
Journal of Rural Studies 87 (2021) 300–313

0743-0167/© 2021 Published by Elsevier Ltd.

Effect of farm structure on rural community well-being☆ 

SooJin Park a, Steven Deller b,* 

a Department of Economics, University of Wisconsin-Madison, USA 
b Department of Agricultural and Applied Economics, University of Wisconsin-Madison, USA   

A R T I C L E  I N F O   

JEL classification: 
JEL 
Q10 
R11 
O18 
Keywords: 
Farming 
Community well-being 

A B S T R A C T   

The current crisis in US agriculture has seen a growing number of farm bankruptcies. The result has been a 
“hollowing out” of the middle in the distribution of farm size, with growth in the number of both very large and 
small farms. A growing number of farms are operated by part-time farmers whose primary occupation is no 
longer farming. What are some implications of these changes for the well-being of rural communities? Using U.S. 
non-metropolitan (rural) county level data, we explore how the changing nature of farming has affected com-
munity well-being as understood through seven diverse measures. In general, we find conflicting evidence on the 
impact of farm structure on community well-being. In the end our results suggest that the logical conclusion of 
what has become known as the Goldschmidt hypothesis line of thinking that the movement to fewer and larger 
farms will necessarily harm the well-being of the larger community is not supported by the data.   

“In America, the big get bigger and the small go out. I don’t think in 
America, for any small business, we have a guaranteed income or 
guaranteed profitability,” stated Sonny Perdue, Secretary of Agriculture 
(World Dairy Expo, Madison, Wisconsin October 2019). 

“Nobody seems to be calling out how multinational, vertically inte-
grated industrial agricultural companies are threatening American well- 
being, and I just think that the more people learn about these practices, 
the more shocked they are.” Senator Cory Booker (D-New Jersey, The 
Guardian September 15, 2020). 

1. Introduction 

In the United States, there is a strong belief in Jeffersonian de-
mocracy, where the “yeoman farmer” and “plain folk” form the back-
bone of communities and indeed of the nation. While these family farms 
were the economic foundation throughout the first 150 years of the 
nation, today these same family farms are viewed sentimentally and as a 
lifestyle to be preserved. The structure of farming has undergone 
fundamental changes over the past century, and today, a typical modern 
farm uses advanced technologies such as GPS driven precision farming 

and robotic milking parlors. Technologies that generally require larger 
scales of farm operations. 

Beginning in the mid-1930s, the size of a typical farm, as measured 
by acreage, began to grow (Fig. 1). Between 1880 and 1935 the typical 
farm in the United States was about 145 acres, but by 1992 that size had 
jumped to 491 acres.1 Prior to 1935, only about one percent of farms 
were greater than 1000 acres, but again by 1992 almost one in ten farms 
(9%) was larger than 1000 acres. These trends have been widely studied 
(e.g., Lin et al. 1980; Kislev and Peterson 1982), and as noted by Gardner 
(2002), there appears to have been a clear slowdown in farm consoli-
dation in the 1980s. 

MacDonald (2020) argues that these simple averages (Fig. 1) have 
masked persistent consolidation across agriculture. If one considers 
crop-land but excludes both farmlands not in productive use as well as 
grazing land, one can see that farms operating at least 2000 acres of 
cropland accounted for just 15% of all croplands in 1987, but that share 
had increased to 37% by 2017. The share of crops from very large farms 
(those with at least 10,000 cropland acres) increased fourfold from 294 
in 1987 to 1191 in 2017. Consider the case of dairy farming: in 1987, 1% 
of dairy farms had 500 or more milking cows, yet by 2017 that share had 
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increased to 6.3%, and more importantly, those larger dairies now 
accounted for 56.4% of milk sales. The very largest dairies, those with 
more than 5000 cows, accounted for 12.4% of total milk sales. 

There has been concern expressed about how consolidation in the 
food-processing industry has affected farm operations (Drabenstott 
1995; Ahearn et al. 2005; Katchova, 2013). For example, in 1987 there 
were 79 poultry-processing firms with more than 500 employees ac-
counting for 23.2% of all firms, but by 2018 that number had grown to 
203 firms accounting for 38.7%. Growth in the number of large firms is 
also evident in the “ice cream and frozen desserts” sector, where there 
was only one firm with more than 500 employees in 1987 but there were 
ten in 2018. Across much of the food-processing industry, this growth in 
scale often through consolidation, has had both direct and indirect ef-
fects on the size of farms. Because of the volume of raw materials that 
these larger processors require to maintain their desired scale of oper-
ations, the processors face strong incentives to work with fewer but 
larger farms; in other words, the transaction costs associated with 
working with multiple smaller farms is prohibitive.2 

Questions have arisen regarding how these structural changes in the 
American farm industry are affecting the well-being of rural commu-
nities (Lobao and Stofferahn 2008; Lobao et al. 1993; Green 1985). The 
general argument, often discussed within the context of the “Gold-
schmidt hypothesis,” is that the decreasing number of farms, when 
coupled with the increasing size of farms, has had a strong negative 
effect on communities. While the original work of Goldschmidt (1947, 
1978) focused on the ownership structure of farms, specifically large 
“corporate” farms owned by outside investors, the focus has transitioned 
to a larger assessment of the effect of large farms on rural communities 
(Deller et al. 2003). In essence, we are witnessing a scenario in which the 
“family farm,” as envisioned by Jefferson, is being replaced by the large 
“corporate farm,” with negative effects on rural communities. 

In 2017, 92% of farms in rural communities (measured as nonmet-
ropolitan counties) were structured as either an individual or family 
partnership, which is a modest decline from 20 years earlier, when 
95.1% of the farms had these structures: only 5.8% of all rural farms in 
the late 1990s were organized as a corporation. Interestingly, the vast 
majority of those “corporate” farms were family owned, with their 

corporate status simply reflecting a family decision about how to 
structure the business. Perhaps more important is that, in 1997, 22.5% 
of farmers did not actually live on their farm. By 2017, this figure had 
shrunk slightly to 21.3%. Further, in 1997 48.2% of farmers claimed 
farming as their primary occupation, but by 2017 that figure had risen to 
60.1%. Regarding the percentage of farmers who were spending 200 or 
more days a year off the farm, the figure was 38.2% in 1997 and 30.9% 
in 2017. Those farmers who viewed themselves as part-time constituted 
29.2% of all rural farmers in 1997 and 25.9% in 2017. These shifts in 
how farms are structured suggest a slow transition to more full-time 
farmers—a shift that should, in the spirit of Goldschmidt, enhance 
community well-being. 

The academic literature expanding on the Goldschmidt hypothesis 
has resulted in mixed and somewhat inconsistent results. Green (1985), 
for example, stated that in Missouri he could not find a significant effect 
of farm size on social and economic indicators of quality of life. Skees 
and Swanson (1988) expanded Green’s study to include all the southern 
U.S. states and could not confirm the broader interpretation of the 
Goldschmidt hypothesis. In their study of U.S. nonmetropolitan 
counties, Barnes and Blevins (1992) also could not find evidence sup-
porting the Goldschmidt hypothesis. Gilles and Dalecki (1988), who 
focused on the central Great Plains region, concluded that the number of 
hired farm workers, not the number of large farms, was negatively 
associated with rural communities’ well-being. Another study of the 
same period by MacCannell (1988) concluded that large-scale farming 
reduced community well-being. In a study of the ownership structure of 
timberland in rural Alabama, Bailey, Gopaul, Thomson and Gunnoe 
(2020) found that high levels of absentee ownership resulted in poor 
community well-being, thus supporting the Goldschmidt hypothesis. 

The literature attempting to clarify the relationship between farm 
structure, particularly the shift to fewer but larger farms, and commu-
nity well-being is far from a consensus on the underlying logic of the 
expanded Goldschmidt hypothesis. Our intent in the present study is to 
revisit, with the most current farming data, the relationship between 
changes in farm size, farm ownership structure and the well-being of 
local communities. Using a range of measures for community well-being 
and for farm size and ownership characteristics, we pay particular 

attention to changes in farm structure over a 20-year timeframe 
(1997–2017). Our study consists of five sections beyond these intro-
ductory comments. In the next section, we review changes in farm 
structure over the study period with an eye toward overcoming the 
difficulties associated with measuring both farm size and changes in 
farm size. We then provide a broad overview of the literature examining 

Fig. 1. Changes in average farm size over time.  

2 There is a rich tradition in the United States of forming farm marketing 
cooperatives to capture these scale economies, but consolidation occurs even 
within these cooperatives, which, it has been argued, favor larger farms (e.g., 
Gould 2010). 
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the relationship between farm structure and community well-being, 
which can be thought of as “the Goldschmidt hypothesis literature.” 
We pay particular attention to the large and growing literature on 
alternative ways of thinking about and measuring quality of life, or well- 
being. In the third section, we outline our empirical models, and in the 
fourth section, we review the empirical results of the models. We close 
the study with a discussion of our findings and of their implications from 
a policy perspective. 

Our modeling approach moves forward in four steps. First, we esti-
mate a family of base models with which we explore how certain com-
munity characteristics influence seven measures of community well- 
being. Next, we introduce a set of simple measures regarding commu-
nities’ dependence on farming for employment to test whether higher 
rural-community dependence on farming influences community well- 
being. Third, we introduce a set of farm-size characteristics and finally 
a set of farm ownership characteristics. We look at how farm levels in 
2017 influenced community well-being in 2017 and then examine 
changes in farming from 1997 to 2017 as they pertain to community 
well-being in 2017. A total of 140 separate models are estimated and 
reported. 

