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ABSTRACT

Drawing upon the literatures on risk factors for COVID-19 and the roles of political party and political parti-
sanship in COVID-19 policies and outcomes, this study quantifies the extent to which differences in Republican-
and Democrat-governed counties’ observable characteristics explain the Republican - Democrat gap in COVID-19
mortality rate in the United States. We analyze the county COVID-19 mortality rate between February 1 and
December 31, 2020 and employ the Blinder-Oaxaca decomposition method. We estimate the extent to which
differences in county characteristics - demographic, socioeconomic, employment, health status, healthcare ac-
cess, area geography, and Republican vote share, explain the difference in COVID-19 mortality rates in counties
governed by Republican vs Democrat governors. Among 3,114 counties, Republican-governed counties had
significantly higher COVID-19 mortality than did Democrat-governed counties (127 + 86 vs 97 + 80 per
100,000 population, p < 0.001). Results are sensitive to which weights are used: of the total gap of 30.3 deaths
per 100,000 population, 12.8 to 20.5 deaths, or 42.2-67.7 %, are explained by differences in observable char-
acteristics of Republican- and Democratic-governed counties. Difference in support for President Trump between
Republican- and Democrat-governed counties explains 25 % of the additional deaths in Republican counties.
Policies aimed at improving population health and lowering racial disparity in COVID-19 outcomes may also be
correlated with reducing the partisan gap in COVID-19 mortality.
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1. Introduction:

COVID-19 policies like masking, social distancing, and shelter-in-
place orders were largely effective (Dave et al., 2021; Fowler et al.,
2021), but the choice of policies (Baccini & Brodeur, 2021; Kosnik &
Bellas, 2020), timing of implementation (Adolph et al., 2021), and
public response to the policies (Grossman et al., 2020) varied by gu-
bernatorial party (Amuedo-Dorantes et al., 2020). Not surprisingly,
COVID-19 health outcomes also differ by the state’s party affiliation
(Gollwitzer et al., 2020; Neelon et al., 2021). Our calculations show that
between February 1 and December 31, 2020, Republican-governed
counties, on average, had 30.3 more deaths per 100,000 population
than did Democrat-governed counties (127.4 vs 97.2).

Understanding the drivers of this difference will explain if there are
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non-political ways for reducing partisan inequality in public health
outcomes. Hence, the question is: if Republican counties had the char-
acteristics that Democrat counties do, to what extent would the COVID-
19 mortality rate in Republican counties be lower? Stated differently,
how much do partisan differences in county characteristics explain the
partisan difference in COVID-19 mortality rates? This will also inform
the portion of party differential in COVID-19 mortality attributable to
unobserved factors, e.g., unconscious bias of healthcare providers,
quality of care, cultural norms, etc.; these factors are hard to measure
and harder to alter, at least in the short run.

Counties’ political affiliation is based on the gubernatorial party in
2020 for two reasons. First, state governors were crucial and often the
first to act against COVID-19 in the U.S. (Gupta et al., 2020; Neelon
et al., 2021). Second, there is no consistent way to define the political
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party of county governments in a national study because the makeup
and responsibilities of county governments vary across the U.S. — county
leadership may be set up as commissions, may not require partisan
affiliation, and may vary in their scope (US Census Bureau, 2019). One
way in which the COVID-19 literature has defined political affiliation at
the county level is to use vote share in the 2016 presidential election
(Adolph et al., 2021; Allcott et al., 2020; Gupta et al., 2020; Painter &
Qiu, 2021) — counties with majority votes for Hilary Clinton (Donald
Trump) were considered Democrat (Republican) counties. The vote
share definition has the advantage of capturing electoral sentiment, but
the purpose of this paper is to follow where policies are made and how
governance is set up below the federal level. We treat Republican vote
share as one of the drivers of the difference in COVID-19 mortality rates
between Republican- and Democrat-governed counties.

The Blinder-Oaxaca method (Blinder, 1973; Fortin et al., 2011; Jann,
2008; Oaxaca, 1973) that was first used in labor economics to explain
the male-female wage gap (Z. Chen et al., 2010; Horrace & Oaxaca,
2001; Oaxaca & Ransom, 1994, 1999), and has since been applied to
study inequality in health outcomes and extended to other sources of
inequality, e.g., union membership, race, and income (Amin & Lhila,
2016; Averett et al., 2014; Charasse-Pouélé & Fournier, 2006; Kino &
Kawachi, 2020; Koh et al., 2020; Krieg & Storer, 2006; Lhila & Long,
2012; Rahimi & Hashemi-Nazari, 2021; Sen, 2014; Spencer et al., 2018).
It has recently been used to study whether the change in representation
relationships with voters and co- partisans explains the increased po-
larization in the U.S. senate (Butler, 2021).

While these results cannot be interpreted as causal, this study will
provide suggestive evidence about both the choice of pathways and the
extent to which partisan health differences can be affected. For instance,
if the partisan difference in county characteristics like population den-
sity, health status, or access to healthcare were to meaningfully explain
the partisan COVID-19 mortality gap, that would suggest that policies
aimed at improving these characteristics may be correlated with a
smaller partisan mortality gap too.

This paper draws upon literature from several disciplines and con-
tributes to our understanding of disparities in COVID-19 outcomes. In-
equalities in COVID-19 outcomes based on race and socioeconomics
have received due attention in the public health literature (Kantamneni,
2020; McLaren, 2021; Patel et al., 2020; Rossen et al., 2020; Wrigley-
Field, 2020; Yehia et al., 2020). There is also a rich debate on the cau-
ses and nature of political polarization (Castle & Stepp, 2021; Iyengar
et al., 2019; Iyengar & Krupenkin, 2018), and as it relates to COVID-19
in the U.S. (Allcott et al., 2020; H.-F. Chen & Karim, 2021; Neelon et al.,
2021). However, to our knowledge this is the first study to consider
party ideology as a lens through which to study the drivers of in-
equalities in COVID-19 outcomes.

2. Materials and method

Counties and county equivalents within the 50 states of the United
States are the units of analysis. After dropping 28 counties for missing
information, the sample size is 3,114 counties, of which 1,758 are in
Republican- and 1,356 in Democrat-governed states.

The outcome variable is cumulative COVID-19 deaths between
February 1 and December 31, 2020 (USAFacts, 2021). County mortality
count is scaled by county population, which yields COVID-19 deaths per
100,000 population. We limit our study to COVID-19 mortality through
December 31, 2020, to hold constant the political and public health
environments. A new president assumed office in 2021, and the avail-
ability of COVID-19 vaccines became more widespread; which together
altered COVID-19 outcomes, independent of gubernatorial party
affiliations.

Data on explanatory variables are obtained from a variety of sources.
Demographics, socioeconomics, and employment and commuting data
are from the U.S. Census Bureau’s 2014-2018 American Community
Survey 5-Year Data Profile (US Census Bureau, 2018). Measures of
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county health status are from the CDC’s 2016-2018 Interactive Atlas of
Heart Disease and Stroke (Centers for Disease Control and Prevention, n.
d.) and 2017 Diabetes Surveillance System. The 2018-19 Area Health
Resource Files yield information on healthcare access, supply, and area
geography (HRSA, 2021). County data on 2016 presidential election
returns are obtained from the MIT Data Election and Science Lab (MIT
Election Data and Science Lab, 2018). These explanatory variables are
chosen based on published risk factors for COVID-19 mortality (Ganse-
voort & Hilbrands, 2020; Goodman et al., 2020; Grasselli et al., 2020;
Jordan et al., 2020; Kim et al., 2020; Li et al., 2020; Mikami et al., 2020;
Weiss & Murdoch, 2020; Zhou et al., 2020) and the standard correlates
in the partisanship and COVID-19 literature. We measure characteristics
at pre-COVID levels to avoid potential endogeneity as the characteristics
of the counties themselves changed simultaneously with the spread of
the pandemic.

The Blinder-Oaxaca decomposition method was initially used to
study gender and racial wage discrimination (Blinder, 1973; Oaxaca,
1973). It divides the wage differential between two groups: the portion
attributable to differences in the distribution of endowments (e.g.,
training, education, productivity, experience) and an unexplained
portion due to group differences in coefficients or returns to labor
market investments; the latter measures discrimination in the labor
economics literature.

