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ABSTRACT 

Since the introduction of Green Revolution, increasing productivity of food 

crops like rice has mainly been inspired by the adoption of improved on-farm 

technologies. In Africa and Ghana in particular, the adoption of improved 

farming techniques could accelerate domestic rice farming and the profitability 

of smallholder agriculture. The main objective of this study was to examine 

farmers' adoption of SRI and the effect of adoption on profit efficiency (PE). A 

multi-stage sampling approach was adopted and data was collected from 210 

rice farmers using semi-structured questionnaires. Frequency and percentage 

distribution tables and the Poisson model were employed to identify farmers' 

reasons for adoption and non- adoption of the SRI and the factors influencing 

SRI adoption. Also, the Stochastic Frontier profit model with correction for 

observed and unobserved heterogeneity was used to estimate the effect of SRI 

adoption on profit efficiency. The results revealed that 44 percent of the farmers 

adopted SRI based on the perception that it lowers costs and improves rice 

yields. About 56 percent did not adopt SRI due to difficulties with use, lack of 

access to and limited knowledge of SRI, low income and lack of access to credit. 

The factors which significantly influence farmers' adoption of SRI include 

gender, age, status of farmer in the household, FBO membership, access to 

credit and training on farm management practices. The significant determinants 

of rice profit were land, prices of output, labour, fertilizer, seed and 

agrochemicals. Mean PE for adopters ranged from 56% to 62% while PE for 

non-adopters ranged from 43% to 53%, which suggests that adoption of SRI 

increases PE of rice farmers. The study suggests that rice farmers should be 

educated and trained to adopt SRI. 
11 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

In most developing countries, agriculture has continued to be an important factor 

in socio-economic development (Nhemachena et al., 2018; Alston and Pardey, 

2014). The sector represents about 57 percent and 16 percent of total 

employment and gross domestic product (GDP) in sub-Saharan Africa (SSA) 

respectively (World Bank, 2019 a, b). However, it can contribute more than 

ninety percent of total employment in Burundi and sixty percent of GDP in 

Sierra Leone. The agricultural sector directly employs more than half and ninety 

percent of the total and rural households in Ghana respectively (Ghana 

Statistical Service (GSS, 2014). Moreover, agriculture provides indirect sources 

of employment for many people (such as input suppliers, aggregators and 

buyers) involved in adding value to agricultural products and services (MoFA, 

2010). 

In 2017, the sector also contributed nearly 30 percent of Ghana's export 

earnings (Institute of Statistical, Social and Economic Research (ISSER, 2017). 

Agriculture provides food, feed and raw materials for humans, livestock and the 

agro-industrial sector (Alston and Pardey, 2014). Most importantly, agriculture 

has substantial implications toward the achievement of most of the sustainable 

1 
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development goals (SDGs), and achieving zero hunger and ending poverty by 

2030 (Nhemachena et al., 2018). 

2 

In Ghana, food crop production remains a dominant farming activity and the 

highest contributor to food security and poverty reduction (MoF A, 2016). In 

spite of the huge potential of agriculture, the sector has been under-performing 

and struggling to promote sustainable livelihoods in recent years according to 

Alliance for Green Revolution in Africa (AGRA, 2018). Annual agricultural 

growth rate in Ghana since the Maputo and Malabo Declarations has been low 

as compared to the 6 percent yearly target set in the Comprehensive Africa 

Agriculture Development Programme (CAADP) as reported by the Alliance for 

Green Revolution in Africa (AGRA, 2018). 

According to the Ministry of Food and Agriculture (MoF A, 2010), smallholder 

farmers whose production is almost 80 percent of the country's food bucket are 

still farming with rudimentary technologies. As a result, crop productivity and 

the livelihood of farmers continue to deteriorate (Azumah et al., 2019; MoFA, 

2010, 2016). The continent of Africa also relies very much on import and aids 

for its survival. In addition to this, hunger, food insecurity and poverty remain 

very high, especially among farm households in Africa (AGRA, 2018; Lowder 

et al., 2016; Alston and Pardey, 2014). 
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The general improvement in the livelihoods of farm households hinges broadly 

on increases in productivity. Also, the provision of agrarian infrastructure 

including large-scale irrigation and farm inputs on subsidy more readily has 

been a key strategy by governments in improving agricultural growth and 

farmers' livelihoods. Since the arrival of Green Revolution and Alliance for 

Green Revolution in Africa, increasing agricultural productivity has become the 

prime focus of economic growth and reduction in food insecurity, extreme 

hunger and poverty in many countries (Lipton, 2005). However, increasing 

productivity broadly requires higher investments in soil fertility management, 

improved crop varieties, crop management and protection and irrigation 

(Fagariba et al., 2018). 

3 

Except the icy continent of Antarctica where crops fail to grow, rice is produced 

in more than one hundred countries in the world (Laborte et al., 2017; Prasad et 

al., 2017). Available statistics indicate that more than one hundred and sixty 

(163) million ha of arable land is planted to rice globally (Laborte et al., 2017). 

The crop survives under different cropping systems and environments from 

temperate to tropical regions (Laborte et al., 2017). However, majority of the 

world's rice is produced in Asia with China, India, Thailand, Pakistan and 

Vietnam as the top five (5) producers of rice in the world (Workman 2015). The 

USA, Italy, Uruguay, Brazil and Australia are also among the top ten (10) 

producers of rice in the world. 
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Globally, rice is the third most widely consumed cereal after wheat and maize. 

In 2015, the annual total and per capita intake of milled rice were estimated at 

about 430 million tons and 50 kilogram respectively (Carrijo et al., 2017). In 

SSA where about one hundred million people depend on rice production as their 

main source of income, rice provides a significant source of energy to many 

families (Nwanze et al., 2006). According to Mabe (2018), in Ghana, rice meals 

are consumed daily in many homes and hospitality industries, and heavily 

during official functions, funerals and traditional durbars. Rice is the second 

most widely produced and consumed cereal in Ghana (MoF A, 2016; MoF A, 

2010). 

Rice production provides cash to about 10 percent of Ghanaian households who 

sell about 70 percent of their total rice harvest (Ragas a et al., 2013; Angelucci et 

al., 2013). In Ghana, rice has become a key crop of interest to national 

development due to the general improvement in demand for rice which is 

brought about by increasing urbanization, population growth and incomes 

(Azumah et al., 2019; MiDA, 2010). However, domestic rice production in 

particular, falls short to the increasing demand, creating enough deficits for 

import (Asravor et al., 2019; Azumah et al., 2019; Amponsah et al., 2018; 

Abdulai et al., 2018). 

4 
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In recent times, Ghana has been among the top net importers of milled rice in 

the world (Adjao and Staatz 2015). The United States Department of Agriculture 

(USDA, 2018) estimated that total rice consumption in Ghana was 1.119 million 

Mt. Out of this; locally produced rice was estimated at 519,000 Mt, indicating a 

supply shortfall of 600,000 Mt which is met by importation at a cost of more 

than US$600 million (USDA, 2018). Rice imports are also estimated at 11 

percent and 58 percent of total agricultural and cereal imports respectively 

(Angelucci et al., 2013). 

The production of rice in Ghana is largely done using rudimentary technologies 

and under rain-fed conditions (MiDA, 2010). As a result, current actual yield of 

rice is about 30 percent below achievable yield of 8 Mt per ha (Ragasa et al., 

2013). In recent times, cereal production for example, has been increasing 

marginally. But while other regions have seen increasing cereal production from 

yield increases, in SSA including Ghana increases in cereal production have 

largely come from land area expansion for agriculture rather than productivity 

gains (Ray et al., 2012). 

In view of this, the government of Ghana has over the years, been rolling out 

several policies and programmes on rice with the aim of increasing rice yields to 

curb the increasing rice importation, food insecurity and poverty in the country 

(Mabe, 2018). Increasing productivity of rice has mainly been inspired through 

the adoption of improved farming practices (Azumah et al., 2019). Adoption of 

5 
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improved technologies could be one of the key means to the transformation and 

modernization of agriculture (Tsinigoa and Behrman, 2017). It could transform 

an unprofitable production to a profitable one, leading to the realization of 

economic incentives and sustainability objectives (Tsinigoa and Behrman, 

2017). 

The System of Rice Intensification (SRI) has been introduced as one of the most 

effective means for increasing rice productivity throughout the world (Karki, 

2010; Uphoff et al., 2009). The technique was first developed in Madagascar by 

Henri de Laulanie in the 1990s, with the aim of improving the health and 

productivity of rice through soil, water and crop management practices (Uphoff, 

2003; Mishra et al., 2006; Randriamiharisoa et al., 2006). In West Africa and 

Ghana in particular, the earliest trial took place in the early 2000 following a 

visit by Norman Uphoff (SRI-RICE, 2019). However, the technology became 

widely known from 2007. 

The SRI is an alternative practice to the conventional rice farming methods of 

using more chemical inputs like fertilizers and herbicides to increase the 

productivity of rice, (Thakur and Uphoff, 2017; Uphoff et al., 2009; Berkelaar, 

2001). Rice produced under the SRI is tolerant to biotic/abiotic stresses. The 

practice also helps to reduce greenhouse gases (GHGs) emission from rice 

fields, thereby enhancing environmental health (Thakur and Uphoff, 2017). The 

SRI involves the application of intermittent irrigation and water level control on 

6 
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UDS L!BRA~Y 
the field, the use of a mechanical weeder and organic matter for soil fertilization 

and transplanting of single, much fresher seedlings with wider spacing 

(Denkyirah, 2015; Ndiiri et al., 2013). 

According to Azumah et al. (2019), line planting is meant to ensure proper 

arrangement of the plant on the farm to allow for easy maintenance of farm 

hygiene and to ensure the right cropping density per unit area. These techniques 

may seem laborious but the end results could compensate for the efforts and 

bring improvement in the profitability of rice farming. The use of improved 

farm technologies and farming practices must be accompanied by 

recommendations. Azumah et al. (2019) noted that, the combination of 

improved technologies may allow for higher yields, compared to the use of a 

single technology. 

1.2 Problem Statement 

Compared to other major cereals such as maize, millet and sorghum, rice offers 

the best opportunity to swiftly boost food production and enhance food security 

(Asravor et al., 2019). In spite of the enormous potential of Ghana to develop a 

sustainable rice sector due to the country's stable political and quite steady 

economic conditions, rice farmers are still struggling to meet increasing 

consumer preference for aromatic and long-grain white rice due to certain 

production and supply-side challenges (Abdulai et al., 2018; Ragasa et al., 

2013). The over dependence on rain-fed agricultural system, environmental 

7 
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factors and low adoption of farm inputs and improved technologies are among 

the major reasons for the low rice productivity (Asravor et al., 2019; Abdulai et 

al., 2018; Bidzakin et al., 2018; Mabe, 2018; Ragasa et al., 2013). 

In particular, modern/improved seeds and fertilizer are still applied below 

recommendation. Research indicates that about 10 percent of African farmers 

use modem seeds and as low as 7 kilogram per ha of chemical, or compound 

fertilizer is applied to the soil, compared to more than 150kglha in Asia 

(McMichael, 2013; Druilhe and Barreiro-Hurle, 2012). In Ghana, Dankyi et al. 

(2005) also revealed that less than half of rural farmers apply chemical 

fertilizers, improved seeds and row-line planting during crop production. Most 

often, the adoption is partial or even reversed due to cost, availability and 

accessibility issues (AGRA, 2018). 

The system of rice intensification (SRI) is largely an on-farm management 

technique which farmers learn to practice. It mayor may not involve the use of 

chemical inputs or high-yielding seed varieties. The technique is a package, 

specially design to reduce production risk and improve the productivity of land, 

labour, water and other inputs (Palanisami et al., 2013; Karki, 2010; Uphoff et 

al., 2008; Uphoff, 2007). 
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The SRI technique has been tested to be effective and more profitable than the 

conventional farming methods although the labour requirement could be very 

high (Thakur and Uphoff, 2017; Denkyirah, 2015). According to Karki (2010), 

the SRI tends to save up to 48 percent, 90 percent and 99 percent of fertilizer, 

seed and pesticide cost, with doubled effect on rice yields, which is important 

for improving food security and the socio-economic wellbeing of farmers. In 

spite of these benefits of SRI, empirical knowledge on farmers' adoption of SRI 

and the potential effect of SRI adoption on profit and profit efficiency remain 

rare, especially in Ghana. 

Available studies on farmers' adoption and its determinants have however, 

concentrated on convention inputs like chemical fertilizer, pesticides and high 

yielding seeds (Abdulai et al., 2018; Danso-Abbeam et al., 2017; Obisesan et al., 

2016; Owusu, 2016; Yigezu et al., 2015; Donkoh and Awuni, 2011) and provide 

little insights about farmers' adoption of knowledge-based practices such as SRI 

(Karki, 2010). Also, there is a dearth of knowledge about rice profitability and 

profit efficiency of rice systems in Ghana (Ragasa et al., 2014; Akramov and 

Malek, 2012; Winter-Nelson and Aggrey-Fynn, 2008). Specifically, most 

studies on profit efficiency of crop production however, failed to examine the 

impact of farmers' adoption decisions on profit efficiency (Galawat and Yabe, 

2012; Nganga et al., 2010; Okoruwa et al., 2009; Hyuha et al., 2007; Rahman, 

2003; Abdulai, and Huffman, 1998; Ali and Flinn, 1989). To the best of my 

knowledge, no studies have analyzed farmers' adoption of SRI and the effect of 

9 
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adoption on profit efficiency of rice farmers, especially in Northern Ghana. 

Also, most of the efficiency studies are broadly characterized on a single 

technology such as irrigation, fertilizer and improved seed and how those 

individual technologies affect farm production efficiency (Abdulai et al., 2018; 

Ragasa et al., 2014). 

In order to advice and sustain farmers' adoption of SRI, it is important to know 

whether the adoption of SRI significantly increases the profitability and profit 

efficiency of rice production. However, adoption is a choice variable and for that 

estimating its impacts by directly including it into an outcome model can cause 

sample selection bias. Bravo-Ureta et al. (2012) argued that in a situation where 

sample selection is non-random, estimating Stochastic Frontier model requires 

. . the correction for observed and unobserved heterogeneity in sub-samples. This 

study is among the few to estimate the effect of SRI adoption on profit 

efficiency of rice production by controlling for biases from observed and 

unobserved factors. In order to achieve the broad objective of investigating 

farmers' adoption of SRI and its effect on rice profit efficiency, following 

research questions are important. 

);> What are farmers' reasons for adoption and non-adoption of SRI? 

);> What factors influence farmers' adoption of SRI? 

);> Do farmers' adoption of SRI influence profit efficiency of nee 

production? 
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1.3 Research Objectives 

The main objective of this study was to examine farmers' adoption of SRI and 

the impact of SRI adoption on profit efficiency. 

Specifically, the study sought to; 

1. investigate farmers' reasons for adoption and non-adoption of SRI in 

northern Ghana; 

11. determine factors influencing farmers' adoption of SRI In northern 

Ghana; and 

111. compare the profit efficiency of SRI adopters and non-adopters In 

northern Ghana. 

1.4 Research Justification 

As living standards of farmers continue to fall, more pragmatic measures are 

needed to enhance the profitability of crop production. In agribusiness 

production, farmers aim at maximizing profit which also depends on how 

efficient farmers are in their farming operations (Abdulai and Huffman, 2000). 

Increasing the profitability of rice farming is important for achieving success in 

agricultural growth, food security, economic growth and poverty reduction 

(Abdulai and Huffman, 2000). 

Smallholder farmers' adoption of improved farm technologies represents an 

important strategy for mitigating climate change effect and enhancing the 

11 
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resilience of small-scale rice production in Ghana. Therefore, a study on 

adoption of SRI is needed to generate knowledge about profit efficiency of rice 

farming and how much efforts and strategies are needed to stimulate farmers' 

adoption of SRI. 

The findings of this study will inform rice farmers about the effect of SRI on 

rice profitability and profit efficiency, in order to increase and sustain their 

adoption. The findings of this study will also be used by the government and 

policy-makers to incorporate SRI into existing and upcoming agricultural 

policies and programmes, with the aim of improving rice productivity. Lastly, 

this study will contribute to literature on technology adoption, rice production 

and profit efficiency. 

1.5 Structure of the Thesis 

This thesis is compiled from five (5) chapters. The first chapter is the research 

introduction. The introduction provides a background to the study as presented 

in section 1.1; the research problem and questions (section 1.2); objectives 

(section 1.3); research justification (section 1.4) and the structure of the thesis 

(section 1.5). 

Chapter 2 is the literature review which identifies and contrasts literature related 

to the current study. There are seven (7) major sections under this chapter. These 

include discussion on rice production in Ghana (section 2.1); adoption (section 

12 
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2.2); farm technologies (section 2.3); statistical models for measuring adoption 

and adoption impacts (section 2.4); definition and concept of efficiency (section 

2.5); studies on the factors influencing the adoption of on-farm technologies 

(section 2.6) and studies on the factors influencing farm efficiency and adoption 

impacts (section 2.7). 

The third chapter (Chapter 3) contains the research methodology. The research 

methodology provides discussions on the following headings: study area 

(section 3.1); research design (3.2); sampling procedure and data collection 

(section 3.3); conceptual and theoretical frameworks of the study (section 3.4 

and 3.5) and data processing and analysis (3.6). 

Chapter 4 presents and discusses the results of the study. This chapter was 

divided into seven (7) major sections. These include; descriptive statistics of 

dummy and continuous variables used in the study (section 4.1); adoption of 

SRI (section 4.2); farmers' reasons for adopting and not adopting SRI (section 

4.3); determinants of adoption of SRI (section 4.4); description of cost, returns 

and rice profitability (section 4.5); factors influencing rice profit (section 4.6) 

and estimation of profit efficiency (section 4.7). 

The last chapter (Chapter 5) consists of the summary of the key findings (section 

5.1), conclusion (section 5.2) and recommendations for policy direction and 

future research (section 5.3). 

13 
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CHAPTER TWO 

LITERATURE REVIEW 

14 

2.0 Introduction 

This chapter reviews literature on pertinent subjects related to the research. 

There are seven (7) major sections under Chapter two. These include discussion 

on rice production in Ghana (section 2.1); adoption (section 2.2); farm 

technologies (section 2.3); statistical models for measuring adoption and 

adoption impacts (section 2.4); definition and concept of efficiency (section 

2.5); studies examining the determinants of adoption of on-farm technologies 

(section 2.6) and studies examining the factors influencing farm efficiency and 

adoption impacts (section 2.7). 

