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Abstract: This paper evaluates perceived barriers to cover crop adoption, using data from 
an original survey of farmers in two US states. Barriers are compared in a high adoption 
state (Maryland) and a more typical adoption state (Ohio). Although 25.5% in Maryland and 
22.3% in Ohio reported no barriers, the remainder reported at least one barrier. Financial 
barriers are most frequently cited (investment return, seed cost, labor cost, and equipment 
needs), while barriers related to education and information are mentioned less frequently 
(doubts on cover crop importance, knowledge issues, and risk). Multivariate probit regres-
sions explain how farm characteristics and cover crop information sources influence these 
barriers, while allowing perceived adoption barriers to be related in unobservable yet sys-
tematic ways. Results show that these effects differ systematically across states. For example, 
barriers related to investment return are more commonly cited by large-acreage farmers in 
Ohio who use conservation or conventional tillage, relative to no-till. Contrasting results are 
found in Maryland, where there is no acreage pattern and the use of no-till increases concern 
about investment return. The findings on the importance of financial barriers suggest the 
importance of cost-share in encouraging adoption, access to which should be emphasized in 
educational programming. If educators believe farmers’ perceptions of financial barriers do 
not match scientific results—say because farmers’ financial fears are myopic—then the design 
and targeting of educational materials such as enterprise budgets may allay financial concerns.
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Cover crop adoption is widely promoted 
by US federal and state cost-share pro-
grams due to established benefits for 
soil health and water quality. Yet adop-
tion rates in many areas remain low as a share 
of overall cropland acreage. For instance, 
3.9% of US cropland had cover crops (CC) 
planted in 2017, and only Maryland (29%) 
and Delaware (20%) had shares at or exceed-
ing 20% (USDA NASS 2017). Adoption is 
increasing in many states. For instance, in 
Ohio CC acres increased by 101% while 
Maryland increased by 25% between the 
agricultural censuses of 2012 and 2017 
(USDA NASS 2017).

An expansive literature has emerged study-
ing why farmers adopt best management 
practices (BMP), including CC (Baumgart-
Getz et al. 2012; McCann and Claassen 2016; 
Lee and McCann 2019; Ranjan et al. 2019; 

Prokopy et al. 2019). These studies tend to 
emphasize barriers (or related transactions 
costs) as independent variables in the adop-
tion decision. That is, the focus is on BMP 
adoption, and barriers are assumed to influ-
ence farmers’ adoption decisions. Many of 
these studies seek to identify a broader set of 
factors that affect farmers’ adoption of CC 
and then identify barriers as those variables 
with negative and statistically significant 
effects on adoption (Lichtenberg 2004; 
Bergtold et al. 2012; Stuart and Gillon 2013; 
Arbuckle and Roesch-McNally 2015; Dunn 
et al. 2016; Burnett et al. 2018). Commonly 
reported barriers include certain farm and 
farmer characteristics (e.g., farmer age) and 
various self-reported or perceived mea-
sures (e.g., lack of information, hours spent 
on paperwork, etc.). With relatively few 
exceptions (McCann and Claassen 2016), 

however, the literature gives less attention 
to the determinants of adoption barriers. 
That is, these barriers are (perhaps inaccu-
rately) viewed as fixed and independent over 
time and across farmers. Yet, some perceived 
barriers to adoption—such as those related 
to farmers’ attitudes, knowledge, and risk 
perceptions—may change over time, and 
may themselves be affected by a myriad of 
determinants. In formal terms, they may be 
viewed as latent endogenous variables in the 
adoption decision. For example, certain types 
of information sources for farmers may be 
associated with variations in adoption barri-
ers related to risk or cost perceptions. 

That is, some types of adoption barriers 
may be explained as a function of measurable 
independent variables. This is an important 
observation because it implies that some 
types of barriers might be reduced by tar-
geted policies or programs, thereby providing 
a mechanism to enhance adoption. For exam-
ple, financial considerations are a commonly 
reported barrier for CC adoption in previ-
ous studies (Miller et al. 2012; Carlisle 2016; 
Daryanto et al. 2019). CC use requires farmers 
to invest in establishing and terminating the 
crop, and these costs can vary across CC types 
(Roesch-McNally et al. 2017). For instance, 
Roley et al. (2016) showed that the average 
annual cost for using winter rye (Secale cereale 
L.) was US$61 ac–1 (US$150.70 ha–1), which 
includes the costs of seeding, planting, ter-
minating, additional time and labor, and the 
effects on cash crops. However, these costs 
might also vary across farmers as a function of 
their experience, field types, etc. Hence, it is 
reasonable to expect that perceived financial 
barriers to CC adoption might vary across 
farmers, as a function of a variety of farm and 
farmer characteristics. 

It is also possible that some CC adop-
tion barriers might be nonindependent 
(correlated), or related in unobservable yet 
systematic ways. There is clear evidence of 
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such correlation in different types of BMP 
adoption decisions (Kara et al. 2008; Fleming 
et al. 2018), suggesting the possibility that 
similar correlations may apply to the under-
lying adoption barriers. These correlations 
can be identified using multivariate statistical 
approaches that model barrier determinants 
simultaneously for different barriers—
thereby providing insight into the extent 
to which different barriers are correlated 
across farmers, ceteris paribus. Evidence of 
such correlation (or lack thereof) can be 
instrumental in helping to develop effec-
tive barrier-reducing agronomic education 
efforts. For example, evidence that barriers 
due to financial considerations and risk per-
ceptions are correlated might suggest the 
efficacy of educational programs that target 
these two barriers jointly, rather than treating 
them as independent concerns.

Understanding determinants of adoption 
barriers can inform potential approaches 
to ameliorate these barriers over time, 
and hence promote greater CC adoption. 
Although the existing literature on barriers 
is reviewed further below, among the key 
gaps is that quantitative research does not yet 
offer a comprehensive comparison of (1) the 
perceived importance of different types of 
perceived financial and educational barriers, 
(2) what farm characteristics and CC infor-
mation sources are associated with perceived 
barriers, (3) whether there are unobserved 
correlations across perceived barriers such as 
these, and (4) whether raw barrier responses 
and multivariate probit model (MVP) results 
vary across different states.

To address gaps in understanding CC adop-
tion barriers, this paper develops a statistical 
model of perceived adoption barriers using 
data from a survey of farmers built upon the 
most recent existing literature and an original 
set of focus groups. Data analysis applies a mul-
tivariate regression technique that controls for 
unobserved/unobservable variation in farmers’ 
opinions about the relevance of different bar-
riers. Results from the same model and survey 
instrument are compared across a relatively 
high adoption state (Maryland) and a more 
typical adoption state (Ohio). This allows for a 
systematic comparison in barrier determinants 
across two states with different CC cost-share 
and educational programming.

Materials and Methods
In the sections that follow we use the term 
“barriers” rather than “perceived barriers” 

for conciseness, while acknowledging that 
the analysis solely addresses barriers as per-
ceived by farmers. Of course, there may be 
a perception-reality divergence in modeling 
CC barriers. A farmer’s perceptions about 
barriers might not match those perceived 
by agronomic experts. This paper focuses on 
farmer perceptions of these barriers, under 
the recognition that behavior is likely to be 
motivated by these perceptions, whether or 
not these perceptions are consistent with 
reality. The current data cannot (and is not 
intended to) evaluate the extent to which 
respondents’ perceptions match objective 
reality. However, to the extent that a diver-
gence exists, educational programming 
might close any perception-reality gaps. It is 
also possible that better, targeted education 
might be as or more effective than cost-
share in overcoming barriers. The goal of the 
paper is to inform these and other programs 
that explicitly target perceived barriers to 
enhance CC adoption. To preface the analy-
sis that follows, the following section reviews 
the institutional backgrounds on CC pro-
gramming in the two states studied. Then, 
the survey design, data collection, and vari-
ables are described.