Briefly, the method first estimates a linear regression where Y; is the
outcome variable, and Xy, -+, X); are k observable explanatory variables.
The regression is estimated separately for two groups, A and B, and all
explanatory variables represented by X are the same in both equations:

k
vh=Y o BXi )

k
Y= Bl @

Assuming that the error term is uncorrelated with the outcome, Y, or

is at least the same for both groups, the gap between Y and 7° is rep-
resented as:

o7 = (Eﬁ;‘xﬁ) - (Zﬁfxf) 3)
7 7
By adding and subtracting Zj/if)_(f , Equation (3) can be re-written:
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Groups A and B represent Republican and Democrat parties,
respectively; and Y is the predicted county COVID-19 mortality rate
estimated at the means of the explanatory variables.

The first term on the right-hand side represents the portion of the
partisan COVID-19 mortality gap attributable to differences in the dis-
tribution of X in Republican and Democrat counties. This term is called
the composition effect and has been likened to the local average treat-
ment effect, in program evaluation parlance (Fortin et al., 2011). These
include the distributions of race/ethnicity, educational attainment,
healthcare supply, health status, geographic factors, and Republican
vote share. In this case, the explained portion is the difference between
(i) the predicted COVID-19 mortality for Republican counties condi-
tional upon the Xs in the model, and (ii) what the predicted COVID-19
mortality rate would be in Democrat counties if the effect of county
characteristics on COVID-19 mortality in Democrat counties were the
same as they are in Republican counties.

The second term on the right-hand side is the unexplained portion
that captures the party differences in regression coefficients or marginal
effects of the characteristics, X on COVID-19 mortality rates. Intuitively,
the second term in equation (4) is the partisan difference in mortality
rates that is due to different returns to health inputs in Republican- and
Democrat-governed counties, which may be due to unobserved county



A. Lhila and F. Alghanem

characteristics like racial segregation of healthcare services, cultural
norms, and quality of healthcare. More explicitly, Republican and
Democrat counties with the same level of education, racial composition,
insurance rate, and access to healthcare could have different effects on
COVID-19 mortality due to these unobserved (by the researcher)
differences.

One estimation issue is related to self-selection of individuals. Un-
observable traits like health consciousness and risk aversion may be
correlated with both county characteristics and COVID-19 mortality
rate. We use lagged county characteristics to reduce this concern, but
admit this is an imperfect solution. Thus, we view this as a descriptive
study and caution against making causal inferences.

The results of the decomposition are sensitive to the choice of
regression coefficients used to weight the difference in endowments. The
explained portion of equation (4) is specified with coefficients obtained
from the regression for group A; and the unexplained portion is
weighted by the means for group B. Equation (4) can be re-written using
regression coefficients from the Democrat regression and mean of
explanatory variables from Republican counties. The choice of regres-
sion coefficients is based on a judgement about which gubernatorial
party has the ideal returns on inputs. Instead of assuming that returns in
Democrat-governed counties are preferable because they have lower
mortality rates, we follow the literature and estimate the decomposition
both ways. We also check the robustness of our results by using
regression coefficients from a third regression equation, which employs
data pooled from all counties and includes a group indicator as a control
in the model (Jann, 2008; Neumark, 1988). This assumes that the as-
sociations between county characteristics and COVID-19 mortality are
the same in Republican and Democrat counties. The three sets of
weighting coefficients are obtained from Ordinary Least Squares re-
gressions where standard errors are clustered at the state level to ac-
count for within-state correlation among counties, which is particularly
important as we measure the political party of the county at the state
level.

3. Results and Discussion:
3.1. Study sample

Table 1 presents descriptive statistics for all characteristics included
in this analysis, separately for Republican and Democrat counties.
Pairwise comparisons using t-tests show that there are statistically sig-
nificant differences in the characteristics of Republican- and Democrat-
governed counties; however, the magnitude of differences is often small.
The percentages reported are the average of percentages in Republican
and Democrat counties. On average, Republican counties’ populations
are 73.1 % white, 10.9 % African American, and 5.8 % from other races;
compared to Democrat counties that tend to be 76 %, 7.9 %, and 6.7 %
white, African American, and other races, respectively.

Families in Republican counties are more likely to be single parent-
headed and less likely to consist of non-family members compared to
those in Democrat counties. Republican counties have lower educational
attainment than do Democrat counties. The average poverty rate in
Republican counties is 16.2 % versus 14.8 % in Democrat counties.

Average county unemployment rates are similar in Republican and
Democrat counties. On average, 80.7 % of workers drive to work in
Republican counties whereas workers in Democrat counties are more
likely to take public transportation or commute by walking, biking, etc.

Republican counties have worse average health status than do
Democrat counties. The average coronary artery disease mortality rate is
108.2 (96.3) per 100,000 population and the average obesity rate is
34.1 % (32.3 %) in Republican (Democrat) counties.

The average uninsured rate is 11.1 % in Republican counties and 7.4
% in Democrat counties. Republican counties have fewer hospital beds
(27.4 vs 31.2), primary care physicians (4.6 vs 5.8), registered nurses
(34.2 vs 41.3 fulltime equivalents), and respiratory therapists (2.3 vs
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2.6).

Democrat counties are more likely to be urban whereas Republican
counties are more likely to be designated suburban and rural. The
average population per 10 square miles is 1,482 in Republican counties
compared to 4,397 in Democrat counties. On average, 66.5 % of voters
chose Trump in 2016 in Republican-governed counties, compared to
59.1 % Republican vote share in Democrat counties.

3.2. Regression results

Table 2 presents results for three samples — Republican, Democrat,
and all counties.

Minority race/ethnicity is statistically significantly associated with
higher mortality. On average, a 10-percentage point increase in Hispanic
and African American populations is related to 6.8 — 10 and 10.7 — 14.4
additional COVID-19 deaths per 100,000 population, respectively, when
compared to the same increase in the white population. Counties with
higher percentage of elderly have higher COVID-19 mortality but the
relationship is statistically significant only in Republican counties. This
is consistent with the findings that minority race (Morales & Ali, 2021;
Rossen et al., 2020; Yehia et al., 2020) and older age are independent
risk factors for COVID-19 mortality (Dowd et al., 2020; Ho et al., 2020;
Sasson, 2021).

Living arrangements are not statistically significantly associated
with COVID-19 mortality, except in the Democrat model, which shows
that living in a single-parent family is associated with higher COVID-19
mortality. The proportion of least educated (less than high school) and
the proportion of less educated (high school graduates) are associated
with higher rates of COVID mortality in Republican and Democrat
counties, respectively. Further, poverty rate is not statistically signifi-
cantly associated with COVID-19 mortality rate in either model, but
higher incomes are associated with lower COVID-19 mortality. We
speculate that these results are because populations with lower educa-
tion and income levels are employed in frontline jobs thereby placing
them at greater risk of exposure (Hawkins et al., 2020).

Pre-COVID county employment rate is associated with higher
COVID-19 mortality rate. This is consistent with the early findings that
approximately-one-third of working adults continued to commute to
work (Brynjolfsson et al., 2020) after the national emergency declara-
tion so that higher percentages of employed populations would be
associated with greater risk for COVID-19 transmission (Hawkins et al.,
2020). Counties with greater proportion of public transportation use had
higher COVID-19 mortality rates, although the result in statistically
significant only in Democrat counties.

Results suggest that 10 percentage point increase in the coronary
heart disease is associated with 1.3 — 1.5 additional COVID-19 deaths, on
average. In Republican counties, a percentage point increase in obesity
rate is accompanied by a 0.94 percentage point increase in COVID-19
mortality rate, on average. The literature has consistently concluded
that patients with a history of coronary artery disease are at greater risk
of mortality (Loffi et al., 2020; Szarpak et al., 2022) and that obesity is a
risk factor for COVID-19 complications and mortality, although some
studies conclude that the relationship is more salient for the elderly and
near-elderly (Poly et al., 2021; Popkin et al., 2020; Tartof et al., 2020).

