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Abstract

Introduction—There is growing recognition that health disparities research needs to incorporate 

social determinants in the local environment into explanatory models. In the transdisciplinary 

setting of the Mid-South Transdisciplinary Collaborative Center (TCC), the Social Determinants 

(SDH) Core developed an approach to incorporating SDH across a variety of studies. This placed- 

of Health based approach, which is geographically based, transdisciplinary, and inherently 

multilevel, is discussed.

Methods—From 2014 through 2016, the SDH Core consulted on a variety of Mid-South TCC 

approach used geospatial methods (e.g., geocoding) to link individual data files with measures of 

the physical and social environment in the SDH Core database. Once linked, the method permitted 

various types of analysis (e.g., multilevel analysis) to determine if racial disparities could be 

explained in terms of social determinants in the local environment.

Results—The SDH Core consulted on five Mid-South TCC research projects. In resulting 

analyses for all the studies, a significant portion of the variance in one or more outcomes was 

partially explained by a social determinant from the SDH Core database.

Conclusions—The SDH Core approach to addressing health disparities by linking 

neighborhood social and physical environment measures to an individual-level data file proved to 

be a successful approach across Mid-South TCC research projects.

INTRODUCTION

Two of the four overarching goals of the Healthy People 2020 initiative point to the role of 

place in dealing with health disparities.1 There is growing recognition that the rising 

prevalence of obesity in poor and minority populations is implicated in the persistent 

disparities of chronic disease among these populations.2,3 Despite growing awareness of the 

negative health impact of poor diet, physical inactivity, and excess weight, the prevalence of 
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obesity among poor and minority populations has increased dramatically in the U.S.3,4 

During the last three decades, according to national surveys (i.e., the National Health and 

Nutrition Examination Survey), the U.S. obesity rate among blacks has doubled in adults 

and tripled in children and adolescents.5–7 The consensus among public health experts is that 

human genomic differences are not responsible for the rapid rise in obesity and the 

explanation must lie with differences in environmental exposures that are socially 

determined.8,9 The purpose of the current study is to describe an approach to explaining 

health disparities in terms of social determinants in the context of a transdisciplinary center 

grant of the Mid-South Transdisciplinary Collaborative Center (TCC). Specifically, this 

paper discusses one component of the Social Determinants of Health (SDH) Core of the 

Mid-South TCC that consulted with new and ongoing center grant projects to assess the 

potential for incorporating SDH into their ongoing analyses.

The acknowledgement of the role of environmental factors in the obesity epidemic has led to 

a paradigm shift in thinking and research. The dominant, individually focused models of 

behavior change are not believed to be sufficient either to explain or address the epidemic.8,9 

Instead, ecologic models, which acknowledge the role of neighborhood contexts and also 

take advantage of improved measurement methods, are advocated.10,11 Consequently, 

incorporating SDH disparities into ongoing Mid-South TCC studies represents a 

transdisciplinary approach that could also affect the design and conceptualization of these 

studies.

Although there is consensus on the general role of the local environment in its contribution 

to health disparities in general and the obesity epidemic in particular, there is little in the 

way of consensus on the relative contribution of any one social determinant (e.g., social or 

economic stress, access to medical care, nutritive stress), let alone the relative contribution 

of any specific neighborhood or community context (e.g., walkability).12–15 The lack of 

directly measured data on factors in the local environment that are aggregated at a useful 

areal unit of analysis is often a limitation in this literature.13 Furthermore, many studies of 

the role of the local environment in health disparities research have used national surveys 

that either use self-reports for key outcome variables like physical activity (e.g., the 

Behavioral Risk Factor Surveillance Survey) or do include direct measures (e.g., the 

National Health and Nutrition Examination Survey) but are structured to be representative at 

regional levels of aggregation rather than a local environment (e.g., neighborhood).16 The 

SDH Core acknowledged these issues in developing an approach that was at the same time 

transdisciplinary and pragmatic. The development of a database of commonly used measures 

assessing SDH in the neighborhood environment made possible SDH Core consultations to 

aid new and ongoing Mid-South TCC projects interested in incorporating these measures 

into their study designs.

