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ABSTRACT

Increasing the adoption of improved technologies through the provision of adequate

credit is necessary to resolve the problem of low crop productivity due to the constant

decline of soil fertility and climate change impact on agriculture. The study examines

access to credit, adoption of improved technologies and adoption effect on maize

technical efficiency of 240 farmers in the Upper East Region, Ghana. A multi-stage

sampling approach was used to select the farmers. Face-to-face interviews were

carried out to collect primary data using semi-structured questionnaires. Using the

multivariate probit model, the results found that row-line technology (RLT), legume-

maize intercropping technology (LMIT) and soil/stone bunding technology (SBT) are

adopted together by farmers. Adoption of improved maize technologies was

significantly affected by sex, age, education, farm size, farm location, distance to

local input-shop, extension contacts, FBO membership and access to training on

improved farming methods. The results of Poisson regression with endogenous

treatment showed that farmers who accessed credit were more likely to increase the

adoption of improved technologies. The stochastic frontier production estimation

results showed that adoption of more improved technologies, farm size, inorganic

fertilizer and seeds were associated with higher maize output. Adopting more

improved technologies on the other hand reduces technical efficiency of maize

farmers. The mean maize technical efficiency was 0.75, which meant that 25% of

maize output was lost due to technical inefficiency. High cost of improved

technologies was ranked as the most serious constraint facing farmers in the adoption

of improved technologies in maize production. The study suggests the provision of

credit facilities to farmers to increase the adoption of improved technologies.

Moreover, policies should be targeted at the factors that affect maize production and

technical efficiency of farmers.
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CHAPTER ONE

INTRODUCTION

1.1 Background

Agriculture is demonstrated to be the path to prosperity and the achievement of most of

the sustainable development goals, especially ending hunger and poverty by 2030

(Nhemachena et al., 2018). The sector plays an important role in nations’ economic

growth, enhancing their food security, as well as poverty reduction and rural

development. As such, agriculture remains Africa’s surest bet for growing inclusive

economies and creating decent jobs mainly for the youth. Africa has about 51 million

farms of which 80% (or 41 million) are smaller than 2 ha in size (Lowder et al., 2016).

The sub-Saharan Africa population is projected to increase from 814 million people in

2010 to 1.7 billion by 2050, increasing its share of the global population from 12% to

18% (UN, 2011). This will increase the demand for food tremendously and will make the

goal of halving hunger even more challenging and this is expected to be severe especially

in sub-Saharan Africa as the population size is estimated to double and the high economic

growth rates of the last decade may continue in the near future (Africa, 2011; Ministry of

Foreign Affairs, 2011c; World Bank, 2011). Given these conditions, the resulting food

demand in sub-Saharan Africa is expected to increase by a factor of four to five, by 2050

(OECD/PBL, 2012). The increase in food demand is projected to be achieved by
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increasing agricultural production through expansion of agricultural land and improved

agricultural productivity.

Ghana’s agriculture though has declined to about 20% in terms of its contribution to GDP

in recent years; it still remains a major part of the country economy in the area of food

production and offers employment to about 45% of the country’s teaming labour force

(Okudzeto et al., 2014). Ministry of Food and Agriculture (MoFA) indicated that

agriculture remains key to the entire economic growth and development in Ghana and it

is expected to lead the growth and structural transformation of the economy and optimize

the benefits of accelerated growth (MoFA, 2015). In 2014 for instance, agriculture (value

added) represented 22% of GDP, with services at 50%, and industry at 28% (World

Bank, 2015). While in terms of employment, agriculture, service and industries engaged

about 45%, 41% and 14% of the labour force respectively (MoFA, 2016). According to

FAO (2015), notwithstanding the huge size and contributions of the agricultural sector to

the nation`s economy, Ghana is still a net importer of some key agricultural products,

such as cereals, sugar and poultry. In 2015, Ghana imported a total of 113,037Mt (to the

value of $ 26.84 million) of maize (MoFA, 2016).

Maize is the most important cereal crop in Ghana. It is grown in all the agro-ecological

zones in the country. According to MoFA (2016), about 880,000 hectares of land was

committed to maize production in 2015 in Ghana. Maize cropping systems and

production technologies are different among the various agro-ecological zones where a

significant amount of the crop is cultivated (Morris et al., 2003). Average grain yields of
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maize are correspondingly modest, averaging less than 2Mt/ha. Total annual maize

production between 2013 and 2015 was estimated to be about 1.7 million Mt on the

average experiencing an average shortfall in domestic maize production of about 2%

between 2010 and 2012 (MoFA, 2016). The government of Ghana and Non-

Governmental Organisations continue to formulate and implement agricultural policies,

aimed at increasing production of the key staple food crops in order to meet the country‘s

increasing demand and to improve food security.

In developing countries like Ghana, most farmers have to accept low yields as they are

probably unable to consider the use of improved production methods as most of them

operate at the subsistence levels. In areas where improved maize varieties have been

widely adopted, genetic yield gains are inhibited by the use of poor management

practices. Use of fertilizers and other crop management practices remain limited. Soil

nutrient depletion and degradation poses fundamental challenges to Ghana’s rain-fed

maize production system and its sustainability. The problem of disease and pest control

among other different production practices is acute on the small-scale and resource-poor

systems under which maize is typically cultivated (Ofori & Baffour, 2006).

Production of the crop is currently dominated by smallholder farmers who rely on rain-

fed conditions with limited use of improved seeds, fertilizer, mechanisation, post-harvest

facilities and climate information. As a result, average yields are well below attainable

levels and post-harvest losses are high (Jayne et al., 2010). Investors in commercial

farming have the opportunity to increase yields per hectare in maize by the use of
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improved production technologies in order to capitalize on the large and growing demand

for this critical staple crop in developing countries such as Ghana (Jayne et al., 2010).

However, majority of farmers depend on traditional methods of production which has

decreased the level of maize productivity. According to Muzari et al. (2012) over 70% of

maize production in the developing countries is from smallholders who use traditional

methods of production.

By virtue of improved input to output relationships, new technology raises output and

reduces average cost of production which in turn results in substantial gains in farm

income (Challa, 2013). Adopters of improved technologies increase their productions,

leading to improved socio-economic development. On the other hand, non-adopters find

it difficult to maintain their marginal livelihood with socio-economic stagnation leading

to deprivation (Jain et al., 2009). Improved technologies adoption is believed to be a

major factor in the success of the Green Revolution experienced by Asian countries

(Ravallion & Chen, 2004). Understanding credit access and production technologies

adoption by maize famers and other stakeholders in the production process is key to

enhancing food security in Ghana and in particular the Upper East Region.

1.2 Problem Statement

Increasing the adoption of improved production technologies to enhance agricultural

productivity especially maize is important due to the constant decline of soil fertility and

climate change (Rosegrant et al., 2009). Also, to meet the growing demand for maize due

to population growth and the rapid expansion of the biofuel industry, growth in
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productivity is important (MoFA, 2016). But actual yield of maize still remains far below

potential yields in Ghana. This has partly been attributed to low adoption of improved

technologies such as improved crop varieties and fertilizers as well as use of

inappropriate pest control measures (Suri, 2011; Muzari et al., 2012).

The areas of technology development and promotion for crops are mostly new varieties

and management regimes, soil fertility management, weed and pest management,

irrigation and water management (Loevinsohn et al., 2012). However, in developing

countries including Ghana, the available agricultural infrastructures and facilities such as

irrigation, input and product markets, credit as well as extension services to facilitate

higher adoption tend to be developed poorly (Muzari et al., 2012). Also, farmers find it

difficult combining specific technologies to improve yields due to poor knowledge and

lack of training as well as access to credit to purchase improved inputs (Muzari et al.,

2012). These challenges together with other socio-economic and management factors of

farmers affect technical efficiency. In general, farmers make trade-offs or combine

improved technologies as potential strategies to minimise cost and increase production.

However, the resulting effect of adopting one or more technologies on output and

technical efficiency of farmers is less exploited, especially in the Upper East Region.

Therefore, any steps taken to increase agricultural productivity especially in maize is

critical in order to meet expected rising demand and as such, it is instructive to examine

the determinants of credit access and improved technology adoption as well as technical

efficiency in maize production in the Upper East Region. These forgoing problems lead

the study to formulate the following research questions:
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1. What are the determinants of access to credit by maize farmers in the Upper East

Region?

2. What are the factors influencing adoption of improved technologies in maize

production in the Upper East Region?

3. What is the effect of access to credit on the intensity of adoption of the improved

technologies in maize production among farmers in the Upper East Region?

4. What is the effect of adoption of improved production technologies on technical

efficiency of farmers in the Upper East Region?

5. What constraints do farmers face in the adoption of improved technologies in

maize production?

1.3 Research Objectives

The main objective of the study is to examine credit accessibility, adoption of improved

technologies and technical efficiency of maize farmers in the Upper East Region of

Ghana.

Specifically, the study seeks to;

1. explore the determinants of access to credit by farmers in the Upper East Region.

2. identify the factors influencing adoption of improved technologies in maize

production in the Upper East Region.

3. estimate the effect of access to credit on the intensity of adoption of the improved

technologies among farmers in maize production in the area.

4. determine the effect of adoption of improved production technologies on maize

output in the Upper East Region.
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5. identify and rank the constraints facing farmers in the adoption of improved

technologies in maize production.

1.4 Justification of the Study

Maize is a very important staple crop in the Ghanaian household and bulk of it produced

goes into food consumption and it is arguably the most important food security crop. The

ability of maize farmers to improve yield levels and achieve sustainable production is a

major concern. Considering that farmers in Ghana grow and consume maize

substantially, any technology that succeeds in increasing the productivity of resources

devoted to maize production will bring about a lot of benefits to the vast majority of the

rural population.

To increase agricultural productivity through all stakeholders’ efforts, the possible factors

that influence adoption of improved technologies need to be understood. The result of

this research will provide relevant information to government agencies, extension

workers, cooperative unions, development partners/NGOs in formulating policies and

coordinating their implementation to address the gaps identified so as to offer appropriate

response to the needs of the farmer in the Upper East Region. Farmers will also benefit

from the findings of the study by knowing the appropriate combinations of improved

technologies that produce maximum output in maize. This study will also add to the stock

of knowledge or literature on credit access, improved technologies adoption and farm

productivity.
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1.5 Structure of Thesis

This study is structured into five (5) chapters.

Chapter 1 presents the introduction which gives a background to the study. The

introduction also contains the problem statement, research questions and its

corresponding objectives and the justification of the study. The foregoing section

(structure of thesis) is also included in this chapter. Chapter 2 reviews literature on

pertinent studies on adoption of improved technology and efficiency as well as access to

credit. Chapter 3 contains the materials and methods employed in the collection and

analysis of data. Chapter 4 is the presentation of results generated from the data collected

from the field. It also contains the discussions of the results in comparison with past

studies. Chapter 5 presents the summary, conclusions and recommendations of the study.
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CHAPTER TWO

LITERATURE REVIEW

2.0 Chapter Outline

This chapter reviews literature related to the key concepts of the study such as adoption

of farm technologies and its determinants, effect of access to credit on farm technology

adoption and the effect of farm technology adoption on agricultural productivity. The

chapter also examines the theoretical and conceptual frameworks for analysing adoption

decisions of farmers.

2.1 Overview of Agriculture and Maize Production in Ghana

Agriculture is crucial to the livelihood of many people and Ghana’s economy, though its

share of GDP has decreased in recent years, it continues to be vital to economic growth

and rural development. In 2016, agriculture contributed about 18.3% to GDP and 29% to

foreign exchange (GSS, 2017, ISSER, 2017). The sector employs 51.5% of the Ghanaian

active labour force. While low levels of mechanisation and the effects of drought and

climate change among other factors are threatening to slow growth in the sector. The

government’s commitment to investing in technologies and establishing new policies

such as planting for food and jobs and fertilizer subsidies to support the sector are in the

right direction.

The agricultural sector in Ghana is dominated by smallholder farmers who form the

majority (80%) of the crop producers and account for over 90% of the total output
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(Wood, 2013; MoFA, 2016). Nevertheless, farming population comprises predominantly

of resource-poor farmers, cultivating on marginal plots of land with rudimentary farming

system, low capitalization and declining productivity resulting from bad weather

conditions, poor technology application and low credit access which is the core among

the constraints. Consequently, these smallholders are trapped within subsistence

agriculture, and hence adoption of improve technologies is vital for agricultural

commercilisation and higher productivity.

Maize is one of the three grains (including wheat and rice) that account for more than

50% of the world’s production of cereals (Awika, 2011). MoFA (2016) noted that maize

is the most important cereal crop with the highest production and consumption in Ghana.

Maize serves as highest source of food security for Ghanaians and it is produced in all

agro-ecological zones. Maize is the highest producing and consuming crop in Ghana

(USAID, 2014). Maize is produced predominantly by smallholder resource poor farmers

under rain-fed conditions (Savannah Agricultural Research Institute (SARI, 1996).

According to FAO (2005), maize yields are far below achievable levels, and this is as a

result of low utilisation of farm inputs and technologies. Maize yield has been estimated

to about 481 kg/acre in Upper East Region (Amanor-Boadu et al., 2015). Lack of access

to credit is one of the contributing factors to the low productivity in the region (Anang et

al., 2015). The effect of access to credit on farmers’ adoption of improved technologies is

expected to be enormous.
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2.2 Definition and Concept of Agricultural Technology Adoption

Advocates of agricultural growth admit that increasing productivity in agriculture in a

sustainable manner requires developing and diffusing new technologies. New and

improved technologies are often required to upgrade agricultural commodities for

markets that demand high quality standards (Eaton & Shepherd, 2001). Technologies

exist in different forms and serves varying purposes. At the farm level, a technology may

be developed to amend soil conditions (e.g., ploughs, fertilizers), plant/sow (planters),

weed, protect crop quality, and or harvest (e.g., combined harvesters). Loevinsohn et al.

(2013) have explained that technologies are means and or methods used in producing

goods and services efficiently, which include methods of organisation and physical

technique. A technology can be new and specific to a particular place or group of

farmers, or represents a modified version of what was already in use. The purpose of a

technology is to change a given production process at undesirable state to a more

advanced and desirable state.

Technology has been described as a knowledge that permits some tasks to be

accomplished more easily, which also include the services rendered to manufacture the

product (Lavison, 2013). Bonabana-Wabbi (2002) noted that technology helps to save

time and labour by enabling the farmer to do work more easily and cost-effectively to

achieve the highest possible results. According to Donkoh (2006), a technology

represents the current state of knowledge of how resources are combined efficiently to

achieve desirable output, solve problems, fulfil needs or satisfy wants. From the
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perspective of the producer, technology is itself a product of utility and may serve one or

more purposes. Technology is understood by farmers in different ways; it can be

considered as how to cultivate a crop successfully or the kind of crop varieties and

fertilizers suitable for the soil or innovations introduced by scientists (Chi & Yamada,

2002).

2.3 Adoption Concept

Rogers & Shoemaker (1971) cited in Yigezu et al. (2015) stressed that adoption is “a

decision to make full use of a new idea as the best course of action available”. The term

adoption has been defined as a dynamic process of integrating a new technology into

existing practice and is usually proceeded by a period of ‘trying’ and some degree of

adaptation (Loevinsohn et al., 2013). In other words, adoption can be explained as the

extent to which new innovations and technologies is used (Donkoh & Awuni, 2011) or

the decision to accept a technology (Bonabana-Wabbi, 2002). In addition, Dankwa

(2001) explained adoption as the acceptance and use of technology for one season or

more.

As outlined by Feder et al. (1985), the adoption process first exposes the farmer to the

technology (also known as knowledge transfer stage) by specifying its potentials. At this

early stage, the farmer may have low interest in the technology due to limited knowledge

about it but with time, farmer tends to learn more about the technology and eventually

tend to appreciate it, and then adopt. This is why Feder et al. (1985) state that adoption is
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a mental process an individual pass from first hearing about an innovation to final

utilisation of it.