1.1. Historical patterns 

When people think about the size of farms, the first idea that 
generally comes to mind is the physical size of the farm measured in 
terms of acreage or number of animals. People envision geographically 
large corn and soybean grain farms of the Corn Belt or large animal 
containment farms such as modern hog and dairy farms. But acreage can 
vary significantly by the type of farm commodity being produced. For 
example, significant differences exist between the land requirements for 
grain farms and those for livestock farms, and those differences multiply 
when one considers the huge number of specialty crops, such as apple 
orchards and ginseng farms. The acreage of a “large” cranberry farm 
may be a small fraction of the acreage of a “modestly sized” corn or 
soybean grain farm. To account for this complexity, we review the size of 
farming using two metrics: acres and sales or revenue. 

Data regarding the structural changes in farm size, as measured by 
acreage over 1987 to 2017, are provided in Table 1 and Fig. 2. Note that 
large farms (those with 1000 or more acres) accounted for 7.1% of all 
farms in 1978 and peaked at 9.0% in 1992 before declining to 7.8% in 
2007 and then increasing to 8.5% in 2017. The pattern is largely 
consistent with the observations of Gardner (2002) that a clear slow-
down in farm consolidation appears to have occurred in the 1980s. 
Although the very largest farms increased as a percentage of the whole 
from 2007 to 2017, the statistic for 1992 was never surpassed. And 
although only 8.5% of all farms in 2017 were large farms, they 
accounted for 71.1% of the available farmland. Perhaps a more 
remarkable pattern is the growth in the number of small farms (less than 
50 acres). Unlike the very largest farms, the percentage of small farms 
increased 7.4% between 1987 and 2017. Moreover, the percentage of 
farms that were small almost doubled during this 30-year period, but the 
percentage of farms that were big mostly plateaued after the peak in 
1992. 

Aside from the two extremes of large and small farms, mid- and mid- 
large-size farms (between 50 and 1000 acres), decreased over time. 
Though farms operating on 50–999 acres accounted for 68.8% of the 

total number of farms in 1978, they accounted for only 49.6% in 2017: a 
decrease of 19.9 percentage points in total. The trends are clear: farm 
size grew from the 1930s to the early 1990s (Fig. 1), but over the past 30 
years there has been a distinct “hollowing out” of the middle of the 
distribution. The relative share of farms that are mid-to mid-large-size 
has declined, yet the biggest growth has been not in the largest farms but 
the smallest ones. 

Patterns in farm size by acres over the last 30 years mask differences 
in land intensity across various agricultural products and growth in what 
might be referred to as specialty products that are not particularly land 
intensive. For example, in 1997 there were 9627 farms that produced 
and harvested rice, but 20 years later in 2017 there were only 4629. At 
the same time the average size of rice farms went from 328.4 acres to 
517.4. Regarding rice production, there was a clear shift toward fewer 
and larger farms. Similar changes are evident in dairy-farm production. 
Between 1997 and 2017, as the number of dairy farms decreased from 
125,041 to 40,336, a decline of 67.7%, the average number of milking 
cows increased from 73 cows to 237 cows per farm. Again, there is 
strong evidence of consolidation in dairy farming and shift to larger 
farms. 

There remains significant heterogeneity in farm sizes within crop 
types. For example, in 2017 46.0% of corn farms were less than 100 
acres whereas the largest farms (1000 or more acres) accounted for only 
36.3% of corn acreage. This wide variation in corn production could 
reflect the presence of livestock farmers who grow a small amount of 
corn for feed. Similarly, 44.8% of wheat farmers have less than 100 acres 
and 53.6% have 1000 or more acres. For cotton production, 63.4% of 
harvested acres belong to large farms; only 17.3% of harvested acres 
belong to small farms. The prevalence of large cotton farms could reflect 
the geography of where cotton is produced as well as the economies of 
scale associated with cotton production. 

Though it is evident from the above figures that the number of farms 
based on acres has changed over time, acres might not always be an 
accurate measure of farm “size.” For example, the Census of Agriculture 
shows that, in recent years, apple orchards, on average, have operated 
on 221 acres of land and generated $349,000 in sales. Possessing an 
average of only 126 acres, grape vineyards are usually smaller than 
apple orchards but generate a similar level of sales (about $338,000). 
Another example of how acreage can distort the idea of farm size is the 
difference between tobacco farms and sheep and goat farms. While the 
latter typically operate on 150 acres of farmland and generate $9400 in 
sales, tobacco farms that operate on 53 acres generate an impressive 
$256,500 in sales. To understand changes in farm sizes more 
completely, we should analyze the historical patterns of both acreage 
and farm sales or revenues. 

As outlined in Table 2 and Fig. 3, the historical distribution of farm- 
based sales complements the historical distribution of farm-based acres. 
In 1978 only 0.8% of farms had sales greater than $500,000, but by 2017 
such large farms accounted for 7.2% of all farms. This remarkable 
growth, on face value, lends credence to the notion that farms have been 
getting larger. The share of farms with sales less than $2,500, however, 
almost doubled between 1978 and 2017, from 20.4% to 38.8%. As the 
percentages of very small and big farms increased over time, the per-
centage of mid-size farms decreased drastically: 78.7% of farms in 1978 
had sales between $2500 and $500,000, but in 2017, only 54.1% of 
farms had sales in this range. 

Table 1 
Trends in farm size by acres.   

1978 1982 1987 1992 1997 2002 2007 2012 2017 

1–49 acres 24.0% 28.4% 28.6% 28.7% 33.3% 34.9% 38.7% 38.5% 41.9% 
50–179 acres 33.6% 31.8% 30.9% 30.3% 31.3% 30.9% 30.0% 30.1% 27.7% 
180–499 acres 25.8% 23.5% 22.9% 22.2% 19.3% 18.3% 16.7% 16.4% 15.4% 
500–999 acres 9.4% 9.1% 9.6% 9.7% 8.1% 7.6% 6.8% 6.8% 6.5% 
1000 acres or more 7.1% 7.2% 8.1% 9.0% 8.0% 8.4% 7.8% 8.2% 8.5%  
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As with acreage, the classification of farms by sales reveals that 
significant variation exists in relation to which type of agricultural 
commodity a farm is handling. For example, in 2017 the average dairy 
farm had revenues of $910,500, the average rice farm had revenues of 
$458,700, the average hog/pig farm had revenues of $405,00, yet the 
average sheep and goat farm had sales of only $8200. We should note 
that this vast range changed over time: the average revenues between 
2007 and 2017 increased across all of these agricultural commodities. 
For example, the typical dairy farm brought in revenue totaling 
$456,500 in 2007 and then, as noted above, brought in revenue totaling 

$910,500 in 2017. Not all increases were so impressive: sheep and goat 
farms experienced a more modest increase in revenue, from $5800 in 
2007 to $8200 in 2017. Still, the same patterns noted above for acreage 
and revenue seem to hold for agricultural product: the number of small 
farms grew, the number of large farms grew modestly, and there was a 
hollowing out of the mid-size farms. Moreover, the bulk of production 
and corresponding sales edged toward large farms. Perhaps more 
importantly, the growth in average farm size was not the result of 
growth in the very largest farms, but rather a decline in the number of 
mid-size farms. 

Fig. 2. Changes in farm distribution by acreage.  

Table 2 
Trends in farm size by sales or revenue.   

1978 1982 1987 1992 1997 2002 2007 2012 2017 

Less than $2500 20.4% 24.0% 23.5% 22.0% 31.3% 38.8% 40.8% 37.4% 38.8% 
$2500 to $9999 27.2% 25.0% 25.8% 25.1% 24.1% 20.5% 19.0% 19.3% 19.3% 
$10,000 to $44,999 30.8% 26.3% 26.1% 25.8% 21.4% 19.4% 18.3% 18.8% 18.3% 
$50,000 to $99,999 11.7% 11.2% 10.4% 9.8% 7.4% 6.6% 5.7% 6.1% 5.8% 
$100,000 to $499,999 9.0% 12.3% 12.6% 14.9% 12.7% 11.3% 10.9% 11.0% 10.7% 
$500,000 or more 0.8% 1.2% 1.5% 2.4% 3.2% 3.3% 5.3% 7.4% 7.2% 

Source: Census of Agriculture (various years) 

Fig. 3. Changes in farm distribution by sales or revenue.  
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Revenue-based analyses have limitations that warrant discussion. 
First, sales or revenue are in nominal terms and inflation factors are not 
considered. Nevertheless, overall rates of inflation have been relatively 
modest over these later years, and commodity prices, which drive farm 
revenues, have been notably stable during this period. Second, because 
our analysis is based on the Census of Agriculture, which is conducted 
every five years, we have not considered annual swings in commodity 
prices. For example, it is not evident whether the census years were 
reflective of good or weak commodity prices. Third, our analysis does 
not reflect the diversity of farms. For example, a dairy farmer might 
devote 200 acres to corn production, which the farmer then uses to feed 
the dairy cattle; in this case, the corn production, while appearing in 
acreage analysis, might not appear in the revenue analysis. 