Cover Crop Programs in Ohio and 
Maryland. CC adoption barriers are poten-
tially affected by a variety of variables 
reflecting relevant government policies, 
available cost-share programs, education and 
extension activities, the CC input subsector, 
equipment availability, and the behavior of 
other farmers. Here, we compare Ohio and 
Maryland, which differ substantially in terms 
of programs available to support CC, agricul-
tural production, and the context in which 
adoption is promoted. Primary cash crops 
in both states include corn (Zea mays L.), 
soybean (Glycine max [L.] Merr.), and small 
grains. Maryland has among the highest CC 
adoption rates among US states at 20% to 
25% of total cropland (327,689 ac [132,611 
ha]) (Weil and Kremen 2007; USDA NASS 
2017). In contrast, CC acreage in Ohio is esti-
mated at 357,292 ac (144,591 ha), which is 
approximately 3.3% of total cropland (USDA 
NASS 2017). Adoption of CC is promoted in 
the two states in part to reduce nutrient loads 
to the Chesapeake Bay (Maryland) and west-
ern Lake Erie basin (Ohio); both waterbodies 
have total maximum daily loads established. 
With respect to available CC programs, both 
states provide federal cost-share through the 
Environmental Quality Incentives Program 

(EQIP) and Conservation Stewardship 
Program (CSP). However, enrollment in 
federal programs and the scale of state and 
local programs differ considerably between 
the two states. Meanwhile, programs in the 
two states cannot be compared directly since 
the EQIP and CSP in Ohio cover all BMPs 
while the dominant program in Maryland 
incentivizes CC adoption and use. 

In Ohio, the nonfederal local/state/water-
shed-based programs have relatively low 
budgets such that federal programs incen-
tivize more planting. According to the data 
from USDA NRCS (2019b), EQIP fund-
ing in the fiscal year 2019 in all of Ohio 
totaled US$36.124 million, an increase of 
43% compared to the US$25.338 million in 
2010. About 70% of the total EQIP funding 
went to program participants as payments for 
implementing conservation practices, and 
the remainder was used for technical assis-
tance or reimbursement funds. In 2019 there 
were 1,496 active contracts in EQIP, with 
223,842 contracted acres (90,586 ha). CSP 
also provided US$11.5 million for Ohio in 
fiscal year 2019 (USDA NRCS 2019a). Of 
this total, US$9.02 million, or 78%, of CSP 
funding in Ohio was paid directly to the 
participants for maintaining and improving 
existing conservation practices. There were 
111 active contracts in 2019, with 27,544 
total acres (11,147 ha). 

The presented analysis relies on data 
collected in eight contiguous counties in 
northwest Ohio, where farmers have several 
state and local conservation CC programs 
available. For the sample discussed in this 
paper, 5.6% of respondents reported plant-
ing CC in EQIP in 2017, 2.2% in CSP, 
0.8% in other federal programs, and 8.2% 
in state/local programs such as the Great 
Lakes Restoration Initiative (GLRI), Ottawa 
River watershed project, Miller City Cuttoff 
& Pike Run Watershed Grant, and Central 
Fulton Conservation Project. 

In contrast, the Maryland Agricultural 
Water Quality Cost-Share (MACS) Program 
is a large state initiative with comparatively 
high budgets that allow nearly 100% of 
applicants to obtain some type of cost-share. 
In 2019 to 2020, the total funding for this 
program was US$22.5 million, and farmers 
could receive up to US$90 cost-share ac–1 

(US$222.40 cost-share ha–1) of CC planted. 
There were 1,687 farms that participated in 
the program with 558,976 ac (226,210 ha) 
during 2016 to 2017 (Maryland Department 
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of Agriculture 2017). Maryland farmers are 
also eligible for federal programs. EQIP 
funding in Maryland in 2019 was US$18.56 
million, or roughly half of the funding in 
Ohio (USDA NRCS 2019b). The total 
active contracts and acreage for EQIP in 
Maryland are 341 and 14,045 ac (5,684 ha), 
which are about 22.8% of total active con-
tracts and 6.3% of the enrolled acreage in 
Ohio. For the sample discussed in this paper, 
0.9% of respondents planted CC in EQIP 
during 2017, 1.3% in CSP, 1.1% in other fed-
eral programs, and 66.0% in MACS. Hence, 
there are considerable differences in CC pro-
gram use across the two states.

Barriers to Cover Crop Adoption and 
Survey Variables. There is an extensive CC 
adoption literature (Lee and McCann 2019), 
summaries of which are provided elsewhere 
(Carlisle 2016; Miller et al. 2012). Rather 
than repeating the general insights in prior 
reviews, the following section highlights more 
recent findings of this literature as related to 
the variables included in the empirical anal-
ysis. In this way, we summarize the primary 
ways in which existing work motivated our 
research design. In supplementary materials, 
we develop an updated version of the sum-
mary table in Miller et al. (2012), focusing 
solely on barriers to adoption (our table S1 
lists 13 barriers from prior studies, which 
we reduce to 7 key barriers and an “other” 
category). The 7 dependent variables in our 
empirical analysis take the form of binary 
indicators identifying whether farmers per-
ceive certain types of barriers as affecting CC 
use on their farm. 

The survey was developed over a two-
year process, including (1) an initial literature 
review, (2) six structured interviews with CC 
program personnel and other experts in both 
states and the federal government, and (3) 
focus groups with farmers in each state. The 
purpose of the structured interviews was to 
understand relevant state and federal CC 
programs, patterns in enrollment, perceived 
challenges in maintaining and increasing CC 
adoption/enrollments, etc. Information from 
these interviews was supplemented with the 
results of four focus groups conducted with 
25 farmers in Ohio and Maryland (held in 
December of 2016 and January of 2017). 
These focus groups explored the way farm-
ers and local CC program personnel thought 
about CC, available CC programs, and differ-
ent types of barriers to adoption. This insight 
was used to develop the set of barriers for 

which information was elicited by the sur-
vey instrument and that were ultimately 
included as dependent variables in the quan-
titative models. Focus groups also provided 
information on the factors hypothesized to 
cause systematic variations in these barriers 
across different farms and farmers—these 
comprise the explanatory variables. A final 
goal of focus groups was to refine and pretest 
the language in the survey instrument, fol-
lowing survey design guidelines in Johnston 
et al. (2017). 

Barriers were identified for each farmer 
who responded to the survey via the follow-
ing question: “What do you think are the 
barriers to using cover crops on your farm? 
(…whether that means planting a cover crop 
for the first time or planting more than you 
currently plant) Please check all that apply.” 
This was followed by a list of seven state-
ments (detailed in supplementary table S2), 
along with an “other” category. Those who 
checked the “other” category were able to 
describe this barrier in a follow-up text box.

Most literature cites economic or finan-
cial challenges as one of the primary barriers 
to adoption (Carlisle 2016; SARE 2017; 
Daryanto et al. 2019). CC have direct costs 
associated with the purchase of seed, labor, 
and equipment used in planting and ter-
mination (Lichtenberg 2004; Arbuckle and 
Ferrell 2012; Bergtold et al. 2012). Studies 
show that the absence of cost-share programs 
or insufficient cost-share rates in some states 
contribute to farmers’ financial concerns 
(Maryland Department of Agriculture 2005; 
Singer et al. 2007; Baumgart-Getz et al. 2012; 
Dunn et al. 2016). The overall concern that 
CC do not pay for themselves was captured 
by the variable ROI for return on investment, 
or the financial sustainability of planting CC. 
This variable takes a value of 1 if the survey 
respondent identified the following as a bar-
rier within the survey: “I am not confident 
that cover crops are financially sustainable.” 
The use of the term “sustainable” implies a 
focus on long-term returns. A qualification 
is that some respondents may have conflated 
their other financial concerns with CC, 
being more pessimistic about CC ROI than 
in some other years. This might be expected 
because 2016 and 2017 were 2 of the 12 
years between 2000 and 2019 when net farm 
income was below the average (USDA ERS 
2021). Indeed 2015 to 2019 was an extended 
low period for this measure. Although the 
frequency with which this barrier is reported 

might be higher than in some years, we do 
not anticipate a systematic bias in the effect 
of the explanatory variables on ROI in the 
presented empirical analysis.

Many studies find that the costs of seed, 
labor, and equipment can also prevent 
broader CC adoption, apart from more gen-
eral ROI concerns. The survey therefore 
asks separate questions about each of these 
costs: COSTS-LABOR, COSTS-SEED, 
and EQUIPMENT (we report the survey 
questions and summary statistics by state in 
supplementary table S2). For example, seed 
costs are variable (they depend on whether 
CC are planted) while equipment costs are 
fixed in the short run (they occur regardless 
of whether CC are planted, and the survey 
question focuses on buying equipment rather 
than operating and maintaining it). Labor 
costs might be fixed or variable. As a result of 
these and other differences, these costs might 
present different types of barriers to different 
types of farming operations, for example as a 
function of factors such as financial position, 
experience, level of capitalization, and size of 
operation. ROI addresses respondents’ overall 
concern with the financial sustainability over 
a long term—which considers both reve-
nues and costs—while COSTS-LABOR, 
COSTS-SEED, and EQUIPMENT empha-
size specific sources of cost.

