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Abstract: Neighborhood characteristics can have profound impacts on resident mental health, but
the wide variability in methodologies used across studies makes it difficult to reach a consensus
as to the implications of these impacts. The aim of this study was to simplify the assessment of
neighborhood influence on mental health. We used a factor analysis approach to reduce the multi-
dimensional assessment of a neighborhood using census tracts and demographic data available
from the American Community Survey (ACS). Multivariate quantitative characterization of the
neighborhood was derived by performing a factor analysis on the 2011–2015 ACS data. The utility
of the latent variables was examined by determining the association of these factors with poor
mental health measures from the 500 Cities Project 2014–2015 data (2017 release). A five-factor model
provided the best fit for the data. Each factor represents a complex multi-dimensional construct.
However, based on heuristics and for simplicity we refer to them as (1) Affluence, (2) Singletons in
Tract, (3) African Americans in Tract, (4) Seniors in Tract, and (5) Hispanics or Latinos in Tract. African
Americans in Tract (with loadings showing larger numbers of people who are black, single moms, and
unemployed along with fewer people who are white) and Affluence (with loadings showing higher
income, education, and home value) were strongly associated with poor mental health (R2 = 0.67,
R2 = 0.83). These findings demonstrate the utility of this factor model for future research focused on
the relationship between neighborhood characteristics and resident mental health.

Keywords: neighborhood; factor analysis; mental health

1. Introduction

How we characterize neighborhoods has implications for identifying ways in which
the neighborhood environment affects the health of its residents at both the individual and
population level. The research in this area has generally centered around the characteristics
of a neighborhood such as socioeconomic composition, housing quality, walkability, trans-
portation options, social cohesion, or safety that may have implications for (1) community
development and resident access to resources [1] and (2) resident mental and physical
health outcomes [2]. Regarding health outcomes, some of the most consistent findings doc-
umented in previous studies and systematic reviews include reports that, while accounting
for individual-level factors, neighborhood characteristics are associated with mortality
rates [3], early childhood health outcomes [4], general mental health [5], and depression [6].
Though a link has been established, there is a lack of an approach for characterizing a
neighborhood that (1) is widely-used and objective, (2) uses publicly-available, regularly
updated data, (3) uses a large, nation-wide sample, and (4) is low in dimension without
sacrificing information. As a result, there is no clear consensus regarding the strength of

Int. J. Environ. Res. Public Health 2021, 18, 1202. https://doi.org/10.3390/ijerph18031202 https://www.mdpi.com/journal/ijerph

https://www.mdpi.com/journal/ijerph
https://www.mdpi.com
https://orcid.org/0000-0002-8695-8388
https://orcid.org/0000-0001-6957-9987
https://orcid.org/0000-0002-9904-3275
https://orcid.org/0000-0003-2954-6421
https://orcid.org/0000-0002-0825-3606
https://doi.org/10.3390/ijerph18031202
https://doi.org/10.3390/ijerph18031202
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/ijerph18031202
https://www.mdpi.com/journal/ijerph
https://www.mdpi.com/1660-4601/18/3/1202?type=check_update&version=1


Int. J. Environ. Res. Public Health 2021, 18, 1202 2 of 19

the relationship neighborhood characteristics have with resident health and the features
of the neighborhood environment that are related to that effect. Objectively delineating
the characteristics of a neighborhood and evaluating their relationship to mental health
could have important implications for future research linking social factors to the biological
processes underlying psychiatric disorders. Examining this first on a nationwide level
would allow researchers to ascertain a broad scope of the characteristics that are prevalent
across cities before further outlining their effects on the residents. Below, we present a
systematic approach to addressing this methodological gap by using factor analysis to
delineate characteristics of a neighborhood on a nation-wide level. We then demonstrate
the utility of this new model by examining the association between these neighborhood
factors and mental health outcomes across multiple cities and the applicability of these
methods for use in future research.

1.1. Background

The characteristics of a neighborhood have long been recognized to contribute to
the well-being of its residents such that individuals in more disadvantaged neighbor-
hoods often report higher levels of physical and mental health symptoms [7–9]. Several
neighborhood characteristics have been linked to mental health outcomes, particularly
depression [6]. A majority of this research revolves around the often interdependent
constructs of neighborhood socioeconomic status (NSES; most frequently measured as
neighborhood-level income, education, and occupation) [10] and neighborhood built envi-
ronments (access to parks, quality of housing, location and maintenance of local roads, etc.)
as impacting resident mental health [11]. For instance, various neighborhood characteristics
including socioeconomic composition [9], safety [12], quality [11], social cohesion [13], and
resource availability (e.g., access to health care, transportation, or green space) [14,15] have
been significantly related to depressive symptoms.

