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ABSTRACT

Soybean is an important cash crop especially for farmers in the north of Ghana. However, cultivation of the
commodity is dominated by smallholders equipped with traditional tools, coupled with low or no adoption of
improved soybean production technologies. Using primary data collected from 300 soybean farmers across
northern Ghana, the study employed count data modelling to estimate the determinants of adoption intensity of
sustainable soybean production technologies. The study accounted for potential estimation errors due to under-
dispersion and over-dispersion, by using a model based on the generalized Poisson distribution. On the average, a
farmer adopted 50% of the identified sustainable soybean production technologies. Age, education, extension
visits, mass media through radio, and the perception of adoption of soybean production technologies being risky
are significant with positive influence on the adoption intensity of sustainable soybean production technologies.
The study therefore recommends among others, that various extension programmes should intensify education on
the benefits of adopting sustainable soybean production practices. There is the need to set up many technology
demonstration farms to give farmers hands-on training during field days.

1. Introduction

The agricultural sector has remained pivotal and continue to
contribute to the growth in most developing economies especially across
sub-Saharan Africa. The growth and economic development of most
developing countries is centered on agriculture which plays a pivotal role
in the transformation of the lives of a large majority of people that de-
pends on it (Todaro and Smith, 2011). Achieving agricultural sustain-
ability requires that a wide range of approaches that meet the needs and
priorities of farmers are looked at and implemented at different levels.
Agricultural output growth is considered one of the surest ways of
effectively addressing poverty in the developing part of the world.
However, the agriculture sector in Ghana is faced with a major challenge
of low productivity especially for staple crops such soybeans, maize and
rice. In fact, statistics from the Ministry of Food and Agriculture (MoFA)
(2017a, b) reveals that the average soybean yield stands at 1.3Mt/ha as
against potential yields of 3.0Mt/ha, meaning that soybean yields in
Ghana are still far below the achievable potential. This under perfor-
mance is attributed to lower capacity to adopt and use improved tech-
nologies by soybean farmers (Ministry of Food and Agriculture, 2017a,
b).
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Crop production pattern in Ghana vary markedly in accordance with
the agro climatic conditions. Several leguminous grain crops are widely
cultivated in the northern part of Ghana. Legume base crops are the
second abundant crop both in production and consumption next to ce-
reals and are a major source of dietary protein, fiber, carbohydrates and
essential minerals (Mohammed et al., 2016). Soybean is considered as
one of the valuable legume crops in the world and can grow successfully
on soils low in nitrogen and has the capacity to fix a valuable source of
atmospheric nitrogen into the soil including its lower susceptibility to
pests and diseases (Ugwu and Ugwu, 2010).

Soybean is an important cash crop in northern Ghana and its culti-
vation is dominated by small scale farmers equipped with traditional
tools coupled with low adoption of improved soybean production prac-
tices. A number of institutions including the Savannah Agriculture
Research Institute (SARI) and the International Institute of Tropical
Agriculture (IITA) have been involved in research on improved soybean
production technologies in Northern Ghana for closed to a decade. Since
2015, MoFA and some non-governmental organizations such as the In-
ternational Fertilizer Development Centre (IFDC) have led in the imple-
mentation of improved soybean production technologies (i.e. inoculants,
Triple Superphosphate (TSP), certified seeds and pests and disease
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control measures) using various extension approaches aimed at stimu-
lating adoption of improved soybean production technologies. In this
study, we modelled the factors that influence the intensity of adoption of
soybean production technologies in northern region of Ghana.

Certified seeds are seeds that are sourced from known and reliable
institutions such as research organisations, private seed producers/
traders and agro-input dealers after passing inspection and testing.
Certified seeds are high quality seeds that are not broken, diseased,
wrinkled and shrunken (Bogdanovic et al., 2015). Inoculants are bacteria
that form a symbiotic relationship with the soybean roots to stimulate
nodules formation that enhances nitrogen production and biological
fixation throughout the entire growing season (Thilakarathna et al.,
2019). TSP is a phosphorus-based fertilizer that contains zero nitrogen.
TSP is very soluble in water, making it readily available for uptake by
plants. It is suitable for leguminous crops by supplementing the biological
fixation of nitrogen by leguminous crops (Noor-Us-Sabah et al., 2016).
Pest and disease control measures is part of a group of good agricultural
technologies used to enhance the growth, plant health and yield of crops.
Depending on the type of crop and biological characteristics (e.g. spring
or winter crops) different control measures are used.