2.1 Rice Production in Ghana 

Rice is grown throughout Ghana, mostly by smallholder farmers. However, the 

three largest producing regions are Volta, Northern and Upper East, representing 

nearly 80 percent of national production. There are three major classes of rice 

production in Ghana, namely irrigated, rainfed lowland and rainfed upland 

(F AO, 2006). Among these production systems, more than 80 percent of rice 

production in Ghana is organized under rain-fed conditions (Angelucci et al., 

2013). In Ghana, rice yield ranges from 1.0 - 2.4 MT/ha under rain-fed 
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15 

agriculture to 4.5 MT/ha under irrigation farming (Coalition for African Rice 

Development (CARD, 2010). 

With good agronomic practices, rice yield can reach 8 MT/ha (MoFA, 2016). 

Averagely, rice yield is around 2.75 MT/ha as compared to the potential yield 

(MoFA, 2016). In 2015,641,000 MT of paddy rice was produced on averagely 

233,000 ha of land. Between 2010 and 2015, rice production grew by 8 percent 

per annum and the growth rate in area planted was 6.92 percent (MoFA, 2016). 

Rice production has attracted much attention form the government of Ghana and 

other development partners due to the fact that it consumption outweighs 

domestic production (Mabe, 2018). It is an important crop in the country's 

agriculture modernization and development framework. 

Increasing rice productivity has mostly been the prime focus of agricultural 

policy (F ASDEP I and II); plan (MET ASIP II); and programmes and projects 

such as Food Security and Rice Producers Organization Project (FSRPOP), 

NERICA Rice Dissemination Project (NRDP) , Support to Ghana Rice Inter 

Professional Body (SGRIPB), Lowland Rice Development Project (LRDP), 

Inland Valley Rice Development Project (IVRDP) and Ghana 

Commercialization of Rice Project (G-CORP) (Mabe, 2018). 
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2.2 Defining Adoption 

It has been observed that the development and adoption of farm technologies is 

an important opportunity to increase productivity and welfare (Feder et al., 

1985). The term adoption has been defined differently by several scholars 

(Rogers, 1962; Rogers and Shoemaker, 1971; Feder et al., 1985; Dankwa, 2001; 

Bonabana-Wabbi, 2002; Loevinsohn et al., 2013). According to Rogers (1962), 

adoption is a process whereby an individual makes full use of an innovation or 

technology after getting embraced with it. 

Most simply, adoption occurs when an individual accepts, tries and adapts to a 

new idea or technology for a period (Loevinsohn et al., 2013; Bonabana-Wabbi, 

2002). In the broadest sense, adoption could be referred to as the extent to which 

an economic agent accepts and incorporates a new idea and technology into an 

existing practice from year-to-year (Donkoh and Awuni, 2011; Dankwa, 2001). 

Based on the definitions above, adoption can be defined into stages (Feder et al., 

1985). Feder et al. (1985) stated that the adoption process commences from the 

acquisition of knowledge about the technology and finishes with the utilization 

of it. In the awareness stage, the farmer tends to learn more about the 

technology. After appreciating its potentials, then he eventually adopt it either 

partially or fully. 
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Broadly, Rogers (1983) also defined the decision to adopt into five (5) stages: 

awareness, interest, evaluation, acceptance, trial and use. The awareness, interest 

and evaluation stages can be referred to as the diffusion stage while acceptance, 

trial and complete use the adoption stage. Several scholars (Donkoh and A wuni, 

2011; Donkoh, 2006; Feder et al., 1985; Rogers, 1983) have also argued that 

diffusion and adoption are not the same and for that matter, should be 

distinguished. 

.. 17 

Donkoh and Awuni (2011) explicated that diffusion and adoption differ mainly 

in terms of time, scope and magnitude of use of a new technology. According to 

Rogers (1983), adoption refers to a process of using a new technology for a 

given period while diffusion is defined as a process whereby members of a 

social structure are exposed to a new technology which converses through a 

particular channel in a specified period of time and space. Feder et al. (1985) 

also confirmed that adoption occurs 'when an individual or a household makes 

use of an innovation while diffusion is a stage when information about a 

technology or innovation is spread within a particular location'. 

Adoption can be described in terms of scope, rate and intensity. In terms of 

scope, Feder et al. (1985) distinguished between individual adoption and 

aggregate adoption. Here, individual adoption is the extent of use of a new 

technology after the farmer grasps more information about the technology, and it 

potential. In contrast, aggregate adoption refers to the cumulative use of a new 
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technology within a given population or geographical area. Adoption rate also 

refers to the relative speed with which farmers adopt a new technology while 

adoption intensity refers to the level of use of a given technology in any time 

period. 

Adoption can also be specific to a particular technology and crop. Doss (2003) 

defined farmer adoption of improved seed as the use of seeds that had been 

modified from generations to generations. It can be measured as adhering to a 

given recommendation for the use of a new technology or the use of at least one 

technology (Ouma et al., 2002; Bisanda et al., 1998). Another common way to 

measure adoption is to determine the time frame. For this reason, Rogers (2010) 

classified adoption into five (5) categories by the spread of a new technology. 

These include innovators, early adopters, early majority, late majority and 

laggards. 

Rogers (2010) stated that innovators are the receptionists who receive the 

innovation from outside of the system while the early adopters on the other 

hand, are those who try the technology at the start within the borders of the 

system. The early majorities are described as leaders or role models toward 

innovation because after adopting it they commend and provide approval on the 

technology which lures others to adopt. It takes these individuals more time in 

adopting the innovation or technology. Lastly, the late majority are individuals 
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who adopt the technology after it has spread across a wider space and they have 

realized the impacts. 

New and improved on-farm technologies are adopted with the broad aim of 

changing a current status quo and accomplishing tasks and producing goods 

efficiently (Lavison, 2013). They serve different purposes in crop production. 

Some technologies are used to amend soil fertility or conserve water whereas 

others are also used for land preparation, planting/sowing, crop protection and 

management, weed control and harvesting. Improved technologies work to save 

time and cost with the concomitant improvement in production and yields 

(Bonabana-Wabbi,2002). 

2.3 Agricultural Technologies 

A technology refers to the current state of knowledge of how resources are 

combined efficiently to achieve desirable output, solves problems, fulfill needs 

or satisfy wants (Donkoh, 2006). Since the advent of Green Revolution, 

different types of technologies such as improved seedslhigh-yielding crop 

variety, pesticides and fertilizers have been developed and encouraged within 

the farming society. These technologies were introduced for the purposes of 

protecting crops against pests and diseases and improving yields and soil 

fertility. Improved crop varieties are developed through crop breeding or genetic 

engineering mechanisms while chemical inputs such as fertilizers and pesticides 

are formed through a combination of compounds. 
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Farm management practices such as inter-cropping, crop rotation, mulching, 

bunding, irrigation, row planting and transplanting are also classified as 

technologies. The introduction of the SRI IS a composite of on-farm 

technologies and practices which are used to improve the health and 

productivity of soil, water and other inputs (Mishra et al., 2006; 

Randriamiharisoa et al., 2006; Uphoff, 2003). The SRI concept attempts to 

minimize the use of external inputs like fertilizers and herbicides, thereby, 

minimizing environmental degradation without compromising on food security 

and livelihood, as it increases rice yields by 20-50 (Styger and Uphoff, 2016; 

Thakur et al., 2009). 

The System of Rice Intensification involves the application of intermittent 

irrigation and water level control on the field, the use of a mechanical weeder 

and organic matter for soil fertilization and transplanting of single, much fresher 

seedlings with wider spacing (Denkyirah, 2015; Ndiiri et al., 2013). Since its 

introduction in the 1990s, SRI has been spreading globally with more 10 million 

farmers practicing the technique in Asia, Africa and Latin America (FAO 2016; 

World Bank 2010). 
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The common principles for SRI adoption include; 

» the separation of viable from non-viable seeds by soaking them in salt 

water or plain water; this also speeds up germination process; 

» the sowing of seeds non-densely on a raised-bed, unflooded nursery with 

well-structured, well-drained and fertile soil; 

» transplanting of single young seedlings at the 2-leaf stage, usually 

between 8-12 days old, in a grid pattern with wide spacing between hills; 

25 em x 25 em is usually a good distance to start with; 

» using alternate wetting and drying irrigation methods during the period 

of vegetative growth, and avoid deep flooding thereafter; 

» applying composted organic matter as base fertilization, and complement 

this with mineral fertilizer as needed and; 

» controlling of weeds with a mechanical weeder that incorporates them 

into the soil and also enhances soil aeration. 

2.4 Estimating Adoption and Impacts 

Most studies on adoption and its impacts estimate a regression model. 

Generally, discrete choice models such as the standard Probit and Logit models 

or the Linear Probability model (LPM), Multinomial regression models, 

Multivariate regression models and Ordered regression models are used to 

analyze adoption when it is measured as a categorical outcome (Azumah et al., 

2019; Abdulai et al., 2018). 
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The Linear Probability model (LPM) and Pro bit and Logit models are applied 

when farmers' adoption decision is a binary choice (thus, adopt or not to adopt). 

On the other hand, Multinomial probitllogit models, Multivariate probit/logit 

models and Ordered regression models are employed when farmers' adoption 

decision is a multiple choice. In the case where the adoption variable is 

measured as a continuous variable such as intensity/level/extent of adoption, 

OLS regression, Tobit model and Truncated model are used. 

22 

2.4.1 Discrete Choice Models 

The LPM uses the OLS technique to estimate binary choice variables. The 

coefficients of the model are interpreted as probability even though the 

parameters are linearly related to the dependent variable (Amemiya, 1981; 

Maddala, 1983). However, the LPM has several defects which make it 

inappropriate. First, it estimated probabilities do not fulfill the zero-one interval 

and in addition, produces constant marginal effects (Maddala, 1983; Capps and 

Kramer, 1985). 

The standard Pro bit and Logit models on the other hand, employ the maximum 

likelihood estimation (MLE) technique in estimating regression parameters, 

compared to the LPM which uses the OLS estimator. A key feature 

distinguishing the standard Probit model from the Logit model is their link or 

distribution functions. 
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The standard Pro bit model adopts the standard normal distribution function 

while the Logit model adopts the logistic distribution function. These two 

distribution functions enable the estimated probabilities of the standard Pro bit 

and Logit models to fall within the zero-one interval and also allow for non 

constant marginal effects (Wooldridge, 2002; Maddala, 1983). In view of this, 

the standard Probit and Logit models are mostly used to analyze farmers' 

adoption of improved technologies and production decisions involving only two 

categories. 

The Pro bit and Logit models also differ; first in terms of their distribution. One 

may choose the Logit model over the Probit model due to the fact that the 

computation of the logistic distribution is simpler than the computation of the 

standard normal distribution function (Amemiya, 1981). The estimated 

probabilities of the Logit model can also be transformed into odds ratio which 

have straight-forward interpretations rather than the Probit estimates (Maddala, 

1983). 

Multinomial regression models, Multivariate regression models and Ordered 

regression models are applied categorical or discrete choice dependent variables 

with multiple outcomes. Multinomial regression models are employed for 

discrete variables with more than two categories which are uncorrelated and 

mutually exclusive whereas Multivariate regression models are employed for 

discrete variables with more than two categories which are correlated (Chib and 
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Greenberg, 1998). Ordered regression models on the other hand, are applied to 

discrete categories that are ordinal and finite in nature (Wooldridge, 2002; 

Maddala, 1983). 

2.4.2 Continuous Variable Regression 

The OLS regression model is used to estimate continuous variables when all 

Gauss-Markov's assumptions about the model, explanatory variables and the 

error term are binding. The OLS estimator tries to minimize the error term so as 

to produce unbiased, consistent and efficient estimates. Under the problem of 

inter-dependency between the error term and the independent variable, the OLS 

estimator ceases to be "best". 

2.4.3 Count Variable Modelling 

Count data models such as the Poison, model, Negative binomial model, Zero 

inflated Poisson model and Zero-inflated Negative model are used for modeling 

variables which contain non-negative integers or counting numbers such as the 

number of technologies adopted. The Poison regression model developed by 

Cameron and Trivedi (2006) is applied to data whose mean and variance of the 

distribution are statistically equal. 

Non-fulfillment of this criterion renders the Poisson model inappropriate since 

the other models may produce unbiased and efficient when the mean and 

variance of the distribution are not equal. The Poisson model is the foundation 
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for all count models. The model expresses the mean as an exponential function 

of the explanatory variables, and is thus a non-linear model; it preserves many 

features of the linear regression model (Winkelmann, 2015). 

2.4.4 Models for Impact Evaluation 

In most evaluation studies, the process for selecting the sample is often non 

random. Sample selection is a major problem in empirical evaluation studies 

because it often leads to missing data problem or selectivity bias (Greene, 2003). 

In measuring the impact of adoption on a given outcome, several models have 

been developed to cater for biases arising from observed and unobserved factors 

as a result of the non-random selection. 

Selection bias basically occurs when certain unobserved factors in a treatment 

variable are correlated with those of an outcome equation. Heckman (1979) was 

the first to apply a two-step estimator to model dependent variables of such 

nature. The first step estimates a standard Probit model to generate an inverse 

Mill's ratio (IMR) which become an explanatory variable in the substantive 

equation in the second-stage (Heckman, 1979). 

However, the Heckman selection model has the ability to correct for only 

unobserved heterogeneity. The model does not correct for differences due to 

observed factors because it assumes that the observations in the outcome 

variable are observed for the treated group. The Heckman treatment effect 
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model on the other hand is able to correct for differences in a particular outcome 

due to observed and unobserved factors. There are also others treatment effect 

models such as the Propensity Score Matching (PSM) which only correct for 

differenceslbiases due to observed factors. 

2.5 The Concept of Efficiency 

In agricultural economics, the term efficiency is defined as the ratio of actual 

output to the potential (frontier) output or the ratio of output produced to the 

level of inputs employed. 

The concept also shows how inputs are effectively combine to produce any 

given amount of output using the least cost (Forsund et al., 1980) or how profit 

is maximized by the effective use of inputs, given that the best production 

technology is made available (Kebede, 2001). The concept of efficiency is 

important to an economic agent or to a society because of the fact that resources 

are scarce and depleting. 

The term efficiency has conventionally been applied with production frontier 

function. The conventional production frontier function is mainly used to 

analyze technical efficiency. However, it received a severe criticism in its 

capability to yield reliable estimates, particularly when farmers face different 

prices and have heterogeneous resources endowment (Ali and Flinn, 1989; 

Tzouvelekas et al., 2001). 
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Moreover, single stage analysis of efficiency using production function assumes 

the independence between input and inefficiency (Kumbhakar, 2001). This 

problem can be solved using a more general profit efficiency technique; which 

combines the three components of production efficiency into one system and 

enables simultaneous computation (Ali and Flinn, 1989; Rahman, 2003); and 

both outputs and inputs are determined endogenously (Kumbhakar, 2001). 

The profit efficiency assumes that any inefficiency in production system can be 

translated into lowered revenue or profit. Profit efficiency thus measures the 

ability of farmer to attain the possible maximum revenue or profit from given 

level of input and output prices. There are two types of profit efficiency (Berger 

and Mester, 1997). These include the standard profit efficiency (SPE) and the 

alternative profit efficiency (APE). 

APE takes the quantities of outputs as data instead of the price of outputs 

whereas SPE incorporate price of output instead of output quantities. That is, 

APE approach incorporates the differences between farmers in market power 

and their capacity to exploit them (Mghaieth and Khanchel, 2015). 
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2.5.1 Approaches for Estimating Efficiency 

Efficiency can be estimated using parametric approach and non-parametric 

approach (Farrell, 1957). The parametric approach involves the estimation of 

Stochastic Frontier Models (SFM), while the non-parametric approach involves 

the use of Data Envelopment Analysis (DEA) which is a linear programing 

approach (Aigner et al., 1977). The SFM is widely employed in production 

economics literature because it can controls for random disturbance and farmers' 

inefficiency (Coelli, 1995). That is, SFM can help us to estimate 

production/profit efficiency by accounting for both inefficiency and white noise 

in the data. 

SFM involves the estimation of an economic function (e.g., production, cost or 

profit) and the derivation of efficiency scores from either the residuals or 

dummy variables while the DEA involves solving linear programs, in which an 

objective function envelops the observed data. The efficiency scores are 

therefore derived by measuring how far an observation is positioned from the 

"envelope" or frontier (Delis et al., 2008). 

The parametric Stochastic Frontier Method examines whether efficiency are due 

to controllable factors. It also requires assumption about the functional form for 

the technology and the distribution of the inefficiency terms (Hjalmarsson et al., 

1996). The SFM has two components; the production function and the 

inefficiency term (Coelli, 1995). Mostly, estimation of profit efficiency requires 
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prior selection of the appropriate functional form, which includes mainly the 

Cobb-Douglas functional form and translog functional form. The translog 

functional form allows for variability in the retums-to-scale, compared to the 

Cobb-Douglas function form which often produces constant retums-to-scale 

(Battese and Coelli, 1995). 

2.6 Determinants of On-Farm Technology Adoption 

Adoption is an economic decision that farmers undertake from year-to-year. 

Such decision may be determined by many factors including demographic and 

socio-economic as well as institutional factors (Denkyirah et al., 2016; Nmadu 

et al., 2015; Abdul-Hanan et al., 2014; Martey et al., 2014; Ouma and De 

Groote, 2011; Karki, 2010). Danso-Abbeam and Baiyegunhi (2017) also 

grouped the determinants of cocoa farmers' adoption of agrochemical inputs in 

Ghana into household background information, household assets, institutional 

variables, and farmers' perception. 

Azumah et al. (2019) investigated nee farmers' adoption of improved 

agricultural technologies in Ghana. Using the Multivariate Probit model, their 

study revealed gender, age, household size, farmers' education, experience, farm 

size, demonstration, TV, radio, video, mobile phones, household extension 

methods, membership of farmer-based organization, access to research service, 

training and credit had significant effect on farmers' adoption of improved farm 

technologies. Their study and the current study differ in terms of methodology. 
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Whereas the former study employed the Multivariate Pro bit model, the current 

study employed the Poisson model based on the assumption that farmers' 

adoption of a new technology package are likely to be low. In that respect, a 

substantial number of the sample may fail to adopt while others have non 

negative integers. 

