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Abstract 

 

Associations between Income Inequality, HIV Diagnosis Rate and Primary Care Access in 

U.S. States and Counties, 2008-2013 

 

By Lauren Ahlschlager 

 

 

Background: Income inequality has been increasing in the United States for decades, 

making the U.S. one of the most inequitable nations in the developed world. Previous 

studies have shown positive associations between income inequality and poor health 

outcomes, namely mortality, however none have assessed HIV as an outcome in these 

analyses. In an attempt to identify ways to ameliorate this growing issue, some studies have 

demonstrated a mediating effect of access to healthcare on the relationship between income 

inequality and population health. 

 

Objective: This analysis sought to describe the association between HIV diagnosis rates and 

income inequality among U.S. counties and states and further aimed to detect any presence 

of a mediating effect of primary care physician supply on this relationship. 

 

Methods: We used publicly available data to examine the association both between HIV 

diagnosis rate and income inequality as well as all-cause age-adjusted mortality rate and 

income inequality using log-transformed linear regression. We calculated mean rate ratios 

(MRR) to describe these relationships at both county and state levels. Further, primary care 

physician rate was examined as a possible mediator of these associations. 

 

Results: Associations between income inequality and both HIV diagnosis rate and all-cause  

mortality rate were observed across 499 U.S. counties and 50 states. Higher levels of income 

inequality were significantly associated with higher HIV diagnosis rates (MRR for a 5 point 

increase in Gini Index=1.25, 95% CI: 1.17, 1.35). This relationship was also observed at the 

state level (MRR for a 1 point increase in Gini index=1.19, 95% CI: 1.09, 1.30). Mixed 

results were obtained for the association between Gini index and mortality rate for both 

counties and states. The significant associations between income inequality and HIV 

diagnosis rate did not appear to be mediated by primary care physician supply. 

  

Discussion: Income inequality is a significant independent predictor of HIV diagnosis rates 

at both the county and state levels. Future analyses should examine the extent to which 

alternative measures of access to care might mitigate the effect of income inequality on HIV 

diagnosis rates in order to better inform potential intervention efforts. 
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BACKGROUND 

 

Despite its total economic wealth and high standard-of-living, the United States is one of the 

most unequal countries in the developed world, with income inequality having been on the 

rise for decades. After remaining relatively stable since 1960 when household wage data were 

first collected, the top 5% of earners increased their share of overall wealth by about 15% 

from the early 1980s to 2012 [1].  Differential recovery patterns from the “Great Recession” 

of 2007-2009 have recently brought increased focus to this issue. From 2009-2012, average 

household income increased by 6%, however these gains were not evenly distributed, with 

the top 1% of incomes rising 31.4% while the bottom 99% of incomes rose by less than one 

half of a percent [2]. This near full recovery on the part of top earners compared to the 

stagnancy seen elsewhere on the wealth distribution point to an exacerbation of the extant 

income inequality issue and underscore the necessity of understanding the societal 

implications of worsening income inequality. 

 

A substantial body of research has been dedicated to uncovering the extent to which income 

inequality may affect not only the economic health of the nation, but its physical health as 

well. Various ecological studies have linked income inequality to increased population 

mortality at the MSA, county, state and national levels and have demonstrated significant 

associations with other population health indicators such as life expectancy, self-reported 

general health, cancer mortality and heart disease [3-7].  

 

Despite much contextual evidence for the effect of income inequality on various measures 

of health, there is debate over the extent to which income inequality affects distal health 
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outcomes, namely mortality, with some suggesting that the relationship only holds for some 

segments of the mortality distribution [8, 9], while others argue that studies focusing on 

geographic units of analysis with greater population are more likely to reflect true 

relationships between inequality and health [9]. 

 

HIV continues to be an area of major public health significance in the United States. As of 

2011, 1.2 million Americans were living with HIV, with 14% unaware of their infection [10]. 

From 2006-2009, the United States saw an estimated average of about 50,000 new HIV 

infections each year [11]. Similar to mortality rate and other important health indicators, rates 

of HIV diagnosis and prevalence are known to be distributed based on a number of social 

determinants, including race, geographic region, urbanicity and poverty [9, 12-14]; however, 

with the exception of national-level comparisons no studies to the author’s knowledge have 

examined the relationship between HIV and income inequality within the United States, 

although notably one paper has demonstrated a link between state AIDS case rates and 

income inequality [15].  

 

Adequate access to healthcare has been one factor hypothesized to attenuate any ill-effects 

of income inequality on mortality. Work done primarily by Shi, Starfield and colleagues has 

demonstrated that an increase in the rate of primary care physicians (PCP) in an area 

statistically mitigates levels of mortality within metropolitan areas, counties and states [5-7, 

16, 17].  

