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Abstract 
Neighborhood socioeconomic context where Latinx children live may influence body weight status. Los Angeles County 
and Orange County of Southern California both are on the list of the top ten counties with the largest Latinx population in 
the USA. This heterogeneity allowed us to estimate differential impacts of neighborhood environment on children’s body 
mass index z-scores by race/ethnicity using novel methods and a rich data source. We geocoded pediatric electronic medical 
record data from a predominantly Latinx sample and characterized neighborhoods into unique residential contexts using 
latent profile modeling techniques. We estimated multilevel linear regression models that adjust for comorbid conditions 
and found that a child’s place of residence independently associates with higher body mass index z-scores. Interactions 
further reveal that Latinx children living in Middle-Class neighborhoods have higher BMI z-scores than Asian and Other 
Race children residing in the most disadvantaged communities. Our findings underscore the complex relationship between 
community racial/ethnic composition and neighborhood socioeconomic context on body weight status during childhood.

Keywords  Children · Electronic medical records · Latent profile analysis · Latinx · Neighborhoods · Obesity

Introduction

Childhood obesity is a major public health challenge in the 
USA [1]. The prevalence of obesity among children aged 2–19 
varies by race/ethnicity, and the number of Latinx children 
and adolescents who are presenting with obesity is increasing 

[2–4]. Latinx youth represent one-quarter of the entire popula-
tion of children under the age of 18 in the USA and are dispro-
portionally burdened by obesity [5, 6]. A continuing rise in the 
prevalence of obesity among Latinx children is a serious con-
cern because an excess of body fat is associated with adverse 
effects on health that may persist into adulthood such as 
hypertension, prediabetes and diabetes mellitus, sleep apnea, 
asthma, and depression [1, 6–8]. Although the prevalence var-
ies among Latinx Americans of different ethnic backgrounds 
regardless of origin group, Latinx adults are more likely to be 
diagnosed with these medical conditions, as compared to their 
non-Latinx White counterparts [9–13].

Unhealthy weight gain develops from a chronic, posi-
tive energy balance through an interplay of genetic, bio-
logical, behavioral, socioeconomic, and environmental 
factors [14–16]. For example, underlying medical causes 
such as poisoning, infections, respiratory or heart disease, 
and immune system, central nervous system, or endocrine 
system dysfunction may lead to obesity [17–23]. Also, chil-
dren from low socioeconomic status (SES) families are more 
likely to be diagnosed with obesity, and, predictably, this 
is true among Latinx youth in general and in California, 
specifically [24, 25]. Relatedly, the consumption of high-
calorie foods with little-to-no nutritional value and the 
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chronic psychosocial stress brought on by having limited 
economic resources influence weight trajectories among 
Latinx children [26–28]. Moreover, the neighborhood socio-
economic environment where Latinx children live influences 
body weight status, and neighborhoods with predominately 
racial/ethnic minority residents have higher levels of pov-
erty and lower levels of education, which are independently 
associated with childhood obesity [29–35]. Notably, data 
indicate that living in either a low-SES household or a low-
SES neighborhood is enough to increase the risk of child 
obesity [36]. Multiple domains of the social neighborhood 
environment also are relevant to the development of over-
weight and obesity [37]. For example, social cohesion and 
collective socialization and trust in Latinx communities are 
some of the more pertinent factors because they can impact 
norms regarding diet and physical activity [38]. Regarding 
the home and family environment, the parents of Latinx 
youth tend to underestimate their child’s weight status and 
perceive their child as “normal” weight even when the child 
is classified as overweight or obese according to body mass 
index (BMI) categories [39]. Taken together, these multiple 
influences enhance the risk for obesity among children in 
general, as well as in Latinx children specifically, a popula-
tion where prevalence is increasing especially rapidly [2–6].

Obesity is a multifactorial disease, and thus, we need to 
appreciate fully the relevance of how socioenvironmental 
factors like residential context combine to associate with 
increased body weight. As but a single example, findings 
from the Moving to Opportunities Study conducted by the 
Department of Housing and Urban Development indicate 
that relocation to a low-poverty census tract led to lower 
obesity prevalence [40]. One way to address the significance 
of multifactorial neighborhood-level determinants of obesity 
is to use novel methods on unique populations to draw out 
the extent to which distinctive residential contexts give rise 
to social patterning that produces variation in obesity preva-
lence [31, 32]. Indeed, our data source allows us to overcome 
some of the methodological challenges plaguing the current 
literature, including an objective collection of height/weight 
measures, access to medical diagnoses, adequate sample 
size and number of children per residential tract, and racial/
ethnic diversity [41]. Specifically, we geocoded pediatric 
medical record data for residents in Southern California, a 
geographical area with the largest Latinx population in the 
USA [42]. Moreover, as a geographic setting, Los Ange-
les County has the nation’s largest Latinx population, while 
Orange County ranks tenth among the counties with the larg-
est Latinx population in the USA [42]. We took advantage 
of this heterogeneity to estimate the differential impacts of 
neighborhood context on children’s BMI z-scores. First, we 
explored the relationship between neighborhood context and 
BMI z-scores. Given past work demonstrating an association 
between neighborhood socioeconomic status and children’s 

body weight, we expected that neighborhood disadvantage 
would associate with heightened BMI z-scores. In addition, 
we expected race/ethnicity would moderate the association 
between neighborhood context and BMI z-scores, and that 
Latinx children will have higher body weight relative to 
other race/ethnicities irrespective of contextual factors.

Methods

Data Sources

We use a compilation of data from multiple sources. We 
extracted electronic medical records (EMR) data from chil-
dren (n = 53,735) between the ages of 0 and 18 admitted 
between June 2013 and June 2018 as inpatients across a 
variety of care settings. EMR data were excluded for pediat-
ric cancer patients (n = 1319), those without complete body 
mass index (BMI) measures (n = 3921), and outlier patients 
for the length of stay (n = 529) [40]. Patient addresses from 
the remaining EMR data were geocoded and linked to the 
corresponding residential Census tract. To capture the 
appropriate time period for analysis, neighborhood meas-
ures were assigned to children temporally by first taking 
the child’s address from the electronic medical record at the 
time of their height and weight measurement. Then, we used 
5-year ACS estimates for the census tracts which “surround” 
the timing of the child’s records. In this way, the 5-year ACS 
estimates characterize the child’s area within that 5-year 
period. As previously done, we used Census tracts to rep-
resent neighborhoods [43]. Social and economic indicators 
were extracted from the 2014–2018 American Community 
Survey (ACS) data. We excluded observations unmatched 
to Federal Information Processing Series (FIPS) Codes 
(n = 7610), those living in Census tracts with fewer than 20 
children per tract (n = 32,234), and children living outside of 
California (n = 90), resulting in a total sample size of 8092 
children nested within 672 census tracts or neighborhoods.

