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Abstract

Objective—Socioeconomic hardship is common among children hospitalized for asthma but 

often not practically measurable. Information on where a child resides is universally available. We 

sought to determine the correlation between neighborhood-level socioeconomic data and family-

reported hardships.

Methods—Caregivers of 774 children hospitalized with asthma answered questions regarding 

income, financial strain, and primary care access. Addresses were geocoded and linked to zip 

code-, census tract-, and block group-level (neighborhood) data from the U.S. Census. We then 

compared neighborhood median household income to family-reported household income; 

percentage of neighborhood residents living in poverty to family-reported financial strain; and 

percentage of neighborhood households without an available vehicle to family-reported access to 

primary care. We constructed heat maps and quantified correlations using Kendall’s rank 

correlation coefficient. Receiver operator characteristic curves were used to assess predictive 

abilities of neighborhood measures.
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Results—The cohort was 57% African American and 73% publicly-insured; 63% reported 

income <$30,000, 32% endorsed ≥4 financial strain measures, and 38% reported less than 

adequate primary care access. Neighborhood median household income was significantly and 

moderately correlated with and predictive of reported household income; neighborhood poverty 

was similarly related to financial strain; neighborhood vehicle availability was weakly correlated 

with and predictive of primary care access. Correlations and predictions provided by zip code 

measures were similar to those of census tract and block group.

Conclusions—Universally available neighborhood information may help efficiently identify 

children and families with socioeconomic hardships. Systematic screening with area-level 

socioeconomic measures has the potential to inform resource allocation more efficiently.
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Social risk factors related to socioeconomic status (SES) and access to care affect health 

outcomes.1,2 Inequalities in pediatric asthma-related morbidity are largely driven by 

socioeconomic hardships and other social determinants of health (SDH),3–6 and children 

hospitalized with asthma are disproportionately from disadvantaged backgrounds and 

neighborhoods. The hardships faced by many of these children and their families may be 

difficult to identify though they may be amenable to interventions. However, many of the 

most successful interventions are multifaceted and resource intense.7–9

Universal implementation of such interventions may be cost prohibitive; therefore, targeting 

interventions to the most appropriate populations is essential. Determining the best ways to 

efficiently target and allocate resources can be a challenge. One approach to risk assessment, 

identification, and subsequent stratification, is an in-depth social history of factors that place 

children at risk for worse outcomes and may be amenable to intervention (e.g., financial 

hardships or strain, inadequate housing, barriers to accessing preventive care).10,11 However, 

universal comprehensive screening in a busy clinical setting, such as the inpatient asthma 

unit, may not be feasible. It may also be the case that parents or caregivers are not present at 

a time when screening can take place.

With such challenges in mind, the use of area-based socioeconomic measures, connected to 

a patient’s street address, has the potential to guide or tailor risk assessments. Such measures 

have shown promise as proxies for SES in understanding health risk for adult patients at the 

population level.12–14 Less is known regarding the utility of such measures in pediatrics; 

although, studies have demonstrated their potential utility in population-level assessment of 

health outcomes and in the characterization of the home environment.15,16 Still, there 

remains just limited evidence of what these area-based measures are proxies for and how 

they might be used clinically.

Thus, our first objective was to determine the correlation of neighborhood-level, area-based 

socioeconomic data to analogous family-reported hardships in a cohort of children 

hospitalized with asthma. Specifically, we sought to compare: 1) neighborhood median 

household income to family-reported household income; 2) neighborhood poverty rates to 
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family-reported household financial strain; and 3) neighborhood vehicle availability to 

family-reported primary care access. Clearly, neighborhoods can be defined in multiple 

ways, and different neighborhood definitions may lead to varying correlations with family-

level data. Consequently, our second objective was to investigate how correlations varied 

across different neighborhood definitions. Taking our cue from the Public Health Disparities 

Geocoding Project,13,17 we sought to compare zip code, census tract, and census block 

group with one another. We hypothesized that smaller, homogenous tracts and block groups 

would correlate better to patient and family data than zip codes.