CORE CONCEPTUAL MODEL

A conceptual model demonstrating multilevel character of the role of the place on health 

outcomes in the transdisciplinary context of Mid-South TCC research projects is provided in 

Figure 1. It derives from emerging frameworks that propose a place-based synthesis linking 

exposures, health behaviors, and genetic susceptibilities.17,18
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It should be noted that, in the model, social determinants at the neighborhood level may 

affect individual outcomes through both a direct and an indirect path. The direct path 

operates through chronic exposure to social stressors leading to metabolic disturbances (i.e., 

elevated blood pressure, dyslipidemia, insulin resistance, and a chronic inflammatory state 

[Path 1 in Figure 1]).19,20 As the body tries to return a homeostatic balance, many 

physiologic processes are “reset” in a process known as allostatic load, first described by 

McEwen.21 The process of allostasis is believed to result in epigenetic changes that alter the 

expression of genes associated with the functioning of the hypothalamic–pituitary–adrenal 

axis and the sympathetic–adrenal–medullary axis, leading to metabolic dysfunction and 

chronic disease.19,22,23

The indirect path operates through the potential constraining effect of the neighborhood 

environment (e.g., food deserts) on behaviors related to diet and physical (Path 2 in Figure 

1).24–26 Here, the effect on metabolic dysfunction is primarily due to chronic exposure to 

environments that constrain health behaviors associated with diet and physical activity, 

leading to obesity and metabolic dysfunction.27 This constraining mechanism is proposed by 

Glass and McAtee28 to explain the effects of SDH. Finally, the conceptual model assumes a 

multilevel structure of individuals nested within their neighborhood and community 

environments.

CORE CONSULTING

The process of introducing social determinants in the local environment into new and 

ongoing Mid-South TCC projects was accomplished through consults with individual 

researchers. Mid-South TCC researchers were informed about the SDH Core consulting 

through presentations at annual meetings, monthly conference calls, and the Mid-South TCC 

website. Only a portion of the consults were conducted with the goal of providing projects 

the opportunity to incorporate SDH into their research designs. It was a process the SDH 

Core termed “contextualization” for descriptive value with Mid-South TCC researchers. It 

should be noted that the term was not meant to suggest social determinant variables were 

necessarily “contextual” variables. Basically, the method was organized to provide any 

research project that met basic criteria the opportunity to incorporate social determinants 

into their ongoing studies. The basic criteria included:

1. availability of address identifiers for study participants;

2. a health outcome that demonstrates a disparity by race or ethnicity; and

3. a willingness to entertain the possibility that social determinants might explain 

the disparity.

Consults involved several meetings either in person or online. Typically, these meetings 

involved the exchange of data dictionaries, preliminary results, and research papers on the 

relevant topics.

Once the criteria were met, a two-step process of geocoding and spatial joining was 

conducted. Geocoding refers to the process by which a GIS assigns a longitude and latitude 

to a study participant’s residential address. The assigned longitude and latitude was then 
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linked to the U.S. Census areal units (e.g., block group, Census tract) associated with that 

longitude and latitude.

Once the U.S. Census areal units were assigned, a spatial join could be conducted using the 

Federal Information Processing Standard code that identifies each areal unit. At this point, 

each participant would have a code for their Census tract of residence, for example, included 

in their data file. The spatial join then used the Federal Information Processing Standard 

code present in both the participant’s data file and the SDH Core database to merge the two 

data files. Once merged, the true Census tract was typically removed and a fictitious Census 

tract identifier added to the file for confidentiality purposes. The fictitious Census tract 

identifier was included to preserve the multilevel architecture of the data set. It should be 

noted that Census tract was typically used as the areal unit to approximate a neighborhood 

exposure. Census tracts are recognized as an effective, area-based measure of social risk.16 

In addition, the U.S. Bureau of the Census designs the Census tract to be a “small, relatively 

permanent statistical subdivision….designed to be relatively homogeneous with respect to 

population characteristics, economic status, and living conditions.”29

Spatial Issues

Once a research design included participants spatially organized over the study area, a 

number of spatial issues had to be considered. The primary consideration was the possibility 

of spatial autocorrelation in the study outcomes. Addressing spatial autocorrelation is 

important because spatially autocorrelated data violate the assumption of independence 

assumed in statistical analyses and can lead to either Type I or Type II errors.30,31 In projects 

involving a relatively small number of participants (e.g., <100) their distribution was rarely 

into contiguous neighborhoods, making the likelihood of spatial autocorrelation highly 

unlikely and the assessment of spatial autocorrelation more difficult. In projects involving a 

much larger number of participants, assessing spatial autocorrelation using a contiguity-

based spatial metric for spatial weighting was possible.32 Assessments of spatial 

autocorrelation were conducted on the mean level of an outcome (e.g., mean BMI) across 

neighborhoods, when available. Distance and k-nearest neighbor spatial metrics for spatial 

weighting were not used.

