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Abstract 
Agriculture in Africa must undergo major alteration so as to alleviate problems of food sufficiency and minimizing poverty McDowell 
et al. (2008). Hence, adoption of climate-smart agriculture technology has the possibilities to enhance agricultural productivity, rise 
the resilience of agricultural outputand lessen climate change effect through carbon sequestration and emission reduction (Boko et al., 
2007). Therefore,changing the living conditions of agricultural households through farm product increment would remain a mere wish 
if climate-smart agriculture technology adoption is too little. Hence, there is essential to adopt appropriate climate smart agricultural 
technologies so as to intensify agricultural productivity and thereby enhancing the living condition of smallholders.  

However, adoption of climate-smart agriculture technology is ineffective mainly due to the fact that, low skills, knowledge 
and poor technical use of the technology. In addition, political and institutional incompetence have caused the deterioration of 
societies livelihoods,Meijerink and Roza (2007)thereby compromising the resilience and adaptive Kipkoechet al. (2015)ability of 
smallholder farmers. Generally, widespread adoption of climate-smart agriculture technology is influenced by several factors like: 
biophysical, socio-economic, personal, socio-psychological, institutional and policy factors. It is, therefore, essential to assess climate 
smart agricultural technologies adoption and its determinants have not been broadly recognized in the climate change and agricultural 
technology adoption literature in Ethiopia in general and southern Tigray Region in particular.In addition, little is known about what 
factors are decelerating the pace of climate smart agricultural technology adoption. Therefore, the aim of the study is to assess climate 
smart agricultural technology adoption and its determinants in Southern Tigray, Ethiopia.  

 
Keywords: Climate-Smart Agriculture, Adoption, Determinants,Tigray, Ethiopia. 
 
1.1. Introduction 

Climate change results negative influences on agriculture, weakening smallholders’ incomes (Below et al., 2010; IAASTD, 
2008). Even if smallholders have been coping to the changing climate since ancient time (IPCC, 2001), since then they are suffering 
from climate change and variability (Hulme et al., 2001; World Bank, 2009). However, given current conditions in the region, these 
coping and mitigation strategies are inadequate to alleviate susceptibility of smallholders to climate damages and hazards (Lybbett and 
Sumner, 2010). Agriculture in Africa must undergo a major alteration so as to alleviate problems of accomplishing food sufficiency, 
minimizing poverty and replying to climate change without disturbing natural ecosystem McDowell et al. (2008). Hence, climate-
smart agriculture (CSA) has the possibilities to enhance justifiable agricultural productivity, rise the resilience of agricultural activities 
effects of climate change and lessen climate change through carbon sequestration and emission reduction (Boko et al., 2007).  

 
When new climate-smart technologies are designed and prove to be appropriate for local socio-economic conditions, it can be 

difficult for smallholder farmers to adopt them. With small, fragmented landholdings and limited access to credit systems, these 
farmers may have neither the ability nor the inclination to adopt the new climate-smart agriculture (CSA) technologies and 
practices(Khatri et al., 2017).In the same way, lack of access to high-yielding, disease-resistant seed varieties are a crucial barrier to 
the adoption of climate-smart agriculture (CSA) practices. Moreover, constraint relates to aspects that intrude on the conducive 
environment required to adopt and practice climate-smart agriculture (CSA) technologies. These include apt institutions, policy and 
supervisory outlines, information and knowledges. Over the past decades, unbalanced and often unpredictable agricultural revolution 
policies have amplified the susceptibility of the farming systems in sub-Saharan Africa. Linked to this, political and institutional 
incompetence have caused the deterioration of societies livelihoods,Meijerink and Roza (2007)thereby compromising the resilience 
and adaptive Kipkoechet al. (2015)ability of smallholder farmers. The determination of government on fighting climate variability and 
developing sustainable agriculture is indispensable. Besides to government apprehension, smallholder households at local level 
developed various adaptation and coping strategies to climate change and variability. Changing the living conditions of the 
smallholder agricultural households through farm product increment would remain a mere wish if climate-smart agriculture (CSA) 
technology adoption is too little. Hence, there is essential to adopt appropriate climate smart agricultural technologies so as to 
intensify agricultural outputs as well as productivity and thereby the living condition of smallholders.  

 
Therefore, based on the reviewed documents so far, smallholder’s household adoption of climate-smart agriculture (CSA) 

technology are ineffective mainly due to the fact that, low skills, knowledge and poor technical use of the technology. In addition, as 
with any technological innovation or new systemic approach, the widespread adoption of climate-smart agriculture (CSA) practices is 
influenced several factors: context-specific biophysical, socio-economic, personal, socio-psychological, institutional and policy 
factors. Therefore, as per the authors knowledge, however, no study be present that examines climate smart agriculture (CSA) 
technologies adoption. Hence, this study tries to identify which climate smart agriculture (CSA) technology must be especially 
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promoted to achieve the potential agricultural productivities of smallholder farm households with prevailing climate changes in the 
study area. 

