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Abstract: Agricultural diversity, productivity, and human well-being have been popular topics
in recent decades, partly fueled by our quest for sustainability. However, the exact nature of the
interconnections among these global priorities remains an area yet to be fully understood and
explored. We contribute to this literature by examining how community well-being interacts with
distinct levels of diversity and productivity in cropping systems across multiple U.S. communities.
Using data at the county-level from 2010 to 2019, we first analyze how well-being varies across
communities that differ in their levels of crop diversity and productivity. Then, we investigate how
well-being varies across both diversity–productivity characteristics and farming intensity levels.
We employ mapping techniques in conjunction with descriptive statistics to uncover and visualize
patterns in well-being across contexts. Study findings show a consistent pattern of high levels of
well-being across most diversity–productivity categories, with the notable exception of areas that
are both highly diverse and highly productive. In addition, places with substantial commercial
operations, and where agriculture contributes greatly to overall GDP and employment generally
appears to have higher well-being scores compared to other places. Our analysis also reveals that
there is more variability in the index of community well-being within each group than across groups
of counties. Overall, the results suggest that the differences in community well-being are not solely
determined by agricultural indicators, such as diversity–productivity characteristics and farming
intensity levels, but also depend on contextual factors, such as social infrastructure, non-agricultural
job opportunities, or local economic diversification.

Keywords: community well-being; crop diversity; crop productivity; agricultural sustainability;
interaction; farming intensity

1. Introduction

Individual and community well-being has been featured among the critical outcomes
of sustainability and sustainable development by academics and action institutions across
the globe [1–4]. For example, reviewing rural sustainability studies, Nelson et al. [2]
highlight that well-being exploration constitutes a central focus within rural sustainability
outcomes. Addressing the long-term goals of sustainable agricultural systems through
the 1990 farm bill, the U.S. Congress contended that agriculture should improve both
farmer and community well-being alongside achieving agronomic and ecological goals [5].
However, implementing these objectives is a complex task.

The U.S. agricultural sector can be proud of its productivity and operational efficiency
in its production systems, but its social contribution remains questionable. Findings from a
significant number of social science research studies have reported harmful links between
industrialized farming systems and socioeconomic well-being (e.g., income levels, unem-
ployment, and poverty), the social fabric (e.g., increases in hired labor and population
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change), and environment quality (e.g., depletion of water and air quality issues) of sur-
rounding communities [6–8]. These research results suggest that managing agricultural
systems to support the well-being of local communities appears to be one of the greatest
challenges at the intersection of agriculture and sustainability. This challenge is rooted
in specific agricultural processes, linked primarily to the dominance of the productivist
paradigm, such as the widespread adoption of intensive farming practices with a heavy
reliance on chemicals [9], the trend towards monoculture over crop diversity [10], the trend
towards fewer but larger farms [11], and increasing mechanization, which impacts rural
economies and social structures [12].

Despite the extensive body of knowledge addressing the well-being of agricultural
communities [7,13–15], there remain significant gaps in our understanding of the con-
nections between diversity–productivity conditions of farming systems and community
well-being (CWB). Existing studies in the main line of social science research on this issue,
which can be traced back to Goldschmidt’s (1946) comparative case study [16], have primar-
ily focused on exploring the connections between CWB indicators and structural changes in
farming systems in terms of scale, organization, and market integration [7,13,17], neglecting
the examination of potential linkages with other essential aspects of farming activities,
including the interactions between diversity and productivity. Related to this, agricultural
management research has been criticized for its unbalanced approach to understanding
the interactions between agricultural management practices and ecological outcomes, com-
pared to social consequences [18]. While there is a better understanding of environmental
and production variables (e.g., productivity, profitability, and ecosystem health), the conse-
quences for people and communities who live and work across these agriculture-modified
landscapes remain out of focus in much agricultural management research [18,19]. Ad-
dressing these research gaps is critical to generating knowledge capable of tackling the
sustainability concerns of current food production systems comprehensively [20].