The methodologies across many of these studies, however, are inconsistent in as-
certaining or selecting a subset of a population, extracting neighborhood characteristics
and physical boundaries, or focusing on specific indices [6]. For instance, a 2008 re-
view by Mair et al. identified 45 studies, mostly cross-sectional, relating neighborhood
characteristics and mental health, in particular, depression [6]. Their review presents
studies with varying neighborhood definitions (e.g., boundary definitions ranging from
participant-defined borders to various measures from census data), study populations
(e.g., variations in age, race/ethnicity), measurement of neighborhood characteristics
(e.g., socioeconomic status, racial/ethnic composition, mobility, built environment, ur-
banicity, disorder/crime/violence, resident social interactions), and analytic approaches
(e.g., linear single- and multi-level models, structural equation modeling). The large vari-
ability in these studies makes it difficult to draw consistent conclusions on the topic and
Mair et al. ultimately conclude that reducing the variability in measurement of neighbor-
hood characteristics is needed to empirically test theories on this relationship. Likewise,
a 2015 review by Oakes et al. identified 1369 papers reporting on social epidemiological
neighborhood effects on resident physical and mental health outcomes as well as social
behavior (e.g., criminal behavior) [16]. Both experimental and observational designs were
included in the review, and of all the relevant papers, only a handful described an impact
of neighborhood on health, leaving Oakes et al. to conclude that the scientific evidence for
neighborhood effects remains inconsistent. As emphasized in these reviews, the lack of
consensus in measurement, definitions, and techniques makes it difficult to determine to
what degree any reported neighborhood influences are due to the specific definition or
share a common process that contributes to poor mental health.

Other challenges to consistency and interpretability come in the use of subjective
measurements and limited variable selection. For instance, various studies have used
researcher observations and resident interviews to define both the physical boundaries of a
neighborhood (e.g., [17]) as well as characteristics of the neighborhood and its residents
(e.g., [18]). Such methods provide many variables of interest, including resident perception
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of the safety or quality of a neighborhood, and allow researchers to decompose analyses
from aggregate data to specific and individual contexts. However, the use of uniform classi-
fications of neighborhood physical boundaries via census tracts rather than participant- or
researcher-defined areas would afford such analyses additional consistency, reproducibility,
and objectivity. Furthermore, amidst the current literature, many studies only evaluate the
effects of one neighborhood characteristic—commonly NSES or racial composition—rather
than looking at a broader range of variables describing the neighborhood. Without the use
of a systematic approach to classifying neighborhood characteristics, studies are limited
in their ability to address a range of variables in part due to the multicollinear nature of
neighborhood characteristics. Therefore, analyses addressing these associations would
benefit from a uniform, objective, and reproducible method of defining neighborhood
boundaries (such as those defined by census tracts) and characteristics (such as those
accounting for multiple variables like factor analysis).

In light of this need for more uniform and reproducible methodological techniques to
classifications of neighborhood effects, a few studies have presented promising approaches.
Kolak et al. [19], for instance, used an unsupervised machine learning approach to reduce
the dimensionality of multivariate neighborhood data extracted from the U.S. Census.
Their goal was to predict mortality rates in a specific geographical area based on social
determinants of health including advantage, isolation, opportunity, racial cohesion, and
so forth. Similarly, Galster et al. [1] described a method that used neighborhood charac-
teristics to monitor and predict demographic, economic, and housing changes over time.
In part, Galster et al. used exploratory factor analysis with census tracts and neighborhood
data from various publicly-available data sets within five U.S. cities over the course of
two consecutive two-year periods. The methods of Kolak et al. and Galster et al. offer
empirical ways to broaden the scope of neighborhood-level analyses from a single NSES
or deprivation index to the consideration of multivariate factors contributing to resident
health and neighborhood outcomes. However, both the aforementioned analyses were
confined to limited geographical regions within the U.S. which reduces sample variability
and the generalizability of their findings. A study by Miles et al. describes a method for
measuring NSES using factor analysis and the American Community Survey (ACS) that
can be explored longitudinally [20]. Their method aimed to find significant neighborhood
characteristics based on the time-invariance of a factor describing NSES. The statistical
approach of Miles et al. is promising, however, it is still limited in its range of neighborhood
characteristics addressed and the demonstration of any potential predictive abilities of
these characteristics. Finally, a study by Li et al. combined factor analysis and cluster
analysis in a multivariate-structural approach to to assess the effect of neighborhoods on
an individual’s health [21]. However, Li et al. (1) analyzed data from outside the U.S.
providing limited applicability to a U.S. population and (2) excluded income and minority
population, two variables that have been reported to be integral to both neighborhood
characterizations and resident health outcomes [22]. Thus, the wide variability in research
techniques complicates the ability to draw clear conclusions and adequately address the
mental health needs within these populations. Furthermore, it suggests that a systematic,
reproducible, and comprehensive approach on a nation-wide level has been lacking and
could provide a crucial step forward to identify and address specific environmental factors
influencing rates of poor mental health.

1.2. Current Study

The primary aim of this paper is to address some of the methodological gaps presented
in recent reviews [2,6,16]. We aim to do this by (1) building on previous latent-variable
approaches described by Miles et al. and Li et al. by comprehensively quantifying neighbor-
hood characteristics using a wide range of demographic variables sampled across the U.S.
and (2) examining the associations of the identified factors with community mental health
outcomes in order to demonstrate the applicability of this approach. To achieve this, we
utilized data provided by (1) the ACS, a household survey conducted by the U.S. Census
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that covers a variety of demographic statistics and includes a highly representative sample
of the U.S. population, and (2) the 500 Cities Project, which provides neighborhood-level
mental health data including prevalence rates for the 500 largest cities in the U.S. [23,24],
making these ideal data sets for studying population-level demographics and associated
mental health.

2. Materials and Methods
2.1. Statistics for Neighborhood Characteristics

The ACS, inaugurated in 2005, uses continuous measurement methods based on a
series of monthly samples to produce annual population estimates for small areas. Each
year, the ACS surveys approximately 3.54 million addresses across the country. This sample
is sufficient for the Census to provide reliable 5-year estimates for geographical areas called
census tracts. Census tracts are areas primarily defined by population density and have
a population of between 1200 and 8000. For the current study, neighborhood data were
obtained at tract-level from the 5-year estimate spanning 2011–2015 [25].