The growth in both the number and the sales volume of the smallest 
farms presents a challenge to our analysis of the expanded versions of 
the Goldschmidt hypothesis. At first glance, the growth in the number of 
very small farms seems to undermine the premise of the Goldschmidt 
hypothesis. While there is ample evidence that the number of large 
farms has grown, particularly from 1930 to the 1980s, we should 
consider an important question: does the growth in the number of small 
farms challenge the Goldschmidt assertion that consolidation of farms 
into larger operations comes at the expense of small farms and harms 
rural communities? The data show that, as a percentage of all farms, 
mid-size farms have been shrinking; specifically, the distribution has 
been flattening, with growth in the tail observable in the smallest farms. 

This observation naturally leads to questions about which factors 
have been driving growth in the number of smallest farms. Although the 
topic is beyond the scope of the current study, several potential sources 
of this growth in small farms can be advanced. The first driver of growth 
might be purely definitional: the U.S. Department of Agriculture (USDA) 
defines “farms” as places that produce and sell at least $1000 of agri-
cultural products during a given year. The U.S. Internal Revenue Service 
(IRS) states that a business qualifies as a farm if it is actively cultivating, 
operating, or managing land for profit. Unlike the USDA, the IRS dis-
tinguishes between a viable production farm and a “hobby farm”: if 
individual tax filers’ regular employment is off the farm and the income 
from the farm is not the primary source of income, the IRS does not 
classify their base of agricultural operation as a farm. The USDA has 
attempted to refine groupings of farms, and Whitt et al. (2020) have 
defined “small family farms” as those with revenues under $350,000 and 
“large-scale family farms” as those with revenues over $1 million. Still, a 
subjective line exists between a viable business farm and a hobby farm. 
Is much of the growth in the number of very small farms attributable to 
hobby farms? This possibly is particularly relevant, given the growth in 
the number of farmers’ markets, which provide major revenue streams 
to small farms. Farmers markets provide a mechanism for someone with 
a particularly large vegetable garden to sell surplus produce. If those 
sales surpass $1000 that vegetable garden is classified as a “farm” when 
for all practical purposes that vegetable garden is not a farm. 

A second possible driver of growth in the number of small farms is 
how land is assessed for property taxes. In setting property taxes for 
agricultural land, most state governments have shifted from the “highest 
and best use” assessment to the “use value” assessment (e.g., Chicoine 
and Hendricks 1985; Anderson 2012). The intention is to minimize the 
conversion of agricultural land into residential, commercial, or indus-
trial use because of excessive property-tax burden for the farmers. For 
example, under the “highest and best use” assessment, a tract of farm-
land that is adjacent to a growing urban area may be assessed for 
property taxes that reflect residential or commercial use, and because 
these taxes are typically higher than property taxes on agricultural 

enterprises, the outcome can place a significant financial strain on the 
farmers. By contrast, “use value” assessment assigns a value to land on 
the basis of its contribution to agricultural production.3 Here, land-
owners have an incentive to move idle or vacant land into agricultural 
production to take advantage of “farmland use” valuations. As a 
consequence, the number of very small farms can become artificially 
inflated. 

While there are short-term shifts in the make-up of farm structures as 
commodity prices ebb and flow, which can make for headlines in the 
popular press, the data are consistent: the growth in very large farms has 
slowed over the last couple of decades, but there is a corresponding 
growth in the number of very small farms and a decline in what might be 
deemed mid-sized farms. There is in essence a “hollowing out” of the 
middle of the distribution of farm sizes: modest growth in the largest 
farms and rapid growth in the smallest farms. 

1.2. Literature review 

The current form of farm restructuring in the United States first 
started during the Great Depression. Coupled with the farm crisis of the 
early 1980s, small Southern farms, including family farms, were pushed 
out of markets while large-scale farms dependent on hired labor started 
to grow in the West (Lobao et al., 1993). This massive structural change 
in the agricultural industry raised concerns that most traditional family 
farms would cease to exist. The topic attracted the attention of re-
searchers in various fields, especially the social sciences, and the 
resulting literature tended to emphasize the importance of family farms 
for community well-being. In 1947, Goldschmidt conducted a compar-
ative study in Arvin, California, where big corporate farms were 
numerous, and in Dinuba, California, where locally owned family farms 
were common. He found that Arvin had “a smaller middle class, more 
hired workers, lower family incomes, and higher poverty” (Lobao and 
Stofferahn, 2008). Though the original analysis by Goldschmidt was just 
a single case study of a specific region, his claims were generalized, and 
these assertions were then used as strong evidence that traditional 
family farms needed to be protected. 

In the 1970s and 1980s, many studies empirically tested the Gold-
schmidt hypothesis by using different empirical approaches and regions 
of analysis (Heffernan 1972; Heady and Sonka 1974; Rodefeld 1974; 
Martinson et al., 1976; Fujimoto 1977; Small Farm Viability Project, 
1977), and the results tended to support the basic underlying hypothe-
sis. As had been the case with the study by Goldschmidt (1978), most of 
these subsequent studies were conducted in small geographic regions (e. 
g., an individual community) and narrow timeframes, so that the find-
ings were neither readily generalizable nor suitable for comparisons. In 
fact, though most studies between the 1970s and the early 1980s were in 
line with the arguments made by Goldschmidt, some studies presented 
opposite findings. For example, using the socioeconomic indicators of 
population and retail trade, Buttel et al. (1988) conducted a study using 
data from the states comprising the Northeastern United States. Though 
the method used by Buttel et al. was similar to the one used by Gold-
schmidt, the former study’s findings did not support the Goldschmidt 
hypothesis. Flora et al. (1977), Harris and Gilbert (1982), and Swanson 
(1983) likewise presented findings that did not support the Goldschmidt 
hypothesis. In general, none of these studies found evidence that large 
farms diminished community well-being (Lobao et al., 1993). Green 
(1985) conducted a study using data from Missouri to analyze whether 
farm size had a significant effect on social and economic indicators of 
well-being; the findings suggested that the size of a county’s population, 
not the distribution of farms according to size, had the largest and most 

3 Most states have clawback provisions, in which the tax savings that farmers 
realize are paid at a discounted rate to the tax authority (e.g., municipality, 
county, school district) if the farmers selling the land for development, secure a 
windfall. 
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consistent effect on people’s quality of life. The empirical results of these 
studies did not provide a single agreed-upon assessment concerning the 
accuracy of the Goldschmidt hypothesis. Considerable confusion resul-
ted from these myriad findings, especially amongst the sociologists who 
dominated this early work. 

Most of these early studies were narrow in their geographic and 
temporal scope. Several studies from the late 1980s and the 1990s 
attempted to address these shortcomings by using data and models 
capable of addressing the longer-term effect of farm-size change on 
community well-being. Lobao et al. (1993) explains that researchers 
such as Flora and Flora (1988), MacCannell (1988), Skees and Swanson 
(1988), and Van Es et al. (1988) studied not only “changes in postwar 
farming patterns typical of each region” but also the relationship be-
tween farm-size change and community well-being for the period 
encompassing the 1970s and 1980s. As the case studies started to 
accumulate, researchers moved their focus to macro models that used 
county-, town-, or state-level data for empirical analysis. In 1988, Gilles 
and Dalecki found that while they could identify a negative correlation 
between hired farm workers and socioeconomic well-being, the exis-
tence of large farms itself did not seem to have a strong relationship with 
communities’ level of well-being. Crowley and Roscigno (2004) used 
data from the North Central United States to study the effect of farm 
sector concentration on poverty and economic inequality and found 
evidence generally supportive of the Goldschmidt hypothesis. 

Another study on farm dependency by Deller et al. (2003), concluded 
that an increased number of large-scale farms or a county’s high de-
pendency on the agricultural industry could bring about a decrease in 
the growth rate and could limit the economic growth of rural counties. 
Rather than directly test the Goldschmidt hypothesis concerning farm 
size, Deller et al. tested a hypothesis concerning communities’ depen-
dence on farming for economic activity. The empirical analysis using 
national county level data instead of a case study enabled the re-
searchers to generalize the results across various regions and to identify 
short-term and long-term effects of corporate farms on community 
well-being. 

Despite recognizing both the structural changes that have been 
taking place in the agricultural industry and the benefits of large farms, 
some studies have pointed out the positive effect that the unique char-
acteristics of small farms can have on the surrounding communities. 
Niemi and Väre (2018) found that, in Finland, an increase in farm size 
was coupled with a decrease in income from agricultural production. In 
2015, Besser, Jurt, and Mann conducted a survey on German and Swiss 
farmers and observed that small-scale farmers, more than their 
large-scale counterparts, had strong connections with communities 
characterized by local networks and a sense of community belonging. 
More recently, Bailey et al. (2020) claimed that their research findings 
align with the Goldschmidt hypothesis—the main finding being that 
“concentrated and absentee ownership,” which is a typical characteristic 
of big corporate farms, is negatively correlated with well-being as 
measured by seven economic and noneconomic indicators. After 
analyzing small farms in the Uplands of Scotland and Norway, Shuck-
smith and Rønningen (2011) showed that, with rigorous support and 
regulations from the government, small farms can persist while 
strengthening economic, social, cultural, and environmental aspects of 
rural communities. Peel, Berry, and Schirmer (2016), on the basis of 
their Australian data, showed that effective government policies can 
help farmers exit the agricultural industry, as these farmers tend to have 
poor levels of well-being. 

Largely independent of the Goldschmidt hypothesis focused litera-
ture but of importance is the large and growing literature on notions of 
well-being and quality of life (e.g., Diener and Seligman 2004; Cox et al. 