Since the release of the Millennium Ecosystem Assessment Report [21] in the early
2000s, there has been a growing interest in linking ecosystem services with the social,
physical, and mental well-being of individuals and communities, as it was established
that ecosystem services are important driving forces of human well-being. While some
studies have predominantly focused on the theoretical relationships between ecosystem
functions and services and aspects of human well-being [4,22–26], others have been at-
tempts to empirically link some specific ecosystem components (e.g., diversity) to some
specific well-being indicators [27–29]. Crop diversity serves as one of the principal agricul-
tural ecosystem indicators employed to explore these connections. For instance, in 2019,
Garibaldi and Pérez-Méndez [28] conducted an analysis of agricultural and socio-economic
data from 44 nations, revealing that countries experiencing an augmentation in crop di-
versity also witness a rise in agricultural employment opportunities. Acknowledging the
importance of this association, the authors call for more research assessing the impacts of
crop diversity on the multiple dimensions of human well-being. Other studies indirectly
associate the adoption of certain farming practices or systems (e.g., organic agriculture),
which promote higher levels of diversity, with some specific well-being issues (e.g., labor
conditions, farmers’ health, local populations) [27,29].

Moreover, the emergence of the United Nations’ sustainable development initiatives
has broadened the scope of research examining the relationship between crop diversity
and the achievement of sustainable development objectives [30]. Feliciano (2019) [30] high-
lighted a growing body of research examining the role of crop diversification in achieving
various developmental goals, including environmental protection, climate change miti-
gation and adaptation, crop productivity enhancement, income generation, employment
opportunities, nutrition and food security, and gender equality. However, the majority of
studies have concentrated on crop diversification strategies within developing countries.
Despite these efforts, there is room for more research connecting the following global
priorities: diversity, productivity, and CWB.
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This paper aims to address the gap in knowledge through the lens of U.S. farming
systems. More specifically, we examine the interaction of CWB with distinct levels of
diversity and productivity in agricultural systems and production systems with different
farming intensity levels. This study recognizes the potentiality and responsibility of every
farm, regardless of scale, organization, and marketing strategies, to contribute to various
dimensions of CWB [31]. We address two specific research questions in this study: (1) How
does community well-being vary across the intersection of agricultural diversification and
levels of crop production? (2) How does the variation in community well-being change
across both diversity–productivity characteristics and farming intensity levels?

In the following sections, we first clarify key concepts used in this study, provide
a brief overview of the literature on CWB, and describe the framework that guided the
construction of our CWB index. We then detail our methods, report the findings, and
discuss them in line with the existing literature.

2. Definition of Terms, Conceptualization, and Operationalization of Community
Well-Being

Before delving deeper into our exploration, we clarify some key terms that we use,
acknowledging multiple pathways exist to understanding and interpreting them. We
refer to the term ‘community’ as a place with defined geographic boundaries and where
individuals share common concerns of life [32,33]. We use county administrative units to
operationalize community.

With respect to ‘community well-being’, the literature offers a wealth of definitions,
interpretations, conceptual discussions, and methodologies for operationalizing it [3,34,35],
depending upon the perspective of who is using the term and for what purpose. We view
CWB as an outcome influenced by multiple conditions interacting to fulfill the community
residents’ needs [3,36]. Many authors recognize CWB as a multi-dimensional and context-
dependent concept [3,4,35,37]. Treating CWB as a construct with multiple dimensions
permits a comprehensive assessment of various facets within a community. Assessments
can be subjective (e.g., capturing residents’ perceived community satisfaction) or objective,
focusing on material and social characteristics that either contribute to or hinder the
overall well-being of communities [4]. One of the challenges noted in the literature is
related to the selection of community-level indicators that best evaluate the well-being of
communities [35]. No consensus has yet been reached regarding the most crucial variables
that accurately reflect CWB. Certain indicators have been recurrently featured in many
studies, highlighting their importance in assessing CWB [35].