The ACS language assistance program utilizes methods and procedures that assist
sample households with limited English proficiency in order to reduce the chance of
nonresponse bias [26].

The ACS samples both home addresses and group quarters (places where a group
of people live together, such as nursing homes, college dormitories, and homeless shel-
ters). Approximately 2.5% of the expected population inhabiting group quarters was
sampled [26].

2.2. Neighborhood Mental Health Statistics

Mental health data were obtained from the 500 Cities Project, which provides tract-
level mental health data for 27,204 tracts within the largest 500 cities in the United States.
The 500 Cities Project uses Small Area Estimation (SAE) to estimate statistics from the
Behavioral Risk Factor Surveillance System Survey (BRFSS) data at the census-tract level.
The BRFSS is conducted by a telephone survey interviewing approximately 400,000 adults
across the United States and its territories [23], and is administered continuously through
the year [27]. The survey is available in both English and Spanish, and states have the
option of translating the questionnaires into additional languages [28]. Response rates are
reported in the BRFSS 2014 and 2015 Summary Data Quality Reports [29,30]. The BRFSS
uses iterative proportional fitting to weigh statistics by age, gender, race and ethnicity,
and geographical region [27]. The Centers for Disease Control and Prevention (CDC)
derives individual mental health status from the following question in the BRFSS: “Now
thinking about your mental health, which includes stress, depression, and problems with emotions,
for how many days during the past 30 days was your mental health not good?”. The 500-Cities
project then aggregates the individual-level data from this question into tract-level SAEs
of the proportion of individuals ≥ 18 years old within a tract who responded that they
had ≥14 bad mental health days within the last 30 days. For the current study, mental
health data was obtained at the tract-level from the 500 Cities 2017 release, containing SAE
estimates of the 2014–2015 BRFSS data [24].

The BRFSS was initially designed to produce state-level estimates [31]. Therefore,
unsurprisingly, the sample of 400,000 adults in the BRFSS is insufficient to provide estimates
at the census-tract level. SAE allows for the derivation of statistics for under-sampled small
geographic areas, such as census tracts. The mental health variable we used to explore
the relationship between the neighborhood factors and mental health is a SAE derived
by the CDC 500 Cities Project using a Multilevel Regression with Poststratification (MRP)
approach. The SAE was constructed in 4 steps. First, a multilevel logistic model was
fitted to data from the BRFSS survey. The multilevel model was then applied to the census
population, and then model-based SAEs were generated via poststratification using ACS
variables. Finally, the SAEs were validated by comparison to BRFSS direct estimates for
all 50 states and DC and for all counties with at least 50 respondents. The ACS measures
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included in the poststratification were age, sex, race/ethnicity, and county-level poverty.
More details on the derivation of the SAE can be found at [32,33].

2.3. Latent Variable Extraction for Neighborhood Characteristics

In order to use as many of the statistics provided by the ACS as possible, we used
a latent variable approach to arrive at a multivariate quantitative characterization of the
neighborhood. This method gave us the opportunity to objectively select variables to
include in our analysis based on their contribution to the variance between neighbor-
hoods. We assumed that these statistics are linked by underlying, latent variables which
allowed us to work with a smaller number of variables without sacrificing much informa-
tion. We applied a factor analysis method after normalizing the variables as described in
Section 2.3.1.

The current study aimed to use data at the smallest geographic division possible
for a fine-grained view of living environment. The two smallest geographic divisions
available in the ACS data set are block-groups and tracts. On average, a block group is
1/3 the size of a tract. We performed the factor analysis on both levels and the resulting
factors were largely the same (see Comparison to Block Group, Supplementary Methods,
and Figure S1). Though larger, the tract level factors were chosen because (1) there were
variables of interest that were not available at the block group level, namely disability
status, citizenship status, and mobility, (2) the tract-level statistics have a smaller margin of
error, and (3) the 500 Cities Project data are only available at the tract level.

2.3.1. Feature Selection

We included 37 ACS data tables in the analyses which contained 461 measures de-
scribing tract characteristics of age, race/ethnicity, citizenship, nativity, mobility, means
of transportation to work, household type, marriage status, education level, disability
status, income, employment status, home type, housing cost, and residential tenure
(Tables S1–S37). Among these 461 measures, 215 were removed due to redundancy or
low variability. We defined redundancy as variables that were sufficiently represented by
another variable (for example, the female population is redundant because it is the inverse
of the male population). We defined low variability as a coefficient of variation lower
than 0.06 across tracts. Data reduction details are provided in a flow chart in Figure S2.
We combined the remaining 246 statistics describing strata or subgroups (e.g., age groups,
gender, education levels) to form single statistics. This selection process led to a final
number of 39 measures for subsequent analyses. For further details, see Feature Selection,
Supplementary Methods.

We subjected these measures to a heuristic, data-driven transformation approach to
approximate Gaussian distributions as close as possible (see Transformation, Supplemen-
tary Methods). We imputed missing values (0.16% of the dataset) using the weighted
average of 10-nearest neighbors after transformation.