CC might introduce perceived risks to a 
farming operation, captured by the variable 
RISK and linked to the statement “I believe 
there are risks to my farm introduced by plant-
ing cover crops.” One possible risk is that CC 
may interfere with the fall harvest or spring 
planting of the cash crop (Snapp et al. 2005; 
Dunn et al. 2016; Roesch-McNally et al. 2017). 
Other risks may be farm- or farmer-specific. 
For instance, during focus groups in Ohio, 
respondents expressed concern that CC might 
provide winter food for nuisance animals, 
thereby increasing pest impacts in future years. 
Farmers may also fear that planting CC might 
increase some diseases and/or that CC could 
become a weed (Snapp et al. 2005). Farmers 
might also be concerned about financial risks 
and impacts on yield variability.

Lack of farmer experience (or related 
information and education challenges) may 
further discourage the use of CC. Some 
farmers lack sufficient information, such as 
information on the benefits of planting CC 
(Singer et al. 2007; Arbuckle and Ferrell 
2012; Miller et al. 2012) or related to selec-
tion of CC species within a crop rotation 
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(Miller et al. 2012; SARE 2017). Prokopy 
et al. (2019) review 35 years of adoption 
literature, and one conclusion is that future 
research should measure the impact of dif-
ferent “avenues of reaching farmers.” Here, 
we distinguish between two potential bar-
riers related to experience and knowledge. 
The first reflects basic knowledge about 
CC (KNOWLEDGE), whereas the second 
reflects a more general disagreement that 
CC are important (IMPORTANCE). The 
former is linked to the statement “I don’t 
know enough about cover crops” while the 
latter is linked to the statement “I don’t think 
of cover crops as being an important part of 
my farming.” Both of these barriers may be 
addressed with continuing education about 
the private benefits and costs of CC. Research 
also can test whether specific avenues of edu-
cational programming are most effective at 
reaching farmers who were unpersuaded by 
previous efforts to promote adoption. Some 
novel approaches may even be effective, such 
as peer mentoring programs (we thank an 
anonymous referee for this suggestion).

The “other” option with an open-ended 
follow-up question allows respondents to 
discuss other types of barriers that are not 
explicitly addressed by other survey ques-
tions. The survey did not ask farmers to 
consider an exhaustive list of all possible CC 
adoption barriers. This was done intention-
ally. First, listing all possible adoption barriers 
would have led to an exceptionally long list 
that would risk frustrating survey respon-
dents. Second, and most importantly, many 
types of barriers do not vary systematically 
across farmers and hence cannot readily be 
addressed by farm-level interventions. For 
example, there may be macro-scale barriers 
to CC adoption related to factors such as the 
structure of the state or regional farm econ-
omy. Our study does not address barriers of 
this type because they apply similarly to all 
farmers in a region. 

Explanatory Variables and Hypotheses. 
Two types of variables potentially influence 
barriers: 12 farm and farming operation 
characteristics and 13 information sources 
(table 1). LNACRE measures the log of acres 
of cropland for commodity crops in 2017. 
Studies show that farmers with larger acre-
age may perceive fewer barriers to use CC 
or conservation practices, in general, because 
they have economies of scale in the fixed costs 
of learning, equipment, etc. (Featherstone 
and Goodwin 1993; Upadhyay et al. 2003; 

Gabrielyan et al. 2010; Vitale et al. 2011). In 
contrast, Bergtold et al. (2010) found that 
larger acreage has a negative impact on CC 
adoption due to the lack of time and labor 
(Bergtold et al. 2012). Other studies find an 
insignificant relationship between farm size 
and conservation practices (Prokopy et al. 
2008; Bergtold et al. 2012). Various explana-
tions have been offered for the mixed results 
on the farm-size/adoption relationship. For 
instance, there may be different measures of 
farm size, either acreage managed or acre-
age owned (Prokopy et al. 2008). Or, there 
may be scale-related challenges with capital 
investment, risk tolerance (Carlisle 2016), 
and/or anticipated environmental benefits 
(Arbuckle and Ferrell 2012). In this paper, 
we expect that LNACRE should have no 
effect, or a negative effect, on the two bar-
riers (EQUIPMENT and ROI) due to 
economies of scale. However, acreage should 
be positively associated with labor because of 
lumpiness in labor supply, or an inability to 
hire more labor, especially for the small farms 
in our sample (76.5%) with gross cash farm 
income (GCFI) less than US$350,000 for 
whom hiring new labor may not be routine. 

Farming experience is measured using four 
binary indicators for the years of farming by 
the principal operator: EXPERIENCE<16, 
EXPERIENCE16-30, EXPERIENCE31-45, 
and EXPERIENCE46+. Our survey also 
included measures of farmer’s age and GCFI; 
however, these two measures were cor-
related with farming experience. Therefore, 
we use experience in the regressions alone, 
which also partially captures age and GCFI 
effects. To evaluate whether this specification 
choice has a significant impact on model 
results, we also estimated preliminary mod-
els that included all three of these types of 
variables, but only 1 of 32 new coefficients 
was significant. Because these new variables 
introduce multicollinearity and the exist-
ing results are robust, we proceed with the 
model that incudes experience alone, as a 
proxy for combined age, income, and expe-
rience. We hypothesize that the relationship 
between farm experience and adoption 
barriers will depend on farmers’ risk pref-
erences (Abadi Ghadim and Pannell 1999; 
Bergtold et al. 2012), but also on age because 
younger farmers are more likely to use CC 
(Clay et al. 2020). That said, older farmers 
would tend to have more years of oppor-
tunity to experiment with CC and identify 
an optimal mix of inputs to enhance profits. 

Thus, in concept, greater experience should 
lead to reduced concern about CC labor 
requirements (COSTS-LABOR) because 
accumulated skills should substitute for labor 
quantity. However, more experienced farm-
ers might also be resistant to change. More 
experience might also proxy for financial 
security, so more experience should lead to 
fewer financial barriers. Considering these 
factors, we hypothesize that less experienced 
farmers will be more likely to report barriers, 
while those with more experience will be 
less likely. 

The set of explanatory variables also 
includes indicators for the use of conventional 
tillage (CONVTILL), conservation tillage 
(CONSTILL), and no-till (NOTILL). Within 
the survey, conventional tillage was defined as 
“less than 30% of the soil surface is covered 
by residue after planting,” while conserva-
tion tillage refers to “at least 30% of the soil 
surface is covered by residue after planting.” 
No-till is the case in which there is “no soil 
disturbance prior to planting.” Survey respon-
dents were allowed to select multiple options 
in this question. Because CC management 
under no-till often incorporates equipment 
for termination, such as a “roller-crimper” 
(Miller et al. 2012), one possible hypothesis 
is that farmers who use no-till (NOTILL) 
will be more likely to report barriers related 
to equipment (EQUIPMENT). However, 
Bergtold et al. (2010) found that farmers 
who already adopted conservation tillage 
were more likely to adopt CC. Thus, the 
use of conservation tillage (CONSTILL) or 
no-till (NOTILL) is expected to have nega-
tive relationship with CC barriers.

The variables CORN, SOYBEANS, and 
WHEAT indicate whether the respondent 
planted the crop. The survey also includes 
a single variable, OTHERCROP, which 
includes those who reported “any other 
crops” and the few respondents who (per-
haps erroneously) selected “no crops.” 
Participants selected all that apply (and table 
2 shows that >80% of respondents planted 
corn and soybeans). The use of any irri-
gation (IRRIGATION) was an indicator 
variable. Studies show that farmers in areas 
with a dominant corn–soybean production 
system can find it challenging to integrate 
CC into the crop rotation because most of 
the agricultural infrastructure is oriented 
toward corn and soybeans (Arbuckle and 
Ferrell 2012; Roesch-McNally et al. 2017). 
Accordingly, there may be a positive tendency 
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for corn–soybean farmers to report one or 
more of labor, seed, or equipment barriers. 
As irrigation should reduce crop yield risks 
and indicate high levels of capitalization, we 
anticipate that IRRIGATION will be nega-
tively associated with ROI, COSTS-SEED, 
and EQUIPMENT.

