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Abstract
Access to health care in the United States remains greatly disproportionate
across socioeconomic groups. It is not known, however, whether the disparities
between the socioeconomic categories are increasing or decreasing. This analysis
used a well-established non-parametric technique, employing time-varying coefficient models applied to data from the 1993 to 2009 US Behavioral Risk Factor
Surveillance System (BRFSS). The analysis was able to show the changes in the
odds ratios of having no health insurance plan for variables of interest over time,
therefore highlighting the changes in the disparities between the categories of
a variable over time. While other studies have attempted to show the changes
in health insurance coverage by socioeconomic groups in di↵erent time periods,
there is no study to date that has shown these changes as a smooth function with
time, therefore providing a clearer picture of the changes in these disparities.
The results of this analysis show, for instance, that when compared with individuals with a college education or greater, those with less than a high school
education showed a steady increase in the odds ratios for having no health insurance. The same trend seems applicable–although in a less-clear way–to Hispanics and Non-Hispanic black race-ethnicities, compared with non-Hispanic whites
(the reference race category). As measures of the A↵ordable Care Act are being
gradually implemented, studies are needed to provide baseline information about
health care access disparity, in order to gauge any changes in health care access
over time; BRFSS can be a useful data source in accomplishing this task.
Keywords: U.S.A.; big data; disparities; health plan; health surveillance data;
P-splines; temporal trends; varying coefficient model.
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Introduction

Despite improvements in some health measures of Americans in the last decades
and the increase in life expectancy (United Health Foundation, 2013; National Center
for Health Statistics, 2013), disparities persist across certain groups -who continue to
have poorer access to health care services as well as poorer health outcomes than their
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counterparts. Several factors have emerged and been identified in the literature as being key to being healthy and having access to health care. These factors include low
socioeconomic status and lack of health insurance (William & Collins, 1995; Williams
& Collins, 2001; Sudano & Baker, 2006). The US stands alone among the industrialized countries in not providing health care coverage to all its citizens (Schoen et al.,
2013). Despite the recent attempt of the A↵ordable Care Act (ACA) to expand health
insurance, health care coverage and consequent access to health care services are still a
problematic issue. The US National Health Interview Survey in the first three months
of 2013 found 46 million (14.8
The aim of this study is to identify disparities in health insurance coverage for
adults aged 18–64 years across di↵erent demographic and socioeconomic groups over
time using U.S. BRFSS data from 1993-2009. The results, therefore, can be used as
a baseline for future studies, particularly after regulations from the ACA, which was
signed into law in March 2010, are in e↵ect as this could have a direct e↵ect on the
levels of health insurance coverage in the di↵erent population subgroups. The interest
here is not to study the trends in health care insurance coverage, but to study the how
disparities are changing over time—an analysis, to our knowledge, that has yet to be
done. In this study, we examined disparities by characteristics that included race, sex,
household income, educational attainment, and age between 18 and 64.
This study’s analytical approach is new to BRFSS applications; it used time varying
coefficient models that allow the coefficients of the variables in a regression model–for
instance, a logistic regression as in those applied here–to vary over time, which therefore allows the study of the trends of the coefficients (readable as odds ratios in logistic
regression models). This approach provides a method that treats time as a continuous variable while taking into consideration the relationship between the variables.
Therefore, observing the trends in the odds ratio plots can highlight the trends in the
disparities, since we are observing how the odds of a certain category of a variable is
changing in terms of the reference category for that variable. This analysis is particularly interesting in this moment of change for the US, given the implementation in
this year of the ACA. For this reason, before presenting our methods and analysis, the
following section briefly discusses the past and present background of the US health
care system.