Many adoption studies have employed various count data models in
determining intensity of adoption of technologies. Popular among the
count data models used include standard Poisson, zero inflated Poisson,
gamma count and endogenous switch Poisson models. For instance,
Awuni et al. (2018) used zero inflated Poisson to measure intensity of
adoption of rice production technologies; Azumah et al. (2017) and
Mensah-Bonsu et al. (2017) used Poisson to explain adoption intensity of
climate change coping strategies and land and water management
practices respectively. Abdul-Rahman (2017) used Poisson with endog-
enous treatment to explain intensity of adoption of maize production
technologies. Nkegbe and Shankar (2014) also employed gamma count
models to measure the intensity of adoption of soil and water conser-
vation practices.

As widely accepted in literature, the starting point for count data
analysis is the Poisson regression. Many of the afore mentioned adoption
studies may account for equi-dispersion or overdispersion. However,
most real-life data is often characterized by under-dispersion, over-
dispersion and excess zeros therefore the equality of the conditional
mean and variance of the distribution would have been rejected (Erdman
et al., 2008). This assumption of equi-dispersion is usually not reflective
of most count data. The most likely occurrence in count data is over-
dispersion that is, where the variance is greater than the mean. In other
cases where the variance is less than the mean, the data is said to be
under-dispersed.

According to Harris et al. (2012), dealing with under-dispersed data
will require that, the best models are used to avoid cases where the
standard errors are over estimated and inferences misleading. Few
models have been developed to deal with the incidence of
under-dispersed data (Yang et al., 2007). For instance, Nkegbe and
Shankar (2014) used gamma count model to account for
under-dispersion by explaining the intensity of adoption of soil and water
management practices. In this study, we also account for
under-dispersion by using a model based on the generalized Poisson
distribution which is also appropriate for dealing with under-dispersion
in measuring intensity of adoption of soybean production technologies
in northern region.

2. Materials and methods
2.1. Study location

The study was conducted in Chereponi District of Northern Region of
Ghana. The District lies between latitudes 10°10! and 10° 20 eastwards
and longitude 10°10'N and 10° 20! northwards. The District shares
boundary with four districts in Northern Region of Ghana, to the west is
Gushegu District, Bunkpurugu and Yunyoo districts to the North, Saboba
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and Yendi districts to the South ~-West. It has a total land area of 1,374.7
Sq. km.

Chereponi District is part of the savannah ecological zone of Northern
Ghana. The climatic condition of the District is characterized by wet and
dry seasons. The wet season spans from May to October and the peak of
the wet season is from August to September with some occasional rainfall
in the month of October. The district records an annual rainfall that range
from 1000mm to 4000mm (Ghana Statistical Service vd(GSS), 2014).
From November to April, the district is characterized by total dryness
with minimal or no cropping activities except some few irrigation
farming in isolated areas. Generally, the temperature is high throughout
the year and ranges between 21 °C and 41 °C. The district records the
highest of 35 °C and the lowest temperature levels of 21 °C.

The vegetation of the district is generally the guinea savannah type
dominated by mostly grass growing alongside some drought resistant
trees and shrub species. The commonest tree species of economic value to
the people of the district are Parkia, Baobab and Shea trees. The vege-
tation is mostly very green in the rainy season and very dry and brownish
in the dry season (harmattan period).

Agriculture is the major economic activity of the people of Chereponi
District. An estimated 40 percent of the total land area is used for agri-
cultural purposes with a greater portion of the land left uncultivated
(Ghana Statistical Service (GSS), 2014). It is estimated by Ghana Statis-
tical Service (GSS), 2014 that nine out of ten households (90%) in the
rural areas are agricultural households. In the urban localities, six out of
ten (60%) of households are into agriculture. This shows clearly that
agricultural activities are dominated by rural households. Farming in the
district is largely done on subsistence basis with many small farm hold-
ings done across the entire district with an average per capita land size of
about 0.8ha. However, some farmers are engaged in commercial farming
cultivating large areas of soybeans, maize, yam and rice. The district is
known for its production of soybeans and other leguminous, cereals as
well as root and tuber crops (Ghana Statistical Service (GSS), 2014).

