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Abstract 

The 2018 United States Farm Bill has opened the possibility for farmers to increase 
their profits through hemp cultivation. The literature suggests hemp has the potential 
to replace soybeans in soybean–wheat double-cropping because hemp shares key 
attributes of soybeans as a rotation crop (profitability, potential as an energy crop, and 
maintenance of soil fertility). Nonetheless, due to a short history of hemp cultivation in 
the USA, it is difficult to predict a time series relationship between hemp, soybean, and 
wheat through conventional approaches. In this article, we use Bayesian time series 
models and data from Statistics Canada and the Alberta Agricultural and Rural Devel-
opment Department to examine a time series relationship between hemp, wheat, and 
soybean acreage and therefore predict farmers’ decision when hemp is a legal alterna-
tive agricultural commodity. Our results show evidence of complementary and substi-
tution relationships for hemp–wheat and hemp–soybean, respectively. In addition, the 
results indicate a potential of hemp monoculture as a positive response to self-positive 
shock on hemp acreage that lasts for years.

Keywords: Industrial hemp, Wheat, Double-cropping, Bayesian vector autoregressive 
model, Impulse response analysis

Introduction
Since the full legalization of hemp production and consumption in the USA by the 2018 
Farm Bill, industrial hemp (i.e., hemp) farming has been growing in North America 
(Kraszkiewicz et  al. 2019). Recent studies show that hemp has an economic potential 
to become a viable alternative crop for farmers (Cherney and Small 2016). Farmers can 
choose hemp over other agricultural commodities, especially for the crops that share 
farming conditions with hemp, such as wheat and the corresponding rotation crops (e.g., 
soybean and corn) (Adesina et al. 2020).

The wheat–soybean rotation is one of the most conventional double-cropping meth-
ods (53% among all double-cropped acres) in the US agriculture (Borchers et al. 2014). 
This is supported by previous studies that suggest double-cropping has lower production 
costs and higher yields, residues, and glucose than single-variety cultivation (Caviglia 
et al. 2011). Also, soybean is one of the most common energy crops that is profitable for 
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farmers (Hitaj and Suttles 2016). On the other hand, there is an argument for agronomic 
and economic potential of hemp. For example, Fortenbery and Bennett (2004) suggest 
hemp could be a more profitable crop than other row crops in the USA because of the 
country’s favorable agronomic and economic conditions. Also, some experiment studies 
contend that a wheat–hemp rotation could increase wheat yield by enhancing soil condi-
tions (Struik et al. 2000; Gorchs et al. 2017; Adesina et al. 2020). Moreover, Cherney and 
Small (2016), Kraszkiewicz et al. (2019) and Parvez et al. (2021) show that hemp could be 
a sustainable bioenergy crop for biofuel and biochar. These findings suggest that hemp 
shares the role of soybean in a wheat–soybean double-cropping rotation. Thus, if hemp 
production was legalized in the USA, the farmers would have to replace soybean with 
hemp in the wheat–soybean double-cropping rotation order to increase their yield and 
profit. This implies that a potentially significant correlation over time between wheat, 
soybean, and hemp acreage is plausible. However, to the best of our knowledge, only a 
few studies consider the correlation between hemp and other crops (e.g., wheat) in terms 
of cultivation (e.g., Lambert and Hagerman 2022), and there is no study that examines 
the relationship between hemp, wheat, and soybean using time series analysis (i.e., coin-
tegration). The cointegration between hemp and corresponding crops could affect farm-
ers’ decisions on which crop to cultivate in the long-run (Mushtaq and Dawson 2002). 
Our study is therefore the first to attempt to close this important research gap.

The purpose of this study is to examine the time series relationship of hemp, wheat, 
and soybean acreage to predict farmers’ decision when hemp is a legal alternative agri-
cultural commodity. Based on previous research findings that hemp is a potentially 
profitable substitute for conventional double-cropping crops for wheat, this study dem-
onstrates the choices that wheat and corresponding crop farmers would make in an 
environment where hemp is legal. Therefore, the results will provide policy implications 
for farmers and local governments considering hemp farming in areas where hemp has 
been legalized in recent years. To achieve our objective, we employ a Bayesian vector 
autoregressive (BVAR) model and Bayesian impulse response analysis (BIRA) with a 
Minnesota prior1 to resolve the limited data and subjective prior issues.