Multilevel Issues

Consultation on multilevel approaches to analysis of data was also provided by the SDH 

Core. Although including both individual- and Census tract–level measures in a study is 

conceptually a “multilevel” design, several issues needed to be considered to determine 

whether a multilevel analysis using random coefficient models could be conducted. The first 

consideration was grouping of participants across neighborhoods. Though there are no set 

rules, projects with a large number of groups (e.g., >100) yield more-stable estimates and 

better model performance.32,33 With regard to group size (e.g., average number of 

individuals nested in a neighborhood), there are additional considerations. Data sets with 

large numbers of groups in which there are fewer than five in a group lead to overestimation 

of the between group variance, leading to Type II errors.33 In fact, only one Mid-South TCC 

project had a data structure that permitted multilevel analysis using random coefficient 

models.
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Social Determinants of Health Core Database

The SDH Core database was derived from multiple data sources and organized to reflect a 

variety of constructs theorized to determine health outcomes through neighborhood 

exposures (Table 1).

The U.S. Census provided data for a number of measures. The U.S. Census’ American 

Community Survey 5-year estimates provided a variety of social and demographic data to 

generate measures of social risk. InfoUSA data involving the Industry Classification System 

and the Standard Industrial Classification (SIC) are used to characterize built environment 

measures. Data obtained from these sources included business name, geocoded location, and 

detailed SIC codes for food establishments.

Measures

A variety of measures were available from the U.S. Census to assess the social environment. 

Neighborhood disadvantage was assessed as an index of neighborhood concentrated 

disadvantage.34 The Census data items used to generate the concentrated disadvantage 

measure include:

1. percentage African American;

2. percentage Hispanic;

3. percentage female;

4. percentage of individuals within standard categorized age groups;

5. percentage of individuals with less than high school education and the 

percentage of individuals with a college education or more; and

6. percentage renting, percentage homeowner, and percentage substandard housing 

in the neighborhood.

The method for deriving the index is provided in the PhenX tool kit.35

Racial residential segregation is included in the SDH Core database. It was organized for 

U.S. Census places with populations >50,000 in the five Mid-South TCC states (n=34) 

consistent with the conceptual model that views the organization of neighborhoods (e.g., 

Census tracts) within U.S. Census–defined places (e.g., cities, towns, villages) as the 

relevant unit of analysis for studying structural racism.36 It is calculated based on measures 

from the 2010 U.S. Census and derived using the dissimilarity index and the isolation index.
37 Finally, indices of Uniform Crime Reports was obtained from Esri.38

The SDH Core database defines exposure in a number of ways, including:

1. as specific food establishment densities (e.g., outlets per capita, outlets per 

roadway mile); and

2. as the ratio of unhealthy to healthy food establishments in the neighborhood 

(continuous scale).
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Food establishments were classified using SIC codes from food permit databases obtained 

from InfoUSA or similar companies. Healthy and unhealthy food establishments include 

those hypothesized to typically provide healthy and unhealthy food, respectively, based on 

previous research and evidence.39,40

Specific food establishment availability was broken down into three categories:

1. fast food availability;

2. convenience store availability; and

3. large grocery and supermarket availability.

From the trade addresses provided in the food permit database, a list of all retail outlets 

selling food, either restaurants or markets, were extracted to calculate specific food 

establishment measures. A subset of restaurants (i.e., fast food restaurants) are determined 

using a list of franchise fast food outlets for the state, similarly to previous studies.41

In the SDH Core database, the primary measure used to assess the physical activity 

environment was street connectivity, a primary construct of the concept of walkability.42,43 

As a construct, high street connectivity is believed to make various land uses more proximal 

and therefore promotes active transportation (i.e., neighborhood street networks that are 

continuous, integrated, and maximize linkages between starting points and destinations, 

providing multiple route options).44,45 Indices of street connectivity in the database include:

1. intersection density, the number of nodes (i.e., intersections) per Census tract;

2. gamma index, the ratio of observed node linkages to the maximum possible links 

in the network; and

3. street density, the number of linear miles of street per square mile of land in the 

Census tract.

Data were measured using 2010 U.S. Census topologically integrated geographic encoding 

and referencing files.

In addition to street connectivity, measures assessing exposure to physical activity–related 

venues in the built environment were also available in the SDH Core database. 

Commercially available data from InfoUSA were used to characterize the availability of 

facilities conducive to physical activity using the SIC codes, which correspond to those used 

by the U.S. Census.46 A list of SIC codes representing physical activity–related facilities 

was compiled and used to identify and enumerate those facilities, including parks. The 

number of and availability of such facilities, including their density per capita, were 

included.

