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Abstract: The spread of COVID-19 is geographically uneven in agricultural regions. Explanations
proposed include differences in occupational risks, access to healthcare, racial inequalities, and
approaches to public health. Here, we additionally explore the impacts of coexisting modes of
agricultural production across counties from twelve midwestern U.S. states. In modeling COVID-19
spread before vaccine authorization, we employed and extended spatial statistical methods that make
different assumptions about the natures and scales of underlying sociospatial processes. In the process,
we also develop a novel approach to visualizing the results of geographically weighted regressions
that allows us to identify distinctive regional regimes of epidemiological processes. Our approaches
allowed for models using abstract spatial weights (e.g., inverse-squared distances) to be meaningfully
improved by also integrating process-specific relations (e.g., the geographical relations of the food
system or of commuting). We thus contribute in several ways to methods in health geography and
epidemiology for identifying contextually sensitive public engagements in socio-eco-epidemiological
issues. Our results further show that agricultural modes of production are associated with the spread
of COVID-19, with counties more engaged in modes of regenerative agricultural production having
lower COVID-19 rates than those dominated by modes of conventional agricultural production, even
when accounting for other factors.

Keywords: spatial analysis; cartography; environmental health; health geographies; food systems;
social formations; theory of regions; relational space and place

1. Introduction

The COVID-19 pandemic shares, in its potential origins and subsequent spread, multi-
ple relationships with agriculture. Theories place SARS-CoV-2’s origins in agricultural con-
texts, from the wet market in Wuhan back down through livestock commodity chains and
agriculture’s encroachment upon forests as far south as Yunnan Province or beyond [1,2].
The interconnections between virus and food shifted post-emergence. Nutrition appeared
to impact COVID-19 clinical outcomes [3]. Food workers, from on-farm to processing and
restaurants, have been some of the hardest hit by occupational outbreaks [4,5]. The result-
ing infections in the food and agricultural sectors have served as sources for community
outbreaks and interrupted production across scales, from local farming communities up
through international trade [6,7].

A variety of explanations have been proposed for COVID-19′s uneven geographic
spread in food-producing regions in the United States. There are spatial explanations.
COVID-19 entered the U.S. by way of cities best connected to the global travel network be-
fore making its way down urban hierarchies to smaller cities and rural regions [8–10]. Rural
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COVID-19 appeared dependent in part on the state of the epidemic in nearby counties [11].
There are individual and societal explanations. Rural-specific differences in mask use,
the willingness and opportunity to shelter-in-place, and, later in the pandemic, vaccine
access and hesitancy helped set differences in U.S. COVID-19 incidence [12]. Rural coun-
ties where populations are older, host greater prevalences of underlying comorbidities,
and offer less access to general healthcare, emergency health services, and COVID-19
testing were especially likely to host greater COVID-19 [13,14]. Agricultural occupation
has been documented a key factor in COVID-19 outcomes in the region [4]. U.S. counties
with large meatpacking plants and prisons repeatedly served as regional entryways for
SARS-CoV-2 [6,15].

Yet, comparatively little research examines whether there are meaningful differences
in the spread of COVID-19 according to more holistic understandings of the manners in
which the production of food, agricultural life, and nature-society relations are structured
over different parts of the Midwest. In an adaptation and localization of Amin [16,17],
among others, we term this abstraction the ‘agricultural mode of production’ and draw
distinctions between two types that are in practice interrelated in the contemporary social
formations of the midwestern United States: conventional and regenerative agricultural
modes of production. In the conventional mode of agricultural production, agricultural
landscapes are entrained in the dynamics of the larger capitalist mode of production with
the minimal possible regard for the reproduction of social and ecological relations [18]. In
the regenerative mode of agricultural production, somewhat greater attention is paid to
the maintenance of local social and ecological relations. As suggested, different modes of
agricultural production coexist and articulate with each other [19,20]. Modes of agricultural
production are also expressed in the individual and collective action of the people who
practice them, as well as in broader social determinants of health [21].

Here, we model per capita COVID-19 rates in terms of relevant sociospatial processes
and relations across 1053 counties of 12 states in the U.S. Midwest, one of the world’s most
agriculturally productive regions. Our goal is to investigate if differences in COVID-19
transmission patterns were associated with modes of agricultural production and broader
social dynamics before vaccines were made available. We use both spatial econometric
and geographically weighted regression approaches to consider spatial relations, as well
as spatial process heterogeneity, in a region that we know to be diverse and unevenly
developed. In doing so, we model interconnections among places and phenomena not
only through more traditional generic spatial weights matrices (such as inverse-square
distances) but by combining such abstract spatial representations with process-specific
matrices of sociospatial relations, tuning the combinations through model selection, and
here, yielding new inferences about COVID-19. We also develop a novel approach to
visualizing the results of geographically weighted regressions that allows us to identify
distinctive regional regimes of epidemiological processes. We thus contribute to methods
for identifying contextually sensitive public interventions into problematics dependent on
processes that vary geographically.

