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Abstract In the media, a prevalent narrative is that the incumbent United States President Donald J.
Trump lost the 2020 elections because of the way he handled the COVID-19 pandemic. Quantitative
evidence to support this narrative is, however, limited. We put forward a spatial, information-theoretic
approach to critically examine the link between voting behavior and COVID-19 incidence in the 2020
presidential elections. The approach overcomes classical limitations of traditional regression analysis, where
it does not require an underlying mathematical model and it can capture nonlinear interactions. From the
analysis of county-level data, we uncovered a robust association between voting behavior and prevalence
of COVID-19 cases. Surprisingly, such an association points in the opposite direction from the accepted
narrative: in counties that experienced less COVID-19 cases, the incumbent President lost more ground to
his opponent, now President Joseph R. Biden Jr. A tenable explanation of this observation is the different
attitude of liberal and conservative voters toward the pandemic, which led to more COVID-19 spreading
in counties with a larger share of republican voters.

1 Introduction

The 2020 presidential elections in the United States
(U.S.) have exposed, once again, a divided country with
polarized opinions [1]. The response to the COVID-
19 pandemic was a major topic in the debate between
the two candidates (the incumbent President Donald J.
Trump and the former Vice President Joseph R. Biden
Jr.), who expressed radically different narratives on the
epidemiological impact of the virus and policy agendas
to halt the spread.

Trump was heavily criticized by the scientific com-
munity for his alleged role in spreading misinformation
regarding the origin and the severity of the virus and
his ambiguous stand on social distancing and mask-
wearing [2]. With more than nine million people being
infected and two hundred thousand losing their lives in
cities and rural areas of the U.S. by November 2020 [3],
authoritative voices in the press have identified the dif-
ference in the candidates’ response to the pandemic as
a critical factor that led to Trump’s loss and Biden’s
victory [4–7]; for example, TIME wrote about Trump
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that “his prospects for re-election were dragged down
by... his reckless approach to a virus that landed him in
the hospital at the peak of the campaign.”

Baccini et al. [8] have recently presented an insight-
ful study on the relationship between the COVID-19
pandemic and the U.S. presidential elections, employ-
ing ordinary and two-stage least-squares models for
the county-level effect of COVID-19 incidence (cumu-
lative number of cases or deaths) on voting behavior
(Trump’s differential vote share from 2016 to 2020).
Alongside these variables, the authors controlled for
several county-level demographic and socioeconomic
factors such as population, share of foreign-born popu-
lation, share of the population with a college degree,
share of non-Hispanic Black population, and social
mobility index.

Based on findings from their analysis, Baccini et al.
[8] proposed that COVID-19 cases were negatively asso-
ciated with Trump’s differential vote share from 2016 to
2020, that is, counties that experienced more COVID-
19 cases reduced their preference for the incumbent
President. Within a counterfactual analysis, it could
be concluded that “Trump would have kept the presi-
dency with 21% fewer cases.” The authors also deter-
mined that the election outcome had a weaker associ-
ation with the death toll, whereby most of the analy-
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sis failed to reach statistical significance when utilizing
deaths rather than cases as the independent variable.

The results of Baccini et al. [8] have preceded other
efforts which investigated the link between COVID-
19 pandemic and the U.S. presidential elections. For
example, Noland and Zhang [9] performed an equivalent
regression analysis that confirmed the claims by Bac-
cini et al. [8]. Specifically, they determined that Trump
would have won the electoral vote and lost the popu-
lar vote, like in 2016, if the pandemic had not occurred
or if it were mitigated by 30 percent. Interestingly, not
all the evidences support the thesis that the handling
of the crisis hurt Trump’s re-election. The ordinary
least-squares analysis by Lake and Nie [10] did not dis-
cover a positive association between Trump’s defeat and
COVID-19 incidence. Although failing to reach statisti-
cal significance, their correlations suggest the presence
of a positive effect of COVID-19 on Trump’s vote share.