 
Statement of the Problem 

Smallholder farmers are highly vulnerable to the impacts of climate change, due to their dependence on rain-fed agriculture 
for their livelihoods and location in marginal lands (Deressa et al.,2008To feed the rapidly growing population, therefore, smallholder 
farmers need to be productive using the existing limited land acreage by employing climate smart agriculture (CSA) technologies.   
In Ethiopia, Peasant Agricultural Development Extension Program (PADEP) has been replaced by Participatory Agricultural 
Demonstration Training Extension System (PADETES) that merges training and visit agricultural extension system with agricultural 
technologies. It is aimed at improving agricultural output using high yield variety (HYV), fertilizer, improving farm practices and 
credit supply and serious follow up of farmers. However, studies indicated that adoption of improved agricultural technologies were 
low and farmers were reluctant to apply those technology. Biologically, technologies can more be represented by high yield variety 
(HYV) and row planting. The application and profitable use of high yield variety However, little is known about how much climate 
smart agriculture (CSA) technologies have diffused and to what extent these technologies were adopted by the farmer in Sub-Saharan 
African in general and the study area in particular. Moreover, in previous studies there is no strong evidence that showed determinant 
factors of climate smart agriculture (CSA) technology adoption in the study area. 
 

Therefore, thoughtful climate-smart agriculture (CSA) technology adoption decision by smallholders’ household is vibrant to 
come up with solid and concurrent approaches in the country in general and in the region and the study area in particular Moreover, 
climate smart agriculture (CSA) technologies and practices have not been broadly recognized in the climate change and technology 
adoption literature in Ethiopia in general and southern Tigray Region in particular. Hence, the aim of this research is to examine how 
adoption decision of smallholder’s household to climate-smart agriculture (CSA) technology influenced by biophysical, socio-
economic, personal, socio-psychological, institutional, and policy factors.  

 
Materials and Methods 
Sampling Technique and Sampling Size 

Multistage sampling techniques were employed in the study. There were different methods for computing sample size for 
different study designs and outcome measures (Singh & Masuku, 2012). Among those different methods of sample determination: 
census for small populations, reproducing a sample size of parallel lessons, using printed tables, and also applying formulas to 
compute a sample size (Gupta and Kapoor, 1970; Sudman, 1976).  

  
Therefore, based on the body of literature reviewed the researcher applied sample size formula so as to fix the sample 

populations for the study. A basic formula to compute sample size was established byYamane (1967). The formula is: 
 

풏 =
푵

ퟏ+ 퐍(퐞ퟐ) … … … … … … … … … … … . (ퟏ) 

 
Table1 Sample kebele and sample household heads 

S. 
No 

Name Rural 
Kebele 

Kebele 
Code 

Total 
Household 
Heads 

Total Sample 
Household 
Heads 

Raya-Alamata District 
1 Garjjale 1 2066 106 
2 Selam-Bekalsi 2 1391 71 
3 Tsetsera 3 1442 74 
4 Merewa 4 1820 94 
5 Tao 5 686 35 
 Total 7405 380 

Source: Bureau of Agricultural and Rural Development Office, 2015/16  
 
Where n is the sample size, N is the population size, and e is the level of precision. Therefore, for each stratum the sample size was 
determined based on proportional sampling principle Yamane (1967). 
퐂퐧 = 퐗

퐍
∗ 풏… … … … … … . . … … … (2) 

Where Cn is stratum sample size, X is total population of the stratum and N is the whole population of the study. Where n is the 
sample size, N is the population size, and e is the level of precision (0.05%).   
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Data Collection Methodology and Data Analysis  
Both primary and secondary data sources were used so as to generate both qualitative and quantitative data to determine the 

stated objectives of the research. Primary data was collected using tools like structured and semi-structured questionnaire, observation, 
focus group discussions (FGDs) and key informant interview. Secondary data was collected by reviewing different published and 
unpublished materials and documents.The study was used both quantitative and qualitative data analysis tools. The quantitative data 
was analyzed using descriptive statistics, correlation, coefficient of variation, binomial logistic regression analysis 
techniques.Whereas, the qualitative data was analyzed by narration and statement. 

 
Model Selection 

In the field of agriculture, adoption of technologies is measured as a dichotomous response variable (0=non-adoption of 
innovation and 1=adoption of innovation. Several models have been developed to facilitate investigations of the effects of various 
independent variables such as smallholder farmer’s socio-economic characteristics, agro-ecological characteristics, household’s 
personal characteristics and technology attributes on adoption of either dichotomous or poly-chotomous dependent variables. The 
most common models are the logit and probitmodels (Polson et al., 1992). The two models establish relations between probability of 
adoption and various explanatory variables of farmers. Both the Probit and Logit models yield similar parameter estimates and it is 
difficult to distinguish them statistically. Of these two models, the binomial logistic model is easier to estimate and simpler to interpret 
(Abebaw and Belay, 2001).  