County health insurance coverage rate is associated with higher
(lower) COVID-19 mortality rates in Republican (Democrat) counties.
Lack of insurance is generally associated with increased overall mor-
tality (Abel & McQueen, 2020; Franks et al., 1993; Wilper et al., 2009).
Whereas the supply of healthcare personnel is not statistically signifi-
cantly associated with COVID-19 mortality in the Republican model; the
availability of hospitals, respiratory therapists, and primary care phy-
sicians are related to an increase in COVID-19 mortality, and supply of
nurses is associated with lower COVID-19 mortality in the Democrat
model. We speculate that higher numbers of hospitals and hospital
personnel indicate better diagnoses and more accurate reporting of
COVID-19 mortality, which would explain the positive correlation
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Table 1
Differences in County Charateristics, by Gubernatorial Party. Means and (Standard Deviations in paretheses).
Republican Democratic Difference All Counties
No. of counties in sample 1,758 1,356 3,114
COVID deaths per 100,000 population 127.4 (85.7) 97.2 (80.1) 30.3 sk 114.2 (84.6)
Demographic
Sex ratio 100.7 (11.4) 100.8 (12.4) -0.1 100.8 (11.9)
Pct population Hispanic 10.2 (14.8) 9.4 (12.2) 0.8 9.8 (13.7)
Pct population non-Hispanic White (alone) 73.1 (20.4) 76.0 (18.3) -29 e 74.4 (19.6)
Pct population non-Hispanic Black (alone or in combination) 10.9 (15.9) 7.9 (11.9) 3.0 9.6 (14.4)
Pct population non-Hispanic other race 5.8 (8.0) 6.7 (7.4) -0.9 6.2 (7.7)
Pct population < 5 years old 6.0 (1.2) 5.6 (1.1) 0.4 e 5.8 (1.2)
Pct population 5-19 years old 19.5 (2.8) 18.5 (2.6) 1.0 19.1 2.7)
Pct population 20-24 years old 6.2 2.3) 6.2 (2.5) 0.0 6.2 2.4
Pct population 25-34 years old 11.8 2.2) 11.7 (2.3) 0.0 11.8 (2.2)
Pct population 35-54 years old 24.4 (2.4) 24.6 (2.5) -0.2 xox 24.5 (2.4)
Pct population 55-64 years old 13.9 2.1 14.6 2.3) -0.7 14.2 2.2)
Pct population 65 + years old 18.2 (4.5) 18.7 (4.6) -0.5 bkl 18.4 (4.5)
Pct population U.S. citizens 95.7 (5.2) 94.9 (6.2) 0.8 s 95.3 (5.7)
Pct population foreign-born 4.3 (5.2) 5.1 (6.2) -0.8 R 4.7 (5.7)
Socioeconomic Status
Pct population living in married/couple families 61.9 8.4 61.4 (7.3) 0.5 61.7 (7.9)
Pct population living in single parent families 21.2 (7.6) 19.8 (6.1) 1.4 wk 20.6 (7.0)
Pct population living in non-family households 16.9 (4.8) 18.8 (5.3) -2.0 s 17.7 (5.2)
Pct population 25 + with < HS diploma 14.4 (6.6) 12.2 (5.8) 2.3 13.4 (6.3)
Pct population 25 + with HS diploma 35.3 (6.9) 32.9 (7.4) 2.4 34.3 (7.2)
Pct population 25 + with some college 30.2 (5.1) 31.4 (5.3) -1.2 s 30.7 (5.2)
Pct population 25 + with college or higher 20.1 8.4 23.5 (10.3) —-3.4 Rk 21.6 9.9)
Pct population with famiy income < 100 % FPL 16.2 6.7) 14.8 (6.0) 1.4 15.6 (6.4)
Pct population with with famiy income 100-200 % FPL 21.5 (5.0) 19.9 (4.8) 1.7 ok 20.8 (5.0)
Pct population with with famiy income 200-300 % FPL 18.8 (3.2) 18.1 (3.2) 0.7 o 18.5 (3.2)
Pct population with with famiy income 300-400 % FPL 14.5 (3.0 14.7 (2.6) -0.1 14.6 (2.8)
Pct population with with famiy income 400-500 % FPL 9.9 (2.6) 10.6 2.4 —0.6 bkl 10.2 (2.5)
Pct population with with famiy income > 500 % FPL 19.0 (7.6) 22.0 9.1) -3.0 s 20.3 (8.4)
Employment & Commuting
Pct population 19-64 year employed 71.4 (7.9) 72.3 (7.6) -0.8 ol 71.8 (7.8)
Pct population 19-64 year unemployed 3.6 1.9 3.7 (1.5) -0.1 3.7 a1.7)
Pct population 19-64 year not in labor force 249 (7.0) 24.0 (6.9) 0.9 o 24.5 (7.0)
Pct workers 16 + who commute = drive 80.7 (6.0) 78.9 (7.5) 1.9 s 79.9 (6.8)
Pct workers 16 + who commute = carpool 9.9 3.2) 9.5 (2.5) 0.4 9.7 (2.9)
Pct workers 16 + who commute = other (walk, bike, etc.) 4.6 (3.6) 6.4 (6.3) -1.8 e 5.4 (5.0)
Pct workers 16 + who commute = public transportation 0.5 (1.4) 1.4 (4.4) -0.9 s 0.9 (3.1)
Pct workers 16 + who commute = none (work from home) 4.8 (3.4 5.2 (3.0) -0.5 wAA 5.0 (3.2)
Health Status
Mean mortatlity due to coronary artery disease per 100,000 population 108.2 (33.3) 96.3 (28.7) 11.8 FHE 103.0 (31.9)
Mean obesity rate, age 20+ 34.1 (5.8) 32.3 (5.9) 1.7 ok 33.3 (5.9)
Healthcare Access
Pct population no health insurance coverage 11.1 (5.5) 7.4 3.3) 3.6 ok 9.5 (5.0)
Pct population with private HI coverage alone 48.5 (10.0) 49.5 (9.9) -1.0 49.0 9.9)
Pct population with public HI coverage alone 21.2 (6.8) 22.6 (7.6) -1.4 21.8 (7.2)
Pct population with private and public HI 19.3 4.3) 20.4 4.4 -1.2 bl 19.8 (4.4)
Mean no. of hospitals per 10,000 population 0.5 (0.8) 0.6 1.0) 0.0 0.6 (0.9)
Mean no. of hospital beds per 10,000 population 27.4 (53.2) 31.2 (50.3) -3.8 29.1 (52.0)
Mean no. of primary care physicians per 10,000 population 4.6 (3.3) 5.8 (4.0) -1.2 bl 5.2 3.7)
Mean no. of respiratory therapist per 10,000 population 2.3 (2.8) 2.6 (3.3) -0.3 s 2.4 (3.0)
Mean no. full-time equivalent registered nurses per 10,000 population 34.2 (50.2) 41.3 (51.3) -7.1 ke 37.3 (50.8)
Area Geography
Pct in metropolitan areas with population > 250,000 34.5 (47.5) 41.1 (49.2) —6.6 el 37.3 (48.4)
Pct non-metro counties with population > 2,500, adjacent to metro area (suburban) 27.9 (44.8) 23.3 (42.3) 4.6 bl 25.9 (43.8)
Pct non-metro counties with population > 2,500, not adjacent to metro area (small city) 16.4 (37.1) 16.7 (37.3) -0.3 16.6 (37.2)
Pct counties completely rural or population < 2,500, not adjacent to metro area (rural) 21.2 (40.9) 189 (39.1) 2.3 * 20.2 (40.2)
Mean population (in 100’s) per 10 square miles 14.8 (49.7) 44.0 (265.0) —29.2 bl 27.5 (179.4)
Partisan Support
Pct voters who voted for Donald Trump, 2016 66.5 (15.1) 59.1 (15.4) 7.3 ok 63.3 (15.7)

Notes:
Unless otherwise specified, all data are civilian non-institutionalized population from 2014 to 18 American Community Survey 5-year Data Profile.
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COVID-19 mortality betweem February 1 and December 31, 2020 obtained from USAFacts 2021.

Race and ethnicity data obtained from 2020 Decennial Census.

Health status from Center for Disease Control and Prevention, 2017 Diabetes Surveillance System.

Voter return data obtained from MIT Election Data and Science Lab, 2018.

*(**)(***) indicate statistical significance at 0.1(0.05)(0.01) levels of significance, respectively.

between healthcare supply and COVID-19 mortality.

Area geographic characteristics are not statistically significantly
associated with COVID-19 mortality in any of the models. Although
Republican vote share is not statistically significantly associated with
COVID-19 mortality in Republican-governed counties, greater fraction
of Trump voters is associated with higher COVID-19 mortality in
counties with Democrat governors. The explanation is likely that gov-
ernors with higher percentages of Trump supporters were sluggish in
their COVID-19 response, and social distancing policies were followed
less stringently in those areas (Adolph et al., 2021; Allcott et al., 2020;
Gupta et al., 2020).