2. Materials and Methods

To obtain measures of cases per capita in the midwestern counties of the United
States, we used approximately the first 11 months of cumulative county-level COVID-19
case data compiled by the New York Times [22] for twelve states: Illinois, Indiana, Iowa,
Kansas, Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio, South Dakota,
and Wisconsin (Figure S1). As noted below, we also studied these data in two subperiods.
We divided total cases in a period by the number of thousands of residents per county,
where the latter were obtained from the U.S. Census American Community Survey [23].
We document the methods for these and all other variables in this study in detail in
Table S1 in Supplement S1.
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2.1. Data

To examine possible explanations for the distribution of COVID-19 across the Midwest,
we compiled and calculated a variety of agricultural, socioeconomic, and public health
variables at the county scale (Figure S2) that could impact COVID-19′s distribution. These
variables were relatively independent of each other (as quantified by matrices of pairwise
Pearson’s correlation coefficients) (Figure S3) and were small enough in number to be
computationally tractable for the model selection procedures we employed. We ensured
that a number of potentially relevant social variables would be available in the model
selection process.

These variables included census quantifications of race and ethnicity as percentages of
county residents (population_Black_pct, population_Hispanic_pct, population_Asian_pct,
and population_Native_pct) as well as measures related to the political economy of health
(income_inequality, a ratio of household income at the 80th percentile to the 20th percentile;
life_expectancy_at_birth_2014, a major indicator of health and wellbeing; and the percent-
age of individuals uninsured, uninsured_pct). To help quantify the mode of agricultural
production, we include several relevant variables. First, we have two composite index
variables from a recent study by Bergmann et al. [18] that express the degree to which a
county has landscapes associated with conventional (conventional_food_system) and/or
regenerative agriculture, food systems, and environments (regenerative_food_system).
We have a measure of the number of slaughterhouses in a county (slaughterhouses). We
also attempt to measure how agrarian a county is in general, as we include the fraction of
employment in a county that is in the primary (agricultural and extractive) sector (employ-
ment_2019_percent_primary_agricultural_and_extractive_sectors), though many aspects
of food production and processing, as well as other industrial work environments, are
included within the secondary (goods-producing) sector, whose share of employment in a
county, we also quantify (employment_2019_percent_secondary_goods_sectors).

Finally, as it had the potential to significantly influence overall counts, especially to-
ward the beginning of the pandemic, we include a measure of the number of days since the
first COVID-19 cases were reported in a county (days_of_COVID_period_1). We were miss-
ing data for St. Louis City in Missouri and Oglala Lakota County in South Dakota, which
kept us from including them in the study, yielding a maximum of 1053 counties among
12 states, which is what we used in our geographically weighted regression modeling below.

Although we defer discussion of the specific spatial weights matrix variables until later,
an innovation of this study is the manner in which it also considers process-specific (and
thus, here, COVID-19-related) variables in the spatial weights matrices of its econometrics.
Yet, we do note here first that we fit OLS, spatial lag, and spatial error models to a set of
1050 counties as three counties (Sioux, Nebraska; Luce, Michigan; and Shannon, Missouri)
lacked nonzero data for one of these spatial weights matrices (foodflows, a spatial weights
matrix discussed below). A more detailed explanation of the sources and calculation of all
model variables is available in Table S1.

2.2. Choice of Time Periods for Study

We studied the sociospatial dynamics of COVID-19 before any vaccines were au-
thorized for population-level use in the United States. The first such vaccine received
Emergency Use Authorization (EUA) on 11 December 2020. We considered the pandemic
as having potentially passed through relatively distinct phases of dynamics before that
point, which suggested studying any such subperiods separately as well as in the aggre-
gate. We used SaTScan’s method for retrospective space-time cluster detection [24,25]
to locate any boundaries between such subperiods. Further details are available in the
Supplementary Methods.

2.3. (Global) Linear Regression Models

We began by examining global linear models of county-level cumulative COVID-19
rates in each of the periods we were studying. We did this to understand if some of the
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disease patterns occurred independently of the explicit consideration of space. For that,
we chose ordinary least squares (OLS), given the method assumes independence across
observations. If Xm are the various covariates discussed above (and found under the second
column of Table S1), and if Xmi are the values of the variable m at locations i, the set of
linear models we fit via OLS has the following form:

yi = β0 + ∑
m

βmXmi + εi (1)

Here, ε represents an independent, identical, and normally distributed error; βm are
the regression coefficients; and β0 is an intercept.