Farmers can learn about CC in many ways, 
and we consider 10 possible information 
sources identified by our interviews and focus 
groups as being particularly relevant to farm-
ers in at least one of the two states: the USDA 
Natural Resources Conservation Service 
(NRCS) (INFONRCS), Soil Conservation 
District Office (INFODISTICT), 
Cooperative Extension web services 
(INFOEXTWEB), the Departments of 
Agriculture in each state (INFOSTATE), 
extension agents (INFOEXTAGENT), seed 
dealers (INFODEALERS), growers’ asso-
ciations (INFOGROWERS), Farm Bureau 
(INFOFB), and informal channels like 

neighboring farms (INFOFARM-NEIGH) 
or other farmers (INFONOFARM-
NEIGH). Respondents were asked which 
of these information sources were used and 
could select more than one source. The 
information source of the Ohio No-Till 
Council (INFOOHNOTILL) only exists 
in the Ohio survey. This survey lists 11 spe-
cific information sources and two possible 
answers for other sources. Although it may 
seem possible that our barriers and informa-
tion sources could have dual causation, we 
ran separate regressions with and without the 
information sources and find no compelling 
evidence that the inclusion of (potentially 
endogenous) information sources lead to 
potential biases in other conclusions drawn 
from the model (table S6 in the supplemen-
tary files). Hence, although we lack the data 
to address any possible endogeneity of infor-
mation sources formally, other model results 
are robust to the inclusion or exclusion of 

these variables. We proceed with models that 
include the information-source variables, 
while noting that results for these variables 
should be interpreted with at least some cau-
tion due to possible endogeneity.

Existing studies highlight the importance 
of CC information for adoption (Snapp et 
al. 2005; Arbuckle and Ferrell 2012; Miller et 
al. 2012; Carlisle 2016), and we seek insight 
about the relative impact of different infor-
mation sources in reducing barriers. Indeed, 
the naïve hypotheses are that each source 
should reduce barriers. However, we also 
hypothesize that farmers who obtain infor-
mation on CC from public agencies (e.g., 
Departments of Agriculture, USDA NRCS, 
and extension agents) would be less likely 
to report barriers of all types because these 
agencies provide information that is designed 
to help farmers overcome barriers. In con-
trast, it is possible that information from 
private networks might have some built-in 

Table 1
Explanatory variables and expected relationships to barriers to cover crop adoption.

  Hypothesized sign   
Variable Explanation ROI  Labor Seed Equipment

Farm and farming operation characteristics    
  LNACRE Acreage of cropland in log form – ? + –
  EXPERIENCE<16 Indicator: 1 = Farming experience less than 15 years + ? + +
  EXPERIENCE16-30 Indicator: 1 = Farming experience between 16 and 30 years + ? + +
  EXPERIENCE31-45 Indicator: 1 = Farming experience between 31 and 45 years – ? – –
  EXPERIENCE46+ Indicator: 1 = Farming experience above 46 years – ? – –
  CONVTILL Indicator: 1 = Use conventional tillage   + 
  CONSTILL Indicator: 1 = Use conservation tillage – – – –
  NOTILL Indicator: 1 = Use no-till – – – –
  OTHERTILL Indicator: 1 = Use other tillage    
  CORN Indicator: 1 = Produce corn ? + + +
  SOYBEANS Indicator: 1 = Produce soybeans ? + + +
  WHEAT Indicator: 1 = Produce wheat    
  OTHERCROP Indicator: 1 = Produce other crops    
  IRRIGATION Indicator: 1 = Yes – ? – –
Information sources    
  INFOEXTAGENT Indicator: 1 = Extension agent    
  INFODEALERS Indicator: 1 = Seed dealers    
  INFOEXTWEB Indicator: 1 = Cooperative extension web services    
  INFODISTICT	 Indicator:	1	=	Soil	Conservation	District	Office	 	 	 	
  INFOSTATE Indicator: 1 = Maryland/Ohio Department of Agriculture    
  INFOOHNOTILL Indicator: 1 = Ohio No-Till Council    
  INFONRCS Indicator: 1 = USDA Natural Resources Conservation Service    
  INFOGROWERS Indicator: 1 = Growers’ associations    
  INFOFB Indicator: 1 = Farm Bureau    
  INFOFARM-NEIGH Indicator: 1 = Other farmers—neighbors    
  INFONOFARM-NEIGH Indicator: 1 = Other farmers—not neighbors    
  INFOOTHER Indicator: 1 = Other    
  INFONONE Indicator: 1 = None of the above  
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biases that attenuate barrier-reducing poten-
tial; for instance, a seed company might favor 
a more capitalized model of agriculture and 
thus this information source might be asso-
ciated with an increase in labor barriers. We 
also expect the two farmer-information 
sources to be the least likely to reduce barri-
ers because their objective functions do not 
necessarily involve CC promotion. 

Statistical Methods. CC adoption studies 
often have dichotomous dependent variables 
(adopt/not adopt) analyzed with discrete 
choice regression techniques such as logit or 

probit models. The model in this paper is sim-
ilar; however, four response variables (barriers) 
are simultaneously modeled using a more 
general MVP (Greene 2012) (equation 1):

y*m = x'mβm + ϵm, m = 1,…, M, (1)

ym = 1 if y*m > 0, ym = 0 otherwise,

where the y*m is a vector of unobserved latent 
variables of respondents’ perceptions about 
whether barriers m = 1,…, M exist (subscript 
m references each barrier), xm is a vector of 

observable influences, and ϵm is a vector of 
unobservable influences that are treated 
as errors. The equation error distributions 
are assumed multivariate normal with zero 
means and a variance-covariance matrix R, 
where R has 1s on the leading diagonal and 
correlated coefficients ρmn between equation 
m and n on the off-diagonal elements. 

If the unobserved latent variable for a 
farmer’s opinion on a specific barrier (y*m) 
is positive, then the farmer has reported this 
factor (ym) to be a barrier to CC use. These 
perceptions may overlap across different bar-
rier types—for instance, the perception of 
a ROI barrier may be related to concerns 
about the equipment needed to plant CC. 
The MVP model allows one to test whether 
the observed variables affect one barrier in 
the same way or differently than other bar-
riers (e.g., 𝜷1𝒍 ≠ 𝜷1𝒌 where l and k indicate 
different set of barriers). 

The MVP model also tests for variation 
across barriers through unobserved compo-
nents via the correlation coefficients (ρ). The 
unobserved variations may come from the 
potential connections between farmers’ per-
ceptions of barriers to adopt CC. However, 
the omitted variables that are unmeasurable 
(or costly to measure) explanatory variables, 
such as awareness of and concern about the 
environmental impact and farmland quality, 
can also contribute to the unobserved vari-
ations. For example, some types of farmers 
may simply be predisposed to perceive many 
types of CC adoption barriers, ceteris paribus. 
Because the adoption barriers are binary 
outcomes with potential correlation in unob-
served components, the MVP model is more 
appropriate than a univariate model. The 
univariate models, which ignore the unob-
served and common factors and correlation 
among adoption barriers and estimate the 
models independently, can lead to inefficient 
and less informative estimates (Kassie et al. 
2013; Lin et al. 2005; Mulwa et al. 2017). The 
model is estimated using maximum likeli-
hood with GHK simulation (Cappellari and 
Jenkins 2003). 

Survey Methods. The survey was imple-
mented using a mixed-mode mail/internet 
approach from late January to March of 
2018. The survey sample frame was all poten-
tial CC growers in Maryland and the eight 
counties of northwest Ohio (Allen, Fulton, 
Hancock, Henry, Lucas, Putnam, Seneca, 
and Wood). To obtain a mailing list for this 
group, we obtained a list of commodity crop 

Table 2
Summary statistics of variables used in regressions.