 

The passage of the Affordable Care Act has expanded coverage to millions of previously 

uninsured Americans. It has been estimated that the increase in physician utilization due to 
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this expansion would be between 4– 5.2% [18]. The likely increase in the need for primary 

care physicians coupled with an already anticipated shortage [19] underscores the importance 

of understanding the impact of adequate access to primary care on population health.  

 

Access and linkage to HIV care services is essential to the effective prevention of HIV 

transmission, as those who are either HIV-positive and undiagnosed or diagnosed but not 

receiving care account for 45.2% of the HIV positive population and 91.5% of new 

infections [20]. Primary care physicians play an important role in the early detection and 

diagnosis of HIV, as well as linkage to care services which can aid in the control of localized 

HIV epidemics. 

 

This analysis addresses a gap in the literature regarding the association between HIV and 

income inequality at sub-national levels in the United States. Using publicly available data, we 

compared the relationship between income inequality and HIV diagnosis rate to that 

between income inequality and mortality rate. Further, we assessed the presence of any 

mediating effect of PCP supply on these relationships. 

 

 

METHODS 

 

This analysis was designed as an ecologic study aimed at quantifying the effect of income 

inequality on HIV diagnosis rate at both the county and state levels. For comparison, we 

examined the effect of income inequality on all-cause age-adjusted mortality rate. 
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Additionally, we conducted mediation analyses to assess the ability of primary care physician 

supply to attenuate the relationship between income inequality and either outcome. 

 

Data and Measurements  

 

Table 1 outlines all data sources utilized throughout this analysis. HIV diagnosis data were 

retrieved from the U.S. Centers for Disease Control and Prevention’s (CDC) national HIV 

surveillance database via AIDSVu, a publicly-accessible online resource created through a 

partnership between the Rollins School of Public Health at Emory University and Gilead 

Sciences, Inc. [21]. The outcome variable, HIV diagnosis rate, represents a weighted average 

of annual rates of diagnosis per 100,000 residents of either a given county or state from 2008 

through 2013. In this analysis, HIV diagnosis rate was used as a proxy measure of HIV 

incidence, which is available only as model-based estimates nationally and occasionally [22]. 

 

Mortality data were drawn from the CDC National Vital Statistics System compressed 

mortality files, made publicly available through CDC WONDER (Wide-ranging Online Data 

for Epidemiologic Research), an online database containing a wide range of public health 

data and documentation [23]. Mortality rates at the state and county levels represent 

population-weighted averages of the number of all-cause age-adjusted deaths per 100,000 

from 2008-2013. 

 

Income inequality was measured using the Gini index, a measure common to such studies. 

The index measures the degree of household income dispersion within a given population, 

with 100 representing complete inequality and 0 representing a completely equitable 
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distribution of wealth. The Gini coefficient is calculated by first obtaining a Lorenz curve, 

which depicts the share of total wealth held by a certain proportion of the population (i.e. 

the actual income distribution curve). The measured area between the Lorenz curve and a 

line depicting complete income equity (i.e. every household in the population has the same 

share of total population income) is used to calculate the Gini coefficient, which is then 

scaled from 1-100 to produce the Gini index [24]. For this analysis, county and state-level 

Gini data were obtained from the U.S. Census Bureau American Community Survey (ACS), 

representing a 5-year estimate 2009-2013 [25]. Gini index was included in the analysis as a 

continuous independent predictor of HIV diagnosis rate and mortality rate. 

 

Primary care physician (PCP) rate in this study includes doctors of medicine and osteopathy 

who were engaged in active patient care in the areas of general practice, family medicine, 

internal medicine and general pediatrics from 2010-2013. Subspecialties were excluded, as 

were physicians over 75 years of age and resident physicians. These data were drawn from 

the Area Health Resource File and represent a weighted average of the rate of physicians per 

10,000 population [26]. PCP rate was analyzed as a continuous predictor. 

 

Additional factors known to be consistently associated with both health outcomes were 

included in the models as categorical covariates. Area minority composition was considered 

through the use of a variable that measured black population percentage and categorized 

each county or state as being above or below either the national county-level or state-level 

75th percentile. These data represent 2010 U.S. Census estimates. Educational attainment 

was measured as the percent of a given area’s population with less than a high school 

diploma or its equivalent and was categorized into quartiles. Counties were additionally 
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categorized as being either above or below a 20% poverty rate, the cutoff for the U.S. 