Matson et al., in 2016, ref. [37], presented a sustainability analysis framework that
links sustainability objectives with their root causes within complex and dynamic social-
environmental systems through the production of goods and services and related consump-
tion processes. The authors define sustainable development as concentrating on individual
and social well-being and thus suggest the inclusive social well-being concept to evaluate
sustainable development, focusing on improving the well-being of humankind. In addition,
Matson and colleagues emphasized the importance of linking well-being to its founda-
tional drivers, conceptualized as social, natural, manufactured, human, and knowledge
capital assets. These resources serve as the basis for sustainability and interact in complex
systems to impact human life. The role of actors, or agency, is crucial in deciding how
capital assets are utilized to achieve common, sometimes conflicting goals. For instance,
farming systems illustrate these complex interactions by converting capital assets into the
production of goods and services for consumption through human management. However,
the industrialization of agriculture over the past several decades, marked by intensive
production approaches and widespread use of biochemicals, has faced criticism for its
adverse economic, social, and environmental impacts [7,9,38].
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In this study, we employ the sustainability analysis framework proposed by Matson
et al. [37] and leverage the existing literature on objective CWB to guide our investi-
gation of the interaction between CWB and some key agricultural indicators, such as
diversity–productivity characteristics and farming intensity levels. The framework focuses
on six critical constituents of CWB: material needs, education, health, community, security,
and opportunity. Recognizing and meeting people’s material needs is foundational to
enhancing human well-being. The survival of humans hinges on having access to es-
sential requisites such as food, water, energy, and shelter [39,40]. Research shows that
access to these necessities and CWB are linked positively [3,37]. Health and education
are widely acknowledged as key constituents of well-being [41,42]. Economic growth
and well-being are positively related to community health and education outcomes [4,43].
Furthermore, access to schools, recreation, and equality [44,45], social cohesion and a sense
of community belonging [37,46], as well as feelings of safety and security [37,41], are all
important factors that influence CWB. By examining CWB across these dimensions, we can
enhance our comprehension of the factors essential for fostering thriving conditions among
community residents.

3. Materials and Methods

This paper explores variations in an objective measure of community well-being
across agricultural systems with distinct diversity and productivity characteristics and
different intensity levels. We first describe our measurement of CWB, then detail the county
typology conditional on the diversity and productivity of farming systems. We present
other agricultural performance measures to examine the variations in CWB and explain
our analytical approach.

3.1. Spatial and Temporal Scales

We implement this study at the county scale to accommodate both the characteristics of
communities and farming systems within a manageable spatial framework. County bound-
aries might not accurately represent these systems that maintain complex and dynamic
interactions with other broader systems. However, as an administrative unit, the county
provides pragmatic ground to gather information that allows us to capture differences
regarding those settings. We focus on the aggregate socioeconomic features at the county
level during the period 2010 and 2019. The ten-year average is used to capture a more stable
and typical picture of the well-being of places over the time period. This method helps
mitigate the influence of yearly fluctuations, potential data errors, or missing information,
ensuring more robust findings on CWB. While CWB can change over time, significant
fluctuations within a short period might reflect localized, temporary shocks rather than
sustained transformations in well-being. We limit our analysis to the 2010–2019 period to
exclude the immediate effects of major events such as the 2008–2009 global financial crisis
and the recent global health crisis caused by the COVID-19 disease. These events can have
significant, short-term impacts on communities, which might not accurately reflect their
typical well-being.

3.2. Measuring Community Well-Being

We collected community-level indicators that reflect the dimensions of well-being, as
defined by Matson et al. [37], from publicly available data sources (Table S1). Matson et al.’s
framework helps objectively capture some of the most important constituents of CWB with
its six broad-based dimensions, such as material needs, health, education, opportunity,
community, and security. We consider the dimension of community in the framework to
refer to social groupings/interactions. We purposefully rename this dimension as ‘social
community’ to avoid confusion with community defined earlier as territory-based. We ob-
tain a snapshot of a community’s material needs through food security, clean water, housing
pressure, and affordability. We gain insights into a community’s health by including health
insurance, life expectancy, infant mortality, and teenage fertility. We picture a community’s
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education through school enrollment, educational attainment, and student–teacher ratio.
We have multiple variables to examine the ability of people to make choices about how they
want to live and what they want to do. These opportunity indicators include unemploy-
ment rate, income inequality (the Gini coefficient), female market participation, housing
ownership, population movement, and housing vacancy rate. For the dimension of social
community, we add election turnout, age-dependency ratio, establishment rate, and census
rate. Crime rate is used to picture the idea of security in a community. Our current analysis
is limited to four indicators that tap into community-level material needs, four variables
that represent health, three variables assessing education, seven indicators to gauge the
dimension of opportunity, four variables to tap into the dimension of social community,
and one variable for security (Tables 1 and S1). Because we obtained only one indicator for
security, we added it to the dimension of opportunity. Based on the framework, an unsafe
neighborhood is exemplified as an indicator of a lack of opportunity.