Variables

The key outcome is age- and sex-specific BMI z-score (i.e., 
the number of standard deviation (SD) units that the child’s 
BMI deviates from the age- and sex-normed mean reference 
value, based on the 2000 Center for Disease Control (CDC) 
Growth Charts: USA) [44, 45]. We included all covariates 
available to us from the EMR to represent the child and famil-
ial characteristics. Sociodemographic characteristics include 
age at the time of visit, sex (1, girl; ref.; 2, boy), race/ethnic-
ity (1, Latinx, ref.; 2, non-Latinx White; 3, non-Latinx Black; 
4, Asian; 5, Other Race), and insurance type (1, Private, ref.; 
2, Public (e.g., MediCare or MediCal)) as a proxy for socio-
economic status (SES) [31, 46–48]. Other measures include 
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admission type (1, elective, ref.; 2, emergency; 3, other (i.e., 
urgent care or accident)); and diagnosis based on ICD9/10 
codes (0, absence of diagnosis; 1, presence of diagnosis), 
including bacterial and viral infection (A00-A99), diseases of 
the blood and blood-forming organs, and disorders involving 
immune mechanisms (D50-D89), endocrine, nutritional and 
metabolic diseases (E00-E89), ref., diseases of the circula-
tory system (I00-I99), nervous system diseases (G00-G99), 
congenital malformations, deformations and chromosomal 
abnormalities (Q00-Q99), diseases of the digestive system 
(K00-K95), diseases of the genitourinary system (N00-
N99), diseases of the musculoskeletal system (M00-M99), 
diseases of the respiratory system (J00-J99), injury, poison-
ing, and certain other external consequences (S00-T88), and 
other diagnoses (H00-H59, L00-L99, O00-O9, P00-P96, 
Z00-Z99). We also included length of stay (mean = 3.82; 
Std. Dev. = 5.95) and patient maximum pain assessed by 
healthcare providers throughout the child’s hospital stay 
using several developmentally and situationally appropriate 
measurement tools, including faces, legs, activity, cry, and 
consolability scale, faces pain scale, numeric rating scale, 
and neonatal pain, agitation and sedation scale (range from 
0, no pain to 10, severe pain). Social and economic indi-
cators of the child’s neighborhood of residence come from 
the ACS and include community-level education (% adults 
with < 12 years of education; % adults with 12 years of edu-
cation; % adults with > 12 years and < 16 years of education; 
% adults with 16 years of education; % adults with 18 years 
of education; % adults with > 18 years and < 21 years of edu-
cation), median community-level income, percent of female-
headed households, percent receiving public assistance, per-
cent in poverty, percent of homes in the tract that are rented, 
and racial/ethnic composition measured by percent of major 
racialized categories (% non-Latino White; % non-Latino 
Black; % Latinx; % Asian; % Other Race). After testing the 
cross-level assumption that the random effect of the intercept 
is correlated with a level 1 measure, using a Hausman test, 
we uncovered that some unobservable neighborhood charac-
teristics relegated to the error term are correlated with some 
observable patient characteristics. We tested for correlations 
between neighborhoods and patient-level characteristics and 
found that the offending explanatory measures were race/

ethnicity and insurance type. Then, we computed neighbor-
hood aggregates of these patient-level characteristics (i.e., 
means of race/ethnicity and insurance type) to control for 
neighbor effects and included these measures at level 2 in 
our fully specified models [49].

Statistical Analysis

We first used latent profile analysis (LPA) to group neigh-
borhoods into clusters based on the above-listed socioeco-
nomic indicators extracted from the ACS, which are often 
used to define a child’s neighborhood of residence [50, 51]. 
Using MPlus 8.8 software, we estimated a 1-profile model in 
a type I covariance structure and fit successive models with an 
increasing number of profiles to characterize neighborhoods 
[52, 53]. We used entropy and theoretically driven evidence 
to select the most appropriate number of profiles and further 
evaluated model fit with AIC, BIC, a-BIC, and loglikelihood 
values to identify the most parsimonious model. Specifically, 
our substantive neighborhood cluster interpretations are based 
on theoretical neighborhood stratification observed across the 
USA (i.e., upper class, middle class, working class, and dis-
advantaged communities). The stability of our 4-profile solu-
tion was verified by model fit statistics wherein we stopped 
adding profiles once the model fit indicators began to increase 
and the entropy levels began to decrease (Table 1). Given our 
data, analyses indicated that neighborhoods are most appro-
priately captured by a 4-profile solution (Table 1). Figure 1 
displays the patterning of neighborhood-level characteristics 
by LPA-generated neighborhood profiles. We standardized 
all measures for this figure by converting median household 
income to the ratio of income to poverty using 2016-inflation 
adjusted dollars for a 3-person household.

We then test the influence of distinct neighborhoods on 
children’s BMI z-scores using multilevel linear regression 
modeling with Stata 16.1 software [54]. This technique 
treats level-1 children as nested within level-2 neighbor-
hoods and neutralizes the lack of independence of data 
within higher groups. Our modeling approach uses adap-
tive quadrature to adjust for problems that otherwise down-
wardly bias estimated standard errors, including different 
sample sizes for level-1 and level-2 units, clustering within 

Table 1   Model fit & usefulness 
information for LPAs with 1−5 
latent profiles

Source: Data are from electronic medical records and the 2014−2018 American Community Survey. Note: 
Bolded row indicates the most parsimonious model

Classes AIC BIC a-BIC LL LL p-value Entropy

1 2949364.575 2949654.352 2949539.946 –1474646.29 0.000 1.00
2 2866031.981 2866474.696 2866299.908 –1432960.99 0.000 0.93
3 2816267.306 2816862.958 2816627.789 –1408059.65 0.000 0.92
4 2781335.073 2782083.663 2781788.113 –1390574.54 0.000 0.95
5 2815388.178 2816289.707 2815933.774 –1407582.09 0.333 0.91
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Fig. 1   Descriptive neighbor-
hood-level characteristics by 
LPA-generated neighborhood 
profiles
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neighborhoods, variable numbers of cases within level-2 
units, and heteroscedastic error terms [55]. We performed a 
series of conditional models that first included the covariates 
of a child- and family-level predictors (age, sex, race/ethnic-
ity, insurance type, admission type, diagnosis, length of stay, 
patient-reported pain levels) to test the influence of child and 
family factors on children’s BMI z-scores. In the next set of 
models, we included the LPA-constructed neighborhoods 
and neighborhood averages of race/ethnicity and insurance 
status at the neighborhood level (and a neighborhood-level 
error component) along with the child- and family-level pre-
dictors and an individual error term. In our last set of mod-
els, we included interactions between the LPA-constructed 
neighborhoods and race/ethnicity at the child/family level 
to determine whether race/ethnicity moderates the associa-
tion between neighborhood disadvantage and the expected 
heightened BMI z-scores for Latinx children.

Results

We display how the four neighborhood profiles cluster 
across the area of study in Fig. 2. We assigned the follow-
ing labels: Advantaged, Middle-Class, Working-Class, and 
Disadvantaged based on the descriptive characteristics. The 
advantaged neighborhood profile is largely concentrated 
in east Orange County, north-west Riverside County, and 
north-west San Diego County regions. As shown in Table 2, 
Advantaged neighborhoods have the highest median house-
hold income ($130,461), the highest overall levels of edu-
cation (31% of residents have at least 16 years of educa-
tion), and the lowest percentage of people living in poverty 
(8%). The Disadvantaged communities make up the areas 

around north-west Orange County and central Riverside 
County regions and score the worst on nearly every indica-
tor. These communities have the lowest median household 
income ($41,470), the lowest education levels (48% of adult 
residents lack a high school degree), and the highest propor-
tion of the population in poverty (29%).

We show descriptive information for the child and fam-
ily characteristics overall, and by neighborhood context in 
Table 3. The average overall BMI is 0.38 SDs above the 
national reference. However, the majority of children fall 
at or below the 67th percentile, or in the “Healthy Weight” 
category. Children living in Advantaged neighborhoods have 
0.02 SDs below the mean while those residing in Disadvan-
taged neighborhoods have 0.65 SDs above the mean. The 
mean age for the entire sample was 9.80 years, with children 
in Advantaged neighborhoods slightly older than those in 
other neighborhood types. In Fig. 3, we show that, although 
there is some clustering of children of specific race/ethnic-
ity across neighborhoods, each racial/ethnic group is repre-
sented within each neighborhood. As displayed in Table 3, 
children admitted to the emergency department and present-
ing with diseases of the digestive system are slightly over-
represented in Disadvantaged neighborhoods compared to 
those residing in other neighborhoods.

