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1 Introduction

The COVID-19 pandemic has underscored the intricate
relationship between political dynamics and public health
outcomes. This study delves into the correlation between
political leanings and COVID-19 mortality, with a spe-
cific emphasis on states affiliated with Republican and
Democratic governance. The motivation for this research
stems from the observed variations in pandemic outcomes
across regions with differing political affiliations, particu-
larly noted in earlier studies indicating higher death rates
in right-leaning “red” counties compared to left-leaning
“blue” counties.

To elucidate these disparities, our investigation utilizes
sophisticated analytical techniques, including emergent
self-organizing map (ESOM), cluster analysis [2], and the
logistic classification. These methods allow for a compre-
hensive examination of COVID-19 properties, risk pat-
terns, and associated levels of risk. The inclusion of vari-
ables such as poverty rates, education levels, vaccination
rates, and demographics enriches our analysis, consider-
ing the multifaceted nature of the pandemic’s impact.

The logistic classification acts as a unifying element,
summarizing findings from ESOM, and cluster analysis.
Through this multi-method approach, we aim to offer a
concise and nuanced understanding of the COVID-19 risk
landscape in politically diverse states. This exploration
holds implications for public health strategies and policy
decisions, emphasizing the need for tailored approaches
that account for socio-political nuances in mitigating the
impact of health crises, highlighting the importance of
planning ahead for future challenges.

2 Methods

2.1 Study System

In our study, we collected data from three different types
of American states in terms of the variables: full vaccina-
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tion rate, health score, IQ score, education score, average
wage, income tax, poverty rate, and death rate. Data
were collected from online newspaper source, National
Institute of Health (NIH) website [3], and scientific lit-
erature [I]. Three different types of American states were
red, blue, and purple states with Republican, Democratic,
and fluctuating dominance, respectively.

2.2 Exploratory Analysis

At first we constructed the correlation matrix to summa-
rize the overall dataset and proposed a logistic classifi-
cation using variables for full vaccination rate, education
rate, IQ score, and income tax. The logistic classification
can predict the chance for an American state being red
or blue.

Then we focused on red and blue states to examine the
risk of COVID-19-related mortality in states with differ-
ing political affiliations using a list of unsupervised ma-
chine learning techniques: emergent self-organizing map
(ESOM), K-means clustering, principal component anal-
ysis. We also used one supervised machine learning tech-
nique: logistic classification.

3 Results

3.1 Correlation Matrix

Figure [I] represents the pairwise correlations between the
listed variables, where orange and purple correspond to
positive and negative correlation, respectively. The inten-
sity of the color is proportional the strength of correla-
tion. The vaccination rate demonstrates a negative corre-
lation (—0.634) with mortality, indicating that lower vac-
cination rates coincide with higher mortality rates. Like-
wise, the education score shows a positive correlation with
wage, 1Q, and health scores. These findings underscore
the complex relationship between socioeconomic factors,
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Figure 1: Correlation plot of variables.

healthcare access, and regional demographics, warranting
further investigation.

3.2 Logistic Classification

Here we are employing log-logistic regression to classify
the political tendency of a state Democratic or, Republi-
can based on the COVID-19 related factors that are se-
lected based on our model building algorithm. The model
below provides an estimated “color” of a state indicating
blue for Democratic and red for Republican when vari-
ables Vaccination Rate, Education Score, 1Q Score, and
Income Tax are used as inputs.

log(State Color) = —231.21156
— 0.060427 * (F‘ull Vaccination Rate)
— 0.43745 * (Education Score)
+2.920911 * (IQ Score)
— 0.06874 * (Income Tax)

In this comprehensive examination, our focus is on the
intricate process of predicting the political color of a state,
employing a sophisticated logistic regression model. With
an impressive accuracy rate of 78%, our analysis delves
into a diverse array of state-specific attributes. These in-
clude crucial metrics such as vaccination rate, education
score, 1Q score, and income tax, all meticulously consid-
ered alongside the state’s color.

The correlation matrix showed significant insights
within our data. For instance, we discovered a nega-
tive correlation of (—0.369) between Education Score and
Poverty Rate. Consequently, Poverty Rate is not included
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Figure 2: Emergent self-organizing map (ESOM).

in the model, due to its correlation with Education Score.
Similarly, we found a correlation of (0.734) between Ed-
ucation Score and Health Score, leading us to exclude
Health Score from our model. Finally, we observed a
strong correlation of (0.755) between Average Wage and
Full Vaccination Rate, resulting in the exclusion of Av-
erage Wage from our model. Recognizing the potential
pitfalls of multi co-linearity, we took deliberate steps to
exclude certain variables, ensuring the robustness and re-
liability of our analysis. This strategic decision not only
enhances the accuracy of our predictions but also under-
scores our unwavering commitment to precision in polit-
ical color forecasting.