METHODS

This was a cross-sectional analysis of data collected as part of the Greater Cincinnati 

Asthma Risks Study (GCARS). GCARS is a population-based, prospective, observational 

cohort which enrolled 774 children, 1–16 years of age, who were admitted between August 

2010 and October 2011 to Cincinnati Children’s Hospital Medical Center (CCHMC). 

CCHMC is an urban, tertiary care referral center that also serves as the primary pediatric 

inpatient provider for Southwestern Ohio, Northern Kentucky, and Southeastern Indiana.

Details related to GCARS’ inclusion and exclusion criteria along with comprehensive 

demographic information have been previously described.6 Briefly, patients were identified 

by use of the evidence-based clinical pathway for acute asthma or bronchodilator-responsive 

wheezing. Children were excluded if they had significant respiratory or cardiovascular co-

morbidity, if they lived outside of the CCHMC 8-county primary service area, or if they had 

a non-English speaking caregiver (2% of those otherwise eligible). Notably, ~60% of those 

who were eligible were enrolled. The CCHMC Institutional Review Board approved this 

study.

Patient variables

Upon GCARS enrollment, each caregiver participated in face-to-face survey with a trained 

research assistant, completing a 177-item questionnaire which included questions related to 

annual household income, markers of financial strain, and primary care access. These 

particular variables were chosen a priori for the analyses presented here given that lower 

income, heightened financial strain,6 and limited primary care access have all been 

associated with increased readmission risk in children with asthma.18

Caregivers reported annual household income within categories (<$15,000; 15,000–29,999; 

30,000–44,999; 45,000–59,999; 60,000–89,999, ≥90,000). Financial strain was assessed 

using a series of seven previously described questions.19–21 These questions assessed, via 

self-report, a family’s ability to make ends meet, pay rent/mortgage, pay utilities, their need 

to move in with others due to finances, and ability to borrow money if needed, as well as 

home ownership and caregiver marital status.19–21 Strain questions were treated as 

dichotomous (yes/no, married/not married); the number of positive items was calculated for 

each patient. Access to primary care was assessed using the access subscale to the Parent’s 

Perception of Primary Care, a series of four questions, which assess a family’s ability to 

travel to their doctor, to see their doctor for routine or sick care, and to get help or advice on 
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evenings or weekends. We scored the subscale as previously described; scores ranged from 0 

(no access) to 100 (perfect access).18,22

Neighborhood variables

We identified area-based variables for each child based on where the patient lived. The 

reported street address was geocoded or mapped using ArcGIS software (ESRI, Redlands, 

California). Addresses were then linked to corresponding 2010 census geographies: zip code 

tabulation area (ZCTA), census tract, and census block group. ZCTAs are statistical entities 

constructed by the U.S. Census Bureau to enable demographic characterization of zip codes 

(areas defined by the U.S. Postal Service). Zip codes (and corresponding ZCTAs) can be 

socio-demographically heterogeneous and can vary in size. Census tracts, defined by the 

U.S. Census in collaboration with local municipalities, are more homogeneous areas of 

~4,000 people that generally align with locally-recognized neighborhood boundaries. 

Census block groups are smaller still, areas of ~1,000 people located within census tracts. 

Each geographic level was then linked to geography-specific, neighborhood-level 

information available publically from the U.S. Census 2008–2012 American Community 

Survey.23

Analyses

We compared neighborhood measures to analogous patient (or family) measures, 

specifically assessing income, poverty/strain, and access (Table 1). Each correlation was 

assessed at three geographic levels: ZCTA or zip code, census tract, and census block group. 

The degree of correlation was assessed using Kendall’s tau B, a non-parametric rank 

correlation coefficient similar, in some ways, to the Spearman rank correlation coefficient. 

While both assess correlation, the Kendall’s tau B allows for more direct assessment of 

concordance between included variables. The resulting correlation coefficient ranges from 

−1, indicative of perfect discordance, to 0, indicative of neither concordance nor 

discordance, to 1, indicative of perfect concordance. To facilitate visualization, we also 

constructed heat maps for each of the tested relationships.