2

Institutional Background

One way that the U.S. health care system is characterized–as with health systems
in most countries– is by the ratio of private and public insurers funding the system.
What is unique about the U.S. system is the dominance of the private element over
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the public one: coverage is provided mainly through private health insurance that is
the largest component of the health care system. In the first three months of 2013,
it was estimated that 23.9% of the U.S. population under the age of 65 was covered
by a public health plan (Cohen & Martinez, 2013). These programs include Medicare,
Medicaid, the Children’s Health Insurance Program (CHIP), state-sponsored or other
government-sponsored health plans, and military plans (Cohen & Martinez, 2013). This
leaves 60.3% of those under the age of 65 covered by private health care plans, and 17.1%
uninsured (Cohen & Martinez, 2013).
The primary public US health coverage program is Medicare, a federal program enacted in 1965 and funded through social security payments. It provides health coverage
mainly to people 65 years of age and older, some disabled people under 65 years of
age, people with end-stage renal disease and Amyotrophic lateral sclerosis. Medicare
has provided elderly Americans with basic health insurance coverage, with a number of
gaps. Medicare does not cover the full range of health services needed by many elderly
people: preventive care coverage is incomplete, and it lacks dental-, hearing-, and visionrelated benefits (AHRQ, 2007). In addition, Medicare does not cover chronic long-term
care (LTC), most notably nursing home care for the disabled elderly (Rowland & Lyons,
1996). In addition, over time other “holes” in coverage have been identified such as that
of varying rates of coverage for prescription drugs (Medicare, 2014). To have additional
coverage for these needs, most Medicare enrolees buy their own supplemental insurance
coverage (i.e. Medigap insurance also known as Medicare supplement insurance).
Medicaid is funded jointly at the federal and state levels and is available for individuals of all ages and families with low income and limited resources who cannot a↵ord
proper medical care. Each state sets its own rules about eligibility and covered services. The eligibility depends on several factors such as age, pregnant status, disability,
income and resources, as well as citizen/legal immigrant status. With the ACA, Medicaid has been expanded to include all nonelderly citizens and eligible legal residents
whose family income does not exceed 133 percent of the Federal Poverty Line (FPL)
(McDonough, 2014). Medicaid-ineligible people with incomes up to 400 percent of the
poverty line can receive premium subsidies through tax credits for health plans o↵ered
through state health insurance exchanges.
Most non-elderly U.S. citizens obtain health insurance through their employers or
organizations such as unions, professional associations, or other groups to which they
belong; people who may not have access to group insurance(e.g. self-employed or people
to whom employers do not o↵er health insurance plan) may choose to purchase their
own individual health insurance directly from an insurance company (AHRQ, 2007).
Individual insurance plans are traditionally much more expensive than group insurance
since individuals will be responsible for paying the entire premium rather than sharing
the cost with an employer and because of the type of the risk pool. Indeed, in the indi3

vidual market individuals tend to be more heterogeneous in their risk level than those
who have access to group insurance. Not surprisingly, they tend to face explicit variation in premiums that depends on characteristics thought to be predictive of expected
benefits among which health risk is probably the most important. Approximately 5%
only purchase insurance on the private non group individual market. (AHRQ, 2007).
In the wake of the Great Recession in the late 2000s, the United States saw a crisis
in the labor market with escalating unemployment that today stands at 6.7 percent
(U.S. Bureau of Labor Statistics, 2014). Since employers provide health insurance as
part of the benefits package for employees, the loss of a job has resulted in the loss of
health benefits for millions of Americans, exposing individuals and families to potentially catastrophic health care costs in the event of a serious illness. Currently, workers
who lose their job-based health benefits have few a↵ordable insurance options. Unemployed individuals with incomes that are modest but too high to qualify for Medicaid,
can buy health insurance through the individual insurance market but the majority of
those who seek coverage in this market do not end up buying a plan because of the
prohibitive cost. Under the COBRA (Consolidated Omnibus Budget Reconciliation
Act), unemployed individuals, who are employed by a firm with 20 or more workers,
have the right to temporary continuation of health coverage at group rates (for up to 18
months). Few people, however, decide to continue their coverage through COBRA since
the participants are generally required to pay the entire premium themselves and plans
tend to be too expensive. The new ACA legislation does not make any changes in COBRA; however, unemployed individuals may have expanded health insurance options,
including subsidies to purchase insurance through exchanges, and expanded access to
Medicaid coverage. At this time, however, roughly half of the states have indicated
that they will implement the Medicaid expansion for 2014. In states that choose not to
expand Medicaid, persons below 100% of FPL will not be eligible for either Medicaid
or subsidies on the exchanges.
Even though losing or changing jobs may creates a gap in health insurance coverage
between employed and unemployed individuals (Meyer et al., 2013), disparities in health
care coverage also exist among other groups, especially younger and less educated individuals and racial/ethnic minority groups. In general, those with lower income, younger
age, less education, and being of Hispanic ethnicity were found to have higher percentages of having no health insurance (Ahluwalia & Bolen, 2008; Cohen & Martinez, 2013;
Strine et al., 2011). These disparities can also be quite large, for instance it was estimated from the U.S. National Health Interview Survey in 2013 that 42.6% of 18-64
adults with no high school diploma were uninsured compared with 14.0% with more
than a high school education, and an estimated 41.4% of uninsured Hispanics were
found compared with 15.2% uninsured non-Hispanic whites (Cohen & Martinez, 2013).
The same survey also found an estimated 39.1% of the poor–defined as those with an
4