Available soybean yield data from MoFA shows that the Chereponi
district recorded average yield figures of 1.76Mt/Ha in 2017 with a total
production figure of 7,086MT; 1.00MT/Ha in 2016 with a total pro-
duction yield of 3, 264MT; and 1.65MT/Ha in 2015 with a total pro-
duction of 1,381MT. Also, a total of 4,026 ha of land was put under
soybean production in 2017; 3,264 ha in 2016 and 837 ha in 2015. It is
observed that the total production in terms of yield and area put under
cultivation has increased steadily due to support from some past existing
projects, non-governmental organisations, and institutional buyers.

2.2. Sampling and data collection

With limited or no data on the population of soybean farmers in the
district, the decision of an appropriate sample technique is tough. A
multistage sampling technique was used. The study area was divided into
five zones, namely; North, West, South-West, East and Central using
cluster sampling method. A simple random sampling procedure was used
to sample two communities from each of the five zones which are known
for soybean production and have benefited from soybean project inter-
vention (either in the past or present). Thus, ten communities were
sampled as follows: Jakpa, Banjani, Famisa, Kpaboku, Namariku, Sang-
bana, Tombu, Tusunga, Akromabila No. 1 and Ando-Kajura.

A list of soybean farmers was obtained from MoFA and opinion
leaders in the communities and a simple random sampling technique was
employed in selecting 300 soybean farmers. These respondents included
beneficiaries and non-beneficiaries. The research data was obtained from
primary sources. The primary data was collected using semi-structured
questionnaires made up of closed and open-ended questions in a face
to face administration of the questionnaire to soybean farmers in the
selected communities for the study.

The data collection exercise was conducted in close collaboration
with the Chereponi District Agriculture Development Unit during the
2018 cropping season. The unit assisted with production data such as
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district soybean yield, community level yield, existing technologies and
transfer mechanisms and adoption behaviour of farmers in communities
that are of interest to this study.

2.3. Data analysis — model specification

Most real-life data are often characterized by under-dispersion, over-
dispersion and excess zeros therefore the equality of the conditional
mean and variance of the distribution could be rejected in most count
data modelling (Erdman et al., 2008; Greene, 2002). Most variables that
comprise of count data are usually modelled or analyzed with basic count
data models such as the Poisson regression model (Harris et al., 2012).
The underlying assumption of the Poisson regression model is that,
variance is equal to the mean (equi-dispersion). This assumption of
equi-dispersion is usually not reflective of most count data. The most
likely occurrence in count data is over-dispersion that is, where the
variance is greater than the mean. In other cases where the variance is
less than the mean, the data is said to be under-dispersed.

According to Harris et al. (2012), dealing with under-dispersed data
will required that, the best models are used to avoid cases where the
standard errors are overestimated and inferences misleading. Few
models have been developed to deal with the incidence of
under-dispersed data (Yang et al., 2007). Normally for under-dispersed
data, a model that is based on the generalized Poisson distribution may
be appropriate.

Suppose Y; is a count response variable, and follows a generalized
Poisson distribution, the probability mass function (PMF) of Y;, i = 1,
2,..., n according to Famoye et al. (2004), Famoye (1993), Wang and
Famoye (1997), is specified as:

AoV +ay)™ Al +ay)
) =Pr(Yi=y;)= ,i=0,1,2, ...
70 =pr(ri=y) = () B e TR 01,2
(€]
The mean and variance of Y; are mathematically specified as:
E(Y;x)) = 4, Var(Yix) = 4(1 + ak)’ ®)

The generalized Poisson regression model is by far an extension or
generalization of Poisson regression model. Where a = 0, the probability
mass function in reduces to the standard Poisson regression model. In
practice, this assumption is often not reflective of real-life data because
the conditional variance could either be lesser or greater than the con-
ditional mean. However, if there is inequality of the variance and mean,
the estimates in Poisson regression model are still consistent but are
inefficient, leading to over estimation or invalidation of standard errors
and wrong inference (Famoye et al., 2004).