We searched the model space of combinations of the possible covariates in Table S1
by using backward elimination to find the model receiving the greatest support from
the observed data [26]. This process balances the goodness of fit with model simplicity,
i.e., fewer parameters. We began with all potential covariates included in the model. In
each ‘step’, we examined whether the model currently under consideration in that step had
a fit with a lower Akaike Information Criterion (AIC) than the fits of any of the models that
could be formed by dropping a single parameter from the model.

If the current model had the lowest AIC, we examined whether its fit met regression
assumptions, and if so, we selected that current model as the best. If, by contrast, we
had found one or several models whose fit had lower AIC, we used the simpler model
(or if several, the one whose fit had the lowest AIC) as the basis for another iterative step
considering what variable might be dropped, until no omitting a single variable from the
model would yield a model with a lower AIC.

2.4. (Global) Spatial Econometric Models

In the above modeling approach, the extent to which geography matters is assumed
to be captured in the particular combinations of covariates that are observed. However,
if there are relations either among errors or among COVID-19 cases such that the val-
ues for places that are more ‘sociospatially related’ to each other are autocorrelated, a
spatial econometric approach is needed [27,28]. We, therefore, also examined spatial lag
and spatial error model formulations, applying a model selection approach not only to
consider various combinations of possible covariates (as above) but also simultaneously
testing different spatial weights matrices reflecting different combinations of potentially
relevant sociospatial relations. We suggest that the methods we develop below offer a
quantitative contribution to the relational approach to space and place advocated in health
geography [29].

We describe the individual models first, followed by the spatial weights matrices
considered, and finally, the model selection process. For spatial lag models,

yi = β0 + ∑
m

βmXmi + ρ ∑
k

Wkiyk + εi (2)

where ρ is a parameter to be estimated that reflects the overall strength of the dependence
of the dependent variable in a given place on its values in related places, where the relative
values of such dependencies are reflected by a spatial weights matrix, W. Likewise, for
the spatial error model, we model the dependence of error terms arising from their spatial
autocorrelation:

yi = β0 + ∑
m

βmXmi + ui

ui = λ ∑
k

Wkiuk + εi
(3)

where εi are independent and normally distributed; Wki is a spatial weights matrix reflecting
spatial interdependence among locations in a manner thus related to, but somewhat
different from, the role W plays in the aforementioned spatial lag formulation; and λ is an
additional parameter to be estimated reflecting the strength and direction of the spatial
relationship between terms ui.
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Spatial weight matrices are often constructed via one of a small set of standard ap-
proaches. Here, we examine whether spatial weights that might be more reflective of the
sociospatial processes of COVID-19 epidemiologies yield models whose fits better meet
regression assumptions and better explain the observed data [30,31]. In particular, we
examine one form of abstract spatial weights, an inverse squared distance matrix, along
with two weights matrices that reflect sociospatial processes believed to be of relevance to
COVID-19′s spread in the U.S. Midwest: a measure of food trade among counties [32] and
a measure of commuting flows between counties [33]. Details of matrix construction are
found in Table S1, but we note here that each of these matrices is rendered symmetric via
an averaging of bilateral flows and is then row-standardized.

We further allow for the possibility that a combination of the aforementioned types
of spatial relations might form a better-fitting model. As such, we also consider all pair-
wise combinations (A, B) of the aforementioned three basic forms of matrices in linear
combinations 0.95 A + 0.05 B and 0.5 A + 0.5 B. Each of these resulting matrices is then
row-standardized. This yields a total of 15 spatial weights matrices we examine.

Model selection for either spatial lag or spatial error models then proceeds as follows.
For each of the 15 spatial weights matrices in each of the 3 time-period aggregations,
we engage in backward elimination of covariates akin to that followed above for global
linear models, selecting variables to eliminate, if any, via an AIC criterion while ensuring
regression assumptions are met. Then, in each of the 3 time-period aggregations, among
the 15 resulting models, each fitted with a different spatial weights matrix, we choose the
model fit that minimizes AIC. Our approach thus differs from that of Krisztin et al. [28],
who adopt a Bayesian approach but do not consider combinations, and from that of Zhang
and Wang [34], who considered multiplicative combinations with additional restrictive
assumptions on kernel shape.

2.5. (Local) Geographically Weighted Regression Models

The global regression approaches used above assume that the same combinations of
processes and relations hold across the thousand-plus counties of the U.S. Midwest. Here,
we relax this assumption by using a local regression method, Geographically Weighted
Regression (GWR), which allows us to examine what different relationships between
COVID-19 and our covariates hold in different places, and, if so, what those relationships
are [35]. In doing so, we contribute methodologically and empirically to the literature in
health and medical geography concerned with the identification of contextual effects and
the differences in process between locales [29,36], though we join those who are helping
develop methods [37,38] that complement multi-level modeling approaches more typically
used in quantitative health geography [39]. Not unlike the global OLS cases, for the local
GWR regressions, we have models of the form:

yi = β0 + ∑
m

βm(
→
v )Xmi + εi(

→
v ) (4)

with the difference from the OLS cases being that both the regression coefficients βm and
the error term εi are here functions of

