha scores >.70). The standardized measure of general happiness I use is highly correlated at both waves with the 11 standardized
measures of depressive symptoms from the
CES-D. Results were substantively the same
when I used an index of depressive symptoms
based only on the 11 CES-D measures.

Independent Variables
MSA level. At the city level, I study MSAs.
This is effective because MSAs approximate
housing markets (Houle and Light 2017;
Iceland, Weinberg, and Steinmetz 2002).
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Furthermore, their social and economic integration (U.S. Census Bureau 2016) implies
that they approximate labor markets. An
MSA is defined as
the county or counties (or equivalent entities) associated with at least one urbanized
area of at least 50,000 population, plus
adjacent counties having a high degree of
social and economic integration with the
core as measured through commuting ties.
(U.S. Census Bureau 2016)

I focus on an index of resources based on
median home prices and median household
incomes. I obtained data for these two measures from the U.S. Census Bureau—American FactFinder (2017), which accumulated
this information through the American Community Survey (ACS) (Wave 1: 2005 ACS;
Wave 2: 2010 ACS). I adjusted both measures
at Wave 1 for inflation to ensure the accuracy of comparisons with amounts at Wave
2. Based on the U.S. Bureau of Labor Statistics—CPI Inflation Calculator (Consumer
Price Index Inflation Calculator 2017), I multiplied 2005 monetary amounts by 1.11652.
To correct the right skew of both variables, I
log-transformed them at both waves. Beyond
normalizing their distributions, log-transforming these variables allowed me to study
nonlinear associations with depressive symptoms; the natural logarithm of a continuous
variable allows that variable to be analyzed
in terms of ratios rather than absolute differences. These two logged variables were
then standardized and averaged, producing
the index of MSA-level resources. The Cronbach’s alpha for this index is over .80 at
both waves. I also analyze logged MSAlevel median home prices and logged MSAlevel median household incomes separately to
assess whether one of these two measures is
the central driver of the results found for the
index of MSA-level resources.
I study two additional measures of MSAlevel economic circumstances: percentage
unemployed and percentage of homes foreclosed. Increases in rates of unemployment
(Meltzer et al. 2013; Zivin et al. 2011) and
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rising rates of home foreclosures (Chatterjee
and Eyigungor 2015; NBC News 2012; Wang
and Immergluck 2018) are two other important dimensions of economic decline through
the Great Recession. I obtained unemployment
data from the U.S. Bureau of Labor Statistics—
Local Area Unemployment Statistics (2017).
I procured foreclosure data pertaining to 57
of the 58 MSAs I investigate from ATTOM
Data Solutions (N.d.). It was not possible to
obtain foreclosure information for one of these
58 MSAs. For this reason, analyses involving
rates of home foreclosures are based on 19 fewer
respondents. Percentages of homes foreclosed
include homes in any phases of the foreclosure
process (pre-foreclosure, auction, and bankowned [or real estate owned]). Because these
two variables are less direct measures of MSAlevel resources, I appended them to my main
focus. I include them to address the question
of whether my results are based on changes
in MSA-level resources specifically or MSAlevel economic declines more broadly.
Census tract level. At the neighborhood
level, I study census tracts, which are defined
as
small, relatively permanent statistical subdivisions of a county or equivalent entity . . . .
Census tracts generally have a population
size between 1,200 and 8,000 people, with
an optimum size of 4,000 people. A census
tract usually covers a contiguous area; however, the spatial size of census tracts varies
widely depending on the density of settlement . . . . Census tract boundaries generally
follow visible and identifiable features.
(U.S. Census Bureau 2012)

Census tracts have often been employed as
effective approximations of neighborhoods
(e.g., Estabrooks, Lee, and Gyurcsik 2003;
LaVeist and Wallace 2000; Morland et al.
2002). For Wave 1, I used data from the 2000
Decennial Census. For Wave 2, I used data
from the 2006–2010 ACS. Concerning the
latter, data for each year from 2006 to 2010
were averaged because there were not enough

respondents per census tract in each individual year. I accessed both sources of data
through the U.S. Census Bureau—American
FactFinder (2017).
I study an index of census tract-level concentrated disadvantage, developed by Sampson, Raudenbush, and Earls (1997). I use this
index to operationalize neighborhood-level
need for resources, and it is based on the
percentage of the population below the poverty line, of households on public assistance,
of female-headed households, of individuals unemployed, of individuals less than 18
years of age, and of individuals who are
nonwhite. EFAs revealed that at both waves,
these six items were best combined into one
factor (according to the Kaiser criterion) and
further provided factor loadings for each of
these six items at each wave. Factor loadings indicate the strength of the association
between each item and the underlying factor,
and I employed them in developing the index
of census tract-level concentrated disadvantage (explained below). A confirmatory factor
analysis revealed that the factor structure of
these six items significantly differed across
the two waves; a factor structure refers to
the set of correlations that exist among a set
of variables used to construct an underlying
factor. However, results were substantively
the same when I employed the first or second
wave factor loadings. For this reason, I only
report results based on the Wave 1 factor
loadings. I created this index by standardizing
each of the six variables, multiplying each of
the six standardized variables by its factor
loading from Wave 1, and then averaging
these six scores, separately at each wave. At
Wave 1, this index had a Cronbach’s alpha of
.91, whereas at Wave 2, the Cronbach’s alpha
was .84.
Because I operationalize neighborhoodlevel need for resources through this index
of concentrated disadvantage, my analyses
employ this variable at the census tract level.
I use different measures at the city and neighborhood levels because at the city level, I am
interested in the extent of monetary resources,
whereas at the neighborhood level, I am
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interested in overall disadvantage and need
for resources and investment.