Department of Commerce’s “designated poverty area” classification. States were categorized 

as being either above or below the 2010 national poverty rate of 15.1%. Data for percent 

black population, educational attainment and poverty rate were obtained from the Area 

Health Resource File [26]. Urbanicity was measured using the 2013 National Center for 

Health Statistics’ urban-rural classification scheme, which places counties into 6 categories 

based on level of urbanicity. These data were obtained from CDC WONDER [23]. For 

these analyses, the 2 most rural designations (micropolitan and non-core) were collapsed to 

produce a 5-level rather than 6-level scale. 

 

Design and Analysis 

 

Linear, natural log-transformed linear, and Poisson regression were used to examine the 

bivariate relationships between Gini index and both outcomes, HIV diagnosis rate and all-

cause age-adjusted mortality rate, at both the county and state levels in an effort to determine 

the best means of analysis for a fully-adjusted model.  

 

Based on the high variance and deviance/df associated with the linear and Poisson models 

respectively, log-transformed linear regression was identified as the best approach with 

which to analyze the prediction and mediation models. Given this method of analysis, all 

adjusted effect estimates represent the mean rate ratio (MRR) for the rate of either HIV 

diagnosis or mortality corresponding to a given increase in Gini index. At the county level, 

MRRs represent ratios for a five point increase in Gini index and at the state level, MRRs 

represent rate ratios for 1 point increases. The decision to examine effects at differing levels 
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of change in income inequality were based on the range of Gini index values for counties 

and states. That is, Gini has a 24 point range at the county level and less than a 9 point range 

at the state level. 

 

The four fully-adjusted models predicting county and state level outcomes were analyzed for 

all possible two-way exposure-covariate interactions using a backward elimination approach 

with an alpha level of 0.05 as the cutoff for retaining interaction terms in the model. A 

change-in-estimate all-possible subsets approach was then employed to assess confounding 

for the four models and a best model for each outcome and geographic level was chosen 

based on predictive ability and precision of the effect estimate [27]. Changes in effect 

estimate of greater than 10% either toward or away from the null value of 1.00 were 

considered confounded. An alpha level of 0.05 was utilized to determine statistical 

significance of all predictors and effect estimates. 

 

The ratio of primary care physicians to population (PCP) was considered as a potential 

mediator of the relationship between income inequality and both HIV diagnosis rate and 

mortality rate. The model-based effect estimates of the four best models before and after the 

addition of PCP to the models were compared to detect any changes indicative of mediation 

by primary care physician ratio. Changes of 10% or more toward the null after the addition 

of PCP indicated a mediation effect. 

 

All analyses were performed using SAS v9.4 (Cary, NC). Due to the exclusive utilization of 

publicly-available non-identifiable data, this study is exempt from prerequisite IRB approval. 
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RESULTS 

 

Descriptive Analysis 

 

i. County Description 

 

Due to missingness attributed to data suppression of sparse county-level HIV case counts as 

well as lack of reporting county-level diagnoses by some states, of the 3,143 U.S. counties 

and county equivalents (excluding the Virgin Islands and Puerto Rico), only the 499 counties 

that contributed complete HIV diagnosis data for all 6 years (2008-2013) were retained for 

analysis.  

 

Table 2 describes the mean, standard deviation, range and distribution of all county-level 

outcomes and predictors in this study. From 2008-2013, the mean HIV diagnosis rate for 

counties included in the analysis was 20.25 per 100,000 population (standard 

deviation=17.91, median=14.15). The mean mortality rate was 785.07 (standard 

deviation=123.32, median=780.20). County Gini indices ranged from 35.67 to 59.85, with a 

mean of 45.44 (standard deviation=3.38). 

 

Most counties included in the analysis (n=386, 77%) did not satisfy the HRSA definition of a 

primary care shortage area [28], yet had PCP levels below the HRSA 2010 predicted PCP 

requirement of 9.6 primary care physicians per 100,000 population [29]. Ninety four counties 

met the predicted PCP requirement, with 17 counties being designated as a PCP shortage 



9 
 

 
 

area, defined as a physician to population ratio of less than 1:3,500 (in this context, a PCP 

rate of 2.9). 

 

Most counties in the study (n=392, 79%) had poverty rates below the designated poverty 

area threshold of 20%. Nearly 60% of the counties in the study had a percentage black 

population that was higher than the national 75th percentile for counties (n=289). 

Educational attainment, defined as percent of area population over 25 with less than a high 

school diploma and categorized based on national quartiles, saw a more even distribution 

compared to the other predictors. Finally, more than 41% of counties in the analysis were 

defined as either a large metro or large fringe metro area, and under 9% (n=44) being 

classified as either micropolitan or non-metro areas. 