Here, we present a further analysis on the link
between the COVID-19 pandemic and the U.S. pres-
idential election within spatial information theory [11].
Spatial information theory offers a versatile basis for
the study of spatial processes from sparse observa-
tional datasets, without the need of stringent model
assumptions for hypothesis-testing. Inspired by our
prior work on the inference of spatial associations using
entropy-based measures [12–14], we investigated the
link between the presidential election and the COVID-
19 pandemic. In this vein, our work could offer insight
into the extent to which the conclusions drawn by Bac-
cini et al. [8] rely on the linearity and spatial indepen-
dence of their calibrated models, albeit it should not be
considered as a replication study, due to differences in
the adopted dataset.

The main commodity of the analysis is the Shannon
entropy of the spatial processes, which quantifies uncer-
tainty from statistical distributions. By selectively com-
puting the conditional mutual information between a
target process (such as the voting behavior) and other
source processes (such as COVID-19 incidence), it is
possible to infer spatial links in the dataset. We sys-
tematically pursued such an approach to quantify the
mechanisms underlying both the participation in the
2020 presidential election and vote difference between
the candidates that led to the victory of Biden against
Trump. We considered epidemiological and economic
processes that might have influenced voting behavior,
along with spatial interactions that encapsulate the
social and political fabric of the country.

2 Data and methods

2.1 Data collection

County-level data on the COVID-19 pandemic were
obtained from usafacts.org [15]. For each county, we
recorded the total numbers of confirmed cases until
November 3rd 2020 (Fig. 1).

Fig. 1 Color map of the number of COVID-19 cases in
each U.S. county until November 3rd 2020. Each color cor-
responds to one of ten bins with the same count, with darker
colors identifying counties that experienced more cases or
deaths

Unemployment data were collected from the U.S.
Bureau of Labor Statistics [16] as a measure of local
economic conditions throughout the country. Specifi-
cally, for each county we considered the average unem-
ployment in the year preceding the 2020 U.S. presiden-
tial elections (September 2019–October 2020) and the
unemployment in 2016 (January–December 2016), year
of the previous U.S. presidential elections (Fig. 2).

Data on health insurance coverage were collected
from the U.S. Census Bureau [17] to measure the expan-
sion in insurance coverage that followed the Affordable
Care Act (ACA) by President Barack H. Obama Jr.,
which became operational in January 2014. Specifically,
for each county, we considered the share of the civilian,
non-institutionalized population aged 19–64 that was
covered by a health insurance in 2013 and 2018 (esti-
mated from the five-year American Community Survey
of 2013 and 2018, respectively; Fig. 3). These shares
were selected according to Lake and Nie [10] to capture
the effect of the ACA.

Data for the 2020 presidential elections where col-
lected from politico.com [18] in all states, except
New York, Virginia, Washington D.C., Minnesota, and
South Dakota, whose electoral data were retrieved
from nbcnews.com [19] (Fig. 4, top panels). Electoral
votes from the 2016 elections were downloaded from
dailykos.com [20], except for Connecticut, taken from
politico.com [21], and New Mexico and Rhode Island,
taken from cnn.com [22] (Fig. 4, bottom panels).

To normalize epidemiological, economic, and voting
data, we collected population data in 2016 and 2020
from the U.S. Census Bureau [23] (Fig. 5).

2.2 Entropy-based measures

Let us consider a univariate or multivariate random
variable X. The uncertainty encoded by X can be mea-
sured through its Shannon entropy H(X), defined as

H(X) = −
∑

x∈X
P (X = x) ln P (X = x), (1)

where X is the set of all the realizations of X, P (·)
indicates probability, and ln(·) is the natural logarithm
so that entropy is measured in “nats.” For a determin-

123



Eur. Phys. J. Spec. Top.