While the USA has considered hemp as an agricultural commodity since 2018, unlike 
other agricultural commodities, there is neither a stable hemp market nor a sure way to 
predict farmers’ behavior to choose hemp (Mark et al. 2020). A Bayesian approach could 
remedy the insufficient sample size problem and could provide a more reliable and con-
sistent estimation result than the frequentist estimation approach in time series analy-
sis (Price 2012; Gelman et al. 2013; Wanless et al. 2015; McNeish 2016). Indeed, results 
from a Bayesian estimation could be manipulative if the results over-rely on a prior, i.e., 
subjective prior. Thus, we apply the Minnesota prior (i.e., Litterman prior) to address the 
subjective prior issue (Litterman 1979).

We find partial complementary relationships between wheat and soybean acreage 
and a partial substitution relationship between hemp and wheat acreage. Moreover, our 

1 The Minnesota prior was originally developed by Litterman (1980) and other researchers at the University of Minne-
sota. While there are so many variants of the Minnesota prior, the one used here requires all the endogenous variables 
in the model to follow a random walk process. Such models are known to perform well for time series and agricultural 
data and provide more accurate estimation results (Bessler and Hopkins 1986; Bessler and Kling 1986; Mushtaq and 
Dawson 2002). Generally, Minnesota priors belong to the family of Gaussian-inverse-Wishart priors (Kopytin et al. 2021; 
Kuschnig and Vashold 2021).
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results show that hemp acreage responds to a positive shock with a significant increase 
on hemp acreage over years.

Data and methods
Our study uses time series data collected by Statistics Canada (2022) and the Alberta 
Agricultural and Rural Development Department (Laate 2012). Each data source pro-
vides the national level spring wheat and soybean acreage from 1999 to 2011 and hemp 
acreage from 1999 to 2011 in Canada, respectively. The data from Canada provide us 
with a suitable environment for this research due to the following reasons: First, Can-
ada started the pilot program for hemp cultivation at the federal level since 1998, which 
explains a more stable hemp market and farmers’ higher awareness of hemp than the 
USA (Johnson 2014). Second, the Canadian economic conditions and potentials of hemp 
cultivation are similar to those of the USA (Johnson 2014; Cherney and Small 2016). 
Third, Canada and the US hemp industries may be positively correlated especially since 
Canada is one of the largest exporters of hemp products to the USA (Mark et al. 2020). 
Thus, the Canadian data and its estimation results can be useful to picture what will hap-
pen in the US agriculture in terms of hemp cultivation.

Table 1 shows the descriptive statistics of soybean, wheat, and hemp acreage in Canada 
from 1998 to 2011. As mentioned before, we use Canadian data since the USA does not 
have similar data especially due to regulatory limitations on hemp production. While 
these data are not sufficiently large for conventional statistical analyses, Bayesian analysis 
is an alternative suitable approach as mentioned previously. The mean and median show 
that hemp cultivation is smaller than wheat and soybean on average. Also, the standard 
deviation shows that hemp acreage is more volatile than soybean and wheat over time. It 
implies that hemp acreage may rapidly change, possibly increasing over time on average.

Figure 1 shows the time pattern of hemp, wheat, and soybean acreage and their cor-
relation coefficients from 1998 to 2011. With regard to a comparison between soybean 
and hemp, both soybean and hemp variables show an increasing trend over time. On the 
other hand, in contrast between wheat and hemp, we observe these variables may have 
reacted to the same shock: the spike in 2006 and downfall afterward. Therefore, we could 
suggest that the hemp, wheat, and soybean acreage are cointegrated.

Table  2 shows the augmented Dickey–Fuller (ADF) test and Johansen cointegra-
tion test to validate the stationarity of each first-differenced variable and cointegra-
tion between variables, respectively. The third row in Table  2 refers to the rank of 
the parameter matrix for cointegration test. For instance, if the test rejects the null 
in Rank = 1 and failed to reject the null hypothesis in Rank = 2, it means there is a 
cointegrating relationship between two or more variables but not more than three 

Table 1 Descriptive statistics of soybean, wheat, and hemp acreage in Canada, 1998–2011. Source: 
Alberta Agriculture and Rural Development (2012) and Statistics Canada (2021)