 
To measure an outcome of such discrete output, a variety of multivariate statistical techniques can be used to predict a binary 

dependent variable from a set of independent variables. Multiple regression and discriminant analysis are two techniques for this 
purpose. However, these techniques pose difficulties when the dependent variables have only two values, 1 if the event occurs and 0 if 
it does not. The Binary Logistic Regression Model (BLRM) is considered appropriate in such a situation (Polson et al., 1992). It 
requires far fewer assumptions than the other two mentioned above, and even when the assumptions required for discriminant analysis 
are satisfied, it still performs well (Hosmer and Lemeshow, 1989; Kleinbaum, 1994). It is also called “Logistic”, which is applicable 
to a broader range of research situations and is able to predict the presence or absence of a characteristic or outcome based on values 
of a set of predictor variables. It is similar to a non-linear regression model but is suited to models where the dependent variable is 
dichotomous.  

 
Using the logistic model, the factors that influence farm households’ decisions to adopt climate-smart agricultural 

technologies are estimated. The use of the logit model for this analysis is consistent with the literature on adoption (Feder et al., 1985; 
Griliches, 1957; Lionberger, 1960; Mulugetaet al., 2001; Mureithi et al., 2002; Rogers, 1983) which describes the process of adoption 
as taking on a logistic nature (non-linear). The parameters of the model were estimated using the maximum-likelihood method. That 
is, the coefficients that make the observed results most likely selected. Since the logistic regression model is nonlinear, an iterative 
algorithm is necessary for parameter estimation. The coefficients in this model are tested by the Wald statistics, which has a Chi-
square distribution and t-statistics. Therefore, the binomial logit model was used to predict factors that determine adoption of climate 
smart agriculture (CSA) technology components and to identify key variables affecting smallholder farmers’ decisions to invest in this 
practice. 

 
The Empirical Model: The logistic model in this study used to answer one important research questions of the study. What factors 
determine farm household’s adoption decision toclimate smart agriculture (CSA) technologies? Therefore, using this model, 
determinants of climate smart agriculture (CSA) technology adoption decision by smallholder farm households in Northern Ethiopia is 
analysed. Hence, a binary logit model is used to analyze the collected data from sample households. Following from (Feder et al., 
1985; Green and Ng’ong’ola, 1993; Gujarati, 1978; Hansen, 2000; Maddala, 1983; Mamudu et al., 2012; MulugetaandDadi, 2001; 
Petros, 2010) the logistic distribution for adoption decision of climate smart agriculture (CSA) technologies can be specified as: 
퐩퐢 = ퟏ

ퟏ 풆 풛(풊)…………………………….. (3) 
Where, pi is a probability of adoption of climate smart agriculture (CSA) technologies for the ith farmers and ranges from 0 to 1. e- 
Represents the base of natural logarithms and zi is the function of a vector of n explanatory variables and expressed as: 
퐳퐢 = 휷ퟎ + ∑휷풊푿풊…………………….….. (4) 
Where, 휷ퟎis the intercept and 휷풊 is a vector of unknown slope coefficients the relationship between퐩퐢 and 푿풊, which is linear, can be 
written as follows: 
퐩퐢 = ퟏ

ퟏ 풆휷ퟎ 휷풊푿풊 ⋯……..…..휷
……………….. (5) 

The slope tells how the log-odds in favor of adopting the technology changes as independent variables change. If Pi is the probability 
of adopting given technologies, then 1- Pirepresents the probability of not adopting and can be written as: 
ퟏ −퐩퐢 = ퟏ

ퟏ 풆 풛풊 = 풆 풛풊

ퟏ 풆 풛풊 = ퟏ
ퟏ 풆풛풊

……….. (6) 
Dividing equation (4) by equation (7) and simplifying gives: 
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퐩퐢
ퟏ 퐩퐢

= ퟏ 풆풛풊

ퟏ 풆 풛풊 = 풆풛풊……………..…….. (7) 
Equation (6) indicates simply the odd-ratio in favor of adopting the technologies. It is the ratio of the probability that the farmer will 
adopt climate smart agriculture (CSA) technology to the probability that he will not adopt climate smart agriculture (CSA) technology. 
Finally, the logit model is obtained by taking the logarithm of equation (7) as follows: 
푳풊 = 푳풏 퐩퐢

ퟏ 퐩퐢
= 풛풊 = 휷ퟎ + 휷풊풙풊 + 휷ퟐ풙ퟐ …휷풏풙풏….. (8) 

Where Li is the log of the odds ratio, which is not only linear in X, but also linear in the parameters: Thus, if the stochastic disturbance 
term Ui is taken into account, the logistic model becomes: 
풛풊 = 휷ퟎ + 휷풊풙풊 +휷ퟐ풙ퟐ … … … …휷풏풙풏 +푼풊……….. (22) 
 

This econometric model is estimated using the iterative Maximum Likelihood Estimation (MLE) procedure due to the non-
linearity of the logistic regression model. The MLE procedure yields unbiased, asymptotically efficient, and normally distributed 
regression coefficients parameters. 

 
Accordingly, explanatory variables are checked for problems of multicollinearity, endogeneity and heteroscedasticity. 