Table 1. Number of variables used by CWB dimensions, minimum and maximum scores of dimen-
sions, and the overall index, and the internal consistency of combined variables.

CWB Dimension Number of
Variables

Cronbach’s
Alpha Minimum Score Maximum Score

Material needs 4 0.35 0.96
Health 4 0.24 0.98
Education 3 0.39 0.92
Opportunity 7 0.33 0.80
Social community 4 0.26 0.75
All variables
combined 22 0.80 2.25 4.10

We used the Tidycensus package in R [47] to retrieve most of the data from the U.S.
Census Bureau (Table S1). We collected annual data for the conterminous United States
at the county level (n = 3107 counties). Whenever possible, we collected data for the
2010–2019 period and calculated the decadal mean of each variable for each county. We
pre-processed the data [48] by transforming the raw data into percentages or rates and
normalizing using min–max techniques across all the counties. This processing simplifies
comparisons between counties with differing sizes and socioeconomic attributes and
reduces skewness and outliers in the data distributions [48,49]. Prior to the computation
of the index, we adjusted the scale of certain variables to ensure consistent theoretical
orientation. We treated each dimension of the conceptual framework separately. We took
the average of the indicators under each of the dimensions to obtain a score for each
dimension before summing the five dimensions’ scores to compute the index of CWB. We
gave identical weight to each variable within the dimension as we did not assume any
particular importance of variable in the overall index [49]. Kyne and Aldrich [50], in 2020,
have used a similar approach to compute sub-index scores and the final score of a social
capital index (i.e., averaging sub-index variables and summing sub-index scores). We
employed Cronbach’s alpha to evaluate the internal consistency of the overall index [51],
and it showed that the items are reasonably well-related and consistently measure the
same underlying construct (Table 1). In all cases, we used custom R scripts to curate the
data [52]. Maps for each dimension can be visualized in the supplementary information
(Figures S1–S5).
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3.3. Characterizing Farming Systems through Diversity–Productivity Conditions and Farming
Intensity Indicators

In 2023, Nelson and Burchfield [53] studied county-scale factors that condition agri-
cultural systems that are both highly diverse and productive in the U.S. They developed
a diversity–productivity typology, using indicators of land use and yields of major com-
modity crops to contrast these high diversity–productivity systems to those with alternate
agricultural and ecological performances. The authors calculated a county’s average Shan-
non Diversity Index from 2008–2018 to account for diversity. For productivity, the authors
computed the crop planted area-weighted average of corn, soy, wheat, hay, and alfalfa
yields in excess of regional averages after accounting for temperature, soil, and water
(precipitation and irrigation) over the same period. These two indicators were used in a
K-means clustering analysis to generate the diversity–productivity typology. After remov-
ing the counties that were not distinctly identified within a specific cluster, the typology
condensed 2575 counties into five frequently encountered scenarios where crop diversity
intersects with crop productivity within the U.S., such as high diversity and productivity
(HD/HP, n = 310), low diversity and productivity (LD/LP, n = 368), high diversity and
low productivity (HD/LP, n = 442), low diversity and high productivity (LD/HP, n = 743),
and average diversity and productivity (AVERAGE, n = 712). This typology constitutes the
basis of our sample for this study. For additional details on typology construction, please
refer to Nelson and Burchfield (2019) [53].

In addition to differences in diversity–productivity conditions, the types defined
represent distinct regimes of production with unique biophysical, social, economic, and
regulatory attributes that fundamentally shape their structure and function [53]. Along this
line, we study community well-being as a potential performance outcome of these regimes
and its variations across distinctive features of these classes. Our initial analysis suggests
significant variations in well-being across regimes, warranting a more comprehensive and
deeper exploration to understand the underlying factors and the potential implications for
the sustainability of our communities and agricultural systems (Table S2a).

