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This study investigates the relationship between neighborhood Socioeconomic
Position (SEP) and the prevalence of hypertension and coronary heart disease
(CHD) across New York City's community districts. By using a composite SEP
index derived from multiple socioeconomic indicators, the research seeks to
uncover health disparities that may be obscured in broader geographic analyses.
A primary objective is to identify community districts where hypertension and
CHD prevalence is significantly higher than expected, even after adjusting for
SEP. This focus helps pinpoint areas where targeted public health interventions
may be urgently required, especially when the anticipated inverse relationship
between SEP and health outcomes does not hold. A linear mixed-effects model
(LMM) was used to analyze the association between SEP and these health
outcomes, incorporating both fixed and random effects to account for variation
across the city's 59 community districts. The analysis revealed a significant
negative association between SEP and both hypertension and CHD, with higher
SEP levels generally correlating with lower prevalence rates. However, some
districts exhibited high random effects, indicating a higher-than-expected
prevalence of these conditions, even after controlling for SEP. The authors
suspect that additional factors-such as environmental exposures, healthcare
accessibility, or community infrastructure-may contribute to these unexplained
disparities. The findings emphasize the need for public health strategies that are
sensitive to local contexts and the multifactorial nature of health inequities.
Understanding the complex drivers behind these disparities can inform policies
aimed at reducing health inequities in diverse urban environments.

KEYWORDS

health geography, social determinants of health (SDOH), neighborhoods, health
disparities, public health

Neighborhood characteristics, encompassing both social and physical conditions, play
a critical role in influencing the health and well-being of individuals and communities (1).
This study focuses on the social context, particularly the socio-economic determinants of
health, as they serve as key intermediaries that impact health outcomes at both individual
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and population levels. The social fabric of a neighborhood is often
defined by its socio-economic and demographic composition,
typically measured through indicators such as median income
and the percentage of residents living below the poverty line.
These socio-economic factors are crucial as they shape access to
resources, exposure to stress, and overall living conditions, which,
in turn, significantly influence health outcomes (2-4).

Grounded in Neighborhood Effects Theory, which posits that
the characteristics of communities substantially influence the
health
neighborhood characteristics through the lens of Neighborhood
Position (SEP). SEP
dimensions, including income, education, and occupation, and

of their residents (5, 6), this study conceptualizes

Socioeconomic encompasses multiple
has been consistently linked to health outcomes across public
health literature. Numerous studies have established that lower
SEP is (7-9),

underscoring the critical role that socio-economic conditions play

associated with poorer health outcomes
in driving health disparities across different communities (10).

In New York City, neighborhoods are traditionally categorized
by various geographic delineations, such as Public Use Microdata
Areas (PUMAs), Community Districts (CDs), Neighborhood
Tabulation Areas (NTAs), Zip Code Tabulation Areas (ZCTAs),
and United Hospital Fund (UHF) (11) neighborhoods. Among
these, the UHF and CD designations are particularly prevalent in
health research due to their alignment with zip code-based data
commonly available in hospital records and other health datasets
(8, ). offer
administrative convenience, they may not be optimal for small-

However, while these broader delineations
area health outcome analysis or the effective allocation of public
health resources (4, 12). In fact, these broader units can obscure
nuanced health disparities that manifest at more granular levels,
such as the census tract level (4, 12).

A study by Kang et al. (13) highlighted the limitations of
traditional resource allocation methods, which often rely on
broad geographic delineations like

boroughs, potentially

overlooking significant health disparities within smaller
community districts. Their research, which analyzed data from
the NYC Department of Health and Mental Hygiene’s 2015
Community Health Profile reports, revealed considerable
variability in health outcomes across the city’s 59 community
districts. Kang et al.,, found that some districts with moderate
health disparities, particularly in Queens and Brooklyn, might
not receive adequate attention under conventional resource
allocation strategies that prioritize areas with more widespread
health Their
of utilizing small-area data to identify otherwise overlooked

health disparities.

issues. findings underscore the importance

Building on the findings of Kang et al., this study aims to
further refine our understanding of health disparities in
New York City by focusing specifically on coronary heart disease
(CHD) and hypertension. These conditions were selected not
) but
also because they are among the leading causes of morbidity and

only due to their significant impact on public health (14,

mortality in the United States. Their high prevalence and
association with socio-economic factors (16-18) make them

critical markers for assessing neighborhood-level health disparities.
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Hypertension and CHD are well-documented for their
robust association with neighborhood socioeconomic position
(SEP) (17, 19),
understanding how socioeconomic disparities manifest in

making them reliable indicators for
cardiovascular health.