→
v , a vector in space measured from the location

of the current datapoint i. Each point in a GWR regression has its own local weighted
regression with its own regression coefficients βm(

→
v ). The regression associated with a

given datapoint i is weighted by a Gaussian kernel, wj(
→
v ), with:

wj(
→
v ) = exp

−1
2

(
dj(
→
v )

h

)2 (5)

where dj(
→
v ) is the great circle distance between i and j. A characteristic bandwidth, h,

determines how localized the local regression is and was selected using a cross-validation
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approach provided by the bw.sel function of the R library GWModel [40]. Models were
likewise fit using the GWModel’s gwr.basic function.

In a parallel treatment to our model selection of the best OLS model, we selected
our GWR model for a given time period using backward selection via an AICc criterion,
choosing the simplest model whose local collinearity diagnostics were also satisfactory.
With respect to the latter, we mapped Geographically Weighted correlations between all
pairs of covariates and Variance Inflation Factors (VIF) for each of the covariates, where the
absolute values of correlations were not to exceed 0.8 on the landscape, and the VIF were
less than 10 [40,41].

Finally, instead of solely examining how processes would seem to individually vary
over the landscape by separately mapping each resulting fit coefficient βm(

→
v ), we also

offer a novel approach to the cartographic visualization of GWR results, which allows
readers to identify the extent to which there may be distinct regions on the landscape that
emerge from sociospatial processes operating differently in different combinations. To do
so, we map all coefficients βm(

→
v ) on a single map, constructing multivariate relational

visualizations displaying coefficients within patterns of repeating shapes with different
orientations [42]. We thus demonstrate how contemporary spatial analytic methods such as
GWR may be used to empirically re-engage longstanding questions in geography around
the constitution of regions [43].

3. Results

We interpret the results of our SatSCan analyses as suggesting we not only study
COVID-19 incidence over the whole period through the authorization of the first vaccines
for emergency use on 11 December 2020, but also study two subperiods. SaTSCan found a
temporal cluster over a period from 10 October 2020 to the end of the study on 11 December
2020, which included all the studied counties and had a significant relative risk of 11.16
(LRT=2,809,322, p < 0.001) when compared with the time before it. We term the time of this
cluster ‘Period 2′ and the time before it ‘Period 1′.

Below, studies of Period 1 use the response variable COVID_cases_per_1000persons__
over_period_1 which has a summation of COVID cases up until 9 October 2020. Those of
‘period 2′ use the response variable COVID_cases_per_1000persons__over_period_2 for
which the cases from 10 October until 11 December 2020 are included. This temporal cluster
occurred when there was further spatial COVID-19 case clustering across the northern and
western counties of the Midwest (Figure S4). Finally, we model the whole period in 2020 up
to 11 December, referring to it as ‘both periods’ as it contains both subperiods 1 and 2 and
calling the corresponding variable COVID_cases_per_1000persons__over_both_periods.
Figure 1 shows the distribution of COVID-19 per 1000 population over the counties in the
different time periods we consider. Distributions of our other variables are plotted in Figure S2.
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3.1. Global Generalizations Found by Econometric Models (OLS, Spatial Lag, and Spatial
Error Models)

Table 1 shows the covariates that appeared in the best model found (the Methods
section above further explains these variables, with additional detail in Table S1). Positive
values for a given variable in the Estimate column indicate that modeled COVID-19 rates
per thousand increase with that covariate. By contrast, a negative estimate indicates that
modeled COVID-19 rates decrease as such covariates increase their values.

Table 1. Comparison of model fits selected for best explanation of COVID-19 rates over Periods 1,
2, and both periods combined. Pluses (+) and minuses (−) indicate direction of a parameter that is
included in selected model. For pluses and minuses, black indicates significance at the 0.05 level; grey
indicates not significant. Most GWR results vary over the landscape from positive to negative, as seen
below. Those that do are indicated by both a plus and minus (+ −). AIC differences are measured
from the model with the lowest AIC for the period. We did not report AIC values for GWR given
both that it was fit on 1053, not 1050, counties and that AICc was the relevant measure. Full selected
model results are available in Tables S2–S10.