Fig. 2 Color map of the average number of unemployed individuals in 2016 (left panel) and 2020 (right panel), in each
U.S. county. Each color corresponds to one of ten bins with the same count, with darker colors identifying counties with
more unemployed

Fig. 3 Color map of the percent share of insured population in 2013 (left panel) and 2018 (right panel), in each U.S.
county. Each color corresponds to one of ten bins with same count, with darker colors identifying counties with larger
shares of insured

Fig. 4 Color map of the number of votes in 2020 (top panels) and 2016 (bottom panels) U.S. presidential elections. The
left and right panels report the votes for the democratic and republican candidate, respectively. Each color corresponds to
one of ten bins with the same count

Fig. 5 Color map of the 2016 (left panel) and 2020 (right panel) populations in each U.S. county. Each color corresponds
to one of ten bins with same count, with darker colors identifying larger populations
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istic variable which always attains the same value, the
entropy is equal to zero.

Given a second random variable Y with realizations
in Y, conditional entropy is given by

H(X|Y )
= H(X,Y ) − H(Y )

= −
∑

x∈X ,y∈Y
P (X = x, Y = y) ln

P (X = x, Y = y)
P (Y = y)

= −
∑

x∈X ,y∈Y
P (X = x, Y = y) ln P (X = x|Y = y).

(2)

This quantity should be understood as the amount
of uncertainty encoded by the target variable X, given
knowledge about all the sources comprising Y . A
related quantity is the mutual information between X
and Y , defined as

I(X;Y )
= H(X) − H(X|Y )

=
∑

x∈X ,y∈Y
P (X = x, Y = y) ln

P (X = x, Y = y)
P (X = x)P (Y = y)

.

(3)

Mutual information is a non-negative quantity that is
equal to zero if and only if X and Y are independent.

In our study of spatial associations between pro-
cesses, we consider the variable X as our target process
(that is, the voting behavior throughout the country)
and we take Y = [Y1, . . . , Yn] to be a collection of source
processes that could potentially explain X (for exam-
ple, COVID-19 prevalence and unemployment varia-
tion). Under this premise, we are interested in exploring
the dependence between X and any of the components
of Y , given all the other components. Specifically, for
any i = 1, . . . , n, we set ourselves to study the condi-
tional mutual information

δi := I
(
X;Yi|Y (−i)

)
= H

(
X|Y (−i)

)
− H(X|Y ),

(4)

where Y (−i) = [Y1, . . . , Yi−1, Yi+1, . . . , Yn]. By con-
struction, conditional mutual information is symmetric
with respect to X and Yi, as one would gather by recall-
ing that Y is equivalent to

(
Yi, Y

(−i)
)

and expanding
the conditional entropies into

δi = H
(
X,Y (−i)

)
− H

(
Y (−i)

)

−H
(
X,Yi, Y

(−i)
)

+ H
(
Yi, Y

(−i)
)

. (5)

Conditional independence of X and Yi implies that

δi = 0, (6)

so that knowledge about Yi does not help reduce the
uncertainty about X. A positive value indicates that
Yi encodes useful information for the prediction of X,
which we refer to as an association between the vari-
ables.

2.3 Statistical test

From the sample of the joint variable (X,Y ), we can
perform a non-parametric one-sided test for the null
“H0: δi = 0” (that is, lack of an association between X
and Yi). The test can be summarized in the following
steps:

1. Compute the sample estimate δ̂i of δi. In our analy-
sis, we used a simple plug-in estimation by binning
the distributions of the target and source variables
using b bins. To alleviate estimation errors due to low
counts in some of the bins or disproportionate counts
between multiple bins, we opted for equal-bin-count
histograms [24]. The number of bins depends on the
size of the dataset and the number of source pro-
cesses: for a dataset like ours with about 103 sam-
ples, b should not exceed three to consider more than
a few source processes.

2. Calculate B bootstrap realizations δ̂1i , . . . , δ̂
B
i of δi

by randomly shuffling the values of Yi, while keeping
unaltered those of the target and of any other source
variables. For example, in the study of the asso-
ciation between COVID-19 prevalence and voting
behavior, one should shuffle only COVID-19 preva-
lence data, without breaking patterns between vot-
ing behavior and economic indicators. This shuffling
preserves the internal structure of the interaction
between the target and all the other source variables
than Yi, including the spatial structure of underlying
associations.