To obtain a more comprehensive picture of the well-being of agricultural communities,
we developed a measure of farming intensity inspired by Jackson-Smith and Jensen’s 2009
discussions [54]. The authors developed a measure to identify agriculturally important
(AI) counties where farming is commercially and materially important in the U.S. with
three pieces of data, such as the total agricultural sales combined with either farm sales
per acre of total farmland or cropland. The authors present the AI group as counties
in the top quartile of total agricultural sales and counties in the second quartile, with
either sales per acre of farmland or sales per cropland in the top quartile. This farming
indicator complements the farm-dependency (FD) typology developed by the United States
Department of Agriculture Economic Research Service (USDA/ERS) in identifying places
with high agricultural production levels. ERS employed two farming variables in their
definition of FD (i.e., shares of agricultural jobs and GDP) and classifies counties as FD
when agriculture contributes to at least 25% of the county’s GDP or accounts for at least
16% of the county’s total employment. The two indicators—AI and FD—are integrated
to form the farming intensity measure, resulting in four mutually exclusive classes: the
pure AI (i.e., counties that are AI but not FD), the pure FD (i.e., counties that are FD but not
AI), FD/AI (i.e., counties that are both AI and FD), and non-FD/non-AI (i.e., counties that
are neither FD nor AI) (Figure 1). To construct this farming intensity indicator, we used
employment and GDP data from the U.S. Bureau of Economic Analysis (BEA) and survey
data from the USDA National Agricultural Statistics Service (NASS) (i.e., total sales and
sales per acre of farmland or cropland). Figure 2 shows the spatial distribution of counties
included in the diversity–productivity typology and their corresponding classification in
terms of farming intensity. Table 2 offers descriptive summaries for a range of agricultural
indicators across these farming intensity classes.
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Table 2. Descriptive summary (mean and standard deviation in parenthesis) of variables used in the
development of farming intensity indicator.

Variables FD/AI FD/Non-AI Non-FD/AI Non-FD/Non-AI

Total agricultural sales (in $ millions) 372.43 64.51 270.05 41.96
(320.45) (39.86) (380.57) (36.48)

Sales per acre of farmland (in $) 948.00 178.05 1148.65 631.70
(835.03) (140.92) (948.36) (8902.05)

Sales per acre of cropland (in $) 525.90 188.83 982.86 511.87
(448.91) (120.05) (1619.73) (1059.33)

Share of agricultural GDP (%) 36.72 19.90 8.04 2.87
(14.54) (16.38) (6.82) (4.04)

Share of agricultural jobs (%) 18.08 23.15 5.67 5.05
(6.26) (6.88) (4.02) (4.21)

Acres per operation 374.08 716.16 116.28 120.78
(321.77) (2350.61) (117.40) (233.28)

Sales per operation (in $1000) 726.74 169.61 327.48 86.77
(783.47) (132.28) (261.37) (85.55)

3.4. Analysis

We established five categories for the community well-being index (CWBI) based
on standard deviations (sd) from the mean to facilitate comparisons across counties. We
named these CWBI levels as very low (less than one sd below the mean), low (between
1 and 0.5 sd below the mean), moderate (between 0.5 sd below and 0.5 sd above the
mean), high (between 0.5 and 1 sd above the mean), and very high (more than one sd
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above the mean). We combined spatial analysis with descriptive statistics to visualize and
identify patterns in the index. We first mapped the index to show how it varies across
U.S. counties. We used the Kruskal–Wallis test to compare CWBI scores across diversity–
productivity types, agricultural intensity categories, and their interactions, following the
indication from the Shapiro–Wilk tests that non-parametric analyses were relevant for our
statistical comparisons.

4. Results
4.1. Community Well-Being across Counties

The computed community well-being index score ranges between 2.25 and 4.10, with
the highest scores indicating counties with presumably higher levels of CWB relative to
other counties in the U.S. during the same time period. (Table 1, Figure 3). Accordingly,
the CWBI levels are all relative, i.e., the score assigned to each county is compared to the
national county average within the U.S. This does not definitively indicate whether the
quality of life or well-being is good or bad in certain places; rather, it suggests that it is
relatively better or worse compared to other counties.
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We observed a gradient of CWBI from north to south, with northern states exhibiting
a higher prevalence of counties in the categories of moderate to very high well-being. As
one moves toward the southern regions, including states such as New Mexico, Arkansas,
and Oklahoma, there are more counties showing lower scores of CWBI. We observed some
regional variations, with the Midwest and Northeastern states displaying predominantly
moderate to high levels of CWBI. However, within the Midwest, we observed some areas
with very low levels of CWBI scores.