3.3. Decomposition results

Table 3 presents the results of the Blinder-Oaxaca decomposition.
The three horizontal panels present results using weights from the
Republican, Democrat, and pooled models respectively. The first column
presents the number of deaths explained by differences in county
characteristics and the second presents the same as percentages of the
overall difference. The total percent explained is the sum of the percent
explained by the sets of inputs in the model, which themselves may be
positive or negative. The positive results explain why Republican
counties have higher mortality and the negative results reveal the traits
that protect against COVID-19 mortality in Republican counties.

Using coefficients from the Republican, Democrat, and pooled re-
gressions show that 12.8, 20.5, and 14.8 deaths per 100,000 population
or 42.2 %, 67.7 %, and 47.9 % of the mortality differential is explained
by the variables included in the models, respectively. The overall result
using Republican weights is not statistically significant at conventional
levels, but results are statistically significant in the Democrat and pooled
models.

Of the seven set of characteristics included in the decomposition
model,— Republican-Democrat difference in demographic characteristics
statistically significantly explains the overall partisan gap in mortality
rates, in the Republican and pooled models. Using Republican co-
efficients, 9.22 deaths per 100,000 population or 30 % of the partisan
gap in COVID-19 mortality is explained by partisan demographic dif-
ferences; the corresponding results are 7.7 deaths (25 %) and 10.3
deaths (34 %) when coefficients are drawn from the Democrat and
pooled models, respectively.

County demographics consist of race, ethnicity, age, and nativity.
Table 1 shows that the differences in means of the race and ethnicity
variables were the largest relative to partisan differences in other de-
mographic characteristics. A study that included very similar explana-
tory variables found that fraction of the county population that is
African American shares one of the strongest associations with risk
adjusted COVID-19 case count and fatality rate (Hawkins et al., 2020).
Another study concluded that African Americans were less likely to be
diagnosed in an ambulatory care setting but 2.7 times more likely to be
hospitalized than their white counterparts (Azar et al., 2020); they
speculate that African Americans have higher mortality rates because
they delay care, partly because of past negative experiences in health-
care settings, and arrive at the emergency room when their health
condition is considerably worsened.

Difference in county health status statistically significantly explains
another 11 % of the mortality difference using weights from the
Republican regression, but not when coefficients are obtained from the
Democrat or pooled regressions. It suggests that 3.3 of the 30.25 excess
deaths per 100,000 population in Republican counties are explained by
partisan difference in county health status. This is not surprising because

the coefficients for coronary artery disease and obesity were statistically
significant only in the Republican model. This result is consistent with
evidence that patients with coronary artery disease (CAD) are at greater
risk for COVID-19 mortality (Loffi et al., 2020; Szarpak et al., 2022).

Using Democrat weights shows that the partisan difference in
Republican vote share explains 25 % of the difference in COVID-19
mortality rates in Republican- and Democrat-governed counties. These
results indicate that an additional 7.6 COVID-19 deaths per 100,000
population in Republican-governed counties may be attributable to
higher support for President Trump, on average, in those counties.

Partisan differences in the remaining sets of characteristics do not
statistically significantly explain the partisan gap in COVID-19 mortality
rate. The sign of the employment and commuting characteristics result is
negative across all models suggesting that these characteristics may
have a protective effect on COVID-19 mortality rates in Republican-
governed counties.

4. Conclusions

This paper examines the drivers of the partisan divide in county
COVID-19 mortality. Governors shape public health policy below the
federal level and were crucial in COVID-19 control in the U.S. Thus, we
define counties as Republican or Democrat based on the governor’s
party affiliation. We draw upon existing literature to shed light on the
extent to which partisan differences in county characteristics associated
with COVID-19 explain the difference in COVID-19 mortality rate be-
tween Republican and Democrat-governed counties. Doing so provides
insight into non-political avenues of public policy intervention that can
potentially be used to reduce the party-based gap in mortality, and
hence lower COVID-19 itself.

Republican-governed counties had 30.3 more deaths per 100,000
population than did Democrat-governed counties. Our analysis shows
that partisan differences in demographics, socioeconomics, employment
and commuting, health status, healthcare access, area geographic
characteristics, and electoral support for President Trump explain
12.8-20.47 deaths per 100,000 population, depending on the weights
used in the estimation model. This is equivalent to 42.2 — 67.7 % of the
overall partisan mortality gap. Depending on the model, demographic
differences between Republican and Democrat counties explain 25 — 34
% of the overall partisan gap in COVID-19 mortality. Partisan difference
in county health status explains another 11 % of the partisan mortality
gap, but the result is statistically significant only in the Republican
model. An additional 7.6 COVID-19 deaths per 100,000 population in
Republican-governed counties is attributable to higher percentages of
Trump supporters in these counties.

The unexplained portion of the partisan difference in COVID-19
mortality is due to partisan differences in the effects of these charac-
teristics on county mortality. Republican and Democrat counties with
the same fraction of African American population, insurance rate, and
supply of hospitals could have different effects on COVID-19 mortality
because Republican and Democrat counties are different in ways not
captured in our model, such as unconscious bias of healthcare providers,
quality of care, and health behaviors related to and compliance with
COVID-19 policies.

This study has several limitations inherent to the Blinder-Oaxaca
decomposition method. First, it only highlights variables that are
quantitatively significant and does not shed light on the mechanisms
underlying the relationship between political parties and COVID-19
mortality. Second, although we have included a wide array of explan-
atory variables, it is possible that significant predictors of COVID-19
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Table 2
Regression Results for Number of COVID-19 Deaths Per 100,000 Population, Pooled and By Governor’s Party Coefficient and Standard Error in Parentheses.
Republican Democratic All counties
Counties counties
Demographic
Sex ratio 0.48 (0.23)  ** 0.17 (0.21) 0.41 (0.15)  x*x
Pct population Hispanic 0.68  (0.27) e 1.00 (0.31) ok 0.84 (0.20)  **=
Pct population non-Hispanic Black (alone or in combination) 1.07 (0.24) 1.44 (0.28) 1.36 (0.18)
Pct population non-Hispanic other race 0.94 (0.35) 1.44 (0.40) 1.21 (0.26)
Pct population 5-19 years old 1.33 (2.71) —4.94 (3.98) —2.29 (2.22)
Pct population 20-24 years old -3.10 (2.52) —3.63 (3.29) —4.73 (1.96) o
Pct population 25-34 years old —3.56 (3.05) —-9.87 (4.15) -7.75 (2.41)
Pct population 35-54 years old —4.44  (2.19) o —5.25 (3.12) * —6.70 (1.75)
Pct population 55-64 years old —6.58 (2.79) o -9.20 (3.55) ok -8.77 (2.16) ok
Pct population 65 + years old 4.50 (2.29) * —1.98 (3.20) 0.39 (1.83)
Pct population citizens 2.07  (0.62)  *** 0.62 (0.72) 2.03 (0.46)  ***
Socioeconomic Status
Pct population living in single parent families 0.38  (0.55) 1.17 (0.66) 0.34 (0.42)
Pct population living in non-family households 0.32 (0.65) 0.19 (0.70) 0.24 (0.47)
Pct population 25 + with < HS diploma 5.32 (0.73) ok -1.12 (0.82) 3.31 (0.52) FAE
Pct population 25 + with HS diploma 1.13  (0.58) * 3.33 (0.56)  ¥*x 2.04 (0.40)  **x
Pct population 25 + with some college 1.72  (0.67) i —0.16 (0.62) 0.69 (0.46)
Pct population with income < 100 % FPL 0.72 (0.74) 0.56 (0.90) 0.43 (0.56)
Pct population with income 100-200 % FPL -0.60  (0.66) —2.60 (0.78)  ***  -1.52 (0.50)  x**
Pct population with income 200-300 % FPL —-2.23 (0.74) ek —-1.32 (0.85) -2.16 (0.55) ek
Pct population with income 300-400 % FPL 0.69 (0.89) -1.73 (1.03) * -0.82 (0.67)
Pct population with income 400-500 % FPL -1.77 (1.15) —4.37 (1.23) * —2.56 (0.84) ke
Employment & Commuting
Pct population 19-64 year employed 3.05 (0.46) il 3.44 (0.55) ok 3.56 (0.35)  ***
Pct population commute = drive 1.58  (0.71) e 1.73 (0.91) * 1.51 (0.55)  **=
Pct population commute = carpool 1.52 (0.91) * -1.35 (1.249) 0.51 (0.73)
Pct population commute = other (walk, bike, etc.) 2.58 (1.06) o 0.88 (1.26) 1.79 (0.81) o
Pct population commute = public transportation 3.62 (2.35) 4.19 (1.28)  *** 4.11 (1.04)  *x*
Health Status
Mean coronary artery disease per 100,000 population 0.15  (0.06) e 0.13 (0.09) 0.09 (0.05) *
Mean obesity rate, age 20+ 0.94 (0.39) bl —-0.53 (0.43) 0.14 (0.29)
Healthcare Access
Pct population with private HI coverage alone 2.07 (0.62) -2.19 (0.85) 0.63 (0.49)
Pct population with public HI coverage alone 1.43 (0.67) —0.26 (0.81) 1.13 0.47)  **
Pct population with private and public HI 0.45 (0.83) —2.83 (1.01) e —0.36 (0.62)
Mean no. of hospitals per 10,000 population 8.50 (3.00) hl 13.15 (3.13) ok 11.26 (2.19) hl
Mean no. of hospital beds per 10,000 population 0.09 (0.07) 0.05 (0.06) 0.06 (0.05)
Mean no. of respiratory therapist per 10,000 population 0.28 (1.29) 5.41 (1.20) e 2.41 (0.88)  ***
Mean no. full-time equivalent registered nurses per 10,000 population -0.04 (0.10) —0.36 (0.09) ok -0.13 (0.07) *
Mean no. of primary care physicians per 10,000 population 0.12  (0.77) 1.85 (0.72) 0.30 (0.52)
Area Geography
Pct non-metro counties with population > 2,500, adjacent to metro area (suburban) —0.02 (0.05) 0.08 (0.06) 0.02 (0.04)
Pct non-metro counties with population > 2,500, not adjacent to metro area (small city) 0.06 (0.06) —0.02 (0.07) 0.05 (0.05)
Pct counties completely rural or population < 2,500, not adjacent to metro area (rural) 0.06 (0.07) —0.01 (0.08) 0.02 (0.05)
Mean population (in 100’s) per 10 square miles —0.05  (0.06) 0.004  (0.01) —-0.01 (0.01)
Partisan Support
Pct voters who voted for Donald Trump, 2016 -0.19 (0.22) 1.04 (0.27) e 0.27 (0.17)
Governor’s Party, Democrat - - —15.77 (3.17) ikl
Sample Size 1,758 1,356 3,114
Adjusted R-squared 0.23 0.27 0.24