Control Variables
I also test whether the effects of the MSAlevel and census tract-level variables occur
mainly through personal financial changes or
whether changes to contextual characteristics
in themselves are also important pathways of
effect. Therefore, some of this study’s models
control for household income in the previous
year (including all family members and significant others living in the same home) and
total household assets (all forms of wealth
subtracted by all forms of debt). Both variables are based on self-reported dollar
amounts. Respondents who did not provide
answers were presented with sets of ranges of
dollar amounts from which to select. I
accorded these respondents an approximate
dollar amount or a midpoint between two dollar amounts. As with MSA-level median
home prices and median household incomes,
I adjusted Wave 1 amounts for inflation by
multiplying them by 1.11652 (U.S. Bureau of
Labor Statistics—CPI Inflation Calculator
2017). They were then log-transformed to
reduce their right skew. Since both variables
are developed through single overall assessments, measurement error might lead to larger
standard errors as changes in these two variables are assessed for their associations with
changes in depressive symptoms.

Analysis
I use fixed-effects linear regression models to
study how changes in census tract-level concentrated disadvantage moderate how changes
in MSA-level resources affect older residents’
depressive symptoms. Since my analysis is
restricted to NSHAP respondents who did not
change MSAs between the two waves, the
individual-level fixed-effects include the timeconstant features of respondents’ MSAs
(including health care and educational infrastructure, climatic characteristics, general culture, and population composition). Therefore,
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the fixed-effects modeling strategy allows me
to study the effects of this interaction net of all
time-invariant features of MSAs and individuals. This is important because cities’ differing
population compositions could affect their
vulnerability to the Great Recession (Arias
et al. 2016; Florida 2016; Gray and Scardamalia 2014).
Furthermore, individual-level characteristics might confound the central relationship I
investigate, as they can affect one’s placement
in cities and one’s vulnerability to depressive
symptoms. However, it is likely that these
potentially confounding characteristics are
stable features of older individuals, such as
their levels of education and race/ethnicity.
My fixed-effects modeling strategy automatically controls for these stable individuallevel potential confounders. The ability of
my fixed-effects models to simultaneously
control for all stable features of MSAs and
individuals strengthens causal interpretations
of my results (see Strumpf, Harper, and Kaufman 2017).
It is worth noting that because there are
two waves of data, my fixed-effects modeling
strategy is algebraically equivalent to firstdifference modeling. The difference across
the two waves in any modeled variable vis-àvis its mean over the two waves (i.e., fixedeffects modeling) is the same as the absolute
difference in this variable over the two waves
(i.e., first-difference modeling). As such, with
two waves of data, the results obtained with
fixed-effects and first-difference models are
identical (see Johnson 2005; McManus 2015).
My first analysis is based on my index of
MSA-level resources. It includes four models
aimed at achieving a thorough understanding of how MSA-level resources and census
tract-level concentrated disadvantage, both
additively and in interaction, affect depressive symptoms. The first model studies the
main effects of MSA-level resources and
census tract-level concentrated disadvantage.
The second model further includes individual-level household income and total household assets. The third model assessed how
the interaction between MSA-level resources
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and census tract-level concentrated disadvantage affects depressive symptoms. The
fourth model adds individual-level household
income and total household assets to the third
model.
This analysis of the index of MSA-level
resources leaves open the question of whether
MSA-level median home prices or median
household incomes are the main drivers of
the results. It also leaves uncertain whether
changes in MSA-level resources specifically,
or MSA-level economic declines more generally, interact with changes in census tractlevel concentrated disadvantage in affecting
older residents’ depressive symptoms.
Accordingly, my second through fifth analyses closely mirror my first analysis, focused
instead on MSA-level logged median home
prices, logged median household incomes,
unemployment rates (%), and foreclosure
rates (%), respectively, each as the sole MSAlevel measure, instead of the index of MSAlevel resources.
I used the inverse probability weighting
technique recommended by Hawkley et al.
(2014) to minimize bias based on the characteristics of respondents dwelling in MSAs
at Wave 1 who were more likely to have
remained in the NSHAP sample between
Waves 1 and 2 while remaining within the
same MSA. The sources of attrition between
Waves 1 and 2 include death, institutionalization, inability to locate a respondent, and
relocation to a new MSA. I employed a host
of health and demographic variables from the
first wave to predict inclusion in my analytical sample at the second wave. Furthermore,
I studied Wave 1 MSA-level logged median
home prices, logged median household
incomes, unemployment rates (%), and foreclosure rates (%), as well as Wave 1 census
tract-level concentrated disadvantage, as predictors of inclusion in my analytical sample
at Wave 2. I computed the inverse of the predicted probability scores developed through
a logistic regression model (predicting inclusion (1) vs. non-inclusion (0) in my analytical sample at Wave 2) based on all NSHAP
respondents who were dwelling in MSAs
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at Wave 1. I then multiplied these inverse
predicted probability scores by the NSHAP’s
standard weights before incorporating them
in the fixed-effects linear regression analyses. Through this technique, I accorded those
respondents who had the lowest likelihood of
being part of the analytical sample a higher
weight. As explained above, despite the use
of this weighting strategy, attrition between
Waves 1 and 2 could result in underestimation
of how contextual economic declines impact
depressive symptoms, especially if those at
the greatest risk of developing depressive
symptoms were the least likely to remain a
part of the analytical sample.
I dealt with missing data through multiple imputation using chained equations.
While my index of depressive symptoms has
a missing datum for only one respondent,
individual-level household income has 8.46
percent missing data, and individual-level
total household assets have 13.71 percent of
respondents missing data. I used all variables
employed in this study, including those studied in the robustness check (see below), in
the multiple imputation process. However, I
excluded the case originally missing a datum
for the dependent variable, depressive symptoms, from the final analyses (see Von Hippel
2007).
I adjusted standard errors for clustering at
the level of the MSA. I performed all analyses
with Stata 15 statistical software package.
Robustness check. I employ fixed-effects
models because of the advantages they hold
for causal inferences (see Strumpf et al.
2017). As a robustness check, I repeated all
the above analyses with hierarchical linear
modeling (HLM), which is another option
for this study. I developed random intercepts
for NSHAP respondents and for their MSAs.
Because HLM models do not simultaneously
net out all stable features of respondents and
their environments, I controlled a number
of individual- and contextual-level variables.
These include the respondent-level socioeconomic variables of level of education, household income, and total household assets. I
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present the full set of variables included and
results of these supplementary analyses in the
appendix. I employed these supplementary
analyses only as a robustness check because
the inability of HLM models to simultaneously control for all stable characteristics
across all levels of analysis poses challenges
for causal interpretations of results (see Oakes
2004).