The adoption concept has also been compared with diffusion. However, according to

Donkoh and Awuni (2011), the two concepts differ in terms of the time frame and

population within which they operate. Donkoh et al. (2006) citing Feder et al. (1985)

therefore explained that adoption occurs when an individual or a household makes use of

an innovation and diffusion as when the use of a technology or innovation is spread

within a particular location. Earlier, Rogers (1983) conceptualised five steps through

which an adoption decision must pass through before a technology is finally adopted as:

awareness, interest, evaluation, acceptance, trial and then finally adoption. Adoption can

also be described from two perspectives: (1) rate of adoption and (2) intensity of adoption

as indicated by Bonabana-Wabbi (2002). The former is defined as the relative speed with

which farmers adopt an innovation and has as one of its pillars, the element of ‘time’

whereas the latter refers to the level of use of a given technology in any time period

(Bonabana-Wabbi, 2002).

Adoption is a complex phenomenon because it varies with the technology being adopted.

In an adoption study by Doss (2003), a farmer was categorized as an adopter of improved

seed if he/she was using seeds that had been recycled for several generations from hybrid

ancestors. In other studies, adoption was identified with following the extension service

recommendations of using only new certified seed (Bisanda et al., 1998; Ouma et al.,
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2002). Chi & Yamada (2002) argue that it is common to see farmers preferring one

technology to the other.

Adoption of agricultural technologies can be grouped into two broad levels: aggregate

and individual (farm-level) adoption (Feder et al., 1985). The aggregate technology

adoption is the process of the spread of a new technology within a region whereas the

individual technology adoption is the extent to which a new technology is employed in

long-run equilibrium, when information about the products and it potentials has spread

widely among farmers. The individual adoption is measured at the farmer level while the

aggregate adoption is measured over the whole population at hand.

Rogers (2010) categorised adoption into five categories: innovators, early adopters, early

majority, late majority and laggards. He explained the adoption categories as falling into

a range of percentages. For instance, he placed innovators as forming the 2.5% of a group

that adopt a new idea. The next 13.5% to adopt an innovation are defined as early

adopters. The next 34% of the adopters to the left-side of the mean are called the early

majority. The 34% of the group to the right of the mean are the late majority, and the last

16.0% are considered laggards (see Figure 2.1).
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Figure 2. 1: Adopter Categorization on the Basis of Innovativeness

Source: Rogers (1962)

In the figure demonstrated above, the innovators, also referred to as risk-takers are those

who are willing to experience new ideas (Rogers, 2003). He further added that innovators

are the gatekeepers bringing the innovation in from outside of the system. The early

adopters on the other hand, are more limited within the boundaries of the social system.

As noted by Rogers (2003), early majority could be described as leaders or role models

toward innovation because they put their stamp of approval on a new idea by adopting it.

The early majority usually take more time than it takes innovators and early adopters to

adopt a technology (Rogers & Shoemaker, 1971). Also, the late majority occupies one-

third of all members of the social system who wait until most of their peers adopt the

innovation. Rogers (2003) stated that laggards have the traditional view and they are

more doubtful about innovations and change agents than the late majority. As the most
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localized group of the social system, their interpersonal networks mainly consist of other

members of the social system from the same category.

2.3.1 Improved seed technology (IST) adoption

The development of improved (or high-yielding) crop variety begun during the early

1960s and their widespread adoption by farmers in Asia and in Latin America marked the

beginning of what is known as the ‘Green Revolution’. Improved crop variety is a

product of crop breeding or engineering programmes. Improved seed variety is important

for increasing crop productivity and farmer’s income and rural poverty alleviation

(Bruins, 2009; Alene et al., 2009; Krishna & Qaim, 2008). In Ghana, maize varieties

have been developed by research institutions.

The adoption of improved crop varieties is of particular interest to researchers. For

instance, Danso-Abbeam et al. (2017) carried out a study to identify the determinants of

adoption of improved maize variety (IMV) among farmers in the Northern Region of

Ghana. Using a multinomial logit, their study revealed that age of the household head,

household size, level of experience, farm workshop attendance, the number of years in

formal education, access to agricultural credit, membership of a farmer-based

organisation, availability of labour and extension contacts influence the adoption of IMV.

In northern Tanzania, Nkonya et al. (1997) investigated the determinants of adoption of

improved seed variety and chemical fertilizer by maize farmers. Using a bootstrapped

simultaneous equation Tobit model, they showed that the adoption of improved maize
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seed was positively affected by nitrogen use per hectare, farm size, education of farmers,

and visits by extension agents.

2.3.2 Inorganic fertilizer technology (IFT) adoption

Low and declining soil fertility is a major cause of low crop productivity in sub-Saharan

Africa. The use of more external nutrients such as chemical and organic fertilizers have

been suggested to enable farmers achieves potential yields. Research indicates that

between 1980 and 2004, SSA lost about 4.4 million tonnes of nitrogen, 0.5 million tonnes

of phosphorus and 3 million tonnes of potassium and this cost the continent about $4

billion worth of soil nutrients a year (IFDC, 2006). Fertilizer has the ability to restore

certain depleted nutrients in the soil thereby meeting specific nutritional needs of crops as

well as minimising potential environmental hazards of continuous cropping (Verma &

Sharma, 2007). Research shows that about 50% increase in global food production can be

achieved through fertilizer application (Olson, 1970).

In spite of the numerous benefit of fertilizer in replenishing soil nutrients, adoption is low

in SSA compared to the rest of the world. For instance, the World Bank (2012) estimates

that fertilizer application in SSA was about 10.5kg/ha compared to South Asia, Latin

America, and the Caribbean which apply about 176 kg/ha, 92.2 kg/ha, and 79.5 kg/ha

respectively. To improve farmers’ access to fertilizer, the government of Ghana instituted

the fertilizer subsidy programme in 2008 to increase food security and rural incomes

(Yawson et al., 2010). The programme basically covered four types of inorganic

fertilizer: Urea, Sulphate of ammonia, NPK, 15:15:15 and NPK 23:10:15. Fertilizer
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adoption has been found to increase with farm size (Nkonya et al., 1997). In another

study, Emmanuel et al. (2016) examined the impact of agricultural extension service on

adoption of chemical fertilizer. They revealed that access to extension services

significantly promotes adoption of chemical fertilizer.

2.3.3 Intercropping technology (IT) adoption

Intercropping is one of the ancient practices that increase diversity in agriculture. In

modern agriculture, intercropping is one of the sustainable agricultural intensification

systems because it improves ecological balance (Mousavi & Eskandari, 2011).

Intercropping is one of the measures suggested to reduce environmental and economic

risks (Min et al., 2017). Intercropping is used to mean a multiple cropping system that

two or more crops planted in a field during a growing season (Mousavi & Eskandari,

2011). The combination of crops could include: (1) annual plants with annual plants

intercrop; (2) annual plants with perennial plants intercrop; and (3) perennial plants with

perennial plants intercrop (Eskandari et al., 2009; Ghanbari‐Bonjar & Lee, 2003).

Intercropping has been found to ensure more utilisation of resources, increase the

quantity and quality of products and reduce crop damage by pests, diseases and weeds

(Mousavi & Eskandari, 2011).

Adopting intercropping is more likely to increase crop productivity because the use of

plants of leguminosae family improve soil fertility through biological nitrogen fixation.

Odhiambo & Ariga (2001) analysed maize and beans intercrops in different ratios of seed

and found that production increased due to reduced competition between species
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compared with competition within species. This is because intercropping enables the

judicious utilization of time and space to increase total crop output per unit area (Hossen,

2016). Min et al. (2017) concluded that intercropping is an important source of income

for farmers, especially in low-income household.

There are various types of intercropping: (1) row-intercropping, (2) mixed- intercropping,

(3) strip-intercropping and (4) relay intercropping (Vandermeer, 1992; Ofori & Stern,

1987). Row intercropping refers to the cultivation of one crop simultaneously with

another on the same piece of land at a particular time where at least one crop is planted in

regular rows. Also, mixed cropping refers to the growing of at least two crops

simultaneously on the same piece of at a particular time with no distinct row

arrangement. Strip-intercropping on the other hand occurs when the farmers grow one

crop simultaneously with another in the same piece of land at a particular time in

different strips wide enough to permit independent cultivation but narrow enough for the

crops to interact ergonomically while relay intercropping refers the cultivation of at least

one crop simultaneously during part of the life cycle of each.

Min et al. (2017) examined the adoption of intercropping among smallholder rubber

farmers in Xishuangbanna, China. They found that Intercropping adoption is affected by

ethnicity, household wealth and family labour. Rajasekharan & Veeraputhran (2002)

examined the factors influencing farmers’ adoption of intercropping in three regions of

Kerala using the Tobit model. Their results demonstrated that availability of family

labour, the type of intercrops and perception of profitability of intercropping were found
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significant in explaining the adoption behaviour in all three regions. Hossen (2016)

conducted a study to analyse adoption of intercropping with jackfruit by the farmers of

Bhaluka Upazilla under Mymenshing District, Bangladesh. Using correlation analysis,

the author revealed that among education, farm size, income from jackfruit and intercrop,

Cosmopoliteness and innovativeness showed significant relationships with their adoption

of intercropping with jackfruit.

2.3.4 Row-line planting adoption

The broadcasting method has long been practiced as a traditional way of planting seeds

by most farmers using a high seed rate of between 20-50 kg per hectare (ATC, 2013).

However, this practice has been found to reduce yield because the unequal distribution of

seeds causes increased competitions for nutrients and water, and also makes weeding and

other crop protection measures very difficult (Fufa et al., 2011). Vandercasteelen et al.

(2014) on the other hand noted that row-line planting reduces seed rate to 2.5 and 3.0 kg

per hectare. This ensures optimal absorption of plant nutrients for higher growth. Row-

line planting also improves weeding efficiency. However, this method also involves extra

labour (Mentire & Gecho, 2017).

From the literature, adoption of row line planting has been analysed by several

researchers. In Ethiopia, Mentire & Gecho (2017) conducted a study to examine the

factors affecting adoption of wheat row planting technology in the Sodo Zuriya Woreda,

Wolaita Zone, Southern Ethiopia. They found that sex of household head, educational

status, household size in adult equivalent, oxen ownership, and participation in
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agricultural training and demonstrations were the significant factors affecting the

adoption of wheat row planting technology.

Tafese (2016) studied the determinants of adoption and intensity of adoption of row

planting using a survey data of 300 farming households in Wolaita zone, Ethiopia. They

revealed that educational status of household head, farming experience, farm size, annual

off-farm income, distance to nearest market and training on row planting significantly

influenced adoption and level of adoption of row planting.

2.3.5 Soil/stone bunding technology adoption

Stone/soil bunding technology (SBT) is a line of stones implemented on the contour

slopes of a field (Maiga, 2005). According to the author, the bund line height ranges

between 20cm and 30cm and is designed to reduce runoff. SBT is a land and water

management techniques. There are two types of stone bunds: bunds made by lining up

one big rock at a time and those made by overlapping 3 small rocks (a furrow is dug and

two rocks are placed underneath and one above). This method helps to control soil

erosion and allows water to seep into the soil, providing better crop yields (Wolka &

Negash, 2014; Traore et al. (2017).

The adoption of SBT is increasing among farmers in northern Ghana in recent years

(Nkegbe & Shankar, 2014). A number of studies have explored the determinants of

adoption of SBT (Amsalu & Graaff, 2007; Maiga, 2005). In Ethiopia, Amsalu &De

Graaff (2007) age of farmers, farm size, perceptions on technology profitability, slope,

livestock size and soil fertility are important determinants of adoption of SBT. Maiga
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(2005) analysed the determinants of adoption of stone bunding and found farm size and

off-farm income as important determinants of adoption of stone bunding technology.

2.4 Theoretical Framework for Farm Technology Adoption

Adoption decisions of farmers are usually studied in the framework of utility-

maximisation theory. The theory states that a farmer will adopt a technology only if the

net utility associated with adoption is greater than the utility from adopting alternative

technologies. In other words, a farmer will adopt if the expected returns from adopting a

technology exceed the cost of its adoption and vice versa. From the microeconomic

theory of utility, we can assume that farmers maximise their utility function subject to

some constraints (Asfaw et al., 2012). Following McFadden (1974), the utility function

of the farmer adopting a technology can be treated as a random variable because it is

unknown to the researcher.

If we denote jU as the utility function of farmer i who adopts a technology and kU as the

utility function when the farmer does not adopt a technology, then the farmer will choose

to adopt a new technology if the utility gained from adopting is greater than the utility

from not adopting only if the change in utility between adopting improved farm

technologies and not adopting the technology U is greater or equal to 0.

Mathematically, this can be represented as:

kj UUU  (2.1)
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where

jjj eXU   (2.2)

and

kkk eXU   (2.3)

From Equations (2.2 and 2.3), we realise that the utility function regarding farmers’

adoption has two components; the deterministic component and the stochastic component

known as the random component. The deterministic component is exogenous and is made

up of explanatory variables and a set of linearly related parameters while the random

component may result from missing data/variables (omitted variable), measurement

errors and misspecification of the utility function. In order that we can explain farmers’

decisions, the probabilistic model is often used in the estimation process. Following

Verbeek (2004), the probability of choosing j technology over k technology is given by:

      

     CkjeeXX

eXeXCj

ijikikij

ikikijij









Pr

Pr|Pr

(2.4)
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Adoption can either be a discrete variate with binary or fractional response outcomes, or

continuous in nature (Challa, 2013). A probabilistic estimation approach is usually

applied in a context where the adoption variable is discrete while a continuous variable

approach is used in a context where the adoption variable continuous (Doss, 2003). In the

case where the adoption variable is dichotomous such as adopt or not adopt, yes or no,

access to credit or no access, binary dependent variables such as logit and probit models

have been employed.

In the case where some values on adoption are missing, Tobit and Heckman models

among others have been used in literature to measure adoption of agricultural

technologies. The discrete choice models are usually grounded in the framework of

random utility theory. For such dependent variables, the basic assumption of normality as

pertained to the OLS is violated and hence, the computed probabilities based on the OLS

approach may fall outside 0 and 1 (Greene, 2003). This is one major limitation of the

linear probability model (LPM).

The advantage the LPM has over the binary probit and logit models is linearity easiness

and simplicity in its calculation of the explanatory variables, which the estimated

coefficients can be interpreted as marginal effects (Pindyck & Rubinfeld, 1981;

Amemiya, 1981; Gujarati, 2009), it normally produces constant marginal effects (Capps

& Kramer, 1985; Maddala, 1983). The probit and logit models are able to overcome the

defect of the LPM by using a link function that effectively transforms the regression
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model so that predicted values fall within the zero-one interval (Maddala, 1983;

Wooldridge, 2002; Brooks, 2008).

The probit and logit models only differ in their link functions. While the probit model

operates with the assumption that the error terms are normally distributed, the logit model

assumes the logistic distribution. Apart from their distribution, the two models are quite

similar and make it very difficult to select one over the other as they all produce almost

the same results. On a lighter note, a researcher would choose the logit model over the

probit model due to its simplicity in computing and interpreting the logistic distribution

(Maddala, 1983).

One approach in modelling binary response variables using the probit or logit models as

specified by Goldberger (1964), Maddala (1983), Gujarati (2009) and Greene (2003) is to

begin with the specification of an underlying latent (unobservable) response variable
*
iD

which is specified as linear function consisting of a deterministic component and an error

term:

iii XD  *
(2.5)
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where;
*
iD is the latent (unobserved) dependent variable, iX is the deterministic

component which consist of unknown parameters (  ) and observable explanatory

variables ( iX ) and i is the error term.

where the observed dummy variable ( iD ) defined as:

 

 










adopterNonDif

AdopterDif
D

i

i

i
00

01
*

*

(2.6)

And the probability of observing the outcome of interest can be written as:

)(1Pr)1Pr( iiii XFXD   )( (2.7)

where; )(F is the cumulative distribution function of i , and the likelihood function for

calculating the probabilities for the observed value is then defined and in the case of the

logit model, the functional form of is the logistic, which is specified by the equation

below:

i

i

X

X

i
e

e
XF













1

)( (2.8)
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and in the probit model, the functional form of i is the standard normal distribution

which is specified as:

t
t

XF
ix

i 
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(2.9)

Furthermore, where the adoption variable consists of multiple correlated binary decision

outcomes, the multivariate binary regression model should be employed (Chib &

Greenberg, 1998). For instance, in the case of this study, adoption include the application

of one or more of the following improved maize technologies; improved seed, inorganic

fertilizer, maize-legume intercropping, row-line planting and stone bunding. This type of

categorical choice modelling is different from the multinomial regression models because

the multivariate probit or logit models do not obey the assumption of the independence of

irrelevant alternatives (Greene 2003).