2.3.2. Factor Analysis

We entered a total of 39 transformed and/or imputed measures into an exploratory
factor analysis to investigate the underlying latent variable structure. Factor loadings
were estimated by the minimum residual method, and oblimin rotation was applied to
improve interpretation. We explored a range between 1 and 12 factors and chose the
factor number based on Kaiser’s rule (i.e., keeping factors with eigenvalues at least 1),
a scree plot, the amount of total variance explained from each model produced, and the
interpretability of the factor structure. The stability of the final factor model was examined
by 2000 bootstrapped samples and the standard error was calculated for each loading
of each variable within each factor. The factor scores were computed for all U.S. tracts.
Because oblique rotation leaves the factors correlated, we also examined the correlation
between each of the factors using Pearson correlation.
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2.4. Relationship between Neighborhood Latent Variables and Mental Health

In order to explore how the factors are associated with poor mental health rates,
we examined the relationship between the latent variables and the 500 Cities project
measure of poor mental health rates, which is quantified as the proportion of individuals in
a neighborhood reporting at least 14 participant-defined “bad mental health days” within
the past 30 days.

We merged the factor scores for each census tract with data from the 500 Cities
Project and investigated their associations by bivariate and multivariable approaches.
A comparison of the ACS and BRFSS sample characteristics is provided in Table S39.

2.4.1. Bivariate Associations

We first described the bivariate associations by smoothing splines. We fit a separate
spline for each state to account for regional differences in the relationship. We summa-
rized the fit of the splines using median and inter-quartile range (IQR) of the R2 statistic
across states.

2.4.2. Multivariable Approach

The derivation of the SAE using ACS variables leaves a possibility that sex, age,
race/ethnicity, and income measures may confound the relationship between the mental
health statistic and the neighborhood factors. To address this issue, we used a multivariable
approach described by Selya et al. [34] to derive Cohen’s f 2 statistic and the unique
variance explained by each neighborhood factor. The f 2 statistic measures local effect size
within a linear mixed effects model (LME). Each of the following LMEs described here
share the 500 Cities Project tract-level small area estimate of poor mental health rate as the
dependent variable. We created an LME model for each factor, denoted Ma,i, that included
fixed effects of the ACS variables describing sex, age, race, ethnicity, and poverty status,
the ith neighborhood factor, and random state and county intercepts. Each model Ma,i was
then compared to an LME model, denoted Ma , that included all the random and fixed
effects in Ma,i except the neighborhood factor. The null model, Mnull , which included only
the random effects, was used to compute R2 of each model, and was defined as

R2
model =

Vnull − Vmodel
Vnull

,

where V denotes variance. The unique variance explained by each neighborhood factor
was calculated as R2

a,i − R2
a. The fixed effect size for the neighborhood factor in the mixed

model is estimated by Cohen’s f 2 statistic:

f 2
i =

R2
a,i − R2

a

1 − R2
a,i

.

A final LME model was created that included the ACS variables, all the neighborhood
factors, and the random effects, and was denoted Ma,1:5. The unique variance explained by
all the neighborhood factors and the effect sizes were derived from this model.

According to Cohen, as a general rule of thumb, a small effect size is defined as
f 2 ≥ 0.02, a medium effect size is defined as f 2 ≥ 0.15, and a large effect size is defined as
f 2 ≥ 0.35.

2.5. Software

We used the statistical software R [35] for all data extraction, analyses, and the gen-
eration of all figures. The R code for this manuscript is available as a supplement [36].
ACS data were obtained through the R package acs [37]. The e1071 [38] and scales [39]
packages were used for transformation, the DMwR [40] package for imputation, and the
psych package [41] for factor analysis.
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3. Results
3.1. Exploratory Factor Analysis

We selected a 5-factor model, depicted in Figure 1. The factor structures of the
4- and 6-factor models are shown in Figures S3 and S4 for comparison purposes. A factor
model with up to eight factors had eigenvalues greater than 1.0. The scree plot shows an
‘elbow’ at five factors (Figure S5). The five-factor model accounted for 60% of the variance,
reproduced 0.98 of the off-diagonal elements of the sample correlation matrix, and the
root-mean square of residuals (RMS) was 0.04. Fit statistics of the 12 factor models explored
are given in Table S38. The five factors were labeled after the variables with the strongest
absolute loadings into each factor. It is important to note that the factor names are arbitrary
labels of unknown latent variables, and factors are named solely for ease of reference. The
factor names do not fully encompass what the factor describes, and we do not suggest that
the latent variable the factor describes is the same as the factor’s name. We use a simple
heuristic to name the factors: if the highest loading variables can all be described using one
word, we use that word. Otherwise, we name the factor after the highest loading variable.
The factor names chosen were (1) Affluence, (2) Singletons in Tract, (3) African Americans in
Tract, (4) Seniors in Tract, and (5) Hispanics or Latinos in Tract (Figure 1). Affluence, which
accounted for 16% of the variance, showed greatest loadings from tract statistics relating to
NSES, such as income (0.79 for Income in the circle plot) and education (0.73 for Education).
Singletons in Tract, which accounted for 13% of the variance, demonstrated strong loadings
from the proportion of people living alone (0.81 for Lives.alone), the average number of
housing units per structure (0.72 for Units.in.structure), and the proportion of homes in
a tract not occupied by their owner (0.70 for Not.owner.occupied). African Americans
in Tract, which accounted for 11% of the variance, was positively associated with the
proportion of the population who self-identified their race as ‘Black or African American
alone’, (0.87 for Black), and inversely associated with those self-identifying as ‘White’
(−0.87 for White). Though the terms ‘Black’ and ‘African American’ are not synonymous,
they are grouped together in the U.S. Census. Therefore either term could be used to
describe this factor; we arbitrarily chose African American. This factor was also loaded
highly on the proportion of single moms (0.69 for Single.moms), lack of married couple
family homes (−0.49 for Married.spouse.present, 0.46 for Never.married), the unemployed
population (0.49 for Unemployed), and the proportion of people living on government
assistance such as Supplemental Security Income (SSI) or Public Assistance Income (PAI)
(0.37 for w.SSI, 0.34 for w.PAI). Seniors in Tract, which also accounted for 11% of the
variance, was primarily related to age (0.85 for Age) and the proportion of the population
receiving Social Security Income (0.87 for w.Social.Security). Hispanics or Latinos in
Tract, which accounted for 9% of the variance, was strongly related to the proportion
of the population self-identifying their race as a race other than white, black, or Asian
(0.74 for Some.other.race) and the population self-identifying their ethnicity as Hispanic or
Latino (0.83 for Hispanic.or.Latino), as well as the population of non-U.S. citizens (0.76 for
Not.US.citizen).