Within states that generally score high on the CWBI, there are distinct counties where
CWBI is markedly lower. South Dakota, for instance, stands out with the widest variability
in CWBI scores across its communities, with a score range of 1.72 (Table S3). Other states
showing a score range above one, indicating significant variability in community well-being
across counties, include New Mexico (1.66), Texas (1.30), Georgia (1.25), Florida (1.10), and
Virginia (1.07). Conversely, the five states with the lowest variability across counties are
Delaware (0.17), Vermont (0.29), New Hampshire (0.35), Oregon (0.36), and Connecticut
(0.37). In general, Mississippi (3.08) and Arizona (3.11) exhibit the lowest averages of CWBI
scores for their respective counties, while Wisconsin (3.75) and Minnesota (3.75) show the
highest CWBI score averages (Table S3).
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4.2. Variation in Community Well-Being Based on Distinct Diversity–Productivity Characteristics

The above section considered all the contiguous U.S. counties. We now examine
variations in CWBI scores for the 2575 counties included in the diversity–productivity
typology. The bar charts in Figure 4 highlight the consistency in the distribution of CWBI
across most diversity–productivity types, with a significant proportion of counties showing
CWBI scores in the middle category. Except in the highly diverse and productive sys-
tems, places with higher levels of CWBI scores outweigh areas with lower scores across
diversity–productivity types. The findings raise concerns regarding the well-being of agri-
cultural communities characterized by high levels of diversity and productivity. The results
show the predominance—in relative terms and absolute numbers—of counties with very
low levels of CWBI within the HD/HP type (Figure 4, Table S4). There appears to be
a pronounced challenge in CWB within the HD/HP type because around two-thirds of
counties are situated in the two lowest levels of CWBI.
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A closer look at Figure 4’s configuration indicates the emergence of other clear pat-
terns. For instance, the very high CWBI level is prominently represented in the LD/HP
type, comprising 26% of counties within this type. Two contrasting types of farming
systems—LD/HP and HD/LP—show similar CWBI scores. Despite their inherent differ-
ences, both have above 40% of their counties in the two highest levels of CWBI compared
to less than 25% in the two lowest CWBI levels.

4.3. Interactions of Farming Intensity and Diversity–Productivity Conditions with Community
Well-Being

Figure 5 illustrates a comparison of CWBI variations across diversity–productivity
types and distinct intensity classes of agricultural systems, offering a nuanced under-
standing of relationships between these factors and CWB. The findings show that the high
diversity–low productivity group exhibits, in general, the largest index variability, while the
low diversity areas, regardless of productivity levels, demonstrate the smallest variability
in CWBI (Figure 5a, Table S5).
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line, the interquartile range within the box, and the 95% confidence interval as thin lines. Outliers are
represented by individual points.

The CWBI index appears to follow a decreasing pattern from the areas classified
as FD with high levels of agricultural importance to non-FD counties with lower levels
of agricultural importance (Figure 5b). FD/AI counties, characterized by substantial
commercial operations and the highest mean sales per operation or per acre of cropland,
where agriculture substantially contributes to the overall GDP and employment, appear to
generally hold a more favorable position than other places. Counties that are neither FD nor
AI show a lower median value of CWBI. In essence, if we were to establish a control group to
explore the association between farming and CWB, the latter would be in pole position with
its low levels of agricultural indicators (Table 2). Jackson-Smith and Jensen [54] contended
that this particular group is predominantly characterized by a leisure- or lifestyle-oriented
approach to agriculture, lacking a substantial level of agricultural production in both
relative and absolute terms.