Results from our multilevel linear regression models pre-
dicting BMI z-scores are shown in Table 4. Model 1 partitions 
the total variation in BMI z-scores into within- and between-
neighborhood variance. Model 2 only included the child/
family-level characteristics (age, sex, race/ethnicity, insurance 
type, admission type, diagnosis, length of stay, patient-reported 
pain levels). Model 3 includes the LPA-generated neighbor-
hoods. Fully specified Model 4 includes the interaction terms 
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by race/ethnicity and neighborhood profiles. The random 
effects estimated across all models indicate significant varia-
tion in pediatric BMI z-scores across neighborhoods.

In Model 1, intraclass correlation from an unconditional 
model reveals that around 20% of the variation in children’s 
BMI z-scores is attributed between neighborhoods. In Model 2, 
we see that non-Latinx white (− 0.32; 95% CI: − 0.44 −  − 0.19), 
non-Latinx black (− 0.34; 95%CI: − 0.58 −  − 0.09), and 
Asian children (− 0.56; 95%CI: − 0.72 −  − 0.39), relative 
to Latinx, have lower BMI z-scores. Each additional year in 
age significantly increased BMI z-scores by 0.03 SD units 
(95% CI: 0.02 − 0.03). Publicly insured children (0.15; 95% 
CI: 0.05 − 0.26) and those with diseases of the genitouri-
nary system (0.19; 95% CI: 0.04 − 0.35) and higher pain 
levels (0.04; 95% CI: 0.03 − 0.05) have higher BMI z-scores, 
whereas children with longer lengths of stay (− 0.01; 95% 
CI: − 0.02 −  − 0.01), congenital malformations, defor-
mations and chromosomal abnormalities (− 0.33; 95% 
CI: − 0.46 −  − 0.20), and diseases of the musculoskeletal sys-
tem and connective tissues (− 0.15; 95% CI: − 0.28 −  − 0.01) 
have lower BMI z-scores. In Model 3, accounting for neighbor-
hood profiles slightly attenuates the racial/ethnic and socio-
economic differences in BMI z-scores indicating that some 
of the lower BMI z-scores for non-Latinx white, non-Latinx 
black, and Asian children, relative to Latinx, and higher BMI 
z-scores for publicly insured children, are due to the neigh-
borhood environment. Model 3 largely mirrors Model 2 in 
other child/family-level factors and further shows that higher 

levels of neighborhood disadvantage independently associate 
with higher BMI z-scores. More specifically, children housed 
in Disadvantaged neighborhoods have 0.19 SDs higher BMI 
(95% CI: 0.02 − 0.36) compared to those living in Middle-
Class communities. Finally, we examined whether race/ethnic-
ity moderates the influence of neighborhood context on BMI 
z-scores. Model 4 indicates an interaction between neighbor-
hoods and race/ethnicity. Specifically, we find that Latinx chil-
dren living in Middle-Class neighborhoods have higher BMI 
z-scores than Asian (− 0.79; 95% CI: − 1.47 − 0.12) and Other 
Race (− 0.47; 95% CI: − 0.89 −  − 0.05) children living in the 
most disadvantaged communities.

Discussion

This is the first study to date that employed LPA to detail 
how neighborhood context matters differently for children’s 
body weight status in a predominantly Latinx sample. We 
extracted EMR data from pediatric patients living in South-
ern California, a geographic setting with the largest Latinx 
population in the USA [42]. Importantly, we controlled for 
comorbid conditions like endocrine, nutritional, and meta-
bolic diseases, as well as chromosomal, cardiovascular, pul-
monary, neurological, musculoskeletal, and digestive system 
disorders that otherwise would bias estimates [7, 14–23]. 
Specifically, we generated neighborhood typologies based 
on social and economic indicators extracted from the ACS 

Fig. 2   Neighborhood profiles 
by census tracts, Southern 
California
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and found that the residential socioeconomic environment is 
associated with heightened BMI z-score. Our finding is con-
sistent with published studies, but other researchers failed to 
account for underlying diagnoses that could introduce bias. 
Thus, in line with our expectations, using a diverse sam-
ple and accounting for important comorbid conditions, we 
show that a child’s neighborhood of residence independently 
associates with higher BMI z-scores. This could be driven 
by the overall higher incidence of overweight and obesity in 
the USA among Latinx youth, combined with compound-
ing neighborhood-level determinants such as the absence 
of a health-promoting infrastructure that led to the greater 
prevalence of higher BMI [2–4, 31–37].

Our findings support previous reports that race/ethnicity 
moderates the association between LPA-constructed neigh-
borhoods and children’s body weight. Specifically, here, we 
found that Latinx children living in more advantaged neigh-
borhoods had higher BMI z-scores than Asian and Other 
children residing in the most disadvantaged communities. 
These results are troublesome given that a wealth of litera-
ture supports the notion that with affluence a child’s risk of 

presenting with obesity declines. Vis-à-vis individual-level 
indicators, the variation in children’s body weight associ-
ates with age, sex, race/ethnicity, SES, physical activity 
level, screen-time viewing, and sleep duration/bedtime 
[56–59]. Family-level, obesity-relevant factors include fam-
ily physical activity, family mealtimes, food insecurity, and 
the income-to-need ratio [60–62]. The relationship among 
individual characteristics, in-home practices, and child obe-
sity, however, is complicated by the influence of neighbor-
hood-level descriptors [31–37]. For example, neighborhood 
median income modifies the association between a child’s 
BMI z-score and proximity to fast-food restaurants [63]. 
More specifically, the proximity to “unhealthy” food estab-
lishments has a stronger adverse effect on body weight sta-
tus in lower-income neighborhoods, compared to the effect 
on residents of more affluent communities [63]. Thus, we 
need to optimize and implement a range of long-term, mul-
ticomponent intervention programs that focus on the early 
prevention of obesity. For example, a 3-year-long multilevel 
approach to reduce obesity among low-income, primarily 
Latinx children in Northern California, did show some 

Table 2   Descriptive neighborhood-level characteristics by LPA-generated neighborhood profiles

Source: Data are from the 2013–2018 electronic medical records and the 2014–2018 American Community Survey (ACS)
Significance is evaluated using one-way MANOVA with the neighborhood variables as the dependent variables and LPA neighborhood type as 
the independent variable

Advantaged Middle-Class Working-Class Disadvantaged Diff

95% CI 95% CI 95% CI 95% CI

Socioeconomic proportions
  Median income (in $10 K) 130.46 (128.64–133.32) 79.83 (78.86–81.36) 56.78 (56.14–57.78) 41.47 (40.67–42.72)  < .001
  % adults < 12 years of education 4.83 (4.70–5.04) 6.96 (6.41–6.97) 24.54 (24.32–25.95) 47.63 (47.28–48.96)  < .001
  % adults = 12 years of education 9.23 (9.19–9.67) 20.96 (20.62–21.44) 28.10 (27.89–28.48) 25.00 (24.69–25.49)  < .001
  % adults > 12 and < 16 years of 

education
21.05 (21.02–21.86) 36.73 (36.27–36.94) 28.04 (29.05–31.05) 16.30 (16.18–20.04)  < .001