Abdulai et al. (2018) using the Poisson model revealed that contract farming, 

FBO membership and extension contact had significant influence on farmers' 

adoption of rice cultivation technologies in Ghana. The difference between 

Abdulai et al. (2018) and the present study is that the former also applied the 

Poisson model to reveal the factors influencing of farmers' adoption of 

conventional improved farm inputs while the latter measured the determinants of 

Baiyegunhi et al. (2019) usmg the treatment effect framework measured 

smallholder farmers' adoption of Integrated Striga Management (ISM) 

technologies in Nigeria. Their study revealed that farming experience, 

membership in cooperative, total maize farm size, on-farm trials and field days 

and attendance of farm workshop/seminars were some significant in explaining 

ISM adoption. Baiyegunhi et al. (2019) work differ from this present study in 

that the former considered farmers' adoption decision as a binary choice while 

the current study evaluated farmers' adoption decision as a count. As a result, 

the current study employed the Poisson model instead of the standard Probit 

model. 
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farmers' adoption of the system of rice intensification (SRI). SRI has been 

recognized as an alternative farming practice to conventional methods of rice 

farming (Karki, 2010). 

Ali et al. (2018) estimated the determinants of fertilizer adoption in Western 

region of Ghana using the Heckman selection model. Their study revealed that 

off-farm work, farm size, labour, extension contacts and the value of productive 

farm asset significantly affected farmers' fertilizer adoption. Additionally, they 

found that, the intensity of fertilizer adoption was affected by household size, 

marital status, family labour, cocoa farming experience and support received 

from non-governmental organizations. Ali et al. (2018) study focused on single 

technology adoption, compared to the current study which considered farmers' 

adoption as encompassing the use of a number of on-farm management 

techniques. Their study also differ from the present study in that the former 

study applied the standard probit model to the analysis of farmers' adoption 

while the current study employed the Poisson model to analyze farmers' 

adoption decisions. 

Similarly, Danso-Abbeam et al. (2017) used the Multinomial logit model and 

the Tobit model to study the factors influencing farmers' adoption of improved 

maize variety (IMV) and the intensity of IMV adoption in Ghana. Their results 

showed that age, education, household size, farming experience, credit access, 

membership in FBO, extension contacts and availability of labor were 
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significant in explaining farmers' adoption of IMV. From the Tobit model too, 

household size, education of farmer, farm size, previous income, membership in 

FBO, distance to farm plots and attendance of demonstration fields were found 

to be important in influencing IMV adoption intensity. Their study measured 

farmers' adoption as the use of one farm technology. However, the present study 

measured adoption as the use of multiple farm technologies. In their study, 

adoption intensity was measured as the proportion of input used rather than the 

number of farm technologies adopted. As a result, the Tobit model was 

employed in their study to identify the factors influencing adoption intensity 

rather than the Poisson model or the Negative binomial model which is mainly 

applied to count data. 

In Nigeria, Awotide et al. (2016) have also revealed that income from rice 

production, FBO membership, distance to the nearest sources of seed and level 

of training influenced farmers' adoption of on-farm technologies. Similarly, 

Tafese (2016) confirmed that education, farming experience, farm size, income 

from off-farm work, access to farm management training and distance to nearest 

market were significant in affecting farmers' adoption of row planting in 

Ethiopia. Also, Mmbando and Baiyegunhi (2016) estimated a Logit model to 

identify the factors influencing farmers' adoption of improved maize varieties 

Tanzania. In Kenya, Ouma and De-Groote (2011) studied the factors affecting 

farmers' adoption of improved maize seed and fertilizer using Heckman 

selection model. The study revealed access to hired labour, education of 
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household head and number of extension contacts significantly influenced 

farmers' adoption of technologies. 

In Ghana, Owusu (2016) employed the logit to analyze the determinants of 

farmers' adoption of improved maize technologies in the K wahu Afram Plains 

North District of Ghana. Donkoh and Awuni (2011) estimated a standard Probit 

model and showed that farm size, landownership, input distance, extension 

visits, experience and training significantly affected farmers' adoption of farm 

practices in northern Ghana. 
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Afolami et al. (2015) found that farming experience had a significant effect on 

farmers' adoption of improved cassava varieties in Nigeria. In contrast, very few 

studies have examined farmers' adoption of SRI technologies. Dinku et al. 

(2019) found that household head, education level, household size and 

participation in agricultural training and demonstrations had significant 

influence on adoption of wheat row planting technology in southern Ethiopia. 

Mmbando and Baiyegunhi (2016) have also shown that education, participation 

in off-farm income work, credit access, extension contact, membership in FBO 

and participation in on-farm trials/demonstrations significantly affected farmers' 

adoption ofIMV in Tanzania. 

Emmanuel et al. (2016) revealed that extension contacts had significant effect on 

farmers' adoption of chemical fertilizer. Min et al. (2017) investigated the 

factors influencing farmers' adoption of intercropping and found that ethnicity, 
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household wealth and family labour were significant in affecting farmers' 

adoption of intercropping in Xishuangbanna, China. Nmadu et al. (2015) also 

undertook a study to reveal the factors influencing farmers' adoption of 

improved farm technology. Their results revealed that age, education, farming 

experience, social status were significant in explaining farmers' adoption 

decisions. 

In Ethiopia, Amsalu and Graaff (2007) studied the factors influencing farmers' 

adoption of stone bunding technology. Their study found that age of farmers, 

size of farm, perceptions about the profitability of a technology, livestock 

population and soil fertility are important determinants of adoption of stone 

bunding technology. Rajasekharan and Veeraputhran (2002) employed the Tobit 

model to study the determinants of farmers' adoption of intercropping in Kerala. 

Their study revealed that availability of family labour, the type of intercrops and 

perceptions about the profitability of intercropping significantly influenced 

farmers' adoption of intercropping. 

Martey et al. (2013) have shown that shows that age and FBO membership 

significantly influenced farmers' adoption of inorganic fertilizer technology in 

Ghana. In northern Tanzania, Nkonya et al. (1997) employed bootstrapped 

simultaneous equation Tobit model to study the factors influencing farmers' 

adoption of IMV. Their results showed that education, farm size and extension 

visits were the significant predictors of farmers' adoption of IMV. Also, Legare 
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et al. (2014) revealed that age of farmer, experience in maize farming and 

household (family) labour were significant predictors of farmers' adoption of 

IMV. 

Largely, demographic and socio-economic variables (e.g. gender, age, marital 

status, education, household size and experience in farming and farm-specific 

factors have broadly prevailed in most adoption studies as significant 

determinants (Simtowe et al., 2016; Ghimire and Huang, 2016; Sodjinou et al., 

2015; Enete and Igbokwe, 2009; Uaiene et al., 2009; Bonabana-Wabbi, 2002; 

Anyaegbulam et al., 1995; Agbamu, 1993). Onyeneke (2017), Hossen (2013) 

and Uaiene et al. (2009) revealed that farm size positively influence farmers' 

adoption of improved technologies. The opposite result was revealed by Martey 

et al. (2013) and Nkonya et al. (1997). Abdul-Hanan et al. (2014) have also 

established that farmers who are further away from input stores were less likely 

to adopt farm inputs in Ghana. 

2.7 Studies on Farm Efficiency 

The estimation of farm efficiency including technical efficiency and 

profit/economic efficiency has been of particular interest to many researchers 

(Amare et al., 2012; Wongnaa et al., 2018; Bocher and Simtowe, 2016, 2017; 

Kaka et al., 2016; Bahta and Baker, 2015; Abdulai et al., 2013; Galawat and 

Yabe, 2012; Nganga et al., 2010; Okoruwa et al., 2009; Hyuha et al., 2007; 

Abdulai and Huffman, 1998; Ali and Flinn, 1989). In Ghana, the concept of 
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profit efficiency has been applied to the fishery sub-sector (Setsoafia et al., 

2017). The authors reported that Artisanal Fishing in Ghana was profit efficient. 

According to their study, age of the household head, household size and 

experience in artisanal fishing were the significant factors influencing 

fisherfolks' inefficiency level. 

Ali and Flinn (1989) established that education of household head, 

nonagricultural employment, and lack of access to credit significantly affected 

profit efficiency while Galawat and Yabe (2012) observed that FBO 

membership, engagement in irrigation farming, type of seed variety and access 

to training had significant influence on profit efficiency. 

Nganga et al. (2010) also studied the profit efficiency among smallholders milk 

producers in Kenya. Their study found that education, age of farmer and 

expenence in farming and farm size had significant influence on profit 

efficiency. 

Hyuha et al. (2007) investigated the factors influencing profit efficiency of 

farmers in Eastern and Northern Uganda, using the SF A. Their study revealed 

that education and extension contacts were significantly linked profit efficiency. 

In northern Ghana, Abdulai and Huffman (1998) also confirmed that profit 

efficiency is affected by extension contacts and agricultural input delivery 

systems. 
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Bocher and Simtowe (2016) usmg the Stochastic Frontier analysis (SF A) 

analyzed profit efficiency analysis among groundnut farmers in Malawi. 

According to their study, gender, access to extension service, household size and 

soil quality were significant and positively related to profit efficiency while 

distance to the local market from the homestead and land size allocated to 

groundnut production were negatively related profit efficiency. Kolawole (2006) 

also applied the SF A to investigate the source of profit efficiency among small 

scale rice farmers in Nigeria. A study by Chacha (2013) observed that, profit 

inefficiency may relate to a combination of both technical and allocative 

inefficiencies. Additionally, his study also revealed that the frequency of 

farming experience, group membership and access to market information 

significantly influence profit efficiency. In spite of the huge literature on profit 

efficiency, very little is known about the influence of farmers' adoption 

decisions on profit efficiency in Ghana. A relevant study has however, 

established an empirical link between adoption and technical efficiency in 

Ghana (Abdulai et al., 2018). However, the effect on adoption of improved 

farming techniques on profit efficiency of rice is lacking to the best of the 

researcher's knowledge. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.0 Introduction 

This chapter describes methods employed in the collection and analysis of the 

data. There are seven (7) major sections under this chapter. These are discussed 

in the following headings: study area (section 3.1); research design (3.2); 

sampling procedure and data collection (section 3.3); conceptual and theoretical 

frameworks of the study (section 3.4 and 3.5) and data processing and analysis 

(3.6). 

3.1 Profile of Study Area 

The study was carried out in three northern regions of Ghana, mainly the 

Northern Region, Savannah Region and Northeast Region. In these regions, the 

land lies low and undulating (GSS, 2013). These regions are found in the 

savannah areas of Ghana where the weather is relatively drier and warmer. The 

dry harmattan season stretches between December and March while the wet 

season stretches between May and October (Wood, 2013). With a total 

population of 2,479,461 which is sparely distributed, these regions represent a 

little over forty percent of Ghana's land mass in Ghana (GSS, 2013). The 

vegetation in the study area comprises of grasses and drought resistant shrubs 

and trees. 
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The temperatures in the regions range between 14°C and 40°C (GSS, 2013). 

Averagely, these regions experience lower rains (750-1050 mm) because rainfall 

occurs once within a short period each year (Wood, 2013; GSS, 2013). This 

permits for only one cropping season unless the farmer applies irrigation which 

is threatening food security and livelihoods (GSS, 2013; Wood, 2013). 

The agricultural sector employs more than 70% of the regions' employable 

population (Abdul-Rahman and Donkoh, 2015; Wood, 2013). In rural areas, it 

even employs more than 90% of the workforce in crop farming. The major food 

crops produced in the three regions include cereal, root and tuber, leguminous 

and vegetables (Wood, 2013). Farming is organized on smaller plots mainly by 

intercropping cropping and rain-fed condition using rudimentary technologies 

(MoFA, 2017; Abdul-Rahman and Donkoh, 2015; Wood, 2013). 

The study area was chosen due to a number of reasons. Despite being among the 

3 major rice producing regions in Ghana, the study area has the lowest rice 

yields, reflecting the need for increased adoption of improved technologies 

(MoF A, 2016). Also, soils are poorer, drier and more deficient in nutrients. 

Weather conditions are very harsh, marking rice yields very much volatile to 

climate variability because of their proximity to the Sahara Desert (Kankam 

Yeboah, 2010). The map of the Northern regions (including Savannah and 

Northeast regions) is depicted below. 
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Figure 3. 1: Map of the study area 
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3.2 Research Design 

The research design is the researcher's plan or working tool for gathering and 

analyzing data (Burns and Grove, 2010). The research design can be 

quantitative, qualitative or mixed method. However, in this study, quantitative 

research design was adopted because it establishes cause-effect relationships 

between variables through the generation and analysis of survey data (Patton, 

2002). The quantitative research design involved the use of structured interviews 

and administration of semi-structured questionnaires to collect the data. This 

process helps to triangulate the data and improve on the reliability of the 

research findings. 

3.3 Sampling Technique and Data Collection 

A total of 210 rice farmers were selected by a multi-stage sampling approach. 

First, nine (9) districts were purposively selected by purposive sampling using 

average production figures. In the second-stage, 2 communities (1 with 

irrigation and 1 without) from each of the 9 selected districts were selected by 

stratified sampling, totaling to 16 communities. The selection of communities 

and rice farmers was assisted by MoF A staffs since there was no comprehensive 

profile on the various communities and farmers. In the final-stage, a 

proportionate random sampling technique was used to select six (6) to ten (10) 

rice farmers from each community, totaling to two-hundred and ten (210) rice 

farmers. 
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The data was collected using pre-tested semi-structured questionnaires. 

According to Bless and Higson-Smith (2000), the use questionnaires and 

personal interviews, to a larger extent help to triangulate the information 

gathered by improving the reliability of the research data and findings (Miles 

and Huberman, 1984). 

,. 

The questionnaire was also pre-tested to understand the scope, depth and clarity 

of the information provided in the questionnaire. The primary data included 

demographic and socio-economic factors (e.g. age, sex, farmer status in the 

household, marital status and education); farm-specific factors (such as 

landholding, land ownership status, number of rice cultivated, rice farm size, 

rice output, output price, rice income, labour used, quantities and prices of farm 

inputs used) and institutional variables (e.g. access to credit and training, 

extension contact, FBO membership). The questionnaire also captured farmers' 

adoption of SRI. 
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Adoption of SRI includes the use of intermittent irrigation and water level 

control, bunding, hand weeding and transplanting of single seedling between 8- 

12 days and in a square and vertical pattern 25x25 and a shallow depth (1-2 em) 

within 15-30 minutes . The farmer can add little chemical fertilizer to the 

manure or compost. However, the farmer applies as much manure as possible. 
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(3.2) 

3.4 Theoretical Framework 

Farmers fully embraced a given technology based on the level of expected utility 

associated with that particular technology. This means that the product with the 

greatest or maximum expected utility has a greater chance to be adopted, other 

things held constant. The study adopted the traditional theory of utility to 

explain farmers' adoption of SRI technologies since the outcome of adoption is 

hypothesized to enhance rice profit and profit efficiency in particular. The 

theory of utility basically states that a rational farmer decision to adopt SRI 

technology will be stimulated only if the expected utility E(U;,} )for adopting the 

technology is more or same as the expected utility E(U;,k ) for not adopting it. 

This can be represented mathematically as: 

(3.1) 

where U;,} is utility for adopting SRI technologies and U;,k is the utility for not 

adopting SRI technologies. The decision variable is unknown to the researcher. 

In theoretical and empirical literature, farmers' adoption decision regarding a 

new technology or innovation is measured as a random variable. This random 

variable however, can be specified as a linear function of both observable 

(deterministic) and unobserved (stochastic) variables such that: 
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where X;p = deterministic component. f3 = vector of unknown parameters to be 

estimated. The deterministic component is made up of the observable 

characteristics (personal, farm-level and institutional variables) while &; = 

random/stochastic component. This is the part of the utility function which is 

unexplained. 

3.5 Conceptual Framework 

Improved technology adoption is a decision-making process which basically 

involves the use of a new technology or a change of behaviour. It is usually 

time-specific which means that adoption can be in levels (early or late) based on 

the rate at which the farmer uses the technology. The aim for adoption is to 

solve a given constraint in agricultural production, which is specially centered 

on agricultural productivity and profit maximization. This is because potential 

adopters expect any given technologies to yield the maximum benefits. Despite 

having knowledge about the outcome of the technology if adopted, some 

farmers still fail to adopt. It is usual to assume that farmers' adoption of 

improved technologies is unequal because they differ with regards to different 

characteristics. 

These characteristics can be grouped into demographic and socio-economic, 

farm-level, product attributes and institutional factors. From the conceptual 

framework in Figure 3.1, two-stages of relationships between theoretical 

variables are developed. 
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First, farmers' adoption of SRI technologies is hypothesized to be influenced by 

age, gender, education, household size, farming experience, land size, type of 

land ownership, number of crop cultivated, FBO membership, access to 

extension services, training, credit, other forms of farming and income and 

farmers' perceptions about the package. Secondly, adoption is hypothesized to 

influence productivity and farmers' profits. Also, farmers' demographic and 

socio-economic factors as well as farm-level and institutional factors, including 

infrastructure are also expected to relate to profit. 
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I INDEPENDENT 
VARIABLES 

A. Demographic and 
socio-economic 
factors: e.g. age, 
gender, education, 
household status, 
household size 

B. Farm-level factors: 
e.g., landholding, 
farm size, land 
ownership right, 
labour, input prices 

C. Institutional 
factors: e.g. access 
to extension 
services, credit, 
training, FBO 
membership 

DECISION 
VARIABLE 

Adoption of SRI 
technologies 

OUTCOME 
VARIABLES 

Productivity 

Revenue 

Profit 

Efficiency 

Figure 3. 2: Conceptual framework for the study 

Author's construct based on literature review 
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3.6 Data Processing and Analysis 

The processing and analysis of data were performed in STATA version 15 and 

NLOGIT version 5 using both descriptive statistics and inferential statistics. 

Using STATA version 15, frequency and percentage distribution tables were 

employed to summarize and describe the dummy and continuous variables and 

farmers' reasons for adopting and not adopting SRI whereas the Poisson model 

was adopted to study the factors influencing farmers' adoption of SRI. 

The conventional and selectivity bias correction Stochastic Frontier models were 

executed in NLOGIT version 5 to determine the impact of adoption of SRI 

technology on profit efficiency. In estimating stochastic profit frontier models 

(SFM) with correction for observed and unobserved heterogeneity, the Greene's 

(2010) sample selection SFM was adopted. Also, in order to correct for observed 

heterogeneity in the sample, the propensity score matching (PSM) technique 

was employed since it helps to reduce variability in the data. In addition, after 

correcting for both observed and unobserved heterogeneity, the impact of 

adoption of SRI technologies on profit efficiency was revealed by the sample t 

test analysis. 
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3.6.1 The standard Poisson Model 

The standard Poisson model was adopted to identify the factors influencing 

farmers' adoption of SRI which is recorded as whole numbers from 0 to 6. Zero 

(0) represented non-adoption of SRI; 1 if the farmer adopted one out of the 6 

SRI technologies and 6 if the farmer adopted all the seven SRI technologies. 