When a > 0, it is assumed the variance is greater than the mean and
which case the Generalized Poisson regression (GPR) model represents
count data with over-dispersion. Also, when a < 0, the variance is
assumed to be less than the mean and therefore, the generalized Poisson
regression model represents count data with under-dispersion. The
dispersion parameter (a) is called the dispersion parameter can be esti-
mated along with the regression parameters in the generalized Poisson
regression model. The maximum likelihood method is used to calculate
the estimates of a and f in the generalized Poisson regression model.

Several non-parametric test can be used to measure the goodness-of-
fit of Generalized Poisson Regression model based on the deviance or
Pearson test statistic (Famoye, 1993). The test based on the deviance or
Pearson statistic is approximated by the distributional effect of the
chi-square when y;'s are large. Usually, computing the deviance or
Pearson test statistic with the Stata command can be complex. Therefore,
the log-likelihood value is often used to measure the goodness-of-fit of
the Generalized Poisson regression model. In comparing the Standard
Poisson and the Generalized Poisson regression models, the model with
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large log-likelihood value is often considered the best (Rashwan and
Kamel, 2011).
The log likelihood (L) for the GPR model is specified as:

Al + ay;)
1+ ak
3

A test of hypothesis of adequacy of the GPR model over the Standard
Poisson model is given by:

n Ai
InL(B,a) = Zi:] {yiln (m> + (i — Din(1+ay;) — Iny;! —

Hy:a=0against H, : a # 0 @

The test of Hy is an indication of significance of the dispersion
parameter. Therefore, when Hy is rejected, the appropriate model to use
is the generalized Poisson Regression model. The test could be conducted
by using the asymptotically normal Wald ‘t’, which is defined as the ratio
of the estimate of a to its standard error. Alternatively, the likelihood
ratio test statistic could be used to test for the null hypothesis. This is
approximately chi-square distributed and have one degree of freedom
when the null hypothesis is true.

According to Bozdogan (2000), one other way of choosing the best
count data model is by considering the value of the Akaike Information
Criterion (AIC). Mathematically the AIC is presented as follows:

AIC=-2InL(0) + 2k 5)

where the L(0) is defined as the log likelihood value, and k denotes the
number of parameters considered for estimation. Usually, the model with
smaller AIC value is considered the best model (Fabozzi et al., 2014).

3. Results and discussions
3.1. Summary statistics of variables

Summary statistics of the 13 independent variables used in the study
are presented in Table 1. About 50% of respondents had benefited from
some form of soybean production project in the past either from gov-
ernment or NGOs operating in the area. The average age of soybean
farmers in the study area was found to be 34.8 years. This means that,
majority of farmers in the study area are largely youthful and are in the
bracket of economically active age group. Ministry of Food and Agri-
culture (2013) estimated the average age of farmers in Ghana to be 55
years. This implies that the present finding of relative lower average age
among farmers in the study area is good for agricultural development in
northern Ghana considering that agricultural activities involves the use
of labour because mechanisation and intensification mechanisms are
slow.

The average years spent schooling was low at 1.66 years. This implies
that a large section of soybean farmers had extremely low levels of ed-
ucation. Averagely, farmers in the study area have a substantial experi-
ence in soybean production (15 years). This implies that with the huge
experience attained by farmers, it is expected that adoption of improved
technologies could either be high or low since farmers would have tried
similar technologies in the past and would have seen the impact of these
technologies on their yields. Income entails revenue generated from the
sale of soybean. The average income earned per hectare from soybean
production was estimated at GH¢752.17 (about US$ 140 at the time of
the study). In absolute values, farmers were offered relatively low prices
per every 100kg of soybean as compared to what is offered on the in-
ternational market. At the time of this study, farmers received an amount
of $14 (GH¢75) per 100kg of soybean as against an amount of $37 (GH¢
196) per 100kg of soybean sold on the international market.

The average distance covered by soybean farmers from their farm to
input market was 6.38km. This meant, farmers travel relatively short
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Table 1. Definition and summary statistics of variables.