Notes:

Coefficients and associated standard errors obtained from Ordinary Least Squares estimation that includes a constant (not reported) and standard errors clustered at the
state level.

Gubernatorial party determines if county is democratic or republican.

Sex ratio = Percent male/Percent female in population.

Race/ethnicity based on up to 5 races identified.

Omitted categories: White (alone, not in combination with another race); age < 5 years; married/cohabiting households; college or higher education; income > 500 %
FPL; unemployed or not in labor force; work from home; uninsured; and metropolitan counties.

*(**)(***) indicate statistical significance at 0.1(0.05)(0.01) levels of significance, respectively.
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Table 3

Decomposition Results — Percent Explained of the COVID Mortality Difference
Between Republican and Democratic Counties, Using Regression Coefficients
from Three Different Estimations as Alternate Weights. Blinder-Oxaca Estima-
tion Results with Standard Errors.

COVID deaths per

100,000 population
Counties with 127.41 n=
Republican Governor 1,758
Counties with 97.15 n=
Democratic Governor 1,356
Total Difference 30.25 ok
Difference SE Percent
Explained Explained
@ (2
1. Weights from
Republican Counties
Demographics 9.22 (4.37) 30 %
Socioeconomic Status 11.94 (8.09) 39 %
Employment & —6.73 (6.41) -22 %
Commuting
Health Status 3.39 .97y = 11 %
Healthcare Access —0.38 (1.70) —1%
Area Geography -3.29 (4.57) -11%
Percent Votes for -1.37 (3.26) —5%
Donald Trump
Total 12.78 (7.85) 42.2%
II. Weights from
Democratic Counties
Demographics 7.65 (5.56) 25 %
Socioeconomic Status 5.56 (6.02) 18 %
Employment & —5.44 (5.99) —18 %
Commuting
Health Status 0.66 (2.06) 2%
Healthcare Access 4.18 (6.09) 14 %
Area Geography 0.22 (0.48) 1%
Percent Votes for 7.63 (3.73) 25 %
—  Donald Trump U —
Total 20.47 (7.48)  *x* 67.7 %
III. Weights from All
Counties
Demographics 10.25 (4.69)  ** 34 %
Socioeconomic Status 9.83 (6.34) 33 %
Employment & —6.72 (6.18) -22%
Commuting
Health Status 1.35 (1.52) 4%
Healthcare Access —2.55 (3.28) —8%
Area Geography 0.32 (0.56) 1%
Percent Votes for 2.00 (2.47) 7 %
- Donald Trump - -
Total 14.48 (7.12) 47.9 %
Notes:

Standard errors clustered at the state level.

Gubernatorial party determines if county is Democrat or Republican.
Demographics includes sexratio, racial & ethnic distribution, age categories, and
US nativity.

Socioeconomics incluse living arrangements, educational attainment, and cat-
egories for income as proprtion of federal poverty level.

Employment & commuting includes employment rate and mode of commute.
Health status includes coronary artery disease and obesity rate.

Healthcare access includes insurance rate and hospitals, hospital beds, respira-
tory therapists, primary care physicians, and registered nurses per 10,000
population.

Area geography includes urbanicity and population density.

*(**)(***) indicate statistical significance at 0.1(0.05)(0.01) levels of signifi-
cance, respectively.
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mortality (e.g., social policies, administrative structure) have been
omitted. Third, potential self-selection bias in the empirical results may
be mitigated with the use of lagged explanatory variables, but we cannot
rule out estimation bias. Fourth, the results of this ecological study may
not hold at the individual level. The main takeaways of this study are
that higher COVID-19 mortality rate in counties with Republican gov-
ernors is partly explained by the higher support for President Trump in
Republican-governed counties, relative to counties with Democrat
governors. Further, policies aimed at improving population health and
reducing racial disparities in COVID-19 outcomes may also be associated
with lower partisan gap in COVID-19 mortality.

Funding sources

This research did not receive any specific grant from funding
agencies in the public, commercial, or not-for-profit sectors.

CRediT authorship contribution statement

Aparna Lhila: Conceptualization, Software, Validation, Formal
analysis, Data curation, Writing — review & editing, Visualization, Su-
pervision, Project administration. Fares Alghanem: Conceptualization,
Methodology, Investigation, Data curation, Software, Writing — original
draft.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

Data will be made available on request.

Acknowledgement

The authors are grateful to two anonymous reviewers for their
comments on an earlier version of this paper. We also thank Jenny
Spencer and Kyla Stepp for their insights. Any errors are our own.

References

Abel, T., McQueen, D., 2020. Critical health literacy and the COVID-19 crisis. Health
Promot. Int. 35 (6), 1612-1613.

Adolph, C., Amano, K., Bang-Jensen, B., Fullman, N., Wilkerson, J., 2021. Pandemic
Politics: Timing State-Level Social Distancing Responses to COVID-19. J. Health
Polit. Policy Law 46 (2), 211-233. https://doi.org/10.1215/03616878-8802162.

Allcott, H., Boxell, L., Conway, J., Gentzkow, M., Thaler, M., Yang, D., 2020. Polarization
and public health: Partisan differences in social distancing during the coronavirus
pandemic. J. Public Econ. 191, 104254.

Amin, V., Lhila, A., 2016. Decomposing racial differences in adolescent smoking in the U.
S. Econ. Hum. Biol. 22, 161-176. https://doi.org/10.1016/j.ehb.2016.05.001.

Amuedo-Dorantes, C., Kaushal, N., Muchow, A.N., 2020. Is the Cure Worse than the
Disease? County-Level Evidence from the COVID-19 Pandemic in the United States.
National Bureau of Economic 0898-2937.