Moreover, CHD and hypertension are often interrelated, with
shared risk factors such as obesity, diabetes, and lifestyle
behaviors that are influenced by neighborhood conditions
(19—

can indirectly account for the complex interplay between SEP

). By analyzing these two conditions together, the study

and their common co-morbidities, offering insights into the
broader implications for public health interventions.

Lastly, when the prevalence rates of hypertension and CHD do
not exhibit the expected inverse relationship with neighborhood
SEP, it suggests the presence of other influencing factors that
warrant further investigation. This targeted approach serves as a
process of elimination, signaling a need to investigate other
variables, such as environmental exposures or access to
healthcare, that may contribute to health disparities beyond what
is captured by SEP alone.

Our investigation was guided by two research questions:

1. How does the relationship between neighborhood SEP and
health outcomes (hypertension and CHD) vary across
different community districts? This question investigates the
variability in the SEP-health outcome relationship, exploring
how some districts may experience better or worse health
outcomes than expected based on their SEP.
exhibit
prevalence of hypertension and CHD than expected, even

2. Which community districts significantly higher
after accounting for neighborhood SEP? This question aims
to identify districts where health outcomes are worse than
predicted by SEP
with potential health disparities that warrant targeted public

alone, thereby pinpointing areas

health interventions.

To articulate the socioeconomic and spatial fabric of
New York City, our study implemented the Modified Darden-
(Darden-Kamal
Index) (4). This index harnesses a spectrum of publicly
available 2016-2020 American Community Survey (ACS) (24)
variables, specifically selected to provide a multifaceted and

Kamal Composite Socioeconomic Index

robust measure of socioeconomic position (SEP) at the census
were chosen based on their
their
potential impact on public health, and their ability to capture

tract level. The variables

demonstrated relevance to socioeconomic status,
diverse aspects of economic and social well-being. These

variables include:

1. Educational Attainment: The percentage of residents aged 25
and older with at least a bachelor’s degree. Higher educational
levels correlate with better health outcomes and greater
economic stability (25, 26).

2. Median Household Income: Reflecting the financial resources
available to families and individuals, this measure is a
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fundamental determinant of access to health-enhancing goods
and services (27, 28).

3. Employment in Managerial and Professional Roles: The
proportion of the workforce in higher-ranking occupations
serves as an indicator of job quality, income, and associated
health benefits (283).

4. Housing Value: The median value of owner-occupied housing
units, indicative of wealth accumulation and investment in
living conditions that can influence health (29).

5. Gross Rent: The combination of contract rent and utility costs,
reflecting the cost of living and the economic burden on
households (30, 31).

6. Homeownership Rates: Serving as a measure of stability and
long-term investment, homeownership is often linked with
improved health outcomes and community engagement (31, 32).

7. Poverty Level: The percentage of families below the poverty
threshold, which is directly associated with various adverse
health conditions and access to care (33).

8. Unemployment Rate: A key indicator of economic vitality,
unemployment has profound implications for mental health,
access to health care, and overall well-being (3).

9. Vehicle Ownership: Access to a vehicle is not only a marker of
economic status but also affects mobility, access to health
services, and employment opportunities (34).

Each variable contributes to a Composite Socioeconomic Index
(CSI) z-score (Formula 1) — for census tract i, the sum of z
scores for the SES variables j, relative to New York City SES;
NYC is New York City’s area; k is the number of variables in
the index; Vi j is the jth SEP variable for a given census tract i;
Vj NYC is the mean of the jth variable New York City; and S
(Vj NYC) is standard deviation of the jth variable in New York
City. After calculating the index score, the values were ranked
from least to greatest, which allowed me to divide the
New York City into five levels (i.e., ranges of SEP) with
boundaries at the 20th, 40th, 60th, and 80th percentiles
of the CSI This
categorization allowed for the division of census tracts of

(quintiles) frequency  distribution.
residence into five socioeconomic characteristic groups with
approximately equal proportions of the population in each
group: 1=very low socioeconomic position (VLSEP), 2 =low
3 =middle

socioeconomic position (LSEP), socioeconomic

10.3389/fenvh.2024.1426585

position (MSEP), 4 =high socioeconomic position (HSEP), and
(VHSEP).  After
calculating the SEP scores across New York City, Table |

5=very high socioeconomic position
details the spatial and social structures of New York City.