Definition and definition A priori expectation Mean Std. Dev.
Household specific factors

Age (in years) + 34.84 9.79
Education (in years of formal schooling) + 1.66 3.73
Soybean project beneficiary (1 = beneficiary, 0 = otherwise) + 0.5 0.5
Farm specific factors

Number of years in soybean farming (years) 4 15.27 9.92
Previous year's income from soybean production (in GH¢) 4 752.17 402.88
Distance from farm to input dealer (kilometers) 4 6.38 2.93
Cropping system (1 if respondent does mono-cropping, 0 if otherwise) 4r/= 0.58 0.49
Institutional specific factors

Extension (number of contact times with extension agent) + 2.77 1.97
Credit (1 if farmer had access to credit, 0 if otherwise) + 0.41 0.49
Mass media method (1 if respondent is exposed, O if not) +/- 0.133 0.34
Demonstration method (1 if respondent is exposed, 0 if not) 0.79 0.4
Household extension method (1 if respondent is exposed, 0 if not) +/- 0.26 0.44
Technological specific factors

Risk (1 = technologies are risky, 0 = otherwise) +/- 0.79 0.64

Source: Computed from field data, 2019.

distances to acquire inputs from dealers and this could influence the
adoption of improved soybean productions technologies positively.
Extension is an important and critical source through which many
farmers acquire information, either indirect contact with colleague
farmers who have experience transferring agricultural information to
other farmers, or directly, through contact with extension agents (Azu-
mah et al., 2018). On average farmers have received 2.77 number of
extension visits from agricultural extension agents in the last season.
About 41% of farmers had access to farm credit for farm production
purposes. Accessing farm credit is largely influenced by the intervention
of NGOs and Village Savings and Loans Associations operating in the
study area. Low involvement of commercial financial institutions was
attributed to the risky nature of farming, low yields, low profit margins,
and relatively small farm sizes cultivated by farmers’ couple with the lack
of collateral security to present for credit facilities.

A wide range of mechanisms have been used to expose or introduce
improved technologies to farmers. In this study, three technology transfer
mechanisms namely; Mass media (most through radio), technology
demonstrations and household extension methods were identified as
major sources through which farmers accessed information on soybean
production technologies. About 13% of farmers accessed information on
improved soybean technologies through the mass media via radio. Also,
about 79% of farmers were exposed to improved soybean technologies by
participating in technology demonstrations field days. Meanwhile, 26%
of the farmers accessed information on improved soybean technologies
via household extension method. The results from Table 1 also reveals
that about 79% of farmers think that soybean production technologies
are risky to adopt since they may not improve yields.

Extant literature review and expert opinions from research scientists
from SARI, as well as extension agents from MoFA, revealed key
improved soybean production technologies that are currently dissemi-
nated for improving the yields of soybean farmers in Northern Ghana.
The study looked at four key technologies promoted by SARI, MoFA, IITA
and IFDC, which include inoculation, the use of triple super phosphate
(TSP), the use of certified soya seeds, and pest and disease control
measures.

The average soybean yield in Ghana stands at 1.3MT/Ha (Ministry of
Food and Agriculture, 2017a, b). It is estimated by the Feed the Future
USAID RFA- FTF Ghana ATT project (2016) that when farmers adopt only
certified seed technology, a yield of 1.16MT/Ha is realized. However,
with the adoption of a combination of inoculant and certified seed,

farmers are able to realize a yield of 1.54MT/Ha. Also, adoption of
certified seed and TSP in combination, gives farmers a yield of
1.94MT/Ha. Additionally, adoption of a combination of certified seed,
inoculant, pest and disease control measures, and TSP produce
2.0MT/Ha. Their findings conclude by reporting an average soybean
yield increase of 76% with the adoption of the combination of inoculant,
TSP, certified seed, and pest and disease control measures, which
translates to an increase of 67.7% in average gross margin.

3.2. Factors determining intensity of adoption of soybean production
technologies

The study identified four key soybean production technologies that
are important to achieving sustainable higher yield. Targeted farmers
were required to indicate the soybean production practices they adopted
and have continuously used for the past three year. The dependent var-
iable was then modelled around the number of technologies adopted by
farmers. The intensity of adoption of soybean production practices is
presented in Table 2.