income below the poverty threshold given the family household size–were uninsured
compared with 11.7% of the not-poor (defined as 200% above poverty threshold) in the
18-64 age category (Cohen & Martinez, 2013). In addition, Ahluwalia & Bolen (2008)
have found an increase in uninsuredness for those with high school or less education,
those aged 18-34, Hispanics, and the employed from 2001 to 2006, although the method
used did not control for other variables and is not able to assess the gaps between the
categories.
The ACA reform envisions important changes from 2014 for workers, younger adults,
those on low income and those at high health risk. As far as access is concerned, in
exchange for tax cuts, employers with over 50 employees are obliged to supply their employees insurance coverage, a provision enforced by a fine of 2,000 USD-per employee
for each year of missed coverage. In view of this, therefore, there may be a real improvement in access to health care for many workers although this is not guaranteed as
employers may find it more cost-e↵ective to pay the fine rather than provide insurance
coverage. Again concerning access an extension of the Medicaid program is envisaged
from 2014 and changes in the implementation are happening, particularly where this,
as mentioned bore, was left to state-level decisions. Moreover, the “Obamacare” reform will not allow insurance companies to fix premiums based on a patient’s clinical
history (i.e. pre-existing conditions). This substantially limits companies dumping or
rather refusing to cover high-risk individuals through price policies (McDonough, 2014).
Insurers will not be allowed to turn away people with pre-existing health conditions,
cancel coverage when beneficiaries need expensive treatment, or charge women higher
premiums than men. Beginning in 2014, all individuals will be required, with exceptions, to have health insurance or pay 695 USD per person, up to 2850 USD per family.
Comprehensive coverage will be mandated, with caps on annual out-of- pocket costs.
In US, young adults have represented until today one of the largest segments of
the U.S. population without health insurance. Thanks to Obama reform young adult
children can stay on their parents’ policies up to age 26 (an increase from age 18)
(Connors & Gostin, 2010; Light, 2011).Also college students who go to college fulltime are now able to be covered through their parents’ insurance policies until age
26. Upon graduation, however, they lose their eligibility for family coverage. The
current high unemployment rates across the country tend to exacerbate the difficulties
young adults face in obtaining employment sponsored health insurance. Moreover, the
number of standard full time permanent job in the last decade has decreased, while the
non-standard work arrangements (temporary work, contingent, part-time contract etc.)
have become much more common especially for young adults. Even when employed,
young adults are typically employed through low-wage or temporary jobs that generally
do not o↵er health insurance benefits (?Cohen & Bloom, 2010).