 Maryland  Ohio   
Variable Mean sd Mean sd t-test

Dependent variables     
    ROI 0.29 0.45 0.38 0.49 –0.09***
    COSTS-LABOR 0.34 0.47 0.36 0.48 –0.02
    COSTS-SEED 0.41 0.49 0.39 0.49 0.02
    EQUIPMENT 0.14 0.35 0.28 0.45 –0.14***
Explanatory variables     
  Farm and farmers characteristics    
    LNACRE 5.51 1.38 5.53 1.19 –0.02
    EXPERIENCE <16 0.12 0.32 0.12 0.32 0.00
    EXPERIENCE16-30 0.20 0.40 0.23 0.42 –0.03
    EXPERIENCE31-45 0.40 0.49 0.41 0.49 –0.01
    EXPERIENCE46+ 0.29 0.45 0.23 0.42 0.06**
    CONVTILL 0.29 0.45 0.55 0.50 –0.26***
    CONSTILL 0.41 0.49 0.51 0.50 –0.10***
    NOTILL 0.87 0.34 0.65 0.48 0.22***
    CORN 0.80 0.40 0.86 0.35 –0.06***
    SOYBEANS 0.90 0.30 0.97 0.18 –0.07***
    WHEAT 0.46 0.50 0.55 0.50 –0.09***
    OTHERCROP 0.36 0.48 0.20 0.40 0.16***
    IRRIGATION 0.29 0.45 0.04 0.18 0.25***
  Information sources     
    INFOEXTAGENT 0.51 0.50 0.44 0.50 0.07***
    INFODEALERS 0.29 0.45 0.40 0.49 –0.11***
    INFOEXTWEB 0.23 0.42 0.16 0.37 0.07***
    INFODISTICT 0.75 0.43 0.48 0.50 0.27***
    INFOSTATE 0.69 0.46 0.23 0.42 0.46***
    INFOOHNOTILL — — 0.12 0.32 —
    INFONRCS 0.44 0.50 0.22 0.41 0.22***
    INFOFB 0.17 0.37 0.17 0.38 0.00
    INFOFARM-NEIGH 0.36 0.48 0.40 0.49 –0.04
    INFONOFARM- NEIGH 0.21 0.41 0.23 0.42 –0.02
    INFOOTHERS 0.09 0.08 0.08 0.08 –0.01
    N  546  1,250
Notes: Original data collection by authors. The option of INFOOHNOTILL only exists for respon-
dents in Ohio. Given that the Maryland and Ohio survey only has few observations for INFOGROW-
ERS (0.05 for Maryland and 0.04 for Ohio), INFOOTHER (0.04 for Maryland and 0.04 for Ohio), 
the researchers grouped these two options in both states and renamed as INFOOTHERS.
*** p < 0.01, ** p < 0.05.
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(corn, soybean, and small grains) farmers 
from the USDA Farm Service Agency, and 
supplemented this list in Maryland with 
an additional state program participant list 
and the Maryland Grain Producers and 
Utilization Board list. The combined mailing 
list was cleaned manually to remove dupli-
cates, nonspecific location addresses (like 
post office boxes), corporation names that 
suggested an individual farmer might not 
be answering the survey, and businesses like 
golf courses and cemeteries. This procedure 
yielded 8,774 names to which survey invita-
tion letters were sent (5,551 in Ohio; 3,223 
in Maryland). 

Survey implementation followed the 
tailored design method for mixed-mode sur-
veys outlined by Dillman et al. (2014). The 
first contact was a letter sent by postal mail 
that explained the purpose of the research 
and invited the respondents to complete 
an online version of the survey. This letter 
provided the URL and subject identifica-
tion number necessary to access the survey. 
Paper surveys could also be requested. Three 
rounds of follow-up (reminder) mail con-
tacts were sent to those who did not respond 
to earlier contacts, with a paper copy of the 
survey included with the third contact let-
ter. This procedure yielded a total sample 
size of 2,804 completed surveys, with 1,845 
from Ohio (65.8%) and 959 from Maryland 
(34.2%). Various respondents were subse-
quently excluded from this analysis based 
on survey responses, suggesting they were 
not potential CC growers. These included 
farmland owners who did not farm or had 
land entirely out of production, and hence 
were not making decisions with regard to 
CC planting. The overall response rate is 
41.7% in Maryland and 37.4% in Ohio, but 
only some of the observations were usable 
and came from commodity crop farmers 
(59% in Maryland and 77% in Ohio). CC 
were familiar to the respondents; respectively, 
95.4% and 74.5% of Maryland and Ohio 
respondents reported having planted CC at 
some point in the past.

The data used for the analysis are drawn 
from sections of the survey that asked about 
barriers to CC adoption (see above), with 
explanatory variables derived from questions 
on demographic, farming, and farm charac-
teristics. The survey defined CC as “any crop 
planted for late fall, winter, or early spring 
seasonal vegetative cover.” After initial data 
screening (see above) but before accounting 

for missing data on individual variables used 
within the model (due to incomplete survey 
questions), the data included 1,518 obser-
vations from Ohio and 716 from Maryland. 
There were 2,804 observations in total from 
the survey, but the presented models are 
estimated using survey responses only from 
landowners who plant commodity crops. 
This screen left 2,277 observations, and a fur-
ther 481 observations were dropped because 
of missing values (table S3 in the supplemen-
tary files). However, as the regression analysis 
below models the two states separately and 
controls these factors in each analysis, the 
impact of missing values on parameter esti-
mation is likely small. The final usable sample 
size is n = 1,796, with 546 from Maryland 
and 1,250 from Ohio.

Results and Discussion
The first subsection below explains the aver-
age respondent’s view about which barriers 
affected CC use. The raw data show differ-
ent orders and intensities among Maryland 
and Ohio samples, but in both states the 
four most important barriers are ROI, 
COSTS-LABOR, COSTS-SEED, and 
EQUIPMENT. The following two sub-
sections explore the Ohio and Maryland 
responses using MVP regressions on the 
relationship among farm and agronomic 
characteristics and the four most important 
barriers. A final subsection compares the 
results for the two states.

Descriptive Analysis. Figure 1 (the data 
in figure 1 are also presented in table form 
in supplementary materials, table S2) shows 
the percentage of respondents that reported 
whether each of the barriers affected their CC 
use. Given Maryland’s robust CC program, it 
is not surprising that the three least-reported 
barriers for this state involved public educa-
tion: KNOWLEDGE (4%), IMPORTANCE 
(9%), and RISK (8%). Instead, Maryland 
respondents were more likely to report bar-
riers involving the financial viability of CC: 
EQUIPMENT (14%), ROI (29%), COSTS-
LABOR (34%), and COSTS-SEED (41%). 
OTHER barriers were reported by 27% of 
Maryland respondents and 16% of Ohio 
respondents, but this category will not be 
analyzed as it means different things to dif-
ferent respondents. The “other” category 
was included to prevent respondents from 
forcing a missing category of barrier into 
one of the seven principal categories. Some 
respondents who answered “other” also filled 

in an open-ended answer. We did not recode 
open-ended answers back into the seven 
categories. In both Maryland and Ohio, 4% 
of respondents answered “other” and then 
wrote that there were no barriers to CC. 
Besides that answer-in-error, the most com-
mon “other” responses in Maryland were 
that the state program rules on planting were 
too restrictive (10%), weather (2%), and lack 
of funding (2%). In Ohio, the most common 
were program restrictions (3%), weather 
(2%), and a skepticism that CC improve 
environmental outcomes (2%).

Ohio respondents were more likely than 
those in Maryland to report five of the bar-
riers as being relevant: IMPORTANCE 
(17%), KNOWLEDGE (17%), ROI (38%), 
RISK (21%), and EQUIPMENT (28%). 
Once again, this matches expectations given 
the relative lack of robust and longstanding 
state-level CC programs in Ohio, compared 
to Maryland. The most commonly reported 
four (out of seven) barriers in Ohio were 
the same as in Maryland. The MVP regres-
sion analyses focuses only on EQUIPMENT, 
ROI, COSTS-LABOR, and COSTS-SEED. 
This decision to exclude KNOWLEDGE, 
IMPORTANCE, and RISK is motivated 
by the lower importance of these barriers 
to farmers. This lesser degree of importance 
(along with other patterns common in these 
less-important barriers) also contributes to 
statistical challenges for the MVP model. The 
MVP regression, like dichotomous choice 
models in general, are less reliable when the 
dependent variable is dominated by a single 
outcome (e.g., when a barrier is rarely iden-
tified as relevant) or when the data set has 
little variation in both dependent and inde-
pendent variables. In such cases, the data do 
not provide sufficient variation to support 
reliable statistical inference (i.e., it is difficult 
to identify statistically significant effects due 
to lack of variation in the data).

As respondents could identify more than 
one barrier, another set of descriptive sta-
tistics involve the patterns over multiple 
possible barriers that could be identified. 
Figure 2 (same data as supplementary table 
S4) shows the percentage of respondents 
in each state that identified zero, one, two, 
three, or four of the most important barri-
ers. The most common permutation in both 
states was zero reported barriers, followed 
by one barrier (labor in Ohio and seed in 
Maryland). Not surprisingly, Maryland 
respondents were more likely to report zero 
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owners and plant commodity crops (such 
as corn, soybeans, and small grains), this is 
expected. Over 65% of respondents in both 
Maryland (69%) and Ohio (65%) have farm-
ing experience over 30 years. Meanwhile, less 
than 12% of respondents are new farmers 
whose farming experiences are less than or 
equal to 15 years. The percentage of respon-
dents in Maryland who have at least 46 years 
of farming experience is significantly higher 
than those in Ohio (p = 0.022). 