2010; Diener White and Blackmore 2016; Scott et al., 2018). From a 
traditional neoclassical economics perspective, well-being, quality of 
life, or happiness is generally linked to income levels: higher levels of 
income directly translate into well-being.4 Increasingly scholars, such as 
Frey and Stutzer (1999, 2010), are documenting that this neoclassical 
view of income and well-being is insufficient. Indeed, in more developed 
economies higher levels of income are not necessarily linked to higher 
levels of happiness, quality of life, or well-being (Diener and Seligman 
2004). While at lower levels of income the relationship is as expected, 
higher income translates into higher levels of well-being, above a certain 
level of income the relationship breaks down. In essence the income and 
well-being relationship is concave with significant noise. A large line of 
work inspired by Roback (1982, 1988) suggests that people may be 
willing to accept lower wages (income) to live in high quality of life 
communities. These nonmonetary benefits are often referred to as 
compensating differentials. Within the context of this research, are 
farmers willing to accept lower incomes to remain farming and enjoy the 
nonmonetary benefits of farming? 

If the income to well-being relationship is “messy” and there are 
several factors affecting well-being how does one develop proxy mea-
sures? In 1992, putting an emphasis on individuals’ quality of life, 
Dasgupta and Weale proposed that political and civil liberties can be a 
better measure of aggregate well-being than income. Such well-being 
study of political indexes was also continued by Frey and Stutzer 
(1999, 2010) where they studied the relationship between happiness 
and political liberty. Acknowledging that institutional possibilities for 
citizens in Switzerland is different for each canton (state), Frey and 
Stutzer defined their political index by comparing citizen’s access to 
political instruments in each canton. Using such political index, they 
found that people in cantons with higher political liberty tended to have 
higher level of happiness. Helliwell (2003) found a strong relationship 
between well-being and level of trust in the community and explained 
that individuals who live in a society with high trust between commu-
nity members tend to enjoy more socioeconomic benefits than those 
living in community full of suspicion and fear. In the spirit of Roback’s 
(1982, 1988) thinking around compensating differentials other studies 
showed that geographical factors such as access to certain cultural and 
nature oriented services has an effect on individual’s well-being (e.g., 
Albouy et al. 2021). The interplay between well-being, or quality of life, 
and community or regional attributes suggest that nonmonetary 
geographical characteristics give another perspective on the existing 
well-being studies (Helburn, 1982; Brereton et al., 2011). Harrison and 
Getz (2015), in their case studies of California and Wisconsin, found that 
large farms had better job quality for employees than small farms and 
explained that this difference might stem from such factors as economies 
of scale, industrialization, and farm size itself. In other words, larger 
farms offered nonmonetary attributes that benefited farm employees. 

This large and growing quality of life, happiness or well-being 
literature can be grouped into two categories: individual, household or 
family level and regional or community level. For the former, much 
work is aimed at asking individuals to give a subjective numeric answer 
to the question “How happy are you with your life” has been used a lot as 
a measure of well-being in contemporary literature (Gilbert et al., 2016). 
Lu (2011), for example, explored job satisfaction and work-to-family 
conflict as an alternative measure of well-being. In Lu’s study she 
analyzed the effect of hours worked on happiness, she measured the job 
satisfaction by asking respondents to numerically rate their satisfaction 
level. With the spike in telecommuting as a result of the COVID-19 
pandemic, there is growing interest in businesses better understanding 
the interplay between telecommuting and worker productivity with 
worker happiness a focial point (e.g., Magnavita et al. 2021). Indeed, are 

4 The terminology including “happiness”, “quality of life” and “well-being” 
are at times used interchangeably and for our purposed such interchangeability 
is acceptable. 
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workers willing to accept lower wages to maintain their telecommuting 
status? Significant attention is paid to survey design and analysis and 
has been widely used in the medical field such as cancer (e.g., Bottomley 
2002) and heart (e.g., Guyatt 1993) patients and the elderly (e.g., Far-
quhar 1995). 

The second category of well-being students tend to rely on more 
objective measures where the unit of analysis is a local community, 
region (e.g., state or province), or country. Slottje (1991) uses data from 
126 countries to explore how 20 different quality of life attributes in-
fluence life expectancy. Quality of life measures range from economic 
freedom measures to the ratio of soldiers to civilians to the percent of 
children in the labor force to the number of hospital beds and physicians 
per capita to measures of telecommunication connectivity. Dasgupta 
and Weale (1992) use measures such as life expectancy at birth, infant 
mortality rate, adult literacy rate, index of political rights, and index of 
civil rights as more object indicators of well-being. This allows for cross 
regional analysis as well as the ability to examine the data over time. 
Using data from 153 countries, Joshanloo et al. (2019) use measures 
such as education, health, income equality and suicide rates, among 
others to study the interplay of these measures through factor analysis in 
an attempt to develop overall well-being indices. 

This latter literature often has several stated objectives ranging from 
expanding notions of well-being and quality of life beyond simple 
measures of income, developing relative rankings of places (states, 
provinces, countries) by quality of life, track the measures over time to 
assess the impact of alternative policies, and more fundamental explore 
how different objective measures interact from a statistical perspective. 
Swain and Hollar (2003) and Zautra et al. (2008) outline how commu-
nity leaders could help identify community priorities by selecting and 
tracking a set of objective measures of community quality of life. By 
engaging the community in selecting key indicators will help concen-
trate on key objectives and refine community level policies by tracking 
how policies impact those indicators. 

At best the available Goldschmidt hypothesis literature has yielded 
inconsistent and contradictory results. Some studies generally find evi-
dence supporting the expanded Goldschmidt hypothesis that farm 
consolidation into a handful of large farms has a harmful effect on the 
local community, but others find the opposite to hold and indeed larger 
farms provide better community outcomes. A third strand of research 
finds no significant relationship, one way or the other: neither move-
ment toward fewer farms nor movement toward larger farms appears to 
have an impact, be it positive or negative, on the well-being of the 
surrounding community. These apparent inconsistencies within the 
literature could be explained by (1) significant heterogeneity in the 
underlying relationship between farming and community well-being 
across regions (i.e., what might hold as true for one region does not 
for another), (2) significant differences in the nature of farming that is 
being examined (e.g., field crop production compared to specialized 
fruit production), and (3) inconsistencies in methodological approaches 
(e.g., limited case studies compared to analyses of large data sets). By 
reinterpreting the Goldschmidt hypothesis on farm structure and the 
local community within this broader framework of community well- 
being allows this literature to move beyond simple measures of income. 

1.3. Empirical model 

To model the effects that both farm size and changes in farm size 
have on community well-being, we used data for 1613 non-metropolitan 
U.S. counties (lower 48 states). Data used in this study were collected 
from the U.S. Department of Agriculture’s Census of Agriculture of 1997 
and 2017 along with the U.S. Census Bureau’s American Community 
Survey (ACS) and the U.S. Department of Commerce’s Bureau of Eco-
nomic Analysis, Regional Economic Information System (BEA-REIS). 
The ACS data are the five-year averages from 2018, and the BEA-REIS 
data are for 2017. 

The model can be expressed thus: 

WBk = f (SE, DM, AG)

where WBk represents k measures of community well-being, SE is a set of 
socioeconomic variables controlling for non-agricultural economic fac-
tors that can influence community well-being, and DM is a set of de-
mographic variables (DM) controlling for other characteristics of the 
community. Our measure of farming (AG) is described in detail below. 
We estimate the models by using classical regression analysis. 

Drawing on the extensive community (state, province, country) 
quality of life literature which relies on objective measures, we focus on 
seven (k = 7) measures of community well-being: earnings per job, 
poverty rates, homeownership rates, share of income going to rent, 
business start-up rates,5 the previous month’s number of days on which 
people reported experiencing physical-health issues, and finally, the 
previous month’s number of days on which people reported experi-
encing mental-health issues.6 Higher earnings per job, homeownership 
rates, and business start-up rates are all associated with higher levels of 
community well-being. A higher share of income going to rent is a 
measure of household fiscal distress and poverty rates are associated 
with lower levels of community well-being. Both of our health measures, 
drawn from the County Health Rankings developed by the Population 
Health Institute at the University of Wisconsin-Madison, broaden the 
notion of community well-being beyond simply economic metrics.7 By 
examining a range of measures, we expand on the prior literature which 
has tended to focus on only a small handful of measures of community 
well-being such as income and poverty. Further, by exploring the mul-
tiple dimensions of community well-being, we can gain finer insights 
into underlying relationships and strengthen the robustness of our 
results. 

The challenge of using seven distinct measures of community well- 
being is that, according to both theory and the empirical literature, 
the relevant control variables (SE and DM) vary across the distinct 
measures of well-being. For example, socio-economic and demographic 
factors associated with income may differ from those associated with 
health outcomes. Customizing the control variables for each measure of 
community well-being would be unreasonably cumbersome and beyond 
the scope of this study. Rather the control variables (SE and DM) are 
drawn largely from the economic-growth and well-being literature that 
focuses on rural U.S. areas (e.g., Deller et al. 2003; Deller and Lledo 
2007; Deller 2014; Deller and Parr 2021; Monchuk et al. 2007; Rickman 
and Rickman 2011). Variables covered therein include the following:  

• Percent of Total Income from Retirement Sources  
• Population to Employment Ratio  
• Percent of Employment from Proprietorships  
• Age Index  
• Education Index 

5 The business start-up measures are drawn from the Business Information 
Tracking System (BITS) generated by the U.S. Census Bureau. The BITS data 
come from the same database that is used to generate the County Business 
Patterns, and as such, the data captures only those businesses that have at least 
one employee. Thus, our analysis does not include sole proprietors operating a 
home-based business with no paid employees.  