5

3
3.1

Methods
Data

BRFSS is the world largest telephone survey. It began collecting data from 15 U.S.
states in 1984; by 1993 it had become a nationwide system with a total sample size
that exceeded 100,000 a year (CDC, 2014; Mokdad, 2009). Sampling is conducting by
taking a new random sample every month using random digit dialing from a land-line
sampling frame. Since 2011, as an e↵ort to increase response rates, cellular telephones
were added to the sampling frame in the public use data. This addition was made
after pilot surveys indicated that many population subgroups (particularly young adult
members of these groups) were using cellular telephones only. This analysis does not
use data after 2010, as the estimates between these two di↵erent sampling frames may
not be directly comparable due the new weighting methodology used since 2011 (CDC,
2012). In addition, the US territories were not included in the analysis, as these data
collection sites had very few observations, particularly in the earlier years of the survey.
Data from the US BRFSS from 1993 to 2009 were combined for performing the
analysis. The data from 2010, 2008, and 2006 were excluded because participants were
not asked questions on high blood pressure and high cholesterol status during these
surveys, and these questions were required for this analysis. This study, therefore, is
based on 15 years of data. The outcome variable is having no health insurance plan,
which is taken from a question on whether the respondent currently has a health care
plan. Seven independent variables were also constructed from the data, mainly to represent socio-demographic variables. These were age, sex, race, income, education level,
work status, and number of health conditions. Only those aged 18-64 were included
in the analysis; individuals aged 65 and over were excluded, as most members of this
age group have health coverage through Medicare. The categories for the age variable,
therefore, were those 18-34, 35-49, and 50-64 years of age. Race categories included
non-Hispanic white, non-Hispanic black, Hispanic, and “other” race category, which
includes all non-Hispanic minorities. Education was divided into four categories: less
than grade 11 education level, high school diploma, some college, and more than college education. Work status contained three categories of working, not working, and
student.
All the variables except for income and number of health conditions were taken
directly from one question in the BRFSS dataset. The income variable was constructed
by considering BRFSS household information on earnings and number of household
members, as well as the poverty threshold for each year taken from the Department
of Health and Human Services (US Department of Health and Human Services, 2013).
Survey participants found to be earning less than the poverty threshold–for that year
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and number of household members–were considered to be in the low-income category.
Those earning three times more than the poverty threshold were categorized as high
income, and the remaining participants earning amounts between these two categories
were placed in the median income category. Responses to the household earnings question often were missing (approximately 14%), and therefore, after constructing the
income variable using this question with the available data, the missing values were
imputed from an ordered logistic regression model with income as the outcome variable
and sex, age, race, education level and work status as the independent variables. The
final sample size after imputing the missing values for income is 1,327,808 observations.
The number of health conditions variable was constructed by adding the responses
to three questions in the BRFSS data set that asked participants if a doctor had ever
told them that they have diabetes or high blood pressure or high cholesterol. Combining
the responses from these questions resulted in four categories, which represent having
no, one, two or three health conditions.

3.2

Statistical Analysis

Descriptive analysis was conducted to show distribution presented as proportions
across various subgroups for not having a health care plan. Chi square tests were used
to compare across groups. Multivariable logistic regressions were built to estimate odds
ratios for each category of the demographic variables compared with the corresponding
reference categories. A varying coefficient model was then constructed in order to
observe how the coefficients (or odds ratios) were changing over time in order to study
the trends of these disparities. Although BRFSS is a complex survey data, this analysis
did not use weights to adjust for this, since the varying coefficient model contains the
independent variables used in creating the weights, and therefore, are controlled for and
should not a↵ect the estimates. Descriptive statistics presented in Table 1 are consistent
with this choice and consequently should be taken as references to better understand
the models here proposed and not as unbiased estimates of the variable there reported.
This study’s varying coefficient method requires a system that is continuously collecting health data, such as the US BRFSS, which has been collecting monthly data
in several states since 1984 and nationwide since 1993 (Mokdad, 2009). The data are
collected by taking a new random sample each month for a telephone interview; therefore, the data are not longitudinal. An advantage of this data source is that most
of the questions required for this analysis are not changing significantly; therefore, a
continuous data set can be created by combining data from several years of collection.
The varying coefficient model approach also does not require aggregation of data such
as in time series analysis methods, so that the information in the variation between the
observation is not lost. These models were first discussed by Hastie & Tibshirani (1993)
7

and the description and estimation are well established in the literature. Their application to health surveillance data for studying trends, however, has not been performed.
The analysis of trends using time varying coefficients has been discussed mainly for use
with longitudinal data, in which the same observation is followed with time (Huang
et al., 2004, 2002; Hoover et al., 1998).
The varying coefficient model is a direct extension of the generalized linear model.
In a generalized linear model with a response variable Y having a distribution from an
exponential family, and independent variables X1 , . . . , Xp , we have a model
⌘ = a0 + X 1 a1 + . . . + X p ap ,
with the canonical link ⌘ and link function g(). The coefficients a1 , . . . , ap are constant.
However, an example of a varying coefficient model can be written as
⌘ = a0 + X1 a1 (U1 ) + . . . + Xp ap (Up ),
with new variables U1 , . . . , Up , which are referred to as the e↵ect modifiers Hastie &
Tibshirani (1993). Therefore, while in a generalized linear model, the coefficients are
constant; in a varying coefficient model, we have coefficients that are a function of
another variable (the e↵ect modifier). The e↵ect modifier can also be one single variable
U such as time, in the case of time varying coefficients. This case was used in this
analysis, as we are interested in one e↵ect modifier of time that is a variable constructed
from the month and year of the interview for each observation. This statistical approach
is di↵erent from the e↵ect modifier used for constructing a time varying coefficient model
in longitudinal studies, which usually use the age of the respondent to represent the
e↵ect modifier of time. The BRFSS is not a longitudinal study; the observations are
not followed over time, and a new random sample is taken each month.
To construct the varying coefficient model, it is necessary to test whether these
coefficients are constant or actually varying with time, which involves following two
main steps: The first step is to fit a varying coefficient model for each independent
variable while leaving all other independent variables with constant coefficients. This
model is then tested against the null hypothesis, which contains the model where all
the variables have constant coefficients, i.e.,
H0 : logit(nohplan) =