 

Table 3 examines the distribution of both outcomes as well as the independent variable Gini 

index and PCP rate at each level of the categorical covariates included in the analysis. HIV 

diagnoses, mortality rate and Gini index were higher in areas of high poverty, high percent 

black population and low education. While HIV diagnosis rates and income inequality were 

highest in the most urban and most rural counties, mortality primarily increased with 

decreasing levels of urbanicity. PCP rates were highest in areas of low poverty, lower black 

population, more education and higher urbanicity level. 

 

ii. State Description 

 

Table 4 describes the distribution of state-level outcomes and predictors. States had a mean 

HIV diagnosis rate of 12.95 (standard deviation=9.11, median=10.83). Overall state 
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mortality rate was 762.97 (standard deviation=86.10, median=746.40). State Gini indices 

ranged from 41.43 to 50.22 with a mean of 45.49 (standard deviation=1.89).  

 

Table 5 examines the relationship of both outcomes as well as the independent variables 

Gini index and PCP rate at each level of the covariates. Similar to the county level, at the 

state level, mortality rate, HIV diagnosis rate and Gini index were higher in states that had 

higher levels of poverty and larger percentages of black population. HIV diagnosis rates were 

mostly higher in states with lower percentages of high school completion, while mortality 

rate was more uniform across quartiles of high school completion. Similar to the county 

level, PCP rate was higher among states with lower average poverty levels, lower black 

population and higher levels of high school completion. 

 

Bivariate Analyses 

 

Table 6 outlines the results of the bivariate analysis. For all models at the county level, 

income inequality was a significant predictor of both outcomes. The county-level linear 

regression models produced a slope estimate of 2.09 for HIV diagnosis rate (p<0.0001, 

representing the increase in HIV diagnosis rate for every 1 point increase in Gini index) and 

4.36 for county mortality rate (p=0.008), while explaining over 15% of the variability in the 

outcome for HIV diagnosis rate and 1% for mortality rate (adjusted r2 = 0.154, adjusted r2 

=0.012, respectively). For county-level log-transformed linear models, Gini index 

independently predicted a MRR of 1.57 (p<0.0001) and explained 19% of the variability in 

the HIV diagnosis outcome (adjusted r2 =0.193), while the mortality rate MRR was 1.02 
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(p=0.029) with an adjusted r2 of 0.008. County-level Poisson models had high levels of 

variance (deviance/DF statistics > 160).  

 

At the state level, Gini index significantly predicted HIV diagnosis rate but did not 

significantly predict mortality rate using both linear and log-transformed linear regression 

models. Both the linear and log-transformed state models had high predictive ability for HIV 

diagnosis rate, accounting for over one third of the total variance in the linear model and 

over half in the log-transformed linear model (adjusted r2 =0.363 and adjusted r2 = 0.503 

respectively). Similar to the county models, the Poisson models for both HIV diagnosis rate 

and mortality rate were associated with high variance (deviance/DF statistics > 850). 

 

 

Model Selection 

 

i. Interaction Assessment 

 

After assessing all possible two-way interactions between the independent variable Gini 

index and all covariates, significant interaction was detected only in the model predicting log-

transformed county mortality rate. Here, the interactions between Gini index and percent 

black population, Gini index and poverty, and Gini index and education were found to be 

significant (Table 7). 
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ii. County HIV Diagnosis Rate Confounding Assessment and Model Selection 

 

The addition of social determinants as covariates to create a fully adjusted, “gold standard” 

model produced a MRR of 1.25 (95% CI: 1.17, 1.35) and served to increase the predictive 

ability of the model from the bivariate 19% to 57% (adjusted r2 = 0.572). Thus Gini index 

alone accounted for nearly one-third of the total explanatory power of the fully adjusted 

model.  

 

Fourteen reduced models predicting county-level HIV diagnosis rate were analyzed for 

confounding (Table 8). All single covariate models, as well as the two covariate model that 

removed the percent black population and urbanicity variables, produced MRR estimates 

that were more than 10% different from those of the fully-adjusted model and therefore 

were considered confounded.  

 

The model which retained just the percent black population and education covariates 

(removing the poverty and urbanicity variables) was the only model in which all variable 

coefficients were significant. Dropping the black population variable from the model 

consistently resulted in the largest drops in predictive ability of the model, while removal of 

the percent poverty covariate resulted in the smallest declines in predictive ability. The 

reduced model that removed only the poverty variable saw the lowest drop in adjusted r2 

relative to the gold standard (0.569 versus 0.572, respectively). This observation, coupled 

with the lack of any significant interaction between Gini index and poverty suggests that not 

only is there a lack of confounding by poverty, but that HIV diagnosis rates vary 

independently of county poverty levels when income inequality is considered. 