Averett, S.L., Stacey, N., Wang, Y., 2014. Decomposing race and gender differences in
underweight and obesity in South Africa. Econ. Hum. Biol. 15, 23-40. https://doi.
0rg/10.1016/j.ehb.2014.05.003.

Azar, K.M.J., Shen, Z., Romanelli, R.J., Lockhart, S.H., Smits, K., Robinson, S., Brown, S.,
Pressman, A.R., 2020. Disparities In Outcomes Among COVID-19 Patients In A Large
Health Care System In California. Health Aff. 39 (7), 1253-1262. https://doi.org/
10.1377/hlthaff.2020.00598.

Baccini, L., Brodeur, A., 2021. Explaining Governors’ Response to the COVID-19
Pandemic in the United States. Am. Politics Res. 49 (2), 215-220. https://doi.org/
10.1177/1532673X20973453.

Blinder, A.S., 1973. Wage discrimination: Reduced form and structural estimates.

J. Hum. Resour. 8 (4), 436.

Brynjolfsson, E., Horton, J., Ozimek, A., Rock, D., Sharma, G., & TuYe, H.-Y. (2020).
COVID-19 and Remote Work: An Early Look at US Data (No. w27344; p. w27344).
National Bureau of Economic Research. 10.3386/w27344.


http://refhub.elsevier.com/S2211-3355(23)00033-5/h0005
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0005
https://doi.org/10.1215/03616878-8802162
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0015
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0015
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0015
https://doi.org/10.1016/j.ehb.2016.05.001
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0025
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0025
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0025
https://doi.org/10.1016/j.ehb.2014.05.003
https://doi.org/10.1016/j.ehb.2014.05.003
https://doi.org/10.1377/hlthaff.2020.00598
https://doi.org/10.1377/hlthaff.2020.00598
https://doi.org/10.1177/1532673X20973453
https://doi.org/10.1177/1532673X20973453
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0045
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0045

A. Lhila and F. Alghanem

Butler, D.M., 2021. Insights from the Blinder-Oaxaca Decomposition on Polarization in
the US Senate. Quarterly Journal of Political Science 16 (3), 359-386. https://doi.
0rg/10.1561,/100.00019219.

Castle, J.J., Stepp, K.K., 2021. Partisanship, Religion, and Issue Polarization in the United
States: A Reassessment. Polit. Behav. 43 (3), 1311-1335. https://doi.org/10.1007/
s11109-020-09668-5.

Centers for Disease Control and Prevention. (n.d.). Interactive Atlas of Heart Disease and
Stroke Tables. Retrieved December 23, 2022, from https://nccd.cdc.gov/
DHDSPAtlas/Reports.aspx.

Charasse-Pouélé, C., Fournier, M., 2006. Health disparities between racial groups in
South Africa: A decomposition analysis. Soc Sci Med 62 (11), 2897-2914. https://
doi.org/10.1016/j.socscimed.2005.11.020.

Chen, H.-F., Karim, S.A., 2021. Relationship between political partisanship and COVID-
19 deaths: Future implications for public health. J. Public Health (Oxf.) fdab136.
https://doi.org/10.1093/pubmed/fdab136.

Chen, Z., Roy, K., Gotway Crawford, C.A., 2010. Examining the Role of Gender in Career
Advancement at the Centers for Disease Control and Prevention. Am. J. Public
Health 100 (3), 426-434. https://doi.org/10.2105/AJPH.2008.156190.

Dave, D., Friedson, A.I., Matsuzawa, K., Sabia, J.J., 2021. WHEN DO SHELTER-IN-PLACE
ORDERS FIGHT COVID-19 BEST? POLICY HETEROGENEITY ACROSS STATES AND
ADOPTION TIME. Econ. Ing. 59 (1), 29-52. https://doi.org/10.1111/ecin.12944.

Dowd, J.B., Andriano, L., Brazel, D.M., Rotondi, V., Block, P., Ding, X., Liu, Y., Mills, M.
C., 2020. Demographic science aids in understanding the spread and fatality rates of
COVID-19. Proc. Natl. Acad. Sci. 117 (18), 9696-9698. https://doi.org/10.1073/
pnas.2004911117.

Fortin, N., Lemieux, T., & Firpo, S. (2011). Decomposition methods in economics. In
Handbook of labor economics (Vol. 4, pp. 1-102).

Fowler, J. H,, Hill, S. J., Levin, R., & Obradovich, N. (2021). Stay-at-home orders
associate with subsequent decreases in COVID-19 cases and fatalities in the United
States. PLOS ONE, 16(6), e0248849. 10.1371/journal.pone.0248849.

Franks, P., Clancy, C.M., Gold, M.R., 1993. Health insurance and mortality: Evidence
from a national cohort. JAMA 270 (6), 737-741.

Gansevoort, R.T., Hilbrands, L.B., 2020. CKD is a key risk factor for COVID-19 mortality.
Nat. Rev. Nephrol. 16 (12), 705-706.

Gollwitzer, A., Martel, C., Brady, W.J., Parnamets, P., Freedman, I.G., Knowles, E.D., Van
Bavel, J.J., 2020. Partisan differences in physical distancing are linked to health
outcomes during the COVID-19 pandemic. Nat. Hum. Behav. 4 (11), 1186-1197.
https://doi.org/10.1038/541562-020-00977-7.

Goodman, K.E., Magder, L.S., Baghdadi, J.D., 2020. Impact of Sex and Metabolic
Comorbidities on COVID-19 Mortality Risk Across Age Groups: 66,646 Inpatients
Across 613 US Hospitals. Clin. Infect. Dis.

Grasselli, G., Greco, M., Zanella, A., Albano, G., Antonelli, M., Bellani, G., Bonanomi, E.,
Cabrini, L., Carlesso, E., Castelli, G., Cattaneo, S., Cereda, D., Colombo, S.,
Coluccello, A., Crescini, G., Forastieri Molinari, A., Foti, G., Fumagalli, R., Iotti, G.A.,
Langer, T., Latronico, N., Lorini, F.L., Mojoli, F., Natalini, G., Pessina, C.M.,
Ranieri, V.M., Rech, R., Scudeller, L., Rosano, A., Storti, E., Thompson, B.T.,
Tirani, M., Villani, P.G., Pesenti, A., Cecconi, M., Agosteo, E., Albano, G.,

Albertin, A., Alborghetti, A., Aldegheri, G., Antonini, B., Barbara, E., Bardelloni, G.,
Basilico, S., Belgiorno, N., Bellani, G., Beretta, E., Berselli, A., Bianciardi, L.,
Bonanomi, E., Bonazzi, S., Borelli, M., Bottino, N., Bronzini, N., Brusatori, S.,
Cabrini, L., Capra, C., Carnevale, L., Castelli, G., Catena, E., Cattaneo, S.,

Cecconi, M., Celotti, S., Cerutti, S., Chiumello, D., Cirri, S., Citerio, G., Colombo, S.,
Coluccello, A., Coppini, D., Corona, A., Cortellazzi, P., Costantini, E., Covello, R.D.,
Crescini, G., De Filippi, G., Dei Poli, M., Dughi, P., Fieni, F., Florio, G., Forastieri
Molinari, A., Foti, G., Fumagalli, R., Galletti, M., Gallioli, G.A., Gay, H., Gemma, M.,
Gnesin, P., Grasselli, G., Greco, S., Greco, M., Grosso, P., Guatteri, L., Guzzon, D.,
Iotti, G.A., Keim, R., Langer, T., Latronico, N., Lombardo, A., Lorini, F.L.,
Mamprin, F., Marino, G., Marino, F., Merli, G., Micucci, A., Militano, C.R., Mojoli, F.,
Monti, G., Muttini, S., Nadalin, S., Natalini, G., Perazzo, P., Perego, G.B., Perotti, L.,
Pesenti, A., Pessina, C.M., Petrucci, N., Pezzi, A., Piva, S., Portella, G., Protti, A.,
Racagni, M., Radrizzani, D., Raimondi, M., Ranucci, M., Rech, R., Riccio, M.,
Rosano, A., Ruggeri, P., Sala, G., Salvi, L., Sebastiano, P., Severgnini, P., Sigurta, D.,
Stocchetti, N., Storti, E., Subert, M., Tavola, M., Todaro, S., Torriglia, F., Tubiolo, D.,
Valsecchi, R., Villani, P.G., Viola, U., Vitale, G., Zambon, M., Zanella, A., Zoia, E.,
2020. Risk factors associated with mortality among patients with COVID-19 in
intensive care units in Lombardy Italy. JAMA Internal Medicine 180 (10), 1345.

