
American clusters: using machine learning to understand 
health and health care disparities in the United States
Diana M. Bowser1,* , Kaili Maurico1 , Brielle A. Ruscitti2, William H. Crown2

1Connell School of Nursing, Boston College, Chestnut Hill, MA 02467, United States
2Heller School for Social Policy and Management, Brandeis University, Waltham, MA 02454, United States
*Corresponding author: Connell School of Nursing, Boston College, Chestnut Hill, MA 02467. Email: bowserdi@bc.edu

Abstract
Health and health care access in the United States are plagued by high inequality. While machine learning (ML) is increasingly used in clinical 
settings to inform health care delivery decisions and predict health care utilization, using ML as a research tool to understand health care 
disparities in the United States and how these are connected to health outcomes, access to health care, and health system organization is 
less common. We utilized over 650 variables from 24 different databases aggregated by the Agency for Healthcare Research and Quality in 
their Social Determinants of Health (SDOH) database. We used k-means—a non-hierarchical ML clustering method—to cluster county-level 
data. Principal factor analysis created county-level index values for each SDOH domain and 2 health care domains: health care infrastructure 
and health care access. Logistic regression classification was used to identify the primary drivers of cluster classification. The most efficient 
cluster classification consists of 3 distinct clusters in the United States; the cluster having the highest life expectancy comprised only 10% of 
counties. The most efficient ML clusters do not identify the clusters with the widest health care disparities. ML clustering, using county-level 
data, shows that health care infrastructure and access are the primary drivers of cluster composition.
Key words: health disparities; machine learning; social determinants of health; American clusters.

Introduction
Health and health care access in the United States continue to be 
plagued by high levels of inequality. Despite the passage of one 
of the largest health care reforms in American history, the 
Affordable Care Act in 2010, inequality in key health metrics 
continues to increase in the United States. Access to formal 
health insurance in the United States increased to an all-time 
high of 91% in 2016. However, large disparities continue, 
with Texas still having 20% of their population uninsured while 
Massachusetts had an uninsurance rate of 3% in 2021.1

Similarly, health status, as measured by life expectancy, has de-
creased for the third year in a row for the United States, and in-
equality, with regard to this same metric, has only become 
worse.2-4 Most recently, these trends have been attributed main-
ly to COVID-19 and the aging population in the United States, 
yet the underlying causes and drivers of these inequalities remain 
complicated and are poorly understood.5,6

Murray et al7 examined inequality in the United States 
in their 2006 paper titled, “Eight Americas: Investigating 
Mortality Disparities across Race, Counties, and Race- 
Counties in the U.S.” Using data across 3144 US counties over 
the period 1982–2001, they showed significant disparity in the 
race-county combinations they created and termed these combi-
nations the “Eight Americas.” Since the publication of this pa-
per, numerous other studies have been published describing 
similar disparities within and across the United States for chron-
ic conditions,8 life expectancy,9 rural vs urban areas,10,11 and 
most recently, structural racism and neighborhoods.12 The 
COVID-19 pandemic exposed many additional inadequacies 

and a range of inequities in the US health care system, and deaths 
due to COVID-19 were disproportionately higher among Black 
individuals compared with the population overall.13 While ML 
has been utilized to examine many aspects of clinical medicine 
and decision making in medicine in the United States, the use 
of ML as a research tool to understand health care disparities 
in the United States and how these are connected to health out-
comes, access to health care, and health system organization is 
less common.14 For the purposes of this paper, ML is defined 
as utilizing electronic data and computers to learn patterns 
and relationships to make prediction and decisions.15

Life expectancy and longevity vary widely by state as well as 
by race and ethnicity, and these inequalities continue to grow. 
For example, life expectancy in Connecticut and Oklahoma 
was 71.1 years in 1959. However, by 2017, Connecticut had 
gained 9.6 years in life expectancy whereas Oklahoma only 
gained 4.7 years.16 Prior studies have also shown that estimated 
life expectancy was lower for Black populations than for White 
populations in 87% of counties, as of 2022.17 The COVID-19 
pandemic has had numerous consequences for population 
health, including a notable reduction in life expectancy. More 
specifically, the COVID-19 pandemic has resulted in an esti-
mated 39% increase in the Black–White life expectancy gap 
and a reduction in the Latino life expectancy advantage.5