3. Compute a p-value from the distribution of the boot-
strap realizations, corresponding to the quantile of
δ̂i:

p =
1
B

B∑

j=1

I(δ̂ji > δi), (7)

where I(·) is the indicator function which assign 1
to a true statement and 0 otherwise.

4. Reject the hypothesis of lack of association if p < α,
where α is the chosen level of significance.

2.4 Selection of target and source processes

To study both the change in participation and pref-
erence of the U.S. population in the presidential elec-
tion, we tracked the number of votes in favor of the
democratic candidates in 2020 (Biden, vdem

20 ) and 2016
(Hillary D. R. Clinton, vdem

16 ), and the number of votes
in favor of the republican candidate in 2020 (Trump,
vrep
20 ) and 2016 (Trump, vrep

16 ) in each of the 3105 U.S.
counties for which data were available.
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We aggregated these county-level data on voting
behavior into two target processes, considered sepa-
rately, one by one. First, we studied the normalized
percent variation in the total number of votes from 2016
to 2020, irrespective of whether they were cast in favor
of Trump or Biden,

Δtot
v = 100

(
vdem
20 + vrep

20

p20
− vdem

16 + vrep
16

p16

)
, (8)

with p16 and p20 being the U.S. population in 2016 and
2020, respectively. Second, we examined the normal-
ized percent variation in the vote difference between
the democratic (Clinton and Biden) and republican
(Trump) candidates from 2016 to 2020,

Δdif
v = 100

(
vdem
20 − vrep

20

p20
− vdem

16 − vrep
16

p16

)
. (9)

With respect to source processes, we considered the
percent prevalence of COVID-19 confirmed cases until
November 3rd 2020 (c). In addition to this epidemio-
logical indicator, we included the percent normalized
unemployment variation

Δu =
u20

p20
− u16

p16
, (10)

with u16 and u20 being the total number of unemployed
in the year before the 2020 elections (September 2019–
October 2020) and in 2016 (January–December 2016).
As a further economic indicator, we considered the vari-
ation in the five-year health insurance coverage share

Δh = h18 − h13, (11)

with h18 and h13 being the share of five-year health
insurance coverage in 2018 and 2013, respectively.
Finally, to acknowledge spatial interactions between
neighboring counties that may underlie a common vot-
ing behavior, for each of the chosen target process, we
included a spatial autoregression [25]. Specifically, when
studying the county-level variation in the total number
of votes (vote difference between the two candidates),
we included the mean of the same quantity in the neigh-
boring counties. Following standard practice in spatial
statistics [25], we use the symbol W to identify spatial
averaging on neighboring counties, so that, for example,
WΔdif

v is the vector of the averages of the normalized
percent variation in the vote difference.

In all our computations, we used three bins (b =
3) and 10,000 bootstrap realizations (B = 10, 000).
Although a larger number of bins may be desirable,
this is the largest value that could be reliably consid-
ered: increasing the number of bins may compromise
the accuracy of the estimations of the probability mass
functions. In addition, significance level was always set
to α = 0.050.

For completeness, in the Appendix we report a lin-
ear regression analysis utilizing the same variables con-
sidered as part of the spatial information-theoretic
approach.

3 Results

Our information-theoretic analysis indicated that
both the variations in the total number of votes from
2016 to 2020 (Δtot

v ) and in the vote difference between
the democratic and republican candidates from 2016 to
2020 (Δdif

v ) were associated with COVID-19 incidence
(Table 1 and 2). We uncovered an association between
Δtot

v and the prevalence of confirmed COVID-19 cases
(p < 0.001). Likewise, we determined that the varia-
tion in the vote difference between the democratic and
republican candidates from 2016 to 2020 was associated
with COVID-19 cases (p = 0.006). The variation in
health insurance coverage was associated with the total
votes (p = 0.026), but not with the variation in the vote
difference between the two candidates (p = 0.160). The
variation in the rate of unemployment was associated
with both variations in the total votes from 2016 to 2020
and in the vote difference between the two candidates
(p < 0.001, for both processes).