Given that family-reported income was collected in categories, we opted to categorize 

neighborhood median household income in analogous ways. That is, we determined whether 

a neighborhood’s median household income was <$15,000, 15,000–29,999, 30,000–44,999, 

45,000–59,999, 60,000–89,999, or ≥90,000.

We then compared the neighborhood percentage of individuals living below the federal 

poverty level to the number of reported household strain items. Here, we used deciles of 

neighborhood poverty rates across CCHMC’s 8-county primary service area, GCARS’ 

inclusion area. For example, a child with a street address localized to a neighborhood with a 

poverty rate in the top 10% of our region’s neighborhoods would be designated as living in 

the highest (worst) poverty decile. This was then correlated to categorized measures of 

family-level financial strain. Categorization was done a priori after discussion with an 

inpatient social worker in an attempt to identify which patients might be most in need of 

assistance. Categories included those reporting 0–2, 3, 4, and ≥5 hardships.
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Finally, we compared neighborhood-level vehicle availability, that is, the percentage of 

households within the defined geographic areas that own or have access to a vehicle, to a 

child’s reported primary care access. This was seen as relevant locally as our region has 

limited public transportation availability. Additionally, restricted primary care access has 

been shown to be associated with increased risk of asthma-related readmission.18 We used 

deciles of neighborhood vehicle availability for comparison, defined in the same way as for 

neighborhood poverty. Our family-level measure was categorized based on scores on the 

aforementioned scale, determined to be perfect access, almost always adequate access, and 

less than adequate access.

Next, we constructed receiver operating characteristic (ROC) curves to assess how well 

neighborhood measures could discriminate between 1) children living in households 

reporting low income (focusing on those reporting incomes of <$15,000 and <$30,000); 2) 

those with high financial strain (≥4 and ≥5 positive strain items); and 3) those with 

suboptimal access to primary care (score <75). To plot each ROC curve, we calculated 

sensitivity and specificity for each patient measure as each neighborhood measure increased. 

For example, we calculated sensitivity and specificity for identifying a child with an annual 

household income of <$15,000 if they lived in a neighborhood with a median household 

income of <$1,000 then $2,000 then $3,000, etc. Predictive abilities (c-statistics) were then 

quantified using the area under the ROC curve (AUROC). AUROC values of 1 represent 

perfect prediction (corresponding to sensitivities and specificities of 1). AUROC values of 

0.5 represent no predictive ability. Maximal total accuracy and the Youden Index were also 

used to provide further details on sensitivities and specificities. The total accuracy approach 

identifies the point on the ROC that is furthest from the diagonal line; the Youden Index 

identifies the point on the ROC that is closest to the 0,1 point.

RESULTS

A total of 774 children were enrolled in GCARS. Overall, 57% of included children were 

reported to be African American and 73% publicly-insured (Table 2). Compared to enrolled 

children, those who were eligible but not enrolled did not differ with respect to age, gender, 

or readmission rate at 12 months. Enrolled children were, however, more likely to be African 

American and publicly insured.6

Greater than 60% reported an annual household income <$30,000 while 32% endorsed 4 

financial strain items and an additional 24% endorsed 5 or more. Additionally, 38% of 

participants had a primary care access score <75, indicative of sub-optimal access. All 

addresses were successfully geocoded and linked to U.S. Census information. A total of 

29% of children lived in ZCTAs with median household incomes <$30,000; 42% lived in the 

highest poverty two deciles of regional ZCTAs, and 46% lived in the two deciles of ZCTAs 

with the lowest vehicle availability (Table 3).

Area-patient correlation

Heat maps display neighborhood next to patient attributes. The highest risk neighborhoods 

are depicted in red and lowest in green. Highest risk patient, or household, characteristics are 

depicted in dark blue, with lowest risk in white.
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Income—Heat maps were used to visually compare neighborhood median household 

income to individual family-reported income. The red, orange, and yellow neighborhoods at 

the top of the figure include more darker shades of blue (corresponding to low individual 

income); the green neighborhoods at the bottom of graph include more lighter shades of blue 

(corresponding to higher individual income). For each of the studied geographic levels, area-

based measures of low income (red/orange) captured a significant proportion, but far from 

all, of families with lower income (darker blue) (Figure 1A). Quantitatively, the Kendall’s 

tau B values at the ZCTA, census tract, and block group were moderate at 0.33, 0.39, and 

0.38, respectively (all p<0.001).