13 
 

 
 

 

Among the models without confounding of the Gini-HIV relationship, while the model that 

removed urbanicity, the model that removed poverty, and the model that removed both 

urbanicity and poverty all saw modest gains in precision of the unconfounded effect 

estimate, none conferred precision improvements substantial enough to replace the fully-

adjusted model as the designated best model. While three of the four indicator variables for 

urbanicity were non-significant in this fully-adjusted gold standard model, it was chosen over 

the reduced model that dropped urbanicity due to retention of greater explanatory power 

and urbanicity’s demonstrated importance in previous county-level population studies of 

HIV [13]. 

 

ii. County Mortality Rate Confounding Assessment and Model Selection 

 

After the addition of covariates, the fully adjusted model accounted for over 42% of the 

variation in the outcome (adjusted r2 = 0.425), indicating that while GINI may be a 

statistically significant independent predictor of mortality, other social determinants of health 

play a much larger role in elucidating the potential pathway to poor mortality outcomes at 

the population level. 

 

Given the interaction present for the model predicting county mortality rate, the urbanicity 

covariate was the only variable eligible to be dropped from the model. Thus, only 2 models - 

the fully adjusted model and the reduced model which dropped urbanicity were assessed for 

confounding (Table 8). All MRRs for the reduced model were within a 10% threshold of the 
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gold standard model. Because the reduced estimates offered no gains in precision, the fully 

adjusted “gold standard” model was determined to be the final model.  

 

Using the lowest percentile of population lacking a high school education as the referent, the 

MRR for a 1 point increase in Gini index at the county level was highest where both percent 

black population and percent in poverty were high (MRR=1.07, 95% CI: 1.01, 1.14), and 

lowest when both percent black population and percent poverty were low (MRR=0.94, 95% 

CI: 0.90, 0.97). All other MRRs were nonsignificant. 

 

While the model predicting county mortality did produce some significant associations, given 

that the two significant results fell on either side of the null value of 1 coupled with the 

modest size of the effect estimate, there exists some skepticism as to whether or not income 

inequality affects mortality to an extent that is statistically significant in some cases yet 

practically insignificant overall. 

 

iii. State HIV Diagnosis Rate Confounding Assessment and Model Selection 

 

Gini index predicted over 50% of the variation in HIV diagnosis rate at the state level in a 

crude analysis (adjusted r2 = 0.5023), and resulted in a MRR of 1.32 (95% CI: 1.22, 1.42) for 

a 1 point increase in Gini index (Table 6). After addition of all covariates, the fully adjusted 

model resulted in a MRR of 1.19 (95% CI: 1.09, 1.30) and attained an additional 18% in 

explanatory power of the outcome (adjusted r2 = 0.681) (Table 10). These results show that 

while income inequality alone is a significant independent predictor of HIV diagnoses at the 
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state level, the unadjusted MRR is confounded and other population risk factors for HIV 

diagnoses must be accounted for. 

 

Six reduced models predicting state-level HIV diagnosis rate were assessed for confounding 

(Table 10). The model which retained just the poverty variable as a covariate resulting in 

confounding up and away from the null (MRR=1.33, 95% CI: 1.22, 1.46). Similar to the 

county level HIV diagnoses predictions, removal of the percent black variable resulted in the 

largest relative drops in predictive ability of the model (>0.10 change in adjusted r2 in each 

case where black was removed from the model), while removal of the education variable, the 

poverty variable, or both simultaneously resulted in the smallest drops in predictive ability of 

the model (<0.05 change in adjusted r2 in each case).  

 

While the model which removed the education variable and the model which removed both 

education and poverty did produce unconfounded estimates with modest improvements in 

confidence interval precision, the final best model was determined to be the fully adjusted 

gold standard model. 

 

iv. State Mortality Rate Confounding Assessment and Model Selection 

 

The bivariate association between Gini index and state mortality rate produced a MRR of 

1.01 (95% CI: 1.00, 1.03) and served to account for well under 1 percent of the variability in 

the outcome (adjusted r2 <0.001). Upon addition of percent black population, percent in 

poverty and percent with high school education as covariates, the predictive ability of the 

model rose substantially to 46% (adjusted r2 = 0.458) and resulted in a MRR of 0.97 (95% 
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CI: 0.96, 0.99); an indication that, similar to the county level mortality estimates, social 

determinants play a much larger role in the prediction of mortality compared to prediction 

of HIV diagnoses. 

 

Six reduced models predicting state-level mortality rate were assessed for confounding. 

None of the reduced models considered resulted in effect estimates that fell further than 

10% from the fully-adjusted model and therefore all results were considered unconfounded 

(Table 10). The model that removed the education variable as well as the model that 

removed both education and percent black population resulted in modest gains in precision, 

but both produced nonsignificant effect estimates with large declines in explanatory power 

of the model (>15% point drop in adjusted r2 values compared to the fully adjusted model). 