The general specification of the multivariate probit/logit models according to Capellari

and Jenkins (2003) is given by:

otherwise0and01, **  ijijij YYWY ifijij 

(2.10)

with variance-covariance matrix of:
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The specification of the multivariate probit model stems from the fact that an improved

crop technology is usually a bundle of innovations rather than a single technical or

managerial intervention (Mwabul et al., 2006). Owusu (2016) however, argued that

farmers must adopt the entire package of the components in a technology if an

agricultural technology consists of perfectly complementary components in order to

improve crop yields.

In a study to model farmers’ adoption decisions of multiple crop technologies in Ethiopia,

Yigezu et al. (2015) used the multivariate probit model to analyse farmers’ decisions to

adopt at least one of the crop technologies. Other economists have also measured the rate

of adoption of a technology (Akino & Hayami, 1975; Maiangwa et al., 2010). According

to Akino & Hayami (1975), the intensity of adoption can be calculated as the ratio of

total land area under which the crop is cultivated with the application of the said

technology, to the total land area under which the crop in question is cultivated. This can

be expressed as a proportion variable (Herdt & Capule, 1983; Maiangwa et al., 2010) and

estimated using the fractional or beta regression (Wooldridge, 2002) or classified into

ordered categories (such as full, partial or no adopters) and estimated using the ordered

regression model.
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From this study, the decision of a farmer to adopt improved technologies is in two-folds;

first is the binary decision to adopt the technology and second is the decision that leads

him to adopt a number of the technologies. The latter notion is what is referred to as

count decision. In this case, the Poisson or negative binomial regression models can be

used.

2.5 Adoption Studies

A lot of adoption studies have been conducted in the past decades in the field of

agriculture (Ruttan, 1977; Feder et al., 1985; Kutoet al., 2000; Alene et al., 2000;

Tesfaye & Alemu, 2001; Donkoh, 2006; Donkoh & Awuni, 2011). Yigezu et al. (2015)

noted that the first studies on technology adoption were carried out during the decade

following the introduction of high yielding varieties (HYVs) in the mid-1960s (by

Ruttan, 1977; Feder et al., 1985).

Mmbando & Baiyegunhi (2016) examined factors influencing adoption of improved

maize varieties (IMVs) in Hai District, Tanzania using the logistic regression model. In

Kenya, Ouma & De-Groote (2011) examined the determinants of improved maize seed

and fertilizer adoption using the Heckman two-stage model. In Ghana, studies on

adoption of improved farm technologies include Wiredu et al., 2015; Mal et al., 2013;

Yirga & Hassan, 2013). Owusu (2016) employed the logit modle to analyse the factors

influencing adoption of improved maize technologies in the Kwahu Afram Plains North

District of Ghana.
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2.6 Determinants of Farm Technology Adoption

This section reviews some factors that influence farmers’ adoption decisions regarding

agricultural technologies. The factors influencing agricultural technology adoption have

been grouped into the following major factors; demographic and socio-economic

characteristics, personality variables, communication factors among others (Rogers &

Shoemaker, 1971). Other researchers (Kebede et al., 1990) have broadly classified the

factors that influence adoption of technologies into Social, Economic and physical

factors. McNamara et al. (1991) also noted that the factors influencing adoption can be

grouped into farmer characteristics, farm structure, institutional characteristics and

managerial structure while Wu & Babcock (1998) classified them under human capital,

production, policy and natural resource characteristics.

2.6.1 Farmer Characteristics

Demographic and socio-economic factors such as age, gender, household size, education

among others have featured predominantly in past studies. Studies such as Agbamu

(1993) and Anyaegbulam et al. (1995) find negative influence of household size on

farmers’ adoption behaviour. The finding of Martey et al. (2013) shows that age is an

important factor that increases farmers’ adoption of inorganic fertilizer technology. This

could be that young adults are more dynamic and innovative in terms of technology

adoption and will be more likely to adopt improved technologies as argued by Enete &

Igbokwe (2009). Furthermore, Nmadu et al. (2015) established significant relationship

between age, education, farming experience, social status and farmers’ adoption.
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Another study by Danso-Abbeam et al. (2017) in Ghana shows that age of the household

head, household size, level of experience and the number of years in formal education

were the significant demographic and socio-economic factors influencing farmers’

adoption of improved maize variety. In Mozambique, Uaiene et al., (2009) have also

found that education of farmer positively influences adoption behaviours.

Decision-making is a key process in traditional households due to individuals’ control

and access to resources, which tends to favour males. In the study by Sodjinou et al.

(2015), gender was found to have significant and positive effect on adoption. Buyinda &

Wumbede (2008) showed that education of farmers positively influences adoption of

farm technologies. In South Western Nigeria, Afolami et al. (2015) revealed that

adoption of improved cassava varieties was significantly affected by farming experience

and farming as a major occupation. Also, Sodjinou et al., 2015 found a negative link

between age and farmers’ adoption decisions whereas Ghimire & Huang (2016) found a

positive relationship between age and farmers’ adoption. Awotide et al. (2016) and

Simtowe et al. (2016) argued that younger farmers are less risk-averse to adopting new

technologies than the aged.

2.6.2 Farm-specific Factors

Bonabana-Wabbi (2002) has attested that farm size is the most important factor

influencing the adoption of agricultural technologies. Onyeneke (2017) observed that

farm size had a positive and significant influence on the likelihood of adopting

agrochemicals and inorganic fertilizer whereas Martey et al. (2013) revealed that farm
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size reduces the adoption of inorganic fertilizer technology arguing that small-scale

farmers often face financial constraint in purchasing costly inputs. Furthermore, Payne et

al., (2003) found a positive correlation between the probability to adopt improved maize

technologies and farm size while Gockowski & Ndoumbe (2004) found a negative

relationship between farm size and farmers’ adoption of farm technologies. Nkonya et al.

(1997) revealed that farm size tends to reduce the adoption of improved technologies,

particularly fertilizer whereas Uaiene et al. (2009) found that farmers with larger farms

were more likely to adopt an improved technology compared with those with small

farmers.

2.6.3 Institutional and Communication Factors

Danso-Abbeam et al. (2017) in Ghana found that farm workshop attendance, membership

of a farmer-based organisation, availability of labour and extension contacts influence the

adoption of improved maize variety. In Tanzania, Mmbando & Baiyegunhi (2016)

revealed that education, access to credit facilities, access to off-farm income, access to

extension services, membership of farmer groups/association and participation in on-farm

trials/demonstrations were significantly related to farmers’ adoption of improved maize

variety. In Ghana, Abdul-Hanan et al. (2014) attested that distance to an input store

reduces the adoption of the input. Ouma & De-Groote (2011) examined the determinants

of improved maize seed and fertilizer adoption in Kenya using the Heckman two-stage

model and found that access to hired labour, education of household head and number of

extension contacts significantly influenced farmers’ adoption of farm technologies. In

Nigeria, Awotide et al. (2016) studied agricultural technology adoption and found

www.udsspace.uds.edu.gh 

 

 

 

 



33

income from rice production, membership in a farmer based organisation, distance to the

nearest sources of seed and level of training were significant predictors of farmers’

adoption.

2.7 Access to Credit and Farmers’ Adoption of Improved Technologies

Access to credit is an important factor in farmers’ production because it determines the

accessibility of farm inputs when own income is low or missing. Njogu et al. (2017)

argued that credit is the single most important variable for enhancing production and

productivity and also a reliable route for increasing the adoption of improved

technologies. Adeyeye et al. (2016) noted that credit is a temporary substitute for

personal savings, which catalyses the process of agricultural production and productivity.

This is because the adoption of improved technologies to increase productivity is

relatively expensive and small-holder farmers cannot afford to self-finance it. As a result,

the use of agricultural technologies is very low. Also, Okwoche et al. (1998) have found

that access to credit positively influence farmers’ adoption of improved technologies.

Similarly, Obisesan et al. (2016) found a significant and positive link between access to

credit and adoption of improved cassava production technology. Also, Ouma & De-

Groote (2011) attested that access to credit and farmers’ adoption of farm technologies

are significantly and positively related. Uaiene (2009) attested that technology adoption is

associated with access to credit. Mmbando & Baiyegunhi (2016) and Danso-Abbeam et

al. (2017) revealed significant relationship between access to credit and farmers’

adoption of improved maize varieties. Nmadu et al. (2015) established a positive

significant effect of access to credit on farmers’ agricultural technology adoption.
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2.8 Effect of Adoption of Technologies on Farm Output

When an economy produces goods and services at least cost so as to maximize

production levels, that economy is said to be productively efficient. Amare et al. (2012)

examined the effect of agricultural technology adoption on yields. They found that

adoption of agricultural technology had a positive and significant influence on yield. In

addition, Bruce (2015) analysed the adoption of improved rice varieties on farmers’

output using the treatment effect model and found that adoption of the improved rice

varieties significantly increased farmers’ outputs. Studies such as Diagne & Demont

(2007) have also examined the effect of agricultural technology adoption on yields and

found a significant and positive influence of adoption of agricultural technology on yield.

2.8.1 Definition and Concept of Production and Efficiency

In the estimation of farm productivity, the Stochastic Frontier Analysis (SFA) has widely

been used to estimate the relationship between input and output of the farm households in

the sample. In addition, SFA can help us to estimate farm productivity by accounting for

both inefficiency and white noise in the data. The SFA has two components; the

production function and the inefficiency equation. Thus, according to Coelli (1995), the

SFA is preferred for assessing efficiency because it deals with stochastic noise and

permits statistical test of hypothesis pertaining to production structure and degree of

inefficiency.

Efficiency on the other hand has been defined as the effective use of variable resources

for the sole purpose of profit maximization, given that the best production technology is
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made available (Kebede, 2001) or the efficient combination of resources (inputs) to

produce any given amount of output at least cost (Forsund et al., 1980). Technical

efficiency has been defined as the effectiveness with which a given set of input is used to

produce an output (Leibenstein, 1966).

In the SFA, the first equation is the production function which shows the relationship

between the traditional inputs such as land, labour, fertilizer and seeds while the second

equation include the socio-economic and demographic factors, plot-level characteristics,

environmental factors and non-physical factors on technical inefficiency. The output

equation is given by:

    exp,sXfQ (2.12)

where, Q represents output, X’s represents the conventional inputs,  is a vector of

unknown parameters to be estimated, and  is a random disturbance. Equation (2.12)

can take the following forms; quadratic functional forms, the linear functional forms and

the Cobb-Douglas and transcendental functional forms. The SFA comprises a production

function of usual regression type with a composite disturbance term equal to the sum of

two error components. This is represented as:

iii uv  (2.13)
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where iv is symmetric, identically and independently distributed error term representing

random variation in output due to random exogenous, measurement errors, omitted

explanatory variables, and a statistical noise beyond the control of the producing unit. iu

on the other hand, is a nonnegative error term representing the stochastic shortfall

associated with farm-specific factors which leads to the farm not attaining maximum

efficiency of production; is the technical inefficiency of the farm and ranges between

zero and one.

The technical inefficiency ( iu ) can be specified as:

ii Zu  (2.14)

where Z = vector of explanatory variables associated with the technical inefficiency

effects which could include socioeconomic and farm management characteristics and 

= vector of unknown parameters to be estimated. This may follow a half-normal,

truncated normal, exponential or gamma.

The technical efficiency (TE) can be calculated as:

   
   

 i

ii

iii

i

i
i U

VXf

UVXf

q

q
TE 




 exp

exp

exp
* 


(2.15)
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where qi = observed value of maize output and qi* = frontier value of maize output. This

expression shows the difference between the actual output and the potential output.

If iU = 0, then
*
ii qq  implying that the production lies on the frontier, and hence,

technically efficient and the farm obtains its maximum potential output given the level of

inputs. However, if iU > 0, production lies below the frontier and the farm is technically

inefficient.

2.8.2 Determinants of Technical Efficiency

From Equation (2.15), technical efficiency of maize farmers can be defined as the ratio of

actual output of maize to the optimal output, provided the production of maize is

naturally random. Technical inefficiency on the other hand, can be defined as the

opposite of technical efficiency (thus, 1-TE). Several factors such as socio-demographic

and economic, farm-specific, environmental factors and institutional characteristics have

been found to influence technical inefficiency of farmers (Chirwa, 2007). Essilfie et al.

(2011) using the stochastic frontier to estimate farm level technical inefficiency among

small-scale maize farmers revealed that age of farmers and formal education reduces

inefficiencies while household size and off-farm income increases inefficiencies.

Abdul-Hanan & Abdul-Rahman (2017) investigated the technical efficiency of maize

farmers in Ghana. Their analysis revealed that gender, age, farm size, education and

access to extension reduce technical inefficiency while membership in association

increases technical inefficiency in maize production. Furthermore, Kuwornu et al. (2013)
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estimated technical inefficiency for maize farmers in the Eastern Region of Ghana. They

found that extension visit, FBO membership, frequency of meeting by members of FBOs,

formal training in maize farming, cash and in-kind credits are the major determinants of

the farmers’ technical efficiency level.

In most recent studies, efforts have been made to examine the technical efficiency levels

in cocoa production. For instance, Dzene (2010) examined the determinants of technical

efficiency of cocoa farmers in Ghana from 2001 to 2006. It was discovered that all

(socioeconomic factors and non-labour inputs) except household size and intensive use of

insecticides significantly impacted on technical efficiency. Other factors like fertilizer

intensity and quality of farm maintenance also had positive effect and significantly

influenced technical efficiency. In a study by Bempomaa & Acquah (2014) to determine

the factors influencing technical efficiency of maize production in Ghana, sex of farmer,

age and off-farm work activities were found to have a significant effect on technical

inefficiencies in production.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.0 Chapter Outline

This chapter contains the materials and methods used in the collection and analysis of

data. It also presents the background of the study area.

3.1 Study area

The study was conducted in Upper East Region, which is located in the north-eastern

corner of the country. The region lies between longitude 00 and 10 West and latitudes

100 30'' N and 110N. It shares boundaries with Burkina Faso to the north, the Republic of

Togo to the east, Sissala East District in Upper West Region to the west and West

Mamprusi District in Northern Region to the south. The land is relatively flat with a few

hills to the East and Southeast. The total land area of the region is about 8,842 sq km,

which translates into 2.7 percent of the total land area of the country. The research

however, was carried out specifically in three districts of the region namely, Kassena-

Nankana West, Bawku West and Talensi. These districts also form part of the major

maize production areas in the region. They also share many common characteristics of

being largely rural in nature with majority of their respective populations depending on

subsistence agriculture as their main source of livelihood. The districts share similar

vegetation and climatic conditions which are common to the Northern Savannah Zones of

Ghana mainly made up of the Northern, Upper West and Upper East regions with climate

in the region characterized by one rainy season from May/June to September/October.
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The mean annual rainfall during this period is between 800 mm and 1100 mm. There is a

long spell of dry season from November to mid-February, characterized by cold, dry and

dusty harmattan winds. Temperatures during this period can be as low as 14 degrees

centigrade at night, but can go to more than 35 degrees centigrade during the daytime.

Figure 3. 1: Map of Upper East Region

3.2 Research Design

This study employed mainly quantitative research design. The study was cross-sectional,

involving the use of face-to-face interviews and semi-structured questionnaires to collect

primary data in a survey. A multi-stage sampling approach was employed to select the
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respondents. Both descriptive analysis (frequencies, percentages, means and standard

deviations) and econometric techniques (Probit model; Multivariate probit model;

Poisson regression with endogenous treatment and the stochastic frontier model) were

employed to analyse the research objectives.