p
X

b j Zj ,

p
X

bj Zj + a1 (t)X1 ,

j=1

and
H1 : logit(nohplan) =

j=1
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nohplan is the outcome variable for having no health plan, Zj are the variables with
constant coefficients bj , and a1 (t) is the time varying coefficient for the variable X1 .
Using a 2 of these two nested models would then show whether the time varying
coefficient a1 (t) is actually varying or should remain constant. This test is performed
for each independent variable used in the analysis. The second step involves the building
of the model by testing if the varying coefficients for a certain variable should remain
in the model when other varying coefficients for another variable are already present,
i.e.
H0 : logit(nohplan) =

p
X

bj Zj + a1 (t)X1 ,

j=1
p

H1 : logit(nohplan) =

X

bj Zj + a1 (t)X1 + a2 (t)X2 .

j=1

The null hypothesis includes the time varying coefficient a1 (t), which was found to be
significant in step one. The alternative hypothesis is now testing whether to include the
time varying coefficient a2 (t) for another variable X2 . These tests are then performed in
a stepwise manner for all the variables in the analysis until the final model is reached.
The method described above involves using non-parametric techniques using splines
(special piecewise polynomials) to fit the models. Using parametric techniques, while
simpler, are not favored as the strong assumptions they require lack flexibility and
could create misspecification of the data and large bias (Hastie & Tibshirani, 1993; Fan
& Zhang, 2008). There are several non-parametric techniques that could be used, including smoothing spline, polynomial spline, and local regression. The present analysis
using a type of penalized spline estimation method, P-spline estimation, which does
not require selection of knots (the specific position points required to define the spline)
and has a type of penalty that is less computationally expensive compared with the
alternative smoothing spline penalty (Eilers & Marx, 1996; Marx, 2010; Eilers & Marx,
2002).
Computationally, the models were fit using P-spline estimation methods with a
third degree B-spline and a second order di↵erence penalty, as recommended by Eilers
& Marx (2002). A total of 45 knots were used (three for each year for the 15 years of
observation). The models were fit using the R software program version 3.0.1 with the
mgcv package and the bam function, which is designed for fitting models with big data
(Wood, 2006). When the final time varying coefficient model is found, odds ratio plots
could then be produced to easily interpret the results and trends. These odds ratio
plots show the trends of the odds ratios for each population subgroup.
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4

Results

The disparities in terms of access to a health care plan can first be seen from the
proportions as described in Table 1, where we can observe the distribution of the categories in the population for each variable as well as the distribution of these categories
for those who have no health plan. Perhaps the most apparent di↵erences in Table 1 are
for the education and income variables. For instance while those with less than grade 11
education account for 6.8% of the population, 16.5% of those with no health insurance
plan fall in this category. Similarly, while an estimated 6.5% of the population is in
the low-income category, 18.3% of those with no health insurance are in this category.
Disparities can also be seen between the race, age, and work status categories, but less
so for the participants’ sex and number of health conditions categories. A chi-squared
contingency table test for each of the variables gave a significant p-value, which was
expected with such high sample size, and indicates, therefore, that all the observed
di↵erences are also statistically significant.
Following the steps required for building of the time varying coefficient model resulted in a model in which all the independent variables had significant time varying
coefficients. This final model can be written as:
logit(nohplan) =