The oblique rotation procedure left the factors correlated (Figure S11): African Amer-
icans in Tract was correlated with Hispanics or Latinos in Tract (r = 0.36), Singletons in
Tract (r = 0.33), and Affluence (r = −0.29); Seniors in Tract was correlated with Hispanics
or Latinos in Tract (r = −0.26) and Affluence (r = −0.21). Least correlated were Hispanics
or Latinos in Tract and Affluence (r = −0.08).
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Figure 1. The Factor Structure. Each circular bar plot is a visual representation of a single latent factor. The name of the
factor is in the center of the plot. Each bar represents the loading of an input variable to the factor. Blue bars indicate a
positive loading, while pink bars indicate a negative loading. Variables with loadings > 0.3 to the factor are bolded. Input
variables are grouped by type with the colored lines around the edge of each plot. These groups (starting from the top,
moving clockwise) encompass age (red), race and ethnicity (sky blue), nativity and citizenship (orange), mobility (blue),
transportation to work (yellow), household type (navy blue), marital status (lime green), education level (purple), disability
status (green), income (magenta), employment (mint green), residential conditions (pink), and tenure (turquoise). A larger
version of these plots is given in the supplement (Figures S6–S10).
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3.2. Associations between Neighborhood Factors and Prevalence of Poor Mental Health
Results from the Bivariate Approach

The prevalence of individuals in a tract with 14 or more days of poor mental health
appeared to be most related to Affluence, followed by African Americans in Tract, Hispanics
or Latinos in Tract, Singletons in Tract, and least related to Seniors in Tract (Figure 2). There
was an obvious inverse relationship between the poor mental health measure and Affluence
of tracts for all states (median R-square 0.83 and IQR between 0.80 and 0.86, Figure S12).
There also existed monotone, increasing trends between the health measure and the two
factors African Americans in Tract (median and IQR R2: 0.67 (0.58, 0.74)) and Hispanics
or Latinos in Tract (median and IQR R2: 0.49 (0.35, 0.67)), despite higher variability in
trends across states for the latter. Concave trends appeared between the poor mental health
outcome and Singletons in Tract for most states (median and IQR R2: 0.17 (0.11, 0.24)).
The uniform relationship for tracts with a lower Singletons in Tract score indicates that
neighborhoods with fewer singletons tend to have lower rates of poor mental health. As
the factor score increases, however, rates of mental health become more variable, indicating
there is no relationship between mental health and a higher Singletons in tract score.
Seniors in Tract showed different patterns across states, with a mixture of positive and
negative, linear and concave trends (median and IQR R2: 0.05 (0.02, 0.11)).

3.3. Results from the Multivariable Approach

Although the unique variance explained by each factor is attenuated by the ACS
variables used for the SAE (age, sex, race, ethnicity, and poverty), all factors apart from
Singletons in Tract explain unique variance in the mental health variable after subtracting
the variance explained by the ACS variables (Table 1). The effect size of Affluence far
exceeds a large effect size ( f 2 ≥ 0.35), demonstrating that Affluence explains substantial
unique variance beyond the ACS variables. The effect sizes of Seniors in Tract, African
Americans in Tract, and Hispanics or Latinos in Tract are all considered medium effect
sizes ( f 2 ≥ 0.15). The effect sizes of those factors are likely more attenuated than that
for Affluence because these factors had strong loadings for either age, race, or ethnicity.
Singletons in Tract has an effect size of 0, meaning that there is no unique variance explained
by Singletons in Tract beyond the ACS variables. This suggests the possibility that the
weak relationship discovered between Singletons in Tract and the mental health variable by
the bivariate approach is due to confounding of the ACS variables. These results support
the results from Section 3.2, showing that the relationships discovered via cubic splines
were not reliant on confounding by the use of the ACS variables in the SAE.

Table 1. Adjusting for Confounders of the Relationship Between Mental Health and the Neighborhood Factors.