Inequalities in the United States are not only related to health 
status and the US health care system but to social determinants 
of health (SDOH) as well. Health disparities are found by edu-
cation, race, ethnicity, sex, sexual orientation, and place of resi-
dence.18 SDOH can be attributed to differences in access and use 
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of quality health care services; health risk behaviors, including 
tobacco use, obesity, and lack of access to healthy foods; social 
and built environment; and socioeconomic and living 
conditions.19,20 Decades of research have found significant 
socioeconomic, racial/ethnic, and occupational disparities in 
mortality and life expectancy among Americans, identifying 
population groups21,22 with social inequalities in health con-
tinuing to be related to key SDOH23 as well as geographic vari-
ation in health care practice.24,25

Given the continued problem of inequality in the United 
States, the added complexity of the SDOH, and the magnitude 
of data that are now available across multiple domains, it 
would be impossible and most likely inaccurate to use a priori 
assumptions to create American clusters as developed by 
Murray et al. We initially intended to use ML to identify the 
8 optimal ML clusters and compare these with those described 
by Murray et al. As described in this paper, we were surprised 
to find that the optimal number of clusters identified by ML 
was only 3. The results reveal useful new insights into the op-
portunities and challenges associated with using ML methods 
to examine health disparities questions. This paper presents an 
ML-based methodology that can be used as a research tool to 
explore inequalities in the United States.

Data and methods
Data and clustering
Machine learning clustering methodology was used to cluster 
over 650 variables from 24 different databases aggregated by 
the Agency for Healthcare Research and Quality (AHRQ) in 
their AHRQ SDOH database. The AHRQ SDOH database 
consisted of county-level data across 6 key SDOH domains 
(social, economic, geographic, education, physical infrastruc-
ture, and health care contexts) from 2009 to 2020. For the 
purposes of this analysis, the years 2019 and 2020 data 
were utilized. The number of data sources and variables fluc-
tuated due to the diversity of collection periods for the sup-
porting data, but a core set of variables supporting all 6 
SDOH domains was consistently available across the years 
2019 and 2020. The only variable extracted from another 
data source was life expectancy, as the AHRQ SDOH data-
base did not have this variable for all time periods. Life expect-
ancy was extracted from the US Small Area Life Expectancy 
Estimates Project from the Centers for Disease Control and 
Prevention for the years 2015–2020.26

A non-hierarchical clustering method, the k-means approach, 
was used to cluster the AHRQ SDOH into clusters, grouping the 
data by defined center points, using over 650 variables from 24 
different databases.27 k-Means is an unsupervised ML algo-
rithm for clustering data into a set of k groups, minimizing the 
intracluster variation. The Canberra method, the sum of a series 
of fraction differences between a pair of objects, was used to cal-
culate the distance between observations. While other methods 
were tested (Euclidean distance,28 Manhattan, and Sorensen), 
the Canberra, a weighted version of the Manhattan distance,29

was chosen as most appropriate for the AHRQ SDOH dataset 
due to the high dimensionality of the data and the presence of 
multiple outliers within the included variables.

Optimal clusters
The elbow method, a systematic evaluation of clustering solu-
tions that analyzes the within-cluster sum of squares (WCSS) 
to identify a point of diminishing returns in WCSS reduction, 

was utilized to determine the optimal number of clusters in the 
context of the k-means clustering algorithm.30 The optimal 
number of clusters was determined by running k-means and 
calculating the WCSS, representing the sum of square distan-
ces between datapoints and the calculated cluster centroids, 
for a range of k-values from 1 to 30. A standard elbow graph 
assists in determining the most efficient number of clusters. As 
shown in Supplemental Material 1, the most efficient number 
of clusters was determined at the “elbow” of 3 clusters and 
there was a flattening of the curve at 6 clusters. For the purpose 
of the analysis presented below, we report clustering results 
for 3 and 6 clusters. The 3 cluster results are presented in 
the main body of the paper and the 6 cluster results are pre-
sented in Supplemental Materials 2–5.

Principal factor analysis
In order to determine the main contributors to each of the clus-
ters identified with the elbow method, an index value for each 
of the AHRQ SDOH domains was created for each county us-
ing principal factor analysis. The principal factor analysis 
identified linear combinations (factors) of the variables within 
each of the AHRQ SDOH domains, capturing the maximum 
amount of variance in domain variables. Within each factor, 
the principal factor analysis created an index value, based 
on the strength of the relationship between the factor and 
each variable using the loadings for that variable on the factor.

We used a modified health system framework31 to guide the 
cluster analysis. In their framework, Roberts characterized a 
health system as composed of health system inputs referred 
to as control knobs, intermediate indicators of health system 
performance and health system outcomes. A comprehensive 
health system analysis would examine in detail these different 
aspects of the health system for the ML Americas. A compre-
hensive health system analysis was outside the scope of the 
present study. Consequently, the system analysis utilized for 
this paper examined 3 main domains with the AHRQ 
SDOH health care context: a health system input domain, 
an access to health care services domain, and 1 outcome indi-
cator, life expectancy, capturing the level of health status for 
the population. Supplemental Material 6 summarizes the 
framework used in the analysis.