p
X

bj Zj + a0 (t) + a1 (t)age + a2 (t)sex + a3 (t)edu + a4 (t)work

j=1

+ a5 (t)race + a6 (t)income + a7 (t)healthcond,
where the variable abbreviations are found in Table 1, logit(nohplan) is the logit of
the binary outcome variable for having no health care plan; Zj are the covariates with
P
constant coefficients bj , and the time varying coefficients 7i=1 ai (t) were found for all
the independent variables used in the model. The coefficient a0 (t) is the time varying
intercept, which was also tested for inclusion in the model. Table 2 summarizes the
estimates of this model with a parametric component and the non-parametric component represented by the splines of each category with time. Looking to the parametric
component, we can observe the odds ratio (OR) with the 95% confidence intervals in
Table 2. In general, younger age, male gender, lower education, not working, non-white
race, and having lower income increase the odds of having no health plan. The greatest
disparities were found in the income and education variables. For example, those with
low income and median income have 6.76 (5.63-8.11) and 3.11 (2.65-3.66) times higher
odds of having no health plan compared with those earning a high income. For education, respondents with less than a grade 11 education level have 2.77 (2.40-3.19) higher
odds of having no health plan compared with those who have a university degree or
more. The number of health conditions did not a↵ect the outcome.
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Table 1: Descriptives of variables and proportion of non-elderly adults having no health
insurance by socio-demographic variables and number of health conditions in the U.S.
from 1993-2009. Sample size 1,327,808.
Variable
(abbreviation)

Total
%

No health
plan %

-

11.1

19.0
39.0
42.0
60.8
39.2
37.2
28.4
27.6
6.8
39.8
53.7
6.5
72.3
2.1
25.6
79.4
8.7
6.7
5.3
52.8
30.4
13.6
3.2

25.7
36.7
37.6
61.0
39.0
17.8
28.5
37.2
16.5
16.3
65.4
18.3
59.8
3.4
36.8
67.6
13.1
12.3
6.9
54.1
28.1
14.2
3.7

Health care access
Age
(age)
Sex
(sex)
Education
(edu)

Income
(income)
Work status
(work)
Race
(race)

No. of health
conditions
(healthcond)

18-34
35-49
50-64
Female
Male
University+
Some university
High school
< grade 11
High
Median
Low
Works
Student
Does not work
White
Black
Hispanic
Other
None
One
Two
Three

2

test*
<0.001

0.002
<0.001

<0.001

<0.001

<0.001

<0.001

Notes: * test of independence between categories. Due to the large sample size
the confidence intervals are not reported as they are very narrow.

Table 2 also provides the p-values of the spline estimates, which can provide an
initial idea of whether the coefficients are significantly varying over time. The table
shows that almost all the coefficients are significantly time varying except for age 5064, male, student, white race, and having three health conditions. These p-values can
be underestimated (Wood, 2006), however, so p-value interpretation should be done
with caution–especially if they are borderline significant. Therefore, although the only
borderline significant p-value was for the black race category, to observe trends, it is
better to rely on the reading and interpretation of the plots.
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Table 2: Summary of the estimates for the final time varying coefficient model for
having no health care plan in the U.S. from 1993-2009.
Variable
Age
(Reference: 50-64)

Sex
(Reference: Female)
Education
(Reference: University or more)

Work status
(Reference: Working)

Race
(Reference: White)

Income
(Reference: High)

Number of Health Conditions
(Reference: None)

18-34
35-49
s(time):18-34
s(time):35-49
s(time):50-64
Male
s(time):male
s(time):female
Some university
High school
Less grade 11
s(time):university or more
s(time):some university
s(time):high school
s(time):less grade 11
Student
Does not work
s(time):working
s(time):student
s(time):does not work
Other
Hispanic
Black
s(time):white
s(time):other
s(time):hispanic
s(time):black
Median
Low
s(time):high
s(time):median
s(time):low
One health condition
Two health conditions
Three health conditions
s(time):none
s(time):one
s(time):two
s(time):three
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OR (95% C.I.)

p-value

1.87
1.34
1.32
1.58
1.64
2.77
1.08
1.84
1.08
1.76
1.16
3.11
6.76
1.01
1.06
1.04
-