Formula 1 Composite Socioeconomic Index Formula.

k
Vi — Vinye
CSI § v TN
it =i S(Vinyc)

After assessing neighborhood SEP across New York City’s census
tracts, the publicly available CDC PLACES 2022 (35) dataset,
which provides data collected in 2020, was crucial for analyzing
the prevalence of chronic diseases at a detailed level within the
city’s community districts. The CDC PLACES 2022 dataset was
chosen for its temporal alignment with the ACS 2016-2020 data,
ensuring consistency in the analysis period. PLACES data offers
model-based estimates of key health outcomes, health behaviors,
preventive services, and chronic disease risk factors across all
counties, places, census tracts, and zip codes in the United States,
including essential indicators like hypertension and coronary
heart disease.

To integrate the CDC PLACES data with our socioeconomic
data, we utilized a data merging process in RStudio. Each census
tract-level health outcome from the CDC PLACES dataset was
the
socioeconomic position (SEP) score using 11-digit geographic

precisely matched with corresponding  neighborhood
identifiers (GEOIDs). This approach ensured accurate alignment
of health outcomes with specific socioeconomic conditions across
New York City. As highlighted in the introduction, this study
focuses on CHD and hypertension due to their significant public
health impact (14, 15) and their well-documented association with
socioeconomic factors (16-18, 20, 21). These conditions have been
thoroughly studied in relation to SEP, making them robust
influence health
outcomes. It suggests the presence of other underlying factors that

indicators of how socioeconomic factors
warrant further investigation, when hypertension and CHD
prevalence rates do not exhibit the expected inverse relationship
with neighborhood SEP.

The granularity of the CDC PLACES dataset was particularly
advantageous for our analysis, as it allowed us to assess health

disparities at the census tract level rather than at broader

TABLE 1 Spatial and social structure of New York City, based on the modified Darden-Kamel composite socioeconomic index (CSI): 2016-2020.

Socioeconomic characteristics

Neighborhood socioeconomic position (SEP)

Bachelor’s degree 65.18 39.94 33.57 28.16 18.69
% Unemployed 5.45 6.43 6.29 6.85 8.86
% Professional workers 64.76 44.96 37.97 31.84 23.34
Median household income 124,252.73 83,147.44 69,262.35 55,826.83 39,213.74
Median home value 1,080,276.18 697,258.55 664,236.20 623,390.67 475,598.00
Median gross rent 2,242.43 1,669.35 1,554.16 1,431.47 1,156.88
% Below poverty 5.19 9.40 12.32 15.70 23.13
% With vehicle 53.72 67.10 59.18 46.15 31.49
% Home ownership 50.85 52.92 42.36 28.72 12.72
SEP 1 = very low, SEP 2 =low, SEP 3 = middle, SEP 4 = high, and SEP 5 = very high.
Frontiers in Environmental Health 03 frontiersin.org
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geographic units, which can obscure important neighborhood level
variations. The reliability and comprehensiveness of the dataset
further enhanced the robustness of our findings, enabling us to
conduct a detailed examination of the relationship between
neighborhood SEP and This
integration of health outcomes and socioeconomic data facilitated
a detailed understanding of health disparities within the city’s

chronic disease prevalence.

community districts, supporting the study’s overall objective of
identifying health outcome variance across New York City’s
community districts.

2.1 Analysis

This study employs a linear mixed-effects model (LMM) to
analyze the relationship between neighborhood Socioeconomic
Position (SEP) and the prevalence of two critical health
outcomes: hypertension (BPHIGH) and coronary heart disease
(CHD) across New York City’s community districts. The analysis
was conducted in multiple steps, including data preparation,

10.3389/fenvh.2024.1426585

model fitting, and evaluation of interaction effects between SEP
and health outcomes.