Additionally, the model that removed both education and poverty also resulted in a 

nonsignificant effect estimate.  

 

As no reduced models offered significant, unconfounded effect estimates with gains in 

confidence interval precision, the fully adjusted gold standard model was determined to be 

the final “best” model. However, similar to the county level mortality predictions, the fully 

adjusted and reduced models produced results on either side of the null, of which many were 

nonsignificant relationships. Additionally, Gini index itself was not a significant independent 

predictor of mortality in the bivariate association. Therefore, while some significant 

relationships may exist, overall income inequality may represent a practically nonsignificant 

predictor of mortality at the state level. 
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Mediation Analysis 

 

Upon addition of PCP rate to the fully adjusted models predicting HIV diagnosis rate at the 

county and state levels, effect estimates rose up and away from the null, indicating the lack 

of any mediating effect by PCP rate (Table 11).  For models predicting mortality rate, 

addition of PCP to the fully adjusted models resulted in changes of the effect estimate that 

were up and toward the null and changed by less than a 10% threshold, similarly indicating a 

lack of mediation by the PCP variable. 

 

 

DISCUSSION 

 

Income Inequality is a Significant Predictor of HIV Diagnosis Rates 

 

This analysis illustrated that income inequality is a strong predictor of HIV diagnosis rate, 

independent of the other modeled social determinants, and that states and counties with 

higher Gini indices have significantly higher rates of HIV diagnosis. While these associations 

were significant at both the county and state levels, income inequality was more predictive at 

the state level. This finding is consistent with the tendency for larger geographical units of 

analysis such as states or nations to be more likely to find an effect of income inequality 

compared to smaller units such as MSAs or counties [9]. Two previously hypothesized 

reasons for this tendency are that state-level analyses better capture and reflect the full 

spectrum of social class differentiation within a society, and similarly that more unequal 

societies exhibit greater levels of residential segregation; thus, the smaller the unit of analysis 
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is, the more likely one is to find a more homogenous population and consequently reduced 

potential for inequity within it. [9, 30]  

 

Given the fact that the impact of income inequality has proven more difficult to detect at the 

county level, the significant relationship between county-level income inequality and HIV 

diagnosis rate uncovered in this analysis is notable. While state-level associations are 

practically important given that health and economic policy decisions are more likely to be 

carried out at the state and national levels, the broad impacts of social determinants of health 

take root on a smaller scale, therefore county-level analyses such as this are essential to the 

description of how social determinants impact health at a more micro level and further, to 

hypothesize what might be done to mitigate their deleterious effects. 

 

While this study was not designed to test the causal relationships between income inequality 

and HIV diagnosis rate, the results support previously hypothesized mechanisms. For 

example, some have posited that greater income inequality in a community leads to the 

erosion of social norms, aiding an increase in high risk behaviors such as injection drug use 

and unprotected sexual encounters [31]. A common view is that in general, higher income 

inequality in a community weakens levels of social cohesion, stifling the ability and political 

will to implement and invest in social safety nets such as public welfare programs and other 

services. In practice, these services could otherwise serve to help manage and reduce HIV 

transmissions within an area [32]. Other hypothesized pathways implicate income inequality 

as damaging to an individual’s own psychosocial environment, which leads to strain on social 

relationships and general support, ultimately leading to poorer health outcomes [7]. 
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While the state and county models predicting HIV diagnosis rates were highly predictive, 

neither was able to explain more than 70% of the total variability in the outcome. This 

suggests the presence of other predictors, confounders, or significant interactions that may 

help to explain the outcome but that were not considered in this analysis, for example the 

distribution of high-transmission-risk groups, sexual network structure, and prevalence rates 

of sexually transmitted infections that serve as risk factors for HIV transmission [33, 34].  

 

Not only does this analysis represent the first of its kind in regard to linking income 

inequality to HIV diagnosis rate at the county and state level, it also represents the only 

analysis known to the author to examine associations between health outcomes and income 

inequality in the U.S. during a mid and post-recession timeframe. As previously discussed, 

the recession of 2007-2009 is thought to have worsened an already increasing level of 

income inequality, and therefore this analysis represents the examination of a timeframe 

which is characterized by some of the worst levels of income inequality on record. These 

higher levels of income inequality may have assisted in the detection of county-level effects 

which, as discussed, are less frequently found to be significant compared to effects detected 

among larger geographic units of analysis.  

 

Income Inequality is a Better Predictor of HIV Diagnosis Rate than Mortality Rate 

 

As previously discussed, income inequality has been shown to be a significant predictor of 

many health outcomes in the literature. Our results demonstrated that while some significant 

associations were detected between income inequality and mortality, income inequality was a 
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much stronger and more significant predictor of HIV diagnosis rates at both the state and 

county levels.  