3.3 Target Population and Sampling Techniques

All maize farmers in the Upper East Region of Ghana were eligible for the study. A

multi-stage sampling technique was used to select the respondents. In the first-stage, the

cluster sampling was used to group the 13 districts of the Upper East Region into three

(3) zones. These were Eastern, Central and Western zones. The Eastern, Central and

Western zones had 5, 4 and 4 districts respectively. Out of theses, the simple random

sampling method was used to select one (1) district each for the study. These districts

were Kasena-Nankana West, Bawku West &Talensi .

In the second-stage, two (2) communities were randomly selected from each of the 3

districts. A total of six (6) communities were visited for the study. In the third and final

stage, a total of forty (40) farmers from each of the selected communities were also

selected randomly. In all, a total of two hundred and forty (240) farmers were selected for

the study.

3.4 Data Collection Methods

The study collected mainly primary data from maize farmers in three districts (Kassena-

Nankana West, Bawku West and Talensi) in the month of March 2018. Data were elicited

through face-to-face interviews using semi- structured questionnaires.
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3.5 Data Analysis

The data were processed and analysed using various descriptive and econometric

methods in STATA version 14. The probit model was used to analyse the factors

influencing access to credit by farmers while the multivariate probit model was used to

analyse the factors influencing adoption of maize production technologies in the Upper

East Region. To analyse the effect of access to credit on the intensity of adoption, the

Poisson with Endogenous Treatment model was employed. Also, the Cobb-Douglas

stochastic frontier approach with sample selection was used to analyse the effect of

adoption of improved technologies on maize output. Finally, the Kendall’s Coefficient of

Concordance was employed to examine whether there exists an agreement between

maize farmers’ adoption constraints.

3.6 Conceptual Framework

Farmers in Ghana especially in the Upper East Region are faced with problems of

degradable farm soils, erratic rainfall conditions coupled with the recent climate change

threat. This is even worsened by the seemly continuous adoption of bad or inappropriate

farming practices in their farming activities. The effects or consequences of the situation

cannot be underestimated as these challenges lead to often occurrences of drought, low

soil fertility in the area with their negative effects on crop yields and productivity.

Farmers have to respond to these emerging challenges by adopting innovations or

improved production technologies in order to improve upon their crop yields and

productivity. Some of these improved production technologies in maize include improved
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maize varieties, Row/line planting, maize intercropped with legume, inorganic fertilizer,

stone/soil bunding among others.

The promotion of improved production technology adoption is one of the agricultural

interventions in maize production in the Upper East Region. However, the farmer’s

decision to adopt the innovations might strongly be influenced by some socioeconomic

factors such as age, education, extension contacts, land tenure, membership of farmer

based organisation (FBOs), farm size, household size, sex, distance to input market,

credit, experience among others.

It is expected that if these factors positively influence the farmer’s decision to adopt and

his eventual adoption of the improved production technologies, it would lead to some

positive and significant economic output such as improved maize output.
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Figure 3. 2: Conceptual framework of factors influencing adoption
Source: Author’s own construct.

3.7 Theoretical framework

There are two types of technology adoption; these include individual (farm-level)

adoption and aggregate adoption (Feder et al., 1985). This study targeted the adoption of

improved production technologies in maize at the farm-level, where the adopter of a

given technology is the person who used the technology at the time of the survey (i.e.

Access to Credit

Adoption of Improved Maize Technologies

Output

Demographic and Socio-
Economic

Characteristics: Gender,
Age, Experience, HHS,

Education

Farm-specific
Characteristics:

Landholding, Farm size,
Farm location

Institutional and
Communication Factors:
Extension, Roads, Inputs &

Output Markets FBOs
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2017/2018 cropping year). The adoption of the following five (5) different technologies

was analysed: improved maize varieties (IMVT), row/line planting (RPT), legume- maize

inter-cropped (LMIT), inorganic fertilizer (IFT) and stone/soil bunding (SBT).

This study adopted the random utility theory to explain farmers’ adoption decisions. The

adoption decision is a behaviour response by an individual towards a new innovation or

technology. This decision is influenced by expected utility a person gains from adopting

or not adopting the technology. Thus, farmers are assumed to be rational persons with the

objective of maximising expected utility from the improved production technologies

(IPTs) they adopt. A farmer will therefore adopt the improved technology package or part

of it if the expected utility of adoption is greater or equal to that of non-adoption

(Llewellyn et al., 2007). Since the utility derived from the technologies is neither

observable nor known to the researcher with certainty, it is considered to be random

(Fernandez-Cornejo, 1996). The utility associated with adoption of the technologies is a

function of both the deterministic component ( ܸ) and the stochastic component ߝ such

that;

ܷ, = ܸ,+ ,ߝ (3.1)

ܷ, = ܸ, + ,ߝ (3.2)

where; ܷ,and ܷ,are utilities derived from adopting and not adopting IPTs respectively.

and

ܸ= ܺ
ᇱߚ

www.udsspace.uds.edu.gh 

 

 

 

 



46

ܺis a vector of explanatory variables, while ߚ is a vector of unknown parameters to be

estimated. Therefore, a farmer will adopt the IPTs if the expected utility of adoption

exceeds that of non-adoption as defined in Equation (3.3).

ܷ,≥ ܷ, (3.3)

The utility derived from choosing a given alternative, adoption or non-adoption, is not

observable. What is observable is the choice of the IPTs and subsequent adoption if the

farmer derives higher utility from that specific choice. Thus a ‘yes’ response (adopted

IPTs) is observed if the farmer’s expected utility from the IPTs is higher and a ‘no’

response (has not adopted IPTs) if the farmer’s expected utility from IPTs package is

lower. For this study, the binary (logit and probit) choice models are not considered

suitable for modelling the data since the dependent variable, adoption of the improved

technologies is not binary rather it is a count variable (number of improved technologies)

with a minimum of zero and a maximum of six.

3.7.1 Binary probit model analysis of factors influencing access to credit by farmers

The probit model was used to determine the factors influencing access to credit by

farmers. This model is plausible and appropriate because the outcome (dependent)

variable of interest (access to credit) is a dichotomous variable, which assume the value 1

if the farmer accesses credit and 0 otherwise. An important characteristic of the probit (or

logit) model is that it has the ability to constrain the estimated probabilities to lie between

0 and 1, which is a limitation of the linear probability model (LPM) (Maddala, 1998).

Under standard assumption of binary regression model, the probit model assumes that the

error component is normally distributed as opposed to the logit model, which is
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logistically distributed. The probit model assumes that the value of the observed variable

(A) is dependent on whether a latent (continuous) variable(A*) lie below or above 0 such

that:

iii XA  


 β0
* (3.4)

and












otherwiseA

creditaccessesfarmerifA
A

i

i

i

0if0

0if1
*

*

where
*
iA is the latent (continuous) variable, iA is the observed binary dependent

variable for access to credit, X are the explanatory variables,
0β is the constant; β are

unknown regression parameters to be estimated and iε is the error term.

In the probit model functional distribution of the error is very important to constrain the

values of the latent variable into a desirable property of probability values of 0 and 1. The

probit model assumes a cumulative distribution function of standard normal distribution

represented by )F( .
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(3.5)
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The general formal for the probit model can be stated as:

    z
z

-
XA

iX

ii 









 


2
exp

2Π

1
1

2

 (3.6)

where

π is the probability of accessing credit by farmer i and z = standard normal variable ( z

~N (0, 2 ). The method of estimation of the probit model was the maximum likelihood,

which is given by:

     
 


9

1

9

1

11loglog
i i

iiii AY  (3.7)

and the empirical probit model is specified in the following form

iiXiX

iXiXiXiXiXiXiXiX
i

A









101099

88776655443322110 (3.8)

where 1X = Gender of respondent; 2X = Age of respondent; 3X = Education of

respondent; 4X = Household size of respondent; 5X = Major occupation of respondent;

6X = Farm size; 7X = Farm location; 8X = Hired labour; 9X = Extension contact and

10X =Membership in FBOs; 101   are unknown parameters to be estimated and  is

the error term.
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3.7.2 The Multivariate Probit Model

The multivariate probit (MVP) model was used to analyse the factors influencing the

adoption of five (5) improved maize technologies. The MVP model allows for

simultaneous estimation of multiple outcomes allowing the observed and unmeasured

factors (error terms) to be freely correlated (Belderbos et al. 2004). The correlation

between the improved technologies may be complementary (positive correlation) or

substitutes (negative correlation) between different practices (Belderbos et al. 2004). In

the adoption of improved technologies, farmers consider some practices as

complementary and others as competing to deal with several production constraints. The

MVP model produces unbiased and efficient estimates by correcting for the unobserved

factors and inter-relationships among adoption decisions regarding different practices.

In the study of adoption, we assume that farmers consider a set (or bundle) of possible

technologies and choose the particular technology bundle that maximizes expected utility

conditional on the adoption. Thus, the adoption decision is inherently a multivariate one

and attempting univariate modelling excludes useful economic information contained in

interdependent and simultaneous adoption decisions.

The multivariate probit econometric model is dependent on a latent variables (Yij) which

is linearly related to a set of observed characteristics and an error term such that;

jijjiji uXY ,,
*
,   , j=1, 2, ..., m

(3.9)

and
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where ijY
is the latent variable measuring the propensity of adopting improved

technologies; Yij is the observed binary outcomes;  βj are unknown parameters to be

estimated and µij are the error terms which are independently and identically distributed

with a standard normal distribution. The error terms follow a join multivariate normal

(MVN) distribution, with mean 0 and variance 1 and covariance matrix:
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(3.11)

The particular interest is the off-diagonal elements in the covariance matrix, ߩ , which

represent the unobserved correlation between the stochastic component of the jth type of

IPTs. This assumption means that equation (3.11) gives a MVP model that jointly

represents decisions to adopt a particular production technology. This specification with

non-zero off-diagonal elements allows for correlation across the error terms of the five

(5) latent equations, which represent unobserved characteristics for the same individual

farmer.

Empirical models

From the theoretical model indicated above, the empirical model to investigate the factors

that influence the adoption of improved production technologies (IPTs) is specified as;
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jijijjijjijjijjij

jijjijijijjijjjijji

uXXXXX

XXXXXA

,,10,10,9,9,8,8,7,7,6,6

,5,5,4,4,3,3,2,2,1,1,0,Adoption








(3.12)

Table 3. 1: Description of Variables used in the MVP model

Variable Description Measurement

ଵܺ Gender of respondent Dummy; 1 if respondent is male; 0 otherwise

ܺଶ Age of respondent Years of respondent

ܺଷ Education Years in schooling

ܺସ Farming experience Years in farming maize

ܺହ Farm size Number of acres of maize farm

ܺ Farm location Dummy; 1 if Upland area; 0 other wise

ܺ Access to training Dummy; 1 if yes; 0 otherwise

଼ܺ Extension contacts Number of visits

ܺଽ Membership to FBO Dummy; 1 if yes; 0 otherwise

ଵܺ Distance to inputs shop Distance in km

3.7.3 Poisson Regression with Endogenous Treatment

The effect of access to credit on adoption intensity was determined using the Poisson

regression with endogenous treatment. Adoption intensity was measured as the number of

improved maize technologies adopted by the farmer, which is a non-negative variable,

ranging from 0 to 5. The Poisson regression can be modeled as a random variable drawn

from a Poison distribution. In the Poisson regression, the decision to adopt a certain

number of technologies is purely based on preference rather than ranking. In other words,

there is often no natural upper bound to the outcomes but is limited to zero.
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In specifying the Poisson regression with endogenous treatment, we first present the

standard Poisson model for count data. Let =݅,ݕ 1, … ,ܰ denote the dependent count

variable, which is independently Poisson distributed, and its conditional mean is given as:

(ݔ|ݕ)ܧ = =ߤ exp(ݔ
ᇱߚ) (3.13)

where ݔ is a k-vector of explanatory variables and ߚ is a k-vector unknown parameters

to be estimated. The conditional mean specification in Equation (3.13) can be rewritten as

a regression model such that:

ܻ= +ߤ =ݑ exp(ݔ
ᇱߚ) + ݑ (3.14)

and the probability of the individual i choosing Y improved technologies is computed

using the formula below:

Pr( ܻ= (ߤ|ݕ =
షഋఓ



௬
=ݕ) 0,1,2, … ) (3.15)

where ܻis the observed count (number of improved technologies to be adopted); Pr the

probability of choosing ݕ number of improved technologies by thi individual,  is the

mean incidence rate of the number of technologies adopted per unit of exposure, which is

given by:

=ߤ exp(ߛ + ଵݔଵߛ + ଶݔଶߛ + ,+ଷݔଷߛ … , (ݔߛ+ (3.16)

The coefficients of the regression are more often computed using the maximum

likelihood estimation as follows:
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ln[ܮ(ݕ,ߛ)] = ∑ ݔ)ߤ]lnݕ
ᇱߛ)]

 −∑ [!ݕ]lnݕ

 (3.17)

Following Greene (1998), the Poisson regression with endogenous treatment allows for a

potential correlation structure between the unobservable variables that affect access to

credit and adoption intensity to be estimated such that:

)ܧ ܻ|ݔ, (ݑܿ, = exp(ݔ
ᇱߛ+ +ܿߣ (ݑ (3.18)

where isݔ a k-vector of other explanatory variables influencing adoption intensity, ߛ is

5a k-vector of unknown parameterss to be estimated, ܿ is the treatment variable, which

account sample selectivity bias and ݑ is the error term.

Table 3. 2: Description of variables in the standard Poisson model

Variable Description Measurement

ଵݔ Gender of respondent Dummy; 1 for male; 0 otherwise

ଶݔ Age of respondent Years of farmer

ଷݔ Education of respondent Years in schooling

ସݔ Farming experience Number of years in farming maize

ହݔ Farm size Acreages of cultivated maize farm

ݔ Farm location Dummy; 1 if upland area; 0 otherwise

ݔ Access to training Dummy; 1 if yes; 0 otherwise

଼ݔ Extension contact Number of visits

ଽݔ Membership to FBOs Dummy; 1 if yes; 0 otherwise

ଵݔ Distance-to-input shops Distance in km
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Furthermore, the probability function for ܻ conditional on the treatment ,ܿ the covariates

andݔ error term ݑ is given by:

)ܧ ܻ|ݔ, (ݑܿ, =
୶ୣ୮{൫௫

ᇲఊାఒା௨൯}ି{ ୶ୣ୮൫௫
ᇲఊାఒା௨൯

ೊ}

!
(3.19)

where the treatment (access to credit) model is given by:

ܿ= ൜
1 ݂݅ ܿ

∗ > 0

0 ݂݅ ܿ
∗ ≤ 0

(3.20)

and

ܿ
∗ = ܽ + ܹܽ 

ᇱ+ ݁ (3.21)

where ܿ
∗ is the propensity to access credit, ܿ is the observed dependent variable,

representing access to credit, ܹ is a k-vector of covariates influencing access to credit, ܽ

is a k-vector of unknown parameters to be estimated, and ݁ is the error term, which

follow bivariate normal distribution with mean zero and covariance matrix. This can be

specified as:


ଶߪ ߩߪ
ߪߩ 1

൨ (3.22)

The empirical model of the Probit model specifying the factors that influence access to

credit can be represented by:

ܿ= ܽ + ଵܹܽଵ + ଶܹܽ ଶ + ଷܹܽଷ + ସܹܽସ + ହܹܽ ହ + ܹܽ  + ܹܽ  + ܹܽ  +
଼ܽ ܹ ଼ + ଽܹܽ ଽ + ଵܹܽଵ + ݁

(3.23)
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Table 3. 3: Description of variables in the standard probit model

Variable Description Measurement

ܹଵ Gender of respondent Dummy; 1 if respondent is male; 0

otherwise

ܹ ଶ Age of respondent Years of farmer

ܹ ଷ Education of respondent Years in schooling

ܹ Household size of respondent Number of people in the household

ܹ ହ Major occupation of respondent Dummy; 1 if Farming; 0 otherwise

ܹ  Farming experience Number of years in farming maize

ܹ  Farm size Number of acres of maize farm

ܹ ଼ Farm location Dummy; 1 if upland area; 0 otherwise

ܹ ଽ Extension contact Number of visits

ܹଵ Membership to FBOs Dummy; 1 if yes; 0 otherwise

Goodness of Fit Test

The Poisson distribution has the property that the mean and the variance are equal. The

overall goodness of fit in terms of the appropriateness of the Poisson model relative to the

Negative binomial model can be measured by two chi-square tests. These are the Pearson

chi-square statistic;
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(3.24)
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and the Deviance chi-square statistic;

 
 


















n

i
ii

i

i
ip y

y
yP

1

ˆ
ˆ

ln 


(3.25)

The Deviance formula can be rewritten as:

  }{2,
ii

LLLLyD yii   (3.26)

3.7.4 The Stochastic Frontier Approach

The stochastic frontier approach (SFP) was employed to analyse the effect of adoption on

maize output by accounting for selectivity bias. The SFP helps to estimate farm

productivity by accounting for both inefficiency and white noise in the data. The SFA has

two components; the production function and the inefficiency equation. Coelli (1995)

argued that, the SFA is preferred for assessing efficiency because it deals with stochastic

noise and permits statistical test of hypothesis pertaining to production structure and

degree of inefficiency.