<0.001
<0.001
<0.001
<0.001
0.518
<0.001
0.997
<0.001
<0.001
<0.001
<0.001
0.002
0.004
<0.001
<0.001
0.094
<0.001
<0.001
0.984
<0.001
0.456
0.054
0.034
0.510
0.010
<0.001
0.024
<0.001
<0.001
<0.001
<0.001
0.015
0.715
0.195
0.601
<0.001
<0.001
0.005
0.983

(1.70-2.07)
(1.23-1.47)

(1.19-1.46)

(1.41-1.78)
(1.47-1.83)
(2.40-3.19)

(1.00-1.15)
(1.63-2.08)

(0.92-1.27)
(1.09-2.84)
(1.03-1.30)

(2.65-3.66)
(5.63-8.11)

(0.95-1.08)
(0.99-1.14)
(0.93-1.16)

The odds ratio plots in the figures below show the change in the odds ratios over
time for each category of a certain variable compared with the reference category of
that variable. These plots clearly show which odds ratios are changing over time and
which are constant. In general, we observed that all the odds ratio plots are exhibiting
a non-constant trend over time, except for the male and student categories, which have
constant odds ratios over time. Many of the plots suggest an improving situation in
which there is a closing of the disparities for having a health care plan. This possibility
can be seen for the age categories, the income levels, and the does-not-work category,
in which we saw a decreasing odds ratio trend, compared with their respective reference
categories (i.e. the groups are becoming more similar over time). Trends are positive,
but gaps still remain: while the low-income category shows a decreasing odds ratio
trend, additional analysis is needed, as this disparity remained quite large by the end
of 2009 (OR of approximately 6, compared with that of the high-income category).
For the other variables, education and race, the disparities appear even to be increasing. For education we observe that odds ratio trends are increasing for all the education
categories compared to the reference (university graduate or more category). For race,
the odds ratio trends seem to be increasing at a slower rate. For the other race category
(which includes non-Hispanic minority groups), the odds ratio began from below one
(i.e. higher odds of having a health plan compared with white race), and increased to
an odds ratio above one before plateauing approximately after the year 2000. For the
number of health conditions, the trends are even more subtle. For those having both
one or two health conditions, the odds ratio began from below one (i.e. higher odds
of having a health plan compared with those with no health conditions), and increased
to slightly above one or almost no di↵erence between having or not having a health
condition. There was a constant odds ratio trend for those having three or more health
conditions.

5

Discussion

The results clearly show that great disparities existed in health care coverage, and
that these disparities have increased over time for certain socioeconomic groups. The
driving factors of the increased disparities seem to be related to education and race. For
income level, while the disparities are quite large, the trends do appear to be decreasing
over time. Ahluwalia & Bolen (2008) have also shown an increase in uninsuredness for
certain socio-demographic groups from 2001 to 2006, for the less educated, and among
Hispanic groups, as was found in this analysis.
While income is the indicator that most directly measures material resources, education is perhaps the most basic socioeconomic component: lower education level may
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2005
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(e) high school
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7.47
6.12
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4.1
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2.31

2.82

3.44

4.2
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2000
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2.48
2.03
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(p) three health conditions

Figure 1: Odds ratio plots of time varying coefficient model for having no health plan.
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represent lifetime e↵ects of socioeconomic limitations, and may influence future occupational opportunities and earning potential. Higher educational degrees are typical
prerequisites for highly compensated work, which allows a↵ordability of health insurance coverage and access to high-quality care (Muller, 2002).
Similar to the finding of the previous literature, our results show that non-Hispanic
whites are more likely than any other race/group to have insurance coverage (Ahluwalia
& Bolen, 2008; Cohen & Martinez, 2013). The results from the varying coefficient
model showed that there is an increased odds ratio trend (although less clearly for the
Hispanic category) for not having a health plan for African Americans and Hispanics
compared with the white race reference group, indicating, therefore, the disparities
are increasing. The racial disparities in health insurance are strongly associated with
socioeconomic factors: African Americans and Hispanics face greater economic and
educational barriers than other groups and have less access to high-paying jobs that
facilitate access to health care and health care coverage. Compared with non-Hispanic
whites, non-Hispanic blacks and Hispanics tend to have higher rates of unemployment
and under-representation in good-paying jobs that include health insurance as part of
the benefit package (Muller, 2002). Furthermore, individuals from racially or ethnically
diverse backgrounds make up a great majority of the uninsured population (Cohen &
Martinez, 2013). Since the nation’s population continues to become increasingly diverse
(people of color are projected to comprise more than 50% of the U.S. population by
2050), this disparity in insurance coverage is likely to grow if left unaddressed (Andrulis
et al., 2013).
The results fit in a rapidly changing scenario that we briefly present to better understand how the results of our analysis is influenced or will be influenced by recent
and future decisions. Health insurance coverage has long been regarded as a facilitator
to health care access; eliminating disparities in health insurance coverage is certainly
one necessary component to reducing disparities in health outcomes, especially for the
most vulnerable groups. In the US, there have been several healthcare reform proposals
with the aim of improving health care coverage, and consequently health care access to
address this vulnerability: the most ambitious of recent legislation, the A↵ordable Care
Act, became law in March of 2010. As is implied in the title of the ACA , one of the
key provisions in the law is the expansion of coverage to the socially and economically
disadvantaged population and making health care more a↵ordable.
It is still too early to evaluate the ability of ACA to reduce disparity in health insurance and health care access. Some authors have pointed out some elements of weakness
in the ACA (McDonough, 2014; McDonough & Adashi, 2014; Molinari, 2014). A major
concern with respect to the expansion of Medicaid is that participation of health care
providers in Medicaid is in jeopardy: the huge increase in the number of individuals
covered by state insurance through raising the threshold of those families and individu15