Grossman, G., Kim, S., Rexer, J.M., Thirumurthy, H., 2020. Political partisanship
influences behavioral responses to governors’ recommendations for COVID-19
prevention in the United States. Proc. Natl. Acad. Sci. 117 (39), 24144-24153.

Gupta, S., Nguyen, T., Rojas, F. L., Raman, S., Lee, B., Bento, A., Simon, K., & Wing, C.
(2020). Tracking Public and Private Responses to the COVID-19 Epidemic: Evidence from
State and Local Government Actions (No. w27027; p. w27027). National Bureau of
Economic Research. 10.3386/w27027.

Hawkins, R.B., Charles, E.J., Mehaffey, J.H., 2020. Socio-economic status and COVID-
19-related cases and fatalities. Public Health 189, 129-134. https://doi.org/
10.1016/j.puhe.2020.09.016.

Ho, F. K., Petermann-Rocha, F., Gray, S. R., Jani, B. D., Katikireddi, S. V., Niedzwiedz, C.
L., Foster, H., Hastie, C. E., Mackay, D. F., Gill, J. M. R., O’'Donnell, C., Welsh, P.,
Mair, F., Sattar, N., Celis-Morales, C. A., & Pell, J. P. (2020). Is older age associated
with COVID-19 mortality in the absence of other risk factors? General population
cohort study of 470,034 participants. PLOS ONE, 15(11), e0241824. 10.1371/
journal.pone.0241824.

Horrace, W.C., Oaxaca, R.L., 2001. Inter-Industry Wage Differentials and the Gender
Wage Gap: An Identification Problem. ILR Rev. 54 (3), 611-618. https://doi.org/
10.1177/001979390105400304.

Preventive Medicine Reports 32 (2023) 102142

HRSA. (2021, 2022). 2021-22 Area Health Resource Files, County Level Data. https://data.
hrsa.gov/data/download.

Iyengar, S., Krupenkin, M., 2018. Partisanship as Social Identity; Implications for the
Study of Party Polarization. The Forum 16 (1), 23-45. https://doi.org/10.1515/for-
2018-0003.

Iyengar, S., Lelkes, Y., Levendusky, M., Malhotra, N., Westwood, S.J., 2019. The Origins
and Consequences of Affective Polarization in the United States. Annu. Rev. Polit.
Sci. 22 (1), 129-146. https://doi.org/10.1146/annurev-polisci-051117-073034.

Jann, B., 2008. The Blinder-Oaxaca decomposition for linear regression models. Stata J.
8 (4), 453-479.

Jordan, R.E., Adab, P., Cheng, K., 2020. Covid-19: Risk factors for severe disease and
death. British Medical Journal Publishing Group.

Kantamneni, N., 2020. The impact of the COVID-19 pandemic on marginalized
populations in the United States: A research agenda. J. Vocat. Behav. 119, 103439
https://doi.org/10.1016/j.jvb.2020.103439.

Kim, L., Garg, S., O’Halloran, A., 2020. Risk factors for intensive care unit admission and
in-hospital mortality among hospitalized adults identified through the US
coronavirus disease 2019 (COVID-19)-associated hospitalization surveillance
network (COVID-NET. Clin. Infect. Dis.

Kino, S., Kawachi, I., 2020. How much do preventive health behaviors explain education-
and income-related inequalities in health? Results of Oaxaca-Blinder decomposition
analysis. Ann. Epidemiol. 43, 44-50. https://doi.org/10.1016/j.
annepidem.2020.01.008.

Koh, K., Kaiser, M.L., Sweeney, G., Samadi, K., Hyder, A., 2020. Explaining Racial
Inequality in Food Security in Columbus, Ohio: A Blinder-Oaxaca Decomposition
Analysis. Int. J. Environ. Res. Public Health 17 (15), Article 15. https://doi.org/
10.3390/ijerph17155488.

Kosnik, L.-R., Bellas, A., 2020. Drivers of COVID-19 Stay at Home Orders: Epidemiologic,
Economic, or Political Concerns? Economics of Disasters and Climate Change 4 (3),
503-514. https://doi.org/10.1007/s41885-020-00073-0.

Krieg, J.M., Storer, P., 2006. How Much Do Students Matter? Applying the Oaxaca
Decomposition to Explain Determinants of Adequate Yearly Progress. Contemp.
Econ. Policy. 24 (4), 563-581. https://doi.org/10.1093/cep/byl003.

Lhila, A., Long, S., 2012. What is driving the black-white difference in low birthweight in
the US? Health Econ. 21 (3), 301-315. https://doi.org/10.1002/hec.1715.

Li, X., Xu, S., Yu, M., Wang, K.e., Tao, Y.u., Zhou, Y., Shi, J., Zhou, M., Wu, B.o., Yang, Z.,
Zhang, C., Yue, J., Zhang, Z., Renz, H., Liu, X., Xie, J., Xie, M., Zhao, J., 2020. Risk
factors for severity and mortality in adult COVID-19 inpatients in Wuhan. J. Allergy
Clin. Immunol. 146 (1), 110-118.

Loffi, M., Piccolo, R., Regazzoni, V., Tano, G.D., Moschini, L., Robba, D., Quinzani, F.,
Esposito, G., Franzone, A., Danzi, G.B., 2020. Coronary artery disease in patients
hospitalised with Coronavirus disease 2019 (COVID-19) infection. Open Heart 7 (2),
e001428.

McLaren, J., 2021. Racial Disparity in COVID-19 Deaths: Seeking Economic Roots with
Census Data. The B.E. Journal of Economic Analysis & Policy 21 (3), 897-919.
https://doi.org/10.1515/bejeap-2020-0371.

Mikami, T., Miyashita, H., Yamada, T., 2020. Risk factors for mortality in patients with
COVID-19 in New York City. J. Gen. Intern. Med. 1-10.

MIT Election Data and Science Lab. (2018). U.S. President Precinct-Level Returns 2016
[Data set]. Harvard Dataverse. 10.7910/DVN/LYWX3D.

Morales, D.R., Ali, S.N., 2021. COVID-19 and disparities affecting ethnic minorities. The
Lancet 397 (10286), 1684-1685. https://doi.org/10.1016/50140-6736(21)00949-1.

Neelon, B., Mutiso, F., Mueller, N. T., Pearce, J. L., & Benjamin-Neelon, S. E. (2021).
Associations between governor political affiliation and COVID-19 cases, deaths, and
testing in the United States (p. 2020.10.08.20209619). medRxiv. 10.1101/
2020.10.08.20209619.

Neumark, D., 1988. Employers’ Discriminatory Behavior and the Estimation of Wage
Discrimination. J. Hum. Resour. 23 (3), 279-295. https://doi.org/10.2307/145830.

Oaxaca, R., 1973. Male-female wage differentials in urban labor markets. Int. Econ. Rev.
14 (3), 693.

Oaxaca, R.L., Ransom, M.R., 1994. On discrimination and the decomposition of wage
differentials. J. Econ. 61 (1), 5-21. https://doi.org/10.1016/0304-4076(94)90074-
4.

Oaxaca, R.L., Ransom, M.R., 1999. Identification in Detailed Wage Decompositions. Rev.
Econ. Stat. 81 (1), 154-157. https://doi.org/10.1162/003465399767923908.

Painter, M., & Qiu, T. (2021). Political Beliefs affect Compliance with Government Mandates
(SSRN Scholarly Paper No. 3569098). 10.2139/ssrn.3569098.

Patel, J.A., Nielsen, F.B.H., Badiani, A.A., Assi, S., Unadkat, V.A., Patel, B.,
Ravindrane, R., Wardle, H., 2020. Poverty, inequality and COVID-19: The forgotten
vulnerable. Public Health 183, 110-111. https://doi.org/10.1016/j.
puhe.2020.05.006.

Poly, T.N., Islam, M.M., Yang, H.C., Lin, M.C., Jian, W.-S., Hsu, M.-H., Jack Li, Y.-C.,
2021. Obesity and Mortality Among Patients Diagnosed With COVID-19: A
Systematic Review and Meta-Analysis. Front. Med. 8 https://doi.org/10.3389/
fmed.2021.620044.