The SFA, the first equation is the production function which shows the relationship

between the traditional inputs such as land, labour, fertilizer and seeds while the second

equation include the socio-economic and demographic factors, plot-level characteristics,

environmental factors and non-physical factors on technical inefficiency. The outcome

equation is given by:
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    exp,sXfQ (3.27)

where Q represents output, X’s represents the conventional inputs,  is a vector of

unknown parameters to be estimated, and ꜫ is a random disturbance. Equation (3.27) can

take the following forms; quadratic functional forms, the linear functional forms and the

Cobb-Douglas and transcendental functional forms. The SFA comprises a production

function of usual regression type with a composite disturbance term equal to the sum of

two error components. This is represented as:

iii uv  (3.28)

where iv is symmetric, identically and independently distributed error term representing

random variation in output due to random exogenous, measurement errors, omitted

explanatory variables, and a statistical noise beyond the control of the producing unit. iu

on the other hand, the element is a nonnegative error term representing the stochastic

shortfall associated with farm-specific factors which leads to the farm not attaining

maximum efficiency of production; is the technical inefficiency of the farm and ranges

between zero and one.

Table 3. 4: Variable Description and Measurement in the SFA

Variable Description Measurement

ଵܺ Farm size Number of acres cultivated
ܺଶ Labour Cost per man day
ܺଷ Inorganic fertilizer Bags in Kg
ܺସ Seed Kg
ܺହ Pesticide Litres
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ߣ Adoption Number of technologies used

The technical inefficiency ( iU ) can be specified as:

ii ZU  (3.29)

where Z = vector of explanatory variables associated with the technical inefficiency

effects which could include socioeconomic and farm management characteristics and 

= vector of unknown parameters to be estimated. This may follow a half-normal,

truncated normal, exponential or gamma.

The technical efficiency (TE) can be calculated as:

   
   

 i

ii

iii

i

i
i U

VXf

UVXf

q

q
TE 




 exp

exp

exp
* 


(3.30)

where qi = observed value of vegetable output and qi* = frontier value of vegetable

output. This expression shows that the difference between and is embedded in. If iU = 0,

then
*
ii qq  , implying that the production lies on the frontier, and hence, technically

efficient and the farm obtains its maximum potential output given the level of inputs.

However, if iU > 0, production lies below the frontier and the farm is technically

inefficient.
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ܷൌ ߜ  ଵߜ ଵܼ  ଶߜ ଶܼ  ଷߜ ଷܼ  ସߜ ସܼ  ହߜ ହܼ  ߜ ܼ  ߜ ܼ  ଼ߜ ଼ܼ  ଽߜ ଽܼ +

ଵߜ ଵܼ  ݁ (3.31

Table 3. 5: Description of variables in the technical inefficiency model

Variable Description Measurement

ଵܼ Gender of respondent Dummy; 1 if male; 0
otherwise

ଶܼ Age of respondent Years of respondent

ଷܼ Education of respondent Number of years in
schooling

ସܼ Farming experience
Number of years in farming
maize

ହܼ Membership in FBO
Dummy; 1 if yes; 0
otherwise

ܼ Extension contacts
Dummy; 1 if yes; 0
otherwise

ܼ Access to credit
Dummy; 1 if yes; 0
otherwise

଼ܼ Farm size
Number of acres of maize
farm

ଽܼ Farm location
Dummy; 1 if upland area; 0
otherwise

ଵܼ Access to labour
Dummy; 1 if yes; 0
otherwise

3.7.5 Analysis of farmers’ constraints in technology adoption in maize production

Kendall’s Coefficient of Concordance (W) was employed to rank and test whether there

exists significant agreement between farmers’ constraints in the adoption of improved

technologies. The Kendall’s Coefficient of Concordance (W) measures the degree of
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concordance or agreement between the constraints of respondents (Edwards, 1964). The

general specification of the Kendall`s coefficient (W) is:

ܹ =
 ∑ൣ்మି(∑்)మ ⁄ ൧

 మ(మିଵ)
(3.32)

where;

T = sum of ranks for the factors being ranked, m = number of respondents and n =

number of factors being ranked.

The maximum variance (T) is given by:

T=݉ ଶ(݊ଶ− 1) 12⁄ (3.33)

VarT= [∑ܶଶ− (∑ܶ)ଶ ݊⁄ ] (3.34)

The significance of the Coefficient of Concordance (W) may then be tested in terms of

the F distribution as follows:

F-ratio (Fc ) =
( ିଵ)×௪

ଵି௪
(3.35)

Degree of freedom for numerator (df) = (n -1) - (2/ m)

Degree of freedom for the denominator (df) = (m -1) {(n -1) - (2/ m)}
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CHAPTER FOUR

RESULTS AND DISCUSSION

4.0 Chapter Outline

This chapter presents the results and discussion of the study. The discussions are also

compared with past studies.

4.1 Descriptive Statistics of Farmer Characteristics

The study obtained information on demographic and socio-economic characteristics of

farmers such as sex, age, education, household size, major occupation and farming

experience.

Majority (72.9%) of the farmers were males. This is consistent with Wekem (2013) who

found maize production to be dominated by males in the Upper East Region. This could

be due to the tedious nature of the work in maize production, which is more demanding

in terms of resources, including labour which fit men more due to their greater access to

production resources. Besides, it could be that women provide labour on their husbands’

maize farms rather than to cultivate their own due to the fact that women are generally

constrained in terms of income (Matata et al., 2010).

The minimum and maximum ages of farmers were 20 and 70 years respectively. The

farmers were 44.8 years on average. Furthermore, the highest percentage (34.42%) of the
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farmers was between the ages of 40-49 years. This positions them in the aging age

bracket. The results show that older people are mostly represented in maize farming.

On the average, the farmers attained primary education (mean = 3.50) years of formal

education. The education of the farmers ranged from 0 (no formal education) to 16 years

(tertiary education). Furthermore, the majority (60%) of the farmers had no formal

education while the minority (4%) had tertiary education. This is consistent with Wekem

(2013) who found that the majority of farmers in the Upper East region had no formal

education. Also, those with primary and secondary educations were 18.75% and 16.67%

respectively. Generally, the level of formal education among farmers is still low in the

study area, and this can be a stumbling block to the adoption of improved technologies

because less-educated farmers may find it difficult to assess the merits and demerits of

new technologies to know those that are high yielding and cost-effective (Marenya &

Barret, 2006; Randela et al., 2008). According to Minot et al. (2006), a higher level of

education is expected to be associated with the production of higher value crops and more

commercially oriented agriculture.

The mean household size was 6.9 people, with 1 and 15 as the minimum and maximum

household sizes respectively. Furthermore, the greatest percentage (61.67%) of farmers

had household sizes between 6 to 10 people, 29.17% had up to 5 people and very few

respondents (9.17%) had 15 people or more in their household. The mean household size

is consistent with the Regional Average of 6 persons per household in the 2010

Population and Housing Census (PHC) (GSS, 2012). This is a potential source of family
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labour for increasing crop production by farmers in the study area as bigger household

sizes have more people to undertake farm work and minimise the cost of labour.

The experience of farmers engaged in maize farming ranged from 1 to 21 years.

Furthermore, mean farming experience was 6.5 years. A further examination revealed

that the greatest percentage (52.92%) had spent not more than 5 years in the farming of

maize in the Upper East Region, 32.92% had farming experience ranging from six (6) to

ten (10) years, 11.25% had farming experience between 11-15 years and the lowest

percentage (2.92%) had 16 years and more of experience in their farming. The mean

farming experience is relatively low compared to the mean age of farmers indicating that

the farmers were engaged in their traditional crops such as millet, rice, sorghum,

groundnuts, beans among others and are now shifting to or adding the cultivation of

maize to their traditional crops in the region. It offers farmers fair source of knowledge

and new skills and it is form of diversification in their farming businesses to help increase

their productivity.

The majority of farmers representing 73.3% practiced farming as their major occupation.

This confirms the general assertion that agriculture remains the largest source of

employment for many rural people in Ghana (GSS, 2012). This is why many

development projects are geared toward the agricultural sector to promote productivity to

increase income and alleviate poverty. Other major occupations of farmers were: petty

trading (6.67%), weavings (3.33%), salary work (4.17%), pito brewing (4.58%), mining

(2.08%) and tailoring (5.83%).
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Table 4. 1: Summary Statistics of Demographic Characteristics of Respondents

Variable Frequency Percentage Mean
Std.
Dev.

Min Max

Gender
Male 175 72.9
Female 65 27.1
Total 240 100

Age 44.88 10.60 20 70
Less than 30 years 19 7.92
30-39 years 44 18.33
40-49 years 85 35.42
50-59 years 70 29.17
60 and above 22 9.17
Total 240 100

Education 3.51 4.78 0 16
No formal 144 60
Primary 45 18.75
Secondary 40 16.67
Tertiary 11 4.58
Total 240 100

Household size 6.93 2.44 3 15
5 people and below 70 29.17
6-10 people 148 61.67
10 people or more 22 9.17
Total 240 100

Experience in
farming

6.55 4.29 1 21

Up to 5 years 127 52.92
6-10 years 79 32.92
11-15 years 27 11.25
Above 15 years 7 2.92
Total 240 100

Major occupation
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Farming 176 73.3
Others 64 26.7
Total 240 100

Source: Field Data, 2018

4.2 Farm-specific characteristics

Farm size was computed as the size of arable land actually cultivated for maize in the

2017/2018 farming season, and it ranged from 0.5 to 6 acres. The highest percentage

(67.5%) of farmers were found to work on farm sizes ranging between 1 and 2.9 acres,

25% worked on farm sizes ranging between 3 and 4.9 acres, 6.7% worked on 5 acres or

more and only 0.83% worked on less than one acre. Furthermore, the mean maize farm

size farmers cultivated was 2.17 acres. This is consistent with Wekem (2013). The study

observed that overall, farmers in the study area cultivate maize on a relatively small farm

sizes, and could imply smaller output, other things held equal.

The majority of the farms representing 64.2% were situated on uplands. This signifies

that farmers prefer uplands for the cultivation of maize compared to lowlands. A reason

for this could be that lowland farms may be prone to flooding.

The land tenure system or mode of land ownership among farmers evidenced by the

survey results were inheritance, purchase and rented. From the results, the majority

(74.6%) of the farmers owned land through inheritance from their families, 16.7% of

those lands was purchase from neighbours, relatives, friends or private land sellers and

8.8% were rented, and those farmers are only allowed to grow annual crops and strictly

not to grow perennial crops. Of those who bought their land, all of them stated to have

land title deeds. From the study, there is a growing shift from family land ownership to
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individual land ownership with title deeds to the land they use. This finding is consistent

with Wekem (2013) in the Upper East Region who reported that the main form of land

ownership among farmers is through inheritance

Table 4. 2: Summary Statistics of Farm-specific Characteristics of Respondents

Variable Frequency Percentage Mean Std. Dev. Min Max

Farm size 2.17 1.30 0.5 6

Less than 1 acre 2 0.83

1 - 2.99 acres 162 67.50

3 - 4.99 acres 60 25.0

5 acres and more 16 6.67

Total 240 100

Farm Location
Upland 154 64.17

Lowland 86 35.83

Total 240 100

Land Ownership
Inherited 179 74.58

Purchased 40 16.67

Rented 21 8.75

Total 240 100

Crop output 240 761.08 560.29 10 2700

Source: Field Data, 2018

The farmers obtained 761 kg (7.6 maxi-bags) of output in the 2017/2018 cropping season

on the average (Table 4.2). Furthermore, the majority (52.08%) of the farmers obtained

500 kg (5 maxi-bags) or less of maize output whereas the minority (3.75%) obtained

2000 kg (20 maxi-bags) or more of maize output (Figure 1). Furthermore, 24.17%

obtained maize output ranging from 501 to 1000 kg, 14.58% were found to obtained
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maize output ranging from 1001 to 1500 kg and 5.42% obtained maize output ranging

from 1501 to 2000 kg (Figure 4.1).

Figure 4. 1: Results of Maize Output of Farmers
Source: Field Data, 2018

4.3 Institutional Factors

The study collected information on certain institutional variables such as extension

services, access to training on improved farming methods, distance to nearby input shop,

distance to nearby output market and membership in FBOs. Table 4.3 is the summary

statistics of these variables.

From the results in Table 4.3, farmers who reported to have at least one extension contact

were 34.2%, which implies that the majority of maize farmers in the study area do not

have access to extension services. Out of those who had extension contacts, 55.42% had

farm visit ranging from 4 to 6, 42.17% had extension visits ranging from 1 to 3 and only
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2.41% had extension visits ranging from 7 to 9. Generally, majority of farmers (65.83%)

did not have access to extension contacts which is a setback to adoption of improved

technologies. Extension agents expose farmers to information about new technologies

through training; group discussion, plots demonstration, and this tend to improve their

adoption of new technologies. For instance, Pattanayak et al. (2003) maintained that the

provision of extension services by the government agents, NGOs, and other stakeholders

play a very important role in the adoption of new agricultural technologies.

From the results, (48.3%) of the farmers had access to training on improved farming

methods. Farmers’ participation in training programs increases their knowledge about

improved farming methods and these farmers are more likely to have higher adoption and

as a result become efficient in resource use than those who do not know about the

improved technologies.

From the results in Table 4.3, farmers travelled 10.37% kilometres to access the nearest

input shop on the average. The distance between farmers and the nearest input shop

ranged from 2 to 21 kilometres. Furthermore, about 29.17% of farmers travelled 5

kilometres or less and 6-10 kilometres to access the nearest input shop respectively,

23.33% travelled between 11 to 15 kilometres and 18.33% travelled 15 kilometres or

more to reach the nearest input shop. Referable to the deplorable nature of rural roads,

farmers travel fairly longer distances to access nearby input shops. This can reduce

farmers’ access to farm inputs and limit agricultural commercilisation. Apart from having

limited access to inputs as enumerated above, farmers are more likely to incur higher cost
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in input accessibility to transportation. Farmers who are closer to input shops are more

likely to be exposed to information about the potential benefits of new technologies, and

improve the adoption of improved maize technologies.

Table 4. 3: Summary Statistics of Institutional Factors

Variable Freq. Percentage Mean Std. Dev. Min Max

Training on farming practices
Access 116 48.33
No Access 124 51.67

Total 240 100

Distance to Nearby Input Shop 10.37 5.90 2 21

Up -5 km 70 29.17

6 - 10 km 70 29.17
11- 15 km 56 23.33

More than 15 km 44 18.33

Total 240 100

Distance to Nearby Output Market 10.04 5.72 2 20

Up - 5 km 77 32.08
6 - 10 km 68 28.33

11 - 15 km 57 23.75

More than 15 km 38 15.83

Total 240 100

Extension Contacts
No Access 158 65.83
Access 82 34.17

1 - 3 times 35 42.17

4 - 6 times 46 55.42
7 - 9 times 2 2.41

Total 240 100

Membership in FBOs
Member 69 28.75

Not a Member 171 71.25

Total 240 100
Access to credit
Borrowers 84 35.0

Non-borrowers 156 65.0
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Total 240 100

Source: Field Data, 2018

The study revealed that farmers travel 10.04 km to reach the nearest major market on the

average. The minimum and maximum distances to the nearest output markets were 2 and

20 kilometres respectively. Farmers who are closer to output markets have a better

chance to sell more produce by incurring less cost on transportation. The study further

put farmers into four categories based on their distance to the nearest output market, and

found that 32.08% of them travelled 5 kilometres or less, 28.33% travelled between 6-10

kilometres, 23.75% travelled between 11 to 15 kilometres and 15.83% travelled 15

kilometres or more to reach the nearest output market.