6 While these measures are termed to be objective, the selection of the actual 
community well-being measures can be somewhat subjective and is largely 
dependent upon the available data. Earlier versions of this study explored 
dozens of different potential measures and the volume of results became un-
manageable. These final measures of well-being were selected because they 
tended to provide the most robust results. Specifically, the results across our key 
measures of farm size and structure were the most stable to alternative 
modeling specifications and estimation methods.  

7 The County Health Rankings data are available at: https://www.countyh 
ealthrankings.org/. 
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• Economic Diversity Index (Herfindalh)  
• Ethnic Diversity Index  
• Percentage of the Population that is Rural  
• Social Capital Index (RGF Index) 

The share of total income from retirement sources is a proxy measure 
for rural communities that could be described as retirement commu-
nities. As outlined by Stallmann et al. (1999), not all retirees are the 
same, and strong distinctions can be observed between migrating re-
tirees and those who age in place. Many higher-amenity rural commu-
nities that attract retirees tend to economically out-perform typical rural 
communities. The population-to-employment ratio is a common mea-
sure used to reflect whether the community is an employment hub or 
more of a “bedroom community” (Leon 1981; Shaffer et al. 2004). The 
literature generally finds that, when income is controlled for, commu-
nities with a lower population-to-employment ratio, or those that lean 
toward being employment hubs, tend to economically outperform those 
with a higher ratio. Because entrepreneurship is widely recognized as a 
driver of vibrant communities (Haltiwanger et al. 2013), research has 
consistently found that communities with higher rates of business 
ownership, measured in relation to proprietorships, tend to have 
stronger economies and well-being outcomes (Deller 2010; Deller and 
McConnon 2009; Goetz and Rupasingha 2009; Markeson and Deller 
2012). 

The literature on community well-being has consistently shown that 
the age structure of communities matters and that farming communities 
are disproportionately older (Glasgow and Brown 2012). While an older 
population can represent opportunities because of its injection of 
retirement income into the community, an older population also creates 
labor supply constraints that can hinder economic opportunities. Our 
measure of age profiles rests on the shape of the distribution of an age 
structure, specifically the third moment of the distribution, or the level 
of skewness.8 If the data are skewed to the right (the third moment is 
negative), a larger share of the population falls into older-age categories, 
whereas if the data are skewed to the left (the third moment is positive), 
the county’s population will tend to be younger. 

The role of education in community well-being has been well 
documented in the literature for decades (e.g., Beaulieu and Mulkey 
1995). In the simplest sense, the more educated a population is, the 
better off the well-being of the community will be. This association plays 
out through labor-market mechanisms as well as through civic 
involvement. Our education-profile measure hinges on the distribution 
of educational attainment across seven categories (ranging from “less 
than a 9th-grade education” to “a graduate or professional degree”). If 
the education index takes on a negative value, then the data are skewed 
toward higher levels of education whereas a positive value implies that 
the data are skewed toward lower levels of education. We expect that the 
more highly educated a rural community is, the higher its levels of 
community well-being will be across all seven of our measures. 

Within the economics literature, there is a preponderance of evi-
dence that the more ethnically diverse a region is, the more dynamic the 
region will be (e.g., Alesina and La Ferrara 2005; Deller and Parr 2021). 
The evidence is clear in a more urban setting relative to rural commu-
nities, but ethnic diversity should be controlled for in our modeling of 
community well-being. The ethnic-diversity index equals the probability 
that two people taken at random from the community have the same 
ethnic heritage (i.e., Σi(Racei)

2 with Racei being the percent of the 
population within the ith ethnic group). Therefore, a higher value of the 

index means a more homogeneous (less diversified) population whereas 
a smaller value means a more heterogeneous (more diversified) popu-
lation. We expect a more ethnically diverse community to have higher 
levels of community well-being. 

The percent of the population that is rural is drawn from the Census 
and reflects the spatial dispersion of the population within the non- 
metropolitan county. Any place (e.g., municipality) within a county is 
classified as “urban” if it has a population of at least 2500; thus, by this 
measure, a nonmetropolitan county that is 100% rural is a county with 
no population over 2499. Although such small urban communities are 
unlikely to benefit as much from agglomeration effects as are commu-
nities with populations in the hundreds of thousands, this measure is 
useful because it concerns comparisons among non-metropolitan 
counties. Thus, we would expect that the more “urban” a nonmetro-
politan county is, the more positive (though weakly so) the comparative 
advantage would be in the county and the higher its levels of community 
well-being would be, as well. 

Much like the influence of ethnic diversity on economic perfor-
mance, the literature consistently finds that economic diversity, in terms 
of the mix of employment across different industries, is an important 
driver of economic outcomes (Dissart 2003). Theoretically, a more 
diversified regional economy benefits from both Jacobian as well as 
Marshallian or Marshall-Arrow-Romer (MAR) externalities (Deller and 
Watson 2016). Our Economic Diversity Index is a Herfindalh index, 
which measures the distribution of employment activity across different 
industries and is calculated in a manner identical to the one associated 
with our ethnic-diversity index. We use the two-digit NAICS classifica-
tion for defining industry types, and the data are drawn from Woods and 
Poole, Inc.9 We expect more diversified rural economies to have higher 
levels of community well-being and more specialized economies. 

The final measure is a proxy measure of social capital as developed 
by Rupasingha et al. (2006) (with updates). The regional and commu-
nity economic-development literature is clear on one major point: social 
capital in various forms plays a vital role in community well-being (e.g., 
Halstead and Deller 2015). Putnam (1995) defines social capital as the 
“… connections among individuals—social networks and the norms of 
reciprocity and trustworthiness that arise from them” (p. 67). Putnam 
(1995) contends that trust is central to the theory of social capital. 
Without trust, there can be no reciprocity, no consideration, and only 
sparse networks. Community well-being hinges on the flow of trust-
worthy information and supportive networks. The Rupasingha, Goetz, 
and Freshwater (RGF) Index (updated to 2014) uses principal compo-
nent analysis to combine into a single scale measure several 
community-level measures that are generally associated with social 
capital and that include voter-participation rates, census-survey 
response rates, and the density (per capita) of non-profit organiza-
tions, religious organizations, labor associations, and business associa-
tions. We expect higher values of the RGF Social Capital Index to be 
associated with higher levels of community well-being. 

The farming measures (AG) can be placed into three broad cate-
gories: (1) the size of farming relative to the rest of the economy, (2) 
measures of the size of farms, and (3) the nature of the ownership of the 
farms. For the first category we use the share of total community 
(county) employment from farm proprietorships where higher values 
indicate that farming is a larger share of the local economy. These data 
are drawn from the Bureau of Economic Analysis, Regional Economic 
Information System (BEA-REIS). The second two categories of our 
measure of farming (AG) present challenges on several fronts. While the 
data, drawn from the Census of Agriculture, are rich in details about 
farm size and ownership structure, the data represent only a once-every- 
five years snapshot of the farming economy. Because agriculture, with 
its swings in commodity prices, is inherently unstable from one year to 8 For this study, the 3rd moment is calculated as  

(
∑

i=,1…,v
s3
i

)

v where si is the percent of the population in age category i and v is 

the number of age categories. There are 18 age categories (v = 18) progressing 
in five-year intervals. 

9 Woods and Poole, Inc is used in place of the BEA-REIS data because W&P 
employs methods to address disclosure issues with the BEA REIS data. 
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the next, the Census data may not be sufficiently representative. In 
addition, as noted in our descriptive analysis the appropriate “defini-
tion” of what constitutes a viable farm is arbitrary. Further, over the 
recent past there has been growth in the number of very small farms 
(sales less than $5000 and particularly under $1000). To minimize any 
distortions that might arise from our inclusion of “hobby farms” in our 
analysis, we use data for farms whose annual sales are no less than 
$5000. 

The data are drawn from the most current Census of Agriculture 
(2017), and to capture changes in farming over time, we compare 2017 
to 1997. This twenty-year timeframe may appear arbitrary but is, in fact, 
selected for consistency in the definitions of our study’s variables, 
particularly regarding the farm-occupation data. Further, this twenty- 
year period is sufficiently long to capture structural changes rather 
than year-to-year fluctuations. We then model how farm characteristics 
(AG) in 2017, as well as changes in those same farm measures from 1997 
to 2017, influence community well-being in 2017. The specific measures 
of farming (AG) that we use include the following: 

1.4. Farm importance 

Share of Total Employment from Farm Proprietorships: 2017. 

1.5. Farm size 

Number of Farms (sales over $5k) per 1000 Population: 2017. 
Percent of Farms (sales over $5k) That Have Sales over $500K: 2017. 
Ratio of Number of Farms (sales over $5k and below $50k) to 

Number of Farms ($500k and over): 2017. 