Results
Table 1 presents descriptive statistics at both
waves for all variables in the main analyses of
this study. As I built my index of depressive
symptoms from component variables that I
standardized within each wave, its mean is
zero at both Waves 1 and 2. MSA-level
median home prices, median household
incomes, and overall resources are higher at
Wave 1 than at Wave 2. MSA-level unemployment rates increase substantially between
Waves 1 (mean: 5.28 percent) and 2 (mean:
9.77 percent), as do home foreclosure rates
(mean at Wave 1: 0.07 percent; mean at Wave
2: 0.24 percent). For the same reason as with
the index of depressive symptoms, census
tract-level concentrated disadvantage has a
mean of zero at both waves. It is also notable
that individual-level total household assets
and household incomes decrease from Wave
1 to Wave 2.
Models 1 and 2 of Table 2 show that
when the index of MSA-level resources is
included along with the index of census tractlevel concentrated disadvantage, MSA-level
resources are significantly associated with
fewer depressive symptoms (Model 1: coeff.:
−0.222, p < .01; Model 2: coeff.: −0.214,
p < .01), whereas the coefficient of census
tract-level concentrated disadvantage does
not reach statistical significance.
Model 3 of Table 2 adds to Model 1 an
interaction term between the index of MSAlevel resources and the index of census tractlevel concentrated disadvantage. This model
shows that when census tract-level concentrated disadvantage remains constant over
the two waves, an increase in MSA-level
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resources implies significantly fewer depressive symptoms (coeff.: −0.210, p < 0.01).
When MSA-level resources stay constant over
the two waves, a change in census tract-level
concentrated disadvantage does not result in
a statistically significant change in depressive symptoms. The interaction term between
MSA-level resources and census tract-level
concentrated disadvantage achieves statistical significance (coeff.: −0.067, p < 0.05).
This implies that when census tract-level
concentrated disadvantage rises, increases in
resources at the MSA level become more
important for reducing depressive symptoms.
This is likely because amid an economic recession, city resources channeled into declining
neighborhoods aid the preservation of streets
(Allen 2013), the repurchasing and upkeep of
vacated buildings, and the reduction of foreclosures (Baumer et al. 2012), all of which
help preserve neighborhoods’ quality, order,
and safety (Leonard and Murdoch 2009). As
such, greater extents of city-level resources
become especially valuable for supporting
residents’ mental health within neighborhoods
experiencing intensified deprivation and need
for investment and improvement.
The magnitude of this interaction coefficient suggests that when census tract-level
concentrated disadvantage rises (or declines)
by 1 SD, the association between rising citylevel resources and decreasing depressive
symptoms increases (or decreases) by about
20 percent. While this effect is of modest
size, it is not negligible. The modest size
of this moderation effect is expected given
scholarship that argues that contextual effects
are usually of lower magnitude than those of
features of respondents themselves (see Oberwittler 2004; Pickett and Pearl 2001; Stjärne,
de Leon, and Hallqvist 2004).
Model 4 of Table 2 adds to Model 3
individual-level logged total household assets
and logged household income. It is notable
that the magnitude of the coefficient for the
interaction between city-level resources and
census tract-level concentrated disadvantage
slightly decreases (coeff.: −0.064), reducing
it to insignificance.
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Table 1. Descriptive Statistics (N = 1,341).
Variables

Wave 1

Dependent variable

M

Index of Depressive Symptoms
MSA-Level Independent Variables
Logged Median Home Pricea
Median Home Pricea
Logged Median Household Incomea
Median Household Incomea
Index of Resourcesa
 Unemployment Rate (%)
Home foreclosure Rate (%)
Census Tract-Level Independent Variable
Index of Concentrated
Disadvantage
Individual-Level Control Variables
Logged Total Household Assetsa
 Total Household Assetsa
Logged Household Incomea
Household Incomea

0.00
12.24
237,331.4
10.86
53,122.01
0.07
5.28
0.07
0.00

11.97
614,678
10.58
59,443.27

Wave 2
SD

M

SD

0.56

0.00

0.57

0.52
134,471.1
0.20
9,781.12
1.01
1.30
0.05

12.18
213,701.9
10.83
51,288.38
−0.07
9.77
0.24

0.42
100,278.7
0.18
9,242.58
0.87
2.18
0.18

0.66

0.00

0.62

2.30
1,735,755
1.09
68,202.69

11.38
508,102.4
10.47
55,420.31

3.63
1,231,377
1.12
88,741.5

Note. MSA = metropolitan statistical area.
a
I adjusted values at Wave 1 for inflation between Waves 1 and 2 by multiplying them by 1.11652. I performed this
adjustment before any log transformations.

Figure 1 graphically displays the fixedeffects statistically significant interaction
within Model 3 of Table 2. On the x-axis is
the index of MSA-level resources, whereas
on the y-axis is the index of depressive symptoms. The three lines denote 1 SD below the
mean, the mean, and 1 SD above the mean in
census tract-level concentrated disadvantage.
This figure shows that the negative slope
between MSA-level resources and depressive
symptoms is steeper for those undergoing
greater census tract-level concentrated disadvantage: there is an approximate 20 percent
increase (or decrease) in steepness of slope
between the line denoting the mean in concentrated disadvantage and the line representing 1 SD above (or below) the mean in
concentrated disadvantage.
Tables 3 and 4 reveal that my findings
within Table 2 concerning the interaction
between city-level resources and census tractlevel concentrated disadvantage are driven

primarily by MSA-level median household
incomes. Models 7 and 8 in Table 3 show
that the interaction term between logged
MSA-level median home prices and census tract-level concentrated disadvantage is
statistically insignificant. Models 11 and 12
in Table 4 reveal that logged MSA-level
median household incomes interact with census tract-level concentrated disadvantage in
much the same way as the index of MSAlevel resources, except that this interaction
term maintains statistical significance when
I further control for individual-level total
household assets and household incomes
(Model 11: coeff.: −0.330, p < 0.05; Model
12: coeff.: −0.329, p < 0.05). The magnitude
of the interaction coefficient within Model 12
suggests that a 1 SD increase (or decrease)
in census tract-level concentrated disadvantage implies an approximate 30 percent rise
(or decline) in the extent to which increasing logged MSA-level median household
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Table 2. Fixed-Effects Linear Regression Analyses of the Impact of an Index of City-Level Resources on
Depressive Symptoms.
Variables

