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obesity rate, mean commute time, and mask usage 
statistics significantly affected morbidity rates, while 
ethnicity, median income, poverty rate, and educa-
tion levels heavily influenced mortality rates. Surpris-
ingly, the correlation between several of these factors 
and COVID-19 morbidity and mortality gradually 
shifted and even reversed during the study period; 
our analysis suggests that this phenomenon was prob-
ably due to COVID-19 being initially associated with 
more urbanized areas and, then, from 9/2020, with 
less urbanized ones. Thus, socio-economic features 
such as ethnicity, education, and economic dispar-
ity are the major factors for predicting county-level 
COVID-19 mortality rates. Between counties, low 
variance factors (e.g., age) are not meaningful predic-
tors. The inversion of some correlations over time can 
be explained by COVID-19 spreading from urban to 
rural areas.
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Vulnerability · Ethnicity · Socio-economic · Temporal 
distribution · Urbanity

Introduction

Since December 2019, the novel coronavirus dis-
ease 2019 (COVID-19) has spread rapidly around 
the globe, infecting millions, leading to severe ill-
ness, hospitalization, admission to intensive care 
units (ICUs) [11], and death. In the USA, more than 
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AUROC of 0.863 for morbidity prediction and an 
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value-based analysis indicated that poverty rate, 
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20 million people have been infected, and some 
400,000 died from COVID-19.

Individual patient predictors include age, gender, 
and ethnicity [10, 12, 17].

However, both infection and death rates vary 
highly among different countries and regions and 
are not easy to predict [9].

It is important to comprehend the population-
level factors affecting morbidity and mortality due 
to COVID-19, to better appreciate the effect of vari-
ous interventions, prepare for expected morbidity 
and mortality in different regions, and apply the 
preventive and therapeutic measures most appropri-
ate for each site (e.g., vaccination).

Population density does not seem to be linked 
with COVID-19 morbidity or mortality in the 
UASA [6] and China [19] but has been linked 
in countries such as India [2]. A few studies have 
found that prolonged exposure to poor air quality 
may lead to more COVID-19 deaths [21]. Other 
researchers, such as Chang et al. [7], demonstrated 
that a small minority of superspreader crowded 
points of interest, such as restaurants and grocery 
stores, account for a large majority of the infections. 
Higher infection rates among disadvantaged racial 
and socio-economic groups seemed to result solely 
from differences in mobility, due to lack of ability 
to work from home.

The spread of COVID-19 at the county-level for 
the USA was also studied by assessing the counties’ 
vulnerability [5, 20] or by assessing the effect of 
county-level features [15, 16, 18]. Statistical analysis 
was the popular approach [5, 15, 18]; however, some 
studies used a machine learning approach [16, 20]. 
Counties with a larger percentage of racial and ethnic 
minorities were affected the most [15, 16, 18]. Millett 
et al. [15] found that counties with a large percentage 
(greater than 13%) of African Americans accounted 
for more than half of the cases and deaths nationally. 
Cahill et al. [5] found that counties with a lower case 
fatality rate (CFR) had a greater proportion of the 
population reporting having two or more races. How-
ever, no significant differences were found between 
high and low CFR counties with respect to the mean 
income or poverty rate.

Most studies used a subset of the features we are 
analyzing in the current study; none contain all of the 
ethnicity, socio-economic, epidemiological factors, 
population density, and population age features, as 

well as additional features, such as mask usage and 
even presidential election results.

Two studies comparable to ours also adopted 
machine learning approaches. Tiwari et al. [20] built a 
machine learning model to measure county-level vul-
nerability and then overlaid the vulnerability map on 
county-level features, such as on the racial minority 
population percentage data. Paul et  al. [16], like us, 
examined factors that contribute to COVID-19 preva-
lence or death rate using machine learning and then 
an approach inspired by game theory to calculate the 
features’ importance. Unlike us, these authors solved 
the task using regression instead of classification.

Our study’s goals were:

1. Determine, using a machine learning approach, 
coupled with a method inspired by game theory, 
the relative impact of a large number of static fac-
tors, such as ethnicity, socio-economic status, and 
self-reported behavior, on sufficiently accurate 
machine learning models that we have built, for 
the prediction of COVID-19 morbidity and mor-
tality for any county in the USA at any time.

2. Determine how the aforementioned impact var-
ies over time and the trends characterizing the 
varying importance. (Note: we did not try to pre-
dict any future COVID-19 morbidity or mortal-
ity rates. Our approach is purely classification-
based.)