Furthermore, by incorporating a wide spectrum of
state-specific metrics, we aim to capture the nuanced in-
terplay between socioeconomic factors, public health dy-
namics, and educational attainment, all of which con-
tribute to the intricate tapestry of a state’s political land-
scape. Through this holistic approach, we strive to offer
insights that transcend mere statistical analysis, provid-
ing a deeper understanding of the complex forces shaping
political affiliations at the state level.

3.3 ESOM Clustering

Emergent self-organizing map (ESOM) is a tool for clus-
tering, data analysis and visualization. In ESOM clus-
tering the maps (neurons in our case) visualize distance
structure of multi-dimensional data set.

Within Figure[2] each square symbolizes a neuron, serv-
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Figure 4: K-means clustering plot.

ing as a computational unit in the clustering process.
The assignment of “red” and “blue” labels to these neu-
rons corresponds to the grouping of data points based on
their similarity, thus facilitating the clustering algorithm.
While this method enables the identification of cohesive
clusters, it’s essential to acknowledge the possible exis-
tence of outliers, which may deviate from the main clus-
ters.

Upon closer examination of the plot, a discernible pat-
tern emerges: the majority of blue states tend to cluster
tightly together, indicating a high level of similarity in
their characteristics. This cohesive clustering suggests a

degree of uniformity or shared traits among these states.
Conversely, the scattering of red states across the plot
suggests greater variability in their attributes, as repre-
sented by a vector encompassing the considered variables.
This variance among red states hints at a broader spec-
trum of characteristics or a less cohesive grouping com-
pared to their blue counterparts.

3.4 K-means Clustering

K-means clustering assigns similar data points to a spec-
ified number of clusters. The clustering algorithm finds
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out similar data points, puts them in the same set, and
visualizes them accordingly.

The initial step in our analysis involved applying the K-
means clustering technique to identify the optimal num-
ber of clusters for the dataset. Despite the dataset com-
prising three distinct state colors (red, blue, and purple),
the elbow method, a commonly used heuristic, suggested
that two clusters shown in Figure [3] would best capture
the underlying structure of the data. This decision was
based on minimizing the within-cluster sum of squares
while balancing the complexity of the model.

Following the determination of the appropriate num-
ber of clusters, the K-means algorithm in Figure [] was
applied to partition the data accordingly. Within the re-
sulting clusters, a predominant grouping of blue states
was observed in one cluster, reflecting a higher degree of
similarity in their characteristics. Similarly, red states
tended to aggregate in another cluster, though with some
instances of misclassification, where states of one color
were erroneously assigned to the cluster dominated by
the other color. This observation underscores the inher-
ent complexity and variability within the dataset, war-
ranting further exploration to refine the clustering process
and enhance its accuracy.

4 Conclusion

These analyses uncover a nuanced correlation between po-
litical orientations and COVID-19 mortality rates. From
our analysis, on average, red states, known for their align-
ment with politically right-learning ideologies, demon-
strate a closer association with neurons linked to higher
death rates [4], contrasting with the spatial arrangement
observed in blue states, which tend to lean left politically.
This suggests that red states faced a more pronounced
impact from COVID-19, experiencing elevated mortality
rates compared to their blue counterparts.

These findings underscore the potential impact of po-
litical affiliations on the severity of the pandemic’s conse-
quences. Factors such as public health strategies, health-
care infrastructure disparities, and socioeconomic policy
variations may differ based on the policy decisions made
under different political ideologies. These differences may
contribute to the observed disparities. Although regional
disparities in population density, demographics, and ad-
herence to preventive measures could further shape the
outcomes, our focus was on the impact of political affili-
ations on COVID-19.

These analyses illuminate the intricate interplay be-
tween political ideologies and public health outcomes,
emphasizing the necessity for a comprehensive under-
standing of socio-political factors in effectively addressing
health crises. It underscores the significance of the efforts

across political spectra to mitigate the adverse impacts of
pandemics and ensure equitable health outcomes for all
communities.
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