 

This is likely in part an artifact of the differing range of both outcome variables; for example, 

at the county level, HIV diagnosis rate ranged from 1.94 to 156.79 (mean=20.25, standard 

deviation=17.91) while mortality rate ranged from 495.03 to 1,182.75 (mean=785.07, 

standard deviation=123.32). There is much greater variability in HIV diagnosis rates among 

U.S. counties compared to mortality rates, offering a wider spectrum within which to be able 

to detect strong associations.  

 

Similarly, differences in the very nature of the two outcomes considered have implications 

on the extent to which social determinants of health can explain their variability. Death is an 

outcome that may occur with some differing frequency relative to other geographic units of 

analysis, but nonetheless occurs with some frequency in all counties and states. In contrast, 

HIV diagnosis is not an inevitable outcome and its presence or lack thereof in a given area is 

much more likely to be closely tied to aspects of the societal landscape and thus more heavily 

concentrated in some areas relative to others of differing social makeup. 

 

Previous studies illustrating the association between mortality and income inequality have 

been robust to several measures of mortality, different timeframes and varying analytical 

approaches; however, as noted the results seen from this analysis appear to reflect a 

significant yet somewhat muted association at the county level and curiously a slight 

protective effect of high income inequality on mortality at the state level. One reason for 

these findings may be that the impact of income inequality has been shown to vary across 
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the spectrum of mortality, with the association disappearing at certain points on the 

distribution [8]. This analysis focused only on the mean rate ratio for mortality, and therefore 

potentially stronger effects of income inequality at various locations on the spectrum of 

mortality rate may be obscured. Other methods of analysis such as the utilization of quantile 

regression may have be able to detect such associations within these data. 

 

Associations between HIV Diagnosis Rate and Income Inequality Were 

Independent of Poverty Level 

 

For both county and state-level HIV diagnosis rate, poverty was the least important 

covariate in terms of assisting in the explanatory ability of the models. In fact at the state 

level, the addition of poverty to the bivariate model actually lowered the adjusted 

explanatory power of the model. While absolute measures of poverty such as household 

income level and poverty rate have long been associated with poor health outcomes, these 

findings are consistent with current scholarship suggesting that in more developed societies, 

it is the inequitable distribution of wealth that has the greater impact on population health, 

conferring poorer health overall for both the rich and poor [35].  

 

Primary Care Supply Did Not Mediate the Impact of Income Inequality on HIV 

Diagnoses 

 

We hypothesized that intervening on the primary care physician supply in a given area could 

reduce the impact of income inequality on HIV diagnoses. While previous studies have 

shown that the presence of more primary care physicians can mitigate the effect that income 
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inequality has on certain health outcomes [7, 17], our results did not show that this 

relationship holds for HIV diagnoses.  

 

Part of the hypothesized impact of primary care physician supply on HIV diagnoses 

centered around the assumption that an area with a higher density of primary care physicians 

may have a better overall health infrastructure, and thus is better equipped to handle HIV 

infections via early detection of incident cases as well as strong linkage to and retainment in 

care; however, our measure of primary care did not include physicians who specialize in 

infectious disease that typically provide this type of ongoing care. It may be possible that 

some areas with a high density of primary care services do not also have levels of specialized 

HIV care services sufficient to adequately manage the epidemic in the community. 

 

Additionally, detection bias related to both the use of HIV diagnosis rate as an outcome and 

primary care physician supply as a predictor may have been an issue in this analysis. Primary 

care physician supply may be a measure more closely tied to the ability to simply test and 

detect new cases, but have less of a role in actually stemming new community infections, 

because infectious disease physicians are often most typically and proximally engaged in the 

provision of ART for improving health and reducing transmissions. This may mean that 

HIV diagnosis rates are higher in areas where more primary care physicians are simply 

because those physicians test and diagnose more patients, but not because HIV incidence is 

truly higher in that area. In this analysis, HIV diagnosis rate serves as a proxy measure for 

HIV incidence, which can only be estimated, however it is possible that an estimated 

incidence measure could have produced different results. 
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Limitations  

 

There are a few important limitations of this study to consider. First, as mentioned above, 

the use of HIV diagnosis rate has been used here to stand in for HIV incidence rate. It 

should be noted however that the extent to which HIV diagnoses estimates HIV incidence 

depends heavily on the varying availability of testing, which can fluctuate between states and 

counties due to differing health infrastructure, allocation of public funds and laws regarding 

consent to test.  