From Table 4.3, farmers who had access to credit for maize production were 35% and the

rest, who form the majority use their own income for maize production. This study agrees

with Dinye (2013) who found that the majority of farmers do not have access to credit

facilities and depend on family and friends to finance crop production. This situation is

worrying since lack of access to credit can affect agricultural production. According to

Feder et al. (1985), adequate, cost-effective and timely access to credit affects adoption.

Lack of access to credit in the midst of low or no income by farmers limits the use of

modern inputs or technologies (Bhalla 1979).

From Table 4.3, the minority of farmers representing 28.8% belong to FBO while the rest

do not belong to FBO. Membership to FBO is an essential tool for disseminating
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agricultural information to farmers. Membership to FBO also serves as social collateral

for accessing credit. From the perspective of financial institutions, membership to FBO is

an essential tool for screening loan applications and for ensuring that loans are repaid to

allow prospective members to access credit in subsequent seasons (Aryeetey, 2005).

FBOs enable their members to have easy access to credit by overcoming credit market

failures, in particular allowing farmers who cannot provide physical collateral or

guarantor to benefit from joint liability. Furthermore, membership to FBO also makes it

easier for extension officers to visit the farmers and share some knowledge in good

agricultural practices with them.

4.4 Adoption of Improved Maize Technologies

This result is to enable us distinguish between the different technologies farmers use in

order to achieve the second objective of this study. From the study, farmers practiced one

or more of the following improved technologies for maize production: improved maize

seeds, inorganic fertilizer, legume-maize intercropping, row-line planting and stone/soil

bunding. From the results in Table 4.4, the intensity of adoption of improved

technologies ranged from 1 to 5, with a mean of 2.9. Furthermore, the highest percentage

(90.42%) of the farmers adopted improved maize variety technology (IMVT), 90.0%

adopted inorganic fertilizer technology (IFT), 30.83% adopted row-line planting

technology (RPT), 21.25% practiced stone/soil bunding technology (SBT) and 20.83%

adopted legume-maize intercropping technology (LMIT). This can improve maize
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productivity and farmers’ income as increased use of improved technologies is a

precondition for higher productivity. Adoption of improved maize varieties by farmers

improves their productivity, increase the rural farmers’ income and better their living

conditions. Row-line planting provides plants with adequate space, improving

accessibility to water, light and nutrients which are vital for plants growth and

development. Besides, it enhances weeding efficiency and eases the application of

fertilizer and other agrochemicals. On the other hand, inorganic fertilizers are formulated

to contain the major nutrients such as Nitrogen, Phosphorus, Potassium, etc. in their right

proportions and when applied to the soil the nutrients are made readily available for plant

usage which improves growth and development.

Table 4. 4: Farmer Adoption of Improved Maize Technologies

Variable Frequency Percentage

Improved Maize Variety
Yes 217 90.42
No 23 9.58
Total 240 100
Inorganic Fertilizer
Yes 216 90.0
No 24 10.0
Total 240 100
Legume-Maize Intercropping
Yes 50 20.83
No 190 79.17
Total 240 100
Row/line Planting
Yes 74 30.83
No 166 69.17
Total 240 100
Stone Bunding
Yes 51 21.25
No 189 78.75
Total 240 100
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Intensity of Adoption (Mean) 240 2.917

Source: Field Data, 2018

4.5.1 Factors Affecting Access to Credit

Table 4.5 presents the maximum likelihood estimation results of the probit model

showing the influence of ten (10) explanatory variables on access to credit. Of these

variables, age, education, extension contacts, farm size and membership in FBOs had a

positive significant influence on access to credit.

Age and Access to Credit: Age had a positive significant influence on credit access,

implying older farmers were more likely to access credit compared to younger farmers.

This result agrees with Sedem et al. (2016) and Iyanda et al. (2014). On the contrary,

Denkyirah et al. (2016), revealed that age significantly reduces farmers’ access to credit.

Education and Access to Credit: Furthermore, the results portray education to be one of

the important determinants of access to credit. It was found that education had a positive

significant influence on access to credit, indicating that farmers who attained formal

education were more likely to access credit, ceteris paribus. This result corroborates the

results of Hananu et al. (2015) and Akudugu et al. (2012). A plausible reason could be

that educated farmers understand credit schemes and their requirements for satisfying

credit application processes better than those without formal education (Hananu et al.,

2015). Similarly, being educated increases one’s confidence in approaching financial

institutions for credit due to the higher possibility of them becoming formally employed,

which serves as a security for credit application.
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Farm size and Access to Credit: Another significant variable influencing access to

credit was farm size. The results showed that farm size increases the likelihood of

farmers accessing credit for agricultural production. In other words, larger farm holders

were more likely to access credit. This result agrees with Chandio et al. (2017) and

Awotide et al. (2016) who found a positive significant link between farm size and access

to credit.

Extension Contact and Access to Credit: The number of extension contacts was also

found to have a significant effect on access to credit. The relationship was positive,

indicating that farmers with more extension contacts were more likely to access credit.

This result is in agreement with Sedem et al. (2016) who found that farmers with

extension contacts had higher access to credit. This is because extension services

provided by government agencies and NGOs provide farmers with information or link

them to credit sources.

Membership in FBOs and Access to Credit: Membership in FBO had a positive

significant influence on access to credit, which indicates that farmers who are members

of FBOs were more likely to access credit, ceteris paribus. This result is in tandem with

Assogba et al. (2017) who analysed the determinants of credit access by smallholder

farmers using the logit regression model and found that smallholder farmers’ access to

credit significantly increases with membership to FBOs. This is probably because

membership to FBOs comes with several benefits such as better access to credit

information, group lending and social collateral which serves as guarantor for accessing
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credit (Akudugu et al., 2009). FBOs can intercede for their members by mediating with

formal financial institutions on behalf of smallholder farmers who often lack physical

collateral and other securities.

Table 4. 5: Factors Influencing Access to Credit Using the Binary Probit Model

Variable Coef. Std. Err. P>z

Gender -0.089 0.266 0.738
Age 0.026** 0.010 0.014

Education 0.059*** 0.022 0.008

Household size -0.028 0.051 0.589
Farming as a major occupation -0.090 0.074 0.228

Farm size 0.282*** 0.107 0.008

Farm location 0.160 0.223 0.473
Hired labour 0.026 0.256 0.919

Extension contacts 0.292*** 0.070 0.000

Membership in FBOs 0.962*** 0.221 0.000
Constant -2.792 0.592 0.000

Note: Legends (***); (**) and (*) denote 1%, 5% and 10% significance levels
respectively
Source: Field Data, 2018

4.4.2 Factors Influencing the Adoption of Improved Maize Technologies

The factors influencing adoption of improved maize variety technology (IMVT),

inorganic fertilizer technology (IFT), legume-maize intercropping technology (LMIT),

row-line planting technology (RPT) and stone/soil bunding technology (SBT) were

identified and analysed using the multivariate probit regression model. The model was

significant at 1% level under the Wald chi-square test (188.29), implying that at least one

of the independent variables in the multivariate probit regression model has a significant

influence on at least one improved maize technology adoption.
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The parameter measuring correlation between the adoption of at least two improved

technologies was statistically significant (at 1% level) under the likelihood ratio (LR) chi-

square test (27.20), justifying that the use of the MVP model is correctly specified. In

other words, the estimation of separate probit regression models would have produced

biased and inconsistent estimates.

There was a positive significant correlation between three paired adoption variables,

indicating that farmers’ adoption of RPT and LMIT; SBT and RPT; and SBT and LMIT

are complements rather than substitutes.

The correlation between SBT and LMIT was stronger than RPT and LMIT and SBT and

RPT respectively.

(1) Improved Maize Variety Technology Adoption

Firstly, sex was found to be significant and negative, indicating that female farmers were

more likely to adopt improved maize variety technology (IMVT) for agricultural

production.

Secondly, there was a significant (at 10% level) and positive relationship between age

and adoption of improved maize variety technology (IMVT). The positive relationship

means that the probability of adopting IMVT increases with age, other things held

constant. In other words, older farmers were more likely to adopt IMVT compared to

younger farmers. This agrees with Islam et al. (2012) who found that older and more

experienced farmers are more accessible to new technologies. However, this study
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disagrees with Danso-Abbeam et al. (2017) who cited that older farmers are used to their

conventional ways of farming and usually find it difficult to switch, unlike young people

who are associated with a higher risk taking behaviour.

Thirdly, education was also found to be significant (at 10% level) and positive indicating

that adoption of IMVT increases with education. In other words, educated farmers were

more likely to adopt IMVT for agricultural production. This is consistent with the finding

of Danso-Abbeam et al. (2017) who cited that better educated farmers can easily assess

information about improved technologies and therefore adopt if returns are appealing

(Diiro & Sam, 2015). This observation is also consistent with Bruce (2015) who found

formal education to be an important determinant of improved variety technology

adoption in rice production. Farmers who have knowledge through higher education on

improved variety that increases crop productivity and income (Bruins, 2009; Alene et al.,

2009; Krishna & Qaim, 2008) will be more likely to adopt IMVT.

Farm size had a significant (1% level) and positive, indicating that farm size increases the

probability of adopting IMVT, ceteris paribus. In other words, large-scale farmers were

more likely to adopt IMVT. This finding is consistent with Onyeneke (2017) who found a

positive and significant relationship between farm size and the likelihood of adopting

improved rice varieties. Also consistent with this finding is Danso-Abbeam et al. (2017)

who found that the probability of farmers adopting improved maize variety increases for

larger farm size owners in northern Ghana. They cited that larger farm size owners are

usually into commercial farming and will usually plant improved maize variety for profit

www.udsspace.uds.edu.gh 

 

 

 

 



78

maximization. Contrary to this, Lunduka et al. (2012) found that larger farmland holders

had significantly lowered adoption of opened pollinated maize variety in Malawi. In

terms of improved rice variety technology (IRVT) adoption, Bruce (2015) found that the

probability of IRVT was higher for smaller farm holders in Ghana.

Farm location was also found to be significant (at 10% level) and positively related to the

adoption of IMVT, which indicates that farmers whose farms were situated at upland

areas were more likely to adopt IMVT compared to those whose farms were situated at

lowland areas, holding other factors constant. Farms cultivated on uplands are more

likely to be safe from excessive soil water and flooding which have negative effects on

yield of IMV unlike their counterparts whose farms on the lowland areas are prone to

waterlogged and flooding under which the IMV will not do well.

Distance-to-input shops had a negative significant (at 5% level) influence on the

probability of adopting IMVT, which means longer distances to nearby input shops

reduce the likelihood of adopting IMVT, ceteris paribus. In other words, farmers who

travel shorter distances to access nearby input shops were more likely to adopt IMVT.

Closeness of farmers to input shops increases accessibility to production resources and

lowers input expenditures because farmers can cut down transportation and use that

money to purchase more input. This is consistent with Donkoh & Awuni (2011) who

revealed that distance to an input store reduces the adoption of the input sold, further

arguing that farmers find most inputs, especially chemical fertilizers expensive and so if
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they have to transport the inputs from a far place and incur extra costs, given the poor

road network, they may feel reluctant.

Finally, extension contact had a positive significant (at 5% level) influence on the

adoption of IMVT. This means that farmers with an extension contact have a higher

probability of adopting IMVT, ceteris paribus. Extension contact improves accessibility to

agricultural innovations because farmers get lots of production information from

extension as cited by Danso-Abbeam et al. (2017) who also found that the probability of

adopting IMVT increases with extension contacts in Ghana. Similarly, in northern

Tanzania, Nkonya et al. (1997) examined the impact of agricultural extension service on

adoption of IMVT. They revealed that access to extension services significantly increases

adoption of IMVT.

(2) Inorganic Fertilizer Technology Adoption

Age had a significant (10% level) and positive relationship with the probability of

adopting inorganic fertilizer technology (IFT), which implies that older farmers were

more likely to adopt IFT, ceteris paribus. This is not consistent with Martey et al. (2014)

who cited that younger farmers are more dynamic and innovative in terms of technology

adoption and will be more likely to adopt improved technologies (Enete & Igbokwe,

2009). On the whole, age tended to influence adoption of IMVT and IFT only and in the

researcher’s view, it has to do with financial resource endowments as older household

heads are affluent and often able to purchase costly input like IMVT and IFT.
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Farm size was significant (at 1% level) and had positive relationship with adoption of

IFT, indicating that farm size increases the probability of adopting IFT, ceteris paribus.

This indicates that large-scale farmers are more likely to adopt IFT. This is contrary to

Martey et al. (2014) who found that large farm size significantly reduces the adoption of

inorganic fertilizer technology. This could be because farmers with large farm size often

face financial constraints in purchasing adequate inputs with their associated high costs.

Furthermore, larger farm sizes favour adoption of IMVT, IFT and RPT only and in the

view that larger farm holders are often oriented toward profit-maximization, and adopt

technologies that improve yields. This finding is consistent with Onyeneke (2017) who

observed that farm size had a positive and significant influence on the likelihood of

adopting agrochemicals and inorganic fertilizer.

Access to training on improved farming and the probability of adopting IFT were

significantly (at 1% level) linked. The relationship was positive, indicating that farmers

who obtained training on improved farming methods were more likely to adopt inorganic

fertilizer technology.

(3) Legume-Maize Intercropping Technology Adoption

Farming experience was significant (at 10% level) and negatively related to LMIT. The

negative relationship means that the probability of adopting legume-maize intercropping

technology (LMIT) declines with experience in farming. In other words, less-experience

farmers were more likely to adopt LMIT compared to their counterparts, ceteris paribus.

This is not consistent with the assertion of Islam et al. (2012) who argued that other
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things held constant, older and more experienced farmers are more receptive to adopt

new technologies. Intercropping has been found to ensure better utilization of resources,

increase the quantity and quality of products and reduce crop damage by pests, diseases

and weeds (Mousavi & Eskandari, 2011).

Farm location had a significant (at 1% level) negative influence on the probability of

adopting legume-maize intercropping technology (LMIT) which indicates that farmers

whose farms were located around uplands areas were less likely to adopt LMIT compared

to their counterparts who cultivated their maize around relatively lowland areas, ceteris

paribus. LMIT will produce better yield on lowlands because the crops are more likely to

have enough nutrients and soil moisture since intercropping brings about fair competition

for soil nutrients and water.

Membership to FBOs was also found to be significant (at 10% level) and positively

related to the probability of adopting legume-maize intercropping technology (LMIT),

indicating that farmers who join FBOs were more likely to adopt LMIT compared to their

non-member counterparts, ceteris paribus. As acknowledged to Danso-Abbeam et al.

(2017), FBOs serve as social institutions that provide essential information to farmers on

improved farming methods.

(4) Row-line Planting Technology Adoption

Farm size and adoption of row-line planting technology (RPT) were significantly (at 10%

level) linked. The relationship was positive, indicating that the farm size increases the

www.udsspace.uds.edu.gh 

 

 

 

 



82

probability of adopting RPT, ceteris paribus. This indicates that large-scale farmers are

more likely to adopt RPT. This is contrary to a priori expectation in the view that RPT is

labour-intensive and will turn to favour smaller farms. This result is consistent with

Tafese (2016) who found that large farm size significantly increases adoption and level of

adoption of row planting in Wolaita zone of Ethiopia.

Farm location was also found to have a negative significant (at 1% level) influence on the

probability of adopting RPT which indicates that farmers who cultivated maize on

relatively upland areas were more likely to adopt RPT compared to their counterparts,

ceteris paribus. This is consistent with adoption of IMVT but inconsistent with adoption

of LMIT.