Materials and Methods

The USA is comprised of 3,243 counties; we have 
gathered COVID-19-related data for the 3,071 coun-
ties for which all the features were publicly available.

Specifically, we gathered ethnicity, socio-eco-
nomic (e.g., income, mode of transportation), educa-
tional attainment, epidemiological factors, ICU bed 
availability, mask usage, presidential election results, 
population density, and age and gender distribution 
across multiple age groups.

The data were extracted from multiple sources. 
The full list of data types and of their sources appears 
in the Supplementary Materials.

Our goal was to assess the relative importance of 
the features and examine their impact on the classifi-
cation of each county’s morbidity and mortality rates. 
To do this, we trained two separate classification 
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models: one for predicting the morbidity rate and one 
for predicting the mortality rate, in any given county. 
We treated the task as a binary classification problem. 
A county in the top quartile of morbidity rates (5.8% 
or higher) was labeled as “high morbidity,” otherwise 
as “low morbidity.” Similarly, a county in the top 
quartile of mortality rates (0.1% or higher) received 
a label of “high mortality,” otherwise “low mortality.”

Morbidity and mortality rates across the USA can 
be viewed in the Supplementary Materials.

Both COVID-19 morbidity and mortality classi-
fication models were induced using a random forest 
algorithm [4]. We used hyperparameter optimization 
to fit the best parameters to our model, using a tenfold 
cross-validation.

The details of inducing the classification model are 
provided in the Supplementary Materials.

Once the model converged, and we confirmed 
that it achieved a sufficiently high accuracy score, a 
SHapley Additive exPlanations (SHAP) [13] compu-
tation, inspired by an established game theory result 
that determines the importance of different players in 
various coalitions, was used to determine the absolute 
impact (and direction of influence) of different vari-
ables on the classification models’ output, through a 
tenfold cross-validation. A SHAP value computation 
is highly useful for assigning importance values to a 
complex classification or prediction model. In gen-
eral, the SHAP values reveal, in a linear, additive 
fashion, by how much a given feature changed the 
model’s prediction, and in which direction.

The details of building the SHAP model are pro-
vided in the Supplementary Materials.

Results

After removing highly correlated features such as the 
percentage of females and males, the median male 
age and median total age, and voting statistics for the 
democratic and liberal parties, the dataset used, repre-
senting the integrated data of 3,071 counties, included 
53 features. The random forest morbidity and mortal-
ity classification models we have built were based on 
these features.

The model that predicted the morbidity level 
resulted in an area under the ROC curve (AUROC) 
of 0.863 and an area under the precision-recall curve 

(AUPRC) of 0.697. (See Supplementary Materials for 
evaluation metrics’ details.)

The model that predicted the mortality rates 
resulted in an AUROC of 0.812 and an AUPRC of 
0.629.

Thus, we considered both models as sufficiently 
accurate for the impact weights to be meaningful.

Figure  1 presents the SHAP summary out-
put, which shows the impact of the features on 
the COVID-19 morbidity (Fig.  1a) and mortality 
(Fig. 1b) models that were induced, on all of the indi-
vidual instances of all counties on which the model 
was tested. The figure sorts the features in a top-down 
fashion by the absolute sum of the SHAP value mag-
nitudes over all samples and uses the SHAP values to 
show the distribution of the impacts each feature has 
on each model output. Only the top twenty features 
are presented; the rest were less impactful.

The colors correspond to the value of each 
instance of the feature, red being the highest and blue 
being the lowest. For example, in the case of mortal-
ity (Fig.  1b), one can see a county with a very low 
percentage (i.e., colored as deep blue) of Caucasian 
people, which had produced an impact SHAP value 
of approximately + 0.15. Since + 0.15 is a (relatively) 
large and positive value, that feature contributed to 
a high likelihood for that particular county instance 
being classified by the model as having a “high mor-
tality” label.

Three out of the top five highest impact features 
within the morbidity model (see Fig. 1a) were related 
to wearing a mask. Always wearing a mask correlated 
negatively with morbidity; other mask-wearing modes 
were correlated positively with it.

The mean commute time had a very high impact on 
the morbidity model. It was surprisingly negative; one 
would predict that having people travel long distances 
in public transportation might increase COVID-19 
cases, as noted in other studies [7].

We shall soon examine such surprising results in 
more detail.