Model 1

Model 2

Model 3

Model 4

Index of MSA-Level Resources

−0.222**
(0.073)
−0.010
(0.060)

−0.214**
(0.073)
−0.016
(0.059)

−0.210**
(0.073)
−0.002
(0.060)
−0.067*
(0.033)

0.010
(0.007)
2,681
2/57
.019
1,341

−0.006
(0.006)
−0.006
(0.013)
0.146
(0.139)
2,681
4/57
.021
1,341

−0.203**
(0.072)
−0.007
(0.059)
−0.064
(0.034)
−0.006
(0.007)
−0.005
(0.012)
0.129
(0.141)
2,681
5/57
.024
1,341

Index of Census Tract-Level Concentrated
Disadvantage
Index of MSA-Level Resources × Index of Census
Tract-Level Concentrated Disadvantage
Logged Total Household Assets
Logged Household Income
Constant
Observations
df(Model/Residual)
R2
Number of Respondents

0.007
(0.006)
2,681
3/57
.022
1,341

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

Figure 1. Graph displaying how the index of depressive symptoms is affected by the interaction between
an index of MSA-level resources and census tract-level concentrated disadvantage (based on Model 3).
Note. MSA = metropolitan statistical area.

incomes are associated with fewer depressive
symptoms.
Figure 2 graphically presents the fixedeffects statistically significant interaction
within Model 12 of Table 4. While the x-axis
represents logged MSA-level median household incomes, the y-axis denotes the index

of depressive symptoms. As in Figure 1, the
three lines represent 1 SD below the mean,
the mean, and 1 SD above the mean in
census tract-level concentrated disadvantage.
This figure displays an approximate 30 percent rise (or decline) in the steepness of the
negative slope between logged MSA-level
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Table 3. Fixed-Effects Linear Regression Analyses of the Impact of City-Level Median Home Prices on
Depressive Symptoms.
Variables

Model 5

Model 6

Model 7

Model 8

Logged Median Home Price—MSA

−0.368**
(0.132)
0.017
(0.058)

−0.353**
(0.130)
0.011
(0.056)

−0.365**
(0.128)
1.673
(0.943)
−0.134
(0.074)

−0.352**
(0.126)
1.570
(0.979)
−0.127
(0.077)

4.508**
(1.615)
2,681
2/57
.016
1,341

−0.006
(0.006)
−0.006
(0.013)
4.457**
(1.593)
2,681
4/57
.018
1,341

4.468**
(1.564)
2,681
3/57
.020
1,341

−0.005
(0.007)
−0.004
(0.013)
4.413**
(1.542)
2,681
5/57
.021
1,341

Index of Census Tract-Level Concentrated
Disadvantage
Logged Median Home Price—MSA
× Index of Census Tract-Level
Concentrated Disadvantage
Logged Total Household Assets
Logged Household Income
Constant
Observations
df(Model/Residual)
R2
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

Table 4. Fixed-Effects Linear Regression Analyses of the Impact of City-Level Median Household
Incomes on Depressive Symptoms.
Variables

Model 9

Model 10

Model 11

Model 12

Logged Median Household Income—MSA

−0.817*
(0.322)
−0.011
(0.063)

−0.788*
(0.322)
−0.018
(0.060)

−0.743*
(0.321)
3.572*
(1.729)
−0.330*
(0.157)

−0.713*
(0.315)
3.554*
(1.729)
−0.329*
(0.157)

8.865*
(3.496)
2,681
2/57
.012
1,341

−0.007
(0.006)
−0.008
(0.013)
8.713*
(3.499)
2,681
4/57
.015
1,341

8.055*
(3.481)
2,681
3/57
.015
1,341

−0.007
(0.006)
−0.007
(0.012)
7.898*
(3.426)
2,681
5/57
.018
1,341

Index of Census Tract-Level Concentrated
Disadvantage
Logged Median Household Income—MSA ×
Index of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets
Logged Household Income
Constant
Observations
df(Model/Residual)
R2
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

median household incomes and depressive
symptoms between the line representing the
mean in concentrated disadvantage and the

line denoting 1 SD above (or below) this
mean. This figure shows how increases in
city-level median household incomes become
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Figure 2. Graph displaying how the index of depressive symptoms is affected by the interaction
between logged MSA-level median household incomes and census tract-level concentrated disadvantage
(based on Model 12).
Note. MSA = metropolitan statistical area.

even more valuable for reducing residents’
depressive symptoms within neighborhoods
undergoing increased disadvantage and need
for city-level support and investment.
Tables 5 and 6 show that MSA-level unemployment rates (%) and home foreclosure
rates (%) are significantly associated with
increased depressive symptoms. However,
neither of these two MSA-level variables
significantly interact with census tract-level
concentrated disadvantage.

Robustness Check
The results of my HLM analysis robustness
check (presented in the appendix) correspond
with my central fixed-effects linear regression results. Model 3 within Table A1, in
which individual-level total household assets
and household incomes are not controlled,
shows that rising census tract-level concentrated disadvantage significantly accentuates
how increases in the index of MSA-level
resources reduce depressive symptoms. When
individual-level total household assets and
household incomes are further controlled in
Model 4, a slight increase in the standard
error of this interaction term reduces it to
insignificance. The corresponding interaction

term coefficients for logged MSA-level
median home prices (see Table A2) and
logged MSA-level median household incomes
(see Table A3) are in the same direction as in
the main analyses but neither reaches statistical significance, with and without further
control for individual-level total household
assets and household incomes. As such, findings for the interaction between logged MSAlevel median household incomes and census
tract-level concentrated disadvantage were
weaker within the HLM robustness check
than within the main analyses. As in the main
analyses, the interaction term coefficients for
MSA-level unemployment rates and home
foreclosure rates were statistically insignificant. This concurrence between the main
fixed-effects linear regression results and the
HLM results supports the robustness of this
study’s findings.