(5) Stone/Soil Bunding Technology Adoption

Sex was significant (at 5% level) and negatively related to the probability of adopting

stone bunding technology (SBT), which means that female farmers were more likely to

adopt SBT for agricultural production. This finding is also consistent with the adoption of

LMIT. In Ethiopia, Amsalu & De Graaff (2007) studied about factors influencing

adoption of SBT. However, they did not find any significant relationship between sex and

adoption of SBT.

Membership to FBO showed a positive significant (at 5% level) influence on the

probability of adopting stone bunding technology (SBT), indicating that farmers who join

FBOs were more likely to adopt SBT compared to their non-member counterparts, ceteris
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paribus. This finding is also consistent with the adoption of LMIT. This could be due to

the fact that FBO members assist each other with on-farm labour and also have easy

access to training on how to undertake such a rigorous and skillful activity during

agricultural production.
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Table 4. 6: Maximum likelihood estimation results of factors influencing the adoption of five (5) improved technologies

Variable

IMVT
(1)

IFT
(2)

LMIT
(3)

RPT
(4)

SBT
(5)

Coeff.
Std.
Err. Coeff.

Std.
Err. Coeff.

Std.
Err. Coeff.

Std.
Err. Coeff.

Std.
Err.

Constant -0.776 0.741 -0.755 0.720 -0.882 0.478 -0.511 0.424 -1.063 0.497
Gender -0.691* 0.367 -0.087 0.355 0.081 0.251 -0.034 0.220 -0.493** 0.248
Age 0.028* 0.017 0.029* 0.017 0.005 0.011 0.008 0.010 0.014 0.012
Education 0.075* 0.039 0.050 0.034 0.022 0.022 -0.004 0.019 -0.018 0.022
Farming experience 0.042 0.068 -0.069 0.042 -0.076** 0.033 0.011 0.030 -0.054 0.036
Farm size 0.650*** 0.216 0.543*** 0.192 0.141 0.096 0.157* 0.089 0.126 0.102
Farm location 0.573* 0.311 -0.107 0.279 -0.940*** 0.208 0.490*** 0.190 -0.299 0.214
Access to training 0.986 0.706 1.227*** 0.293 0.163 0.242 -0.274 0.225 -0.085 0.255
Extension contact 5.269** 2.138 0.481 0.393 0.248 0.266 0.254 0.257 0.299 0.258
Membership in FBOs 0.703 0.814 0.178 0.332 0.446* 0.259 0.105 0.242 0.535** 0.249
Distance-to-input shops -0.105** 0.042 -0.020 0.031

rho21 0.200 0.174
rho31 -0.116 0.193

rho41 0.213 0.170

rho51 0.148 0.224

rho32 0.080 0.200

rho42 -0.004 0.141

rho52 0.185 0.209

rho43 0.248** 0.108

rho53 0.441*** 0.114

rho54 0.221** 0.102

Number of observation = 240; Wald chi2 =188.29***; Likelihood ratio (LR) chi-square test for paired correlations = 27.20***
Legends ***, **, * indicate significance levels at 1%, 5% and 10% levels
Source: Field Data, 2018
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4.5 Effect of Access to Credit on Improved Maize Technology Intensity-Poisson

Regression with Endogenous Treatment

Here, effect of access to credit on the adoption intensity of improved maize

technologies is discussed as shown in Table 4.7. A Poisson model with endogenous

treatment was used to address possible sample selection problem. Referable to the

Heckman selection framework, there was an initial estimation of a selection (access to

credit) and substantive equations (adoption intensity) to correct for such selection

problem under the Poisson model with endogenous treatment.

The Wald chi2 test showing the model fitness shows that the model is statistically

significant, indicating that all the independent variables jointly determined the

dependent variables. In other words, one or more of the independent variables has a

significant influence on the dependent variables.

In testing for sample selection bias and the appropriateness of the Poisson Regression

with Endogenous Treatment, the Wald chi2 test of independent equations is used.

From the estimation, the Wald chi2 test of independent equations was 55.73 and

significant at 1%, indicating that selectivity bias problem is present in the model and

has been corrected. This shows that there were unobserved factors influencing both

access to credit and adoption intensity of improved maize technologies; hence, the use

of the Poisson Regression with Endogenous Treatment is justified.

Table 4.7 shows the results from a Binary Probit and Poisson estimation that indicates

the factors influencing access to credit and adoption intensity of improved maize

technologies respectively.

From the substantive model, farm size, access to training on improved farming

methods and access to credit had positive effect on adoption of IFTs. These findings
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are consistent with the finding of the multivariate probit model results, which show

that farm size had a positive significant influence on improved maize variety,

inorganic fertilizer and row-line planting technologies adoption. In that same model,

access to extension services had a positive significant influence on improved maize

variety adoption while access to training on improved farming methods had a positive

significant effect on inorganic fertilizer technology adoption.

4.5.1 Factors Affecting the Intensity of Adoption of Improved Maize

Technologies

Farm Size and Adoption Intensity: Farm size had a significant (at 5% level) and

positive relationship with the intensity of adoption of improved maize technologies.

This implies that farm size increases the probability of adopting more improved maize

technologies, ceteris paribus. In other words, bigger farm holders are more likely to

increase their adoption of improved maize technologies. This result is not consistent

with Nkonya et al. (1997) who revealed that larger farms tended to adopt improved

technologies, particularly fertilizer less intensively than smaller farms. Bigger farm

holders are often oriented toward profit-maximization, and will adopt technologies

more to improve productivity and to increase incomes. For instance, Uaiene et al.

(2009) argued that farmers with larger farms are more likely to adopt an improved

technology compared with those with small farmers as they can afford to devote part

of their fields to try out the improved technology. Similarly, adopting sophisticated

technologies, such as mechanized equipment, require economies of size to ensure

profitability.
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Extension Contact and Adoption Intensity: Extension contact was found to be

significant at 1% level and positively related to the intensity of adoption of improved

maize technologies, which means that farmers who had access to extension services

were more likely to increase their adoption of improved maize technology than their

counterparts who had no access to extension service. Extension services serve as

important source of information on agricultural production, which expose farmers to

new or improved agricultural technologies and this can facilitate the up-take of

improved technologies. Farmers who have significant extension contacts have better

chances to be aware of various management practices that they can use to increase

production (Onyeneke, 2017).

Access to Training on Improved Farming Methods and Adoption Intensity:

Access to training on improved farming was also found to be significant and

positively related to adoption intensity. This implies that farmers who obtained

training on improved farming methods were more likely to increase their adoption of

improved maize technologies. Training provides farmers with enough information on

improved farming methods on demonstration plots where they can assess the

efficiency and cost associated with those technologies.

Membership in FBOs and Adoption Intensity: Membership to FBOs was

significant (at 5% level). The relationship was positive, indicating that the probability

of adopting improved maize technologies increases with FBO membership. In other

words, farmers who join FBOs were more likely to increase their adoption of

improved maize technologies compared to their non-member counterparts, ceteris

paribus. A plausible reason could be that being a member of an FBO increases access
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to information and other services that enable them to adopt more improved

technologies. Moreover, FBO members enjoy easy access to labour, because members

usually assist each other with resources including labour which enable them to

undertake rigorous activities associated with improved technologies such as stone

bunding and row or line planting during agricultural production.

Access to Credit and Adoption Intensity: Of particular interest was the effect of

access to credit on adoption intensity. The coefficient of access to credit was positive

significant at 1%. This means that farmers who had access to credit increase their

adoption of improved maize technologies by 15.6% compared to their counterparts

who had no access. This is probably because credit is an important source of capital

which can be used to purchase improved technologies when incomes from farm and

non-farm employment are missing or inadequate. This result is consistent with

Obisesan et al. (2016) who found a significant and positive relationship between

access to credit and adoption of improved cassava production technology. From their

study, access to credit facilities leads to 15.82% increase in the adoption level,

attributing it to the fact that credit increases the farmers' economy to purchase

improved seed, fertilizer and other inputs.
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Table 4. 7: Poisson Regression Results showing the Factors Influencing Adoption
Intensity, Including Access to Credit

Variable Coef. Std. Err. P>z

Gender -0.051 0.058 0.380

Age 0.003 0.002 0.258

Education 0.003 0.005 0.544

Household size 0.007 0.011 0.499

Major occupation -0.079 0.055 0.151

Farming experience -0.003 0.008 0.731

Farm size 0.049** 0.021 0.021

Farm location -0.035 0.057 0.538

Access to training on improved farming methods 0.119** 0.055 0.032

Distance to nearby input shop -0.005 0.005 0.298

Extension contact 0.176*** 0.060 0.003

Membership in FBOs 0.143** 0.057 0.013

Access to credit 0.156** 0.069 0.022

Constant 0.690 0.143 0.000

Number of Observation = 240; Wald chi2 (13) = 56.81; P rob > chi2 = 0.0000; Wald
test of independent eqns. (rho = 0): chi2 (1) = 77.38 Prob > chi2 = 0.0000
Note: Legends (***); (**) and (*) denote 1%, 5% and 10% significance levels
respectively
Source: Field Data, 2018

4.6 Improved Technology Adoption and Output of Maize Farmers

This section presents the stochastic frontier results showing the effect of adoption of

improved technologies on output and technical inefficiency of maize farmers in the

Upper East Region as demonstrated in Table 4.10.
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4.6.1 Stochastic frontier results

A likelihood ratio (LR) test was conducted to determine the appropriate functional

form of the data, thus, the choice between Cobb-Douglas and transcendental (trans-

log) functional forms. From the results, the LR statistic was 24.44 and significant at

10%, implying that the null hypothesis that the translog stochastic frontier is a better

specification of the data is rejected. In other words, the Cobb-Douglas stochastic

frontier is the appropriate functional form compared to the trans-log production

function. This result is in line with that of Seyoum et al. (1998) who found the Cobb-

Douglas stochastic frontier to be an adequate representation of their data.

The null hypothesis of ‘no inefficiency component’ was also rejected, implying that

the use of the stochastic frontier framework is ideal compared to using the average

response model (see Table 4.8). Ibrahim et al. (2014) also revealed that there is

technical inefficiency in the use of inputs among maize producers in Nigeria.

Additionally, the gamma parameter associated with the variance of the technical

inefficiency effect in the stochastic frontier was estimated to be 0.925 and significant

at 1% level (see Table 4.10). This means that the technical inefficiency effect is a

significant component of the total variance of the output of maize farmers.

Table 4. 8: Results of hypothesis test

Test Type
Null Hypothesis

Statistic
Decision

Rule

Functional
form 0=β:H ij0

24.44 (0.058)
Reject H0: Cobb-Douglas is

appropriate

Frontier Test 0=δ...δ=δ:H 14210 802.67 (0.000)
Reject H0: MLE is

appropriate, inefficiency
effects exists

Source: Frontier Regression

www.udsspace.uds.edu.gh 

 

 

 

 



91

The Wald chi-square statistic was 409.05 and significant at 1% level, implying that

the explanatory variables used in the model collectively or jointly explain the

variations in output of maize farmers. A sum of all coefficients of the Cobb-Douglas

function depicts decreasing returns to scale (0.742) meaning that output changes less

proportionally than when all inputs included in the model are changed in the same

proportion. This indicates that maize farmers in the study area are producing in stage

III of the production function.

From Table 4.9, the results show that the stochastic frontier model performs better

when the adoption variable is included in both the output and inefficiency equations

compared to when it is included in the output or inefficiency model or in none of the

equations. This is based on the AIC statistic because a model with the smallest AIC is

superior over a model with a larger AIC.

Table 4. 9: Hypothesis tests showing the appropriate inclusion of the adoption in
the stochastic frontier production function.

Tests df AIC BIC

Adoption in output and inefficiency equation 20.00 155.94 225.55

Adoption in output equation only 19.00 173.35 239.48
Adoption in inefficiency only 19.00 183.75 249.88
Adoption in none 18.00 181.75 244.40

Source: Stochastic frontier results

The results of the stochastic frontier production function further indicate that a total of

four out of the five conventional inputs included in the model exhibited statistically

significant effect on output at 1% significance level respectively. These were farm

size, inorganic fertilizer, seed and pesticides (see Table 4.10).
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The study realised that a 1% increase in farm size, inorganic fertilizer and seeds

increases maize output by 0.602%, 0.067% and 0.274% respectively whereas a 1%

increase in pesticides reduces output by 0.231% holding other variables constant. The

positive relationship between farm size and output agrees with Chiona et al. (2014).

This means that a farmer who uses more inorganic fertilizer and seeds and less

pesticides stands the chance of increasing maize output.

Adoption intensity of improved technologies exhibited a significant and positive

effect on output of maize farmers. This means that farmers who adopt more improved

maize technologies thus 1% increase in intensity of adoption increases their output by

0.026% compared to their counterparts who adopt little or no improved technology.

This result is consistent with Asante et al. (2014) who revealed that adoption

influences output of farmer.

Table 4. 10: Maximum Likelihood Estimates of Stochastic Frontier Estimation

Variable Parameter Coef. Std. Err. P>z

ln farm size ଵߚ 0.602a 0.069 0.000

ln fertilizer ଶߚ 0.067a 0.016 0.000

ln seed ଷߚ 0.274a 0.041 0.000

ln labour ସߚ 0.030 0.072 0.676

ln pesticides ହߚ -0.231a 0.063 0.000

Adoption intensity ࢽ 0.026 a 0.005 0.000

Constant ߚ 6.085 0.270 0.000

Returns to scale 0.742

Gamma (ࢽ) 0.925a 0.074

Sigma =ࢾ) ࢾ
+ࢾ

) 0.762 a

lambda =ࣅ) ࢾ
/ࢾ

) 12.351a

Number of observation = 240; Wald chi2 = 409.05 a

Note: superscript “a” denotes 1% significance level
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4.6.2 Determinants of Technical Inefficiency

Table 4.11 contains the results of factors influencing technical inefficiency of maize

farmers. A negative coefficient depicts a decreasing effect on technical inefficiency

and the opposite is true for positive coefficients (Abdulai et al., 2013). Out of the 10

variables included in the efficiency model, four exhibited significant effect on

technical inefficiency. These were farming experience, membership in FBOs, access

to credit and adoption.

Farming experience had a negative significant influence on technical inefficiency,

implying that farmers who have spent more years in farming were more likely to be

efficient than those who have spent few years in farming. In short, more farming

experience reduces technical inefficiency. This is probably because highly experience

farmers are able to maximise output through the adequate knowledge and skills they

have acquire than those with less experience.

Membership in FBO was also an important factor influencing technical inefficiency

negatively. The negative effect of membership in FBO means that farmers who

belong to FBOs were more efficient than their counterparts who do not belong to

FBO. Farmers in FBOs often have access to information and training that enable them

to improve their farming practices and achieve higher efficiency. This result is not

consistent with Abdul-Hanan & Abdul-Rahman (2017) who revealed that

membership to association decreases efficiency in maize production. The result of

Chirwa (2007) on the other hand agrees with that of the present study with regards to

the effect of membership in farmer-based associations on technical inefficiency.

Access to credit was also significant and positive and therefore relates positively to

inefficiency. In other words, farmers who obtained credit for their maize production
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were more likely to be technically inefficient compared to their counterparts who had

no access to credit. This is because the credit accessed may not be used for the

intended purpose of maize production within such time period. However, this result

disagrees with that of Abdul-Hanan & Abdul-Rahman (2017) who attested that credit

enable farmers to pay for the new technology and undertake long-term investments

that improve efficiency.

Adoption had a significant positive effect on technical inefficiency. This means that

farmers who adopt more improved maize technologies were more likely to be

technically inefficient compared to their counterparts who adopted little or no

improved maize technologies. This may probably occur because most farmers often

fail to comply with recommended application of improved technologies that improve

efficiency. For instance, it is recommended that farmers apply 3-4 bags of fertilizer

per an acre in order to achieve the desired level of output.

Table 4. 11: Maximum Likelihood Estimation Results of Technical Inefficiency

Variable Coef. Std. Err.