1.6. Farmer characteristics 

Share of Farmers Whose Primary Occupation Is Farming: 2017. 
Share of Farm Owners Who Are Part-Time: 2017. 
Share of Farmers Not Living on the Farm: 2017. 
Share of Farmers Working at Least 200 Days a Year off the Farm: 

2017. 
Share of Farms That Are Individual, Family, or Partnership Pro-

prietorships: 2017. 
Ratio of Farm Proprietors to Farm Employment: 2017. 
We purposely do not use the acreage data as a measure of farm size 

because acreage is really only appropriate for field crops such as corn 
and soybeans and do not reflect most livestock operations or higher- 
value crops such as fruits and vegetables or specialty crops such as hops. 

The first measure is simply a measure of farming concentration in the 
community (county). Rather than test the central tenets of the Gold-
schmidt hypothesis, the measure addresses a simpler question: does a 
higher concentration of farm operations influence community well- 
being? The second block of measures is aimed at capturing farm size 
and includes the percentage of farms that are “large” (sales over 
$500,000). This block of measures is thus a simple test of the Gold-
schmidt hypothesis. If the hypothesis is correct, then we should find that 
higher shares of large farms have a negative association with community 
well-being. The ratio of modestly sized farms to large farms is a crude 
measure of the distribution of farm sizes within a community. If the 
Goldschmidt hypothesis is correct, we would expect higher values of this 
ratio to be associated with higher levels of community well-being. We 
also include the number of farms (again with sales over $5K) per 1000 
persons as a measure of both farm size and the importance of farming to 
the local economy. 

The third block of measures is aimed at distinguishing between what 
might be called full-time farm businesses and those that are more part- 
time. If the broader interpretation of the Goldschmidt hypothesis is 
correct, we would expect that overall well-being is higher for commu-
nities (counties) with a higher percentage of full-time farmers whose 
primary occupation is farming and who spend the majority of their time 

on the farm. Most of the measures are self-explanatory (e.g., the per-
centage of farmers whose primary occupation is farming), but a few are 
less clear. For example, the ratio of farm proprietorships to farm 
employment reflects relative size of farms: a lower ratio suggests a 
higher number of hired farm workers relative to the overall number of 
farmers. For the Goldschmidt hypothesis, a lower ratio means fewer 
farms with more hired workers, and this scenario should be detrimental 
to community well-being. The most direct measure of the Goldschmidt 
hypothesis is the share of farmers not living on the farm, which would 
reflect a higher proportion of potentially absentee farmers. 

Some of these measures, however, could be misinterpreted given the 
type of farm present in the community. For example, grain farms are 
fundamentally different from livestock operations and may not require 
the presence of the farmer on the farm to the same extent that would 
characterize livestock operations. Large corn and soybean farms in the 
Corn Belt may require the farmer to be present only during planting and 
harvesting seasons, thus freeing up that individual’s time for other 
employment or occupational pursuits. It is not uncommon for grain 
farmers to have parallel employment as long-haul truckers or other 
employment off the farm. A farm that is predominately focused on 
livestock, however, must have a more consistent presence on the farm 
itself. 

We estimate the models by stepping each measure of farm structure, 
or size, into the seven separate measures of community well-being 
models one at a time. First, we estimate the base models with no farm 
measures, and then step in each farm measure. In essence, we introduce 
one measure of farm structure, estimate the models, and then remove 
that measure and introduce the next measure and rerun the models. 
Given that we have seven measures of well-being and ten farm-structure 
measures (level in 2017 and change 1997 to 2017), we estimate and 
report 140 separate and distinct models. To ease interpretation of the 
individual parameter estimates for scale of association, we report the 
standardized regression coefficients. We also use heteroscedasticity- 
consistent standard errors for tests of variable significance. Specif-
ically, we use the method suggested by White (1980). Again, we are 
using only the nonmetropolitan counties in the lower 48 U.S. states, so 
the final sample size is 1163. 

1.7. Empirical results 

The results of the base models are provided in Table 3. Based on the 
simple equation F statistic, the base model for each of the seven mea-
sures of community well-being is, as a whole, statistically significant. 
The explanatory power of the base control variable, measured by the R2, 
however, varies across the seven different measures ranging from a low 
of 19.4% for earnings per job to a high of 54.7% for the average number 
of days involving physical health issues. The average explanatory power 
across the nine models is 36.7%. Given the cross-sectional nature of our 
data, these levels of explanatory power are as expected. 

A detailed discussion of how each control variable impacts each of 
the nine measures of community well-being is beyond the scope of this 
study but there are several general patterns in the results that warrant 
discussion. First, the share of total income coming from retirement 
sources is statistically associated with only the two health outcome 
measures where higher shares of retirement income are linked to poorer 
health outcomes. This latter result is as one would expect. Higher values 
of the population-to-employment ratio tend to be associated with lower 
levels of community well-being, which is again as expected. Prior 
research has suggested that communities identifiable as employment 
hubs (i.e., as having lower population-to-employment ratios) tend to 
have higher levels of economic performance. Our results suggest that 
this association also applies to more general measures of community 
well-being. The share of employment in the form of proprietorships, a 
simple measure of small businesses, has mixed impacts on well-being. 
For example, higher levels of dependence on proprietorships are 
linked not only to lower earnings per job and lower homeownership 
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rates but also to lower rates of both rental-housing stress and poor health 
outcomes. The lower earnings per job are likely due to income of pro-
prietors that is not included in earnings data. Thus, this result is more of 
an artifact of how the earnings data are calculated. But, in general higher 
dependence on proprietorships tends to be positively associated with 
community well-being. This trend is consistent with findings in the 
growing entrepreneurship and community economic-performance 
literature. 

The age and education indices are unique in that we are measuring 
the third moment of the distribution across age and educational- 
attainment groups. For age, a positive value means that the distribu-
tion is skewed toward a younger population; for education a positive 
value means that the distribution is skewed to a lower level of education. 
Generally, a younger population is associated with lower earnings, 
higher poverty rates, lower rates of homeownership, and higher rates of 
rental stress. Age, however, is not associated, or weakly from a statistical 
perspective, to the five of our measures. The results for the education 
measure are more consistent than those for the age measure: the higher 
the general level of educational attainment, the higher the level of 
community well-being, as would be expected. 

Lower values of the economic diversity index are associated with a 
diverse economy whereas higher values are associated with a more 
specialized economy. Again, drawing on the regional economic- 
performance literature, we expected a more diversified economy 
(lower index values) to be associated with higher levels of well-being. 
The results are somewhat mixed: a more specialized rural economy 
tends to be associated with higher earnings per job and less rental- 
market stress. More consistent with expectations is our findings that a 
more diversified economy is linked to higher homeownership rates and 
business start-up rates. Given these mixed results we hesitate to draw 
any generalizations about economic (employment) diversity and com-
munity well-being in a rural setting. The ethnic-diversity index is similar 
to the economic-diversity measure where the higher value of an index 
means a more homogeneous (less diversified) population. We expected a 
more ethnically diverse community to have higher levels of community 
well-being, and the results generally support this expectation: the more 
ethnically diverse a rural community is, the higher its levels of com-
munity well-being are. 

The percentage of a county’s population that is rural (i.e., living 

outside of places with a population of at least 2500) is an alternative 
measure to population density and is, we suggest, better because it ac-
counts for urban centers in rural counties. The results of our analysis are 
generally as expected: the more rural a non-metropolitan county is, the 
more likely it is to have lower earnings per job, higher poverty rates, and 
higher rates of poor health. At the same time, the more rural a region is, 
the higher its homeownership rates tend to be. Our social-capital mea-
sure (RGF Index) is perhaps the strongest performing control variable 
from a purely statistical perspective. Across all seven measures of 
community well-being higher levels of social capital are consistent with 
higher levels of well-being. 

Consider first our simple measure of a community’s dependence on 
farms for employment (Table 4). Higher rates of dependency on farming 
tends to be associated not only with lower earnings per job, lower 
business startup rates and poorer health outcomes, but also with higher 
rates of home ownership. Perhaps more telling is that increases in 
dependence on farming from 1997 to 2017 is associated with lower 
earnings per job, higher poverty rates, lower business startup rates and 
poorer health outcomes. These results are largely consistent with the 
findings of Deller et al. (2003), according to which a rural county that is 
heavily dependent on farming tends to experience slower, if not nega-
tive, economic growth rates than does other rural counties. While not a 
direct test of the Goldschmidt hypothesis, these results suggest that a 
higher concentration of farm proprietorships relative to total employ-
ment is associated with low levels of community well-being. 

Now consider the current study’s three farm-size measures, the re-
sults of which are provided in Table 5. The concentration of farms with 
sales over $5K per 1000 persons, which could also be considered a 
measure of a community’s dependence on farming, has a statistically 
weak negative association with earnings per jobs, but has no discernible 
influence on any of the other six measures of community well-being. The 
growth in the same measure between 1997 and 2017 is also linked to 
lower earnings per job in 2017 but to none of the other measures of 
community well-being. The percent of farms (again, excluding those 
farms with sales of less than $5K) that are classified as large (sales over 
$500K) are positively associated not only with earnings per job, but also 
with higher poverty rates and lower rates of homeownership. In addi-
tion, a higher percent of farms that are large is associated with reduced 
renter financial stress, and better health outcomes, but lower rates of 

Table 3 
Base model results community well-being.   