2.1.1 Data preparation

The dataset was created by merging data from multiple sources,
including the 2016-2020 American Community Survey (ACS)
(24), Community District Tabulation Area Data (CDTA) from
the NYC Open Data portal (36), and the CDC PLACES 2022
release data (35), which were collected in 2020. Initially, ACS
data were merged with community district names listed in the
CDTA dataset using an 11-digit geographic identifier (GEOID)
as the match variable. After matching the community district
names to the ACS dataset there were 2337 observations. We
proceeded with merging the ACS and PLACES datasets. Non-
numeric characters were removed from the BPHIGH and CHD
crude prevalence rate columns to ensure that the data could be
accurately analyzed. Rows with missing SEP values were omitted,
resulting in a final dataset of 2,230 observations across 59
community districts, after excluding 97 rows due to missing SEP

FIGURE 1

Random Effect (Intercept)

NYC community districts with highest random effects. District Codes: Queens Village (413), East Flatbush (317), and Coney Island (313).
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FIGURE 2
Hypertension and coronary heart disease random effects slope intercept

values. Our decision to perform a complete case analysis resulted in
omitting 4.58% of observations from analysis.

The first model, a basic LMM, was designed to examine the
fixed effect of SEP on health outcomes while accounting for
random effects across community districts. The model included
SEP as a fixed effect and community districts as a random
intercept to capture the variability between different districts.

Formula 2 Linear Mixed-Effects Model.

yij = B0 + B1 SEPi + vj + €ij

yij represents the health outcome (e.g., hypertension or CHD)
for individual i in district j, B0 is the intercept, B; is the fixed
effect of SEP, yj is the random effect for district j, and €ij is the
residual error.

To explore how the relationship between SEP and health
outcomes varies across community districts, an interaction model
was fitted. This model included an interaction term between SEP
and the specific health outcomes (BPHIGH and CHD) to assess
whether the impact of SEP on each health outcome differed

Frontiers in 05

while also accounting for the potential confounding relationship
between CHD and hypertension (22, 23, 37-39). Importantly, the
model treated one health outcome (e.g., CHD) as a predictor
when the other (e.g., hypertension) was the outcome variable,
and vice versa. This approach helps determine if SEP influences
these conditions differently and clarifies how the interrelationship
between CHD and hypertension may affect the overall impact of
SEP on each health outcome.

Formula 3 Linear Mixed-Effects Model: SEP~Health Outcomes.

yij = B0 + PB1 SEPi + B2 Outcomei
+ PB3(SEPi x Outcomei) + vj + €ij

yij represents the health outcome (hypertension or CHD) for
individual i in community district j. B0 is the intercept, Pl
measures the effect of SEP, and B2 captures the effect of the other
health outcome (CHD when hypertension is the outcome, and
vice versa). The interaction term B3 (SEPix Outcomei) explores
whether the relationship between SEP and the outcome varies
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depending on the level of the other health outcome. vj accounts for
random effects specific to each community district, and e&ij
represents the residual error term.

In addition to modeling the main and interaction effects, the
analysis also concentrated on random effects at the district level.
These random effects were assumed to follow a normal
vj ~ N(0, oy2),
variance of the random effects across community districts. The

distribution: where 072 represents the
analysis involved extracting and scrutinizing the random
intercepts for each district to identify those with the most
significant deviations from the overall trend. While technically
any district with a random effect value above zero could be
considered high, our analysis focused on districts within the
top 10% of random effect values.

The identification of these key districts provides a critical
context for understanding how socioeconomic position (SEP)
influences health outcomes across different areas. Building on
this, further analysis was conducted to explore the relationship
between hypertension and CHD. By calculating the correlation
between the prevalence of these conditions within each
community district and relating it tohe mean SEP, we aimed to
uncover how variations in SEP might affect the interplay between
these two significant. health outcomes.

Formula 4 Correlation Analysis

and CHD.

Between Hypertension

p(Hypertension, CHD) = oHypertension
- aCHD Cov(Hypertension, CHD)

p is the Pearson correlation coefficient, Cov is the covariance
between hypertension and CHD, and ¢ represents the standard
deviations of these variables.

The analysis produced several key findings regarding the
relationship between SEP and the prevalence of hypertension and
CHD across New York City’s community districts.