CASE STUDY

A Mid-South TCC pilot project sought consultation with the SDH Core to incorporate SDH 

as a potential explanatory factor for disparities in glycemic control among pediatric diabetes 

patients. Glycemic control is an important predictor of later complications from diabetes 

(e.g., blindness, amputation) and is more common among black diabetic patients.47 The 
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study involved 86 white and black adolescent diabetes patients, which precluded multilevel 

analysis using random coefficient models. Poor glycemic control, assessed as elevated levels 

of hemoglobin A1c, was higher in the black diabetes patients. Typically, disparities in 

glycemic control are attributed to genetic or psychosocial differences between black and 

white patients.47

With a working hypothesis that greater exposure to disadvantaged environments leads to 

chronic stress and allostatic changes resulting in metabolic dysfunction including insulin 

insensitivity, the SDH Core set about contextualizing the patients in the study. The patients’ 

home addresses were geocoded and each patient was assigned the measure of concentrated 

disadvantage associated with their Census tract of residence. It should be noted that 

measures of neighborhood disadvantage have been linked to metabolic dysfunction in prior 

research.48,49 Stratified analyses found a strong positive association between level of 

concentrated disadvantage and hemoglobin A1c among the black diabetic patients. It was 

noted that very few white patients live in high concentrated disadvantage neighborhoods, 

which could account for the lack of an association observed among this group of patients. In 

addition, concentrated disadvantage was positively associated with C-reactive protein, a 

measure of inflammation, in both white and black patients. The study has recently been 

published.50

CONCLUSIONS

There is growing recognition that in order to address the health disparities that affect poor 

and minority populations, the research community will have to focus on the characteristics 

of the local environment to which individuals are exposed.17,51,52 Poor and minority 

populations in the U.S. are exposed to very different local environments that differentially 

expose them to social and nutritive stressors associated with chronic disease.12,53 Integrating 

the relevant social and biological factors to bring health research to bear on this topic 

therefore requires a multidisciplinary approach. It was an approach that first requires 

understanding of the biological mechanism and may be affected by environmental stressors. 

Next, it required a methodology that was geographically based and multilevel in design. The 

SDH Core of the Mid-South TCC has attempted this integration.

The Mid-South TCC SDH Core approach was fundamentally multidisciplinary, 

geographically based, and inherently multilevel in design. The SDH Core has provided an 

opportunity to Mid-South TCC research studies—ranging from studies of the determinants 

of glycemic control among pediatric diabetes patients to studies of obesity among urban 

clinic patients—to integrate measures of each individual’s local environment into the 

analysis. In a process the project termed “contextualization” for its descriptive value, 

individual patient/participant’s residential information was used to identify their local 

neighborhood environment in order to add relevant measures of the physical and social 

environments to which they are exposed. This type of linking permitted multilevel analyses 

to determine the how much of the variance in an outcome is between individuals and how 

much is between neighborhoods. It was noteworthy that, in nearly every study in which 

social determinants were incorporated, a significant amount of the variance in one or more 

study outcomes was attributed to a social determinant at the neighborhood level.50
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Figure 1. 
Conceptual model demonstrating the SDH Core approach to incorporating social 

determinants of health into Mid-South TCC research projects.

SDH, social determinants of health; TCC, Transdisciplinary Collaborative Center
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Table 1.

Common Measures Available in the SDH Core Database

Domain Measures Source Time Scale

Food Fast food availability Info USA/NCAIS 2009 Census tract

Environment Convenience availability Info USA/NCAIS 2009 Census tract

Supermarket availability Info USA/NCAIS 2009 Census tract

Healthy/unhealthy food establishments Info USA/NCAIS 2009 Census tract

Physical activity Physical activity facilities Info USA/NCAIS 2009 Census tract

Environment Street Connectivity U.S. Census/ACS 2010 Census tract

Density U.S. Census/ACS 2010 Census tract

Road type U.S. Census/ACS 2010 Census tract

Urban / rural classification U.S. Census/ACS 2010 Census tract

Social and economic environment Crime Esri crime data 2010 Block group/Census tract

Residential segregation U.S. Census/ACS 2010 Census place

Income inequality U.S. Census/ACS 2010 Census tract

Concentrated 2010 Census tract

Disadvantage U.S. Census/ACS 2010 Census tract

Sociodemographics U.S. Census/ACS 2010 Census tract

SDH, social determinants of health; NCAIS, Industry Classification System; ACS, American Community Survey
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