From Table 2, the results show that 10.33% of farmers did not adopt
any of the soybean production technologies and therefore recorded a
zero count, whereas 19.67% of farmers adopted three technologies. Also,
about 13.33% of farmers adopted two soybean production technologies
while 37% (majority) of farmers adopted only one soybean production
technology. However, all the four soybean production technologies were
adopted by about 19.67% of the sampled farmers. The mean adoption
intensity was about 2, with a variance of about 1.8.

The various soybean production technologies adopted by farmers is
shown in Table 3. The results show that majority (86.67%) of farmers
adopted certified seeds, while 32.33% of farmers adopted inoculants.
Also, Triple Super Phosphate was adopted by 41.67% of farmers with
40.67% of the farmers also adopting pest and disease control measures
that improve production.

In Table 4, the results of the factors that influence the adoption
intensity of soybean production technologies are presented. Model
diagnostic tests were performed to determine the appropriate func-
tional model to use. The parametric estimates across the four models
are quite uniform (see Table 4). A few diagnostic tests performed
revealed the existence of few zero counts (under dispersion). A
goodness of fit test using the log-likelihood value was used to compare
the count data models, i.e. Generalized Poisson (GP), Standard Poisson
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Table 2. Intensity of adoption of soybean production technologies (SPTs).

Number of technologies adopted Freq. Percent
0 31 10.33

1 111 37.00
2 40 13.33
2] 59 19.67
4 59 19.67
Mean adoption 2.01

Variance 1.77

Source: Computed from field data, 2019

Table 3. Soybean production technologies.

Soybean production technology Freq. (No. of farmers who adopted) Percent
Inoculants 97 32.33
Triple Super Phosphate (TSP) 125 41.67
Certified seeds 260 86.67
Pest and disease control 122 40.67

N = 300.
Source: Computed from field data, 2019

(SP), Zero Inflated Poisson (ZIP) and Negative Binomial Regression
(NBR) model.

The log-likelihood values indicate the GP model to have the largest
value, implying that the generalized Poisson model fit the data signifi-
cantly well. The test of hypothesis of adequacy of the generalized Poisson
over the standard Poisson shows that the dispersion parameter is less
than zero (-0.30), suggesting evidence of significant under dispersion of
the data. Therefore, the null hypothesis of equi-dispersion is rejected.
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Also, a test of Akaike Information Criterion (AIC) and Bayesian Infor-
mation Criterion (BIC) revealed the generalized Poisson model had
marginally lower values than the other count data models, providing
significant justification for the choice of the generalized Poisson model
over the other count data models to estimate the intensity of adoption of
soybean production technologies. The proceeding discussion of the re-
sults in Table 4 is therefore based on estimates of the generalized Poisson
regression model.

About thirteen variables were estimated with the generalized Poisson
regression model, 10 variables are statistically significant in explaining
the intensity of adoption of soybean production technologies. Age of
respondents, education, number of extension contacts, mass media
(radio) and risk associated with technologies are statistically significant
and positively influence the number of soybean technologies adopted
farmers in northern Ghana. Also, farmers experience in soybean pro-
duction, cropping system used by farmers, distance from farm to input
dealer shop, exposure to household extension method and access to
production credit are significant but bear inverse relationship with the
number of soybean technologies adopted.

The results from Table 4 imply that as a farmer's age increases, it is
assumed that they become more responsible for themselves and their
immediate family members. As a result, they tend to have a strong desire
to adopt a combination of technologies that can enhance their yields to
improve their incomes to be able to take care of their families. This
finding is in tandem with the a priori expectation of positive relationship
and corroborates with Fitsum (2016) and Mustapha et al. (2012). How-
ever, the result diverges from Awuni et al. (2018) and Pokhrel et al.
(2018) who reported an insignificant effect of age on intensity of adop-
tion of improved rice technologies and irrigation technologies respec-
tively. Nkegbe and Shankar (2014) also found a negative and
insignificant relationship between age and intensity of adoption of soil
and water conservation practices. The plausible explanation to these
divergences could be as a result of differences in technologies measured.

Table 4. Factors that influence the adoption intensity of SPTs.