Earnings Per 
Job 

Poverty 
Rate 

Home 
Ownership Rate 

Share of Income 
Going to Rent 

Business Startup 
Rate 

Physically 
Unhealthy Days 

Mentally 
Unhealthy Days 

Percent of Total Income from 
Retirement Sources 

− 0.0016 0.0012 − 0.0045 0.0026 − 0.0033 0.0403*** 0.0294** 
(0.9325) (0.9299) (0.6735) (0.8913) (0.8005) (0.0001) (0.0026) 

Population to Employment 
Ratio 

− 0.0230 0.0720** 0.0056 0.1864*** − 0.0705** 0.1509*** 0.1652*** 
(0.3738) (0.0018) (0.8098) (0.0001) (0.0021) (0.0001) (0.0001) 

Percent of Employment from 
Proprietorships 

− 0.0607** − 0.0192 − 0.0362* − 0.1609*** 0.0853** − 0.0519** − 0.1210*** 
(0.0210) (0.3680) (0.0980) (0.0001) (0.0011) (0.0065) (0.0001) 

Age Index − 0.0907*** 0.1242*** − 0.0930** 0.1749*** − 0.0319 0.0381* 0.0276 
(0.0001) (0.0001) (0.0010) (0.0001) (0.1638) (0.0547) (0.2060) 

Education Index − 0.1043** 0.0921** 0.0903** 0.0416 − 0.2609*** 0.2387*** 0.2712*** 
(0.0003) (0.0002) (0.0008) (0.1589) (0.0001) (0.0001) (0.0001) 

Economic Diversity Index 
(Herfindalh) 

0.1350*** 0.0217 − 0.0816** − 0.0672** − 0.1732*** − 0.0149 − 0.0220 
(0.0001) (0.3507) (0.0027) (0.0125) (0.0001) (0.3737) (0.1976) 

Ethnic Diversity Index 0.0331 − 0.4088*** 0.3447*** − 0.2225*** 0.1687*** − 0.2136*** − 0.1706*** 
(0.1654) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) 

Percent of the Population Rural − 0.3507*** 0.0606** 0.4397*** 0.0026 − 0.0480 0.0777*** 0.1023 
(0.0001) (0.0085) (0.0001) (0.9182) (0.1268) (0.0001) (0.0001) 

Social Capital Index (RGF Index) 0.1250*** − 0.4200*** 0.1092*** − 0.2534*** 0.2180*** − 0.4968*** − 0.4314*** 
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) 

R2 0.1945 0.4426 0.3981 0.2074 0.2767 0.5475 0.5027 
Fstat 43.02*** 141.42*** 117.78*** 46.61*** 68.14*** 215.53*** 180.03*** 
n = 1613 (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) 

Standardized parameter estimates. 
Heteroscedasticity consistent errors. 
Marginal significance or p-values in parentheses. 
***: Significant at 99.9%; **: Significant at 95.0%; *: Significant at 90.0%. 
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Table 4 
Farm dependency influence on community well-being.   

Earnings Per 
Job 

Poverty 
Rate 

Home 
Ownership Rate 

Share of Income 
Going to Rent 

Business 
Startup Rate 

Physically 
Unhealthy Days 

Mentally 
Unhealthy Days 

Share of Total Employment from Farm 
Proprietorships: 2017 

− 0.1131*** − 0.0106 0.1253*** − 0.0144 − 0.0541* 0.0490** 0.0497** 
(0.0001) (0.6233) (0.0001) (0.5463) (0.0540) (0.0108) (0.0135) 

Change in Share of Total Employment from 
Farm Proprietorships: 1997 to 2017 

− 0.0714** 0.0418** 0.0021 0.0062 − 0.0491* 0.0933*** 0.0931*** 
(0.0064) (0.0368) (0.9134) (0.7922) (0.0535) (0.0001) (0.0001) 

Standardized parameter estimates. 
Heteroscedasticity consistent errors. 
Marginal significance or p-values in parentheses. 
***: Significant at 99.9%; **: Significant at 95.0%; *: Significant at 90.0%. 

Table 5 
Farm size influence on community well-being.   

Earnings Per 
Job 

Poverty 
Rate 

Home 
Ownership 
Rate 

Share of Income 
Going to Rent 

Business 
Startup Rate 

Physically 
Unhealthy Days 

Mentally 
Unhealthy Days 

Number of Farms (sales over $5k) Per 1000 
Population: 2017 

− 0.0220* − 0.0075 0.0058 − 0.0452 − 0.0054 − 0.0340 − 0.0500 
(0.0957) (0.4176) (0.7811) (0.2704) (0.7542) (0.1007) (0.1068) 

Percent of Farms (sales >$5k) that have Sales 
over $500K: 2017 

0.1122*** 0.0494** − 0.1396*** − 0.0975*** − 0.1229*** − 0.0569** − 0.1104*** 
(0.0001) (0.0380) (0.0001) (0.0001) (0.0001) (0.0065) (0.0001) 

Ratio Number of Farms (sales over $5k and 
below $50k)/Number of Farms ($500k and 
over) 

− 0.0828** 0.0197 0.0615** 0.0387* 0.0171 0.0876*** 0.0915*** 
(0.0012) (0.2837) (0.0025) (0.0604) (0.3138) (0.0001) (0.0001) 

Change Number of Farms (sales over $5k) per 
1000 Populations: 1997 to 2017 

− 0.0611** − 0.0016 0.0013 0.0302 0.0062 − 0.0051 − 0.0016 
(0.0025) (0.9081) (0.9456) (0.1742) (0.7801) (0.7541) (0.9383) 

Change in Percent of Farms (sales >$5k) that 
have Sales over $500K: 1997 to 2017 

− 0.0302 − 0.0227 0.0140 − 0.0198 0.0070 − 0.0228 − 0.0190 
(0.1208) (0.1695) (0.4313) (0.3100) (0.6640) (0.1905) (0.2494) 

Change in Ratio Number of Farms (sales over 
$5k and below $50k)/Number of Farms 
($500k and over): 1997 to 2017 

0.1089*** − 0.0596** 0.0617** − 0.0730** − 0.0391** − 0.0516** − 0.0307* 
(0.0001) (0.0005) (0.0007) (0.0041) (0.0312) (0.0023) (0.0663) 

Standardized parameter estimates. 
Heteroscedasticity consistent errors. 
Marginal significance or p-values in parentheses. 
***: Significant at 99.9%; **: Significant at 95.0%; *: Significant at 90.0%. 

Table 6 
Farm ownership structure influence on community well-being.   

Earnings Per 
Job 

Poverty 
Rate 

Home 
Ownership Rate 

Share of Income 
Going to Rent 

Business 
Startup Rate 

Physically 
Unhealthy Days 

Mentally 
Unhealthy Days 

Share of Farmers Whose Primary 
Occupation is Farming: 2017 

0.1340*** 0.0040 − 0.1553*** − 0.1491*** 0.0088 − 0.0259 − 0.0360* 
(0.0001) (0.8777) (0.0001) (0.0001) (0.8037) (0.2194) (0.0913) 

Share of Farm Owners Part-Time 2017 0.0838** − 0.0480* − 0.0621** − 0.2037*** − 0.1111** − 0.1179** − 0.1536*** 
(0.0062) (0.0626) (0.0206) (0.0001) (0.0029) (0.0001) (0.0001) 

Share of Farmers Not Living on the Farm 
2017 

− 0.0566** 0.1207*** − 0.0429* − 0.0903** − 0.0969*** 0.0099 − 0.1217*** 
(0.0498) (0.0001) (0.0764) (0.0007) (0.0001) (0.6080) (0.0001) 

Share of Farmers Working at Least 200 Days 
a Year Off Farm 2017 

− 0.0936** − 0.0536** 0.0514** 0.0382 − 0.0131 0.0152 0.0419** 
(0.0015) (0.0192) (0.0329) (0.1536) (0.5732) (0.4427) (0.0334) 

Share of Farms that are Individual, Family 
or Partnership Proprietors 2017 

− 0.1124*** 0.0176 0.0913*** 0.0779** − 0.1378** 0.0531** 0.0643** 
(0.0001) (0.4333) (0.0001) (0.0022) (0.0004) (0.0132) (0.0038) 

Ratio of Farm Proprietors to Farm 
Employment 2017 

− 0.1131*** − 0.0106 0.1253*** − 0.0144 − 0.0541* 0.0490** 0.0497** 
(0.0001) (0.6233) (0.0001) (0.5463) (0.0540) (0.0108) (0.0135) 

Change in Share of Farmers Whose Primary 
Occupation is Farming: 1997 to 2017 

0.0342 0.0265 − 0.0143 0.1196*** 0.0424 0.0928*** 0.1734*** 
(0.2077) (0.2454) (0.5349) (0.0001) (0.1005) (0.0001) (0.0001) 

Change in the Share of Farm Owners Part- 
Time 1997 to 2017 

− 0.0149 0.0292 − 0.0700** − 0.0038 − 0.0298 0.0326* 0.0333* 
(0.5665) (0.1685) (0.0011) (0.8778) (0.1625) (0.0706) (0.0667) 

Change in the Share of Farmers Not Living 
on the Farm 1997 to 2017 

0.0447 0.0360 − 0.0510** 0.0513* − 0.0965** − 0.0406** − 0.0570** 
(0.1622) (0.1552) (0.0320) (0.0766) (0.0004) (0.0413) (0.0029) 

Change in the Share of Farmers Working at 
Least 200 Days a Year Off Farm 1997 to 
2017 

0.0195 0.0267 − 0.1412*** − 0.1376*** − 0.0161 − 0.0444** − 0.1242*** 
(0.4187) (0.3088) (0.0001) (0.0001) (0.5511) (0.0244) (0.0001) 