This data is count since the observations of the dependent variable can take only 

non-negative integers such as 0, 1, 2 and so on. The distribution was also 

skewed because the non-adopters were substantial (56%). In this present study, 

the Poisson distribution was adopted because it satisfies the assumption of equi- 

dispersion. This criterion occurs when the mean and variance of the distribution 

are statistically equal. Non-fulfillment of this criterion renders the Poisson 

model inappropriate since the Negative binomial regression may account for 

under-dispersion and over-dispersion. The selection of the appropriate model 

can be checked by the Likelihood ratio chi-square, Pearson chi-square statistic 

and Deviance chi-square statistics. 

The Pearson chi-square statistic is given by: 

n ( ~ )2 
P =" Y; - Il; 
p L..J ~ 

;=1 Il; 
(3.3) 
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(y; = 1,2, ... ,) (3.7) 

and the Deviance chi-square statistic; 

(3.4) 

If r;,j = j = 1,2, ... J the dependent count variable (adoption of SRI) is 

independently Poisson distributed, and its conditional mean, then the Poisson 

model is given by: 

E{Y .1 X)= II. = e(x;P) 
I,} I r, (3.5) 

where r;,j = dependent count variable, j = SRI technologies (l ,2, ... ,6), i = a rice 

farmer; X = vector of explanatory variables and f3 = vector unknown 

parameters to be estimated. 

Following equation 3.1, the conditional mean of the Poisson distribution can be 

rewritten as a regression model such that: 

X'p Y . = II. + E, = e i ',J rr! , (3.6) 

Also, the probability that the rice farmer will adopt a number of the SRI is given 

below: 
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(3.8) 

where Pr = probability of choosing Yi number of improved technologies, e = 

exponent symbol; Yi = number of SRI the farmer adopts; fl = mean incidence 

rate of the number of SRI adopted. The mean incidence rate can specified as 

follows: 

Note that log transforming the mean incidence rate gives rise to the Poission 

regression model as: 

The regression coefficients are estimated by the maximum likelihood method 

(Poisson distribution). 

(3.10) 

Taking the logarithm of the likelihood function gives rise to the log-likelihood 

function as follows: 

(3.11) 
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1'; = Po + fJ,X'i + fJ2X2i + fJ3X3i + fJ4X4i + fJSXSi + fJ6X6i + 
fJ7X7i + fJSXSi + fJ9X9i + fJIOX'Oi + fJllXlli + &i 

(3.12) 

The empirical model for analyzing the factors influencing adoption of SRI is 

given by: 

The definition of the explanatory variables is presented in Table 3.1 below. 

Table 3. 1: Descri~tion of variables included in the standard Poisson model 

Variable Description Measurement Expecte 
d sign 

Farmer status in 
XI Dummy; 1 if respondent is a head + 

HH 

X2 Gender of farmer Dummy; 1 if respondent is a male + 

X3 Age of farmer Years 

Education of 
X4 Dummy; 1 if respondent is educated + 

farmer 

X5 FBO membership Dummy; 1 if respondent joins FBO + 

X6 Access to credit Dummy; 1 if respondent accesses credit + 

X7 Extension contact 
Dummy; 1 if respondent receives 

+ 
extension services 

Xg Landholding Hectares + 

X9 Rice farm size Hectares + 

XIO Access to training 
Dummy; 1 if respondent participates 

+ 
farm management training 

XII Land ownership Dummy; 1 if respondent is a head 
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(3.13) 

3.6.2 Estimating Profit and Profit Efficiency 

The effect of SRI adoption on profit efficiency was analyzed usmg the 

Stochastic Frontier model (SFM). The SFM is the most widely used approach 

for measure efficiency (Rahman, 2003; Coelli et al., 2005). In this study, the 

Stochastic Frontier profit function (proposed by Battese and Coelli, 1995) was 

employed instead of the Stochastic Frontier production function. 

The Stochastic Frontier profit function is a modification of the production 

function framework. It was developed to capture the inefficiencies associated 

with differences in factor endowments as well as inputs and output prices across 

markets (Ali and Flinn, 1989; Dziwomu and Sarpong, 2014). Also, Kumbhakar 

et al. (1989) argued that, the stochastic frontier profit function is more flexible 

than the production function and allows for estimation of retailers at different 

optimal points. 

If we denote the revenue function of farmer i as py' and the cost function as 

ex', then profit (II) can be represented as: 

which the farmer maximizes as: 
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(3.15) 

s m 

n, =maxLPY- Lex 
r=1 i=1 

s.t. 
s 

x= LAxij ~XiO, i=1,2, ... ,m, 
j=1 (3.14) 

s 

Y = LAYIJ' ~ YrO, r = 1,2, ... ,s, 
j=1 

Aj ~ 0, j = 1,2, ... ,n 

In measuring profit efficiency, one may include output features that reflect 

higher quality or greater market power in pricing (Delis et al., 2008). The SFM 

has two components; the profit function and efficiency. The profit function 

expresses the relationship between profit and prices of inputs such as fertilizers, 

seed, labour and agrochemicals. 

The efficiency component is generated by factors that are within the control of 

farmers (e.g. demographic and socio-economic, farm-specific, institutional and 

non-physical factors). The profit function is given by: 

where 7r = normalized rice profit level, p = vector of normalized input prices, r 

= vector of unknown parameters relating to the independent variables, and e = 

error term. The error term has two component: the white noise and the 

inefficiency component such that: ei = Vi - Ui• Vi is symmetric, identical and 

independently distributed. Ui is a non-negative error term. Vi denotes any 
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PEj 
Jr. __ 1 __ 

* Jrj 

f(P/y)e(Vi-Ui) 
f (P/y )e (Vi) 

(-Uj) 
=e (3.17) 

random variation or statistical norse III profit which is outside the farmers 

control while u; represents profit loss due to variations III farmers' own 

environment. 

The inefficiency component simply refers to profit loss as a result of not 

operating on the frontier. Profit efficiency ranges between 0 and 1. The SFM can 

be estimated using the Cobb-Douglas functional form and transcendental 

functional form. In this study, the Cobb-Douglas profit function was specified 

as: 

n 

In 7r; = r 0 + L In P; r + e; 
;=1 

(3.16) 

The profit efficiency (PE) is calculated as: 

where Jr; = observed profit and Jr; = frontier profit. 
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n 

SFM: In 7r i = r 0 + L In P/r + e i 
i=1 

(3.19) 

Table 3. 2: Description of conventional variables used in the SFM 

Explanatory variables Description 
InLAB Log of normalized wage rate 

InFERT Log of normalized fertilizer price 

InSEED Log of normalized seed price 

lnAGR Log of normalized pesticide price 

InLND Log of normalized land size 

InOUTPRICE Log of normalized output price 

Greene's Stochastic Frontier profit model 

The sample selection SFM follows this framework: 

Selection variable: d, = l[x;a + OJi] (3.18) 

where d, = adoption of SRI technologies, a = vector of unknown parameters to 

be estimated, x= vector of explanatory variables explaining farmers' adoption 

of SRI technologies and OJ = error term. 

The study also advanced the SFM to correct for observed and unobserved 

heterogeneity. The Propensity Score Matching (PSM) is done so that the 

characteristics of adopters relate closely to the observable attributes of the non- 

adopters. The conventional SFM (as discussed above) and the sample selection 

55 

www.udsspace.uds.edu.gh 

 

 

 

 



SFM were used to compute for profit efficiency before and after matching. In 

order to estimate the selectivity bias correction SFM, the probability to adopt 

SRI is estimated using the standard probit model to generate the inverse Mills 

ratio (IMR). Also, the standard logit model was employed to generate a 

"propensity score". This score is based on the fact that both treated and non 

treated (control) groups possess the same characteristics. 

The selectivity bias correction SPM accounts for biases due to unobserved 

factors in both the selection model and the outcome model. The procedures for 

correcting observed and unobserved heterogeneity in SFM was followed from 

(Bravo-Ureta et al., 2012). The first step estimates the SFM by including the 

adoption variable into the profit function in the unmatched samples. The second 

step estimates separate SFM for adopters and non-adopters in the unmatched 

samples without correcting for unobserved heterogeneity. 

The approach to calculating the effect of adoption of SRI technologies was 

determined using the following steps (Bravo-Ureta et al., 2012). The third step 

estimates two separate SFM for adopters and non-adopters in the unmatched 

samples with correction for unobserved heterogeneity. The fourth step estimates 

a PSM to correct for differences in profit due to observed factors. In the 

remaining steps 5, 6 and 7, steps 1 to 3 are repeated in the matched samples 

from the PSM. Measuring the effect of adoption on profit efficiency begins with 

a counterfactual, where each farmer has an outcome with or without treatment. 
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The impact of farmers' adoption of SRI on profit efficiency was estimated using 

the PSM approach. 

PSM estimated the probability of adoption based on the fact that the 

characteristics of both adopters and non-adopters are equal. PSM corrects for 

selectivity bias due to observed factors in observational data. The PSM helps to 

compare profit efficiency of the two groups using the predicted propensity of 

adoption (Grilli and Rampichini, 2011; Caliendo and Kopeinig, 2008; 

Rosenbaum and Rubin, 1983; Smith and Todd, 2005). This was done to obtain 

the matched sample which was used to re-estimate the stochastic profit frontier 

model (SFM). If Y represents profit, then the average difference in rice profit 

between the two groups can be specified as: 

Y=1;-Yo (3.20) 

where 1; = profit of adopters and Yo = profit of non-adopters. The average 

treatment effect (ATE) is: 

ATE = E(1; - Yo) (3.21) 

ATE = mean difference in profit if farmers were drawn randomly from the 

population. Another important outcome of interest is the average treatment 

effect on the treated (ATT). 

Therefore: 
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(3.25) 

(3.22) 

ATT = expected effect of adoption on a randomly drawn person from the 

population. 

Following Wooldridge (2002), we can extend the definition of both treatment 

effects by conditioning on covariates. That if we let X be the covariate, then 

Equation (23) becomes: 

ATE = E(r; -Yo)1 X (3.23) 

and Equation (24) also becomes: 

ATT=E(r; -Yo)IX, d, =1 (3.24) 

where d, = binary decision to adopt SRI (1) or otherwise (0). There is a 

difficulty in estimating Equations (3.21) and (3.22) because we observe only r; 

or Yo or both for each farmer. Generally, the observed outcome conditioned on 

X is given by Wooldridge (2002): 

According to Wooldridge (2002), a key implication of independence between 

treatment status and the potential outcomes is that ATE and ATT are identical 

such that: 
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L1=E(r; Id; =l)-E(Yo Id; =l)+E(Yo Id; =l)-E(Yo Id; =0) 
L1 = ATT + E(Yo I d; = 1)- E(Yo I d, = 0) 
L1=ATT+SB 
ATT=L1-SB 

(3.30) 

E( r; - Yo) = E( r; - Yo I d, = 1) (3.26) 

Using Equation (20), ATT is reduced to the following: 

(3.27) 

because r; and d, are independent. Also, 

ATTo = E(Yo I d, = 0)= E(Yo) (3.28) 

In general, it follows that: 

(3.29) 

where the right-hand side of the equation represent the mean difference between 

the sample average of r; for adopted (treated units) and the sample average of 

Yo for non-adopted (control/untreated units). However, this may lead to a biased 

estimate of the ATT (Rosenbaum and Rubin, 1983). Instead, we expand 

equation (5.30) to yield the following: 

where SB is the selection bias which arises due to unobservable characteristics 

influencing selection of farmers into adopters and non-adopters. Hence, if SB is 
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ATT = E(Yo I d, = 1)- E(Yo I d, = 0) (3.31) 

equal to 0, then the difference between the mean observed profit of adopters and 

non-adopters can be represented as follows: 

On the other hand, if SB * 0 then there exists sample selection bias. In this case, 

the estimated ATT would not be the difference in the mean observed profit of 

the adopters and non-adopters. 

Thus, it is highly possible that SB * 0 for using the PSM. Before estimating the 

average treatments, four basic procedures were followed. The first step predicted 

the propensity scores using the logit model. In the second- step, a matching 

algorithm (Nearest Neighbour matching) was employed to match the estimated 

propensity scores of adopter farmers to non-adopters. In the third-step, matching 

quality was checked to confirm whether the average treatment can be calculated. 

In doing so, the propensity score test and the propensity score graph were used. 

After matching quality was confirmed, then the ATE and A TT were computed 

in addition to their standard errors. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.0 Introduction 

This chapter is the discussion of results of the study. The discussion is supported 

with findings from previous studies. This chapter is divided into seven (7) major 

sections. These include; analyses of dummy and continuous variables used in the 

study (section 4.1 and 4.2); adoption of SRI (section 4.2); farmers' motivations 

and de-motivation toward SRI (section 4.3); determinants of adoption of SRI 

(section 4.4); description of cost, returns and rice profitability (section 4.5); 

factors influencing rice profit (section 4.6) and estimation of profit efficiency 

(section 4.7). 

4.1 Descriptive Statistics of Dummy Variables 

The summary statistics of the dummy and continuous variables included in this 

study are displayed in Table 4.1. From the results, approximately 59 percent of 

the rice farmers were males. The remaining forty-one percent (41 percent) of 

women in rice production is still high, compared to a previous study (Akuriba, 

2017). It is argued that women were not cultivating this resource-demanding and 

rigorous labour requiring crop due to their limited capacity and ownership of 

capital. 
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The proportion of household heads (43 percent) was less than the non-household 

heads (57 percent). Also, farmers with formal education were fewer (29 percent) 

than the non-educated rice farmers (71 percent). The low education among rice 

farmers can be a disincentive towards the adoption of SRI technologies. This is 

because less-educated farmers may not have the ability to process, understand 

and practice information gained on agricultural inventions than more-educated 

farmers (Miyata et al., 2009; Wainaina et al., 2012). 

In addition, majority (71 percent) of the rice farmers had contacts with extension 

agents. Extension agents and farmer cooperatives were the main source 

information about farming practices, credits and markets for farmers. Farmers 

who belonged to farmer-based organizations were (84 percent) more than those 

who did not. Generally, FBOs represent channels through which farmers get to 

know about new technologies. Sometimes, farmers also get access to training 

and demonstration on improved farming practices. In contrast, less than half of 

the farmers had access to credit and training on improved farm technology 

usage, respectively. 
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Table 4. 1: Summary statistics of dumm;y variables 
Sub-level Frequency Percentage 
Status of Farmer in HH 
Head 91 43.33 
Not the head 119 56.67 
Total 210 100.00 
Gender 
Male 123 58.57 
Female 87 41.43 
Total 210 100.00 
Education 
Formal 61 29.05 
No formal 149 70.95 
Total 210 100.00 
Membership to FBO 
Member 166 79.05 
Not a member 44 20.95 
Total 210 100.00 

..• Extension contact 
Yes 176 83.81 
No 34 16.19 
Total 210 100.00 
Credit access 
Yes 100 47.62 
No 110 52.38 
Total 210 100.00 
Access to training from NGO 
Yes 100 47.62 
No 110 52.38 
Total 210 100.00 

Source: Field Data, 2017 

www.udsspace.uds.edu.gh 

 

 

 

 



Rice farm size in ha 210 2.61 5.11 

4.2 Descriptive Statistics of Continuous Variables 

The mean age was approximately 43 years. The average landholding was also 

6.95 ha. Averagely, farmers were cultivating rice on 2.61 ha. Access to bigger 

landholding can enable farmers to commercialize if appropriate technologies are 

introduced to them. 

Table 4. 2:Summary statistics of continuous variables 
Sub-level Frequency Mean Std. Dev. 
Age in years 210 42.70 10.02 

Landholding in ha 210 6.95 9.41 

Source: Field Data, 2017 

4.3 Rice Farmers' Adoption of SRI 

Increasing agricultural productivity requires investments III soil fertility and 

water as well as crop protection and management. In view of this, farmers adopt 

a number of on-farm technologies to enhance crop productivity and their 

livelihoods. Table 4.3 captures the results of farmers' adoption of SRI. From the 

results, it was revealed that 56 percent of the farmers did not practice any of the 

SRI. 

The adopters ( 44 percent) were practicing at least one of the SRI irrigation, line 

planting, bunding, manuring, transplanting and mechanized hand weeding. In 

specifics, the adopters were practicing irrigation and line planting (l00 percent) 
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in addition to bunding (46.7 percent), manure (29.4 percent), transplanting (7.6 

percent) and mechanized hand weeding (36.9 percent). 

Table 4. 3: Summary statistics of rice farmers' adoption of SRI technologies 
Variable Sub-level Frequency Percentage 

SRI adoption Non-adopters 118 56.19 

Adopters 92 43.81 

Bunding Users 43 46.74 

Manure Users 27 29.35 

Irrigation Users 92 100.00 

Line planting Users 92 100.00 

Transplanting Users 7 7.61 

Mechanized hand 
Users 34 36.96 

weeding 

Source: Field Data, 2017 

4.4 Farmers' Reasons for adopting and not adopting SRI 

Assessing the opinions of farmers regarding the adoption and non-adoption of a 

given technology is very important to spur the necessary alterations in policy. 

From the results in Table 4.4, a greater percentage of the adopters were using 

SRI based on the fact that it lowers production cost and improves crop 

productivity, resilience to climate change effects and incomes. In contrast, most 
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farmers did not adopt SRI due to difficulties with use, lack of and limited 

knowledge of SRI, low income and lack of access to credit. 

Table 4.4: Farmers' motivations and de-motivations toward SRI adoption 

Reasons for adopting (n = 118) Freq. Percentage 

SRI reduces production cost 61 66.30 

SRI enhances productivity 91 98.91 

SRI resists effects from climate change 74 80.43 

SRI improves livelihood 88 95.65 

Reasons for not adopting (n = 118) 

Lack of access to SRI technologies 88 74.58 
~ 

Limited knowledge of SRI technologies 59 50.00 

Lack of access to credit 14 11.86 

Low income 49 41.53 

SRI requires more efforts 78 66.10 

Source: Field Data, 2017 
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4.5 Determinants of Farmers' Adoption of SRI 

Table 4.5 contains the results of the factors influencing farmers' adoption of 
SRI. 