als eligible for Medicaid, may create an increase in the number of requests for healthcare
at tari↵s fixed by the individual States as happens within the Medicaid program. Already now, however, only a limited number of doctors are ready to o↵er their services
for reimbursement tari↵s that have been leveled down by the Medicaid program (Moy
et al., 2011; Decker, 2012). A potential risk is that, seeing that there will not be a
corresponding increase in services, this massive rise in numbers of people insured by
Medicaid may increase the average waiting time for Medicaid covered patients leading
to lower access to health care.
Moreover, the extension of Medicaid and the subsidies available to economically disadvantaged individuals may not be utilized if the low income individuals and families
are not aware of these options. Individuals with low education not only have difficulty
reading printed health materials, they also struggle to understand technical terms, jargon, and complex concepts that are often embedded in Medicaid insurance program
(Rudd et al., 2005). Therefore, states should be more aggressive in facilitating outreach
e↵orts to e↵ectively reach health care consumers and educate them about the ACA,
ensuring that materials such as enrollment and claim information and financial disclosures are in plain language. Also from our results education appears per se as one of
the drivers to address in order to reduce the gaps.
Finally, under the ACA, insurance companies will be obliged to include in the insurance plan some “essential” services, such as mental health treatment and some preventative measures. Of course, compulsory inclusion of this type of care into the coverage
is an important innovation that aims at guaranteeing a level of insurance provision that
is in line with the services provided in many European health care systems, producing,
eventually, a decrease in health disparities. However, the apparent “guarantee” of more
extensive coverage, has meant initially several cancellations by the insurance companies
who have been informing many of their insured that it will be impossible for them to
renew their policy because it is not in line with some of the “essential” characteristics
laid down by the law. If these “side e↵ects” are not taken into account this could result
in a potential increase of the disparities in health care coverage, in particular for those
who do not receive health insurance either through the state or their employer having
to buy insurance coverage that indeed will comply legally but for sure will be more
expensive.
The challenge still remains in “closing the gap” and inverting the negative trends we
have clearly shown in our analysis. Much is left to accomplish in order to prevent and
reduce barriers that make it difficult to obtain basic health care coverage and medical
care, either through the implementation of the ACA or other interventions. In the
era of big reforms addressing these issues, surveillance programs such as BRFSS can
provide useful data for monitoring and evaluating their e↵ectiveness.
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6

Conclusion

Our study indicates that the disparities as well as temporal trends exist in many
of the socioeconomic factors that are associated with health care access. The use
of the varying coefficient model method was able to show how these disparities are
changing over time and whether the gaps in the access to health care coverage have been
improving or not. This provides significantly more information than observing changes
in proportions between two periods of time for instance. The trends can be used to
inform health policy interventions and understand which subgroups of the population
may require specific attention. Future work should focus on the impact of the other
factors such as geographic variation and the interaction with the socioeconomic status
on healthcare access, and how the e↵ect of ACA is changing the disparities and temporal
trends of these factors.
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