 

Similar considerations should be made for use of the primary care variable. In this study the 

rate of primary care physicians stands in as a proxy measure of an area’s general access to 

healthcare, however this may be problematic. The presence of primary care physicians in an 

area does not necessarily mean that equitable access to these physicians exists for all 

residents of a given geographic unit. Additionally, it should be noted that though this 

analysis examined the impact of income inequality while considering well-evidenced social 

determinants of health, there is potential for confounding by other factors which were 

unmeasured and not included in these models. 

 

The use of a six year timespan over which to analyze these relationships presents a few 

important areas for consideration. First, it is reasonable to believe that some counties or 

states could have seen substantial improvements in testing availability over this timeframe 

which may have impacted these results but would not be discernible in the weighted average 

measure of HIV diagnosis used. Second, this study design did not take into consideration the 

potential for time-lagged effects on the outcome measures due to income inequality. That is, 
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an increase in income inequality in a given timeframe would not be expected to result in an 

immediate or simultaneous increase in HIV diagnoses; rather, if income inequality affects 

health outcomes through a pathway comprised of various social determinants, it is more 

likely that effects related to changing levels of income inequality would be observed after 

some period of time. 

 

Additional key limitations of this study center on the use of counties as geographic units of 

analysis. Crossover bias is of particular concern for the use of the primary care variable at the 

county level, as residents of certain counties may not necessarily access care in their county 

of residence. Additionally, the ability of county-level measures to accurately depict life in a 

given location may vary depending on county size and region. As an illustrative comparison 

we can reference the level of subdivision between two states. The state of Georgia has a 

population of just over 10 million and is divided into a relatively large number of counties at 

159 total, with the state’s largest metro area of Atlanta being subdivided into 14 counties. 

California’s population of nearly 39 million is divided into just 58 counties, with Los Angeles 

county alone accounting for about one third of the state’s total population. It is reasonable 

to think that county-level measures of social determinants in Georgia better reflect the reality 

for a greater proportion of residents as compared to California, where counties are more 

inclusive and thus county-level measures are less likely to be able to accurately describe 

reality for a majority of residents. 

 

Use of states as geographic units of analysis may correct for some of the above limitations 

related to the analysis of counties, however the sample size of 50 states limited the statistical 
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power of these analyses and similarly restricted the ability to add additional covariates to the 

models considering state-level effects.  

 

Finally, the retaining of a subset of all U.S. counties for analysis based on those which 

reported unsuppressed data for all 6 years of the study timeframe elicits questions around 

possible selection bias. The sample size of 499 U.S. counties of 3,143 total counties skewed 

the data toward a higher proportion of urban counties, which tend to have the greatest levels 

of income inequality; however, it should be noted that these counties account for 71.64% of 

all U.S. population and 95.48% of all reported new HIV diagnoses from 2008-2013. 

Additionally, this method of county retention consequently resulted in counties with more 

HIV diagnoses being more likely to be included than those with low diagnoses which were 

more likely to be suppressed and excluded from analysis. State level estimates may be less 

subject to suppression and thus may capture data from a wider portion of total counties.  

 

Future Directions 

 

Achievement of viral suppression via linkage to and retainment in specialized HIV care is 

essential to reducing incident cases of HIV in the United States [20]. Reforms passed in an 

effort to make healthcare more affordable and expand Medicaid through the Affordable 

Care Act (ACA) were implemented during the timeframe of this study. In this analysis, 

primary care access was averaged over the course of the 6 year study timeframe, but future 

studies should examine any potential impact that certain ACA reforms may have had in 

expanding access to care, such as measures making private insurance more affordable. 

Additionally, future analyses should examine any impact that the selective expansion of 
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Medicaid in some states may have had on the HIV epidemic at both the state and county 

levels. 

 

Given the issues noted around the use of primary care access as an indicator of access to 

care, future analyses may consider the inclusion of alternate or additional measures related to 

access to care, such as density of infectious disease physicians or other specialized HIV-

related care services. Analyses relating the ability of an individual in a given area to attain 

specialized HIV care at differing levels of income inequality could shed light on how the 

epidemic is being differentially controlled in areas of high and low income inequality. Finally, 

spatial analyses surrounding proximity to care with considerations of functional barriers such 

as transportation and social capital indices could provide a clearer picture of true access to 

care services. 

 

Finally, as previously discussed, the six year timespan of this study includes a time when the 

U.S. underwent and subsequently began to recover from the worst recession in decades, that 

potentially served to worsen an existing upward trend in income inequality. Future analyses 

may consider a study design that allows for the description of how changes in income 

inequality over time impact health rather than one summary measure. As mentioned above, 

the inclusion of time-lagged outcome variables may be an important additional consideration 

in such a design. 
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