Variables Soybean Wheat Hemp

Mean 2,947,424.00 17,844,235.00 17,987.00

Median 2,900,900.00 17,844,235.00 13,837.00

Standard deviation 426,406.47 1,590,192.14 13,371.33
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variables. The significant test result for Rank = 2 implies there is no cointegrating 
relationship between the three variables. Therefore, the test result supports the need 
for a vector autoregressive regression (VAR) model is suitable for our study. The ADF 
test was conducted on differenced data for the VAR model. This framework is consist-
ent with Papana et al. (2014)’s suggestion that in case of non-stationary data, a first-
differenced variable should be used for VAR model to ensure accurate forecast (Seaks 
and Vines 1990). The ADF test result indicated failure to reject the null hypothesis 
of presence of a unit root for soybean and hemp acres. Therefore, we concluded that 
there is a unit root, which confirms non-stationarity.

While our data are non-stationary, multivariate VAR models can still be estimated 
with non-stationary data in many applications (Sims 1980, 1989; Fanchon and Wen-
del 1992). Examples of studies that have estimated VAR models on non-stationary data 
include Fanchon and Wendel (1992), Christiano et al. (1999), Uhlig (2005), Carriero et al. 
(2015), Lueger (2018), Binatli and Sohrabji (2019), Çelik and Binatli (2022), among oth-
ers. For instance, Sims (1988, 1989) argued that Bayesian analysis is optimal for estimat-
ing VAR models for non-stationary data because parameter estimates are unaffected by 
non-stationarity as non-Bayesian estimates are. Besides, Bayesian analysis produces reli-
able estimation results regardless of the sample size (Gelman et al. 2013; Ng’ombe and 
Boyer 2019; McElreath 2020). Therefore, motivated by these arguments and in addition 
to data limitations raised previously, we use a Bayesian framework in the present study.

We use a Bayesian VAR (BVAR) model to capture the relationship between wheat, 
soybean, and hemp acreage over time. A Bayesian approach is employed due to the fol-
lowing reasons: (a) to overcome the problem of short time series data by using prior 

Correlation Coefficients:  
Hemp Wheat Soybean

Hemp 1.00
Wheat -0.66 1.00
Soybean 0.44 -0.10 1.00

Fig. 1 Acreages of hemp, wheat, and soybean in Canada, 1998–2011, and their correlation coefficients

Table 2 Unit-root test and cointegration test of selected first-differenced time series variables

A single asterisk indicate significance at a 10% level. A double asterisk indicate significance at a 5% level

Soybean Wheat Hemp

Augmented Dickey–Fuller test − 2.41 − 3.17** − 2.16

Rank = 0 Rank = 1 Rank = 2

Johansen cointegration test 46.31** 16.89* 6.81*
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statistical information and due to non-stationarity of our data and (b) impose the ran-
dom walk prior for better estimation results (Sims 1989; Ma et al. 2021).

Consider the first-difference VAR(1) model:

where �Yt is a vector of first-differenced agricultural commodities’ acreage (soybean, 
wheat, and hemp) in year t, α is a drift vector corresponding to each commodity, β is a 
coefficient matrix, �Yt−1 is first-differenced agricultural commodities’ acreage in year 
t − 1, � e is a first-differenced error term vector, and � is an error covariance matrix. 
Each element in a coefficient matrix represents the relationship between commodities’ 
acreage over time. For instance, βW ,S shows how the acreage of soybean in t − 1  year 
would affect the wheat acreage in year t.

Consider the multivariate normal population for time series variable. In this case, the 
conjugate priors of coefficient and corresponding error covariance matrix are

where b is a mean vector of conditional multivariate normal distribution, � ⊗� is 
a parameter covariance matrix, and ψ and d , scale matrix and degree of freedom, are 
inverse-Wishart distribution parameters of the error covariance matrix (Murphy 2007). 
Following Kuschnig and Vashold (2021) and Giannone et al. (2015), we consider prior 
parameters b,�,ψ, and d as functions of a lower-dimensional vector of hyper-parame-
ters γ.

We use a Minnesota prior to impose objectivity as it provides non-subjective prior 
information (Litterman 1980). The Minnesota prior is a shrinkage prior that prevents 
overfitting issue and provides high prediction accuracy for BVAR models (Van Erp et al. 
2019). The BVAR framework with Minnesota prior has several empirical advantages. 
These include higher efficiency in impulse response analysis, reduction in potential esti-
mation error, and lower dependence of sample size for estimation than conventional 
VAR models (Litterman 1986; Giannone et al. 2015; Jarocinski and Marcet 2010).