The analysis also identified the presence of a spa-
tial structure in both the target processes, variation
in the total vote and in the vote difference between
the republican and democratic candidates from 2016 to
2020 (Table 1 and 2). For both processes, we determined
an association between county-level data and data in
neighboring counties (p < 0.001, for both processes).

Conditional mutual information provides important
insight into dependencies among spatial processes, but
it does not describe the qualitative nature of the
interaction among them. To understand whether the
determined associations were positive or negative, we
inspected the marginal probabilities underlying the
computation of conditional mutual information in Eq.
(4).

We determined that COVID-19 cases were negatively
associated with the variation in the total vote count
(Table 3), whereby it was more likely to register a
large variation in vote count in counties that were less
affected by the pandemic, and a small variation in those
that suffered the most from COVID-19. Interestingly,
these two effects did not exactly balance each other,
whereby the increase in total votes in less affected coun-
ties was higher than the decrease in total votes in more
affected counties. Variation in the total votes was neg-
atively associated with the variation in the unemploy-
ment rate, whereby it was more likely to observe large
increases in the electoral participation in counties that
experienced more job losses; likewise, less participa-
tion was registered in counties that experienced smaller
increases in unemployment rate (Table 3). The health
insurance share did not seem to bear any effect either
on the total vote count, whereby marginal probabilities
were all close to chance (Table 3).
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Table 1 Conditional mutual information between each of the chosen source processes (confirmed cases of COVID-19, c;
unemployment variation from 2016 to 2020, Δu; variation in the health insurance coverage from 2013 to 2018, Δh; and
spatial average of the variation in the total votes from 2016 to 2020, WΔtot

v ) and the target processes (variation in the total
votes from 2016 to 2020, Δtot

v )

Source
c Δu Δh WΔtot

v

Conditional mutual information δi 0.0478 (0.0236) 0.0304 (0.0235) 0.0247 (0.0237) 0.0534 (0.0236)
p-value < 0.001 < 0.001 0.026 < 0.001

In parenthesis, we report the threshold value for significance of conditional mutual information; bold p-values refer to
significant associations

Table 2 Conditional mutual information between each of the chosen source processes (confirmed cases of COVID-19, c;
unemployment variation from 2016 to 2020, Δu; variation in the health insurance coverage from 2013 to 2018, Δh; and
spatial average of the variation in the vote difference between the democratic and republican candidates from 2016 to 2020,
WΔdif

v ) and the target processes (variation in the vote difference between the democratic and republican candidates from
2016 to 2020, Δdif

v )

Source
c Δu Δh WΔdif

v

Conditional mutual information δi 0.0266 (0.0235) 0.0325 (0.0234) 0.0212 (0.0237) 0.0303 (0.0242)
p-value 0.006 0.001 0.160 < 0.001

In parenthesis, we report the threshold value for significance of conditional mutual information; bold p-values refer to
significant associations

Table 3 Distribution of the variation of the total votes from 2016 to 2020 (Δtot
v ), conditioned on the confirmed cases of

COVID-19 (c), the unemployment variation from 2016 to 2020 (Δu), and the variation in the health insurance coverage
from 2013 to 2018 (Δh)

P (Δtot
v |c) P (Δtot

v |Δu) P (Δtot
v |Δh)

c ≤ 2.03 2.03 <
c ≤ 3.38

c > 3.38 Δu ≤ 0.02 0.02 <
Δu ≤ 0.45

Δu > 0.45 Δh ≤ 5.03 5.03 <
Δh ≤ 8.19

Δh > 8.19

Δtot
v ≤ 4.29 0.232 0.321 0.447 0.391 0.309 0.300 0.340 0.302 0.358

4.29 < Δtot
v ≤ 7.41 0.275 0.362 0.363 0.368 0.344 0.288 0.349 0.341 0.310

Δtot
v > 7.41 0.494 0.317 0.189 0.241 0.347 0.412 0.311 0.357 0.332

The three bins have the same count, and all the quantities are normalized by the population and expressed in percent