  % adults = 16 years of education 36.25 (36.03–36.60) 22.06 (21.66–22.67) 12.05 (11.78–12.48) 6.30 (6.26–6.72)  < .001
  % adults = 18 years of education 18.86 (18.58–19.31) 8.25 (8.08–8.52) 4.07 (3.95–4.24) 2.23 (2.15–2.34)  < .001
  % adults > 18 and < 21 years of 

education
4.74 (4.59–4.97) 2.83 (2.77–2.92) 1.70 (1.65–1.78) 1.37 (1.29–1.49)  < .001

  % adults = 21 years of education 5.04 (4.92–5.23) 2.21 (2.16–2.29) 1.50 (1.44–1.60) 1.17 (1.16–1.42)  < .001
  % receiving public assistance 3.98 (3.87–4.16) 7.31 (7.11–7.62) 15.29 (14.96–15.82) 25.09 (24.54–26.21)  < .001
  % female-headed households 5.02 (4.92–5.19) 7.19 (7.05–7.42) 12.19 (11.94–12.57) 17.43 (17.01–18.10)  < .001
  % of residents in poverty 7.84 (7.61–8.20) 10.60 (10.35–10.99) 17.96 (17.59–18.53) 29.03 (28.30–30.18)  < .001
  % of homes renter occupied 35.68 (34.81–37.06) 64.66 (35.72–37.67) 51.93 (51.13–53.17) 66.46 (65.43–68.09)  < .001

Racial/ethnic composition
  % Non-Latinx White 67.58 (67.00–68.50) 58.39 (57.81–59.29) 31.41 (30.76–34.43) 20.11 (20.38–23.26)  < .001
  % Non-Latinx Black 4.17 (4.54–5.09) 4.48 (4.17–4.95) 5.72 (5.32–5.35) 5.69 (5.26–5.37)  < .01
  % Latinx 1.79 (1.52–1.22) 14.14 (13.67–14.89) 40.73 (40.43–46.77) 55.93 (50.67–56.37)  < .001
  % Asian 21.89 (21.37–22.72) 14.96 (14.52–15.64) 12.82 (12.35–13.56) 7.73 (6.89–7.93)  < .001
  % Other Race 4.47 (4.32–4.70) 8.22 (8.02–8.55) 9.45 (9.72–9.60) 10.58 (10.89–15.65)  < .001

Neighborhoods n =  94 198 218 162
Children n =  1159 1749 2265 2838
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promise for reducing weight gain [64]. Also, it is noteworthy 
that combined nutrition–physical activity initiatives, like The 
California Endowment’s Healthy Eating, Active Communi-
ties program, can be effective at preventing and reducing 
childhood obesity in low-income communities [65].

Published studies do offer insight into community-level 
factors that enhance susceptibility to obesity among children 
from socially vulnerable groups. For example, neighborhood 

safety influences the amount of physical activity and screen 
time [66, 67]. Also, poor adherence to physical activity 
recommendations among low-income Latinx women is 
a predictor of excessive gestational weight gain, which is 
independently associated with infant birthweight percentile 
[68, 69]. With regard to children, racial/ethnic differences 
exist across different groups in terms of physical activity 
and sedentary behaviors overall, and Latinx, compared to 

Table 3   Means and standard deviations (SD) for independent and dependent variables overall and by neighborhood profile

Source: Data are from the 2013–2018 electronic medical records and the 2014–2018 American Community Survey (ACS)
Asterisks indicate significance difference evaluated using two-tailed independent means t-test

Overall Advantaged Middle-Class Working-Class Disadvantaged Sig

Mean or % SD Mean or % SD Mean or % SD Mean or % SD Mean or % SD

Dependent variable
  BMI z-scores 0.38 1.49  − 0.02 1.31 0.17 1.65 0.41 1.49 0.65 1.41  < .01

Independent variables
  Sociodemographic
    Age 9.80 4.90 10.34 4.83 9.44 5.01 9.77 4.82 9.86 4.91  < .01
    Sex
      Girl 48.00 0.50 40.38 0.49 49.80 0.50 48.96 0.50 50.00 0.50
      Boy 52.00 0.50 59.62 0.49 50.20 0.50 51.04 0.50 50.00 0.50
    Race/ethnicity
      Latinx 56.90 0.50 9.58 0.29 30.65 0.46 69.58 0.46 82.70 0.38  < .001
      Non-Latinx White 15.24 0.36 33.91 0.47 28.30 0.45 7.68 0.27 4.97 0.22  < .001
      Non-Latinx Black 3.42 0.18 3.80 0.19 4.46 0.21 5.87 0.24 0.70 0.08
      Asian 9.76 0.30 19.50 0.40 19.56 0.40 6.53 0.25 2.40 0.15  < .001
      Other Race 14.68 0.35 33.22 0.47 17.04 0.38 10.33 0.30 9.23 0.27  < .05
    Health insurance
      Private 28.92 0.45 77.57 0.42 47.28 0.49 15.89 0.37 7.61 0.27  < .001
      Public 71.08 0.45 22.43 0.42 52.72 0.49 84.11 0.37 92.39 0.27  < .001
  Patient characteristics
    Admission type
      Elective 32.13 0.47 36.84 0.48 43.97 0.50 28.52 0.45 25.33 0.44  < .05
      Emergency 35.15 0.48 28.90 0.45 27.90 0.45 37.75 0.49 40.35 0.49  < .05
      Other 32.72 0.49 34.25 0.47 28.13 0.45 33.73 0.47 34.32 0.47
    Diagnosis
      Bacterial and viral infection 10.58 0.31 10.09 0.30 8.75 0.28 11.79 0.32 11.03 0.31  < .05
      Diseases of the blood 15.90 0.37 17.69 0.38 19.44 0.40 17.84 0.38 11.56 0.32  < .001
      Endocrine and metabolic 17.47 0.38 15.53 0.36 21.10 0.41 18.37 0.39 14.69 0.35  < .001
      Circulatory system 6.59 0.25 6.13 0.24 6.40 0.24 7.64 0.27 6.10 0.24
      Nervous system 16.82 0.37 17.95 0.38 20.81 0.41 17.00 0.38 13.78 0.34  < .001
      Congenital and chromosomal 11.96 0.32 11.22 0.32 13.21 0.34 11.52 0.32 11.95 0.32
      Digestive system 19.43 0.40 15.70 0.36 16.87 0.37 20.22 0.40 21.92 0.41  < .001
      Genitourinary system 6.06 0.24 6.04 0.24 4.75 0.21 6.75 0.25 6.38 0.24
      Musculoskeletal system 9.03 0.29 8.46 0.28 8.06 0.27 11.08 0.31 8.28 0.28  < .01
      Respiratory system 17.85 0.38 17.00 0.38 18.07 0.39 18.59 0.39 17.62 0.38
      Trauma, injury, poisoning 9.56 0.29 9.92 0.30 6.23 0.24 10.82 0.31 10.54 0.31  < .001
      Other diagnoses 35.26 0.48 39.78 0.49 31.79 0.47 34.75 0.48 35.66 0.48  < .01
    Length of stay 3.67 5.35 3.44 5.02 3.27 4.99 3.93 5.60 3.84 5.47  < .01
    Pain-level 4.48 3.51 4.12 3.49 4.01 3.42 4.74 3.58 4.68 3.47  < .01
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non-Latinx Black and non-Latinx White, children were 
found to participate in the least physical activity [70–73]. 
Crucially, the neighborhood context does impact girls and 
boys in a different way in terms of health benefits [31]. 
Relatedly, similar findings have been reported with regard 
to race/ethnicity. In Los Angeles County, for example, WIC-
participating children across levels of neighborhood poverty 
are less likely to develop obesity, yet the prevalence of obe-
sity remains higher among Latinx WIC-enrolled children 
compared to those who are non-Latinx White, non-Latinx 
Black, or Asian [74, 75]. Additionally, the neighborhood’s 
social and cultural fabric is yet another obesogenic factor. 
Indeed, the interplay of social group norms and networks 
like peers, school teachers, and digital mass media exposure 
informs acceptable ranges of body size and contributes to 
weight gain among Latinx youth [76–78]. Overall, data show 
that there is an immense disparity in the rates of pediatric 
overweight and obesity among racial/ethnic groups [4, 79]. 
Hence, intervention programs and public policies should 
include a multicomponent approach that targets parental 
behaviors, family patterns, household conditions, and the 
built and social infrastructure of communities [64, 65].