Other motivations for the use of the Minnesota prior in this study are as follows. 
Numerous studies have shown that Bayesian VARs with a Minnesota prior produce 
superior estimates to those many that have used traditional multivariate simultaneous 
equations (Robertson and Tallman 1999). Additionally, the Minnesota prior can deal 
with the so-called curse of dimensionality which in a non-Bayesian estimation sense 
is dealt with a simple t test or similar procedures to remove unnecessary lags (Favero 
2001). This type of analysis is claimed to impose strong restrictions on what variables 
and which lags should be in the VAR model (Canova 2007). On the other hand, the Min-
nesota prior is capable to introduce restrictions in a flexible way. For instance, Canova 
(2007) suggests that the Minnesota prior imposes probability distributions on the coef-
ficients of the VAR which remedy the dimensionality problem without imposing restric-
tions on particular variables or lags. This study therefore favors a Minnesota prior.

(1)

�YS,t
�YW ,t

�YH ,t

=

αS,0
αW ,0

αH ,0

+

βS,S βS,W βS,H
βW ,S βW ,W βW ,H

βH ,S βH ,W βH ,H

∗

�YS,t−1

�YW ,t−1

�YH ,t−1

+

�eS,t
�eW ,t

�eH ,t

et ∼ N (0,�),

(2)
(β|Σ) ∼ N (b,Σ ⊗Ω)

Σ ∼ IW (ψ, d),
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The Minnesota prior framework hypothesizes that each variable follows a random 
walk process. This specification is somehow unfounded, yet it explains the approxi-
mated economic behavior in time series variables (Litterman 1979; Kuschnig and 
Vashold 2021). This assumption and corresponding prior setting allows a faster com-
putational process and better forecasting results (Kuschnig and Vashold 2021). By fol-
lowing Litterman (1980)’s derivation, the first and second moments (Eqs. (3) and (4), 
respectively) represent a relationship between Minnesota prior parameters.

where � is a hyper-parameter that determines the scale of a variance–covariance matrix 
and tightness (i.e., influence) of prior, s and r are lag lengths of associated coefficient, M 
is a number of variables, and α is a scale that controls the shrinkage level for more dis-
tant lag observations. A larger � ensures a bigger influence of sample information, e.g., 
variance �ik , on the posterior. The smaller � increases the prior’s influence, e.g., scale 
parameter ψj , on the posterior distribution. Therefore, the choice of � determines how 
informative this prior is and furthers prior influence on posterior estimates. Giannone 
et al. (2015) present a hierarchical approach to choosing the non-subjective Minnesota 
prior’s hyper-parameter � in a BVAR process. Consider the following posterior density of 
a hyper-parameter based on Bayes’ Theorem:

where P(γ ) is a hyper-prior, y is data, and P
(
y|γ

)
 is a marginal likelihood of data with 

respect to the hyper-prior. The likelihood function in Eq. (5) corresponds to

where θ is a BVAR parameter vector. Therefore, we can choose the hyper-parameters 
that maximize the likelihood of obtained data with this framework. This method helps to 
choose the hyper-parameters solely based on the given data, not on any subjective infor-
mation. Therefore, the Minnesota prior ensures informative prior with less subjectivity 
issue in parameter choice (Kilian and Lütkepohl 2017; Kuschnig and Vashold 2021).

In general, a VAR coefficient is difficult to interpret because there is no independ-
ent variable in VAR framework to obtain a marginal effect (Johansen 2005). Thus, we 
employ the Bayesian impulse response analysis (BIRA) to analyze the positive shock 
response of each variable over time (i.e., dynamic marginal effect of shock on each 
variable) (Johansen 1995). This procedure aims to predict the response of a particular 
variable to a given shock (i.e., a one standard deviation of target variable) in another 
variable (Nazlioglu et  al. 2013). For instance, BIRA could show how hemp acreage 
would change if soybean acreage is increased for a certain amount.

(3)E
(
(βs)ij|Σ

)
=

{
1 if i = j and s = 1,

0 otherwise.