An equivalent analysis of the vote difference between
the democratic and republican candidate from 2016 to
2020 helped clarify the presence of a negative associa-
tion with the incidence of COVID-19 cases (Table 4).
Specifically, counties where the difference between the
two candidates increased (that is, the margin of Biden
with respect to Trump increased) were those that suf-
fered the least from COVID-19. Counties where Biden
registered the largest margin did not seem to be iden-
tified by COVID-19 prevalence. The study of marginal
probabilities (Table 4) also suggested that the increase
in Biden’s margin was stronger in counties that expe-
rienced more job losses, and it was weaker in counties
that registered less unemployment. We found no indi-
cation that either of the dependencies of the vote differ-
ence on COVID-19 cases and unemployment rate were
linear, as one can gather from the fact that the proba-
bility of an intermediate margin variation between the
candidates was maximized in counties that suffered the

most from COVID-19 and the least from unemploy-
ment. Similar to the total vote count, the health insur-
ance share did not seem to bear any effect either on the
vote difference between the candidates, since marginal
probabilities were all close to chance (Table 4).

4 Discussion and conclusions

There is almost consensus in the public opinion and
media press that former President Trump’s response
to the COVID-19 pandemic hurt him in the 2020 U.S.
presidential elections, favoring his opponent, current
President Biden. Such a consensus is not fully backed by
the technical literature, which is divided in the assess-
ment of the link between voting behavior and COVID-
19 incidence.
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Table 4 Distribution of the variation of the vote difference between the democratic and republican candidate from 2016
to 2020 (Δdif

v ), conditioned on the confirmed cases of COVID-19 (c), the unemployment variation from 2016 to 2020 (Δu),
and the variation in the health insurance coverage from 2013 to 2018 (Δh)

P (Δdif
v |c) P (Δdif

v |Δu) P (Δdif
v |Δh)

c ≤ 2.03 2.03 <
c ≤ 3.38

c > 3.38 Δu ≤ 0.02 0.02 <
Δu ≤ 0.45

Δu > 0.45 Δh ≤ 5.03 5.03 <
Δh ≤ 8.19

Δh > 8.19

Δdif
v ≤ −3.27 0.328 0.337 0.335 0.361 0.365 0.273 0.336 0.310 0.354

−3.27 < Δdif
v ≤ −0.34 0.277 0.341 0.382 0.391 0.339 0.270 0.343 0.324 0.333

Δdif
v > −0.34 0.395 0.322 0.283 0.247 0.296 0.457 0.321 0.366 0.313

The three bins have the same count, and all the quantities are normalized by the population and expressed in percent

Baccini et al. [8] determined that Trump’s differential
vote was negatively associated with COVID-19 cases,
proposing that a reduction in the case count by twenty
percent would have been sufficient for Trump to be re-
elected. A similar conclusion was reached by Noland
and Zhang [9], who found that Trump would have won
the presidency again if the pandemic did not happen
or if it were substantially mitigated, by thirty percent.
Lake and Nie [10], instead, did not discover a negative
association between voting preference for Trump and
COVID-19 incidence. Although not statistically signif-
icant, their claims point in the opposite direction to
Baccini et al. [8] and Noland and Zhang [9], offering
partial evidence that COVID-19 might have benefited
Trump in the elections.

Our spatial information-theoretic analysis supports
the claims by Baccini et al. [8] and Nolan and Zhang
[9] regarding an effect of COVID-19 incidence on voting
behavior. Specifically, we determined that the preva-
lence of COVID-19 cases was associated with both the
voter turnout and the election outcome. However, dif-
ferent from Baccini et al. [8] and Noland and Zhang [9],
we did not find evidence that COVID-19 incidence hurt
Trump re-election. Quite the opposite, our results indi-
cate that counties that suffered the least from COVID-
19 were those where Trump was outperformed by his
opponent.