Following Gujarati (1995), the problem of multicollinearity for continuous explanatory variables are checked using a technique of 
variance inflation factor (VIF) and tolerance level (ToL), where each continuous explanatory variable was regressed on all the other 
continuous explanatory variables. The larger the value of VIF, the more collinear is the variable (X). As a rule of thumb, if the VIF of 
a variable exceeds 10 the variable is said to be highly collinear then removed from the model. To check the degree of association 
among dummy explanatory variables, contingency coefficients are computed. A contingency coefficient is a chi-square-based measure 
of association where a value 0.75 or above indicates a stronger relationship between explanatory variables Healy (1984). For 
endogeneity test, there is no explanatory variable that is expected to be endogenous in the model and hence no need of undertaking the 
test. In addition, test of heteroscedasticity using Breusch-Pagan/Cook-Weisberg test was done and finally robust standard error method 
of STATA 14.2 and SPSS 20 were employed for the odds ratio and coefficients. 

 
Factors Affecting Adoption of Climate Smart Agriculture Technology 

Even minor climatic variations can have a considerable impact on agricultural productivity (Lybbett and Sumner, 2010). 
Smallholder farmers in Africa have been making use of their traditional knowledge, past experience and available resources to cope 
with the challenges presented by adverse climatic events. Owing to rapid population growth in the poorest areas of Sub-Saharan 
Africa, coupled with the imperative of attaining better-quality diets for the poor and the need for tangible positive local environmental 
impact, agricultural innovations such as climate smart agriculture (CSA) practices are more important (Ellis, 1993; Lybbett and 
Sumner, 2010; Suleman, 2017). As with any technological innovation or new universal approach, the widespread adoption of climate 
smart agriculture (CSA) practices is influenced by context-specific biophysical, personal, socio-psychological and socio-economic 
realities.  

 
In principle, the successful adoption and escalating of climate smart agriculture (CSA) practices depends on the extent to 

which adaptation and mitigation are integrated into policy and strategies, and climate change issues are mainstreamed into national 
agricultural strategies and policies (Suleman, 2017). Over the past decades, unstable and often inconsistent agrarian transformation 
strategies and policies have increased the vulnerability of the farming sector in sub-Saharan Africa. Linked to this, political and 
institutional inefficiencies have resulted in the economic deterioration of societies,thereby compromising the resilience and adaptive 
capacity of smallholder farmers (Kipkoechetal., 2015; Meijerink&Roza, 2007). 

 
Therefore, this is the main obstacle to the widespread adoption of climate smart agriculture (CSA) practices in Sub-Saharan 

African countries in general and Ethiopia in particular. The major impediments to the widespread adoption of climate smart 
agriculture (CSA) practices in Sub-Saharan Africa in general and Ethiopia in particular can be overcome through a coordination of 
targeted scientific research, policy and institutional reforms, strengthening and accessibility of rural financial institutions and changes 
in technology dissemination strategies. Thus, this highlights the need for a better understanding of local contexts and decision-making 
processes that underpin smallholder farmers’ climate smart agriculture (CSA) choices and livelihoods.  

 
Resultsand Discussions 
Socio-economic Characteristics of Sample Households 
Table 2 shows the socio-economic and institutional characteristics of smallholder farm households in Raya-Alamata. According to 
Table 2 the number of female household heads who adopt climate smart agriculture (CSA) technology is higher than that of males in 
Raya-Alamata however insignificant at p<0.05Pearson’s chi-square test. Farmers participation in farmers association is a key for 
sharing of new information in rural Ethiopia, however few number of farm households are members of such organization in Raya-
Alamata 78 with chi-square value of 2.287 and insignificant at p<0.05. Based on Table 2 the condition of farm land is significantly 
varied with respect to adoption at probability level of 1% in Raya-Alamata.  
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In regard to access to weather information large number of the households at Raya-Alamata reported that they did not have 
access to metrological information which is significant at probability level of 1% and in the same table few number of respondents are 
replied that they have had access to weather information but insignificant. 

 
Table 2 indicated that the participation of households in training on CSA adoption is significantly varied between adopters and non-
adopters at probability level of 1%level of significance in Raya-Alamata. 
Table 2.Socio-economic and institutional characteristics of respondents 

Name of Variables Category Adoption of 
CSA 
Technology 

Tota
l 
 

Pearso
n Chi-
Square 

DF 
 
 

Sig 2 
tail 
 
 

Raya-Alamata Districts 
No Yes     

Sex of household heads (SHH) Female 105 109 214 1.239 1 0.266 
Male 91 75 166 

Educational level of household heads 
(ELHH) 

Not at all 103 111 214 0.891 1 0.345 
Primary 
education 

88 78 166 

Farmers Members of Associations (FMA) No 130 84 214 2.287 1 .130 
Yes 88 78 166 

Condition of farm land (CFL) 
 

No 83 131 214 8.298 1 .004* 
Yes 89 77 166 

Condition of land tenure (CLT) 
 