Children living in neighborhoods characterized by low median household incomes tended to 

have lower reported household incomes themselves. This positive predictive value was 

highest at the census tract geography. Indeed, 96% of children living in census tracts with 

median household incomes of <$15,000 had family-reported incomes of <$30,000 

(compared to 88% for ZCTA and 94% for block group). Still, children living in 

neighborhoods with median household incomes of >$60,000 had a wide range of actual 

reported incomes. In these neighborhoods, approximately one-third of children had reported 

household incomes of <$30,000 (32% for ZCTA, 31% for census tract, and 34% for block 

group). This equates to negative predictive values of 70%, 69%, and 66% for ZCTA, tract, 

and block group, respectively.

Poverty and strain—Neighborhood poverty was also correlated with caregiver-reported 

financial strain. Kendall’s tau B values ranged from 0.22–0.28 for the three assessed 

geographies (all p<0.001) (Figure 1B). Of the children residing in the poorest two deciles of 

Cincinnati neighborhoods, 66–69% had ≥4 strain items (using ZCTA, census tract, or census 

block group to define the neighborhood). For the small percentage of hospitalized children 

living in the two deciles of neighborhoods with the lowest poverty rates for our region (i.e., 

the richest neighborhoods), a wide range of financial strain items was reported: 43–46% of 

these families reported <2 strain items, but 25–33% endorsed ≥4 items (across the three 

neighborhood definitions).

Vehicle availability and primary care access—Finally, primary care access was 

significantly correlated with neighborhood rates of vehicle availability; however, this 

relationship was the weakest of those assessed (Figure 1C). The Kendall’s tau B values 

ranged from 0.14–0.16 across the three geographies (all p<0.001). Of the children who lived 

in neighborhoods in the two deciles with the lowest rates of vehicle availability (i.e., least 

cars), 46–47% had primary care access scores of <75. Conversely, 14–15% of these children 

reported perfect primary care access (score=100). Of children who lived in neighborhoods in 

the two deciles with the highest rates of vehicle availability (i.e., most cars), 19–23% had 

access scores of <75 and 22–26% had perfect primary care access scores.

Area-patient prediction

We constructed ROC curves to determine the predictive ability of neighborhood variables on 

analogous family-reported variables. This was done to simulate the use of area-level 

measures to help stratify families for further services.
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Neighborhood (census tract) median household income had the highest AUROC for 

identifying low-income families. The AUROC for the ability to predict a patient with a 

reported household income of <$30,000 income was 0.75 using census tract median 

household income (Figure 2A). The AUROC for predicting children with annual household 

incomes of <$15,000 ranged from 0.68–0.72 across geographies. These values represent 

moderate predictive ability. For the neighborhood poverty rate predicting children 

experiencing ≥4 financial strain items, the AUROCs ranged from 0.65–0.67 for the three 

geographies (Figure 2B). The AUROC for models predicting children with ≥5 strain items 

ranged from 0.60–0.66. Finally, the AUROC for predicting primary care access based on 

neighborhood rates of vehicle availability was 0.60 for ZCTA and 0.61 for both census tract 

and block group (Figure 2C). In general, the AUROC values for the census tract and block 

group level models were higher than the AUROC values for the ZCTAs models; however, 

these differences did not reach the level of statistically significant (income: p=0.09 for 

ZCTA versus tract and ZCTA versus block group; strain: p=0.1 for ZCTA versus tract and 

ZCTA versus block group; access: p=0.6 for ZCTA versus tract and p=0.4 for ZCTA versus 

block group).