This discrepancy can be attributed to differences
in data collection and methodology between our work
and the study by Baccini et al. [8]. Importantly, Bac-
cini et al. [8] considered 2689 counties rather than the
complete set of 3105, and Noland and Zhang [9] used
Trump’s share of votes as the dependent variable, rather
than the vote difference between the democratic and
republican candidates. From a methodological point of
view, our spatial information-theoretic analysis allows
one to properly account for the expected spatial pat-
terns in voting behavior; these patterns should be par-
ticularly important in assessing the effect of COVID-19
pandemic whose diffusion was supported by social inter-
actions and physical mobility of people [26]. In addi-
tion, compared to a regression analysis, our approach
does not assume a linear response among the vari-
ables, thereby facilitating accurate representation of the
public’s appraisal of the consequences of the pandemic
[27,28].

We propose that the positive association between
COVID-19 cases and Trump’s performance in the elec-
tions is related to different attitudes of liberal and con-
servative voters toward the pandemic. As surveyed by
the Republican pollster Neil Newhouse [29], “Repub-
lican voters were not taking the kinds of precautions
that other voters were taking with respect to protect-
ing themselves from the spread of the virus.” Before the
elections took place, Takagi [30] found that COVID-19
incidence was higher in states where votes for Trump in
2016 were more; tenably, this could have been partially
due to the President’s “unscientific and irresponsible
claims... [that might have] also potentially increase[d]
the risk of COVID-19 transmission among his voters.”
At the same time, this could be associated with different
views between conservative and liberal voters regard-
ing individual responsibilities in public health debates
[31]. Right after the elections, Takagi [30] performed
an analogous study that confirmed the 2016 pattern of
association between voting preference and COVID-19
incidence, highlighting several instances in which states
that suffered the most from COVID-19 increased their
support for Trump.

While we favor the link between COVID-19 spread-
ing and political identity within the republican party,
we cannot exclude the speculation of Lake and Nie [10]
that “voters perceived Trump as better at dealing with
a COVID-ravaged economy.” As argued by Lake and
Nie [10] on the basis of a poll by The New York Times
[32] close to the elections, “despite a late-shift towards
Biden, polls generally showed the economy as a clear
issue advantage for Trump.” However, our analysis of
the role of unemployment on the elections only offers
partial evidence in this direction. Specifically, we found
that voter turnout was associated with unemployment
rate, so that counties that registered the largest drop
in employment from 2016 to 2020 were those that reg-
istered the largest increase in the participation in the
election. Such a dependence did not reverberate in a
preference for Trump; on the contrary, we observed that
Biden’s margin was stronger in counties that experi-
enced more job losses.

Looking into the variation in the health insurance
coverage did not provide the same insight that was
offered by Lake and Nie [10], whereby we discovered
that the health insurance coverage was associated with

123



Eur. Phys. J. Spec. Top.

voter turn-out, but not with voting preference. While
it is tenable that voters who enjoyed the ACA might
have abandoned Trump, we do not find statistical evi-
dence supporting this claim. Perhaps, this is due to the
limited number of source processes that are included in
our analysis, compared to the richness of the control
variables that are part of the study of Lake and Nie
[10]. This is a key limitation of our approach, which is
not designed to account for many source processes due
to challenges in estimating probability mass functions
without an underlying mathematical model. With data
on 3105 counties, we can reliably include not more than
four source processes in the analysis (for three bins,
this yields 3(4+1) = 243 probabilities to be estimated
from 3105 data points). As such, the approach can-
not resolve the several control variables that are readily
accounted for in the standard machinery of linear anal-
ysis. Another limitation is the lack of a granular means
to account for the size of electoral votes and differen-
tiate between urban and rural areas [33], which have
likely reacted differently to Trump’s handling of the
pandemic.