Global Linear (OLS) Global Spatial Lag Global Spatial Error Local GWR
Time Period -> 1 2 Both 1 2 Both 1 2 Both 1 2 Both

days_of_COVID_period_1 + + −
uninsured_pct + − − + − − −
income_inequality + + + +
population_Black_pct + − + − + −
population_Hispanic_pct + + + + + + + + + + − + −
population_Asian_pct − − + − − + −
population_Native_pct + + + + + + + + +
life_expectancy
_at_birth_2014 + + + − − + − + −

employment_2019
_percent_primary
_agricultural_and
_extractive_sectors

− + − − − − − − + −

employment_2019
_percent_secondary
_goods_sectors

+ + + + + + + − + −

slaughterhouses + + + + +
conventional_food_system + + + + + + + + + −
regenerative_food_system − − − − − − − − + − + − + −
W: 0.95 1/Dist2 + 0.05 commute + + + +
W: 0.95 1/Dist2 + 0.05 foodflows + +
AIC above period min 473 476 646 159 26 92 0 0 0 NA NA NA

Some of the variables had associations with COVID-19 rates that were similar to
each other independently of the modeling assumptions. Central to the concerns of our
study, we observed that COVID-19 rates increased with conventional_food_system and
decreased with regenerative_food_system, suggesting that dominant modes of agricultural
production were important to COVID-19 spread and transmission. Overall, the percentage
of the population employed in the primary (agricultural) sector was negatively associated
with COVID-19 rates during period 1, a pattern that was also significant in the spatial lag
and spatial error models for period 2 and in the best models for both periods. To control for
the percentage of jobs within a county that is in the primary sector is to account for how rural
the county is, which suggests that it is the model of agricultural production (conventional
vs. regenerative/agroecological) that is important to the observed COVID-19 rates.

Further evidence for the role of dominant modes of agricultural production in shaping
spread and transmission patterns comes from the examination of variables related to more
industrialized activities. Across all econometric models where it appeared, the number of
slaughterhouses was positively associated with larger COVID-19 rates. In the spatial error
and spatial lag models, for period 2 and both period models, the percent of the population
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engaged in the secondary sector was positively associated with COVID-19 rates, reinforcing
the possibility that activities related to conventional agriculture as a dominant mode of
production were key for the spread and exacerbation of COVID-19 transmission.

Patterns of robust association were also observed for some variables quantifying a
variety of social variables, including many census concepts of race and ethnicity. For
example, counties with higher proportions of Hispanic population had higher COVID-
19 rates across most models and studied periods. A similar positive association pattern
was observed for the proportion of Native population. However, for Asian population,
estimates tended to be negative over both periods, probably reflecting that it was mostly
negative for period 2 while being positive for period 1. A different pattern was observed
for Black population, which was only selected in the GWR model, which we discuss in
the next section. Income inequality tended to be associated with increased COVID-19,
especially early in the pandemic. Controlling for these social dimensions, while themselves
entwined with more expansive notions of modes of agricultural production—as we see
below in regionalizations offered by GWR—accentuates the aforementioned relationships
between agriculture and COVID-19.

In terms of variations in the results, some factors were only significant in one but not
both of the subperiods, which may indicate a temporal change in COVID-19 epidemiology.
In addition to changing relationships between COVID-19 and both inequality and Asian
population noted above, days of COVID-19 transmission was only significant for the best
Period 1 model using OLS. One understanding of this result is that the relative time of
the first arrival of COVID matters less as various temporal waves of the epidemic passed.
Yet, when the ‘days of COVID-19 transmission’ variable is presented alongside a variable
whose effect differed across the global models we studied, a different perspective emerges.
Life expectancy at birth had positive coefficients in the OLS models, was not selected in
the spatial lag models, and had negative coefficients for period 2 and both periods in
the spatial error models. At the same time, according to our AIC-based model selection,
spatial error models were the best for each period (Table 1), and the best spatial weight
matrices—while combined with a standard assumption about decreasing association with
absolute distance—included food flows for period 1 and commuting patterns for period 2
and both periods.

These results are significant, as they are further validated both by significant likelihood
ratio tests comparing these models to OLS models (LR tests presented in Tables S8–S10)
for the best models and also by the z-tests for the significance of the spatial matrices
(Tables S8–S10). The role of ‘days of COVID transmission’ can thus equally be seen as the
abstraction of relational space into time, as it is only significant for the OLS model. The
apparent temporal effect may actually be reflecting the relational spaces of food flows,
themselves interwoven with the dominant modes of agricultural production, as the latter
are better supported by multiple criteria for model selection than using a time covariate.
In that sense, the association with life expectancy might be predominantly negative (as
supported by the GWR models discussed in the next section).

If so, including relational spaces in the model was important for proper inference.
Figures S5 and S6 explore the differences between the more common inverse-squared
absolute distance spatial matrices and the mixtures of such matrices with social and agroe-
cological practices we found to be integral to our best models. Multiscalar and urban-rural
connections are clearly important to understanding COVID-19′s rural epidemiologies.