Change in the Share of Farms that are 
Individual, Family or Partnership 
Proprietors 1997 to 2017 

− 0.0860** 0.0614** − 0.0148 0.0242 − 0.0967** 0.0865*** 0.0768** 
(0.0006) (0.0142) (0.5310) (0.3455) (0.0324) (0.0001) (0.0027) 

Change in the Ratio of Farm Proprietors to 
Farm Employment 1997 to 2017 

− 0.0714** 0.0418** 0.0021 0.0062 − 0.0491* 0.0933*** 0.0931*** 
(0.0064) (0.0368) (0.9134) (0.7922) (0.0535) (0.0001) (0.0001) 

Standardized parameter estimates. 
Heteroscedasticity consistent errors. 
Marginal significance or p-values in parentheses. 
***: Significant at 99.9%; **: Significant at 95.0%; *: Significant at 90.0%. 
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new business formation. In other words, a higher concentration of larger 
farms has a mixed impact on community well-being with some positive 
elements (e.g., better health outcomes) and negative elements (e.g., 
higher poverty rates and lower new business formation). Regarding the 
share of farms that are large, changes that characterized them between 
1997 and 2017 had no apparent impact on community well-being. The 
final measure of farm size, the ratio of the number of farms with sales 
between $5K and $50K to the number of farms with sales above $500K is 
generally associated with lower community well-being outcomes. Spe-
cifically, higher ratios are linked to lower earnings per job, higher rates 
of rental-market financial stress, and poorer health outcomes. The 
change in this ratio between 1997 and 2017, however, tends to be sta-
tistically associated with generally better community well-being out-
comes. Specifically, for 2017, as the ratio of smaller farms to larger 
farms increases, earnings per job are higher, poverty rates are lower, 
homeownership is higher, rental-market financial stress is lower, and 
health outcomes are better. The only negative community well-being 
outcome is lower rates of new business formation. 

These results are largely in line with much of the Goldschmidt hy-
pothesis that explores farm size and community outcomes: inconsistent 
and mixed results. Specifically, we uncovered evidence supporting the 
general hypothesis, insofar as, greater ratios of smaller-to-larger farms 
are generally associated with better outcomes. Nevertheless, we also 
found that higher concentrations of larger farms in 2017 are associated 
with better community outcomes. An alternative interpretation of these 
inconsistent findings is that simple farm-size measures are too general 
and thus mask important subtleties in the underlying relationships be-
tween farm structure and community well-being outlined in the Gold-
schmidt hypothesis literature. 

Farm ownership characteristics adds a third element to our analysis: 
how farming can impact community well-being. The results of this 
analysis are presented in Table 6. In the main, we found that the higher 
the percentage of farmers whose primary occupation is farming, the 
better the given community’s well-being outcomes tend to be. These 
outcomes include higher earnings per job, lower rates of rental-market 
financial stress and better health outcomes. Homeownership rates, 
however, tend to decline. The percent of farmers who are part-time 
appears to have similar impacts on community well-being as the 
percent of farmers whose primary occupation is farming. Higher per-
centages of farmers who are part-time are associated with better earn-
ings per job, better health outcomes, and reductions in both poverty 
rates and rental market financial stress. We also noted two downsides to 
higher percentages of farmers who are part time: the first is lower rates 
of homeownership, and the second is business startup rates. Given the 
aging demographics of farmers it may be the case that some are partially 
retired (hence part-time) but still regard themselves as primarily 
farmers. For predominately crop farmers, this scenario is conceivable. 
For the 2017 data, greater shares of farmers working at least 200 days off 
the farm yield mixed results concerning community well-being: on the 
other hand, there are lower earnings per job but also lower poverty rates 
and higher homeownership rates. Here again, the results are mixed and 
somewhat inconsistent in relation to the Goldschmidt hypothesis. We 
see similarly inconsistent results with the share of farms that are struc-
tured as proprietorships and with the ratio of farm proprietors to farm 
employment. 

The one measure of farm structure that is most directly linked to the 
original Goldschmidt hypothesis is the share of farmers that are not 
living on the farm. Goldschmidt was concerned that these “absentee” 
owners would siphon income (profits) out of the community. This line of 
thinking is analogous to corporate ownership of tourism and recreation 
businesses in rural communities: the profits leak out of the community. 
As the share of farmers that do not live on the farm increases, earnings 
per job decline, poverty rates increase, homeownership rates decline, 
and business startup rates also decline. Each of these results is consistent 
with the original Goldschmidt hypothesis. The links between higher 
shares of farmers not living on a farm and both lower rates of rental- 

market financial stress and fewer days involving mental-health issues 
are not consistent with the Goldschmidt hypothesis. 

Turning attention to the changes in farm-ownership characteristics 
between 1997 and 2017, we can see that the results continue to be 
inconsistent with the Goldschmidt hypothesis and somewhat contra-
dictory. For example, an increase in the share of farmers whose primary 
occupation is farming is associated with both an increase in financial 
stress in rental markets and poorer health outcomes. While the number 
of statistically significant results is smaller for the “change” variables, 
the results paint a confusing and inconsistent picture of the relationship 
between farm structure and community well-being. Indeed, an increase 
in the number of farmers living off the farm between 1997 and 2017 is 
linked not only to lower rates of home ownership and business startup 
rates, consistent with Goldschmidt, but also to lower levels of poor 
health outcomes which is inconsistent with Goldschmidt. 

The inconsistency between the results for farm structure, whether 
measured through farm size or farmer characteristics, and the results for 
multiple dimensions of community well-being is consistent with much of 
the previous empirical works to prove the Goldschmidt hypothesis. In 
some cases, we uncovered evidence that movement to larger farms is 
potentially beneficial to communities. Arguments could be made that 
larger farms yield higher levels of income to farmers themselves and 
create opportunities for higher pay for farm laborers and hired services. 
While there may be fewer people within the community associated with 
farming, those that are present are better off economically. Also, growth 
in the number of small farms where income to farmers is secondary or 
supplemental could help increase overall income within a community. 
Our results suggest that the data do not support the logical conclusion of 
the Goldschmidt line of thinking, which is that the movement to fewer 
and larger farms necessarily harms the well-being of the surrounding 
community. 

2. Conclusion 

The main goal of this research has been to analyze how the recent 
structural changes in the US agricultural industry has generally affected 
community well-being. The Goldschmidt hypothesis suggests that a 
decreasing number of small farms and an increasing number of big farms 
would have a negative influence on the community. The empirical re-
sults of our research, rather than support the Goldschmidt hypothesis, 
show that the structural changes have mixed effects on community well- 
being. The analysis indicates that higher concentrations of larger farms 
result in higher earnings per job, lower home ownership rates, lower 
business start-up rate, and better health outcomes. The changes in farm 
size over 20 years, on the other hand, seems to have had no discernible 
impact on community well-being. Our empirical analysis, with its 
consideration of farmer characteristics, suggests that current raw data 
do not support the Goldschmidt hypothesis. The results show that the 
more farmers there are who are not living on farm, not only is their 
community’s economic well-being is worse off, but also it is the case that 
rental-market financial stress is lower and days involving mental-health 
issues are fewer. Changes in farm-ownership characteristics also seem to 
have a mixed impact on community well-being over time. 

These results point to several observations. First, while consolidation 
of farms into larger units is continuing, the rate has slowed down 
significantly over the last few decades, and by some measures plateaued 
after the farm crise of the 1980s when the last wave of significant farm 
consolidation occurred. Second, while growth in the largest farms ap-
pears to have slowed, growth in the smallest farms has accelerated. This 
could be the result of the local-foods movement opening marketing 
opportunities for small farms. Another explanation is the growth in what 
could best be described as “hobby” farms, many of which, for example, 
focus on specialty crops such as hops for local beer production. Third, 
there is a clear pattern in the “hollowing out” of the middle of farm size 
distribution: the “average-size farms” are slowly disappearing. Fourth, 
because our results vary across the different measures of community 
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well-being, when thinking about how farm structure impacts local 
communities, researchers need to be more cognizant of what they mean 
by community well-being. 

Given both the inconsistences among studies pertinent to the Gold-
schmidt hypothesis and the results of the present study, which do not 
solidly support the hypothesis, future research and policy discussions 
should rethink what is meant by changing farm structure. Is the ten-
dency of researchers to narrowly focus on large farms a failing? In other 
words, are these researchers ignoring more fundamental changes to 
farming structure? This question merits considerable attention. In 
addition, most of the relevant literature—and the present study is sub-
ject to this criticism—treats farming as a homogeneous industry. Such 
generalizations raise significant concerns about what might be referred 
to as aggregation bias. In this study, we have attempted to address ag-
gregation bias by moving away from acreage to sales, yet the criticism 
remains valid for the literature in general and for this study in particular. 

Future research into how the structure of farming impacts local 
communities must move beyond the tendency to narrowly focus on the 
Goldschmidt hypothesis and large farms and think about both the whole 
of the distribution of farm scale and changes in that distribution over 
time. From a purely empirical perspective, unfortunately, pivoting away 
from this narrow focus requires limits on the lower end of the distri-
bution of farm size. At what point does a farm cease to be a hobby and 
become a viable business enterprise? Perhaps this line of research would 
do well to shift from USDA-based notions of what constitutes a farm to 
definitions laid out, for example, by the Internal Revenue Service (IRS). 
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