Notation Model Variance Explained 1 Unique Variance Explained 2 Effect Size 3

Ma ACS only 0.8376 - -
Ma,1 ACS + Affluence 0.9037 0.0661 0.6861
Ma,2 ACS + Singletons in Tract 0.8376 0 0
Ma,3 ACS + Seniors in Tract 0.86 0.0224 0.1597
Ma,4 ACS + African Americans in Tract 0.8587 0.0211 0.149
Ma,5 ACS + Hispanics or Latinos in Tract 0.8768 0.0392 0.3177

Ma,1:5 ACS + All Neighborhood Factors 0.9177 0.0801 0.9728

1 The variance explained by the model is R2
model =

Vnull − Vmodel
Vnull

. 2 The unique variance explained by the ith neighborhood factor was

calculated as R2
a,i − R2

a . 3 The fixed effect size of the ith neighborhood factor is f 2
i =

R2
a,i − R2

a

1 − R2
a,i

.
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Figure 2. Relationship Between Factors and Mental Health. Proportion of residents over 18 who have experienced ≥14 days of bad
mental health during the past 30 days from the 500 Cities Project vs. neighborhood factor scores. Each point on the plot represents a
single tract. A separate cubic spline (colored curve) was fit to tracts of each state.
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4. Discussion

This study aimed to (1) quantify neighborhood characteristics using a latent variable
approach performed on census data and (2) determine the utility of these latent variables
by relating them to mental health outcomes. There were two main results. First, five factors,
Affluence, Singletons in Tract, African Americans in Tract, Seniors in Tract, and Hispanics
or Latinos in Tract, have demonstrated to be highly representative by accounting for 60%
of the neighborhood tract variance and providing a multidimensional assessment of census
tracts. Second, the two factors shown by the bivariate analysis to be most strongly related
to tract-level descriptors of poor mental health were Affluence and African Americans
in Tract. The multivariable analysis shows that all the factors except Singletons in Tract
explain unique variance and have medium or large effect sizes after removing the variance
explained by sex, age, race, ethnicity, and poverty. Additionally, the relative strength of
some effects change with the multivariate analysis, for example, suggesting that Hispanics
or Latinos in Tract has an effect almost twice as strong as African Americans in Tract.
The difference in ordering of effect sizes between the bivariate and multivariable results
highlights the importance of confounders and the risk of overinterpreting either set of
results. Taken together, this study shows that census tracts can be robustly quantified
using five dimensions and that some of these latent variables are associated with tract-level
mental health status.

4.1. Latent Factors of Neighborhood Characteristics

While several studies have described the relationship between neighborhood char-
acteristics and mental health [6,42,43], to our knowledge, no previous study has used a
latent variable approach on a data set that (1) is publicly-available and regularly updated,
(2) represents a large, nation-wide sample, and (3) includes a large number of statistics to
extract a multi-dimensional set of latent variables for the characterization of neighborhoods.
Similar approaches have been reported that utilize publicly available, regularly updated
census data. Kolak et al. [19] used a similar machine learning dimension reduction method
on U.S. Census data and reported similar factors to those described here, including one
comprised of mainly sociodemographic variables (i.e., Affluence), primarily older adults
(i.e., Seniors in Tract), and primarily renters (i.e., Singletons in Tract), further validating
our avenue of analysis. Our approach adds to this method by addressing the association
with mental health. Additionally, we expand other similar studies such as Galster et al. [1]
by leveraging a nation-wide sample, thus increasing the generalizability of our factors.
Finally, a recent study by Hu et al. shows a clear relationship between NSES and health [44],
however, the results of those analyses are limited because—as in many other papers—only
NSES was examined as a predictor of health while the possible influence of other neigh-
borhood characteristics was ignored. The factor analysis approach we report, however,
accounts for a wide variation in neighborhood characteristics reduced to a 5-factor, latent
variable structure.

Another important notion to consider is time invariance, or how these factors translate
across time. For instance, the Area Deprivation Index (ADI) used in Hu et al. [44], devel-
oped by Singh [45], was based on a single-factor analysis using 17 socioeconomic indicators
selected by Singh from the 1990 U.S. census. This ADI statistic used in Hu et al. was not
tested for time invariance, which consequently inherently assumes the factor structure
is consistent over time. This assumption may lead to biased results if time invariance of
the factor structure does not hold [46]. An index should be based on data in the relevant
time period if time invariance has not been demonstrated. While we do not test for time
invariance, a new factor model for the time period of interest can be easily calculated for
any 5-year period after 2005 using the methods we describe in this paper.
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4.2. Utility and Viability of Neighborhood Factors

Our factors (Affluence, African Americans in Tract, Hispanics or Latinos in Tract,
Singletons in Tract, and Seniors in Tract), have all been explored to some extent in past
research and our findings support previous literature.

The relationship between Affluence and mental health appears to follow an exponen-
tial decay, suggesting that as Affluence decreases, it corresponds to a greater incremental
change in the prevalence of poor mental health. Affluence appears to be related to such
measures as socioeconomic status, economic disadvantage, and neighborhood deprivation
as described in several previous studies [6,47]. Its impact on mental health may be inversely
associated with the inadequate access to necessary physical and mental health resources
and/or unequal exposure to health risks that are often features of more disadvantaged
neighborhoods. Many studies have described the importance of the neighborhood built en-
vironment on resident mental health [6] which is often integral to neighborhood affluence
such that less affluent neighborhoods are also less likely to have access to public outdoor
spaces, safe, well-maintained housing and transportation, or local health resources like
clinics and hospitals [48].