(4)cov
(
(βs)ij , (βr)kl |Σ

)
=

{
�
2 1
sα

Σ ik
ψj/(d−M−1)

, if l = j and r = s,

0 otherwise,

(5)P
(
γ |y

)
∝ P

(
y|γ

)
∗ P(γ ),

(6)P
(
y|γ

)
=

∫
P
(
y|θ , γ

)
P(θ |γ )dθ ,
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As for estimation of the BVAR and BIRA model, we used the R package BVAR rely-
ing on Metropolis–Hastings algorithms (R Core Team 2013; Kuschnig and Vashold 
2021). The Markov chain Monte Carlo (MCMC) techniques that we employed involved 
3 chains with a burn-in phase of 1000 to enable the Markov chains discard their starting 
regions. The total number of iterations per chain was 200,000.

Results
Figure 2 shows the trace and density plots of the hyper-parameter γ and corresponding 
marginal likelihood P

(
y|γ

)
 (indicated as ml in Fig. 2). The trace plots indicate adequate 

mixing for MCMC procedure, which suggests successful convergence of MCMC chains 
for the parameters (Gelman et  al. 2013; Ng’ombe and Boyer 2019; Kiwanuka-Lubinda 
et al. 2021).

In addition, Table 3 shows the convergence diagnostic test results for BVAR parame-
ters. As shown, all autoregressive parameters and the hyper-parameter γ have their Gel-
man–Rubin statistic, R̂, less than 1.10 , which suggests adequate mixing of the Markov 
chains and their successful convergence (Gelman and Rubin 1992). The effective sample 
size (the third column of Table 3) also supports that the convergence was successful for 
all parameters (Vehtari et al. 2021).

Figure  3 shows the BIRA plot for all possible shock (a positive one standard devia-
tion) response cases between soybean, wheat, and hemp. Since we use Canadian data, 
the BIRA results could be interpreted under the conditions that (a) hemp is considered 
as an alternative crop for farmers and (b) the farmers are experienced or informed to 

Fig. 2 Trace of hyper-parameter γ and corresponding marginal likelihood
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acknowledge the potential on hemp (Dingha et al. 2019; Parvez et al. 2021). For instance, 
if hemp acreage responds positively/negatively to a one standard deviation shock of 
wheat acreage (i.e., shock wheat on hemp), it implies that the farmers would cultivate 
more/less hemp to maximize their profit through the complementary/substitution effect 
between wheat and hemp.

Overall, (a) BIRA results show an initial positive response for all cases except for the 
shock of hemp on the wheat case. (b) Shock of wheat on soybean, hemp on soybean, 
hemp on wheat, soybean on hemp, and hemp on hemp show fat credible bounds, espe-
cially for the short-run shock. It suggests the shock response for these cases is highly 
volatile, mostly in the early stages. The self-positive shock cases (e.g., shock wheat on 

Table 3 Convergence diagnostic tests for BVAR parameters

These tests are based on 200,000 MCMC samples with 1000 burn-in per chain

Variables R̂ Effective sample size

βS,S 1.01 29,910.25

βS,W 1.01 68,620.42

βS,H 0.99 72,826.14

βW ,S 1.01 99,800.34

βW ,W 1.00 97,039.37

βW ,H 1.00 88,090.56

βH,S 1.00 82,998.06

βH,W 0.99 36,380.07

βH,H 1.00 10,932.95

γ 1.00 4178.17

Fig. 3 Impulse response from soybean, wheat, and hemp with 90% confidence band
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wheat) indicate a reasonable response. For example, wheat shock on wheat case shows 
a positive response in odd years and negative response in even years and converges to 
zero over time. It implies that in wheat cultivation case, wheat farmers would increase 
acreage in the first year and fallow or rotate with other crop for the next year to keep the 
soil in good condition and repeat this process biennially (Gan et al. 2012; Ghimire et al. 
2019; Hansen et al. 2019). On the contrary, we can find no fallow or rotation behavior 
with self-positive shock cases on soybean and hemp, and hemp case’s positive response 
lasting for eight years. These outcomes imply that farmers could prefer monoculture of 
profitable crops (i.e., soybean and hemp), and hemp could be more sustainable under 
monoculture than other crops (Gorchs et  al. 2017; Poniatowska et  al. 2019; Schnitkey 
et  al. 2022). This suggests that when the hemp cultivation is encouraged (i.e., positive 
initial shock) by its potential, farmers would choose hemp monoculture over substitut-
ing soybean in double-cropping rotation (Adesina et al. 2020; Farinon et al. 2020; Mark 
et al. 2020).

