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Abstract

In the majority of studies on context and health, the focus, primarily due to data limitations, has been on a
single type of context, most commonly neighborhood. Yet in addition to neighborhood of residence, the
alternative environment of extensive exposure is the workplace. We use a unique data linkage to combine
data on early life state of residence, work environment, and neighborhood environment for blue and white
collar workers that were followed from 1996 to 2012, with 305,936 person-years of observation. Disease
was assessed using medical claims. In our initial analyses we find small but statistically significant
associations between early state of residence characteristics and later life hypertension, diabetes and
ischemic heart disease. The most consistent associations were with income inequality and percent white.
Our next analyses will examine trajectories from early life state to workplace and neighborhood, and the

relative strength with which each predicts chronic disease outcomes.



Introduction

Environment, whether at the level of country, state, county or neighborhood, accounts for a meaningful
amount of variance in chronic disease (1-8). While earlier work was entirely ecological in nature, thus
making inference to individual health outcomes problematic, more recent literature has avoided
ecological bias by measuring individual level outcomes and covariates (4, 9, 10). In the United States,
state is a level of geography that has varied social characteristics and policy heterogeneity — “It is one of
the happy incidents of the federal system that a single courageous state may, if its citizens choose, serve
as a laboratory; and try novel social and economic experiments without risk to the rest of the country*
(11). The state level is also methodologically advantageous as a level of analysis because there is likely
less severe self-selection bias as compared to smaller regions within metropolitan areas (12), such as
neighborhood, where wealth and race are substantial drivers of within metropolitan area residential
location due to socially and materially influenced housing choice (10). A further notable emphasis in the
current literature is that, most typically, due to data constraints, only current context is examined, which is
inconsistent with life course theories of the etiology of chronic disease (13-17). It is possible that the
associations found with current measures of social and economic environment are at least in part due to
impacts of earlier environments that are strongly correlated with current context as many people remain
stable geographically (18).

For these reasons, the current analysis begins with state early in life. Specifically, the study
examines how early life state characteristics are associated with prevalent hypertension, type 2 diabetes
and ischemic heart disease. We are able to construct this environment through data linkage of individuals
in a well-characterized occupational cohort using the first three digits of social security numbers to
determine state of early life residence (24). The next steps of the analysis which we will present examine
the extent to which these early life characteristics predict the type of neighborhood individuals live in
later in life, and the type of work environments, both physical and psychological, that they are exposed to
later in life. Finally, we will compare the strength with each of these types of environments are associated

with chronic disease outcomes, and use machine learning methods to explore potential higher order



interactions between these environments with each other and with individual level social and
demographic characteristics of individuals.

Methods

The study population is from an occupational cohort obtained from United States manufacturing plants
with a total analytic sample size of 40,804, with 305,936 person years of observation. Data were collected
on all employees beginning in 1996 through their date of retirement. Individuals were censored in 2012.
The data come from 62 manufacturing plants across the United States, with at least 100 individuals per
plant (smaller plants were excluded from the current analysis). We used the first three digits of employee
social security numbers to determine the state where their social security card was issued (25). Fewer than
1% of our sample could not be linked. We chose the following state characteristics based on previous
findings in the literature as important indicators of social condition that were also available as consistently
measured in the U.S. census since 1940: percent urban, percent with less than a high school level of
education, median income in year 2000 dollars, unemployment rate, percent white and Gini coefficient of
income inequality. Supplemental figure S1 presents a Pearson correlation plot showing how strongly each
of the early life state and current state measures are correlated, with more intense colors and larger dots
indicating stronger correlation, as shown in the scale to the right of the figure.

We used administrative records to obtain individual level covariates and outcome data. These
data include age, race, gender, whether the individual was an hourly or salaried worker and a continuous
measure of employment grade. Prior work has shown that level of employment grade, which ranges from
1 to 76 and whether the individual was an hourly worker are strong predictors of chronic disease health
outcomes (26). Prevalence of health outcomes were defined as having two or more diagnoses for each of
the health outcomes of analysis over the study period: hypertension, type 2 diabetes mellitus and ischemic
heart disease. Prior work has determined the accuracy of medical claims data for identifying health
outcomes from administrative data (28).