African Americans in Tract and mental health show a positive linear relationship,
suggesting that rates of poor mental health increases uniformly with increasing African
Americans in tract. Hispanics or Latinos in Tract and mental health show a similar positive
linear relationship, though weaker. African Americans in Tract and Hispanics or Latinos in
Tract have been explored in a few past studies as ‘racial congruence’ or ‘ethnic diversity’,
and so forth, though the conclusions vary [6]. For instance, some studies report that preva-
lence rates of depression are lower in neighborhoods with higher racial congruence [49]
and community ethnic identification [50]. However, this relationship becomes inconsistent
after accounting for individual-level socioeconomic factors [51]. As many of the sub-
groups that comprise this factor relate to affluence as well (e.g., unemployment and the
amount of government assistance drawn), this factor is also, unsurprisingly, negatively
correlated with Affluence. Minority groups are typically more likely to live in disad-
vantaged neighborhoods with less access to built-environment neighborhood features,
which may be influenced by policies of disinvestment and structural barriers to the acqui-
sition of wealth [52], and this disadvantage may contribute to the risk for mental health
disparities [6]. Our study included factors describing characteristics of race and ethnic
background because it is important to recognize the racial disparities prevalent in the
United States. In describing these characteristics and their associations with mental health,
the authors do not suggest that the disparity is caused by a difference in the physiology or
genetics of different races. Rather, we aim to highlight health inequalities in communities
of color described in past studies, such as a lack of resources in minority communities and
the social discrimination against minority groups [53].

The relationship discovered between Singletons in Tract and mental health by our
bivariate approach is weak, and our multivariate approach found no unique variance was
explained by Singletons in Tract beyond the ACS variables age, sex, race, ethnicity, and
poverty. This is despite previous research linking some of the characteristics of this factor
to mental health. Singletons in Tract is representative, to an extent, of living arrangements,
marital status, and residential mobility or neighborhood stability. Living alone has been
reported to increase likelihood of depressive symptoms [54,55]. Marital status has also
been shown to have an influence on mental health, married individuals being at lower
risk of depression [56–59]. Additionally, greater residential mobility, including housing
not owner-occupied and rates of moving in the last year derived from the ACS, has been
associated with a decrease in mental health care visits for those with serious mental illness
and comorbid medical conditions [6,60]. It is unclear why this relationship between these
characteristics and mental health is not reflected at the neighborhood-level by our factor
Singletons in Tract, however most of the studies we reference here describe individual-level
effects which may not translate to the neighborhood level.
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We discovered a very weak relationship between Seniors in Tract and mental health
using our bivariate approach, however, our multivariate approach did pick up a medium
effect size for this factor, suggesting Seniors in Tract may have some relationship to mental
health rates. There are some studies that examine the relationship between neighborhood
environment and rates of depression in an elderly cohort [6], however we have found no
studies that examine the relationship between seniors in tract and rates of poor mental
health. If this distinction is unclear, keep in mind that Seniors in Tract can also represent
youth in tract, that is, a negative Seniors in Tract score implies that the tract is, on average,
younger. When we compare Seniors in Tract to mental health, it is similar to comparing
average neighborhood age to mental health. In the absence of neighborhood-level rela-
tionships, it may be enlightening to explore whether age is related to rates of poor mental
health. The 2015 National Survey on Drug Use and Health (NSDUH) has shown that the
prevalence of any mental illness among U.S. adults was highest in young adults aged
18–25 years, second highest in adults aged 26–49 years, and lowest in adults aged 50 years
or older [61]. The gap in prevalence between these age groups has widened in the years
2015–2019 [61]. It is unclear why this relationship is not reflected at the neighborhood-level
by our bivariate approach, however we may speculate that there is likely high variance in
age within-tract, leading to a washing-out of individual-level effects.

4.3. Limitations

The variables used in this study were limited to those collected by the U.S. census.
Consequently, there are some neighborhood characteristics shown in previous studies to
be related to mental health that are not included in this study. For example, this study does
not include walkability, neighborhood disorder, social factors, neighborhood hazards, the
built environment, or the service environment [6]. Additionally, the mental health statistics
from the BRFSS survey were only available for the largest 500 cities in the United States,
and thus we were unable to examine the relationship between the factors and poor mental
health rates in rural areas and small towns.

The 500 Cities SAE used data from the ACS to estimate health data. The measures
included in the SAE were age, sex, race/ethnicity, and county-level poverty [33], leaving a
possibility that confounding from age, race/ethnicity, and income measures may inflate
the strength of the relationship between mental health and the neighborhood factors. We
performed a multivariable analysis that demonstrated that when the variance explained
by the ACS variables for age, sex, race, ethnicity, and poverty is removed from the model,
all the factors apart from Singletons in Tract explain unique variance in the mental health
statistic. We did not remove these ACS variables from our factor analysis because these
variables are important to our discovered factor structure and improve the characterization
of the neighborhood. Our intention is that our factor scores may be used in future studies,
and they will be most useful when utilizing as many variables as possible. We also did not
change our mental health variable because a nation-wide health survey sampled at the
tract-level does not exist. The BRFSS is the largest continuously conducted multi-mode
health survey system in the world [31] and still requires SAE to derive tract-level estimates,
therefore SAE would be necessary to derive tract-level estimates for any health survey
data in the U.S. It may be preferable to perform an SAE that excluded the ACS variables
we use in our factor analysis, but we do not have the capability of performing our own
SAE because we do not have access to the necessary individual-level data from the BRFSS.
The mental health statistic we used in this study remains the best one for our purpose
despite its limitations because it has a large sample population, has estimates available at
the tract level, and demonstrates a clear relationship between poor mental health and our
factors after removing the variance explained by confounding variables. Furthermore, the
ACS data set serves as a reliable source for neighborhood statistics and remains the best
data source for our factor analysis. The ACS statistics include responses from millions of
households across the U.S., the data are collected consistently over time, and the statistics
cover a broad range of characteristics.
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There is also a potential for bias in the number of poor mental health days reported in
the BRFSS, as this is a self-reported measure which could be influenced by cultural or social
differences in how an individual defines a ‘poor mental health day’. While the mental
health measure is a subjectively-defined variable, we have compared it to objectively-
defined neighborhood factors. Perception of neighborhood conditions has been shown
to be significantly correlated to rates of depression [6], but there is no assurance that this
relationship does not simply depict the skewed outlook of those with depression. This
is why, in the creation of the neighborhood factors, we avoid the use of neighborhood
statistics derived from subjective resident response.