Finally, Table 4 illustrates an approach aimed at maximizing accuracy in the prediction of 

pertinent individual outcomes. The total accuracy approach suggests that a ZCTA cut-point 

of $41,948 would be 57% sensitive and 75% specific in the prediction of individual income 

<$30,000. The Youden Index identifies a cut-point of $60,276 to obtain a sensitivity of 95% 

and a specificity of 30%.

DISCUSSION

Universally available neighborhood information may help identify risks related to asthma 

morbidity. To this end, we found significant though moderate correlations between 

neighborhood median household income and family-reported income and between 

neighborhood poverty and family-reported financial strain. Neighborhood measures of 

vehicle availability were just weakly correlated with a patient’s primary care access. We also 

found that these neighborhood characteristics were moderately predictive of patient or 

family attributes (AUROCs up to 0.75). Notably, children living in poor neighborhoods were 

found to be almost universally disadvantaged. Conversely, children in middle class 

neighborhoods had wider range of individual or family-level attributes. Such knowledge has 

the potential to inform risk assessment, identification, and resource allocation in clinical 

settings using data that can be efficiently linked to a patient’s street address.

Allocation of clinical resources (e.g., social work, financial counseling) often relies on 

reactive processes – a care team member must assess for risks, identify a need, and then 

refer. Use of neighborhood data may enhance more proactive allocation of resources and 

may provide context for social and environmental histories. For relatively ubiquitous 

resources, such as hospital-based financial counseling, the goal may be to maximize 

sensitivity (minimizing false negatives). Our data suggest that these services could be 

targeted to patients who live in neighborhoods with low to moderate incomes in order to 

identify as many at-risk patients and families as possible. Conversely, a highly restricted 

resource such as case management could be offered to patients living neighborhoods with 
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the lowest median household incomes as almost all of the children (88–96%) living in very 

low-income neighborhoods have low incomes themselves. It should be noted, however, that 

this approach, in isolation, would miss low-income children and families not living in low-

income neighborhoods. As a result, different settings might explore different cut-points in 

ways to maximize sensitivity or specificity as they consider the potential needs of their 

patient panel as well as the resources they have available.

Despite our findings relating to correlation and prediction, defining who is “at risk” is not 

straightforward. We are not able to tell, from these analyses, whether children who have 

discordancy in their area- compared to their individual-level risk fare better, worse, or the 

same as those children with concordance. Data from the moving-to-opportunity studies 

suggest that, for some health outcomes that include asthma, low-income children living in 

higher-income neighborhoods may actually be at higher risk than their peers in low-income 

neighborhoods.24,25 Should this be the case, misidentification (or misclassification) may be 

particularly problematic. Yet, the ability of area-level data to provide context may then allow 

for more efficient, tailored discussions at the bedside to augment decisions with individual 

information.26

Understanding the correlation between individual attributes and neighborhood attributes has 

implications for health policy. Given the well-established link between health outcomes and 

SDH,2,4,12,13,27,28 there has been a call for adjusting hospital-level quality metrics for the 

SDH.29 As hospital quality metrics rely on administrative data, neighborhood characteristics 

are frequency utilized.30,31 In pediatrics, there is a paucity of information about how a 

patient’s neighborhood correlates with patient or family attributes. Here, we further such an 

understanding, providing analyses that informs the use of neighborhood-level data in 

patient-level risk assessment and risk identification.16,32

Smaller, more homogeneous geographies like census tracts and block groups correlate with 

and predict patient-level attributes better than zip codes in large multi-state analyses.15,17,33 

We found similar patterns; however, in our analyses, ZCTA data were statistically equivalent 

to that of census tract and block group. This may reflect the smaller sample size (of 

neighborhoods and patients) at our single institution. It also should be noted that in clinical 

practice, identification of the census tract or block group requires the additional step of 

geocoding a patient’s street address and associating that address with the geography of 

choice. Zip code information is easier to access as it is readily available and known by most 

individuals as a component of the street address. Regardless, the neighborhood must be 

matched to easily accessible, available, and pertinent information. Further testing may be 

warranted that assesses how the additional step of geocoding affects usage of such 

information. As electronic health records advance, such a step may be possible in 

increasingly efficient, automated ways.34,35

Our results should be considered in the context of several limitations. We examined children 

admitted for asthma to a single center in a single region. As with many pediatric asthma 

studies,8 the majority of our patients were poor (just 7% reported annual incomes ≥$90,000). 