Discussion
I found that declining resources at the city
level interact with increasing disadvantage at
the neighborhood level in impacting older
residents’ depressive symptoms. My results
within Table 2 further show that when neighborhood-level concentrated disadvantage
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Table 5. Fixed-Effects Linear Regression Analyses of the Impact of City-Level Unemployment Rates (%)
on Depressive Symptoms.
Variables
Unemployment Rate (%)—MSA
Index of Census Tract-Level Concentrated
Disadvantage
Unemployment Rate (%)—MSA × Index
of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets

Model 13

Model 14

Model 15

Model 16

0.014**
(0.005)
−0.002
(0.064)

0.013**
(0.005)
−0.007
(0.063)

0.014**
(0.005)
0.028
(0.081)
−0.004
(0.006)

0.013**
(0.005)
0.029
(0.081)
−0.005
(0.006)

−0.106**
(0.039)
2,681
2/57
.017
1,341

−0.005
(0.007)
−0.004
(0.013)
−0.002
(0.149)
2,681
4/57
.019
1,341

−0.103*
(0.041)
2,681
3/57
.018
1,341

−0.005
(0.006)
−0.005
(0.013)
0.015
(0.152)
2,681
5/57
.019
1,341

Logged Household Income
Constant
Observations
df(Model/Residual)
R2
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

Table 6. Fixed-Effects Linear Regression Analyses of the Impact of City-Level Foreclosure Rates (%) on
Depressive Symptoms.
Variables
Percentage of Homes Foreclosed—MSA
Index of Census Tract-Level Concentrated
Disadvantage
Percentage of Homes Foreclosed—MSA ×
Index of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets

Model 17

Model 18

Model 19

Model 20

0.352***
(0.083)
−0.008
(0.058)

0.341***
(0.082)
−0.010
(0.058)

0.347***
(0.086)
0.003
(0.061)
−0.071
(0.112)

0.335***
(0.086)
0.002
(0.061)
−0.081
(0.116)

−0.061***
(0.017)
2,643
2/57
.029
1,322

−0.004
(0.007)
−0.003
(0.013)
0.020
(0.140)
2,643
4/57
.030
1,322

−0.060**
(0.017)
2,643
3/57
.029
1,322

−0.005
(0.007)
−0.004
(0.013)
0.035
(0.143)
2,643
5/57
.030
1,322

Logged Household Income
Constant
Observations
df(Model/Residual)
R2
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.
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stays constant, rises in city-level resources
decrease depressive symptoms among older
persons. On the contrary, when resources at
the city level stay constant, changes in neighborhood-level concentrated disadvantage do
not significantly cause changes in older residents’ depressive symptoms.
My main finding is that when neighborhoodlevel concentrated disadvantage increases, rising city-level resources more potently decrease
depressive symptoms. My HLM analyses produced the same main result and thus support
the robustness of this finding. Table 2 reveals
that when individual-level household income
and total household assets are controlled, the
magnitude of this interaction term coefficient
is slightly reduced and becomes statistically
insignificant. This suggests that this moderation effect operates through detrimental
changes in features of contexts and, to some
extent, through personal financial declines.
During economic recessions, fewer city
resources imply less provision of services to
needy neighborhoods, including the maintenance of streets (Allen 2013), foreclosure
mitigation, and the maintenance and repurchasing of vacated and abandoned buildings
(Baumer et al. 2012). More home foreclosures
and abandoned buildings create neighborhoodlevel externalities that reduce home values
while raising levels of disorder and criminal
activity (Leonard and Murdoch 2009). Greater
extents of disorder and crime lead to stress
and fear, which impact mental health. This
suggests that fewer city funds to repair and
improve neighborhoods are especially damaging to mental health within neighborhoods
undergoing increased disadvantage and need.
In addition, a decline in the value of one’s
primary residence implies loss of a large portion of one’s accumulated assets (see De Nardi
et al. 2012). Declining city resources also
entails less stimulus spending that can improve
labor market conditions and support older
Americans’ household incomes (see Dethier
and Morrill 2012; Miller and Hokenstad 2014).
There are numerous reasons why these
effects might particularly impact older residents. In general, neighborhood factors might
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more potently affect older adults due to their
greater spatial confinement, which could
be caused by retirement, functional health
problems, and other later-life transitions
and circumstances (Choi et al. 2015; Glass
and Balfour 2003; Krantz-Kent and Stewart
2007). This higher spatial confinement leads
older persons to be more dependent for their
health and happiness on their communities’
infrastructure, institutions, amenities, businesses, services, and networks of supportive relationships (Choi et al. 2015), which
decline within urban neighborhoods facing
rising socioeconomic challenges (Chernick,
Langley, and Reschovsky 2011; Kazembe
and Nickanor 2017; Leventhal and BrooksGunn 2003; McDaniel, Gazso, and Um 2013;
Modrek et al. 2013; Peck 2012; Tendler 1982;
Weffer et al. 2014). These downturns include
detriments to the public transit systems
upon which older persons depend because
of diminished mobility (Rosenbloom 2009;
Su and Bell 2009) and to the senior centers
and other community social amenities that
help older persons remain socially engaged
(Aneshensel, Harig, and Wight 2016). In
addition, older adults show high extents of
anxiety concerning violence and other criminal activity (Fried and Barron 2005; Piro,
Noss, and Claussen 2006). Confinement to
one’s immediate neighborhood further accentuates older persons’ susceptibility to and
fear of the rising rates of crime and disorder
commonplace within worsening urban environments (Fried and Barron 2005; Leonard
and Murdoch 2009; Lerman and Zhang 2012;
Piro et al. 2006). Circumstances for older
persons worsen when there are fewer city
resources to channel into declining communities to halt and reverse such downturns.
In addition, the Great Recession compromised the retirement security of many older
Americans, obliging many to extend their
paid employment within a workforce that is
disadvantageous for older employees (Munnell and Rutledge 2013). Fewer city resources
for neighborhoods in need suggest less stimulus spending that can create good employment opportunities for older persons and that
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can fund retraining programs that help equip
older workers with the skills required in the
present-day workforce.
This discussion of how city- and neighborhood-level changes interact in affecting older
residents’ depressive symptoms fits the compound disadvantage model’s claim that separate sources of similar types of disadvantages
combine in a multiplicative manner as they
affect physical and mental health (Wheaton
and Clarke 2003). I have identified the multiplicative effects of negative socioeconomic
changes at the city and neighborhood levels.
Of the various city-level conditions considered, those pertaining most directly to tax
revenues and resource availability showed
the strongest interactive effects with census
tract-level concentrated disadvantage. MSAlevel median home prices (see Chatterjee and
Eyigungor 2015; Diamond 2017; Kahn 2017;
Lutz 2008) and median household incomes
(see Brasier et al. 2011; Chatterjee and Eyigungor 2015; Jha 2017; Maher and Deller
2011) are both important determinants of
cities’ tax revenues, and thus of the availability of city resources for neighborhoods
in need, as well as for spending on citywide
public goods and services. Tables 3 and 4
show that the significant interaction between
MSA-level resources and census tract-level
concentrated disadvantage is based mostly
on MSA-level median household incomes.
While the interaction term between logged
MSA-level median home prices and census
tract-level concentrated disadvantage is statistically insignificant, Model 12 from Table
4 reveals the interaction between logged
MSA-level median household incomes and
census tract-level concentrated disadvantage
to maintain statistical significance even after
control for individual-level household income
and total household assets. MSA-level unemployment rates and extents of homes foreclosed do not significantly interact with
census tract-level concentrated disadvantage,
possibly because they are less direct determinants of the resources available within the
larger city than home prices and household
incomes.
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Limitations and Paths for Future
Research
Future research should replicate this study
with measures of actual policy decisions that
channel resources at the city level into city
neighborhoods. While it is broadly accurate
that cities showing less declines in resources
will be more likely to meet the increased
needs of their declining neighborhoods, cities
undergoing similar economic declines
through the Great Recession are likely to
have differed in their policy responses, including austerity measures and stimulus spending.
This implies different extents of unmet needs
within their declining neighborhoods.
In this study, I focus on depressive symptoms, which are a measure of mental health
that can vary in the short term as one’s
life situation changes, including economic
changes within one’s city and neighborhood
(Burgard and Kalousova 2015). As such, they
are an effective dependent variable for this
study focused on the short-term impacts of
economic downturns. An interesting followup project might repeat this analysis with a
longer span of time to study effects on measures of physical health, which might take
more than five years to substantially change.
Burgard and Kalousova (2015) argued that
studies of different health outcomes are associated with different appropriate spans of
time. Studying how contextual economic
changes impact measures of physical health
is especially valuable within older samples
because health declines accompany the process of aging.
Another fruitful path for future research is
to replicate this study with a younger sample.
Because of the biological vulnerabilities and
cognitive declines that accompany the aging
process, older persons might be more dependent than younger persons on the services,
social programs, amenities, institutions, and
infrastructure within their cities and neighborhoods. Therefore, city-level resources and
neighborhood-level need might less potently
affect the depressive symptoms of younger
adults. On the contrary, younger adults might
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be more concerned with their paid work trajectories and providing for their families. If
declines in cities’ resources cause less stimulus spending and creation of job opportunities
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within city neighborhoods, many younger
adults might experience depressive symptoms
as they struggle with underemployment and
unemployment.