No 109 105 214 22.258 1 .000* 
Yes 124 42 166 

Access to credit service (ACS) 
 

No 172 42 214 28.879 1 .000* 
Yes 90 76 166 

Access to extension service (AES) No 116 98 214 18.788 1 .000* 
Yes 53 113 166 

Asset of household (AH) No 159 55 214 34.814 1 .000* 
Yes 74 92 166 

Training participation on climate smart 
agriculture (TPCSA) 

No 121 93 214 1.474 1 .186 
Yes 105 61 166 

Access to weather information (AWI) No 432 82 214 11.797 1 .001* 
Yes 73 93 166 

Experience of drought (ED) No 145 69 214 1.637 1 .201 
Yes 102 61 166 

Awareness of climate smart agriculture 
(ACSA) 

No 122 92 214 3.766 1 .052**
* Yes 78 88 166 

Willingness to participate on climate smart 
agriculture practices (WPCSA) 

No 203 11 214 43.289 1 .000* 
Yes 116 50 166 

Source: Own computation, 2018 
NB. *, ** and *** are significant at 1%, 5% and 10% level of probability 
 

Moreover, smallholder farmers in the study area were enquired why they adjust their habitual agricultural activities. The 
multiple response of the respondents is presented in Table 3. Based on Table 3 diversification of crop types and varieties accounts 
13.9% of respondent’s responses from the total in Raya-Alamata. In the same table building water harvesting activities are one of the 
adjustment mechanisms of climate change and variability with 12.8% of responses in Raya-Alamata.  

 
Moreover, diversification of livestock types and varieties are also used as farming adjustment because of climate change and 

variability which accounts 11.2% responses in Raya-Alamata. Further, Table 3 shows implementation of soil and water conservation 
schemes are crucial for maintaining water with in the soil pore spaces and enriching underground water table for irrigation.And hence, 
10.6% responses of the respondents identified soil and water conservation scheme are implemented as an adjustment for farming 
during the times of climate change and variability in Raya-Alamata.Furthermore, smallholder farmers also diversify their economic 
activities from farming to non-farming particularly in Raya-Alamata, i.e., 6.8% of responses used as an adjustment method.  
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Table 3. Multiple response reasons of farm adjustment to climate change and variability 
What climate smart 
agriculture (CSA) 
practice you used for 
farming adjustment 
in order to reduce the 
effect of climate 
change and 
variability? 

List of climate smart agriculture (CSA) 
technology option for farming Adjustment 

Raya-Alamata District 

Responses Percent 
of Cases N Percent 

Change crop variety 80 3.8 21.1 
Implement soil and water conservation 
schemes 

223 10.6 58.7 

Build water harvesting schemes 269 12.8 70.8 
Diversification of crop types and varieties 291 13.9 76.6 

Diversification of livestock types and varieties 236 11.2 62.1 

Changing crop planting dates 91 4.3 23.9 
Changing size of land under cultivation 243 11.6 63.9 
Irrigation 67 3.2 17.6 
Reduce number of livestock’s 83 4.0 21.8 
Reduce number of tillage 211 10.0 55.5 
Diversify from farming to non-farming 143 6.8 37.6 
Use of organic manure 25 1.2 6.6 
Agroforestry 139 6.6 36.6 

Total 2101 100 552.9 
a. Dichotomy group tabulated at value 1.  

Source: Own computation, 2018 
 
Sources of Information for Climate Smart Agricultural (CSA) Technology 

Sample respondents are asked how for the first time heard about climate-smart agricultural technologies. Multiple response 
set of questions were provided and the multiple response analysis result are presented in Table 4. Based on Table 4, the most dominant 
sources of information for climate smart agriculture (CSA)technology is government agricultural extension services 15.1% of 
responses in Raya-Alamata district.  

 
Table 4.Multiple response of sources of information for CSA technologies 

 
How do you know or 
familiar with the 
available climate 
smart agriculture 
(CSA) technologies?     
 
 
What are the sources 
of Information for the 
first time about 
climate smart 
agriculture (CSA) 
technology you 
heard? 

Different sources of information 
Raya-Alamata District 
Responses Percent of 

Cases N Percent 
Government extension workers 269 15.1 71.2 
Non-governmental organizations (NGOs) 110 6.2 29.1 
Religious and community meetings 53 3.0 14.0 
Farmer organizations 103 5.8 27.2 
Research stations/ researchers 215 12.1 56.9 
Agri-service providers, seed companies 51 2.9 13.5 
Family members 80 4.5 21.2 
Neighbors 240 13.5 63.5 
Electronic and paper medias 203 11.4 53.7 
School/ teachers 38 2.1 10.1 
Traditional knowledge and experience 228 12.8 60.3 
Agricultural demonstrations 189 10.6 50 

Total 1779 100 470.6 
a. Dichotomy group tabulated at value 1. 