Conventional and conservation tillage are 
more prevalent in Ohio (CONVTILL = 
55%, CONSTILL = 51%) than in Maryland 
(CONVTILL = 29%, CONSTILL = 41%). 
Given the prevalence of CC in Maryland, 
tillage practices tended to be conservation till 
or no-till; 87% of respondents from Maryland 
claim that they use no-till, which is higher 
than the percentage in Ohio (65%). The 
corn–soybean cropping system is dominant 
in both Maryland and Ohio. Not surpris-
ingly, over 90% of respondents from both 
states plant soybeans (97% in Ohio and 90% 
in Maryland) and over 80% plant corn (Ohio: 
86% and Maryland: 80%). Wheat (Triticum 
aestivum L.) is third with about 50%, followed 
by other types of crops. T-tests show that 
the percentages of corn, soybeans, and wheat 

or one total barriers (69% versus 57%), while 
Ohio respondents were more likely to report 
two or three barriers (40% versus 28%). Only 
a small number of respondents in both states 
reported all four barriers as being relevant. 

Table 2 includes summary statistics and t 
tests on the equality of means for all variables. 
The results show that most explanatory vari-
able means are statistically different between 
Maryland and Ohio. Yet the states are similar 

in terms of acreage and farming experience. 
The mean and median acreages are almost 
identical (median acreage is 268 ac [108.5 ha] 
in Maryland and 250 ac [101.2 ha] in Ohio). 
Compared to the average harvested cropland 
acreage in 2017 Census of Agriculture (165 
ac [66.77 ha] in Maryland and 173 ac [70 
ha] in Ohio) (USDA NASS 2017), our sam-
ples have larger average acreages. Because we 
restrict our samples to farmers who are land-

Figure 2
Reported patterns in barriers to cover crop adoption in descending order: survey responses from Ohio and Maryland.
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Figure 1
Barriers to cover crop adoption from Ohio and Maryland.
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adoption in Ohio are significantly higher 
than the percentages in Maryland (all p < 
0.01). Another significant difference in farm-
ing operations is the adoption of irrigation 
between Maryland (29%) and Ohio (4%). 

In terms of information sources about 
CC, the survey shows that Soil Conservation 
District Office is dominant for farm-
ers to learn about CC in both Maryland 
(INFODISTICT = 75%) and Ohio 
(INFODISTICT = 48%). Except for the 
leading information source, respondents 
from Maryland and Ohio rank informa-
tion sources differently; the top sources 
in Maryland are the state Department of 
Agriculture (INFOSTATE = 69%), exten-
sion agents (INFOEXTAGENT = 51%), 
USDA NRCS (INFONRCS = 44%), neigh-
boring farmers (INFOFARM-NEIGH = 
36%), and seed dealers (INFODEALERS = 
29%). The top sources in Ohio are extension 
agents (INFOEXTAGENT = 44%), seed 
dealers (INFODEALERS = 40%), neighbor-
ing farmers (INFOFARM-NEIGH = 40%), 
nonneighboring farmers (INFONOFARM-
NEIGH = 23%), and Ohio Department 
of Agriculture (INFOSTATE = 23%). 
We grouped INFOGROWERS (5%) and 
INFOOTHER (4%) because each option 
had few observations, and we named the 
combined variable INFOOTHERS. 

Ohio Regression Results. Table 3 pres-
ents the MVP model using Ohio data. All 
statistically significant results on farming 
characteristics match prior hypotheses and 
expectations, though many variables lack sta-
tistical significance. Results provide multiple 
insights into the determinants of CC barriers 
in the state. The probability of reporting the 
ROI barrier increased with larger farms (p = 
0.0003) and farmers that use conventional 
tillage (p = 0.003) or conservation tillage (p < 
0.0001). In contrast, the probability that ROI 
is cited as a barrier decreases in farmers with 
extensive farming experience; this includes 
farming experience between 31 and 45 years 
(p = 0.051) and over 46 years (p = 0.034). 
The ROI barrier was less likely to be reported 
among those that planted OTHERCROP (p 
= 0.074). In Ohio, 20% reported planting 
other crops, which was much lower than 
corn, soybeans, and wheat. There was no sta-
tistical tendency to indicate the ROI barrier 
among those who plant corn, soybean, and 
wheat and among farmers with less than 31 
years of experience, all else equal.

Table 3
Multivariate probit regression explaining barriers to cover crop use for Ohio.

  COSTS- COSTS-   
Variables ROI LABOR SEED EQUIPMENT

Farm and farmers characteristics   
  LNACRE 0.14*** 0.10*** 0.05 –0.06
 (0.04) (0.04) (0.04) (0.04)
  EXPERIENCE16-30 –0.21 –0.16 0.06 0.03
 (0.13) (0.13) (0.13) (0.14)
  EXPERIENCE31-45 –0.24* –0.05 –0.10 0.18
 (0.12) (0.12) (0.12) (0.13)
  EXPERIENCE46+ –0.28** –0.39*** –0.20 0.17
 (0.13) (0.14) (0.13) (0.14)
  CONVTILL 0.24*** –0.04 0.07 0.24***
 (0.08) (0.08) (0.08) (0.08)
  CONSTILL 0.39*** 0.08 0.25*** 0.11
 (0.08) (0.08) (0.08) (0.08)
  NOTILL –0.05 0.03 0.11 –0.11
 (0.08) (0.08) (0.08) (0.08)
  CORN –0.05 0.40*** –0.17 0.09
 (0.12) (0.13) (0.12) (0.12)
  SOYBEANS 0.26 –0.07 –0.15 0.47*
 (0.23) (0.23) (0.21) (0.25)
  WHEAT 0.02 –0.03 0.14* –0.12
 (0.08) (0.08) (0.08) (0.08)
  OTHERCROP –0.17* 0.09 0.07 –0.18*
 (0.10) (0.09) (0.09) (0.10)
  IRRIGATION 0.09 0.02 –0.02 –0.03
 (0.20) (0.21) (0.20) (0.21)
Information sources    
  INFOEXTAGENT 0.17** 0.01 –0.06 0.02
 (0.08) (0.08) (0.08) (0.09)
  INFODEALERS –0.14* 0.22*** 0.07 0.03
 (0.08) (0.08) (0.08) (0.08)
  INFOEXTWEB 0.07 0.05 –0.16 –0.18
 (0.11) (0.11) (0.11) (0.12)
  INFODISTICT –0.14* 0.18** –0.12 0.04
 (0.08) (0.08) (0.08) (0.08)
  INFOSTATE –0.06 0.03 0.13 0.00
 (0.10) (0.10) (0.10) (0.10)
  INFOOHNOTILL –0.03 –0.21* –0.21* –0.16
 (0.13) (0.13) (0.12) (0.13)
  INFONRCS –0.02 –0.05 –0.02 –0.02
 (0.10) (0.10) (0.10) (0.10)
  INFOFB –0.07 –0.18* 0.14 0.07
 (0.10) (0.11) (0.10) (0.11)
  INFOFARM-NEIGH 0.17** 0.04 0.29*** 0.05
 (0.08) (0.08) (0.08) (0.08)
  INFONOFARM- NEIGH –0.01 0.05 0.10 0.22**
 (0.09) (0.10) (0.09) (0.10)
  INFOOTHERS –0.22 0.29** –0.09 0.31**
 (0.14) (0.13) (0.10) (0.14)

Table 3 continued
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The probability of identifying the labor-
cost (COSTS-LABOR) barrier increased 
among farmers with large acreage (p = 
0.008) and who plant corn (p = 0.002). 
Reporting the COSTS-LABOR barrier 
decreased among farmers with the most 
experience (p = 0.004). The COSTS-SEED 
barrier also had few associations; the results 
show that reporting this barrier increased 
with farmers who use conservation tillage (p 
= 0.002) and who plant wheat (p = 0.072). 
Respondents were more likely to report the 
EQUIPMENT barrier when using con-
ventional tillage (p = 0.003) and planting 
soybeans (p = 0.059), but less likely when 
planting OTHER crops (p = 0.080). 