Population density, a feature with a higher value 
in metropolitan counties and lower for rural ones, 
also had a surprisingly negative impact on morbidity 
prediction.

Total migration describes how many people 
entered or left the county in 2019. Like population 
density, this is a feature associated with larger cit-
ies, since they often enjoy positive migration rates 
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(i.e., more people enter the city than leave). Again, 
the correlation of lower migration rates with higher 
morbidity seems initially quite surprising.

The percentage of females in the county had a 
negative impact, in which higher values resulted in 
lower morbidity rates and vice versa.

Obesity had a slightly positive but mostly a large 
negative impact, on morbidity.

The production–worker percentage, natural 
increasing [growth] rate (the difference between the 
birth rate and death rate), and percentage of adults 

Fig. 1  SHAP summary 
output of the morbidity 
and mortality classification 
models. SHAP = SHapley 
Additive exPlanations. 
SHAP summary output of 
the COVID-19 morbidity 
classification model (a) 
and mortality classification 
model (b). Features are 
sorted by the absolute sum 
of their SHAP magnitude 
value, the top features being 
the most impactful
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without a high school diploma positively affected 
morbidity.

For the COVID-19 mortality model (see SHAP 
summary output in Fig.  1b), the most (positively) 
impacting feature was the African American 
percentage.

The education level of the county’s citizens was 
an important factor: next to ethnicity, the most (posi-
tively) impacting feature was the rate of adults with-
out a high school diploma.

Lower median household incomes and lower total 
migrations had a negative impact on mortality predic-
tion. As in the case of migration, household income 
tends to be higher in urban counties [3].

Total poverty rates had a strong positive impact 
on the mortality model, indicating that counties with 
a higher percentage of poor citizens suffered more 
deaths.

The death rate feature (the proportional mortality 
rate that the county had experienced in 2019) had a 
somewhat high impact.

Working from home, always wearing a mask, and 
population between 4069 had a negative impact on 
the mortality model; population density, female per-
centage, and people who are self-employed had a pos-
itive impact on it.

Our results suggest a strong influence of ethnicity, 
socio-economic state, and self-reported mask-wear-
ing, on county morbidity and especially mortality 
rates.

However, the other, more surprising results sug-
gest the need for examining the data from an addi-
tional aspect: time.

Behavior of Morbidity and Mortality Predictors over 
Time

Since the beginning of the pandemic, COVID-19 has 
been suspected to hit harder the lower-income popu-
lation, and indeed, most of our results confirm this 
suspicion.

However, when analyzing, using the same com-
putational methodology (machine learning and then 
calculation of SHAP impact values), the same data 
types, but at different time points along 2020, starting 
from April 2020, it becomes clear that some features 
behave similarly even as more data becomes avail-
able, while others seem to have an inverse impact on 
morbidity or mortality than the one they started with.

Several socio-economic features, such as total pov-
erty rates or percentage of African Americans in the 
population, seem to have an essentially similar impact 
on the model’s predictions over time, in this case, a 
high and positive impact on the morbidity and mor-
tality predictions, respectively.

Other features, however, seem to change over time 
both their absolute impact and its direction of influ-
ence (Fig. 2).

The most striking “flipping sides” factor is the 
mean commute time (Fig. 2a) — a feature describing 
the average time it takes for people to arrive at work. 
In early August 2020, the value of this feature had a 
low but positive impact on the number of COVID-19 
cases. However, when calculated using data collected 
up to November 28th, 2020, the correlation is in the 
opposite direction: now, higher commute times are 
associated with lower morbidity rates), and this fea-
ture now provides the highest absolute impact on the 
morbidity model.

Figure  2a presents the Pearson correlation, over 
time, between the mean commute time feature and 
the percentage of COVID-19 cases in the county. We 
can clearly see the positive correlation with COVID-
19 cases until the beginning of September. It then 
decreases quickly and flips to actually become nega-
tive and even considerably so.

We analyzed similarly all features correlated with 
morbidity and mortality since April 1st, 2020, until 
November 28th, 2020. Several of these are exempli-
fied in Fig. 2.

Like the mean commute time, multiple features 
presented a similar correlation direction (positive 
or negative) from the April 1st until approximately 
September 1st. Then, numerous features rapidly 
decreased their correlation with the morbidity out-
come, sometimes even completely flipping the corre-
lation’s direction.

Other features maintained their consistent impact, 
though it might have changed its magnitude. For 
example, the correlation between the percentage 
of African Americans in a county and the mortality 
reached its peak during September (+ 0.5) and by 
November 28th dropped to + 0.3 (Fig. 2f).