Source: Own computation, 2018 
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The result is in line with Agricultural Transformation Agency (2017), where Ethiopia have the largest extension service 
workers in different rural kebele’s throughout the country. Ethiopia has one of the highest agricultural extension system in the world, 
an average around 21 development agents (DAs) per 10,000 farmers’ (Agricultural Transformation Agency, 2017). Farmers also learn 
and/ or obtain information from their neighbors about new agricultural practices and technologies. Thus, 13.5% of the responses of 
sample respondents in Raya-Alamata district, reported that climate-smart agricultural technologies were learnt from their neighbors. It 
has been already discussed in the introductory chapter, some of the climate-smart agricultural technologies were already in use by both 
small and large-scale farmers traditionally.The study reveals that 12.8% of responses of sample respondents were replied they know 
some of the climate smart agriculture (CSA) practices traditionally in Raya-Alamata district. 

 
In addition, research stations or researchers are also play great role on introducing new innovations, technologies and/ or 

practices. Hence, the study found that 12.1% of the responses, of sample households in Raya-Alamata district, identifies research 
station and researchers are their main source of information for adoption of climate smart agriculture (CSA) technologies. Electronic 
and paper media have also played important role in disseminating new information and practices from sources to the end users. 
Generally, the sources of information for climate smart agriculture (CSA) technology is not limited on what have discussed there are 
other sources too (see Table 4). 

 
Type of Support Needed for Climate Smart Agricultural Technology Adoption 

Multiple choices of structured questions are provided to the sample respondents to identify the type of support they needed 
more so as to adopt climate smart agriculture (CSA) technology in the study area. Then their responses were analyzed using multiple 
response analysis techniques and the results are displayed in Table 5.  

 
Table 5.Multiple response of type of support needed by smallholder’s 

What type of 
support you need 
in order to adopt 
CSA 
technology/pract
ice in your 
farming 
Activities? 

Type of Support Needed by Smallholder 
Farmer's 

Raya-Alamata District 
Responses Percent of 

Cases N Per cent 
More training demonstration practices 170 7.1 45.3 
Lower cost of initial investment 165 6.8 44.0 
Access to planting materials and seeds 289 12 77.1 
More/ cheap labour supply 96 4 25.6 
See good examples from adopter farmers 210 8.7 56 
More benefits/ farm income 117 4.9 31.2 
Access to affordable credit 317 13.1 84.5 
Remunerative markets for farm products 181 7.5 48.3 
More assistance from NGOs 189 7.8 50.4 
Secure land ownership 287 11.9 76.5 
More government support to access inputs 251 10.4 66.9 
Access to markets 139 5.8 37.1 

Total 2411 100 642.9 
a. Dichotomy group tabulated at value 1. 

Source: Own computation, 2018 
 

As indicated in Table 5 in order to adopt climate smart agriculture (CSA) practices 13.1% of the responses of sample 
smallholder farmers in Raya-Alamata districts needed access to affordable credit services. In addition, Table 5 shows that 12% of 
responses of sample households in in Raya-Alamata district replied that access to planting materials and seeds are badly needed by 
smallholder farmers so as to adopt climate smart agriculture (CSA) technology. Moreover, 11.9% of the responses of sample farmers 
in Raya-Alamata district said that they needed land tenure security, since the outcome of climate smart agriculture (CSA) technologies 
are long-term, and hence land tenure security is central for adoption of climate smart agriculture (CSA) practices. Further, 10.4% of 
responses in Raya-Alamata districts needed more government support to access inputs (fertilizers and improved seed varieties) and 
subsidy.  

 
Furthermore, 8.5% sample households in Raya-Alamataresponded in order to adopt climate smart agriculture (CSA) practices 

in their farming activities they need to see earlier adopters farm outputs. This implies that smallholder farmers are reluctant in 
accepting and practicing new technology in their farm since they try to avoid risks of new technology. Some of the sample households 
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also need more training and demonstration practices so as to implement climate smart agriculture (CSA) practices in their agricultural 
activities 7.1% in Raya-Alamata districts. Adoption of climate smart agriculture (CSA) technology are believed to boost agricultural 
productivities of smallholder farmers.  

 
Bivariate Logistic Regression Model (BLRM) Results 

The study identified important determinants of adoption of various climate smart agriculture (CSA) practices using a binary 
logistic regression model to provide policy information on which factors to target and how. The Bivariate Logistic Regression Model 
coefficients and their significance levels from the logistic model are presented in Table 6. According to Table 6, the econometric 
model result show that gender/ sex of household heads, condition of farmland, land tenure security, access to extension service, assets 
of household, and off-farm income have significant relationships with climate smart agriculture technology adoption decisions in the 
districts.  

 
The marginal mean effects given in Table 7 measure average (percentage point) change in the probability of adoption of 

climate smart agriculture (CSA) technology when the value of the explanatory variable of interest changes by one unit (for continuous 
variables) or switches on (from 0 to 1 for indicator variables). In addition, robust standard error method is employed in the analysis for 
both districts. The logistic model of Raya-Alamata district shows that access to extension service increases the probability of climate 
smart agriculture (CSA) technology adoption by around 22%. Therefore, it is concluded that, the marginal effects of some of the 
explanatory variables significantly vary. Thus, the bivariate logit analysis results revealed that the decision of smallholder farm 
household adoption of climate smart agriculture (CSA) technology is prejudiced by different factors and at different levels of 
significance.  