No other patterns were detected on the 
COSTS-LABOR, COSTS-SEED, and 
EQUIPMENT barriers. Some of the results 
without significance may be due to the lack 
of variation in the independent variables. For 
instance, almost all Ohio respondents planted 
soybeans and corn—and two-thirds used 
no-till—so the limited variation in these 
farming techniques might reduce the abil-
ity of the model to identify significant effects 
(due to a lack of statistical power). However, 
in other cases the lack of significance may 
be due to a lack of true effect. For example, 
results show no statistically significant results 
linked to the use of irrigation, despite 29% 
the sample reporting that they use irrigation.  

The regression also tests for patterns 
in information sources. We do not have 
strongly held hypotheses on the signifi-
cance or direction of these relationships. 

Table 3 continued
  COSTS- COSTS-   
Variables ROI LABOR SEED EQUIPMENT

  CONSTANT –1.34*** –1.28*** –0.60** –1.04***
 (0.27) (0.27) (0.26) (0.30)
Correlations    
		ρ(ROI, COSTS-LABOR)  –0.06
  (0.05)
		ρ(ROI, COSTS-SEED)  0.36***
  (0.05)
		ρ(ROI, EQUIPMENT)  0.09*
  (0.05)
		ρ(COSTS-LABOR, COSTS-SEED)  0.10*
  (0.05)
		ρ(COSTS-LABOR, EQUIPMENT)  0.25***
  (0.05)
		ρ(COSTS-SEED, EQUIPMENT)  0.16***
  (0.05)
Notes: Original data collection by authors. n =1,250. Robust standard errors in parentheses. 
*** p < 0.01, ** p < 0.05, * p < 0.1.

In concept, we would expect information 
to be more strongly associated with the 
less-frequently reported education-type bar-
riers (IMPORTANCE, KNOWLEDGE, and 
RISK), which were not studied in the MVP 
model. Nevertheless, some significant pat-
terns were found. Farmers who received CC 
information from seed dealers (p = 0.095) 
and Soil Conservation District Offices (p = 
0.087) are less likely to report that ROI is 
a barrier. This could be due to the private 
incentives of the organizations delivering 
information. As farmers are more likely to 
worry about the ROI if they received infor-
mation from extension agents (p = 0.035) 
and neighbors (p = 0.036), it is possible that 
extension agents and neighbors are unbi-
ased and/or communicate benefit and cost 
information separately. A possible reason is 
that extension agents and neighbors may 
have little systematic incentive to promote 
CC, so they should be less likely to overesti-
mate CC’s ROI relative to some of the other 
sources whose business/performance derives 
from greater CC use/program participation, 
and therefore may have incentives to (over-) 
promote the positive ROI from CCs. This 
could also be explained by certain types of 
farmers choosing to seek information from 
extension agents or perhaps the type of 
information provided by Ohio extension 
materials and programs, among other possi-
ble explanations.

Concerns about COSTS-LABOR 
increased among farmers who received CC 
information from seed dealers (p = 0.007), 

Soil Conservation District Offices (p = 
0.027), and other information sources (p = 
0.031). The first two results are interesting 
in that they almost perfectly counterbalance 
the lower probability results on reporting the 
ROI barrier. These results suggest that Ohio 
farmer interactions with seed dealers and 
conservation districts are systematically asso-
ciated with the lower level of ROI concerns 
but the higher level of labor-cost concerns. 
Farmers who received CC information from 
Ohio No-Till Council (p = 0.100) and Farm 
Bureau (p = 0.082) are less likely to report the 
COSTS-LABOR barrier. Seed cost is more 
likely to be considered a barrier when farm-
ers obtain information from neighbors (p = 
0.0003), but less likely when the information 
comes from the Ohio No-Till Council (p = 
0.063). Interestingly, the use of seed-dealer 
information sources is not systematically 
associated with lower perception of the 
SEED-COST barrier. Lastly, farmers are 
more likely to report the EQUIPMENT bar-
rier if they received information from farmers 
other than their neighbors (p = 0.024) and 
other information sources (p = 0.026).

Table 3 also includes joint correlation tests 
for unobserved variation in each pair of adop-
tion barriers. The results on the correlation 
between the equation error terms show that 
all correlation coefficients except for the one 
between ROI and COSTS-LABOR are sta-
tistically significant and positively correlated. 
The two highest estimated correlations were 
between ROI and COSTS-SEED (0.36, 
95% CI: 0.26 to 0.46) and between COSTS-
LABOR and EQUIPMENT (0.25, 95% CI: 
0.15 to 0.35). Overall, the five correlations 
imply that there are complementary patterns 
in the reporting of barriers to CC use, which 
are not explained by the independent vari-
ables. That is, farmers who report one type 
of barrier as being relevant are more likely 
to report most others as being relevant. This 
may be due to a tendency of some farmers 
to perceive greater barriers to CC use of all 
types (and vice versa), ceteris paribus. It may 
also be due to influential factors that are not 
included in the model but could potentially 
be explored in future research.

Maryland Regression Results. Compared 
to Ohio, fewer statistically significant rela-
tionships were found in Maryland (table 4). 
Farmers who use no-till (p = 0.030) and 
who received information from neighboring 
farmers (p = 0.046) are more likely to iden-
tify the ROI barrier. Interestingly, this effect 
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of tillage practices appears to be the oppo-
site of that in Ohio: in Ohio we observe a 
positive sign for CONV and CONS tillage 
with ROI, while in Maryland no-till has a 
positive relationship with ROI. The reason 
for this finding is unknown but suggests that 
the influence of current tillage practices on 
perceived ROI barriers can vary in important 
ways across different agricultural contexts. 
Although we lack the data to explore this 
divergence further, we highlight it as a poten-
tially important issue for future research. 

For the labor-cost barrier (COSTS-
LABOR), the probability increased with 
larger acreage farms (p = 0.012), soybeans 
(p = 0.041), and obtaining CC informa-
tion from the Maryland Department of 
Agriculture (p = 0.013). The labor-cost 
barrier was less likely to be reported when 
farmers use irrigation (p = 0.023). Only two 
associations were found for the seed-cost 
barrier (COSTS-SEED); farmers who use 
conventional tillage (p = 0.041) and obtain 
information from seed dealers (p = 0.052) 
were more likely to report the seed-cost bar-
rier. Next, the EQUIPMENT barrier was less 
likely to be reported by farmers who have 
large acreage (p = 0.008) and plant wheat 
(p = 0.040), but more likely when planting 
other crops (p = 0.079) and receiving infor-
mation from the Maryland Department of 
Agriculture (p = 0.001). Results show that 
three correlation coefficients are statistically 
significant, involving all four barriers. All 
three are positive, ranging from 0.21 to 0.38, 
indicating complementarity in the unob-
served components of barriers.

Comparison. The Ohio models revealed 
27 significant associations among the inde-
pendent variables and the barriers, while the 
Maryland models revealed 12. In the unob-
served variation, Ohio had five correlations, 
while Maryland had three. This implies that 
there are a greater number of systematic pat-
terns that explain barriers in Ohio, compared 
to Maryland. These differences can poten-
tially be explained by sample size difference 
between the two states or Maryland’s greater 
funding for CC and longstanding state pro-
gram, both of which may have reduced 
adoption barriers over time. In contrast, the 
less expansive state programs in Ohio may 
have contributed to larger, more variable and 
less idiosyncratic barrier perceptions. Beyond 
the Maryland CC programs, there also are 
significant differences between the two states 

Table 4
Multivariate probit regression explaining barriers to cover crop use for Maryland.