Appendix
Table A1. Hierarchical Linear Modeling Analyses of the Impact of the Interaction between City-Level
Resources and Census Tract-Level Concentrated Disadvantage on Depressive Symptoms.
Variables

Model 1

Model 2

Model 3

Model 4

Index of MSA-Level Resources

−0.008
(0.015)
0.037
(0.032)

−0.007
(0.015)
0.031
(0.032)

−0.002
(0.015)
0.038
(0.030)
−0.038*
(0.019)

−0.007
(0.005)
0.368**
(0.116)
0.082***
(0.023)
−0.003
(0.024)
−0.056
(0.055)
−0.055
(0.073)
0.019
(0.061)
−0.128**
(0.041)
−0.141**
(0.044)
−0.230***
(0.049)
−0.096***
(0.027)
−0.012
(0.010)
0.233
(0.202)
2,643
57
1,322

−0.008
(0.005)
−0.007
(0.010)
−0.007
(0.006)
0.362**
(0.117)
0.079***
(0.023)
−0.003
(0.024)
−0.068
(0.056)
−0.065
(0.075)
0.019
(0.060)
−0.121**
(0.041)
−0.130**
(0.042)
−0.208***
(0.044)
−0.091**
(0.028)
−0.010
(0.009)
0.393
(0.258)
2,643
57
1,322

−0.001
(0.015)
0.032
(0.030)
−0.038
(0.020)
−0.008
(0.005)
−0.007
(0.010)
−0.008
(0.005)
0.380**
(0.119)
0.078***
(0.023)
−0.002
(0.024)
−0.066
(0.054)
−0.081
(0.086)
0.019
(0.060)
−0.121**
(0.041)
−0.127**
(0.043)
−0.208***
(0.045)
−0.090**
(0.028)
−0.011
(0.009)
0.378
(0.259)
2,643
57
1,322

Index of Census Tract-Level Concentrated
Disadvantage
Index of MSA-Level Resources × Index of Census
Tract-Level Concentrated Disadvantage
Logged Total Household Assets
Logged Household Income
Unemployment Rate (%)—MSA
Percentage of Homes Foreclosed—MSA
Female (ref. male)
Age / 10
Black (ref. white)
Hispanic, nonblack
Other
Married or Living with a Partner (ref. not
partnered)
High School Diploma/Equivalency
(ref. less than high school)
 University Degree
Currently Employed for Pay (ref. not employed
for pay)
Years Lived in Current Neighborhood / 10
Constant
Observations
Number of MSAs
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