Table 4. 5: Maximum likelihood estimates for factors influencing farmers' 
adoption of SRI 

Independent variable Coef. 
Marginal p- 

z-stat 
effect value 

Farmer status in HH 0.314 (0.178) 0.257 1.760 0.078 

Gender 0.512 (0.170) 0.416 3.000 0.003 

Age -0.020 (0.008) -0.017 -2.470 0.013 

Education 0.013 (0.134) 0.001 0.100 0.923 

Farmer cooperative membership 1.964 (0.436) 0.126 4.500 0.000 

Access to credit -0.008 (0.003) -0.007 -2.800 0.005 
~ 

Extension contact -0.033 (0.269) -0.026 -0.120 0.902 
~ , Landholding 0.004 (0.007) 0.002 0.070 0.944 

Rice farm size 0.003 (0.009) 0.002 0.290 0.775 

Access to training 0.665 (0.171) 0.604 3.900 0.000 

Land ownership 0.176 (0.149) 0.136 1.180 0.240 

Constant -1.887 (0.570) - -3.310 0.001 

Number of observations = 210 
LR chi2 (11) = 174.89 

Prob > che = 0.0000 
Pseudo R2 = 0.2234 

Log likelihood = -303.97085 

LR chibar2 (01) = 1.51 P-value = 0.231 

Source: Field Data, 2017 
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The results showed that the LR chi-square (174.89) was statistically significant, 

indicating that at least one of the explanatory variables influences the likelihood 

to adopt SRI technologies. The Pseudo R-square implied that all the explanatory 

variables also jointly accounted for about 23.2 percent of the likelihood to adopt 

SRI. Also, the Likelihood Ratio chi-square was not significant, suggesting that 

the null hypothesis is not rejected. In other words, of the Poisson model was 

found to be appropriate, compared to the Negative Binomial model. The results 

revealed that 6 out of the eleven (11) explanatory variables showed a statistical 

significant effect on the probability to adopt SRI technologies. These variables 

were farmer status in the household, gender, age, membership to farmer 

cooperative, access to credit and training on farm management practices. 

Status of farmer in the household was positive and significant at 10%. The 

marginal effect of status of farmer in the household was 0.257, suggesting that 

farmers who are heads of household had higher likelihood (25.7%) to adopt SRI, 

compared to their counterparts who are non-household heads. Also, gender was 

positive and significant at 1 percent. The significant positive effect of gender 

means that males were more likely to adopt SRI, compared to females. The 

marginal effect (0.416) indicates that male farmers were more likely (41.6 

percent) to adopt SRI than female farmers. 

Age was negative and significant at 5 percent level, which implies that younger 

farmers were more likely to adopt SRI technologies. The marginal effect was of 
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age -0.017 which implies that a one year increase in age will reduce the 

probability to adopt SRI by 1.7 percent. A similar result was revealed by Owusu 

(2016) who studied the determinants of adoption of improved maize 

technologies in the Kwahu Afram Plains North District in Ghana. 

Farmer membership to agricultural cooperative was found be an important 

variable explaining the likelihood to adopt SRI technologies. The marginal 

effect of membership to agricultural cooperative was positive (0.126) and 

significant at 1 percent level. This indicates that members of agricultural 

cooperative had higher probability (12.6 percent) to adopt SRI technologies than 

their non-member counterparts. This result is consistent with Abdulai et al. 

(2018), Danso-Abbeam et al. (2017) and Owusu (2016) who found that 

membership to farmer group association increases the likelihood to adopt 

improved agricultural technologies in Ghana. The benefits of joining a farmer 

group include awareness and access to opportunity, including technical advice 

on improved farm practices and this increases farmers' chances to adopt SRI 

technologies (Abdulai et al., 2018). 

The marginal effect of access to training was significant at 1 percent and 

positive, meaning that farmers with were more likely to adopt SRI technologies. 

The marginal effect of access to training was 0.604. This implies that farmers 

with access to training were about 60.4 percent more likely to adopt SRI 

technologies as compared to their counterparts who did not receive training on 
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improved farming methods. Through training, farmers get to know the use and 

benefits associated with the technology and this increases their chances to adopt 

SRI technologies. This result corroborates with the findings of Donkoh and 

Awuni (2011) who revealed a positive correlation between adoption of farm 

management practices and access to training in northern Ghana. The authors 

argued that training is an added input which embraces good performance and 

adoption. 

70 

4.6 Description of Cost, Returns and Rice Profitability 

The government of Ghana has been trying to incentivize farmers to produce 

more rice in order to reduce its import bills. This will depend on the profitability 

of rice production. From the results in Table 4.6, the average total revenue (TR) 

and total cost (TC) for the overall sample was GH<C 3372.6 ha-I and GH<CS4S.l 

ha-I respectively. 

In terms of the cost items, farmers were spending more on manure (GH<C9S.3 

cart") followed by chemical fertilizer (GH<CSS.9/S0 kg), seed (GH<C49.2/S0 kg), 

labour (lO.S manday") and agrochemicals (GH<C8.5 litre"), The mean TR and 

TC for adopters were GH<C2,652.0 ha-I and GH<C669.6 ha-I respectively whiles 

the mean TR and TC for non-adopters were GH<C3345.6 ha-I and GH<C447.9 ha-I 

respectively. 
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The mean rice profit per hectare for farmers was GH<C3,130.8ha-1; however, 

some farmers received up to GH<C8,105 ha" while others operated at a loss 

(GH<C-170 ha-1). Interestingly, farmers who adopted SRI technologies obtained 

higher profits (GH<C4,089.1 ha-1) as compared to those who did not 

(GH<C2,383.6 ha"). This result shows that farmers can increase their profits 

through the adoption of SRI technologies. 
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Table 4. 6: Summary statistics of farmers' ~roduction cost, revenue and rice ~rofit 
----------- 

Pooled Adopters Non-adopters 

X Min Max X Min Max X Min Max 
Variable SD SD SD 

(GH<C) (GH<C) (GH<C) (GH<C) (GH<C) (GH<C) (GH<C) (GH<C) (GH<C) 

Profit (n)/ha 3130.8 6350.9 -170 8105 4089.1 8414.6 142 8105 2383.6 3961.5 -170 2800 

Total revenue (TR) 3372.6 6245.8 0 8280 4690.6 8575.9 150 8280 3345.6 3032.5 0 3100 

Total cost (TC) 545.1 2010.2 153.4 2900 669.6 458.6 153.4 3058 447.9 2652.0 95 2900 

Cost of seed/50kg 49.2 22.4 45 100 55.2 11.4 50 110 69.5 4.7 60 120 

Cost of manure/cart 95.3 18.6 53 120 95.3 18.6 53 120 

Cost of 
8.5 4.9 9. 16. 4.5 4.9 9 15 12.5 3.2 9 16 

agrochemicals/litre 

Wage rate/man day 10.5 2.6 8 12 9.3 0.2 10 12 10.3 3.2 8 15 

Cost of chemical 
55.9 48.9 0 120 - - - - 55.9 48.9 0 120 

fertilizer/50kg 

Source: Field data, 2017 
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4.7 Empirical Results 

Table 4.7, the null hypothesis that the Cobb-Douglas profit function was ideal is maintained. From the test, the AIC of the 

Cobb-Douglas profit function was lower (1078.39) than the AIC of the translog profit function (1144.72). A model with the 

least AIC is preferred. 

Table 4.8 contains the results of the conventional Stochastic Frontier profit model and the Selectivity Bias Correction 

Stochastic Frontier profit model. The conventional Stochastic Frontier profit model was employed to estimate profit 

efficiencies for the POOLED, ADOPTER and NON-ADOPTER samples of the unmatched and matched data, but ignoring 

unobserved heterogeneity. On the other hand, the Selectivity Bias Correction Stochastic Frontier profit model was used to 

estimate profit efficiencies and correct for selectivity bias in the POOLED, ADOPTER and NON-ADOPTER samples of the 

unmatched and matched data. The dependent and independent variables were normalized (at their means) and expressed in 

logarithms. The maximum likelihood estimates of the conventional Stochastic Frontier profit model and the Selectivity Bias 

Correction Stochastic Frontier profit model for the POOLED, ADOPTERS and NON-ADOPTERS of the unmatched samples 

and that of the matched samples are presented in Table 4.8. The study also compared the appropriateness of the Cobb 

Douglas profit function to the translog profit function using the Likelihood Ratio (LR) chi-square test. From the results in 
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Table 4.7: Test for model selection 

Model df AIC BIC LR chi2 

CDPF 

TLPF 

10 

29 

1078.39 

1144.72 

1111.86 

1241.79 

-28.33 

Note: PF means profit function, AIC = Akaike's information criterion; BIC = Bayesian information criterion 

Again two tests were performed to check the matching quality and confirm whether the matching procedure can balance the 

distribution of different variables or not. The propensity score test and the propensity score graph were used to check whether 

the matching quality was satisfied. However, after matching in Figure 4.1, propensity scores were evenly and narrowly 

distributed across the ADOPTER and NON-ADOPTER samples. This indicated that the average treatment effect on the 

treated (ATT) can be specified as the mean differences in profit efficiency of SRI adopters matched with non-adopters who 

are balanced on the propensity score and fall within the region of support. 
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o .2 .4 .6 
Propensity Score 

.8 1 

_ Untreated: Off support 
_ Treated: On support 

_ Untreated: On support 
_ Treated: Off support 

Figure 4. 1: Propensity score graph for determining matching quality 

From the Figure 4.2, the propensity scores were widely and unevenly distributed before matching. 
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Figure 4.2: Kernel density plot for determining matching quality 
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Table 4. 8: Maximum likelihood estimates for the profit function using conventional and sample selection SFM 

Conventional SFM for Unmatched Samples Sample Selection SFM for Unmatched 
Samples 

POOLED ADOPTERS NON-ADOPTERS ADOPTERS NON-ADOPTERS 
VARIABLES COEFF. (SE) COEFF. (SE) COEFF. (SE) COEFF. (SE) COEFF. (SE 
Constant 9.126 (0.032/ 8.496 (0.019)a 9.411 (0.123)a 10.507 (0.492)a 8.414 (0.237/ 

InLAB -0.010 (0.003/ 0.019 (0.002/ -0.033 (0.004)a -0.005 (0.003) 0.002 (0.002) 

InFERT 0.046 (0.001/ 0.118 (0.003/ 0.044 (0.010)a 0.170 (0.042/ 0.028 (0.040) 

InSEED 0.089 (0.007/ -0.057 (O.OOl)a 0.142 (0.028/ -0.143 (0.040)a -0.188 (0.056/ 

lnAGROC -0.116 (0.006)a -0.010 (0.007/ -0.217 (0.019)a -0.282 (1.137) -0.075 (0.066) 

InLAND 0.032 (0.002)a 0.070 (0.001/ -0.094 (0.032)a 0.062 (0.004/ -0.015 (0.035) 

InOUTPRICE 0.282 (0.006)a 0.095 (0.004/ 0.328 (0.018)a 0.029 (0.036) 0.554 (0.054)a 

Adoption 0.240 (0.034/ 

r 1.000a 1.000a 1.000a 
Sigma 5.986a 5.193a 6.226a 5.862a 6.029a 

p(w,v) - - - 0.135 (0.057/ 0.996 (0.025)a 

N 210 92 118 92 118 
Legends: N = number of observations; SE = standard error; COEFF. = coefficient; and a, b, and C represent significance at 1 %, 
5% and 10% levels respectively. 

Source: Field data, 2017 

77 

 

 www.udsspace.uds.edu.gh 

 

 



~ . ,1.1 , ••• . ,. 

Table 4.8 cont. 
Conventional SFM for Matched Samples Sample Selection SFM for Matched 

Samples 
POOLED ADOPTERS NON-ADOPTERS ADOPTERS NON-ADOPTERS 

VARIABLES COEFF. (SE) COEFF. (SE) COEFF. (SE) COEFF. (SE) COEFF. (SE) 
Constant 9.825 (0.339t 8.328 (15.411) 4.907 (0.034)a 5.916 (2.360)6 4.869 (0.169)a 

InLAB -0.001 (0.001) -0.003 (0.004) 0.003 (0.004) 0.005 (O.003t -0.003 (0.003) 

InFERT 0.049 (O.OOl)a 0.014 (0.014) -0.025 (0.006t -0.547 (0.337) 0.210 (0.310) 

InSEED -0.075 (0.079) 0.215 (0.091)b 0.004 (0.008) -0.011 (0.004)b 0.003 (O.OOlt 

lnAGROC -0.024 (0.054) -0.207 (0.130) -0.008 (0.010) -0.002 (0.001) -0.003 (0.001) a 

InLAND -0.060 (0.106) -0.191 (0.087)b -0.026 (O.Oll)b -0.015 (0.106) -0.027 (0.022) 

InOUTPRICE 0.150 (0.077t 0.049 (0.073) 0.008 (0.004t 0.263 (0.145t 0.087 (0.036)b 

Adoption 3.049 (0.295)a 

r 1.000a 0.000 1.000 a 
Sigma 5.904a 1.316a 1.467a 0.425 1.259a 

p(w,v) - - - 0.919 (0.750) -0.998 (0.041)a 

N 189 89 100 89 100 
Legends: N = number of observations; SE = standard error; COEFF. = coefficient; and a. 6, and C represent significance at 1 %, 
5% and 10% levels respectively. 

Source: Field data, 2017 
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4.7.1 Returns-to-Scale and Determinants of Profit 

Table 4.8 further revealed that rice profitability exhibit decreasing returns-to 

scale (RTS). From the results, the sum of the coefficients of the output price and 

all the conventional input prices in the profit function was less than one (1). 

With regards to the POOLED sample for the unmatched data, output price, land 

and price of labour, fertilizer, seed and agrochemicals had significant effect on 

rice profit. The factors which positively influence rice profit were land, output 

price and price of fertilizer and seed while the factors which negatively 

influence rice profit were price of labour and agrochemicals. However, with 

regards to the POOLED sample for the matched data, output price and price of 

fertilizer were the significant factors influencing rice profit. This is probably 

because matching tends to reduce variability in the samples' characteristics 

(Bravo-Ureta et al., 2012). 

The coefficient of adoption in the POOLED samples for the unmatched and 

matched data was statistical significant, which reject the null hypothesis of the 

LR test that there is no statistical significant difference in profit of SRI adopters 

and non-adopters. This finding provided evidence for the estimation of two 

separate Stochastic Frontier profit model for adopters and non-adopters and the 

subsequent correction for observed and unobserved heterogeneity in the sub 

samples. 
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The conventional Stochastic Frontier profit model and the Selectivity Bias 

Correction Stochastic Frontier profit model were employed to analyze the profit 

function and inefficiencies in rice profit for the adopters and non-adopters 

samples using the unmatched and matched data. Also, the null hypothesis that 

profit inefficiency is stochastic was tested using the Gamma Analysis. From the 

results in Table 4.8, the Gamma coefficient (y) was significant which implies 

that the null hypotheses in all cases were rejected. 

This also means that indicating that rice farmers' inefficiencies playa significant 

role in the observed profit variability. This also provided a strong ground to 

analyze profit efficiency across the sub-samples. 

From the Selectivity Bias Correction Stochastic Frontier profit model, the rho 

coefficient for ADOPTER and NON-ADOPTER samples of the unmatched data 

was statistically significant indicating the presence and elimination of selectivity 

bias in the data. However, the Selectivity Bias Correction Stochastic Frontier 

profit model results for the matched data revealed that the rho coefficient in the 

ADOPTER samples was not statistically significant while the rho coefficient in 

the NON-ADOPTER samples was significant. 

In other words the null hypothesis of no selectivity bias was accepted in the 

ADOPTER samples but rejected in the NON-ADOPTER samples. The results 

suggest that matching reduces variability in the ADOPTER samples, compared 

to NON-ADOPTER samples. The presence of selectivity bias in the unmatched 
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samples for adopters and non-adopters indicates that the use of the Selectivity 

Bias Correction Stochastic Frontier profit model was suitable than the 

convention Stochastic Frontier profit model, especially in the absence of 

matching. This also means that the inefficiency estimates from the Selectivity 

Bias Correction Stochastic Frontier profit model are unbiased and efficient, 

compared to the conventional Stochastic Frontier profit model. 
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4.8 Estimation of Profit Efficiency (PE) 

Table 4.9 demonstrates the PE results for the estimated conventional and sample 

selection stochastic profit frontier models (SFM) for adopters and non-adopters 

using unmatched and matched samples. From the results, the adopters exhibited 

higher profit efficiency than the non-adopters. For the unmatched sample using 

the conventional SFM and sample selection SFM, the profit efficiency of 

ADOPTERS ranged from 56% to 62% on the average while the profit efficiency 

of non-adopters ranged from 43% to 53%. The differences in profit efficiency 

were statistically significant in all cases. However, after matching with 

correction for selection bias, PE for both ADOPTERS and NON-ADOPTERS 

reduced when compared to PE of the Sample Selection SFM for the unmatched 

samples. 
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Table 4. 9: Summary statistics of profit efficiency 

Unmatched samples 

Conventional SFM Sample selection SFM 

ADOPTERS NON-ADOPTERS t-stat ADOPTERS NON-ADOPTERS t-stat 

Index X SD X SD X SD X SD 

PE scores for 0.56 0.26 0.49 0.23 2.07b 0.62 0.22 0.53 0.19 3.18a 
unmatched 
sam les 

PE scores for 0.60 0.34 0.43 0.21 4.45 a 0.61 0.22 0.48 0.17 4.83a 
matched samples 

Legends: X = mean; SD = standard deviation and a, b, and C represent significance at 1 %,5% and 10% levels respectively. 
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4.8.1 Percentage Distribution of Profit Efficiency Scores 

The study further categorized profit efficiencies for adopters and non-adopters 

using the unmatched and matched samples. Fig. 3 demonstrates the distribution 

of profit efficiency from the conventional SFM for adopters and non-adopters 

using the unmatched and matched samples. 

From Figure 4.3, most of the adopters and non-adopters of the unmatched 

samples exhibited profit efficiency of 51-60%. However, 35% of the adopters 

had profit efficiency of 51-60% while a quarter (25%) of the non-adopters had 

profit efficiency of 51-60%. After matching without correction for selection 

bias, the highest percentage of the adopters (24%) and non-adopters (36%) were 

11-20% profit efficient. This indicates that the matching reduced profit 

efficiency of rice farmers. It also means that for some farmers, their profit 

efficiency reduced by 30%. 
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Conventional SFM 
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Figure 4. 3: Distribution of profit efficiency for unmatched samples 

After correcting for selectivity in the unmatched samples in Fig. 4.4, the highest 

percentage of the adopters (43%) and non-adopters (27%) still exhibited profit 

efficiency of 51-60%. In contrast, profit efficiency scores increased for sample 

selection correction in the matched samples. For example, 21 % of adopters for 

the matched samples recorded profit efficiency of 91-100% while 89% of the 

non-adopters exhibited profit efficiency of 71-80%. PE improves for both 

adopters and non-adopters after controlling for biases resulting from observed 

and unobserved factors. 
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Sample selection SFM 
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Figure 4.4: Distribution of profit efficiency for matched samples 
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CHAPTER FIVE 

SUMMARY, CONCLUSION AND RECOMMENDATIONS 

5.0 Introduction 

This chapter of the study consists of the summary of the key findings (section 

5.1), conclusion (section 5.2) and recommendations for policy direction and 

future research (section 5.3). 