We also excluded caregivers who were unable to participate in written or oral English. While 

this may significantly limit generalizability in some populations, locally, this only resulted in 
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the exclusion of 2% of those otherwise eligible. Second, regions with different attributes 

such as more mixed income neighborhoods, robust public transportation, or neighborhoods 

with rapidly evolving demographics may have different findings. More heterogeneous 

neighborhoods may be more affected the “ecological fallacy” – falsely ascribing area-level 

characteristics to individuals. Third, we chose several cut-points for predictive modeling. 

These cut-points, while based on pre-existing literature when available, may not be the 

correct cut-points for optimal use of neighborhood information and may differ across 

different settings. Fourth, caregiver report of income and financial strain is subject to social 

desirability bias; however, the same bias would likely exist in questioning on these topics 

during routine clinical practice. Finally, the widespread use of neighborhood attributes to 

assess patient or family risk in clinical practice may require electronic health record 

enhancements to allow for geocoding and data linkages before such processes can be put in 

place more broadly.

CONCLUSION

Information about a child’s neighborhood may help to efficiently identify low-income 

children and families who are experiencing socioeconomic hardships and barriers related to 

the SDH. This could guide risk assessment and identification starting the moment a family 

arrives and registers in the clinical setting. Bringing this information into the clinical realm 

could be beneficial as a means by which systematic risk screening is more efficiently 

pursued, resources are targeted and allocated more effectively, and policy decisions around 

payment reform are made more appropriately.
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WHAT’S NEW

Socioeconomic hardship is common in children hospitalized with asthma. Universal 

socioeconomic risk screening is challenging to implement in clinical practice. Patient 

address may be an efficient way to identify at-risk children and allocate social support 

resources in the inpatient setting.
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Figure 1. 
Heat maps* comparing neighborhood characteristics to patient/household characteristics at 

three geographies (zip code, census tract, census block group) for A) Income; B) Poverty 

and financial strain; and C) Vehicle availability (“car own”) and primary care access.

Abbreviations: MHI – median household income

*The left column of each pair represents neighborhood-level data; the right column is 

caregiver-reported, patient/household data. Highest risk neighborhoods are depicted in red 

and lowest risk neighborhoods in green. Highest risk patients are depicted in dark blue and 

lowest risk in white.
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Figure 2. 
A: Receiver operator characteristics (ROC) curves at zip code, census tract, and block group 

level for predicting individuals with annual household income <$30,000. B: ROC curves for 

predicting individuals with 4 or more strain items. C: ROC curves for predicting individuals 

with inadequate primary care access (score < 75).
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Table 1

Primary comparisons assessed during correlation analyses

Neighborhood Variables

Zip Code Census Tract Block Group

Individual Patient Variables

Household Income Individual Income* 
compared to Zip Code 
Tabulation Area Median 

Household Income*

Individual Income* 
compared to Census 
Tract Median Household 

Income*

Individual Income* 
compared to Block 
Group Median 

Household Income*

Financial Strain Number of strain items 
compared to Zip Code 
Tabulation Area Poverty 

Decile**

Number of strain items 
compared to Census 

Tract Poverty Decile**

Number of strain items 
compared to Block 

Group Poverty Decile**

Primary Care Access Access score¶ compared 
to Zip Code Tabulation 
Area Vehicle Availability 

Decile**

Access score¶ compared 
to Census Tract Vehicle 

Availability Decile**

Access score¶ compared 
to Block Group Vehicle 

Availability Decile**

*
Income categories=<$15,000; 15,000–29,999; 30,000–44,999; 45,000–59,999; 60,000–89,999, ≥90,000

**
Deciles of the Greater Cincinnati Region; e.g. Highest Poverty Decile Neighborhood means neighborhood is amongst the highest 10% of 

impoverished neighborhoods in Cincinnati

¶
Access score of <75, 75–99, or 100.
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Table 2