Our study, though informative, is not without limitations. 
We are constrained by the limited individual- and family-
level variables available in the EMR data that are typically 
used for administrative purposes. For example, prior work 
indicates that children of immigrant parents present with 
higher levels of overweight, but we do not have informa-
tion on immigration status nor origin group [80, 81]. Still, 
we included all covariates available to us in the EMR data 

known to associate with children’s body weight. Moreo-
ver, we use a public–private insurance dichotomization as 
a proxy measure for SES. We acknowledge that it is not 
ideal to use insurance type as a proxy for SES, but publicly 
provided health care coverage like Medicaid is only obtain-
able by children who meet stringent income criteria, with 
the exception of those with certain medical conditions [82]. 
Still, insurance coverage does have reasonable validity and 
reliability when used as a marker for individual-level SES 
[31, 32, 46–48]. Other scholars should test the reliability 
of our findings by using a more comprehensive set of indi-
vidual- and family-level covariates known to associate with 
children’s body weight, including but not limited to nativ-
ity status, cultural differences, or parental education and 
income. Similarly, the cross-sectional nature of our data that 
are restricted to Los Angeles County and Orange County 
in Southern California limits the scope of our analyses. 
Nonetheless, this geographic setting has the largest Latinx 
population in the USA, which provides a unique opportu-
nity to estimate the differential impacts of comprehensive 
neighborhood profiles on BMI z-scores in a diverse group of 
children [42]. Also, we used census tracts to represent neigh-
borhoods. Census tracts are by no means a perfect opera-
tionalization of residential environments, but they remain 
a useful spatial entity available to us in the approximation 
of a neighborhood [30–32, 43]. Certainly, using addresses 
instead of zip codes provides a more robust spatial unit of 
analysis [37]. Finally, we examined the influence of distinct 
neighborhoods on children’s BMI z-scores. Although BMI 
is a simple measure, BMI categories are reasonably good 

Fig. 3   Distribution of children 
across LPA neighborhood con-
texts by race/ethnicity
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Table 4   Multilevel linear regression models predicting BMI z-scores; N = 8011 in 672 census tracts

Model 1 Model 2 Model 3 Model 4

Coeff 95% CI Coeff 95% CI Coeff 95% CI Coeff 95% CI

Intercept 0.36*** 0.29–0.42 0.09  − 0.07–0.26  − 0.05  − 0.35–0.73  − 0.14  − 0.43–0.16
Patient-level

  Sociodemographic
    Age 0.03*** 0.02–0.03 0.03***  − 0.14–0.02 0.03*** 0.02–0.03
    Sex (girl, ref)
      Boy  − 0.07  − 0.15–0.01  − 0.06  − 0.14–0.02  − 0.06  − 0.14–0.02
    Race/ethnicity (Latinx, ref)
      Non-Latinx White  − 0.32***  − 0.44– − 0.19  − 0.30***  − 0.46– − 0.13  − 0.15  − 0.45–0.15
      Non-Latinx Black  − 0.34**  − 0.58– − 0.09  − 0.39**  − 0.69– − 0.08  − 0.25  − 0.83–0.33
      Asian  − 0.56***  − 0.72– − 0.39  − 0.48***  − 0.70– − 0.27  − 0.23  − 0.65–0.20
      Other Race  − 0.10  − 0.22–0.02  − 0.07  − 0.23–0.10 0.11  − 0.22–0.45
  Patient characteristics
    Health insurance (private provider, ref)
      Public provider 0.15** 0.05–0.26 0.10*  − 0.00–0.22 0.09  − 0.03–0.21
    Admission type (elective, ref)
      Emergency 0.04  − 0.06–0.15 0.04  − 0.06–0.14 0.04  − 0.06–0.14
      Other  − 0.10  − 0.15–0.07  − 0.05  − 0.15–0.06  − 0.05  − 0.15–0.06
    Diagnosis (endocrine, nutritional. and metabolic diseases, ref.)
      Bacterial and viral infection 0.07  − 0.05–0.19 0.07  − 0.05–0.20 0.08  − 0.04–0.20
      Diseases of the blood  − 0.12  − 0.24–0.01  − 0.11  − 0.23–0.01  − 0.11  − 0.23–0.01
      Circulatory system 0.02  − 0.13–0.18 0.03  − 0.13–0.19 0.04  − 0.12–0.19
      Nervous system 0.05  − 0.07–0.16 0.08  − 0.04–0.19 0.08  − 0.04–0.20
      Congenital and chromosomal  − 0.33***  − 0.46– − 0.20  − 0.35***  − 0.48– − 0.21  − 0.35***  − 0.48–0.22
      Digestive system  − 0.02  − 0.12–0.07  − 0.02  − 0.12–0.07  − 0.04  − 0.13–0.06
      Genitourinary system 0.19* 0.04–0.35 0.16* 0.01–0.32 0.16* 0.01–0.32
      Musculoskeletal system  − 0.15*  − 0.28– − 0.01  − 0.14*  − 0.28– − 0.01  − 0.15*  − 0.28– − 0.01
      Respiratory system  − 0.09  − 0.20–0.02  − 0.09  − 0.19–0.02  − 0.09  − 0.19–0.02
      Trauma, injury, poisoning 0.05  − 0.09–0.19 0.05  − 0.09–0.19 0.06  − 0.08–0.19
      Other diagnoses 0.05  − 0.05–0.15 0.05  − 0.05–0.14 0.05  − 0.05–0.14
    Length of stay  − 0.01***  − 0.02– − 0.01  − 0.01***  − 0.02– − 0.01  − 0.01**  − 0.02– − 0.01
    Pain levels 0.04*** 0.03–0.05 0.04*** 0.02–0.05 0.03*** 0.02–0.05

Neighborhood-level
  Neighborhood (Middle-Class, ref)
    Advantaged  − 0.21  − 0.42–0.01 0.01  − 0.43–0.45
    Working-Class 0.06  − 0.12–0.23 0.12  − 0.12–0.35
    Disadvantaged 0.21* 0.01–0.40 0.35** 0.11–0.60
  Neighborhood average race/

ethnicity
0.07  − 0.01–0.15 0.05  − 0.37–0.13

  Neighborhood average health 
insurance

0.05  − 0.23–0.33 0.07  − 0.21–0.35

Interaction effects (Latinx*Middle-Class, ref.)
  Non-Latinx White*Advantaged  − 0.28  − 0.82–0.26
  Non-Latinx White*Working-

Class
 − 0.20  − 0.62–0.23

  Non-Latinx 
White*Disadvantaged

 − 0.10  − 0.56–0.36

  Non-Latinx Black*Advantaged  − 0.27  − 1.22–0.68
  Non-Latinx Black*Working-

Class
 − 0.16  − 0.90–0.58
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for diagnosing pediatric obesity, especially when height and 
weight measures are collected objectively [83, 84]. Indeed, 
for our current study, height and weight were measured by 
trained healthcare workers.