 
Determinants of Climate Smart Agriculture Technology Adoption 
Condition of Land Tenure (CLT)As expected the logit model revealed that land tenure security has negative and significant 
relationships with adoption of climate smart agriculture technology adoption in Raya-Alamata district at 1% level of probability. As 
indicated in Table 7 the marginal mean effects switch on from secure land tenure to non-secure land tenure the probability of 
smallholder farmer’s adoption of climate smart agriculture technology reduced by 17% in Raya-Alamata district. Thus, secure land 
rights are part of the enabling environment for investments in sustainable climate smart agriculture (CSA) technology adoption. Thus, 
unclear land tenure may lead to difficulties in establishing benefit distribution mechanisms for payments for ecosystem services 
(Runsten&Tapio-Bistrom, 2011).  
 
Access to Extension Services (AES) Access to extension services had the expected positive and significant effect on probability of 
adoption of climate smart agriculture (CSA) technology due to mainly access to information. Table 7, shows the logit regression result 
reveals that access to extension services positively determining adoption of climate smart agriculture technology and statistically 
significant at 1% level of significance in Raya-Alamata. As access to extension services switch on from non- access to extension 
services to access to extension services would increase the probability of adopting climate smart agriculture technology by 22.1% in 
Raya-Alamata. Similar findings were reported by previous studies of (Hailu et al., 2014; Legesse et al., 2012; Temesgen et al., 2009) 
smallholder farmers who are contacted by agricultural extension workers have higher likelihood of adopting chemical fertilizer unlike 
non-contacted smallholder farmers. In addition, government agricultural extension contacts positively correlate to almost all the 
conservation agriculture practices (Fisher et al., 2016). 
 
Table 6. Logistic regression model results 
 

Adoption of CSAT 
Raya-Alamata District 

Odds Ratio Robust 
Std. Err. z P>z 

Sex of household head (SHH) 1.108 0.346 0.330 0.743 
Age of household heads (AHH) 0.985 0.015 -1.000 0.317 
Education level of household head (ELHH) 1.138 0.527 0.280 0.780 
Family size of household (FSH) 1.080 0.106 0.780 0.435 
Farmer Member of Association (FAM) 1.262 0.410 0.710 0.475 
Total land holding size (TLHS) 1.340 0.445 0.880 0.379 
Condition of farm land (CFL) 0.525 0.184 -1.840 0.066 
Farming experience Household (FEH) 0.993 0.014 -0.540 0.587 
Condition of land tenure (CLT) 0.304 0.104 -3.490 0.000 
Distance of farm homestead from market center 
(DMC) 0.982 0.044 -0.400 0.688 

Access to credit service (ACS) 1.301 0.487 0.700 0.481 
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Access to extension service (AES) 4.689 2.163 3.350 0.001 
Farm income Household (FIH) 33.546 47.234 2.490 0.013 
Local agro-ecology (LAE) 3.435 4.573 0.930 0.354 
Off-farm income (OFI) 2.378 0.751 2.740 0.006 
Availability of labour supply (ALS) 0.252 0.105 -3.300 0.001 
Asset of household (AH) 8.071 3.405 4.950 0.000 
Training participation of climate smart agriculture 
(TPCSA) 0.404 0.136 -2.690 0.007 

Access to weather information (AWI) 1.583 0.511 1.420 0.155 
Drought Experience Household (DEH) 1.026 0.318 0.080 0.935 
Number of oxen in tropical livestock unit 
(NOTLU) 1.132 0.127 1.100 0.271 

Total number of livestock’s in tropical livestock 
unit (TNLTLU) 0.957 0.042 -1.000 0.317 

Awareness of climate smart  
agriculture technology (ACSA) 0.825 0.373 -0.430 0.670 

_cons 0.034 0.050 -2.290 0.022 

Logistic regression 
Raya-
Alamata 

  

Number of observations 380.00 
Wald chi2(23) 131.79 
Prob > chi2 0.000 
Pseudo R2 0.3624 
Area under ROC curve 0.8693 
Log pseudolikelihood -166.06 

Sources: Own computation, 2018 
 
Farm Income of Households (FIH) As per the expectation farm income of households influenced decision of smallholder 
household’s positively and significant at 1% probability level in Raya-Alamata. It implies, as one unit increases in farm income of the 
household it increases the likelihoods of adopting climate smart agriculture (CSA) technology by 50.2% in Raya-Alamata Table 7. 
The finding is in line with Shiferaw & Holden (1998) they emphasized that wealth is whispered to mirror past accomplishment of 
households and their capability to withstand disasters.  
 