The possible rotation combinations (soybean–wheat and hemp–wheat) show partial 
evidence of complementary and substitute relationship for each combination. Shock 
soybean on wheat and vice versa show a positive response, but the effect decays after 
3  years. On the other hand, shock hemp on wheat shows insignificant response yet 
wheat on hemp shows a significant positive response. These findings partially support 
the previous studies’ finding that wheat and hemp yield can complement each other, and 
farmers could choose hemp over soybean based on this complementary relation (Gorchs 
et al. 2017). As for hemp and soybean, which we hypothesize to be substitutes, results 
confirm the weakness of our assumption. The shock hemp on soybean shows the initial 
negative response for 4 years. Nonetheless, the fat credible band of shock hemp on soy-
bean (the third graph from the first row in Fig. 3) denotes less credibility in this result. 
Interestingly, the shock soybean on hemp shows a positive response, and the shock 
remains for 8 years. It suggests that just as hemp–wheat and soybean–wheat comple-
ment each other, soybean–hemp could be a possible double-crop choice for farmers.

Concluding remarks
The hemp market is rapidly growing in the USA since the 2018 Farm Bill’s legalization 
of hemp cultivation. Previous studies suggest hemp could substitute for soybean in the 
wheat–soybean double-cropping rotation, which is the most common double-cropping 
method in the USA. Despite that, only a few studies examine the relationship between 
wheat, soybean, and hemp in terms of cultivation. One of the main reasons for the few 
applicable studies in the USA is that access to data is limited due to the short history of 
hemp as an agricultural commodity. This study applies the Bayesian vector autoregres-
sive (BVAR) model with Canadian data to remedy the limited data issue and provide a 
proxy for hemp study in the countries with a short history of hemp, such as the USA. We 
use the Minnesota prior to mitigate the subjective prior effects on our estimations.

While the literature on production, politics, and registration of hemp and similar contro-
versial crops in North America (e.g., marijuana) continues to grow (e.g., Baxter and Scheif-
ele 2000; Robbins et al. 2013; Small 2015; Vonapartis et al. 2015; Caulkins et al. 2016; Small 
and Naraine 2016; Cherney and Small 2016; Cash et al. 2020; Health Canada 2016; Adesina 
et al. 2020; Han and Ng’ombe 2022), this study adds to the literature by providing insights 
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on a time series relationship between hemp, wheat, and soybean acreage. This provides a 
picture of how acreage for hemp, wheat, and soybean would change when hemp becomes a 
legal alternative agricultural commodity for agricultural producers in the USA.

Results from a BIRA model provide evidence of complementarity between wheat and soy-
bean, hemp, and wheat, and between hemp and soybean. The results also show that hemp 
and soybean can substitute for each other. In addition, the self-positive shock on hemp 
denotes the longest-lasting positive response. Thus, given that the demand for hemp and 
the corresponding profits are acknowledged by farmers and increasing over time (Dingha 
et al. 2019; Parvez et al. 2021), these results have the following implications. First, hemp 
indicates potential to replace soybean in a farming system such as soybean–wheat rotation. 
Second, famers with sufficient experience with hemp as a crop choice could choose hemp 
over wheat instead of applying it as a part of double-cropping rotation. Moreover, farmers 
could even choose hemp monoculture over wheat or soybean due to hemp’s profitability 
and sustainability in monoculture condition (Poniatowska et al. 2019; Adesina et al. 2020). 
Due to this potential to replace crops in the rotation portfolios among farmers, hemp has 
the potential to become one of the profitable crops in the USA. However, that possibility 
is subject to the US hemp industry becoming immune to marijuana politics like Canada 
(Cherney and Small 2016; Mark et al. 2020; Lambert and Hagerman 2022). Cherney and 
Small (2016) discuss that the aggressive movement against industrial hemp crowds out the 
genuine potential of hemp as a field crop in the USA especially due to numerous marijuana 
advocates promoting declassification of hemp. If such aggressive attempts to declassify 
hemp production are mitigated through hemp legalization, hemp might as well become one 
of the prized crops in the USA. Our study indicates that hemp has the potential to replace 
soybean in double-cropping system, and farmers could choose hemp over both wheat and 
soybean. Such scenarios could arise based on robust hemp markets via legalization in the 
USA and other countries (Cherney and Small 2016; Adesina et al. 2020).
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