3.1 Basic mixed-effects model

The basic LMM revealed a significant negative association
between SEP and both hypertension and CHD prevalence. The
fixed effects of the model showed that districts with higher
SEP levels had lower prevalence rates of both conditions.
Specifically, the fixed effect estimates for SEP levels 2 through
5 ranged from -1.90 to —5.23, indicating that as SEP
improves, the prevalence of hypertension and CHD decreases.
The model’'s R-squared (marginal R?>=0.017,
conditional R*=0.028) and an AIC of 31,037.43 suggest a
modest fit to the data, with much of the variability explained

values

by district-level differences.

Frontiers in

10.3389/fenvh.2024.1426585

3.2 Interaction model

The interaction model demonstrated that the relationship
between SEP and health outcomes is more complex than
suggested by the basic model. A significant interaction was found
between SEP and CHD prevalence (t-values ranging from 7.69 to
23.25 for different SEP levels), indicating that the effect of SEP
on CHD prevalence differs from its effect on hypertension. For
example, while SEP had a strong negative effect on hypertension
prevalence, this effect was moderated when considering CHD,
particularly in higher SEP levels. The interaction model showed a
much better fit (marginal R*=0.902, conditional R*=0.932,
AIC=20,737.68), highlighting the importance of considering
both health outcomes together.

3.3 District-Level random effects

The analysis identified Queens Village, Jamaica/Hollis,
Wakefield/Eastchester, East Flatbush, Ocean Hill/Brownsville, and
Coney Island as being within the top 10% of districts with the
highest random effects. Notably, three of these districts—Queens
Village, East Flatbush, and Coney Island (
highlighted by Kang et al. as areas at risk of being overlooked in

)—were also

public health resource allocation. These findings underscore
significant variability in the impact of SEP on health outcomes
within these districts, suggesting that factors beyond SEP alone
are contributing to the observed health disparities.

3.4 Correlation between hypertension and
CHD

The correlation analysis between CHD and hypertension
within each community district revealed a positive slope of 0.020,
indicating that as SEP increases, the correlation between these
). This finding
suggests that in higher SEP districts, hypertension and CHD are

two health outcomes also increases (

more closely related, possibly due to shared underlying risk
factors that become more pronounced in wealthier neighborhoods.

While this study contributes valuable insights into the
relationship between neighborhood Socioeconomic Position
(SEP) and health outcomes within New York City’s diverse
community districts, there are key limitations that should be
noted. Firstly, our investigation was confined to only two health
outcomes: hypertension and coronary heart disease (CHD).
Although this focus excludes other potentially relevant health
outcomes, it offers several significant advantages.

By concentrating on CHD and hypertension, the study
addresses two critical public health challenges that are leading
causes of morbidity and mortality in the U.S., particularly among
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racial and ethnic minorities who bear a disproportionate burden of
these conditions (40-42). Moreover, CHD and hypertension are
significant comorbidities (43, 44) associated with a range of other
chronic diseases, including obesity, kidney disease, and diabetes.
This focus allows the study to capture key indicators that reflect
broader health issues within the population.

For analytical purposes,

intentionally

CHD and hypertension were
their
association with neighborhood socioeconomic position (SEP).

selected because of well-documented
These conditions have been extensively studied in relation to
SEP, making them reliable indicators of how socioeconomic
factors influence health outcomes. Therefore, in instances where
hypertension and CHD prevalence rates do not display an
expected inverse relationship with neighborhood SEP, it suggests
that other factors may be at play and need further investigation.

This targeted approach enables a more precise examination of
the well-established associations between SEP and the specified
health conditions, contributing to a deeper understanding of how
socioeconomic disparities manifest in these areas. It also allows
for methodologically rigorous analysis, ensuring the reliability
and clarity of the results, and provides actionable insights that
can inform targeted public health interventions, particularly in
community districts where SEP alone does not fully account for
the high prevalence of these conditions.

While expanding the range of health outcomes studied could
provide a more comprehensive understanding of SEP’s impact on
public health, the focused analysis of CHD and hypertension lays
a strong foundation for future research. Future studies could
build on these findings by incorporating additional health
conditions, environmental exposures such as neighborhood-level
PM 2.5 estimates, and other socio-economic data such as in- and
out-migration trends across New York City. These factors are
crucial as they may further elucidate the pathways through which
SEP influences health outcomes, potentially uncovering more
complex interactions and helping to identify additional areas for
targeted public health interventions.