Off-farm Income (OFI) positively influence the decision of smallholder households’ decision to adopt climate smart agriculture 
(CSA) technologies at 5% probability level in the study area. According to Table 7, as off-farm income of the household’s increase by 
one unit the probability of adopting climate smart agriculture (CSA) technology increases by 12.4% in Raya-Alamata. The result 
validates Hailu et al. (2014) who found that participating in diverse off-farm doings was initiate to have a positive and significant 
association with chemical fertilizer adoption choice which is statistically noteworthy at 1% level of significance.  
 
Table 7. Marginal mean effects of explanatory variables 

List of Explanatory Variables 
Raya-Alamata District 

dy/dx Delta-method 
Std. Err. z P>z 

Sex of household head (SHH) 0.015 0.045 0.330 0.744 
Age of household heads (AHH) -

0.002 0.002 -
1.010 0.314 

Education level of household head (ELHH) 0.018 0.066 0.280 0.779 
Family size of household (FSH) 0.011 0.014 0.790 0.432 
Farmer Member of Association (FAM) 0.033 0.047 0.710 0.475 
Total land holding size (TLHS) 0.042 0.047 0.880 0.378 
Condition of farm land (CFL) -

0.092 0.049 -
1.880 0.060 

Farming experience Household (FEH) -
0.001 0.002 -

0.540 0.586 

Condition of land tenure (CLT) - 0.047 - 0.000 
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0.170 3.610 
Distance of market center from farm homestead (DMC) -

0.003 0.006 -
0.400 0.687 

Access to credit service (ACS) 0.038 0.054 0.700 0.482 
Access to extension service (AES) 0.221 0.062 3.540 0.000 
Farm income Household (FIH) 0.502 0.196 2.570 0.010 
Local agro-ecology (LAE) 0.176 0.189 0.930 0.351 
Off-farm income (OFI) 0.124 0.044 2.830 0.005 
Availability of labour supply (ALS) -

0.197 0.055 -
3.560 0.000 

Asset of household (AH) 0.298 0.057 5.210 0.000 
Training participation of climate smart agriculture 
(TPCSA) 

-
0.130 0.046 -

2.810 0.005 

Access to weather information (AWI) 0.066 0.045 1.460 0.145 
Drought Experience Household (DEH) 0.004 0.044 0.080 0.935 
Number of oxen in tropical livestock unit (NOTLU) 0.018 0.016 1.110 0.269 
Total number of livestock’s in tropical livestock unit 
(TNLTLU) 

-
0.006 0.006 -

1.010 0.314 

Awareness of CSAT -
0.028 0.065 -

0.430 0.670 

Sources: Own computation, 2018 
 
Asset of the Household (AH)asset of the household are considered as proxy to wealth which is anticipated to affect adoption decision 
of smallholder household’s positively. As per the expectation the outcome of the logit model is positive and significant at 1% level of 
probability in Raya-Alamata. The marginal mean effect in Table 7show that, as the household asset is switched on from poor wealth to 
highly wealthy smallholder household ‘s will rise the likelihood of adopting climate smart agriculture (CSA) technology by 29.8% in 
Raya-Alamata district. This independent determinant was the second most chief determinants of adoption of climate smart agriculture 
(CSA) technology in Raya-Alamata district. The result corroborates the findings of Abadi &Tesfay (2016). Thus, households with 
asset (wealth) are more likely to adopt climate smart agriculture technology since it assists farmers in financing their initial adoption 
indeed appears to enhance the willingness to accept climate smart agriculture (CSA) technology.  
 
Conclusion and Recommendation 

Generally, using the set of explanatory variables in Table 6, the estimated model explains about 86.93 per cent of the total 
variation in adoption of climate smart agriculture (CSA) technologies in Raya-Alamata and model’s chi-square is significant. Further, 
Hosmer and Lemshow model goodness-of-fit test is also conducted which is non-significant. A non-significant value for this test 
indicates that the model does not differ significantly from the observed data. In other words, non-significant result is revealing that the 
model is forecasting the real-world data impartially sound.To sum up, the study found that farm income was one of the powerful 
factors explaining probability of adoption climate smart agriculture (CSA) technology in Alamata district. The second most important 
explanatory variable that determine adoption of climate smart agriculture (CSA) technology is asset of the household in Raya-
Alamata. Therefore, based on the outcomes of this study, it is recommended that the adoption of climate smart agriculture (CSA) 
technologies could be enhanced by raising farm household asset formation and providing extension and credit services. Such actions 
may, in turn, lessen the contemporary problem of food shortage, livelihoods and lead in the long-run to socio-economic development 
of the region in particular and the country in general.   

 
To addresses systematic impediments and facilitates the successful adoption of climate smart agriculture practices in 

particular, considerable work needs to be undertaken to improve policy coherence and effectiveness across sectors and at all levels. 
Strengthening local institutions and mainstreaming climate smart agriculture into national policies and programs can be an important 
step forward for fostering coherence between existing climate and agricultural policies in the region in general and in the districts in 
particular.However, there should be further study in the analysis of extent of climate smart agriculture technology adoption. Which 
climate smart agricultural technologies are more adopted and why must be answered?  
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