Note that the USA experienced a surge of COVID-
19 cases around mid-October. Combined with the fact 
that features altered their correlation only slightly ear-
lier, it is likely that a gradual process occurred, which 
by September had changed the typical profile of the 
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counties that are characterized by relatively high 
COVID-19 morbidity.

We suspect that this correlation reversal is related 
to how rural or urban each county is — in the begin-
ning of the pandemic, highly urban states such as 
New York and New Jersey bore the brunt of the virus. 
Later on, less densely populated states such as North 
Dakota, South Dakota, Iowa, and Nebraska had expe-
rienced a rise of COVID-19 cases and were found to 
have the highest numbers, relative to population size.

Urbanity and Ruralness of Affected Counties 
over Time

We can test this theory by referring to a classifica-
tion scheme used by the US Department of Agri-
culture Economic Research Service (USDA) named 
Rural–Urban Continuum Codes (RUCC) [8]: the 
USDA assigns each county in the USA an RUCC 
value from 1 to 9, representing how urban or rural it 
is based on the county’s own population and the pop-
ulation of adjacent counties. An RUCC of one repre-
sents the most “urban” counties (metro areas with a 
population of 1 million or more); an RUCC of nine 
represents the most “rural” counties (less than 2,500 
population, not adjacent to a metro area). Typically, 
counties with an RUCC of 1 to 3 are considered met-
ropolitan and comprise approximately 37% of the 
counties in the USA, while counties with an RUCC of 
4 to 9 are considered non-metropolitan and comprise 
63% of the counties in the USA.

The total RUCC distribution can be found in the 
Supplementary Materials.

Our analysis shows that counties in the top quartile 
of “mean commute time” values have lower RUCC 
values, with a value of one being predominant.

Other features such as “always wear a mask,” 
which correlated negatively with morbidity, also char-
acterize mostly metropolitan counties, when focusing 
on the top quartile of their values.

Fig. 2  Pearson correlations between the most impactful fea-
tures and the percentage of morbidity and mortality. The Pear-
son correlations between the five most impactful features for 
each model and the percentage of morbidity (a– e) and mor-
tality (f–j). The features are sorted such that the more impact-
ful ones are higher (i.e., a and f are the most impactful for the 
morbidity and mortality model, respectively). The correlation 
is plotted over time, from April 1st until the November 28th

▸
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Figure  3 presents from the top-down the dis-
tribution, at three different time points (April 1st, 
September 1st, November 28th), of RUCC val-
ues for the counties that are at the top quartile of 
COVID-19 morbidity (Fig. 3a) and deaths or mor-
tality (Fig. 3b).

During early April, both cases and deaths were 
highly concentrated at the urban counties. How-
ever, as time passes, the counties manifesting both 
the highest morbidity and mortality rates tend to 
be the more rural ones. September 1st is a tipping 
point in which the sum of the urban counties in the 
top morbidity and mortality quartiles is similar to 
that of the rural ones, and by November 28th, the 
ratio is much higher for rural counties. Clearly, the 
COVID-19 “wave” spread from the urban counties 
towards the rural ones.

Discussion

We can sum up the results of this study, which 
includes data up to the end of November 2020, with 
two main conclusions: (1) the COVID-19 disease is 
highly correlated with socio-economic status.

Wealthier counties with fewer minorities, a higher 
educated population, and lower overall poverty rates 
had lower morbidity and especially mortality rates.

These results are in line with previous research [7, 
10, 12, 17, 20] using other methods.

(2) COVID-19 initially affected the most urban 
areas of the USA and gradually spread, as a wave, to 
more rural ones, eventually becoming more prevalent 
there from September onwards.

It is also worth noting that obesity is less preva-
lent in metropolitan counties [14]. Even though the 

Fig. 3  Histograms for 
the RUCC values of the 
counties with the most 
COVID19 cases and 
deaths. RUCC = Rural–
Urban Continuum Codes. 
Histograms for the Rural–
Urban Continuum Codes 
distribution of the counties 
in the top quartile for the 
rate of COVID-19 cases (a) 
and deaths (b). The vertical 
axis denotes the number of 
counties and the horizontal 
axis the RUCC value. Each 
row represents a different 
date. Time progresses from 
top to bottom
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Pearson correlation between obesity and diabetes 
prevalence is relatively high (0.698), these two fea-
tures impactedthe model differently, possibly due to 
the low variance in diabetes prevalence (5.76 *  10−4) 
between counties, leading to relatively random results 
when we computed the  diabetes feature’s SHAP val-
ues for the Morbidity outcome. In contrast, the vari-
ance in obesity prevalence was higher (2.02 *  10−3), 
leading to a SHAP value that markedly indicated a 
rise in Morbidity when obesity prevalence is higher.