−0.007
(0.005)
0.386**
(0.118)
0.081***
(0.023)
−0.001
(0.024)
−0.054
(0.053)
−0.071
(0.083)
0.019
(0.061)
−0.128**
(0.041)
−0.138**
(0.045)
−0.229***
(0.049)
−0.095***
(0.027)
−0.013
(0.010)
0.224
(0.200)
2,643
57
1,322
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Table A2. Hierarchical Linear Modeling Analyses of the Impact of the Interaction between City-Level
Median Home Prices and Census Tract-Level Concentrated Disadvantage on Depressive Symptoms.
Variables

Model 5

Model 6

Model 7

Model 8

Logged Median Home Price—MSA

−0.016
(0.025)
0.038
(0.032)

−0.013
(0.025)
0.032
(0.032)

−0.007
(0.030)
0.856
(0.451)
−0.067
(0.036)

−0.004
(0.030)
0.846
(0.480)
−0.066
(0.038)

−0.006
(0.005)
0.365**
(0.116)
0.082***
(0.023)
−0.003
(0.024)
−0.057
(0.055)
−0.053
(0.072)
0.020
(0.061)
−0.128**
(0.041)
−0.141**
(0.044)
−0.229***
(0.048)
−0.096***
(0.027)
−0.012
(0.010)
0.420
(0.371)
2,643
57
1,322

−0.008
(0.005)
−0.008
(0.010)
−0.007
(0.005)
0.359**
(0.116)
0.079***
(0.023)
−0.003
(0.024)
−0.068
(0.056)
−0.064
(0.074)
0.020
(0.061)
−0.120**
(0.041)
−0.129**
(0.042)
−0.208***
(0.044)
−0.090**
(0.028)
−0.010
(0.009)
0.549
(0.397)
2,643
57
1,322

−0.007
(0.005)
0.385**
(0.120)
0.081***
(0.023)
−0.001
(0.024)
−0.062
(0.055)
−0.067
(0.081)
0.019
(0.062)
−0.128**
(0.041)
−0.139**
(0.045)
−0.230***
(0.048)
−0.095***
(0.027)
−0.013
(0.010)
0.311
(0.421)
2,643
57
1,322

−0.008
(0.005)
−0.007
(0.010)
−0.008
(0.006)
0.379**
(0.121)
0.078***
(0.023)
−0.002
(0.024)
−0.073
(0.056)
−0.077
(0.083)
0.018
(0.061)
−0.121**
(0.041)
−0.128**
(0.043)
−0.209***
(0.044)
−0.090**
(0.028)
−0.011
(0.009)
0.434
(0.448)
2,643
57
1,322

Index of Census Tract-Level Concentrated
Disadvantage
Logged Median Home Price—MSA × Index
of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets
Logged Household Income
Unemployment Rate (%)—MSA
Percentage of Homes Foreclosed—MSA
Female (ref. male)
Age / 10
Black (ref. white)
Hispanic, nonblack
Other
Married or Living with a Partner (ref. not
partnered)
High School Diploma/Equivalency (ref. less than
high school)
 University Degree
Currently Employed for Pay (ref. not employed
for pay)
Years Lived in Current Neighborhood / 10
Constant
Observations
Number of MSAs
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.
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Table A3. Hierarchical Linear Modeling Analyses of the Impact of the Interaction between CityLevel Median Household Incomes and Census Tract-Level Concentrated Disadvantage on Depressive
Symptoms.
Variables

Model 9

Model 10

Model 11

Model 12

Logged Median Household Income—MSA

−0.032
(0.097)
0.037
(0.032)

−0.032
(0.098)
0.031
(0.031)

−0.005
(0.084)
1.954
(1.092)
−0.177
(0.101)

−0.006
(0.083)
1.985
(1.130)
−0.181
(0.104)

−0.007
(0.006)
0.371**
(0.120)
0.082***
(0.023)
−0.003
(0.024)
−0.056
(0.055)
−0.055
(0.076)
0.017
(0.060)
−0.128**
(0.040)
−0.141**
(0.044)
−0.230***
(0.049)
−0.096***
(0.027)
−0.012
(0.010)
0.577
(1.094)
2,643
57
1,322

−0.008
(0.005)
−0.007
(0.010)
−0.007
(0.006)
0.365**
(0.120)
0.079***
(0.023)
−0.003
(0.024)
−0.068
(0.055)
−0.066
(0.077)
0.017
(0.060)
−0.121**
(0.041)
−0.130**
(0.042)
−0.208***
(0.044)
−0.091**
(0.028)
−0.010
(0.009)
0.739
(1.108)
2,643
57
1,322

−0.006
(0.005)
0.382**
(0.119)
0.081***
(0.023)
−0.002
(0.024)
−0.047
(0.053)
−0.071
(0.085)
0.020
(0.060)
−0.129**
(0.041)
−0.137**
(0.046)
−0.229***
(0.049)
−0.095***
(0.027)
−0.013
(0.010)
0.279
(0.942)
2,643
57
1,322

−0.008
(0.005)
−0.007
(0.010)
−0.007
(0.005)
0.376**
(0.120)
0.078***
(0.023)
−0.002
(0.024)
−0.058
(0.054)
−0.082
(0.087)
0.020
(0.059)
−0.121**
(0.041)
−0.126**
(0.044)
−0.207***
(0.045)
−0.090**
(0.028)
−0.011
(0.009)
0.440
(0.943)
2,643
57
1,322

Index of Census Tract-Level Concentrated
Disadvantage
Logged Median Household Income—MSA ×
Index of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets
Logged Household Income
Unemployment Rate (%)—MSA
Percentage of Homes Foreclosed—MSA
Female (ref. male)
Age / 10
Black (ref. white)
Hispanic, nonblack
Other
Married or Living with a Partner (ref. not
partnered)
High School Diploma/Equivalency (ref. less than
high school)
 University Degree
Currently Employed for Pay (ref. not employed
for pay)
Years Lived in Current Neighborhood / 10
Constant
Observations
Number of MSAs
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

22

City & Community 00(0)