5.1 Summary of Key Findings 

Three objectives were examined using cross-sectional data which was obtained 

by multi-stage sampling through the use of structured interviews and semi 

structured questionnaires. Descriptive statistics, the standard Poisson model and 

the SFM with correction for observed and unobserved heterogeneity were 

adopted to analyze the data. Employing frequency and percentage distribution 

tables, the results showed that 44 percent of the farmers adopted SRI based on 

the fact that it lowers costs and improve rice yields, farmers' resilience to 

climate change effects and livelihoods whereas about 56 percent did not adopt 

SRI due to difficulties with use, lack of access to and limited knowledge of SRI, 

low income and lack of access to credit. The results from the standard Poisson 

model also showed status of farmer in the household, gender, age, membership 

to farmer cooperative, access to credit and training on farm management 

practices were significantly influencing farmers' adoption of SRI. 
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The SFM with correction for observed and unobserved heterogeneity was 

employed to estimate profit efficiency for adopter and non-adopter samples 

which revealed that wage rate, land and prices of output fertilizer, price of seed 

and price of agrochemicals were significantly influencing profit. While labour, 

seed and agrochemicals use increased profit, fertilizer use decreased farmers' 

rice profit. It was also revealed that adopters exhibited higher profit efficiency 

before and after correcting for observed and unobserved heterogeneity. The use 

of sample selection SFM was justified since there was presence of selectivity 

bias in the samples, especially before matching. In terms of cost, adopters incur 

fairly higher production cost than non-adopters. However, revenue earned by 

adopters was significantly higher to earn them higher profit than the non 

adopters. 

5.2 Conclusion 

Rice is an important staple crop in Ghana whose demand has persistently been 

unrealized by domestic rice production. In view of his, the encouragement for 

adoption of improved technologies to increase rice productivity has been one of 

the major strategies by the government of Ghana to achieve self-sufficiency in 

rice. The main objective of the study was tailored in line with government 

objective by examining farmers' adoption of SRI technologies and how adoption 

affects rice profit efficiency in northern Ghana. Despite efforts to educate and 

train farmers on good agricultural practices, rice production is still highly done 
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usmg traditional farming practices, compared to SRI in Northern Ghana. 

Generally, farmers who adopted SRI were household heads, females, young 

adults, members of FBO and farmers who received training on farm 

management practices. The study also found that changes in land and prices of 

output and variable factors such as labour, seed and agrochemicals use are 

important increasing rice profit. Although production cost associated with SRI 

was relatively high, the revenue accruing from the adoption of SRI was high 

enough to guarantee higher profit and in particular, was essential for improving 

rice profit and farmers' profit efficiency in the northern regions of Ghana. 

5.3 Recommendations 

The study made the following recommendations based on the conclusions: 

};> The study suggests that research institutions, including MoF A and SARI 

should develop and create awareness about the benefits of SRI so as to 

enhance farmers' adoption. 

};> In disseminating information about SRI to farmers, these institutions should 

target farmers who belong to farmer-based organizations (FBOs) since 

membership to FBO was found to be an important factor increasing 

farmers' adoption of SRI. 

};> Government agencies, particularly MoF A and NGOs should train farmers 

on SRI technologies since that will introduce them to the benefits and 

practicalities of SRI. 
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);> Farmers should be informed that adopting SRI tends to increase profit 

efficiency. 
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APPENDIX I 
Questionnaire 

Hello. My name is ................................ .I work for an organization called AIMS. We were chosen to assist in the evaluation of a program, funded by the World Bank aimed 
at improving rice production in 

West Africa. We seek to understand how this funding has helped to improve production and incomes of rice farmers in the intervention areas. We want to ask you some 

Questionnaire Number: I I 

p' 

A II cEnumerator: 1\15 Region: 

AI2 Date: 16 District: 

AI3 Start Time: ~17 Village: 

Finished Time: 

AI4 
f\18 Name of person being interviewed: 
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B. Demographic information 

BI . B2 B3 184 185 186 B7 
- ' .. "~ .. 

B8 B9 
- ~, , ... ",,~ 

BIO Bli B12 

Household Marital Gender What ~hat How many Can you What is the What is your Are you Is anyone else Have you 

status Status year age are hildren read & highest level of primary associate in your ever heard 

were you? under 18 write? education you household with an household of the 

[I] Head of [I] Single [I] M [98] I [98] I [I] Yes [I] Primary [I] Farmer [I] Yes [I] Yes [I] Yes 

Household [2] Married [2] F ~on't ~on't [0] No [2] Secondary [2] Informal [0] No [0] No [0] No 

[2] Spouse [3] Divorce know know [3] Vocational merchant 

[3] Other adult [4] Widow schooling [3] Formal 

in the house [4] Madrassa merchant 
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B Demographic information (con't) 

B13 B14 B15 B16 B17 ' B18 B19 H2O "" 821 

If yes, where did you Have you If yes, what support Have you How many What do you How many Do you How would you 
your rice 

first heard about ever did you receive from received any hectares of cultivate on your hectares of describe how you 
cultivated land? 

W AAPP/partner? received a WAAPP/ technical and do you land? (Check all rice do you farmed rice past 

support partner? agriculture ultivate? that apply) cultivate? season? 

II) W AAPP came to our 

village 
[I) Yes [a) Training [I) Yes [a) Rice [I) Own [I) SRI Only 

12) Another NGO came 
(0) No Ib) Sorghum! [21 Rent (2) SRI + Non-SRI (0) No [b] Ag inputs (seeds, 

to our village 
millet [3] Share with (3) Non-SRI Only fertilizer) 

(3) Radiorrv 
Ic] Cassava other family [cl Ag tools (weeder, 

[41 Demonstration plot 
[dl Sweet potato members shovel) 

[5lNeighbor/Community 
[e] Banana [41 Community 
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C. Agriculture production - SRI 
, " 

,-' . 
" 

CI C2 C3 C4 CS C6 C8 C9' 
- 

What size is your When did you first What type of rice Pick the primary system What land What type of What type of planting Did you plant in 

SRI cultivated start using SRI cultivation system you are practicing in: preparation nursery practices did method did you use? lines? 

plot? methods? do you utilize? practices did you you utilize? 

apply? (check all that apply) 
[a] Soak seeds 

[b] Raised bed 
Circle: [I] The last growing [I] Irrigated [I] Irrigated [a] Plowing [I] Direct seeding in [I] Yes 

nursery 

Hectares season [2] Lowland rainfed [2] Lowland rain fed [b] Puddling lines/hills [0] No 
[c] Flooded/ Flatbed 

[2] Two seasons ago [3] Upland rain fed [3] Upland rainfed [c] Bunding of fields [2] Transplanting 
nursery 

Acres [3] Three seasons ago [4] More than one [4] I do not practice SRI [d] Leveling [3] Both direct seeding & 
[95] Other --~ -- 
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C. Agriculture production (con't) - SRI 
d'O -;': . CII CI2 C13 CI4 , CIS' , CI6 ,C17 c _, 

. ~ 
What was the How many What was the What type of What was your What type of fertilizer What type of pesticide What type of water 

age of the seedl ings/seeds distance weeding did you primary method of did you use? did you use? management practice did 

seedlings (in did you plant between hills? conduct? weeding? you use? 
(check all that apply) (check all that apply) 

[a] Irrigation with alternate 

wetting and drying 
[98] [don't [98] [don't [98]1 don't [a] Hand weeding [I] Hand weeding [a] Organic matter [a] Herbicide 

[b] Naturally flooded with 
know Know know [b] Use of weeder [2] Use of weeder [b] Compound fertilizer [b] Fungicide 

no control (by rains) 
I 

Circle: [c] Herbicide [3] Herbicide [c] Nitrogen ferti I izer [c ] Insecticide 
[c] Permanent flooding 

Centimeters 
[95] Other [95] Other [d] Other [d] Homemade 

[e] Other 
[99] None [99] None [99] None [e] Other 

Inches [99] None 
[99] None 

-- 
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C. Agriculture production - NON-SRI 
CIS'., ' CI9 C20 C21 C22 C23' C24 

What type of rice Pick the primary What land preparation What type of nursery What type of planting method did Did you plant in What was the age 

cultivation system do production system you practices did you apply? practices did you utilize? you use? lines? of the seedlings (in i 

you utilize? are practicing in: (check all that apply) (check all that apply) days)? 

[I[ Irrigated [I[ Direct seeding in lineslhills 

(21 Lowland rainfed [II Irrigated [a[ Plowing [al Soak seeds [21 Transplanting [II Yes (98[ I don't know 

[3[ Upland rainfed [2[ Lowland rainfed [bl Puddling [b] Raised bed nursery [3[ Both direct seeding & [01 No 

[4[ More than one [31 Upland rainfed [c[ Bunding of fields [c[ Flooded! Flatbed transplanting 

[95[ Other [95[ Other [dl Leveling nursery [4[ Broadcasting 

le[ Other [951 Other 
---- ------ ------ ----- ------- --------------- 

C. Agriculture production (con't) - NON-SRI 

as C26 C27 C28 C29 C30 OJ J 
How many What was the What type of weeding What was your What type of fertilizer did What type of pesticide did What type of water management 

seedlings/seeds distance between did you conduct? primary method of you use? you use? practice did you use 

did you plant per hills? weeding? 

hill? 
(check all that apply) (check all that apply) (check all that apply) (check all that apply) 
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(a( Herbicide 

[981 I don't know [981 I don't know [al Hand weeding [ I I Hand weeding [al Organic matter [b] Fungicide [a] Irrigation with alternative 

Circle: [b] Use of weeder [21 Use of weeder [bl Compound fertilizer [cl Insecticide wetting and drying 

[cl Herbicide [31 Herbicide [cl Nitrogen fertilizer [d] Homemade [bl Naturally flooded with no Centimeters 

[951 Other [951 Other [dj Other [elOther control (by rains) 
Inches 

[991 None [99( None (99( None [99( None [cl Permanent flooding 

D. Yields - SRI 
., 

DI D2 D3 D4 - DS 
> 

D6 D7 

In the previous In the previous wo seasons ago, In the last growing In the past growing season, which If you grow both SRI If you planted any 

growing season, growing season, how many sacks of season, did you constraint most greatly influenced and traditional rice, Is NON-SRI rice, do you 

how many sacks of what size sacks did ice did you harvest produce more rice your rice production? the most important feel that the SRI 

rice did you harvest you use for your n total? than your HH could constraint the same for process has increased I 

Circle: [I] Yes [I] Access to ag inputs [I] Yes [I] Yes 

Kilograms [0] No [2] Too much/too little rain [0] No [0] No 

[3] Irrigation 

Pounds [4] Pests and insects 

[5] Damage from livestock and birds 
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D. Yields - NON-SRI 

season, how many 

sacks of rice did you 

season, what size sacks 

did you use for your 

growing 

season, did you 

produce more rice 

DI2 

In the past growing season, which 

factor most greatly influenced your 

rice prod uction? 

Circle: 

Kilograms 

[I] Yes 

[0] No 

[ I] Access to ag inputs 

[2] Too much/too little rain 

[3] Irrigation 

[4] Pests and insects 

[5] Damage from livestock and birds 

Pounds 
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E. Costs - SRI 
EI E2 E3 E4 ES E6 EI E8 E9 EIO- Ell 

If in the past In the past How many How many How many In the past If yes to E6, How did you If cash, what In this past In your 

season you paid season, how days of labor days of days for season, did how many primarily pay the was the price season did experience, 

a contractor to many days of for any labor for harvesting? you hire any days of labor laborers? for a day of you work which practice 

work onyour labor were nursery weeding? non-family did you hire? (choose only labor? more or less requires more 

ricejield, how required for preparation members to one) than you labor? 

[I) Cash [I) Traditional 

(2) In Kind practices 
(95) I did not hire )95)1 did (95) I did not )95) I did (95) I did (I) Yes (95) I did not (95) I did not (I) More 

(3) Exchanged (2) SRI practices 
a contractor and not hire any hire any labor not hire not hire (0) No hire any labor hire any labor )2) Less 

labor (3) About the 
did each farming labor (98) I don't any labor any labor (98) I don't (98) I don't (3) About the 

(4) Other same 
task individually (98) I don't know )98) I don't )98) I don't know know same , 

(98)1 don't (98) I don't 
i --------- -_- 

E. Costs (con't) - SRI 
E12 E13 EI4 EIS EI6 Eli EI8 EI9 E20 E21 I -. c·.' ,- 

In the past In the past In the past In the past In the past season, In the past In the past In the past In the past In the past 

season, what season, how season, how season, how how much did season, how season, how season, what season, how season, how 

quantity of much did you much did you much did you you spend on many lit res of many grams of was the total much did you much did you 

seed did you spend on seeds? spend on spend on your your second liquid powdered price you paid pay for spend on other 

use in kg? organic first chemical chemical fertilizer pesticide did pesticide did for pesticide? irrigation? inputs? 
-------- -_- 
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1951 I did not (95) I did not (95) I did not 
1951 I did not 

(95) I did not 

buy any seeds buy any organic buy any 
apply a second 

buy any 
198) I don't 195) I did not 195) I did not 195) I did not 195) I had no 

198) I don't fertilizer chemical pesticide 
know fertilizer apply liquid apply powder spend any other costs 

know (98) I don't fertilizer 1981 I don't 
1981 I don't know pesticide pesticide money on 1981 I don't 

know (98) I don't know 
x 1981 I don't [981 I don't irrigation know x 

x know x 
know know [981 I don't --- 

Units Price Units Price Units Price Units Price 
Units Price know 

-- 
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E. Costs - NON-SRI 
Ell 

- . 
E23 E24 E25 ~ E27 E28 E29 E30 E31 

If in the past In the past How many How many How many In the past If yes to E27, How did you pay If cash, what In this past 

season you paid season, how days oflabor days of labor days for season, did you how many days the laborers? was the price season, did you 

for a contractor to many days of for any for weeding? harvesting? hire any non- oflabor did (choose only one) for a day of work more or 

work on your rice labor were nursery family you hire? labor? less than you 

field, how much did required for preparation members to normally do? 

/95/ I did not hire a /95/1 did not [95/ I did not [95/ I did 95/ I did not [II Yes /95/ I did not (II Cash /98/ I don't [II More 

contractor and did hire any labor hire any labor not hire any ~ire any labor [01 No hire any labor (21 In Kind know [21 Less 

each farming task [98/ I don't [98/ I don't labor 98/1 don't /98/ I don't (31 Exchanged labor (31 About the 

individually Know know /98/ I don't know know (41 Other same 
.. _--------- ---------- 

E. Costs (con't) - NON-SRI 
E32 E33 E34 E35 E36 E37 E38 E39 E40 E41 

In the past In the past In the past In the past In the past In the past In the past In the past In the past In the past 

season, what season, how season, how season, how season, how season, how season, how season, what season, how season, how 

quantity of much did you much did you much did you much did you many litres of many grams of was the total much did you much did you 

seed did you spend on seeds? spend on spend on your spend on your liquid pesticide powdered price you paid pay for spend on other 

use in kg? organic first chemical second chemical did you use? pesticide did for pesticide? irrigation? inputs? 
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{95{ I did not [95{ I did not {95} I did not {95/ I did not {95} I did not 

buy any seeds buy any organic buy any apply a second buy any 
[98} I don't [95} I did not {95} I did not [95} I did not {95} I had no 

{98} I don't 
fertilizer chemical fertilizer pesticide 

know apply liquid apply powder spend any other costs 

know [98} I don't fertilizer {98} I don't {98/ I don't 
pesticide pesticide money on {98} I don't 

know {98/ I don't know know 
[98/ I don't [98/ I don't irrigation know 

---- x --- know x x know know [98/ I don't ---- - -- ---_ --- y 

Units Price Units Price Units Price Units Price Units Price 
lrnnUf ------ ---- 

129 

 

 www.udsspace.uds.edu.gh 

 

 



" . " ,,r 

F. Income & Impacts (SRI & NON-SRI) 

FI F2 F3 F4 F5 F6 F7 F8 F9 
In the past What size In the past Where did the Who was your primary How would you ~n the last two How much did If you made extra 
season, how sacks were season, what majority of your rice buyer? describe your ~ears, has the you make money last season, 
many sacks of you selling? was the price get sold last season? access to selllng price of from selling how did you spend 
rice did you ou received markets? ~our rice straw last it? 
sell? per sack when ? season 

~ou sold your (check all that apply) 
rice? 

Circle: 
[I) Farm gate [ I) Wholesalers! I I I Acceptable [ I) Increased 1991 I did not [a) Extra food 

Kilograms 121 Home retailers (2) Needs [21 Decreased sell any straw [b) Clothing 
(3) Local markets (2) Cooperative !Miller improvement 13) Stayed the lcl School fees 
[4] Assembly markets (3) Market vendors [3] No opinion arne [d) Medical 

Pounds [5] I didn't sell any (4) Households 1981 Don't know 198) Don't know [e) Purchase land 
rice (95) Other If] Purchase animals 

- ---_._--------- 

F. Income & Impacts - SRI ONLY 

flO FII FI2 FlJ FI4 F15 
Do you feel SRI methods Are the efforts needed to In the next (future) growing Are you better able to resist Do you feel that SRI! How do you judge the 
reduce the cost of producing implement SRI methods season, will you increase the effects from climate change W AAPP has improved your impact of SRI! W AAP on 
rice? worth the benefit? number of hectares under using SRI techniques? ability to care for your your livelihood? 

SRI rice production? family? 

III Yes III Yes II] Yes III Yes III Yes III Good 
10) No 10] No 101 No 101 No 10J No 121 Acceptable 

1951 No opinion 1951 No opinion 1951 No opinion 131 Not good 
195J No opinion 
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Model Obs ll(null) II (model) df AIC BIC 

. lrtest ( cd) ( tl), stats 

Likelihood-ratio test 
(Assumption: cd nested in tl) 

LR chi2(19) 
Prob > chi2 

-28.33 
1.0000 

Akaike's information criterion and Bayesian information criterion 

cd 
tl 

210 
210 

-529.1948 
-543.3608 

10 
29 

1078.39 
1144.722 

1111.861 
1241.788 

Note: N=Obs used in calculating BICi see [R] BIC note. 