These results, through a between-county analysis, 
confirm in a rather striking fashion previous research 
that pointed out the discrepancy of mortality rates 
between different ethnic groups in the USA. As pre-
sented in previous studies [15, 18], counties with 
higher proportions of African American citizens had 
more COVID-19 cases and deaths. These authors 
offer multiple explanations and possible reasons 
for these disparities: occupational type, inadequate 
access to high-quality medical care, and racial biases 
in COVID-19 testing and treatment.

Our results suggest that this disparity might well 
stem from economic reasons.

Several features which are known to increase the 
mortality from COVID-19 (such as older age, gen-
der, and ICU bed availability) were considered in our 
study but did not appear in the list of highly impact-
ing factors or appeared with a low weight. In particu-
lar, the low impact of the age or gender features on 
morbidity and mortality in our results might initially 
seem surprising, considering the well-known asso-
ciation in COVID-19 individual patients between 
being at an elderly age and suffering the most severe 
complications and the higher propensity for death in 
males.

The likely reason for this lack of association in 
our current study is a low variance of these features 
among counties, as opposed to their high variance 
among individuals. The Supplemental Materials dem-
onstrate this observation in more detail.

Other features which were taken into account in 
the model and in the SHAP computation but which 
did not appear in the top impacting factors list include 
the presidential election results and the mode of 
transportation to work.

Note also that COVID-19 morbidity and mortal-
ity rates might also be associated with unknown, 
dynamically changing factors that cannot be easily 

measured, such as the number of infected but asymp-
tomatic people in each county.

The results in Fig. 2 and Fig. 3 present the move-
ment over time of the COVID-19 “wave” across the 
USA. This offers an explanation as to why features 
such as mean commute time, which at the individual 
level increases the probability of being infected by 
COVID-19, actually resulted, by the end of Novem-
ber 2020, in a negative correlation with morbidity lev-
els. This is because when viewing such as feature at a 
county-level, it is actually strongly correlated with the 
level of urbanization (or ruralness) of the county. And 
eventually, the COVID-19 wave hit the rural counties, 
regarding both morbidity and mortality.

Note that our results do not suggest that there is 
a clear-cut distinction between the urban and rural 
counties in terms of the magnitude of COVID-19 
deaths: for example, the total poverty rate is generally 
higher in urban counties [3]; but nevertheless, over 
the whole period, it had a high positive impact on 
the mortality model. This seems quite likely, because 
poverty is a better, more direct predictor for a coun-
ty’s mortality rate than its level of ruralness or urban-
ization: Poor people tend to not have access to proper 
healthcare, whether they live in a sprawling city or in 
the peripheral countryside.

In addition, the African American population is 
distributed rather uniformly across counties with 
respect to their RUCC [1]; thus, the RUCC value of a 
county is not enough to predict morbidity or mortality 
rates; as we had demonstrated, its percentage of Afri-
can American population is the strongest predictor of 
mortality within our model.

Note also that the data regarding COVID-19 cases 
and deaths used in this study have been collected up 
to November 28th, 2020, while the pandemic is still 
ongoing; new data have become available, and some 
correlations might have slightly changed.

In addition, all of the county-level features, aside 
from the mask-wearing survey and the capacity of 
ICU beds, were extracted before the beginning of the 
spread of the COVID-19 and might not have captured 
some rapid changes that might have occurred up to 
November 28th, 2020.

Finally, all counties were considered equal in the 
current study, even though their area and population 
size are different in real life.

In conclusion, our findings might shed some light 
on (1) why some counties are prone to a relatively 
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high COVID-19 morbidity or mortality and (2) how 
that characterization changed over time in the USA.

Better understanding of these factors and their 
temporal dynamics might assist us in better focusing 
preventive and therapeutic measures, such as vaccina-
tion, at the spots in which these factors are most likely 
to be of benefit.

Our methodology, which is based on explainable 
machine learning binary classification models, and 
exploits game theoretic principles to calculate the 
impact of multiple factors, can be easily extended to 
study the spread of other diseases and other countries.
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