Here, we sought to understand the pathways that underly the devel-
opment of increased body weight in children by applying novel meth-
ods to a rich data source. Specifically, we used geocoded EMR data 
from pediatric patients to identify potential strategic targets for obesity 
prevention among Latinx youth residing in neighborhoods located in 
Los Angeles County and Orange County of Southern California. Our 
findings underscore the complex relationship between community 
racial/ethnic composition and body weight status during childhood. 
Indeed, here, we confirmed the significance of the place of residence 
on children’s body weight by focusing on the differential influence of 
race/ethnicity and neighborhood socioeconomic context. The results 
of our analyses raise critical questions for future research and represent 
opportunities for policy to help children maintain a healthy weight.

Author Contribution  AWK and DK conducted the statistical analy-
ses, geocoded the data, drafted the manuscript, and revised the article 
for intellectual content. ZNK and BNJ contributed to the conception 
and design of the larger study, acquisition of the data, and reviewed 
and revised the article for intellectual content. LE extracted and pre-
processed the data and reviewed and revised the article for intellectual 
content. All authors approved the final manuscript as submitted and 
agree to be accountable for all aspects of the work.

Funding  Open access funding provided by SCELC, Statewide Cali-
fornia Electronic Library Consortium The authors received financial 
support for the research from the Kay Family Foundation Data Analyt-
ics Grant.

Data Availability  Patient data are protected and are not available due 
to data privacy laws. Neighborhood data are available from the United 
States Census Bureau at https://​www.​census.​gov/​progr​ams-​surve​ys/​
acs/.

Declarations 

Ethics Approval  This study was performed in line with the principles 
of the Institutional Review Boards at the Children’s Hospital of Orange 
County (IRB NetID: 1359937–13) and Chapman University (IRB #: 
IRB-23–47).

Competing Interests  ZNK serves as a consultant for Edwards Lifes-
ciences, Medtronic, and Huron consulting and is the President of the 
American College of Perioperative Medicine. All other authors have 
no conflicts of interest to report.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

	 1.	 Sanyaolu A, Okorie C, Qi X, et al. Childhood and adolescent 
obesity in the United States: a public health concern. Glob Pediatr 
Health. 2019;6:2333794X19891305.

	 2.	 Stierman B, Afful J, Carroll MD, et al. National Health and Nutri-
tion Examination Survey 2017–March 2020 prepandemic data 
files development of files and prevalence estimates for selected 
health outcomes. Natl Health Stat Report. 2021;158:1-20.

	 3.	 Ogden CL, Fryar CD, Martin CB, et al. Trends in obesity preva-
lence by race and Hispanic origin – 1999–2000 to 2017–2018. 
JAMA. 2020;324(12):1208–10.

Table 4   (continued)

Model 1 Model 2 Model 3 Model 4

Coeff 95% CI Coeff 95% CI Coeff 95% CI Coeff 95% CI

  Non-Latinx 
Black*Disadvantaged

0.10  − 0.92–1.11

  Asian*Advantaged  − 0.31  − 0.95–0.34
  Asian*Working-Class  − 0.17  − 0.71–0.37
  Asian*Disadvantaged  − 0.76*  − 1.43– − 0.08
  Other Race*Advantaged  − 0.27  − 0.82–0.29
  Other Race*Working-Class 0.04  − 0.39–0.46
  Other Race*Disadvantaged  − 0.44*  − 0.86– − 0.01

Random effects
  Intercept 0.43*** 0.36–0.51 0.26*** 0.20–0.33 0.42*** 0.34–0.51 0.41*** 0.34–0.50
  BMI z-scores 1.77*** 1.71–0.82 1.79*** 1.73–1.87 1.65*** 1.58–1.72 1.64*** 1.58–1.71

Source: Data are from the 2013–2018 electronic medical records and the 2014–2018 ACS
*** p < 0.001, **p < 0.01, *p < 0.05

https://www.census.gov/programs-surveys/acs/
https://www.census.gov/programs-surveys/acs/
http://creativecommons.org/licenses/by/4.0/


990	 Journal of Racial and Ethnic Health Disparities (2024) 11:980–991

1 3

	 4.	 Hales CM, Carroll MD, Fryar CD, et al. Prevalence of obesity 
among adults and youth: United States, 2015–2016. In: NCHS data 
brief, no. 288:1-8. National Center for Health Statistics; 2017.

	 5.	 Lopez MH, Krogstad JM, Flores A. Key facts about young Latinos, 
one of the nation’s fastest-growing populations. Washington: National 
Survey of Latinos. Pew Research Center; 2018. https://​www.​pewre​
search.​org/​factt​ank/​2018/​09/​13/​key-​facts-​about-​young-​latin​os/

	 6.	 Skinner AC, Ravanbakht SN, Skelton JA, et al. Prevalence of obe-
sity and severe obesity in US children, 1999–2016. Pediatrics. 
2018;141:e20173459.

	 7.	 Sahoo K, Sahoo B, Choudhury AK, et  al. Childhood obe-
sity: causes and consequences. J Family Med Prim Care. 
2015;4(2):187–92.

	 8.	 Dietz WH, Robinson TN. Overweight children and adolescents. 
N Engl J Med. 2005;352(20):2100–9.

	 9.	 Thomas IC, Allison MA. Hypertension in Hispanics/Latinos: epi-
demiology and considerations for management. Curr Hypertens 
Rep. 2019;21(6):43.

	10.	 Cartwright K. Social determinants of the Latinx diabetes health 
disparity. Soc Sci Med. 2021;15:100869.

	11.	 Roncoroni J, Okun M, Hudson A. Systematic review: sleep health 
in the US Latinx population. Sleep. 2022;45(7):zsac092.

	12.	 Gold DR, Wright R. Population disparities in asthma. Annu Rev 
Public Health. 2005;26:89–113.

	13.	 Wassertheil-Smoller S, Arredondo EM, Cai JW, et al. Depression, 
anxiety, antidepressant use, and cardiovascular disease among 
Hispanic men and women of different national backgrounds: 
results from the Hispanic Community Health Study/Study of 
Latinos. Ann Epidemiol. 2014;24(11):822–30.

	14.	 Warrington NM, Beaumont RN, Horikoshi M, et al. Maternal 
and fetal genetic effects on birth weight and relevance to cardio-
metabolic risk factors. Nat Genet. 2019;51(5):804–14.

	15.	 Bell JF, Zimmerman FJ. Shortened nighttime sleep duration in 
early life and subsequent childhood obesity. Arch Pediatr Adolesc 
Med. 2010;164:840–5.

	16.	 Jabeile H, Kelly AS, O’Malley GO, et al. Obesity in children and 
adolescents: epidemiology, causes, assessment, and management. 
Lancet Diabetes Endocrinol. 2022;10(5):351–65.

	17.	 Roberts JR, Karr CJ. Pesticide exposure in children. Pediatrics. 
2012;130(6):e1765–88.

	18.	 Li D-K, Chen H, Ferber J, et al. Infection and antibiotic use in 
infancy and risk of childhood obesity: a longitudinal birth cohort 
study. Lancet Diabetes Endocrinol. 2017;5(1):18–25.

	19.	 di Palmo E, Filice E, Cavallo A, et al. Childhood obesity and 
respiratory diseases: which link? Children (Basel). 2021;8(3):177.

	20.	 Pinto NM, Marino BS, Wernovsky G, et al. Obesity is a common 
comorbidity in children with congenital and acquired heart dis-
ease. Pediatrics. 2007;120(5):e1157–64.