1-> RENAME;LNLABO=LNAGR$ 

1-> 
FRONTIER;Lhs=LNPROFIT;Rhs=ONE,LNLND,LNLAB,LNFERT,LNSDCOST,LNAGR, 
LNOPRICE 

,ADOPT; TECHEFF=PE$ 

Maximum of 100 iterations. Exit iterations with status=l. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFIT 
Log likelihood function -528.21753 
Estimation based on N = 210, K = 10 
Inf.Cr.AIC 1076.4 AIC/N = 5.126 
Model estimated: Jun 07, 2019, 
Variances: Sigma-squared(v)= 

Sigma(v) 
Sigma-squared(u)= 
Sigma(u) 

Sigma = Sqr[(s~2(u)+s~2(v)1= 
Gamma = sigma(u)~2/sigma~2 = 
Var[u]/{Var[u]+Var[v] } 

06:32:23 
.00000 
.00001 

35.83687 
5.98639 
5.98639 
1.00000 
1.00000 

Stochastic Production Frontier, e = v-u 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
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Standard Prob. 95% 

LogL when sigma(u)=O -578.68718 
Chi-sq=2*[LogL(SF)-LogL(LS)) 100.939 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l)=(N/6)*[m3/sA3)A2 14.096 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Confidence 
LNPROFIT 1 Coefficient 
Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

------------- 
1 Deterministic Component of Stochastic Frontier Model 

Constant 1 9.12631*** .03249 280.90 .0000 9.06264 
9.18999 

LNLNDI .03175*** .00222 14.32 .0000 .02741 
.03610 

LNLABI -.00081** .00033 -2.46 .0138 -.00145 
-.00016 

LNFERTI .04615*** .00013 356.81 .0000 .04590 
.04641 
LNSDCOSTI .08946*** .00690 12.97 .0000 .07594 
.10297 

-"1 LNAGRI -.11616*** .00608 -19.11 .0000 -.12807 
-.10425 
LNOPRICEI .28225*** .00553 51. 07 .0000 .27142 
.29308 

ADOPT 1 .23989*** .03403 7.05 .0000 .17320 
.30658 

IVariance parameters for compound error 
Lambda I 513312*** 2654.309 193.39 .0000 508110 

518514 
Sigma I 5.98639*** .02823 212.09 .0000 5.93107 

6.04171 
--------+------------------------------------------------------- 
Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 1-118$ 
1-> 
FRONTIER;Lhs=LNPROFIT;Rhs=ONE, LNLND,LNLAB, LNFERT, LNSDC OST,LNAGR, 
LNOPRICE; TECHEFF=CE$ 
Maximum of 100 iterations. Exit iterations with status=l. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFIT 
Log likelihood function -301.42772 
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Standard Prob. 95% 

Estimation based on N = 118, K = 9 
Inf.Cr.AIC 620.9 AIC/N = 5.261 
Model estimated: Jun 07, 2019, 06:34:16 
Variances: Sigma-squared(v)= .00000 

Sigma(v) .00002 
Sigma-squared(u)= 38.76002 
Sigma(u) 6.22575 

Sigma = Sqr[(sA2(u)+sA2(v))= 6.22575 
Gamma = sigma(u)A2/sigmaA2 = 1.00000 
Var[u)/{Var[u)+Var[v)} 1.00000 
Stochastic Production Frontier, e = v-u 
-----[ Tests vs. No Inefficiency )---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -323.20977 
Chi-sq=2*[LogL(SF)-LogL(LS)) = 43.564 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l)=(N/6)*[m3/sA3)A2 2.859 
Wa1d tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Confidence 
LNPROFITI Coefficient 
Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

------------- 
I Deterministic Component of Stochastic Frontier Model 

Constant I 9.41089*** .12272 76.69 .0000 9.17036 
9.65141 

LNLNDI -.09419*** .03184 -2.96 .0031 -.15660 
-.03178 

LNLABI -.00336*** .00040 -8.44 .0000 -.00414 
-.00258 

LNFERTI .04438*** .01047 4.24 .0000 .02386 
.06490 
LNSDCOSTI .14205*** .02764 5.14 .0000 .08789 
.19622 

LNAGRI -.21708*** .01859 -11.68 .0000 -.25351 
-.18064 
LNOPRICEI .32760*** .01843 17.78 .0000 .29149 
.36372 

IVariance parameters for compound error 
Lambda I 268398*** 2972.651 90.29 .0000 262572 

274224 
Sigma I 6.22575*** .05122 121.55 .0000 6.12537 

6.32614 
--------+------------------------------------------------------- 

Note: ***, **, * ==> Significance 
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Standard Prob. 95% 

1-> sample; 119-210$ 
1-> 
FRONTIER;Lhs=LNPROFIT;Rhs=ONE,LNLND,LNLAB,LNFERT,LNSDCOST,LNAGR, 
LNOPRICE; TECHEFF=AE$ 
Maximum of 100 iterations. Exit iterations with status=l. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFIT 
Log likelihood function -218.34311 
Estimation based on N = 92, K = 9 
Inf.Cr.AIC 454.7 AIC/N = 4.942 
Model estimated: Jun 07, 2019, 06:36:26 
Variances: Sigma-squared(v)= .00000 

Sigma(v) .00001 
Sigma-squared(u)= 26.96676 
Sigma(u) 5.19295 

Sigma = Sqr[(sA2(u)+sA2(v)]= 5.19295 
Gamma = sigma(u)A2/sigmaA2 = 1.00000 
Var[u]/{Var[u]+Var[v]} 1.00000 
Stochastic Production Frontier, e = v-u 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -252.05664 
Chi-sq=2*[LogL(SF)-LogL(LS)] = 67.427 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l]=(N/6)*[m3/sA3]A2 11.175 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Confidence 
LNPROFITI Coefficient 
Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

1 Deterministic Component of Stochastic Frontier Model 
Constant 1 8.49561*** .01938 438.35 .0000 8.45762 
8.53359 

LNLNDI .06959*** .00054 128.06 .0000 .06853 
.07066 

LNLABI .00186*** .00021 9.00 .0000 .00146 
.00227 

LNFERTI .11791*** .00303 38.88 .0000 .11197 
.12386 
LNSDCOSTI -.05693*** .00144 -39.44 .0000 -.05976 
-.05410 
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LNAGRI -.00989 .00650 -1.52 .1282 -.02264 
.00285 
LNOPRICEI .09491*** .00427 22.21 .0000 .08653 
.10328 

:.. IVariance parameters for compound error 
Lambda I 501203*** 5362.739 93.46 .0000 490692 

511714 
Sigma I 5.19295*** .05389 96.35 .0000 5.08732 

5.29858 
--------+------------------------------------------------------- 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

Binomial Probit Model 
Dependent variable ADOPT 
Log likelihood function -94.67147 
Restricted log likelihood -143.94725 
Chi squared [ 10 d.f.] 98.55156 
Significance level .00000 
McFadden Pseudo R-squared .3423183 
Estimation based on N = 210, K = 11 
Inf.Cr.AIC 211.3 AIC/N = 1.006 
Model estimated: Jun 07, 2019, 06:40:53 
Results retained for SELECTION model. 
Hosmer-Lemeshow chi-squared = 9.30859 
P-value= .31694 with deg.fr. = 8 
--------+------------------------------------------------------- 

Standard Prob. 95% 
Confidence 

ADOPT I Coefficient 
Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

------------- 
I Index function for probability 

Constant I 1.84770* 1.00354 1. 84 .0656 -.ll921 
3.81461 
HH_STATI .47256 .31265 1. 51 .1307 -.14022 

1. 08535 
GENI -.78316** .30537 -2.56 .0103 -1. 38168 

-.18464 
AGEl -.01955 .01243 -1. 57 .ll58 -.04392 

.00481 
CREDIT I -.00749** .00339 -2.21 .0269 -.01413 

-.00086 
FBOI -1.31084*** .44206 -2.97 .0030 -2.17726 

-.44441 
TRAINING I 1.10186*** .25201 4.37 .0000 .60793 
1. 59580 

EXTI -.18989 .36043 -.53 .5983 -.89633 
.51655 
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Normal exit: 28 iterations. Status=O, F= 273.8884 

LANDHOLD 1 -.00535 .01171 -.46 .6477 -.02830 
.01760 
LAND_OWN 1 .29964 .25761 1.16 .2448 -.20527 
.80455 
NO_CROPS 1 .08900 .12085 .74 .4615 -.14787 
.32587 
--------+------------------------------------------------------- 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 119-210$ 
1-> 
FRONTIER;Lhs=LNPROFIT;Rhs=ONE,LNLND, LNLAB, LNFERT, LNSDC OST,LNAGR, 
LNOPRICE; SELECTION; TECHEFF=ASE$ 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFIT 
Log likelihood function -273.88836 
Estimation based on N = 92, K = 10 
Inf.Cr.AIC 567.8 AIC/N = 6.171 
Model estimated: Jun 07, 2019, 06:42:03 
Variances: Sigma-squared(v)= .07498 

Sigma-squared(u)= 34.29272 
Sigma(u) 5.85600 
Sigma(v) .27382 
Sigma 5.86240 
Lambda 21.38654 

Sample Selection/Frontier Model 
Murphy/Topel Corrected VC Matrix 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -252.05664 
Chi-sq=2*[LogL(SF)-LogL(LS)] = -43.663 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l]=(N/6)*[m3/sA3]A2 11.175 
Wald tests based on MLEs shown in table 
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Normal exit: 6 iterations. Status=O, F= 94.67147 

--------+------------------------------------------------------- 
------------- 

Standard Prob. 95% 
Confidence 

-" LNPROFITI Coefficient Error z Izl>Z* 
Interval 
--------+------------------------------------------------------- 
------------- 

1 Deterministic Component of Stochastic Frontier Model 
Constant 1 10.5071*** .49226 21.34 .0000 9.5423 
11.4719 

LNLNDI .06164*** .00382 16.12 .0000 .05415 
.06913 

LNLABI -.00503 .00312 -1. 61 .1071 -.01114 
.00109 

LNFERTI .16970*** .04157 4.08 .0000 .08821 
.25118 
LNSDCOSTI -.14346*** .03986 -3.60 .0003 -.22159 
-.06533 

LNAGRI -.28185 1.13717 -.25 .8042 -2.51066 
1.94696 
LNOPRICEI .02906 .03590 .81 .4183 -.09942 
.04130 
Sigma (u) 1 5.85600*** .12530 46.74 .0000 5.61041 
6.10158 
Sigma (v) 1 .27382** .11063 2.48 .0133 .05699 
.49065 
Rho(w,v} 1 .13474** .05697 2.37 .0180 .24640 
.02308 
--------+------------------------------------------------------- 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> samplei 1-210$ 
1-> PROBITiLhs=CONTROLiRhs=ONE,HH STAT, GEN, AGE, CREDIT, 
FBO, TRAINING, EXT, LANDHOLD, LAND_OWN 

, NO_CROPSiHold$ 

Binomial Probit Model 
Dependent variable 
Log likelihood function 
Restricted log likelihood 
Chi squared [ 10 d. f.J 
Significance level 
McFadden Pseudo R-squared 
Estimation based on N = 210, 
Inf.Cr.AIC 211.3 AIC/N = 

CONTROL 
-94.67147 

-143.94725 
98.55156 

.00000 
.3423183 
K 11 

1. 006 
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Model estimated: Jun 07, 2019, 06:52:01 
Results retained for SELECTION model. 
Hosmer-Lemeshow chi-squared = 4.79521 
P-value= .57033 with deg.fr. = 6 
--------+------------------------------------------------------- 

Standard Prob. 95% 
Confidence 
CONTROL I Coefficient z Izl>Z* Error 

Interval 
--------+------------------------------------------------------- 

IIndex function for probability 
Constant I -1.84770* 1.00354 -1.84 
.11921 

.0656 -3.81461 

-.47257 .31265 -1.08535 -1.51 .1307 HH_STATI 
.14022 

GENI 
1.38168 

AGEl 
.04392 

CREDIT I 
.01413 

FBOI 
2.17726 
TRAINING I 
-.60793 

EXTI 
.89633 
LANDHOLD I 
.02830 
LAND_OWN I 
.20527 
NO_CROPS I 
.14787 
--------+------------------------------------------------------- 

.78316** 2.56.0103 .18464 .30537 

.01955 .01243 -.00481 1. 57 .1158 

.00749** .00339 .00086 2.21 .0269 

1.31084*** .44206 .44441 2.97.0030 

-1.10186*** -1.59580 .25201 -4.37.0000 

.18989 -.51655 .36043 .53.5983 

.00535 .46 .6477 -.01760 .01171 

-.29964 -1.16.2448 -.80455 .25761 

-.08900 .12085 -.74 .4615 -.32587 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 1-118$ 
1-> 
FRONTIER;Lhs=LNPROFIT;Rhs=ONE,LNLND,LNLAB,LNFERT,LNSDCOST,LNAGR, 
LNOPRICE; SELECTION; TECHEFF=CSE$ 
Warning 141: Iterations: current or start estimate of sigma 
nonpositive 
Warning 141: Iterations:current or start estimate of sigma 
nonpositive 
Warning 141: Iterations: current or start estimate of sigma 
nonpositive 
Warning 141: Iterations:current or start estimate of sigma 
nonpositive 
Warning 141: Iterations:current or start estimate of sigma 
nonpositive 
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Maximum of 100 iterations. Exit iterations with status=l. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFIT 
Log likelihood function -348.08384 
Estimation based on N = 118, K = 10 
Inf.Cr.AIC 716.2 AIC/N = 6.069 
Model estimated: Jun 07, 2019, 
Variances: Sigma-squared(v)= 

Sigma-squared(u)= 
Sigma(u) 
Sigma(v) 
Sigma 
Lambda 

06:54:36 
.22938 

36.12487 
6.01040 

.47894 
6.02945 

12.54938 

95% 

Sample Selection/Frontier Model 
Murphy/Topel Corrected VC Matrix 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared (u) : 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -323.20977 
Chi-sq=2*[LogL(SF)-LogL(LS)] = -49.748 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[1]=(N/6)*[m3/sA3]A2 2.859 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Standard Prob. 

Error z 
Confidence 
LNPROFITI Coefficient 
Interval 
--------+------------------------------------------------------- 

Izl>Z* 

I Deterministic Component of Stochastic 
Constant I 8.41363*** .23730 35.46 
8.87872 

LNLNDI -.01473 .03472 -.42 
.05333 

Frontier Model 
.0000 7.94853 

.67l5 

LNLABI .00228 .00180 1. 26 .2069 
.00581 

LNFERTI .02821 .03969 .7l .4773 
.10600 
LNSDCOSTI -.18750*** .05565 -3.37 .0008 
-.07842 

LNAGRI -.07505 .06609 -1.14 .2561 
.05448 
LNOPRICEI .55365*** .05362 10.33 .0000 
.65874 
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Sigma (u) 1 6.01040*** .10181 59.04 .0000 5.81086 
6.20994 
Sigma (v) 1 .47894*** .08506 5.63 .0000 .31222 
.64566 

! Rho (w, v) 1 .99645*** .02463 40.46 .0000 .94818 
1.04472 
--------+------------------------------------------------------- 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> IMPORT;FILE="C:\Users\user\Videos\psm14.csv"$ 
Last observation read from data file was 189 

1-> sample; 1-189$ 
1-> 
FRONTIER;Lhs=LNPROFIT;Rhs=ONE,LNLND,LNLAB,LNFERT,LNSDCOST,LNAGR, 
LNOPRICE, ADOPT; TECHEFF=PE$ 
Maximum of 100 iterations. Exit iterations with status=l. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFIT 
Log likelihood function -472.72162 
Estimation based on N = 189, K = 10 
Inf.Cr.AIC 965.4 AIC/N = 5.108 
Model estimated: Jun 07, 2019, 07:28:16 
Variances: Sigma-squared(v)= .00000 

Sigma(v) .00007 
Sigma-squared(u)= 34.85279 
Sigma(u) 5.90362 

Sigma = Sqr[(sA2(u)+sA2(v)]= 5.90362 
Gamma = sigma(u)A2/sigmaA2 = 1.00000 
Var[u]/{Var[u]+Var[v]} 1.00000 
Stochastic Production Frontier, e = v-u 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -519.39629 
Chi-sq=2*[LogL(SF)-LogL(LS)] = 93.349 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l]=(N/6)*[m3/sA3]A2 13.285 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Standard Prob. 95% 
Confidence 
LNPROFITI Coefficient 
Interval 

z Izl>Z* Error 
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-.05979 .10621 -.56 .5735 

--------+------------------------------------------------------- 

1 Deterministic Component of Stochastic Frontier Model 
Constant 1 9.82479*** .33877 29.00.0000 9.16081 
10.48876 

LNLNDI 
.14838 

LNLABI 
.00131 

LNFERTI 
.05207 
LNSDCOSTI 
.07992 

LNAGRI 
.08065 
LNOPRICEI 
.30151 

ADOPT 1 
2.47030 

-.26796 

-.00085 .00110 -.77 .4392 -.00301 

.04928*** .00142 34.58 .0000 .04649 

-.07488 .07898 -.95 .3431 -.22969 

-.02448 .05364 -.46 .6481 -.12960 

.15002* .07729 1.94 .0523 -.00148 

3.04875*** .29514 10.33 .0000 3.62721 

IVariance parameters for compound error 
Lambda 1 83571 . 5 * * * 1 936 . 688 43 . 15 . 0000 

87367.3 
79775.7 

Sigma 1 
5.95421 
--------+------------------------------------------------------- 

5.90362*** .02581 228.75 .0000 5.85304 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 1-100$ 
1-> 
FRONTIER;Lhs=_LNPROFI;Rhs=ONE,LNLND,LNLAB,LNFERT,LNSDCOST,LNAGR, 
LNOPRICE; TECHEFF=CE$ 
Maximum of 100 iterations. Exit iterations with status=l. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFI 
Log likelihood function -110.92849 
Estimation based on N = 100, K = 9 
Inf.Cr.AIC 239.9 AIC/N = 2.399 
Model estimated: Jun 07, 2019, 
Variances: Sigma-squared(v)= 

Sigma(v) 
Sigma-squared(u)= 
Sigma(u) 

Sigma = Sqr[ (sA2(u)+SA2(v)]= 
Gamma = sigma(u)A2/sigmaA2 = 
Var[u]/{Var[u]+Var[v] } 