Each cluster was categorized in Table 1 using a variable for 
each of the SDOH of health domains and 2 variables to capture 
the health system: one for health system infrastructure and one 
for health care access. The variable with the highest loading 
from the principal factor analysis was chosen for each SDOH 
domain as follows: social (percentage of foreign-born residents), 
economic (percentage <137% of the poverty line), education 
(percentage with any postsecondary education), physical infra-
structure (average temperature in March), and geographic 
(Rural-Urban Index, with 1 indicating the most urban and 9 in-
dicating the most rural). Health care infrastructure was captured 
by the number of nurse practitioners with a National Provider 
Identifier per 10 000 population. Health care access was cap-
tured by the total number of marketplace enrollees with house-
hold incomes between >250% and 300% of the Federal Poverty 
Level per 10 000 population.

Logistic regression classification
Finally, a logistic regression classification approach, using a 
statistical model that predicted 2 categories of categorial out-
comes, was used to determine the primary drivers of cluster 
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determination, utilizing the index value created for each 
county, for each of the 5 SDOH domains and 2 health system 
domains (inputs and access). For this analysis, the dichotom-
ous categories were the membership in each individual prede-
termined cluster generated using k-means, tested against all 
nonmember counties.

Results
Cluster analysis results
Table 1 provides a summary of each of the 3 distinct clusters 
utilizing the most efficient number of clusters as determined 
with the elbow method. As shown in Table 1, cluster 2 com-
prises the largest counties in terms of population size, lowest 
share below the poverty line, most educated, most insured, 
best health infrastructure, most immigration, and highest life 
expectancy. Cluster 1 is the smaller, poorest, rural, lowest 
health care access and health infrastructure, with the least mi-
gration and the lowest life expectancy. The descriptive varia-
bles provided in Table 1 for each SDOH domain, provided 
through the principal factor analysis, show results for varia-
bles not normally chosen to describe geographic variation 
across the United States—for example, the most important 
contributor to physical infrastructure is average temperature 
of the county in March. In addition, the 3 ML clusters dem-
onstrate a large inequality in distribution, with the largest 
cluster in terms of population comprising only 10% of all 
counties.

Figure 1 shows the result for the indicator for health status, 
life expectancy in years for each of the 3 America clusters for 
the single year, 2020 (panel A), as well as over time (panel B). 
As shown in Figure 1A, those in cluster 2 (only 10% of US coun-
ties), with the highest average life expectancy in 2020 (79.4 
years), have an average life expectancy 2.6 years greater than 
those in cluster 1 (76.8 years). In addition, as shown in 
Figure 1B, this differential is consistent over time. The results 
for the 6-cluster analysis (Supplemental Material 2) show a 
wider level of inequality, with a 4.8-year differential in life ex-
pectancy between cluster 6 and cluster 3. As the clusters increase 
so does the inequality among clusters, with a life expectancy dif-
ferential reaching 9.0 years for 50 clusters (see Supplemental 
Material 7). The most efficient results according to the elbow 
method do not identify the clusters with the largest disparities.

Logistic regression classification results
Table 2 shows the results of the logistic regression classifica-
tion approach that is used to determine the primary drivers 
of each cluster, examining specifically the contribution of 
health care access and health system infrastructure indices. 
Table 2 shows that health care access and health infrastructure 
are the 2 most important factors in cluster composition, espe-
cially for cluster 2, with all other SDOH domains also contrib-
uting significantly. Neither health care domain, access, nor 
infrastructure contribute positively to clusters 1 or 3, clusters 
that make up 90% of the counties in the United States. Lower 
health care access is a contributing factor to cluster 3 and less 

Table 1. Cluster descriptions and summary measures of social determinants of health variables for 3 clusters.