All statistical models were fit within a pooled logistic regression framework and random effects

were used to account for the clustering within both individuals (n=40,804) and manufacturing plant



(n=62) (a three level model). We fit four primary models for each of the three health outcomes focusing
on interpreting the coefficients for state characteristics in early life (coefficients for other covariates in the
models are available from authors). In addition to the six early life state characteristics previously
described, the models contain the following covariates: Model one included age, age-squared,
race/Ethnicity (black, Latino or other) and gender. Model two additionally included the smelter workplace
indicator, and a four-category early life census region. Model three additionally includes current state
characteristics. Model four additionally includes whether the individual was an hourly worker and the
individual level employment grade. In order to account for differential censoring within the cohort, we fit
all models using inverse probability of censoring weights.

Results

Table 1 shows the demographic, geographic and health characteristics of the sample, which is more white,
more male, and more working class than the general U.S. population. Table 2 presents the coefficients
from random effect regression models with hypertension, diabetes and ischemic heart disease as the
dependent variables. Each set of six rows of coefficients per outcome are from a single regression model,
thus this table shows results from the four different models for each of 3 outcomes (12 different
regressions). For hypertension, all six measures of the early life state environment are statistically
significantly associated with the outcome in each of the four models. For model one, the model of our
primary focus, a higher % white, more urban, more high school graduates, a lower percent of
unemployed, a higher median income and a lower Gini are associated with lower levels of hypertension.
Results are similar for model 2, but the direction of association reverses for high school and median
income after controlling for census region. Both models 3 and 4 are similar in direction and magnitude to
model 2, although the direction of sign changes for unemployment. The regression coefficients indicate
the log odds of hypertension associated with a 1 standard deviation difference in the contextual factor. For
example, the coefficient for Gini in model 1 is 0.018, which translates to a 1.02 odds ratio for
hypertension associated with one standard deviation difference in the Gini. For diabetes, only percent

unemployed and the Gini measure of income inequality are statistically significantly associated in the first



model, and the associations remain of similar magnitude after controlling for additional covariates in
models two, three and four. After controlling for region in Model 2, a higher percent of white in early life
state of residence is associated with increased prevalence of diabetes. For ischemic heart disease, all of
the early life state characteristics except percent urban are associated in model 1. After controlling for
region, median income is no longer associated, and after controlling for current state characteristics
percent high school is no longer associated. In the final model 4, only percent white and Gini remain
associated with ischemic heart disease prevalence later in life. The figure presents the data from table 2,
model 4, but with using Gini and unemployment on a scale running from high to low to be consistent with
the other measures.

Discussion

We show for the first time how measures of early life state social context remain associated with chronic
disease many years later, even after statistical control for individual sociodemographic characteristics and
characteristics of current state context. The most consistent associations across models and health
outcomes were for percent white in early life state and the Gini index of income inequality, although the
direction of association with percent white varied by outcome examined. These findings are unlikely to be
driven by migration, as associations were generally consistent or stronger when examined within the
strata of the population who did not move states, thus associations conditional on current state were based
on changes in state characteristics over time. Finally, most measures of association did not change when
including current health behavior and biomarkers in the statistical models. The exception to this was the
Gini, for which associations with hypertension, diabetes and ischemic heart disease were all substantially
attenuated, suggesting that a potential pathway through which factors correlated with early life state
income inequality impacts current chronic disease may be through current health behaviors, as also shown
in other work (29). Finally, even without identifying mechanisms or specific causal factors, our findings,
and the method of using the first three digits of social security numbers, can be used to inexpensively
obtain information on factors that may act as confounders in studies of contemporaneous environments

and chronic disease.



Tables

Table 1. Demographic characteristics, Alcoa cohort, 1996-2012

Mean/percent (n=40,804)

age (mean) 49
male 78%
race
black 9.8%
white 75%
latino 11%
other 4.2%
hourly worker 71%
smelter worker 31%
current census region
west 17%
central 36%
east 14%
south 33%
early life census region
west 8.1%
central 37%
east 18%
south 37%
hypertension prevalence 16%
diabetes prevalence 5.7%

ischemic heart disease prevalence 3.5%

table note: person years of observation are 305,936



Table 2. Association of early life state characteristics with later life health, Alcoa cohort, 1997-2012