Figure 5c presents a consistent pattern of low CWBI scores in areas where farming
systems demonstrate a combination of high diversity and productivity. Those counties are
mostly located in the southern regions, where we observed a concentration of low levels
of CWBI (Figures 2 and 3). Regarding the counties that are neither FD nor AI (our control
group), with the exception of the HD/HP group of counties, we observed little differences
within this class regardless of farming systems’ variations in diversity and productivity.
Counties in this farming intensity class are characterized by a relatively modest sales vol-
ume and a limited agricultural contribution to the overall GDP and employment measures
(Table 2). Despite the generally low CWBI scores in the HD/HP areas, we observed that the
CWBI levels for this type approach the average when the agricultural system is FD/non-AI
(i.e., places with the highest share of agricultural employment and the second highest share
of agricultural GDP), whereas they are lower in AI regions or areas with limited agricultural
involvement. This suggests that, in HD/HP areas, agricultural employment, rather than
profitability, may be more closely associated with well-being and that high agricultural
sales alone may not enhance well-being without the corresponding employment benefits.
Meanwhile, we observed some notable deviations for counties categorized as LD/HP
types within FD/AI and non-FD/AI classes. The index scores of counties within LD/HP
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types are significantly higher in areas where agricultural production is commercially and
materially important (i.e., highest agricultural sales and highest sales per acre), whether the
place is farming-dependent or not. More than 80% of counties in these agricultural intensity
classes are in the Heartland region, with the highest value of production dominated by
cash grain and cattle farms.

We conducted Kruskal–Wallis tests to compare the mean CWBI scores among diversity–
productivity types (χ2(4) = 287.47, p < 0.001), agricultural intensity categories (χ2(3) = 110.66,
p < 0.001), and their interactions. Although the boxplots displayed some overlap be-
tween certain groups (e.g., average-LD/HP), the statistically significant differences ob-
served in the post-hoc tests indicate notable variability in the means across different
diversity–productivity types and agricultural intensity categories (see detailed results of
post-hoc tests in Table S2a,b). This implies that CWBI scores vary significantly between
different farming system types and categories.

We repeated these tests to compare diversity–productivity types within each farming
intensity category to account for interactions. The results confirmed that, in many cases,
the interaction between these factors is significantly associated with CWBI scores, sug-
gesting that the specific characteristics and practices of agricultural systems, including
their diversity and intensity, play an important role in determining the well-being of agri-
cultural communities. Although not our primary analysis technique, we also examined
these interactions using a linear regression model. The predictive plots from this regression
analysis revealed that farm dependence has a positive association with CWBI in HD-HP
and HD-LP places, whereas agricultural intensity has a negative association with CWBI in
these same places (Figure S6). However, the large variability observed within each group
(Figure 5c) implies that localized factors extending beyond agricultural dynamics, such as
social infrastructure, non-agricultural job opportunities, or local economic diversification,
may play a critical role in influencing CWB.

5. Discussion

Since there has been no detailed description in the literature of potential connections
between the interactions of diversity and agricultural productivity with community well-
being at a macro-social-accounting level, this research study directly linked these global
sustainability priorities through the lens of U.S. farming systems. In this paper, we exam-
ined CWB across farming systems with distinct diversity and productivity characteristics.
To achieve this goal, we built a CWB index with a range of social and economic factors
that contribute to a community’s overall quality of life and sustainability. We noted a
concentration of low levels of index scores in the southern regions and a clustering of high
index scores in the northern parts of the country. This observed geographic divide is not
new and corroborates previous investigations on CWB, quality of life, and related topics,
which highlighted similar patterns of deprivation resulting from the dynamic interplay
among multiple social, economic, and political forces [20,55–57].

The examination of variations in the index across farming systems with distinct
diversity and productivity characteristics shows some notable patterns of high levels of
well-being across most diversity–productivity types. Analyses that combined farming
intensity classification with the diversity–productivity typology reveal patterns of high
levels of CWBI in areas characterized as low diversity–high productivity and where farming
is commercially and materially important. Nelson and Burchfield [53] noted this type as
the most dominant cropping regime, characterized by significant commercial operations
and entrenched within a productivist framework, with all the consequences that entails.
In general, low diversity areas, regardless of their productivity levels, tend to have more
counties with high CWBI scores compared to those with low CWBI scores, whereas high
diversity areas have more counties with low CWBI scores compared to high CWBI scores.
Of note, both the farming dependence indicator and the agricultural importance indicator
used to compute the agricultural intensity categories have a higher proportion of low-
diversity places compared to high-diversity areas.
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Moreover, the results raise concerns for areas of highly diverse and productive farming
systems, as demonstrated by the relative dominance of low levels of CWBI. Overlaying
the CWBI with the maps of diversity–productivity types and farming intensity classes, the
observed patterns in the HD/HP type may be primarily attributed to the geographic context
in which these counties are located. Despite some studies that have touted the advantages
of diversification for agricultural communities in terms of strategies to address income
challenges [58], improving agroecosystem health and resilience to climate events [59,60]
and employment [28], it is important to acknowledge that these benefits may not effectively
counteract the enduring impacts of historical and structural legacies that (re)produce
disparities across regions. Gaskin et al. [61] unveiled in 2014 how historical policies
and practices, including discriminatory housing policies and racial segregation, have
significantly played a role in perpetuating racial disparities in health and overall well-
being in the United States. In 2010, Cutler and Lleras-Muney [62] pointed out that factors
such as poverty, inadequate education levels, and restricted healthcare access may be
critical contributors to the disparities observed in CWB indicators across diverse regions
(Figures S1–S5). Burchfield et al. [63], in 2022, underscored important racial disparities
within the U.S. farming sector, particularly regarding federal program enrollment, farm
size, and losses in farm income. More unfortunate trends in the livelihoods of U.S. farm
operators are noticeably concentrated in areas with a higher presence of non-White farmers.