Cluster General  
description

Average 
population 

(N)

Total 
counties  
(% total)

Percentage 
below  
137%  
of the  

poverty  
line (%)

Percentage of 
population  
with any 

postsecondary 
education (%)

Number  
marketplace  

enrollees,  
household  

income  
>250% to  
300% of 
FPL per  
10 000

Nurse  
practitioners  

with NPI 
per 10 000

Average 
temperature  

in March  
(°F)

Percentage  
of foreign  

born  
residents  

(%)

Rural-urban Life  
expectancy 

(years)

1 Rural, poorest, 
least educated, 
with lowest 
health access 
and health 
infrastructure, 
with the 
lowest life 
expectancy 
and least 
immigration

12 915 1673 (53%) 23.7% 50% 112.0 6.1 48.5 3.8 6.6 76.8

2 Urban, least share 
below 
poverty, most 
educated, 
most insured, 
best health 
infrastructure, 
and most 
immigration

696 752 310 (10%) 17.9% 65.40% 25.9 10.6 51.5 14.5 1.5 79.4

3 Suburban, 
average 
poverty, 
education, 
insurance and 
health 
infrastructure, 
relatively low 
immigration

76 721 1161 (37%) 20.9% 55.80% 40.9 8.9 49.0 5.2 3.7 77.4

Abbreviations: FPL, Federal Poverty Level; NPI, National Provider Identifier. 
Cluster description with summary results for variables representing each of the social determinants of health domains and the 2 health system categories (health system infrastructure and health care 
access). Summary statistics for the variable with the highest loading as part of the principal factor analysis are included.
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health care infrastructure is a contributing factor to cluster 
1. Other positively contributing factors to cluster definition in-
clude education for cluster 3 and geography for cluster 
1. Negatively contributing factors include less education for 
cluster 1 and lower social and geographic index values.

Figure 2 shows the map of the US counties that correspond 
to the 3 ML American clusters. Cluster 2, composed of the 
highest health care access and infrastructure, comprises main-
ly urban areas. Cluster 1 represents the Midwest and parts of 
the deep South. Cluster 3 represents suburban areas and high-
er income rural areas.

Discussion
This is one of the few studies to utilize ML as a research tool to 
understand important patterns of health system utilization, in-
frastructure, and outcomes in the United States utilizing county- 
level data with over 650 variables. The results are important as 
we continue to understand the utility of ML as it relates to the 
health of a population. The results show that the most efficient 
ML cluster models do not fully capture the maximal health in-
equalities and that, for the clusters that are created, health 

care infrastructure and health care access are the primary drivers 
of cluster composition. This analysis has provided useful meth-
ods and information for researchers, policymakers, implement-
ers, and government officials planning system changes in the 
United States.

While the analyses presented above are mainly driven by ma-
chines rather than by data-driven decisions by researchers, the 
results can be compared with several other important studies. 
Murray et al7 in their landmark paper that outlined 8 distinct 
Americas found a much larger disparity in life expectancy be-
tween the group with the highest life expectancy (“Asian fe-
males”) and lowest life expectancy (“high-risk urban Black”), 
a disparity of 20.7 years in 2001. The disparity in life expect-
ancy shown in the 3 cluster ML results presented above is not 
as large as in Murray et al (2.6 years difference in life expect-
ancy between cluster 2 and cluster 1). However, this is an arti-
fact of choosing the most efficient clustering, and as we add 
more clusters (see 6 cluster results in Supplemental Materials 
2–5), the disparity in life expectancy increases. Dyer et al12

used a sophisticated methodology to create a structural racism 
index using census tract data and found a 9.6-year difference in 
average life expectancy (2010–2015). Like Murray et al, they 
used data-driven decisions to create their index measures. To 
better compare with the ML clusters created in this study it 
would be interesting to see geographic mapping of their indices 
and what contributes to the variation in the indices.

An innovative aspect of the analysis is a principal factor ana-
lysis that captures key drivers of cluster composition, focusing 
on 2 key drivers: health care inputs and health care access. 
The health care infrastructure index is the largest contributor 
to cluster composition and most important for the cluster with 
the highest life expectancy. The main drivers of the health care 
infrastructure index include health care system components 
that are clearly important to health outcomes, such as hospitals; 
health care facilities including federally qualified health centers; 
and workforce. Newer methods in ML are utilizing factor ana-
lysis as a data-reduction tool when building the clusters.32

Adding these health system inputs into the analysis is extreme-
ly important as the United States struggles with hospital closures 

Figure 1. Life expectancy, in years. Panel A shows the average life expectancy, 2020. Panel B shows the average life expectancy over time from 2015 to 
2020, by year and cluster. Life expectancy is the mean value for all of the counties included in the dataset for all years (n = 1673, cluster 1; n = 310, cluster 
2; n = 1161, cluster 3).

Table 2. Logistic regression examining AHRQ SDOH domain contribution 
to each cluster.