Additionally, there exist some challenges from an analysis standpoint. First, the
reported data from the ACS has a margin of error that is not included in this analysis
and may impact the factor structure. While this is a possibility, the similarity of the factor
structure at the block group level demonstrates that the reduction of error, at least between
the block group and tract levels, does not change the factor structure (see Comparison
to Block Group, Supplementary Methods). Second, the indeterminacy problem is a well-
known issue with factor analysis [62,63]. Factor analysis results in factors that must be
subjectively defined. This has always been a fundamental problem of factor analysis.
However, the circle plots clearly depict what each factor represents. Additionally, this
problem is superseded by the utility of the latent variables over the raw data. The latent
variable structure, though vague, simplifies interpretability drastically.

When considering the application of this tool, it is important to bear in mind that the
factors reported here clearly describe neighborhood-level associations on the prevalence
of mental health, but do not demonstrate these associations at the individual level. Thus,
the influence of these factors at an individual level is still unknown. Neighborhood effects
at the individual level are likely mediated by other influences, such as context of school
or work. Jones et al. make a point that people experience substantial segregation across a
range of spaces, such as areas of work or recreation, in their daily lives [64]. A study by
Hermansen et al. found that after adjusting for family background, the effect of children’s
neighborhood context on adult earnings later in life is near zero [65]. The extent to which the
factor scores of an individual’s neighborhood affect their mental health must be explored
in future studies.

There are some demographic differences between the BRFSS sample and the ACS
sample, notably income, race, ethnicity, and age (see Table S39). Difference in the demo-
graphics of the two samples is possibly due to (1) more participants refusing to answer
demographics questions in the BRFSS or (2) the exclusion of children younger than 18 in the
BRFSS. Despite these demographic differences, both surveys are nation-wide samples taken
by the Census and the CDC, and both surveys are some of the highest-quality representa-
tions of the United States population in the nation [31,66]. Furthermore, identical sample
populations are not necessary to demonstrate a relationship between the neighborhood
environment and characteristics of a particular cohort. We can use our factor scores to
examine the relationship between neighborhood and any cohort of interest. We simply
cannot say that the relationship exists outside the cohort studied. In our demonstration, the
mental health characteristic is only measured for adults 18 years and older, and therefore
we cannot make any conclusion on whether the neighborhood factors have a relationship
to rates of poor mental health in children.

4.4. Future Directions

We have created a research tool intended to be implemented as an alternative to
high-dimensional demographic data. We hope that this method for neighborhood charac-
terization will facilitate research that will guide future clinical practice and public health
initiatives. The code used to perform this analysis, as well as the factor scores for each tract,
are available online for open use [36]. An interactive map of the factors is also available for
visualization of the spatial distribution of each factor [67].
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There are two clear levels of application at which the factors may be used. First,
the factors may be applied to ascertain information on an individual’s environment. The
factor scores of an individual’s neighborhood are easy to derive by using the Google
Geocoding application programming interface (API) to convert an address to latitude
longitude coordinates [68], then using the Area API from the U.S. Federal Communications
Commission (FCC) to convert the coordinates to tracts [69]. This enables researchers to
represent the neighborhood environment of their study population using five variables
that are highly interpretable (intuitive loadings supported by prior research) and highly
representative (60% of the variance accounted for by these factors). A paper by Feng et al.
gives an example of how our factors may be used as independent variables [70].

Second, the factors may be applied at the community level, as demonstrated in this
paper. At this level, the factors could guide larger scale policy, identifying communities
to target resources. Though this study has shown no causal link between neighborhood
factors and mental health, it has demonstrated a link nonetheless. This link indicates the
need for mental health promotion in low income areas and minority communities.

5. Conclusions

The congruence of our findings and those demonstrated in prior research suggests
that our factors are not only representative (accounting for 60% of the variance), but also
interpretable as the loadings are intuitive and supported by the literature. The use of such
factors in future research could offer a multidimensional approach to addressing similar
questions regarding the impacts of neighborhoods on resident health. Furthermore, the
relationship of our factors to interests of previous studies indicate that our factors are
intuitively, as well as objectively, descriptive of neighborhoods.

Neighborhood factors based on census data provide comprehensive, objectively de-
rived neighborhood characteristics, providing a useful tool for researchers, policymakers,
and public health professionals to examine environmental factors impacting resident men-
tal health. Information gained from these data could be used to monitor neighborhood
trajectories and support changes in local policy or community-wide resources by providing
insight regarding the areas in which intervention or a policy change would most strongly
impact the residents of that area. Policymakers and public health professionals such as
those in urban planning and social welfare can use this information to better understand
how (1) the characteristics of their communities and (2) policies and programs (includ-
ing those that may not appear directly related to health) have significant impacts on the
health of its residents. To our knowledge, our work takes into consideration a variety
of neighborhood statistics not previously explored, while remaining highly interpretable.
We intend for these factors to be used to further explore the relationship between living
environment and mental health. Our findings show that neighborhood characteristics are
strongly related to mental health, indicating the importance of the factor model in future
research focused on the influence of neighborhood characteristics on mental health.
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