The main element of novelty of our study with
respect to other studies on the link between the U.S.
presidential elections and COVID-19 pandemic lies in
the application of an information-theoretic approach in
lieu of a regression analysis, which would fail to cap-
ture several of the identified associations (as discussed
in the Appendix). An information-theoretic framework
should be preferred when there is limited knowledge
about the type of interactions among the spatial vari-
ables, whereby the approach does not postulate a-priori
relationships among the variables. There are a number
of applications in public health and economics that have
benefited from information-theoretic approaches, such
as the study of firearm violence [34], epidemic spread-
ing [35,36], urban agglomerations [37], and sustainable
developments [38].

Our work contributes to the field by demonstrating
the value of spatial information-theoretic tools in the
study of the mechanisms underlying government elec-
tions. Understanding these mechanisms is critical to
support decision-making processes in urban sciences,
which define the future of our cities as they face dra-
matic changes due to environmental and sociotechnical
stressors, such as those posed by climate change and
social justice.
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Appendix

To identify linear interactions among source and target vari-
ables, we considered two linear spatial autoregressive models
of the form

Δtot
v = btot1 c + btot2 Δu + btot3 Δh + btot4 WΔtot

v + etot,
(12)

Δdif
v = bdif1 c + bdif2 Δu + bdif3 Δh + bdif4 WΔdif

v + edif,

(13)

where etot = [edif1 ; . . . ; edif3105] and edif = [edif1 ; . . . ; edif3105] are
multivariate normal variables, with zero mean and covari-

ance matrix σdif,tot2I (I is an identity matrix of appropriate

size, and σdif,tot2 the common variance of each scalar vari-
able edif,toti ); coefficients btot = [btot1 ; . . . ; btot4 ] and bdif =
[bdif1 ; . . . ; bdif4 ] of regressions (12) and (13) were obtained
using maximum likelihood estimation [25] and are reported
in Tables 5 and 6, together with the corresponding p-values.
Compared with the entropy analysis, a linear model fails
to capture the effect of the pandemic on the variation in
the total votes from 2016 to 2020 (Table 5). Furthermore, a
linear analysis does not find a significant effect of unemploy-
ment variation on the variation of the vote difference Δdif

v

between the democratic and republican candidates from
2016 to 2020, and it does not allow to identify a spatial
structure in Δdif

v (Table 6). These results further support the
necessity of accounting for nonlinear interactions between
the target and source variables as made possible by our spa-
tial information-theoretic approach.

Table 5 Maximum likelihood estimation of the coefficients btot of the spatial autoregressive model (12) linking each of
the chosen source processes (confirmed cases of COVID-19, c; unemployment variation from 2016 to 2020, Δu; variation in
the health insurance coverage from 2013 to 2018, Δh; and spatial average of the variation in the total votes from 2016 to
2020, WΔtot

v ) and the target process (variation in the total votes from 2016 to 2020, Δtot
v ); bold p-values refer to significant

associations

Source

c Δu Δh WΔtot
v

Coefficients btot 0.0558 1.2476 0.1690 0.2363
p-value 0.486 < 0.001 < 0.001 < 0.001

123



Eur. Phys. J. Spec. Top.

Table 6 Maximum likelihood estimation of the coefficients bdif of the spatial autoregressive model (13) linking each of the
chosen source processes (confirmed cases of COVID-19, c; unemployment variation from 2016 to 2020, Δu; variation in the
health insurance coverage from 2013 to 2018, Δh; and spatial average of the variation in the vote difference between the
democratic and republican candidates from 2016 to 2020, WΔdif

v ) and the target process (variation in the vote difference
between the democratic and republican candidates from 2016 to 2020, Δdif

v ); bold p-values refer to significant associations

Source

c Δu Δh WΔdif
v

Coefficients bdif − 0.2016 0.5931 0.0112 0.0526
p-value 0.008 0.060 0.725 0.263
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