Popkin, B.M., Du, S., Green, W.D., Beck, M.A., Algaith, T., Herbst, C.H., Alsukait, R.F.,
Alluhidan, M., Alazemi, N., Shekar, M., 2020. Individuals with obesity and COVID-
19: A global perspective on the epidemiology and biological relationships. Obes.
Rev. 21 (11), e13128.

Rahimi, E., Hashemi-Nazari, S.S., 2021. A detailed explanation and graphical
representation of the Blinder-Oaxaca decomposition method with its application in
health inequalities. Emerg. Themes Epidemiol. 18 https://doi.org/10.1186/512982-
021-00100-9.

Rossen, L. M., Branum, A. M., Ahmad, F. B., Sutton, P., & Anderson, R. N. (2020). Excess
deaths associated with COVID-19, by age and race and ethnicity—United States.
Morbidity and Mortality Weekly Report, 2020;69(42):1522.


https://doi.org/10.1561/100.00019219
https://doi.org/10.1561/100.00019219
https://doi.org/10.1007/s11109-020-09668-5
https://doi.org/10.1007/s11109-020-09668-5
https://doi.org/10.1016/j.socscimed.2005.11.020
https://doi.org/10.1016/j.socscimed.2005.11.020
https://doi.org/10.1093/pubmed/fdab136
https://doi.org/10.2105/AJPH.2008.156190
https://doi.org/10.1111/ecin.12944
https://doi.org/10.1073/pnas.2004911117
https://doi.org/10.1073/pnas.2004911117
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0110
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0110
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0115
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0115
https://doi.org/10.1038/s41562-020-00977-7
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0125
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0125
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0125
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0130
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0135
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0135
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0135
https://doi.org/10.1016/j.puhe.2020.09.016
https://doi.org/10.1016/j.puhe.2020.09.016
https://doi.org/10.1177/001979390105400304
https://doi.org/10.1177/001979390105400304
https://doi.org/10.1515/for-2018-0003
https://doi.org/10.1515/for-2018-0003
https://doi.org/10.1146/annurev-polisci-051117-073034
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0175
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0175
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0180
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0180
https://doi.org/10.1016/j.jvb.2020.103439
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0190
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0190
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0190
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0190
https://doi.org/10.1016/j.annepidem.2020.01.008
https://doi.org/10.1016/j.annepidem.2020.01.008
https://doi.org/10.3390/ijerph17155488
https://doi.org/10.3390/ijerph17155488
https://doi.org/10.1007/s41885-020-00073-0
https://doi.org/10.1093/cep/byl003
https://doi.org/10.1002/hec.1715
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0220
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0220
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0220
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0220
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0225
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0225
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0225
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0225
https://doi.org/10.1515/bejeap-2020-0371
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0235
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0235
https://doi.org/10.1016/S0140-6736(21)00949-1
https://doi.org/10.2307/145830
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0260
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0260
https://doi.org/10.1016/0304-4076(94)90074-4
https://doi.org/10.1016/0304-4076(94)90074-4
https://doi.org/10.1162/003465399767923908
https://doi.org/10.1016/j.puhe.2020.05.006
https://doi.org/10.1016/j.puhe.2020.05.006
https://doi.org/10.3389/fmed.2021.620044
https://doi.org/10.3389/fmed.2021.620044
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0290
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0290
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0290
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0290
https://doi.org/10.1186/s12982-021-00100-9
https://doi.org/10.1186/s12982-021-00100-9

A. Lhila and F. Alghanem

Sasson, L., 2021. Age and COVID-19 mortality: A comparison of Gompertz doubling time
across countries and causes of death. Demogr. Res. 44, 379-396.

Sen, B., 2014. Using the oaxaca-blinder decomposition as an empirical tool to analyze
racial disparities in obesity. Obesity 22 (7), 1750-1755. https://doi.org/10.1002/
oby.20755.

Spencer, J.C., Wheeler, S.B., Rotter, J.S., Holmes, G.M., 2018. Decomposing Mortality
Disparities in Urban and Rural U.S Counties. Health Services Research 53 (6),
4310-4331. https://doi.org/10.1111/1475-6773.12982.

Szarpak, L., Mierzejewska, M., Jurek, J., Kochanowska, A., Gasecka, A., Truszewski, Z.,
Pruc, M., Blek, N., Rafique, Z., Filipiak, K.J., Denegri, A., Jaguszewski, M.J., 2022.
Effect of Coronary Artery Disease on COVID-19—Prognosis and Risk Assessment: A
Systematic Review and Meta-Analysis. Biology 11 (2), 221. https://doi.org/
10.3390/biology11020221.

Tartof, S.Y., Qian, L., Hong, V., Wei, R., Nadjafi, R.F., Fischer, H., Li, Z., Shaw, S.F.,
Caparosa, S.L., Nau, C.L., Saxena, T., Rieg, G.K., Ackerson, B.K., Sharp, A.L.,
Skarbinski, J., Naik, T.K., Murali, S.B., 2020. Obesity and Mortality Among Patients
Diagnosed With COVID-19: Results From an Integrated Health Care Organization.
Ann. Intern. Med. 173 (10), 773-781. https://doi.org/10.7326/M20-3742.

US Census Bureau, 2018. 2014-2018 ACS 5-year Estimates. Census, Gov https://www.
census.gov/programs-surveys/acs/technical-documentation/table-and-geography-
changes/2018/5-year.html.

Preventive Medicine Reports 32 (2023) 102142

US Census Bureau. (2019, May 21). Individual State Descriptions: 2017 Census of
Governments. Census.Gov. https://www.census.gov/content/dam/Census/library/
publications/2017/econ/2017isd.pdf.

USAFacts. (2021). US Coronavirus Cases and Deaths: Track COVID-19 data daily by state
and county. https://usafacts.org/visualizations/coronavirus-covid-19-spread-map/.

Weiss, P., Murdoch, D.R., 2020. Clinical course and mortality risk of severe COVID-19.
Lancet 395 (10229), 1014-1015.

Wilper, A.P., Woolhandler, S., Lasser, K.E., McCormick, D., Bor, D.H., Himmelstein, D.U.,
2009. Health insurance and mortality in US adults. Am. J. Public Health 99 (12),
2289-2295.

Wrigley-Field, E., 2020. US racial inequality may be as deadly as COVID-19. Proc. Natl.
Acad. Sci. 117 (36), 21854-21856. https://doi.org/10.1073/pnas.2014750117.
Yehia, B.R., Winegar, A., Fogel, R., Fakih, M., Ottenbacher, A., Jesser, C., Bufalino, A.,
Huang, R.-H., Cacchione, J., 2020. Association of race with mortality among patients
hospitalized with coronavirus disease 2019 (COVID-19) at 92 US hospitals. JAMA

Netw. Open 3 (8), e2018039.

Zhou, F., Yu, T., Du, R,, Fan, G, Liu, Y., Liu, Z., Xiang, J., Wang, Y., Song, B., Gu, X.,
Guan, L., Wei, Y., Li, H., Wu, X., Xu, J., Tu, S., Zhang, Y.i., Chen, H., Cao, B., 2020.
Clinical course and risk factors for mortality of adult inpatients with COVID-19 in
Wuhan. Lancet 395 (10229), 1054-1062.


http://refhub.elsevier.com/S2211-3355(23)00033-5/h0305
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0305
https://doi.org/10.1002/oby.20755
https://doi.org/10.1002/oby.20755
https://doi.org/10.1111/1475-6773.12982
https://doi.org/10.3390/biology11020221
https://doi.org/10.3390/biology11020221
https://doi.org/10.7326/M20-3742
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0330
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0330
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0330
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0340
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0340
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0345
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0345
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0345
https://doi.org/10.1073/pnas.2014750117
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0355
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0355
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0355
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0355
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0360
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0360
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0360
http://refhub.elsevier.com/S2211-3355(23)00033-5/h0360

	Along party Lines: Examining the gubernatorial party difference in COVID-19 mortality rates in U.S. Counties
	1 Introduction:
	2 Materials and method
	3 Results and Discussion:
	3.1 Study sample
	3.2 Regression results
	3.3 Decomposition results

	4 Conclusions
	Funding sources
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	Acknowledgement
	References