Model 1 Model 2 Model 3 Model 4

Hypertension estimate SE p-value estimate SE p-value estimate SE p-value estimate SE p-value
% white -0.0080* 0.0007 <.0001 -0.0094*  0.0008 <.0001 -0.0075*  0.0009 <.0001 -0.0079* 0.0010 <.0001
% urban -0.0028* 0.0007 0.0001 -0.0040* 0.0008 <.0001 -0.0112* 0.0010 <.0001 -0.0111* 0.0010 <.0001
% high school -0.0058 0.0018  0.0011 0.0202*  0.0022 <.0001 0.0326* 0.0023 <.0001 0.0316* 0.0023 <.0001
% unemployed  0.0020  0.0007  0.0027 0.0019  0.0007  0.0045 -0.0035* 0.0007 <.0001 -0.0033* 0.0008 <.0001
median income  0.0068*  0.0020  0.0006 -0.0063  0.0021 0.0034 -0.0078  0.0024  0.0010 -0.0081  0.0024  0.0007
Gini 0.0188* 0.0012 <.0001 0.0156* 0.0014 <.0001 0.0132* 0.0016 <.0001 0.0132* 0.0016 <.0001
Diabetes

% white 0.0008  0.0004 0.0590 0.0012  0.0005 0.0080 0.0023* 0.0006 <.0001 0.0022*  0.0006 <.0001
% urban 0.0001 0.0004 0.7342 0.0008  0.0005 0.1034 0.0007  0.0006  0.2503 0.0009 0.0006 0.1331
% high school 0.0001 0.0010 0.9053 0.0024  0.0013  0.0528 0.0027  0.0013  0.0420 0.0024  0.0013 0.0765
% unemployed  0.0011  0.0004 0.0034 0.0014*  0.0004 0.0004 0.0015  0.0004 0.0007 0.0014  0.0004 0.0011
median income  -0.0003  0.0012  0.8164 -0.0008  0.0012 0.5327 -0.0023  0.0014 0.0929 -0.0028  0.0014 0.0426
Gini 0.0032*  0.0007 <.0001 0.0021  0.0008 0.0068 0.0037*  0.0009 <.0001 0.0039* 0.0009 <.0001
Ischemic Heart Disease

% white 0.0010* 0.0003  0.0001 0.0011*  0.0003 0.0001 0.0018* 0.0003 <.0001 0.0018* 0.0003 <.0001
% urban 0.0005 0.0003 0.062 0.0009  0.0003 0.0013 0.0008  0.0004 0.0238 0.0008  0.0004 0.0225
% high school ~ -0.0041* 0.0006 <.0001 -0.0025 0.0008 0.0012 -0.0016  0.0008 0.0575 -0.0018  0.0008 0.0286
% unemployed  0.0006  0.0002 0.0053 0.0008*  0.0002 0.0005 0.0002  0.0003 0.3799 0.0003  0.0003 0.3445
median income  0.0021  0.0007  0.003 0.0015 0.0008 0.0516 0.0015  0.0008 0.0698 0.0017  0.0008 0.0466
Gini 0.0019* 0.0004 <.0001 0.0015 0.0005 0.0026 0.0015 0.0006 0.0068 0.0015 0.0006 0.0100

table notes: Each set of six rows of coefficients per outcome (and SE, standard error) are from a single regression model, thus this table shows
results from 12 different regression models (four models for each of three outcomes). All models include random effects for individual and plant
location. In addition to the regression coefficients shown here, the models contain the following covariates: Model one includes age, age-squared,
and race (black, Latino or other) and gender. Model two additionally includes smelter workplace indicator, and the four category early life census

region. Model three additionally includes current state characteristics (the same six as the early life characteristics). Model four additionally

includes whether the individual was an hourly work and their employment grade. Estimates marked with an * indicate statistically significant at

p<0.05 after Bonferroni adjustment (equivalent p-value of p<0.0006944) for multiple hypothesis testing.



Figure

Radar plot of Odds ratios of association of early life state characteristics with later life health, Alcoa
cohort, 1997-2012
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Figure notes: The figure presents the data from table 2, model 4, but converts coefficients to odds ratios,
and using Gini and unemployment on a scale running from high to low to be consistent with the other
measures. The location of the colored line along radii corresponds to odds ratios of association between
the factor indicated on each radii and the health outcome as indicated in the legend to the right. The order
of radii from O degrees going clockwise is of factors associated with decreased to increased risk of
hypertension. The values on the left hand side of the plot indicate magnitude of odds ratio associated with
each outcome. The range is from an odds ratio of 0.95 (center of circle) to 1.05 (outer ring of circle).
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Supplemental Figure

Figure S1. Correlation of current and early life state characteristics
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table notes: State Card factors indicate characteristic at the time the social security card was issued, State
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side and top are repeated, the diagonal shows correlations of 1.
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