Sex ࢠ 0.225 0.312
Age ࢠ 0.012 0.013
Education ࢠ -0.016 0.028
Farming experience ࢠ -0.080* 0.042
Membership in FBO ࢠ -0.817** 0.355
Extension contacts ࢠ -0.066 0.106
Access to credit ࢠ 1.284*** 0.408
Farm size ૠࢠ 0.181 0.165
Farm location ૡࢠ -0.033 0.283
Access labour ૢࢠ 0.453 0.869
Adoption intensity ࢽ 0.043*** 0.014
Constant ࢾ -3.562 1.604
Mean (Std. Dev) TE 0.750
Maximum TE 0.944
Minimum TE 0.047
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4.6.3 Distribution of Technical Efficiency

The mean technical efficient was 0.75, indicating that maize farmers in the Upper

East Region are producing with 75% efficiency. Binam et al. (2004) attested that

high technical efficiency scores indicate the existence of substantial gains in output

and/or decreases in cost with available technology and resources. Also, the minimum

technical efficiency score among maize farmers was 4.7% and the maximum was

94.4% (see Figure 4.2). Furthermore, the highest proportion of maize farmers had

technical efficiency score between 80-89%. There is also evidence that the technical

efficiency of maize farmers is highly clustered around 60 to 90%, indicating very high

technical efficiencies among maize farmers in the Upper East Region.

Figure 4. 2: Efficiency scores of maize farmers

Source: Stochastic frontier results
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4.7 Ranking of Constraints Facing Farmers in the Adoption of Improved

Technologies in Maize Production

The farmers cited several constraints to agricultural production: high cost of improved

technologies, inadequate availability of improved technologies, untimely access to

agrochemicals, difficulty in access to credit facilities, limited available information on

improved technologies, limited access to land and unreliable markets. Among these

constraints, high cost of improved technologies was ranked as the first most important

constraint that farmers face and unreliable markets as the least important constraint

that farmers face. These findings are consistent with Wekem (2013). Furthermore, the

chi-square (636.3) of the Kendall’s test of concordance was significant at 1% level.

The Kendall’s coefficient value of 0.444, implying the farmers were about 44.4% in

agreement that the above constraints were worrying them in their pursuit to adopting

improved maize technologies.

Table 4. 12: Ranking of Constraints in Improved Technology Adoption

Constraints Mean Ranking

High cost of improved technologies 2.10 1st

Inadequate availability of improved technologies 2.36 2nd

Untimely access to agrochemicals 3.43 3rd

Difficulty in access to credit fertilities 4.41 4th

Limited available information on improved technologies 4.42 5th

Limited access to land 5.47 6th

Unreliable markets 5.81 7th

Kendall's W 0.444

Chi-Square 636.3

Df 6

Asymp. Sig. 0

Source: Field Data, 2018
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CHAPTER FIVE

SUMMARY, CONCLUSIONS AND RECOMMENDATIONS

5.0 Chapter Outline

This chapter of the study presents the summary of findings, conclusions and policy

recommendations.

5.1 Summary

The agricultural sector in Ghana is expected to achieve productivity at 6% growth per

annum. Nevertheless, actual crop yields, especially for maize are still far below

achievable yields partly due to low adoption of improved technologies. The study

examines credit accessibility, adoption of improved technologies and the technical

efficiency of maize farmers in the Upper East Region of Ghana. A cross section of

farmers (n = 240) was selected using a multi-stage sampling approach. Data were

collected through face-to-face interviews using semi-structured questionnaire.

Demographic and socio-economic characteristics and farm-specific factors of maize

farmers were summarized using descriptive statistics such as frequencies,

percentages, means and standard deviations.

Specifically, the study determined the factors influencing access to credit by maize

farmers using the binary probit model while the determinants of improved technology

adoption were measured using the multivariate probit model. The effect of access to

credit on the intensity of improved technology adoption was estimated using the

Poisson regression with endogenous treatment model while the effect of improved

technology adoption on maize output was determined using the Stochastic frontier
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production estimation by allowing for selectivity bias. Finally, the Kendall’s

coefficient of concordance was employed to rank and determine whether there exist

significant differences in maize farmers’ agreement with constraints facing them in

adoption of improved technologies.

The study identified five major improved technologies: improved seed varieties,

inorganic fertilizer, legume-maize intercropping, row-line planting and stone bunding.

The results showed that row-line technology (RPT), legume-maize intercropping

technology (LMIT) and soil/stone bunding technology (SBT) were adopted together by

farmers. Adoption of improved maize technologies was significantly affected by

demographic and socio-economic, farm-specific and institutional factors.

Access to credit was positively and significantly influenced by age, education,

extension contacts, farm size and membership in FBOs. On the other hand, access to

credit exhibited a positive significant effect on the intensity of improved maize

technology adoption. Specifically, the results showed that farmers who had access to

credit increase their adoption of improved maize technologies by 15.2% compared to

their counterparts who had no access to credit. Other variables that positively affected

adoption intensity were extension contact, membership in FBOs, access to training

and farm size respectively.

From the stochastic frontier production estimation results, adoption intensity of

improved technologies significantly increases maize output. The study also revealed

that farm size, inorganic fertilizer and seed increase maize output whereas pesticides
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significantly reduces maize output. Furthermore, maize technical inefficiency was

positively affected by adoption intensity of improved technologies and access to

credit while farming experience and membership in FBOs were negatively related to

maize technical inefficiency. The mean technical efficient was 0.75, which means that

farmers were about 75% technically efficient in their maize production. High cost of

improved maize technologies was the most important constraint facing maize farmers,

among other constraints like lack of access to improved maize seeds, high cost of

fertilizer, untimely access to agrochemicals, lack of access to credit facilities, limited

available information, limited access to land and unreliable market.

5.2 Conclusions

The broad aim of the study which was to analyse the factors influencing access to

credit, improved technology adoption and technical efficiency of maize farmers in the

Upper East Region of Ghana was achieved. Specifically, the interplay between access

to credit, improved technology adoption and technical efficiency was also assessed.

The study observed that maize farmers were adopting five different types of improved

maize technologies; improved seed varieties, inorganic fertilizer, legume-maize

intercropping, row-line planting and stone bunding. Besides, the adoption of row-line

technology (RPT), legume-maize intercropping technology (LMIT) and soil/stone

bunding technology (SBT) is a complementary decision by farmers. Also, sex of

farmer, age, education, farm size, farm location, distance to local input-shop,

extension contacts, FBO membership and access to training on improved farming

were significantly related to the adoption of improved technologies. The study also

revealed that access to credit is a positive factor for increasing the adoption of

improved technologies in maize production. It was also realised that increasing the
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adoption of improved technologies, farm size, inorganic fertilizer and seeds were

associated with higher maize output. Adopting more improved technologies on the

other hand reduces technical efficiency of maize farmers. The mean maize technical

efficiency was 0.75, which meant that 25% of maize output was lost due to technical

inefficiency. High cost of improved maize technologies was the most important

constraint facing maize farmers in the production.

5.3 Recommendations

Based on the conclusions, the following recommendations were made;

1. Government and NGOs should strengthen the provision of extension services

to farmers to improve their access to credit and the adoption of improved

technologies.

2. Maize farmers should be encouraged to join FBOs in order to increase their

access to credit and the adoption of improved maize technologies.

3. Government, NGOs and financial institutions should assist farmers with credit

facilities to enable them purchase improved technologies to tackle the high

cost of production.

4. Farmers should adopt more improved technologies in their maize production

to obtain higher yields.

5. Farmers should also increase their farm sizes and follow the recommended

usage of chemical fertilizer and improved seeds to achieve higher output.
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Appendix I: Research Questionnaire

MPHIL RESEARCH PROJECT
FARMER QUESTIONNAIRE- 2017/2018 FARMING SEASON

ADOPTION OF IMPROVED TECHNOLOGIES IN MAIZE PRODUCTION
AND ITS EFFECT ON OUTPUT IN THE UPPER EAST REGION, GHANA

My name is Tampoling Emmanuel Manbey, an Mphil student of Agricultural and
Resource Economics Department, University for Development Studies, Tamale. I am
undertaking a research on the topic: Adoption of Improved Technologies in Maize
Production and the Effect on Output in the Upper East Region of Ghana. I would
like to solicit some information from you while assuring you that it is purely for
academic purposes and any information provided would be treated as confidential and
your name would not be mentioned anywhere in the research work. I would therefore
be grateful if you could be as accurate and objective as possible in your responses.

SECTION A1: SOCIO-DEMOGRAPHIC AND ECONOMIC FACTORS
This section contains questions about the demographic and socio-economic
characteristics of farmers in the study area. Please indicate the code for each question
where applicable.
Table 1: Farmer Characteristics

1.Respon
dent ID

2.Sex
of
respo
ndent

(Code
1)

3.Age
of
respo
ndent

4.Respon
dents
ethnic
group

5.Marital
status
of
respond
ent
(Code
2)

6.Religi
on of
respo
ndent
(Code
3)

7.Educati
onal
level of
respon
dent
(Code
4)

8.
Nu
mbe
r of
year
s in
scho
olin
g

Code 1
Male -1
Female-
0

Talensi-1
Gurune-2
Kusaasi-3
Kasena-
Nankana-4
Nabdam- 5

Code 2
Married-1
Single – 2
Divorced -3
Widow/Wi
dower - 4

Code 3
Christian-
1
Muslim-2
Tradition
alist-3

Code 4
No formal -1
Primary -2
JHS -3
SHS -4
Tertiary -5
Non-formal -6

SECTION A2: Household size, Employment status-Farm and Non-farm &
Farming experience
This section contains questions about the household size, employment status and
farming experience of farmers in the study area. Please indicate the code for each
question where applicable.

www.udsspace.uds.edu.gh 

 

 

 

 



123

Table 2: Household size, employment and farming experience
9. Sex
househ
old
head

10.
Age
(yrs
)

11. How
many
people
currently
live in your
household?

12. # HH
age under
< 18 yrs [ ]
18-60 yrs []
60+ yrs [ ]

13.
What is
your
major
occupati
on?
(Code 6)

14.

What is

your

minor

occupat

ion?

(Code 6)

15. What
other source
of income
generating
activities do
you engage
in?

(Code 6)

16. How
many years
have you been
farming
maize?

Code 5
Male – 1
Female - 0

Use Code 6 for Q. 11-13
Farming-1 Petty trading-2Weaving-3Salaried worker-4 Pito-
Brewing-5 Galamsey - 6 Tailoring - 7
Others (please specify)………………………………….

SECTION B: FARM-SPECIFIC CHARACTERISTICS

17. Indicate the main type of land ownership for your maize farm
1= own land [ ] 2= inherited land [ ] 3 = rented land [ ]

18. What method do you engage in during land preparation? (1) Tractor [ ] (2)
Bullock [ ] (3) Hand tillage [ ]
19. Please, indicate the size of your farm and production estimates of maize in the
2017/18 farming season in the Table 3 below:

Table 3: Farm characteristics
Crop type Farm

size
(acres)

Quantity
harvested
(kg)

Quantity
Stored/
consumed
(kg)

Quantity
sold (kg)

Unit
price/kg
(GH¢)

Total
Amount
(GH¢)

Maize

20. Please indicate by ticking the main location of your maize farm:
1= Upland [ ] 2 = low-land [ ]

21. Did you have access to labour in 2017/2018 farming season? Yes [ ] No [ ]
22. Indicate the type of main source of labour employed in 2017/18 farming season
1= family labour [ ] 2 = hired labour [ ]
23. Please, indicate the number of labour employed for your maize farm in the
2017/18 farming Table 4

Farm Activity

Family labour Hired labour Total cost
of labour
(GH₵)

# # of
people
employed

Cost per
worker
(GH₵) 

# of
people
employed

Cost per
worker
(GH₵) 

1.1. Land preparation
(ploughing, land
clearing, harrowing
spraying )
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1.2. Planting / Sowing
1.3. Weed control 1& 2
1.4. Fertilizer application
1.5. Harvesting
1.6. Threshing
1.7. Bagging, loading and

transportation

SECTION C: IMPROVED PRODUCTION TECHNOLOGY (IPT) FACTORS
24. Do you have knowledge of any maize technology? (Please tick the correct
response)

Yes [ ] No [ ]
26. Which of the following do you have knowledge on? Table 5
Knowledge on improved
technology

Response
Yes = 1 No = 2

Rate of knowledge
Poor Fair Good Very Good

Improved varieties
Inorganic/Chemical fertilizer
Legume intercropped with
Maize
Row or line planting
Stone/soil bunding

Manure

27. Which of these technologies have you adopted Table 6?
Type Response

Yes = 1
No = 2

Reasons for
adopting

Reasons for not
adopting

Improved varieties
Inorganic/Chemical
fertilizer
Legume intercropped with
Maize
Row or line planting
Stone/soil bunding
Manure

28. Source of Information on Improved Production Technology Table 7

Source
Response
Yes = 1
No = 2

Please rate the quality of information
you received by ticking (√) 
Excellent Very good Good Poor

Colleague farmer
Farmer groups
Extension agents
Radio/television
NGOs (Workshop/seminars)
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29. Did you receive training on these improved technologies? Yes [ ] No [ ]

30. Which of the following improved technologies were you trained on? Table 8
Type of Technology Tick

Improved maize varieties
Legume intercropped with Maize
Row/Line Planting
Minimum Tillage
Stone Bunding
Contour Plough or Ridging
Crop Rotation
Chemical fertilizer application

31.Which variety did you cultivate for the last season? a. Local variety [ ] b.
mamaba [ ] c. Golden Crystal [ ] d. Obatanpa [ ] e. Panaar [ ] f. Others
(please specify………………………..)
32. Please, indicate the kinds of inputs used in the production of maize in the 2017/18
farming season in the Table 9 below:

Inputs
(Agro-chemicals)

1 Quantity of
input accessed
(kg/litres)

Unit
Price

Total
cost

I. Chemical Fertilizer 15-15-15 NPK
(50 kg )

II. Organic fertilizer (kg)
III. Sulphate of ammonia

(50 kg)
IV. Improved seed (kg)
V. Weedicide (litres)

VI. Pesticide (litres)

33. Method of fertilizer application? a. Broadcasting [ ] b. Placement method [ ] C.
Dig and bury [ ]

SECTION D: INSTITUTIONAL FACTORS

34. What is the distance from your house to the nearest input shop? ……………..km
35. What is the distance from your house to the nearest output market?
……………..km
36. Did you receive extension contact during the 2017/2018 farming season?
a. Yes [ ] b. No [ ]
37. If yes, how many times did you come into contact with extension agents during
the 2017/18 season? ……………….
38. Which aspect of farming did you receive extension advice? (Tick where
applicable) a. Field preparation [ ] b. Planting/sowing [ ] c. Fertilizer application [
] d. Weeding/spraying [ ] e. Harvesting [ ] f. Threshing/shelling [ ] g.
improved maize varieties [ ]

www.udsspace.uds.edu.gh 

 

 

 

 



126

39. Do you belong to any maize farmer organisation in your area?
a. Yes [ ] b. No [ ]
40. Did you request for credit for your farming during the 2017/2018 season?

Yes [ ] b. No [ ]
41. Did you obtain the credit facility? a. Yes [ ] b. No [ ]
42. If yes, what kind of credit did you obtain? a. Cash [ ] b. Input [ ] c.
Mechanisation [ ]
43. Did you arranged with a marketer for the purchase of your produce?
a. Yes [ ] b. No [ ]
44. Did you engage in contract farming for the 2017/2018 season?
a. Yes [ ] b. No [ ]
45. What is the distance from your house to farm? …….km

SECTION E: ELICITATION OF CONSTRAINTS

46. Please rank in the appropriate constraints inhibiting the adoption of improved
maize technologies in your area
Constraints Rank in order of severity (from

1-8)
i. Lack of access to improved maize seed

ii. High cost of improved maize seed
iii. Untimely access to agrochemicals
iv. High cost of fertilizer
v. Limited access to land

vi. Access to information
vii. Lack of reliable market

viii. Lack of access to credit facilities

Suggests solutions
…………………………………………………………………………………………
…………………………………………………………………………………………
…………………………………………………………………………………………
Thank you for your time
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