Table A4. Hierarchical Linear Modeling Analyses of the Impact of the Interaction between City-Level
Unemployment Rates (%) and Census Tract-Level Concentrated Disadvantage on Depressive Symptoms.
Variables
Unemployment Rate (%)—MSA
Index of Census Tract-Level Concentrated
Disadvantage
Unemployment Rate (%)—MSA × Index
of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets

Model 13

Model 14

Model 15

Model 16

−0.006
(0.006)
0.038
(0.032)

−0.007
(0.006)
0.031
(0.031)

−0.007
(0.006)
0.065
(0.053)
−0.004
(0.006)

−0.007
(0.006)
0.066
(0.053)
−0.004
(0.006)

−0.015
(0.060)
−0.002
(0.185)
0.365**
(0.129)
0.082***
(0.023)
−0.003
(0.024)
−0.057
(0.054)
−0.053
(0.080)
0.020
(0.062)
−0.128**
(0.040)
−0.141**
(0.044)
−0.229***
(0.048)
−0.096***
(0.027)
−0.012
(0.010)
0.439
(1.434)
2,643
57
1,322

−0.008
(0.005)
−0.007
(0.010)
−0.009
(0.060)
−0.014
(0.187)
0.361**
(0.130)
0.079***
(0.023)
−0.003
(0.025)
−0.068
(0.055)
−0.064
(0.081)
0.019
(0.062)
−0.121**
(0.040)
−0.130**
(0.042)
−0.208***
(0.044)
−0.090**
(0.028)
−0.010
(0.009)
0.656
(1.458)
2,643
57
1,322

−0.020
(0.057)
0.010
(0.179)
0.363**
(0.129)
0.082***
(0.023)
−0.002
(0.024)
−0.059
(0.054)
−0.050
(0.079)
0.021
(0.062)
−0.128**
(0.040)
−0.141**
(0.044)
−0.229***
(0.048)
−0.096***
(0.028)
−0.012
(0.010)
0.363
(1.395)
2,643
57
1,322

−0.008
(0.005)
−0.008
(0.010)
−0.015
(0.058)
0.001
(0.182)
0.359**
(0.130)
0.079***
(0.023)
−0.003
(0.025)
−0.072
(0.055)
−0.060
(0.081)
0.020
(0.062)
−0.120**
(0.040)
−0.129**
(0.042)
−0.207***
(0.044)
−0.091**
(0.028)
−0.010
(0.009)
0.569
(1.421)
2,643
57
1,322

Logged Household Income
Logged Median Home Price—MSA
Logged Median Household Income—MSA
Percentage of Homes Foreclosed—MSA
Female (ref. male)
Age / 10
Black (ref. white)
Hispanic, nonblack
Other
Married or Living with a Partner (ref. not
partnered)
High School Diploma/Equivalency (ref. less
than high school)
 University Degree
Currently Employed for Pay (ref. not employed
for pay)
Years Lived in Current Neighborhood / 10
Constant
Observations
Number of MSAs
Number of Respondents

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.
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Table A5. Hierarchical Linear Modeling Analyses of the Impact of the Interaction between CityLevel Home Foreclosure Rates (%) and Census Tract-Level Concentrated Disadvantage on Depressive
Symptoms.
Variables
Percentage of Homes Foreclosed—MSA
Index of Census Tract-Level Concentrated
Disadvantage
Percentage of Homes Foreclosed—MSA ×
Index of Census Tract-Level Concentrated
Disadvantage
Logged Total Household Assets

Model 17
0.365**
(0.129)
0.038
(0.032)

0.361**
(0.130)
0.031
(0.031)

−0.015
(0.060)
−0.002
(0.185)
−0.006
(0.006)
0.082***
(0.023)
−0.003
(0.024)
−0.057
(0.054)
−0.053
(0.080)
0.020
(0.062)
−0.128**
(0.040)
−0.141**
(0.044)
−0.229***
(0.048)
−0.096***
(0.027)
−0.012
(0.010)
0.439
(1.434)
2,643
57
1,322

−0.008
(0.005)
−0.007
(0.010)
−0.009
(0.060)
−0.014
(0.187)
−0.007
(0.006)
0.079***
(0.023)
−0.003
(0.025)
−0.068
(0.055)
−0.064
(0.081)
0.019
(0.062)
−0.121**
(0.040)
−0.130**
(0.042)
−0.208***
(0.044)
−0.090**
(0.028)
−0.010
(0.009)
0.656
(1.458)
2,643
57
1,322

Logged Household Income
Logged Median Home Price—MSA
Logged Median Household Income—MSA
Unemployment Rate (%)—MSA
Female (ref. male)
Age / 10
Black (ref. white)
Hispanic, nonblack
Other
Married or Living with a Partner (ref. not
partnered)
High School Diploma/Equivalency
(ref. less than high school)
 University Degree
Currently Employed for Pay (ref. not employed
for pay)
Years Lived in Current Neighborhood / 10
Constant
Observations
Number of MSAs
Number of Respondents

Model 18

Note. Robust standard errors in parentheses. MSA = metropolitan statistical area.
Two-tailed tests *p < .05. **p < .01. ***p < .001.

Model 19

Model 20

0.359**
(0.129)
0.045
(0.032)
−0.043
(0.093)

0.353**
(0.130)
0.041
(0.032)
−0.058
(0.096)

−0.017
(0.059)
0.007
(0.184)
−0.006
(0.006)
0.082***
(0.023)
−0.002
(0.024)
−0.058
(0.053)
−0.053
(0.080)
0.021
(0.063)
−0.128**
(0.040)
−0.140**
(0.044)
−0.229***
(0.049)
−0.096***
(0.028)
−0.012
(0.010)
0.363
(1.420)
2,643
57
1,322

−0.008
(0.005)
−0.008
(0.011)
−0.012
(0.060)
−0.001
(0.187)
−0.007
(0.006)
0.079***
(0.023)
−0.003
(0.024)
−0.070
(0.054)
−0.064
(0.082)
0.021
(0.062)
−0.120**
(0.040)
−0.129**
(0.042)
−0.207***
(0.044)
−0.091**
(0.028)
−0.010
(0.009)
0.558
(1.446)
2,643
57
1,322
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