3.2. Regions of Stable Epidemiological Process and Their Borderlands

Figure 2 shows key results from the best GWR models for each time period. Each
column of the graphic represents a different covariate present in at least one of the models
selected by AICc minimization as the best GWR model from that period. Note that only
8 of the 13 covariates considered appear in any of these three best GWR models. The
other five variables are not given columns here. The three rows of maps in the GWR
coefficient section of the figure each corresponds to the best model at a particular time
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period. In these maps, orange areas represent counties where a local parameter coefficient
is positive and significant, blue represents a local parameter coefficient that is negative
and significant, and grey represents a parameter coefficient that is not significant at the
0.05 level. Maps consisting merely of the borders of the region correspond to variables
that were present in one of the best models but not in the best model of that row’s time
period. Further information on the fitting and selection of these three models can be found
in Supplementary Results S1 and Figures S7–S9.

Figure 3 presents much of the information of Figure 2 but does so in a manner that
aligns the results together. The mosaic of tiles of covariates allows examining how the
relationships the explanatory variables share with cumulative COVID-19 change over
space and time, forming emergent regions of distinct epidemiological processes. Given
different GWR bandwidths across the runs, stochastic variability, and presumably shifts
in pandemic epidemiology over time, it is notable that most covariates that appeared in
the best runs of more than one period showed roughly the same patterns across periods
(Exceptions include two rapid changes: (1) processes relating the percentage of Hispanic
population and COVID-19 rates in period 2 are different than in either period 1 or in both
periods together; and (2) more rapid shifts in the roles of employment in the secondary
(goods-producing) sector from period 1 to ‘both periods’. We will return to this question of
relative process stability below when examining emergent regions across Figure 3).

In terms of social variables, including census concepts of race and ethnicity, there were
some notable continuities and differences with the results of the global models presented
above. None of the GWR models included percent Asian or percent Native, yet all of them
did include percent Black and percent Hispanic, which were mostly positively associated
with COVID rates where significant. Positive and significant relationships for percent
Hispanic were, aside from Period 2, an extensive phenomenon across much of the Midwest,
whereas for percent Black, although there were smaller such areas in the plains, there were
also positive associations in regions around the Great Lakes, some of them more urbanized
and industrial. Percent Black also had regions of negative association with COVID-19 rates,
which may have contributed to the variable not being significant in most global analyses
and would likely not have been identified as a noted part of this study’s results without
local geographic regressions. In contrast to the global results, inequality was not selected
as a significant variable among the best GWR models.

The GWR results suggest the relationships between modes of agricultural production
and COVID-19 vary over space. For a swath of counties from Kansas in the southwest of
the study area to the Great Lakes (in the northeast of the study area of Figure S1) and down
toward the Ohio River (forming much of the southeastern border of the study area), an en-
vironment more associated with regenerative agriculture (regenerative_food_system) was
itself associated with less COVID-19. Likewise, in many of those areas or nearby, conven-
tional agriculture was associated with more COVID-19. Yet, for much of the more northerly
plains, our measure for regenerative agriculture was associated with more COVID-19.
Likewise, in those areas, employment in secondary (goods-producing) sectors was often
associated with less COVID-19 instead of with more COVID-19, as was elsewhere. Where
it was included and significant in Period 1, higher shares of agricultural employment, in
general, were negatively associated with COVID-19.

Figure 3 encapsulates the resulting complexity in epidemiological process, under the
caveat that while comparing the three time periods is possible, it requires visual care,
as not all the variables are shared by best models across time periods. Yet, beginning
by examining each time period separately, areas of process stability are visible where
particular combinations of variables are related positively, negatively, and non-significantly
to COVID-19.
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Each time period has its own row of GWR coefficient maps. Eight different covariates appear in various models for the periods selected by AICc minimization, each
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corresponding with a separate column. Those variables present in one period’s model but not selected for a given period are represented by blank outlines of the
study region. Maps of GWR coefficients show direction and significance. Where counties are colored orange, the covariate in question is positively and significantly
associated with more cumulative COVID-19 per thousand residents. Where counties are colored blue, the covariate is negatively and significantly associated with
COVID-19. Each selected covariate’s observed distributions are plotted in greyscale maps at the top of the figure. Descriptions of all these variables can be found
in Table S1.
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Figure 3. Relational mapping of geographically weighted regression coefficients and significance
over the three periods of the study. The information presented here is also present in Figure 2;
however, in this format, it becomes possible to see the emergence of regions with particular COVID-19
epidemiologies. As before, orange represents significantly positive relationships with COVID-19; blue
indicates significantly negative relationships; and medium grey indicates the variable is not significant
in that county. Legends indicate overall distributions between these categories for each variable.
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For example, much of the states of Indiana and Illinois lie within one region of
epidemiological process in Period 1 and ‘both periods’. Percent Hispanic is positively
associated with COVID-19 across the two states and the two periods, even as regenerative
farming is protective only when considering ‘both periods’. Other variables, such as those
around employment structure, become significant as one moves westward into Iowa and
Missouri, and fewer variables are significant eastward into Ohio.