Model Generalized Poisson Standard Poisson Zero Inflated Poisson Negative Binomial
Variable Coef. Std. Err Coef. Std. Err Coef. Std. Err Coef. Std. Err
Soybean project beneficiary 0.050 0.064 0.079 0.087 0.079 0.088 0.079 0.087
Age 0.037** 0.015 0.032%* 0.019 0.032* 0.020 0.032* 0.019
Education 0.023** 0.008 0.015* 0.011 0.015 0.011 0.015 0.011
Farming experience -0.029** 0.015 -0.025 0.019 -0.025 0.019 -0.025 0.019
Previous year's income 8.020 0.000 8.900 0.000 8.85e-0 0.000 8.85e-06 0.000
Distance to input market -0.12%** 0.011 -0.13%** 0.016 -0.134%** 0.016 -0.134*** 0.016
Cropping system -0.185%* 0.066 -0.174** 0.088 -0.174** 0.089 -0.174** 0.088
Demonstration method 0.140 0.091 0.115 0.125 0.114 0.126 0.115 0.125
Household method -0.262** 0.084 -0.286** 0.113 -0.286** 0.114 -0.286** 0.113
Extension visits 0.030%* 0.016 0.035%* 0.021 0.034* 0.021 0.035* 0.021
Access to credit -0.112%* 0.066 -0.153** 0.092 -0.153* 0.093 -0.153* 0.092
Mass media (radio) 0.200%* 0.096 0.279%* 0.124 0.279%* 0.124 0.279 ** 0.124
Risky 0.113** 0.044 0.088 0.056 0.088 0.056 0.088 0.056
Constant 0.367 0.349 0.578 0.454 0.577 0.458 0.578 0.454
alpha 1.93e-10

LR Chi* (13) 161.39 118.73 114.56 118.72

Prob > Chi® 0.0000 0.0000 0.0000 0.0000

Pseudo R? 0.1611 0.1182 NA 0.1182

Log likelihood -420.125 -442.907 -442.908 -442.908

AIC 870.25 913.81 919.81 913.81

BIC 925.80 965.66 982.78 965.67

Dispersion -0.30 NA NA NA

Likelihood-ratio test of delta=0: chi?(1) = 45.56 Prob>=chi’ = 0.0000

Note: *, ** and *** indicate significance at 10%, 5% and 1% levels respectively.
Source: Computed from field data, 2019
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Some technologies require some experience in their use while others may
require some amount of physical strength in their application.

Education explained as the number of years spent in formal schooling
is also significant and positively impacts on adoption intensity. This
suggest that as farmers spend more years in school, their understanding
of the benefits of applying sustainable techniques in production im-
proves. Awuni et al. (2018) made a diverging finding where education
had an insignificant but a positive relationship with intensity of adoption
of improved rice production technologies by rice farmers in northern
Ghana. However, the findings of Dhraief et al. (2018), and Charles et al.
(2017) support our a priori expectation of a positive relationship of age
with intensity of adoption of soybean production technologies.

Also, farmers contact with extension agents during soybean produc-
tion had a positive impact on the intensity of adoption, a result that
highlights the important role extension services play in disseminating
improved agricultural technologies. The finding is consistent with that of
Awuni et al. (2018) who reported extension contacts to have a positive
and significant impact on intensity of adoption, and that of Nkegbe and
Shankar (2014), also in northern Ghana, who reported a positive effect of
extension contacts on intensity of adoption of soil and water conservation
practices. In a similar study, Danso-Abbeam et al. (2017) also reported a
significant and positive effect of extension contacts on the adoption of
improved maize variety in northern Ghana.

Contrary to findings of Awuni et al. (2018), mass media through radio
had a significant and positive effect on the number of technologies
adopted by farmers in the study area. This means that transfer of tech-
nologies via mass media can reach and impact more farmers in adopting
soybean production technologies. The wider audience reached using
radio cannot be underestimated. Transferring technologies via this
platform has been found by many researchers to be very effective in
influencing adoption of many agricultural technologies (Aker, 2011). For
instance, Azumah et al. (2018) observed that the use of radio was
perceived to be effective among other media platforms in terms of its
influence on adoption of improved technologies among rice farmers in
upper east and northern regions of Ghana.