	21.	 Dai W, Liu X, Su H, et al. Influence of adipose tissue immune dysfunction 
on childhood obesity. Cytokine Growth Factor Rev. 2022;65:27–38.

	22.	 Haliloglu B, Bereket A. Hypothalamic obesity in children: patho-
physiology to clinical management. J Pediatr Endocrinol Metab. 
2015;28(5–6):503–13.

	23.	 Arslan N, Erdur B, Aydin A. Hormones and cytokines in child-
hood obesity. Indian Pediatr. 2010;47(10):829–39.

	24.	 Ayala-Marin AM, Iguacel I, Miguel-Etayo PD, et al. Considera-
tion of social disadvantages for understanding and preventing 
obesity in children. Front Public Health. 2020;8:423.

	25.	 O’Lawrence, Martinez L, Castelo G, et al. The latest review of 
childhood obesity among Hispanic and Latinx populations in Cali-
fornia. Diab Res Open Access. 2020;2(2):22–30.

	26.	 Foster BA, Linville D, Miller-Bedell ER, et al. Food security and 
feeding behaviors in low-income, Latinx families with preschool-
aged children. Public Health Nutr. 2022;25(12):1–6. https://​doi.​
org/​10.​1017/​S1368​98002​20018​84.

	27.	 McCurdy K, Gans KM, Risica PM, et al. Food insecurity, food 
parenting practices, and child eating behaviors among low-income 
Hispanic families of young children. Appetite. 2022;169:105857.

	28.	 Carter MA, Dubois L. Neighbourhoods and child adiposity: a 
critical appraisal of the literature. Health Place. 2010;16:616–28.

	29.	 Trasande L, Cronk C, Durkin M, et al. Environment and obe-
sity in the National Children’s Study. Environ Health Perspect. 
2009;117:159–66.

	30.	 Rogers R, Eagle TF, Sheetz A, et al. The relationship between 
childhood obesity, low socioeconomic status, and race/ethnicity: 
lessons from Massachusetts. Child Obes. 2015;11(6):691–5.

	31.	 Kranjac AW, Boyd C, Kimbro RT, et al. Neighborhoods matter; 
but for whom? Heterogeneity of neighborhood disadvantage on 
child obesity by sex. Health Place. 2021;68:102534.

	32.	 Kranjac AW, Denney JT, Kimbro RT, et al. Child obesity and the 
interaction of family and neighborhood socioeconomic context. 
Popul Res Policy Rev. 2019;38:347–69.

	33.	 Malacarne D, Handakas E, Robinson O, et al. The built environ-
ment as determinant of childhood obesity: a systematic literature 
review. Obes Rev. 2022;23(1):e13385.

	34.	 Johnson KA, Jones-Smith J, Curriero FC, et al. Low-income black 
and Hispanic children’s neighborhood food environment and weight 
trajectories in early childhood. Acad Pediatr. 2020;20(6):784–92.

	35.	 Shrewsbury V, Wardle J. Socioeconomic status and adiposity in 
childhood: a systematic review of cross-sectional studies 1990–
2005. Obesity (Silver Spring). 2008;16:275–84.

	36.	 Miller M, Saldarriaga EM, Jones-Smith JC. Household socioeco-
nomic status modifies the association between neighborhood SES 
and obesity in a nationally representative sample of first grade 
children in the United States. Prev Med Rep. 2020;20:101207.

	37.	 Carroll-Scott A, Gilstad-Hayden K, Rosenthal L, et al. Disentan-
gling neighborhood contextual associations with child body mass 
index, diet, and physical activity: the role of built, socioeconomic, 
and social environments. Soc Sci Med. 2013;95:106–14.

	38.	 Cradock AL, Kawachi I, Colditz GA, et al. Neighborhood social 
cohesion and youth participation in physical activity in Chicago. 
Soc Sci Med. 2009;68(3):427–35.

	39.	 Sadeghi B, Schaefer S, Tseregounis IE, et al. Prevalence and per-
ception of childhood obesity in California’s farmworker communi-
ties. J Community Health. 2017;42:377–84.

	40.	 Ludwig J, Sanbonmatsu L, Gennetian L, et al. Neighborhoods, 
obesity, and diabetes — a randomized social experiment. N Engl 
J Med. 2011;365(16):1509–19.

	41.	 Donaldson CD, Kain ZN, Ehwerhemuepha L, et al. Anxiety and 
mood disorders impacting physician opioid prescribing in the 
pediatric hospital setting. J Clin Psychol Med S. 2021;28:757–70.

	42.	 “Hispanic population growth and dispersion across U.S. counties, 
1980–2020”. Pew Research Center tabulation of decennial census 
data: P.L.94–171 data for. 2000, 2010 and 2020; STF-1a data for 
1980. Washington, D.C.: Pew Research Center; 1990. p. 2022.

	43.	 Massey DS, Gross AB, Shibuya K. Migration, segregation, and the geo-
graphic concentration of poverty. Am Sociol Rev. 1994;59(3):425–45.

	44.	 Must A, Anderson SE. Body mass index in children and adolescents: con-
siderations for population-based approaches. Int J Obes. 2006;30:590–4.

	45.	 Wang Y, Chen HJ. Use of percentiles and Z-scores in anthropom-
etry. In: Preedy VR, editor. Handbook of anthropometry: Physi-
cal measures of human form in health and disease. New York: 
Springer Science Business Media; 2012. https://​doi.​org/​10.​1007/​
978-1-​4419-​1788-1_2.

	46.	 Kranjac AW, Kranjac D, Fortier MA, et al. Surgical patients’ hos-
pital experience scores: neighborhood context conceptual frame-
work. Ann Surg. 2021;2(1):e037-040.

	47.	 Kranjac AW, Denney JT, Kimbro RT, et al. Neighborhood and 
social environmental influences on child chronic disease preva-
lence. Popul Environ. 2018;40(2):93–114.

https://www.pewresearch.org/facttank/2018/09/13/key-facts-about-young-latinos/
https://www.pewresearch.org/facttank/2018/09/13/key-facts-about-young-latinos/
https://doi.org/10.1017/S1368980022001884
https://doi.org/10.1017/S1368980022001884
https://doi.org/10.1007/978-1-4419-1788-1_2
https://doi.org/10.1007/978-1-4419-1788-1_2


991Journal of Racial and Ethnic Health Disparities (2024) 11:980–991	

1 3

	48.	 Kranjac AW, Kimbro RT, Denney JT, et al. Comprehensive neigh-
borhood portraits of child asthma disparities. Matern Child Health 
J. 2017;21(7):1552–62.

	49.	 Hanchane S, Mostafa T. Endogeneity problems in multilevel esti-
mation of education production functions: An analysis using PISA 
data. Centre for Learning and Life Chances in Knowledge Econo-
mies and Societies; 2010. p. 2021. http://​www.​llakes.​org.

	50.	 Lazarsfeld PF, Henry NW. Latent structure analysis. Boston: 
Houghton Mill; 1968.

	51.	 Jencks C, Mayer SE. The social consequences of growing up in a 
poor neighborhood. pg. 111-186 in Inner-city poverty in the United 
States. Vol. 111. Washington: National Academy Press; 1990.

	52.	 Muthén LK, Muthén BO. Mplus user’s guide. Eighth ed. Los 
Angeles: Muthén & Muthén; 1998-2017.

	53.	 Johnson SK. Latent profile transition analyses and growth mixture 
models: A very non-technical guide for researchers in child and 
adolescent development. New Dir Child Adoles. 2021:111–39. 
https://​doi.​org/​10.​1002/​cad.​20398.