07:33:11 
.00000 
.00001 

2.15292 
1.46728 
1.46728 
1. 00000 
1. 00000 

Stochastic Production Frontier, e = v-u 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
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Standard Prob. 95% 

Oeg. freedom for sigma-squared(u): 1 
Oeg. freedom for heteroscedasticity: 0 
Oeg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -127.50995 
Chi-sq=2*[LogL(SF)-LogL(LS)) = 33.163 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l)=(N/6)*[m3/sA3)A2 7.644 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Confidence 
_LNPROFII Coefficient 
Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

------------- 
1 Deterministic Component of Stochastic Frontier Model 

Constant 1 4.90670*** .03355 146.24 .0000 4.84094 
4.97247 

LNLNDI -.02589** .01096 -2.36 .0181 -.04737 
-.00442 

LNLABI .00029 .00039 .73 .4644 -.00048 
.00106 

LNFERTI -.02538*** .00627 -4.05 .0001 -.03766 
-.01310 
LNSDCOSTI .00376 .00834 .45 .6523 -.01258 
.02010 

LNAGRI -.00799 .00953 -.84 .4022 -.02667 
.01070 
LNOPRICEI .00835** .00353 2.37 .0180 .01527 
.00143 

IVariance parameters for compound error 
Lambda 1 169089*** 2158.287 78.34 .0000 164859 

173320 
Sigma 1 1. 46728*** .00944 155.43 .0000 1.44878 

1. 48578 
--------+------------------------------------------------------- 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 101-189$ 
1-> 
FRONTIER;Lhs=_LNPROFI;Rhs=ONE,LNLND,LNLAB,LNFERT,LNSDCOST,LNAGR, 
LNOPRICE; TECHEFF=AE$ 
Error 315: Stoch. Frontier: OLS residuals have wrong skew. 
OLS is MLE. 
WARNING! OLS residuals have the wrong skewness for SFM 
Other forms of the model models may also behave poorly. 
In this case, one MLE for the half normal model is OLS 
for beta and sigma and zero for the inefficiency term. 
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Standard Prob. 95% 

Warning 141: Iterations: current or start estimate of sigma 
nonpositive 
Warning 141: Iterations:current or start estimate of sigma 
nonpositive 

:. Warning 141: Iterations:current or start estima1:e of sigma 
nonpositive 
Warning 141: Iterations: current or start estimate of sigma 
nonpositive 
Warning 141: Iterations:current or start estimate of sigma 
nonpositive 
Line search at iteration 40 does not improve fn. Exiting 
optimization. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFI 
Log likelihood function -150.74316 
Estimation based on N = 89, K = 9 
Inf.Cr.AIC 319.5 AIC/N = 3.590 
Model estimated: Jun 07, 2019, 
Variances: Sigma-squared(v)= 

Sigma(v) 
Sigma-squared(u)= 
Sigma(u) 

Sigma = Sqr[(sA2(u)+sA2(v)]= 
Gamma = sigma(u)A2/sigmaA2 = 
Var[u]/{Var[u]+Var[v] } 

07:34:20 
1. 73258 
1.31627 
.00000 
.00000 

1.31627 
.00000 
.00000 

Stochastic Production Frontier, e = v-u 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u) : 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -150.74317 
Chi-sq=2*[LogL(SF)-LogL(LS)] = .000 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[1]=(N/6)*[m3/sA3]A2 .063 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Confidence 
_LNPROFI[ Coefficient 
Interval 
--------+------------------------------------------------------- 

Error z [z[>Z* 

[Deterministic Component of Stochastic Frontier Model 
Constant [ 8.32809 1541.120 .01 .9957 -3012.21125 
3028.86742 

LNLND[ 
-.02103 

-.19082** .08663 -2.20 .0276 -.36061 
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Standard Prob. 95% 

LNLABI -.00323 .00423 -.76 .4444 -.01152 
.00505 

LNFERTI .01385 .01389 1. 00 .3187 -.01337 
.04106 
LNSDCOSTI -.21455** .09081 -2.36 .0181 -.39254 
-.03657 

LNAGRI -.20722 .13032 -1. 59 .1118 -.46265 
.04821 
LNOPRICEI .04936 .07308 .68 .4994 -.19259 
.09387 

IVariance parameters for compound error 
Lambda 1 .36588D-06 1467.405 .00 1. 0000 -.28761D+04 

.287610+04 
Sigma 1 1.31627*** .01242 105.97 .0000 1. 29193 

1.34062 
--------+------------------------------------------------------- 

Note: nnnnn.O-xx or D+xx => multiply by 10 to -xx or +xx. 
Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 1-189$ 
1-> PROBIT;Lhs=AOOPT;Rhs=ONE,HH_STAT,GEN,AGE,CREOIT, 
FBO,TRAINING,EXT,LANOHOLO,LAND_OWN 

,NO_CROPS;Hold$ 
Normal exit: 6 iterations. Status=O, F= 93.43878 

Binomial Probit Model 
Dependent variable ADOPT 
Log likelihood function. -93.43878 
Restricted log likelihood -130.68453 
Chi squared [ 10 d.f.) 74.49149 
Significance level .00000 
McFadden Pseudo R-squared .2850050 
Estimation based on N = 189, K = 11 
Inf.Cr.AIC 208.9 AIC/N = 1.105 
Model estimated: Jun 07, 2019, 07:35:27 
Results retained for SELECTION model. 
Hosmer-Lemeshow chi-squared = 3.10114 
P-value= .92785 with deg.fr. = 8 
--------+------------------------------------------------------- 

Confidence 
ADOPT 1 Coefficient 

Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

IIndex function for probability 
Constant 1 1.80647* 1.03277 1.75 .0803 
3.83066 

-.21771 
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HH_STATI 
1.07129 

GENI 
-.15724 

AGEl 
.00512 

CREDIT I 
-.00044 

FBOI 
-.35537 
TRAINING I 
1. 58035 

EXTI 
.51956 
LANDHOLD I 
.01604 
LAND_OWNI 
.82314 
NO CROPS I 
.32992 
--------+------------------------------------------------------- 

.44815 .31793 1.41 .1587 -.17499 

-.76986** -2.46 .0138 -1.38249 

-.04440 

-.01394 

-2.16653 

.58537 

-.91049 

-.03417 

-.19872 

-.14313 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

.31257 

-.01964 -1.55.1200 

1-> sample; 101-189$ 
1-> 
FRONTIER;Lhs=_LNPROFI;Rhs=ONE,LNLND,LAB,LNFERT,LABSD,LABAGRO,LNO 
PRICE; SELECTION; TECHEFF=ASE$ 
Error 315: Stoch. Frontier: OLS residuals have wrong skew. 
OLS is MLE. 
WARNING! OLS residuals have the wrong skewness for SFM 
Other forms of the model models may also behave poorly. 
In this case, one MLE for the half normal model is OLS 
for beta and sigma and zero for the inefficiency term. 
Warning 141: Iterations:current or start estimate 
nonpositive 
Warning 141: Iterations:current or start estimate 
nonpositive 
Warning 141: Iterations:current or start estimate 
nonpositive 
Warning 141: Iterations:current or start estimate 
nonpositive 
Warning 141: Iterations:current or start estimate 
nonpositive 
Line search at iteration 35 does not improve fn. 
optimization. 

.01263 

-.00719** -2.09.0367 .00344 

-1.26095*** .46204 -2.73 .0064 

1.08286*** .25383 4.27 .0000 

-.19547 -.54 .5921 .36481 

-.00906 .01281 -.71 .4791 

.31221 .26068 1. 20 .2311 

.09340 .12068 .77.4390 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFI 
Log likelihood function -15.06113 

145 

of sigma 

of sigma 

of sigma 

of sigma 

of sigma 

Exiting 

www.udsspace.uds.edu.gh 

 

 

 

 



Standard Prob. 95% 

Estimation based on N = 89, K = 10 
Inf.Cr.AIC 50.1 AIC/N = .563 
Model estimated: Jun 07, 2019, 
Variances: Sigma-squared(v)= 

Sigma-squared(u)= 
Sigma(u) 
Sigma(v) 
Sigma 
Lambda 

07:40:15 
.17342 
.00742 
.08612 
.41644 
.42525 
.20680 

Sample Selection/Frontier Model 
Murphy/Topel Corrected VC Matrix 
-----[ Tests vs. No Inefficiency )---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
Deg. freedom for heteroscedasticity: 0 
Deg. freedom for truncation mean: 0 
Deg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -10.17649 
Chi-sq=2*[LogL(SF)-LogL(LS)) = -9.769 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l)=(N/6)*[m3/sA3)A2 1147832.254 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

Confidence 
LNPROFI I Coefficient 

Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

------------- 

I Deterministic Component of Stochastic Frontier Model 
Constant I 5.91591** 2.36043 2.51 .0122 1.28955 
10.54226 

LNLNDI -.01496 .10646 -.14 .8882 -.22362 
.19369 

LNLABI .00547* .00329 1. 66 .0962 -.00097 
.01191 

LNFERTI -.54721 .33670 -1. 63 .1041 -1.20714 
.11272 
LNSDCOSTI -.00113** .00044 -2.57 .0102 -.00199 
-.00027 

LNAGRI -.00155 .00107 -1. 44 .1503 -.00365 
.00056 
LNOPRICEI .26305* .14494 1. 81 .0695 -.54712 
.02102 
Sigma (u) I .08612 3.34682 .03 .9795 -6.47353 
6.64577 
Sigma (v) I .41644*** .15757 2.64 .0082 .10760 
.72528 
Rho (w, v) I .91883 .74962 1. 23 .2203 -.55040 
2.38807 
--------+------------------------------------------------------- 
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- 
I Standard Prob. 95% 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 1-189$ 
1-> PROBIT;Lhs=CONTROL;Rhs=ONE,HH_STAT,GEN,AGE,CREDIT, 
FBO,TRAINING,EXT,LANDHOLD,LAND_OWN 

,NO_CROPS;Hold$ 
Normal exit: 5 iterations. Status=O, F= 93.43878 

Binomial Probit Model 
Dependent variable CONTROL 
Log likelihood function -93.43878 
Restricted log likelihood -130.68453 
Chi squared [ 10 d.f.] 74.49149 
Significance level .00000 
McFadden Pseudo R-squared .2850050 
Estimation based on N = 189, K = 11 
Inf.Cr.AIC 208.9 AIC/N = 1.105 
Model estimated: Jun 07, 2019, 07:42:46 
Results retained for SELECTION model. 
Hosmer-Lemeshow chi-squared = 24.45702 
P-value= .00192 with deg.fr. = 8 
--------+------------------------------------------------------- 

Confidence 
CONTROL I Coefficient 

Interval 
--------+------------------------------------------------------- 

Error z Izl>Z* 

------------- 

I Index function for probability 
Constant I -1.80647* 1.03277 -1.75 .0803 -3.83066 
.21771 
HH_STATI -.44815 .31793 -1.41 .1587 -1.07129 
.17499 

GENI .76986** .31257 2.46 .0l38 .15724 
1. 38249 

AGEl .01964 .01263 1. 55 .1200 -.00512 
.04440 

CREDIT I .00719** .00344 2.09 .0367 .00044 
.01394 

FBOI 1.26095*** .46204 2.73 .0064 .35537 
2.16653 
TRAINING I -1.08286*** .25383 -4.27 .0000 -1. 58035 
-.58537 

EXTI .19547 .36481 .54 .5921 -.51956 
.91049 
LANDHOLD I .00906 .01281 .71 .4791 -.01604 
.03417 
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-.31221 .2311 .26068 -1. 20 -.82314 

-.09340 .12068 .4390 

LAND_OWN 1 

.19872 
NO_CROPS 1 

.14313 
--------+------------------------------------------------------- 

-.32992 -.77 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

1-> sample; 1-100$ 
1-> 
FRONTIER; Lhs=_LNPROFI; Rhs=ONE, LNLND, LAB, LNFERT, LABSD,L ABAGRO,LNO 
PRICE; SELECTION; TECHEFF=CSE$ 
Error 315: Stoch. Frontier: OLS residuals have wrong skew. 
OLS is MLE. 
WARNING! OLS residuals have the wrong skewness for SFM 
Other forms of the model models may also behave poorly. 
In this case, one MLE for the half normal model is OLS 
for beta and sigma and zero for the inefficiency term. 
Warning 141: Iterations:current or start estimate 
nonpositive 
Warning 141: Iterations: current or start estimate 
nonpositive 
Warning 141: Iterations:current or start estimaLe 
nonpositive 
Warning 141: Iterations:current or start estimate 
nonpositive 
Warning 141: Iterations: current or start estimate 
nonpositive 
Line search at iteration 25 does not improve fn. 
optimization. 

Limited Dependent Variable Model - FRONTIER 
Dependent variable LNPROFI 
Log likelihood function -43.47020 
Estimation based on N = 100, K = 10 
Inf.Cr.AIC 106.9 AIC/N = 1.069 
Model estimated: Jun 07, 2019, 
Variances: Sigma-squared(v)= 

Sigma-squared(u)= 
Sigma(u) 
Sigma(v) 
Sigma 
Lambda 

07:43:48 
.02670 

1.55730 
1.24792 

.16340 
1.25857 
7.63736 

Sample Selection/Frontier Model 
Murphy/Topel Corrected VC Matrix 
-----[ Tests vs. No Inefficiency ]---- 
LR test for inefficiency vs. OLS v only 
Deg. freedom for sigma-squared(u): 1 
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Standard Prob. 

Oeg. freedom for heteroscedasticity: 0 
Oeg. freedom for truncation mean: 0 
Oeg. freedom for inefficiency model: 1 
LogL when sigma(u)=O -22.95968 
Chi-sq=2*[LogL(SF)-LogL(LS)] = -41.021 
Kodde-Palm C*: 95%: 2.706, 99%: 5.412 
LM test for sigma(u) = 0 based on ols e 
Chi-sq[l]=(N/6)*[m3/sA3]A2 2744.515 
Wald tests based on MLEs shown in table 
--------+------------------------------------------------------- 

95% 
Confidence 
_LNPROFI I Coefficient 
Interval 
--------+------------------------------------------------------- 

Error Izl>Z* z 

10eterministic Component of Stochastic Frontier Model 
Constant I 4.86887*** .16944 28.74.0000 4.53678 
5.20096 

LNLNOI 
.01495 

LAB I 
.00264 

LNFERTI 
.81705 

LABSOI 
.00329 

LNAGRI 
-.00158 
LNOPRICEI 
-.01637 
Sigma (u) I 
1.46270 
Sigma (v) I 
.36566 
Rho(w,v) I 
-.91861 
--------+------------------------------------------------------- 

-.02729 .02155 -1. 27 .2054 -.06952 

-.00310 .00293 -1.06 .2895 -.00884 

.21001 .30972 .68 .4977 -.39703 

.00251*** .00040 6.32 .0000 .00173 

-.00277*** .00061 -4.54.0000 -.00397 

.08723** .03615 -2.41 .0158 -.15808 

1.24792*** .10959 11.39 .0000 1.03314 

.16340 .10320 1. 58 .1133 -.03887 

-.99806*** .04054 -24.62 .0000 -1.07751 

Note: ***, **, * ==> Significance at 1%, 5%, 10% level. 

Two-sample t test with equal variances 

----------r------------------------------------------------------------------ 

Obs Mean Std. Err. Std. Dev. [95% Conf. Interval] 

) 

149 

www.udsspace.uds.edu.gh 

 

 

 

 



NA I 118 .49 .0211732 .23 .4480676 .5319324 

A I 92 .56 .0271069 .26 .5061555 .6138445 

---------1--------------------------------------------------------------------- 

combined I 210 .5206667 .0169396 .2454778 .4872723 .554061 

---------1--------------------------------------------------------------------- 

diffl -.07 .0338779 -.1367881 -.0032119 

diff = mean(NA) - mean(A) 

Ho: diff= 0 

t = -2.0662 

degrees of freedom = 208 

Ha: diff< 0 

Pr(T < t) = 0.0200 

Ha: diff!= 0 Ha: diff> 0 

Pr(ITI > It!) = 0.0400 Pr(T > t) = 0.9800 

diff ] -.09 .028327 -.1458448 -.0341552 

') 

Two-sample t test with equal variances 

Obs Mean Std. Err. Std. Dev. [95% Conf. Interval] 

---------1--------------------------------------------------------------------- 

NA I 118 .53 .0174909 .19 .4953602 .5646398 

A I 92 .62 .0229366 .22 .5744393 .6655607 

---------1--------------------------------------------------------------------- 

combined I 210 .5694286 .0143571 .2080535 .5411254 .5977318 

---------1--------------------------------------------------------------------- 

diff=mean(NA)-mean(A) t= -3.1772 

Ho: diff= 0 degrees of freedom = 208 
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Ha: diff< 0 

Pr(T < t) = 0.0009 

Ha: diff ! = 0 Ha: diff> 0 

Pr(lTI > It I) = 0.0017 Pr(T > t) = 0.9991 

Two-sample t test with equal variances 

Obs Mean Std. Err. Std. Dev. [95% Conf. Interval] 

----------r-------------------------------------------------------------------- 

NA I 118 

AI 92 

.43 .0193321 .21 .3917139 .4682861 

.6 .0354475 .34 .529588 .670412 

----------r-------------------------------------------------------------------- 

combined I 210 .5044762 .0197808 .2866511 .4654807 .5434717 

----------r-------------------------------------------------------------------- 

diff ] -.17 .0381862 -.2452816 -.0947184 

diff= mean(NA) - mean(A) 

Ho: diff= 0 

t= -4.4519 

degrees of freedom = 208 

Ha: diff< 0 

Pr(T < t) = 0.0000 

Ha: diff!= 0 Ha: diff> 0 

Pr(ITI > It I) = 0.0000 Pr(T> t) = 1.0000 

Two-sample t test with equal variances 

Obs Mean Std. Err. Std. Dev. [95% Conf. Interval] 

----------r-------------------------------------------------------------------- 

NA I 118 .48 .0156498 .17 .4490065 .5109935 
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AI 92 .61 .0229366 .22 .5644393 .6555607 

---------1r-------------------------------------------------------------------- 

combined I 210 .5369524 .0140462 .2035492 .5092619 .5646428 

---------1r-------------------------------------------------------------------- 

diff ] -.13 .0269086 -.1830486 -.0769514 

diff = mean(NA) - mean(A) 

Ho: diff= 0 

t = -4.8312 

degrees of freedom = 208 

Ha: diff< 0 

Pr(T < t) = 0.0000 

Ha: diff ! = 0 Ha: diff> 0 

Pr(ITI> It!) = 0.0000 Pr(T> t) = 1.0000 
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