In another example, the various subregions within North Dakota, South Dakota, and
Nebraska host their own socioecology, most clearly differentiated from those of Minnesota
in Periods 1 and 2 along their border. Often, fewer and different variables are significant in
Minnesota than across the Dakotas. As seen in Figure 2, these plains states have relatively
unique combinations of processes related to COVID-19, compared to much of Kansas, Iowa,
and Minnesota, where, among other processual differences, regenerative agriculture was
generally associated with less COVID-19.

4. Discussion
4.1. U.S. Midwest COVID-19 and Modes of Agricultural Production

Our results suggest initial COVID-19 spread in the U.S. Midwest can be characterized
not only through more commonly discussed factors of health, demography, and behavior
but also through the lens of counties’ dominant modes of agricultural production. “Conven-
tional” and “regenerative” agricultural modes of production differ in the extent to which
production is entrained in the dynamics of larger capitalist economic formations and the
extent to which each tends to reproduce local social and ecological relations. Although
these modes of agricultural production are abstractions, we can locate suitable indicators of
their expression, as we have from Bergmann et al. [18]. Future research would benefit from
devising indices that more directly quantify relevant relations of labor, property ownership,
and the absolute and relational spatialities of landscape. Yet, in using available metrics,
we found here that across the U.S. Midwest, regenerative agricultural landscapes were
generally protective against COVID-19, while conventional agricultural landscapes were
associated with more COVID-19 cases per capita.

There are many possible causes. On the one hand, counties hosting greater regen-
erative production may be peripheral to major supply lines of industrial agricultural
production. The latter networks connect what may be, in other senses, ‘distant’ counties
into regional livestock outbreaks or—for pathogens that have already spilled over into
human populations—urbanized pandemics [32,44–46]. Chaves et al. [47] showed that mod-
erating certain sorts of international interconnection (whether by strategic ‘delinking’ [48]
or unwanted peripheralization [49,50]) reduced the burden of COVID-19 in countries of
Mesoamerica and the Caribbean.

In combination with such highly connected sites in the U.S. Midwest, agricultural
occupational risk appears to shape patterns of COVID-19 spread. Taylor et al. [6] associated
excess COVID-19 cases and deaths as of July 2020 with proximity to livestock processing
plants. The team estimated 236,000 to 310,000 cases and 4300 to 5200 deaths from plant-
associated outbreaks, with the vast majority of cases and deaths from community spread
beyond the plants. The larger community outbreaks were associated with larger processing
facilities and larger meatpacking companies. Taylor et al. [6] found plant closures attenuated
county caseloads, while plants that received USDA permission to stay open and increase
line speeds were associated with more countywide cases.

Protection at the county level may extend beyond merely being disconnected from
documented COVID-19 conduits. Mechanisms might be multiple and benefit from ethno-
graphic case study. In Italy, farmers engaged in more regenerative counties engaging
(no-contact) local sales survived and even profited during the worst of the early phases of
the pandemic [51]. Innovations in online sales, farm stops, sponsor-a-neighbor programs,
and neighborhood ‘drop spots’ embody flexibility that smallholder operations have long
demonstrated in crises [52–54]. Although regenerative farming regions are not synony-
mous with community adherence to public health protections, and many conventional
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agricultural counties also prospered during the pandemic, regenerative counties whose
farmers succeeded together as a community of producers under such duress may be in a
better position to supply local nutrition and sustain the community trust associated with
healthier outcomes [55].

As our geographically weighted regression model shows, however, such sweeping
associations are likely context-specific [36]. The devaluation, unabsorbed overaccumulation,
and, from capital’s vantage, underconsumption that COVID-19 outbreaks imposed were
felt in uneven fashion across industrial Midwest operations [56,57]. Some agricultural
markets were directly hit by outbreaks, others only farther along their value chains, and
some none at all. The impacts and responses were also actively produced. With state
intervention, conventional agriculture stateside—particularly consolidated suppliers and
buyers that may have been the proximate source of rural outbreaks—survived and even
prospered, whatever the damage to individual farms, food workers, or the people living in
a plant’s county [54,58]. Sudden disruptions, including a pandemic producing a million
deaths in the US, can lead to new processes of accumulation in productive commodity
frontiers [59–61].

Regenerative counties also differ in the details of their modes of social reproduc-
tion. Which pandemic-specific innovations work where is conditional. Did Community-
Supported Agriculture programs work best in rural counties nearer to urban consumer
markets? Were counties farther afield from cities and industrial meatpackers both more
likely to return to agricultural business-as-usual? Were such returns still dependent upon
how the county’s distal supply lines and end buyers were affected by the pandemic? To
what extent did on-farm labor’s working conditions, compensation, housing, and social
vulnerability impact pandemic safety in even these ostensibly remote counties? These and
other questions of deepening complexity bear further investigation.