  COSTS- COSTS-   
Variables ROI LABOR SEED EQUIPMENT

Farm and farmers characteristics   
  LNACRE 0.05 0.14** –0.01 –0.17***
 (0.06) (0.06) (0.05) (0.07)
  EXPERIENCE16-30 –0.06 0.16 0.01 –0.12
 (0.22) (0.22) (0.21) (0.25)
  EXPERIENCE31-45 –0.02 –0.04 0.04 –0.23
 (0.20) (0.20) (0.19) (0.23)
  EXPERIENCE46+ 0.05 –0.05 0.02 –0.34
 (0.21) (0.21) (0.20) (0.24)
  CONVTILL 0.09 –0.05 0.26** 0.15
 (0.13) (0.14) (0.13) (0.16)
  CONSTILL 0.12 0.08 0.02 –0.07
 (0.13) (0.13) (0.13) (0.16)
  NOTILL 0.42** –0.15 0.13 0.22
 (0.19) (0.19) (0.18) (0.21)
  CORN –0.10 0.19 0.06 –0.19
 (0.17) (0.17) (0.16) (0.19)
  SOYBEANS 0.07 0.48** 0.27 0.16
 (0.22) (0.24) (0.21) (0.24)
  WHEAT –0.04 –0.06 –0.17 –0.31**
 (0.13) (0.13) (0.12) (0.15)
  OTHERCROP 0.05 0.18 0.13 0.28*
 (0.13) (0.13) (0.12) (0.16)
  IRRIGATION 0.11 –0.32** 0.02 –0.23
 (0.14) (0.14) (0.14) (0.18)
Information sources    
  INFOEXTAGENT 0.02 –0.07 –0.08 –0.17
 (0.13) (0.13) (0.12) (0.15)
  INFODEALERS –0.19 –0.02 0.26* 0.15
 (0.14) (0.14) (0.14) (0.17)
  INFOEXTWEB –0.04 0.07 –0.05 0.27
 (0.16) (0.15) (0.15) (0.18)
  INFODISTICT –0.14 0.22 0.21 –0.02
 (0.14) (0.14) (0.14) (0.16)
  INFOSTATE –0.18 0.35** 0.10 0.59***
 (0.14) (0.14) (0.13) (0.18)
  INFONRCS 0.12 0.12 –0.13 0.16
 (0.13) (0.13) (0.13) (0.16)
  INFOFB 0.03 –0.28 –0.09 –0.00
 (0.16) (0.17) (0.16) (0.21)
  INFOFARM-NEIGH 0.27** 0.03 –0.10 –0.25
 (0.13) (0.13) (0.13) (0.17)
  INFONOFARM-NEIGH –0.15 0.23 0.06 0.08
 (0.16) (0.16) (0.15) (0.19)
  INFOOTHERS 0.11 –0.26 –0.29 –0.32
 (0.21) (0.21) (0.21) (0.26)
   CONSTANT –1.15*** –2.10*** –0.81*** –0.50
 (0.34) (0.39) (0.31) (0.35)

Table 4 continued
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CC barriers. First, the raw survey responses 
identify those barriers viewed as relevant 
by the largest proportion of farmers. For 
example, results suggest that concerns about 
CC seed (COSTS-SEED) are the most fre-
quently identified. Other patterns in the 
raw responses might suggest challenges fac-
ing different types of farms—and thereby 
the type of issues that could be targeted by 
programs seeing to encourage greater CC 
adoption. For instance, a respondent who is 
more concerned with variable costs (labor 
and seed) might face different challenges 
than one who is capital constrained (equip-
ment). Some respondents might be focused 
primarily on CC profitability (ROI) and not 
the costs—one sees this in about 10% of each 
sample. These respondents are possibly quite 
well informed about CC profitability and 
thus would be the most responsive to cost-
share programs. Respondents reporting three 
or four barriers might be ones that CC pro-
grams should target last, for they would likely 
need the most incentive and/or education. 

Second, we offer a more robust estimation 
technique (MVP model) that identifies what 
influences are associated with adoption barri-
ers, including farm/farmer characteristics and 
CC information sources. This includes a set 
of potential factors that have not been studied 
extensively by prior work, particularly with 
respect to the types of barriers studied here. 
For example, our study identifies several sys-
tematic influences related to such dimensions 
as crop rotations, tillage, and information 
channels. The model also accounts for unob-
served correlations across barriers that may 
have systematic effects beyond effects associ-
ated with observable factors. Hence, actions 
taken to address one barrier may have com-
plementary effects on others.

Summary and Conclusions
This paper seeks to explain and better under-
stand the factors associated with perceived 
barriers to CC adoption. The accumulated 
evidence suggests several conclusions. First, 
some farmers report no barriers (25.5% in 
Maryland and 22.3% in Ohio). Second, 
financial barriers are the most frequently 
mentioned by respondents. Financial barriers 
can be lowered with more cost-share, further 
agronomic research that results in strategies 
that lower the costs associated with planting 
CC, and other efforts that reduce informa-
tion costs. Educational efforts could therefore 
emphasize how to best access cost-share. 

Table 4 continued
  COSTS- COSTS-   
Variables ROI LABOR SEED EQUIPMENT

Correlations    
		ρ(ROI, COSTS-LABOR)  –0.03
  (0.08)
		ρ(ROI, COSTS-SEED)  0.21***
  (0.07)
		ρ(ROI, EQUIPMENT)  0.12
  (0.09)
		ρ(COSTS-LABOR, COSTS-SEED)  0.05
  (0.07)
		ρ(COSTS-LABOR, EQUIPMENT)  0.20**
  (0.09)
		ρ(COSTS-SEED, EQUIPMENT)  0.38***
  (0.09)
Notes: Original data collection by authors. n = 546. Robust standard errors in parentheses.  
*** p < 0.01, ** p < 0.05, * p < 0.1.

in terms of tillage, crops, irrigation, and 
information sources (table 2). 

In both cases, we find instances where one 
explanatory variable has the same effect on 
multiple adoption barriers within the state. In 
Ohio, five farm characteristics had the simi-
lar effects on multiple barriers. Respondents 
with more farmland are more likely to be 
concerned with the COSTS-LABOR and 
ROI for CC adoption. Respondents with 
the most farming experience are less likely 
to report those two barriers. Conventional 
tillage is positively associated with ROI and 
EQUIPMENT, while conservation tillage is 
positively associated with ROI and COSTS-
SEED. In terms of information sources, 
farmers who learn about CC from farming 
neighbors are more likely to form barriers of 
ROI and COSTS-SEED. 

However, results also identify several 
instances in which an explanatory variable has 
opposite effects on multiple barriers within a 
state. For example, farmers in Maryland who 
have large cropland acreage are more likely 
to report that labor costs are a barrier but 
less likely to be concerned with equipment 
as a barrier. Patterns such as these suggest 
the complexity of ways that different types 
of farm and farmer characteristics influence 
different types of barriers. They also suggest 
that actions taken to reduce some barriers 
might inadvertently increase others.

Among the most important compara-
tive findings is the considerable difference 
between statistically significant barrier deter-
minants identified in each state—as a whole, 
the farm and farmer characteristics that influ-
ence barriers in Ohio often differ from those 

in Maryland. This finding implies that one 
size does not fit all with respect to barrier 
determinants—a finding that a variable influ-
ences an adoption barrier in one state does 
not imply that the same pattern will apply 
in others. Hence, researchers should exercise 
caution when seeking to generalize case-
study findings of this type in the literature. 

For example, conservation tillage shows 
positive association with ROI for Ohio farm-
ers but not in Maryland, whereas no-till has 
positive association with ROI for Maryland 
farmers but not in Ohio, and the coefficients 
are statistically different across states (p = 0.08 
and 0.03, respectively). Planting soybeans and 
learning CC from the state Department of 
Agriculture are positively associated with 
COST-LABOR for Maryland farmers but 
not in Ohio, and the coefficients are again 
significantly different (p = 0.09 and 0.06, 
respectively). Farmers in Ohio who plant 
wheat and learn CC from their neighboring 
farmers are more likely to report COSTS-
SEED, but not in Maryland. The coefficients 
for WHEAT and INFOFARM-NEIGH 
across states are significantly different (p = 
0.04 and 0.008, respectively). Lastly, farmers 
in Maryland who use other crop or learn CC 
from the state Department of Agriculture are 
positively associated with EQUIPMENT, 
but not in Ohio, and the coefficients are sig-
nificantly different across states (p = 0.02 and 
0.004, respectively). The results of equality 
tests across equations are included in table S5 
in the supplementary materials.

Discussion. The raw data on barriers and 
MVP model results provide insights that 
can be used to inform efforts to overcome 
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perceptions. The adoption measure used in 
these alternative models largely reflects past 
adoption behavior, while the barrier opinions 
reflect barriers to present and future adoption. 
Hence, one might argue that adoption behav-
ior is temporally exogenous in a model of this 
type. Nonetheless, endogeneity and model 
specification remain a concern for these alter-
native models, largely because our study was 
not originally designed to test for these dif-
ferences (hence the data are not well suited 
for this purpose). We therefore present these 
as supplemental models for comparison only, 
while highlighting this issue as an important 
area for future research. A final issue not con-
sidered here is the relative intensity of different 
barriers—we consider only a binary measure 
of whether a barrier is perceived as relevant 
(or not), not whether barriers are perceived as 
more or less important by each farmer.

Supplemental Material
The supplementary material for this article is available in the 

online journal at https://doi.org/10.2489/jswc.2022.00062.
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