Farmers experience in soybean production was anticipated to have
a positive effect on intensity of adoption of soybean production tech-
nologies. Experienced farmers are thought to have accumulated tech-
nical know-how over time and therefore are positioned better to adopt
technologies. A good count of empirical studies has found a positive
effect of farming experience on adoption of agricultural technologies
(Awuni et al., 2018; Pedzisa et al., 2015; Mazvimavi and Twomlow,
2009). Experience in farming (in this study) was found to have a
significant but inverse relationship with intensity of adoption,
corroborating with Kunzekweguta et al. (2017). This finding highlights
the fact that many experienced farmers feel rather comfortable and
secured with conventional technologies which they have practiced
over time.

Similarly, distance covered from farm to input market is significant
and negatively related to adoption intensity of soybean production
technologies in the study area. This means that if distance to input dealer
shop increases by one kilometer, the intensity of adoption of soybean
production technologies decreases by 12%. This is consistent with a prior
expectation of negative relationship with adoption intensity. This is also
consistent with the finding of Berihun et al. (2014) and Tefera et al.
(2016). This therefore suggest that any efforts aimed at increasing
adoption intensity of technologies must ensure easy access to these
technologies by bringing input dealers closer to farmers.

As reported by Awuni et al. (2018), household extension method
enables farmers to have close contact with extension agents by clarifying
techniques that are not well understood. However, the high ratio of
extension agent to farmer in Ghana as reported by Ghana Statistical
Service (GSS), 2014 presents a great challenge in terms of the capacity of
the agent to visit individual households to influence change. Household
extension method is negative and a significant determinant of intensity of
soybean production technologies adoption in the study area. This means
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that the household extension method contributed less in terms of the
number of technologies adopted by soybean farmers. This finding is in
tandem with Awuni et al. (2018), who reported household extension
method had negative impact the intensity of adoption of improved rice
production technologies in northern Ghana.

Access to credit is considered as one of the most important steps in
dealing with the constraints associated with adoption of agricultural
technologies (Doss, 2003). However, results from Table 4 show a nega-
tive effect of credit on intensity of adoption of improved soy production
technologies. This implies that as farmers’ access to credit increase, their
desire to venture into other non-farm profit making enterprises also in-
crease, limiting their investments in soybean production. The reason is
also ascribed to the risky nature of farm enterprises in Northern Ghana
which is prone to unpredicted rainfall and temperature patterns. Tradi-
tionally also, soybean is not a staple food crop and therefore the utili-
zation of the crop is often low in the study area. Farmers will therefore
either invest more of acquired credit in the production of staple crops
that improve their food security status or other non-farm activities that
will stabilise their incomes. This observation is consistent with Motin
et al. (2014) and Hamidi and Sabbaghi (2016) who reported diversion of
farm credit to non-farm activities by farmers in the Upper West region of
Ghana. The negative effect of credit diverges from that of Mensah-Bonsu
etal. (2017) and Ullah et al. (2018) who reported significant and positive
impact of credit on intensity of adoption of land conservation practices in
Ghana and improved peach cultivars in Pakistan respectively. This
divergence can be attributed to the differences in consumption pattern
for both crops (i.e. soybean and maize). While maize is a staple crop in
Ghana and widely utilised both at domestic and industrial levels, the
soybean crop is mainly utilised by industries.

4. Conclusions and policy recommendations

This study was conducted to determine the factors that account for
adoption intensity of soybean production technologies among farmers in
northern Ghana. The study accounted for potential estimation errors due
to under-dispersion and over-dispersion by using a model based on the
generalized Poisson distribution. The study concludes that age of re-
spondents, education, number of extension contacts, mass media (radio)
and risk associated with technologies are statistically significant and
positively influence the number of soybean production technologies
adopted by farmers in northern Ghana. Also, farmers' experience in
soybean production, cropping system used by farmers, distance from
farm to input dealer shop, exposure to household extension method, and
access to production credit are significant but bear inverse relationship
with the number of soybean production technologies adopted. As a
matter of policy, it is recommended among others that, various agricul-
tural extension programmes in Ghana should intensify education on the
benefits of adopting improved soybean production technologies. There is
the need to set up many technology demonstration farms to give farmers
hands-on training during field days in order to boost the adoption of
improved production techniques.
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