4.2. Social Relations and Processes in U.S. Midwest COVID-19

Alongside local agricultural practices, other historical and geographical aspects of
society proved important to COVID-19. Early rural COVID-19 outcomes were socially struc-
tured, including by poverty and underlying health [4,6,62,63]. Using spatial autoregressive
models, Fielding-Miller et al. [4] showed that along with residents living in poverty, density,
population size, and residents over the age of 65, COVID-19 mortality by July 2020 was
also positively associated with a county’s percent of farmworkers.

Race also marked differences in rural COVID-19 exposure. Cheng et al. [64] showed
through July 2020, rural counties in the top quartiles of Black and Latino populations
hosted 70% and 50% percent greater average daily COVID-19 increases, respectively, than
counties in the lowest quartiles. Lundberg et al. [65] found Black and Latino populations
with the highest COVID-19 death rates across U.S. regions and urban and rural settings.
The disparity was worst in the first year of the pandemic, but even upon vaccination
held in place the second year, when white mortality increased or, as in the Midwest, held
steady. As many of our models here underscored, the percentages of non-white populations
repeatedly were associated with higher COVID-19 caseload. Although census-reported
Black population proved an insignificant covariate in the global econometric models, once
considering local variations of process over space, the geographically weighted regressions
identified diverse regional relationships between Black populations and cases.

McClure et al. [66] connected such disparities to a racial capitalism that uses Black and
immigrant labor—in parts of the Midwest and beyond—to allow a whiter and wealthier
professional class to shelter-in-place during a pandemic. In our results above, where the
model selection process dropped consideration of the percentage of the population that
is Black, it often nonetheless retained measures of income inequity, which, as noted, are
understood within the ongoing historical context of the U.S. to be complexly interrelated
with race.

Our methods show contingencies in relations between race, COVID-19, and other
variables as well. While percentage Hispanic repeatedly proved positively associated with
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cumulative COVID across time periods, perhaps linked to some of the most dangerous
agricultural working conditions, the combinations of other factors with which it was associ-
ated shifted across the Midwest (Figure 3). For instance, in Period 1 throughout Michigan,
cumulative COVID-19 appeared associated solely with percent Hispanic, while across large
parts of South Dakota, it was also linked with (positively associated with COVID) regen-
erative production as well as (negatively associated with COVID) percent Black, percent
employment in the primary sector, and percent employment in the secondary sector.

A limitation of this study arises from socio-spatial determinants of health operating
at other scales than that of the county. Our methods were able to capture some of those
as embodied within county-level measures, such as those reflective of agricultural modes
of production. Others were captured through our attention to spatial relations. However,
our methods were not multi-level and, thus, were less able to directly study the effects of,
e.g., state-level COVID policies or longer-standing state-level health differences. Yet, to
the extent that state-level differences were to have had strong effects on the geographies
of COVID, we might have expected visible border effects in Figure 3, where few appear
upon visual inspection. Nonetheless, future research would benefit from multi-level spatial
econometric and GWR methods.

5. Conclusions and Beyond: Contextual Method and Collective Solutions

Through helping develop quantitative methods that are sensitive to context and
relation, we hope to have contributed to efforts in health geography, epidemiology, and
cognate fields that seek to support social change and well-being across a variety of scales.
Public and non-governmental actors can take up the approaches advocated to better tailor
the scales of their policies and engagements to the scales of the phenomena (here, COVID-19
spread) that emerge from the processes and relations of the integrated system under study
itself. Those that seek to learn from the successful experiences of others have additional
tools to examine whether the contexts from which they are learning differ from their own,
and if so, they may inform themselves better how to learn and collaborate across difference.

While we lament that quantitative efforts have often diverged in topics, assumptions,
and approaches from more qualitative research despite a widespread desire to move past
false dichotomies and divide [67], we believe that a synthetic approach to topics (here, at
the intersection of food systems, health geography, ecology, and political economy) using
a carefully curated set of quantitative methods may contribute to closing these divides.
Extending the research pursued above, multi-sited qualitative (perhaps even ethnographic)
research would be useful in triangulating our highly context-specific and relational results.

In the situations we are specifically examining here, we recognize the urgency that
some such research be participatory action research, contributing to a possible shift in
the food systems in the US Midwest and beyond [53]. Disruptions to just-in-time large-
scale agricultural production have led to new efforts at re-establishing local meat pro-
cessing plants [68,69]. These and other initiatives may serve to help re-establish virtu-
ous cycles across modes of agricultural production, ecological services, and community
well-being [70]. By helping reintroduce agrobiodiversity and economic complementarity,
these efforts, as the results reported here suggest, may be beneficial to community health,
perhaps even beyond the case examined here, as novel diseases and health challenges arise.
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mdpi.com/article/10.3390/ijgi12050195/s1, Supplement S1: “Supplemental Materials for ‘Dominant
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