Index value by AHRQ SDOH 
domain

Cluster 1 Cluster 2 Cluster 3

Health care access 0.80 4.97*** 0.66***
Health care infrastructure 0.003*** 19.97*** 1.04
Economic 1.00 1.24* 1.04
Education 0.77** 0.64*** 1.44***
Geography 2.14*** 1.65*** 0.45***
Physical infrastructure 0.92 1.16* 0.96
Social 0.85 1.78*** 0.76***

Abbreviations: AHRQ, Agency for Healthcare Research and Quality; 
SDOH, social determinants of health. 
Logistic regression model using AHRQ SDOH domain index values for each 
of the 3 clusters (n = 3144), reporting coefficients and significance level at 
*P = .05; **P  = .01; ***P = .001.
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and workforce burnout.33,34 It is even more important to note 
that one of the categories of health care workers that contributes 
to higher health care infrastructure are nurses and nurse practi-
tioners, some of the main “heroes” during the COVID-19 pan-
demic and an essential part of patient care.35,36 The authors do 
want to acknowledge, however, that efforts to improve health 
care inputs alone do not guarantee improved access or improved 
health outcomes for populations.37

The other key driver of cluster composition is the health care 
access index, mainly driven by access to either public, private, 
or marketplace insurance. This result is not surprising given 
the strong link between insurance coverage and health care ac-
cess and outcomes.38-41 It is important to note that the ana-
lyses related to health system drivers (infrastructure and 
access) are limited by data availability and, as such, there 
may be important variables that are missing in the analysis.

The methods and results described in this paper illustrate 
the usefulness of ML for understanding health disparities. 
But the results also illustrate the difficult tradeoff between 
efficiency and equity. The most efficient ML clusters do 
not identify the clusters with the widest health care dispar-
ities. The difference between the cluster 3 results (shown 
above) and the cluster 6 results (Supplemental Materials 
2–5) shows that, as more clusters are created, minimal effi-
ciency is gained but more inequality is seen. Future direc-
tions in ML equity analysis could use ML to identify 
dimensions underlying maximum inequality in health care 
access and outcomes.

There are a number of potential policy implications related to 
both the methods and the results presented above. First, the re-
sults above are presented to illustrate how ML methodology 

can be applied to understand disparities. In future research, 
the methodology can be utilized to identify and understand 
clusters with large inequalities. For example, a policymaker 
might want to create upwards of 100 clusters, which may be dif-
ficult to create manually, but which could be informative to 
understand disparities at the county level. Second, while this 
analysis has utilized county-level data, ML analysis conducted 
at a more granular geographic level such as zip codes or census 
tracts would be more useful to examine even more detailed re-
sults. Detailed SDOH data are also available at these levels, al-
though the number of variables available declines with each 
level of increasing geographic granularity. Third, ML cluster 
analyses could also be linked with patient outcomes to enhance 
even further the link to health services. The methods presented 
above lay out the foundations for these next steps. We used un-
supervised ML methods to identify the clusters in this paper. If 
understanding disparities in a particular measure, such as ma-
ternal mortality, were the goal, a combination of supervised 
and unsupervised methods might be particularly useful. For ex-
ample, one could begin by using a lasso regression to model all 
the predictors of maternal mortality at a particular geographic 
level and then use the set of statistically significant variables as 
the starting point for the unsupervised cluster approach de-
scribed in this paper. Such clusters would inherently be related 
to the variation in maternal mortality.

The analysis presented above combines ML with health serv-
ices and health system research. As has been noted by many, we 
have a plethora of health care data in the United States, but they 
are often not utilized appropriately to understand our largest 
system issues. This is an attempt to use ML in the broader 
health system space to advance this field as others have done 

Figure 2. Map of US counties for the machine learning 3-clusters analysis. Note that the clusters, although showing some tendencies for geographic 
concentration, are not defined by geography. For example, some counties in the upper peninsula of Michigan and the panhandle of Texas are both 
assigned to cluster 1 based on the underlying patterns of the 650 county variables, not geography. Maps are created using data for all counties in the 
dataset (n = 1673, cluster 1; n = 310, cluster 2; n = 1161, cluster 3).
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within smaller systems42,43 and to improve predictive, clinical 
analytics.44,45 The importance of this work is that it begins to 
bridge the gap between systems research and clinical research, 
with a key next step focus on combining ML and cluster ana-
lysis at the system level with individual-level claims and/or elec-
tronic medical record data—analyses that the authors believe 
are essential to bridging the gap between clinical outcomes 
and key SDOH.

Conclusion
This paper builds upon the prior literature and applies princi-
ples of ML to move the research forward to better understand 
disparities in the United States and how these are connected to 
health outcomes, access to health care, and health system or-
ganization. The results show that using the most efficient 
ML cluster models does not fully capture the maximal health 
inequalities and that ML clustering, using county-level data, 
shows that health care infrastructure and health care access 
are the primary drivers of cluster composition.
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online.
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