	54.	 Rabe Hesketh S, Skrondal A. Multilevel and longitudinal model-
ling using stata. Stata Press. 2008; https://​doi.​org/​10.​1111/j.​1541-​
0420.​2008.​01138_​15.x.

	55.	 StataCorp. Stata statistical software: release 16. College Station, 
TX: StataCorp LLC; 2019.

	56.	 Hales CM, Fryar CD, Carroll MD, et al. Trends in obesity and 
severe obesity prevalence in U.S. youth and adults by sex and age, 
2007–2008 to 2015–2016. JAMA. 2018;319(16):1723–5.

	57.	 Vazquez CE, Cubbin C. Socioeconomic status and childhood obe-
sity: a review of literature from the past decade to inform interven-
tion research. Curr Obes Rep. 2020;9:562–70.

	58.	 Laurson KR, Lee JA, Gentile DA, et al. Concurrent associations 
between physical activity, screen time, and sleep duration with 
childhood obesity. ISRN Obes. 2014;204540 https://​doi.​org/​10.​
1155/​2014/​204540. eCollection 2014

	59.	 Golley RK, Maher CA, Matricciani L, et al. Sleep duration or bed-
time? Exploring the association between sleep timing behaviour, diet 
and BMI in children and adolescents. Int J Obes. 2013;37(4):546–51.

	60.	 Xu H, Wen LM, Rissel C. Associations of parental influences with 
physical activity and screen time among young children: a systematic 
review. J Obes. 2015:546925. https://​doi.​org/​10.​1155/​2015/​546925.

	61.	 Eisenmann JC, Gundersen C, Lohman BJ, et al. Is food insecurity 
related to overweight and obesity in children and adolescents? A 
summary of studies, 1995–2009. Obes Rev. 2011;12(5):e73–83.

	62.	 Fiese BH, Hammons A, Grigsby-Toussaint D. Family mealtimes: 
a contextual approach to understanding childhood obesity. Econ 
Hum Biol. 2012;10(4):365–74.

	63.	 Fiechtner L, Sharifi M, Sequist T, et al. Food environments and 
childhood weight status: effects of neighborhood median income. 
Child Obes. 2015;11(3):260–8.

	64.	 Robinson TN, Matheson D, Wilson DM, et al. A community-
based, multi-level, multi-setting, multi-component intervation to 
reduce weight gain among low socioeconomic status latinx chil-
dren with overweight or obesity: the Stanford GOALS randomised 
controlled trial. Lancet Diabetes Endocrinol. 2021;9(6):336–49.

	65.	 Samuels S, Craypo L, Boyle M, et al. The California Endowment’s 
Health Eating, Active Communities program: a midpoint review. 
Am J Public Health. 2010;100(11):2114–23.

	66.	 Franzini L, Elliott MN, Cuccaro P, et al. Influences of physical and 
social neighborhood environments on children’s physical activity 
and obesity. Am J Public Health. 2009;99(2):271–8.

	67.	 Burdette HL, Whitaker RC. A national study of neighborhood 
safety, outdoor play, television viewing, and obesity in preschool 
children. Pediatrics. 2005;116(3):657–62.

	68.	 Dolin CD, Gross RS, Deierlein AL, et al. Predictors of gestational 
weight gain in a low-income Hispanic population: sociodemo-
graphic characteristics, health behaviors, and psychosocial stress-
ors. Int J Environ Res Public Health. 2020;17(1):352.

	69.	 Elwan D, Olveda R, Medrano R, et al. Excess pregnancy weight 
gain in Latinas: impact on infant’s adiposity and growth hormones 
at birth. Prev Med Rep. 2021;22:101341.

	70.	 Barr-Anderson DJ, Flynn JI, Dowda M, et al. The modifying effects of 
race-ethnicity and socioeconomic status on the change in physical activity 
from elementary to middle school. J Adolesc Health. 2017;61(5):562–70.

	71.	 Fakhouri TH, Hughes JP, Brody DJ, et  al. Physical activ-
ity and screen-time viewing among elementary school-aged 
children in the United States from 2009–2010. JAMA Pediatr. 
2013;167(3):223–9.

	72.	 Basterfield L, Jones AR, Parkinson KN, et al. Physical activity, 
diet and BMI in children aged 6–8 years: a cross-sectional analy-
sis. BMJ Open. 2014;4(6):e005001.

	73.	 Janssen I, Leblanc AG. Systematic review of the health benefits 
of physical activity and fitness in school-aged children and youth. 
Int J Behav Nutr Phys Act. 2013;7:40.

	74.	 Chaparro MP, Whaley SE, Anderson CE, et al. The role of income 
and neighborhood poverty in the association between the 2009 
Special Supplemental Nutrition Program for Women, Infants and 
Children (WIC) food package change and child obesity among 
WIC-participating children in Los Angeles County, 2003–2016. 
Public Health Nutr. 2021;24(13):4212–9.

	75.	 Pan L, Freedman DS, Sharma AJ, et al. Trends in obesity among 
participants aged 2–4 years in the special supplemental nutrition 
program for women, infants, and children – United States, 2000–
2014. MMWR Morb Mortal Wkly Rep. 2016;65:1256–60.

	76.	 Kilanowski JF. Influences on healthy-eating decisions making in 
Latino adolescent children of migrant and seasonal agricultural 
workers. J Pediatr Health Care. 2016;30:224–30.

	77.	 Bishop W, Chavarin C, Gonzales HA, et al. Healthy eating and 
physical activity among low-income Hispanic adolescents and a 
school-based intervention. Child Youth Serv Rev. 2018;86:151–6.

	78.	 Romo LF, Mirales-Rios R, Hurtado A. Chultural, media, and peer 
influences on body beauty perceptions of Mexican American ado-
lescent girls. J Adolesc Res. 2016;31:474–501.

	79.	 Ogden C, Carroll M, Fryar C, et al. Prevalence of obesity among 
adults and youth: United States, 2011–2014. NCHS Data Brief. 
2015;219:1–8.

	80.	 Balistreri KS, Van Hook J. Trajectories of overweight among US 
school children: a focus on social and economic characteristics. 
Matern Child Health. 2011;15:610–9.

	81	 Balistreri KS, Van Hook J. Socioeconomic status and body mass 
index among Hispanic children of immigrants. Am J Public 
Health. 2009;99:2238–46.

	82.	 Rosenbaum S. Medicaid. N Engl J Med. 2002;346:635–40.
	83.	 Simmonds M, Burch J, Llewellyn A, et al. The use of measures of 

obesity in childhood for predicting obesity and the development of 
obesity -related diseases in adulthood: a systematic review and meta-
analysis. Health Technol Assess. 2015;19(43):1–336.

	84.	 Flegal KM, Ogden CL, Fryar C, et  al. Comparisons of self-
reported and measured height and weight, BMI, and obesity 
prevalence from National Surveys:1999–2016. Obesity (Silver 
Spring). 2019;27(10):1711–9.

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

http://www.llakes.org
https://doi.org/10.1002/cad.20398
https://doi.org/10.1111/j.1541-0420.2008.01138_15.x
https://doi.org/10.1111/j.1541-0420.2008.01138_15.x
https://doi.org/10.1155/2014/204540
https://doi.org/10.1155/2014/204540
https://doi.org/10.1155/2015/546925

	Obesity Heterogeneity by Neighborhood Context in a Largely Latinx Sample
	Abstract 
	Introduction
	Methods
	Data Sources
	Variables
	Statistical Analysis
	Results

	Discussion
	References