Patient demographic characteristics for those enrolled in the Greater Cincinnati Asthma Risks Study cohort 

(n=774)

Characteristic n %

Age (years)  <4 294 38

 4–11 396 51

 ≥12 81 11

Male Sex 503 65

Race/Ethnicity  African American 441 57

 White 254 33

 Other, includes Hispanic 76 10

Health Insurance  Public 562 73

 Private 171 22

 Self-pay 27 4

Annual household income ($)  <15,000 275 36

 15–29,999 212 27

 30–44,999 108 14

 45,000–59,999 46 6

 60,000–89,999 78 10

 ≥90,000 55 7

Number of Strain Items (7 possible)  0–2 151 20

 3 185 24

 4 252 32

 5+ 182 24

Primary Care Access Perfect (score=100) 143 18

Almost always adequate (75–99) 337 44

Less than almost always adequate (<75) 294 38
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Table 3

Characteristics of neighborhoods where enrolled patients live

Neighborhood characteristic Zip Code Tabulation Area 
(% of children)

Census Tract (% of 
children)

Block Group (% of 
children)

Median Household Income ($)  <15,000 5.6 9.8 12.3

 15–29,999 23.1 27.7 26.2

 30–44,999 20.3 24.6 27.3

 45,000–59,999 33.1 19.9 15.1

 60,000–89,999 17.7 14.6 14.9

 ≥90,000 0.3 3.5 4.3

Poverty* Highest Decile 25.1 22.9 27.5

2 16.8 19.9 16.8

3 16.9 10.0 11.0

4 13.7 9.7 10.1

5 4.7 12.1 7.4

6 7.8 5.3 7.5

7 4.0 6.1 5.8

8 4.4 4.4 5.0

9 2.8 6.5 5.7

Lowest Decile 3.9 3.2 3.2

Vehicle Availability** Lowest Decile 35.0 29.5 13.2

2 11.2 12.4 9.4

3 16.9 11.4 13.6

4 8.1 10.0 12.5

5 6.6 8.5 9.7

6 9.8 6.7 11.0

7 3.8 5.9 9.2

8 3.5 6.1 21.5

9 3.1 6.1 0

Highest Decile 1.9 3.5 0

*
Highest decile neighborhoods have poverty rates of >36%, 39%, and 40% at zip code, census tract and block group respectively. The lowest decile 

neighborhoods have poverty rates of <4%, 3%, and 1% respectively.

**
Lowest decile neighborhoods have vehicle availability rates of <83%, 75%, and 50% at the zip code, census tract and block group respectively. 

Highest decile neighborhoods have vehicle availability rates of ≥99% for all neighborhood groups.
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Table 4

Sensitivities and specificities for neighborhood prediction of individual variable using a maximal total 

accuracy and maximal Youden Index approach

Neighborhood value 
used to maximize total 

accuracy

Maximal total 
accuracy 

(Sensitivity, 
Specificity)

Neighborhood value 
used to maximize 

Youden Index

Maximal Youden 
Index (Sensitivity, 

Specificity)

Prediction of individual income 
<$30,000

 Zip code 41948 (0.57, 0.75) 60276 (0.95, 0.30)

 Census tract 34271 (0.60, 0.78) 34271 (0.60, 0.78)

 Block group 50602 (0.84, 0.51) 38036 (0.69, 0.69)

Prediction of individuals with 
≥4 strain items

 Zip code 8.5 (0.93, 0.25) 13.0 (0.78, 0.43)

 Census tract 57.1 (0.91, 0.13) 19.7 (0.53, 0.52)

 Block group 92.8 (1.00, 0.00) 9.9 (0.28, 0.76)

Prediction of inadequate 
primary care access

 Zip code 25.3 (0.36, 0.78) 11.7 (0.56, 0.60)

 Census tract 61.8 (0.03, 0.99) 9.6 (0.70, 0.48)

 Block group 66.6 (0.09, 0.96) 12.1 (0.66, 0.54)
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