The present study has its limitations with respect to the construction of the index, the
diversity–productivity typology used, and the farming intensity classification employed.
First, we are constrained to data availability. Our primary goal was to use a ten-year
average of each indicator included within the index. However, for certain variables, the
data were only accessible for shorter time frames (Table S1). The decision to include these
variables was made to ensure the inclusion of as many relevant indicators of CWB as
possible while being mindful of data availability constraints. Second, due mostly to data
availability, Nelson and Burchfield [53] noted some limitations in the development of the
diversity–productivity typology with their metrics of crop productivity and crop diversity.
The authors used productivity data for only five major commodity crops (corn, soy, wheat,
hay, and alfalfa), and they expressed concerns about the accuracy of the information
captured with the Shannon Diversity Index, such as its sensitivity to larger areas and its
potential to misrepresent ecological health. This implies that our findings primarily relate
to counties dominated by major commodity production, potentially overlooking areas with
different agricultural focuses, such as high-value specialty crops. Finally, the two concepts at
the basis of the farming intensity classification each have their own limitations [54]. The AI
scheme favors higher-valued commodities (e.g., livestock and specialized vegetables) and
excludes the aesthetic components (e.g., wildlife and open space) of agricultural landscapes.
The FD scheme catches some relatively isolated rural places through the agricultural
employment indicator at the expense of some more fertile and high-rainfall communities
with higher yields. However, combining the two measures provides a pathway to capture
the diversity of agricultural production intensity across the United States.

6. Conclusions

Our study findings highlight both positive and concerning trends in the connections
between the diversity–productivity of farming systems and community well-being. Dif-
ferences in CWB are not solely determined by the diversity–productivity typology and
farming intensity categorization but also depend on contextual factors, such as rural–urban
distinctions, regional variations, and potentially local circumstances. For example, while
most LD/HP counties exhibit higher CWBI scores compared to HD/HP counties, there are
instances where LD/HP counties have lower CWBI scores, while HD/HP areas have higher
CWBI scores. This suggests that studies linking agriculture with its social consequences
should account for local contexts, including the specific social processes and historical
backgrounds. Just as we need to understand where, when, and how to diversify for a
chance to sustainably increase agricultural productivity [64], approaches to enhancing
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CWB in the context of agricultural diversification might benefit from adopting a geographic
perspective [65].

The findings from this study indicate that low-diversity and high-diversity areas have
distinct needs for maintaining or enhancing CWBI. High-diversity places may benefit
significantly more from agricultural employment compared to low-diversity regions, which
benefit significantly more from agricultural activities, both in terms of employment and
profitability. Therefore, agricultural policies and programs should be tailored to reflect
these differences, considering historical and socio-economic contexts to effectively address
local challenges and leverage local strengths for improved community well-being.

Being among the current trending agricultural topics of the 21st century, it is clear that
interactions of diversity and productivity matter for both ecosystem health and individual
and community well-being. To ensure that the advantages of farming systems are translated
into improved well-being for both farmers and the surrounding communities, further
research is needed to examine the challenges that counteract the benefits of agricultural
diversity and productivity or whether community well-being concerns are taken into
account in agricultural decision-making. In addition, while this study provides a valuable
baseline understanding of the links between these global priorities at a national level, a
more regional or context-specific approach is needed to understand better how different
diversity–productivity or agricultural system types support CWB.
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