Secondly, the study’s analysis did not include controls for
individual-level confounders due to the nature of the data and
persistent limitations in accessing small-area health data. Key
demographic and socioeconomic factors such as race, age, sex,
income, and insurance status—each of which could significantly
influence health outcomes—were not accounted for in our
analysis. This limitation arises from the reliance on aggregate
health data at the census tract level, which does not provide a
breakdown by race, age, sex, or other critical variables.
Consequently, restricted access to individual census tract level
data limited our ability to conduct an analysis that incorporates
these important confounders. Including individual-level health
data at census tract level would enable a more detailed and
accurate assessment of the factors contributing to health
disparities across different neighborhoods.

Despite the outlined limitations, the findings from the linear
mixed-effects models offer significant insights into the
relationship between neighborhood Socioeconomic Position
(SEP) and the prevalence of hypertension and coronary heart

disease across New York City’s community districts. By
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employing both a basic model and an interaction model, this
study not only confirms the expected negative association
between SEP and these health outcomes but also uncovers
complexities that warrant further investigation.

The basic LMM model demonstrated a statistically significant
negative relationship between SEP and the prevalence of both
hypertension and CHD, indicating that as SEP increases, the
prevalence of these health conditions decreases. This finding is
consistent with existing literature, which shows that higher
socioeconomic status is generally linked to better health
outcomes. However, random effects analysis highlights that
certain community districts diverge from this overall trend,
suggesting that additional factors beyond SEP are influencing
The
random effects analysis partially compensates for the lack of

health outcomes in some districts more than others.

control of key confounders by effectively identifying districts
where the expected inverse relationship between SEP and the
studied health outcomes does not hold. Though this is not
ideal, it was the best option considering the limitations of the
aggregate health dataset.

The interaction model provided a deeper understanding of how
the relationship between SEP and health outcomes varies between
hypertension and CHD. The inclusion of an interaction term
between SEP and health outcomes revealed that the negative effect
of SEP on CHD prevalence is more pronounced than on
hypertension. This suggests that socioeconomic factors might play
a more critical role in mitigating CHD compared to hypertension.
The model’s strong goodness-of-fit metrics (R*=0.90 for the
marginal model and R*=0.93 for the conditional model) further
support the importance of considering the interplay between SEP
and specific health outcomes.

Random effects analysis identified Queens Village, Jamaica/
Hollis, Wakefield/Eastchester, East Flatbush, Ocean Hill/
Brownsville, and Coney Island as falling within the top 10% of
districts with the highest random effects. Notably, three of these
districts—Queens Village, East Flatbush, and Coney Island—were
also highlighted by Kang et al. as areas at risk of being
overlooked in public health resource allocation. The overlap
between the findings of this study and those of Kang et al.
underscores the need for a more granular approach to analyzing
health disparities. Another possibility to consider is that these
findings could suggest that districts with high random effects
tracts) with
disproportionately high prevalence of CHD and hypertension

may contain a few neighborhoods (census
and these neighborhoods could significantly contribute to the
overall high random effect observed at the district level. While
Kang et al. focused on districts with moderate disparities that
might be neglected under broader resource allocation strategies,
the current study adds depth by indicating that in the moderate
disparity districts, the drivers of health disparities may not be as
closely tied to socioeconomic factors as in high disparities
districts. By concentrating on hypertension and coronary heart
disease—conditions strongly influenced by SEP, as supported by
the findings of this study and previous studies— it is reasonable
to presume that the outlier high random effects districts are
unique cases. Therefore, a qualitative case study of Queens
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Village, East Flatbush, and Coney Island is recommended to
further explore these findings.

This observation is a key contribution to the current research.
It suggests that public health officials and policymakers should
investigate neighborhood characteristic variability of the
highlighted community districts more closely to identify other
underlying factors that may be contributing to poor health
Possible could

environmental toxins, access to healthcare, social cohesion, or

outcomes. factors include exposure to
other neighborhood-specific variables that are not captured by
SEP. By providing this more refined analysis, the study offers a
potential starting point for targeted public health interventions,
especially in districts where SEP does not significantly account
for the observed health disparities.

This study advances health disparities research by identifying
specific districts where the causes of poor health outcomes are
likely multifaceted and not solely attributable to socioeconomic
factors. This refined focus can help direct more precise public
health efforts, ensuring that interventions are tailored to the
unique needs of each district and addressing the root causes of

health disparities more effectively.
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