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1. Background of the study 4 

One of the major environmental problems faced by the modern world today is climate change 5 

(Khan et al., 2020). Agricultural production risks, such as climate change, are dominant in 6 

developing nations with most farmers in these countries experiencing them, even though the major 7 

origin and implications might be different across nations (Hammer et al., 2014).  Agricultural 8 

production activities in Africa, as opined by Kurukulasuriya and Mendelsohn, (2008) and 9 

supported by Adimassu et al., (2014), are mainly more susceptible to climate change in comparison 10 

with other socio-economic factors. As posited by IPCC, (2014), global mean surface temperature 11 

could rise by up to 4.8oC by the end of the 21st century and precipitation is likely to change 12 

depending on latitude. Changes in climate have resulted into temperature rise, rainfall variability, 13 

and increased occurrences of disasters such as floods and droughts (Boonwichai et al., 2018 and 14 

Boonwichai et al., 2019).  15 

 16 

Climate is one of the most important factors in agricultural production, which could directly or 17 

indirectly influence the productivity since climate is linked to physiological processes. Climate 18 

change may have both positive and negative impacts on the quantity and quality of agricultural 19 

productions, depending on location, climate zone, and crops. Smallholder farmers in SSA are 20 

likely to be more susceptible to climate change, most especially due to increasing incidence of 21 

poverty, inadequate technological advancement and over-reliance on rain-fed agriculture (Mulwa 22 

et al., 2017). In these regions including South Africa, people remain largely dependent on 23 

agricultural productivity and other natural-resource-based strategies which are vulnerable to rising 24 

temperatures and unpredictable rainfall patterns (Iiyama et al., 2008; Call et al., 2019). South 25 

Africa is recognized as one of the African countries very vulnerable to climate change (Huq and 26 

Ayers 2007, Ojo and Baiyegunhi, 2020a). The present research, as part of a more recent strands of 27 

adaptation research, seeks to investigate actual adaptations at the farm level, as well as the driving 28 

factors (Pagliacci et al., 2020, Wheeler, et al., 2020). Based on the case of farmers in South Africa, 29 

this paper captured the extent of farmers’ perceptions of climate change and the types of 30 

adjustments they have made in their farming practices in response to these changes. 31 
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According to the National Development Plan (NDP) report (2011), most of the smallholding 32 

farmers in South Africa are engaged in dry and partial-dry agricultural land that has risks of low 33 

and unreliable rainfall. The NDP reported that irrigation schemes reduce the risks of dryland. The 34 

National Development Plan (NPC 2011), again states that without major policy interventions, the 35 

rural farming communities could continue to decline owing to land degradation. As pointed out in 36 

the World Bank (2009) report, raising the agrarian production nationwide leads to improved global 37 

monetary development. However, at present, climate change has become a threat to justifiable 38 

financial development (World Bank, 2009). The report indicated that the effect of climate change 39 

has been viciously upsetting economic growth of South Africa in the agricultural sector.  40 

 41 

According to the World Bank report (2009); South Africa is marginally poor, and its economy is 42 

highly depending on agriculture which had failed to meet up with the rising food demand because 43 

of negative effects of climate changes on agricultural production. Cousins (2011) indicated that 44 

the blanket approaches that assume homogeneity amongst smallholder farmers will remain 45 

ineffective. As further posited by Cousins (2011) farmers’ engagement in small-scale irrigation 46 

schemes are diverse and follow different livelihood strategies that are often complex. According 47 

to DEA (2013) report; during the last five decades, the mean average temperature in South Africa 48 

has been increasing gradually by 1.5 times the observed global average of 0.65oC. Maximum and 49 

minimum temperatures have increased across the country, and rainfall has shown high inter-annual 50 

variability and a smaller number of rain days almost everywhere in the country, especially during 51 

the autumn months (DEA, 2013). Participation in on-farm demonstration increases farmers’ 52 

practical knowledge of the agronomic practices and sources of information, as they are offered the 53 

opportunity to engage in on-farm trials which improve their farm management skills. In the same 54 

vein, farmers who received other agricultural-related training such as farm financial management 55 

had a higher propensity to adopt and use diverse climate change adaptive capacity than farmers 56 

who did not receive such training. The degree of impact from climate change on agricultural 57 

production depends on the adaptability of each location.  58 

 59 

There is unlimited empirical evidence concerning the determinants of households’ perception 60 

decisions (Sofoluwe et al., 2011; Below et al., 2012; Hitayezu et al., 2017). A few studies have 61 

examined what drives discrete choices of adaptation by investigating the factors that affect the 62 
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option of whether to adapt (Deressa et al., 2011; Mulwa et al., 2017) or various but mutually 63 

exclusive adaptation choices (Gbetibouo et al., 2010; Waibel et al., 2018) or the probability of one 64 

household carrying out multiple adaptation measures (Piya et al., 2013). Other studies have 65 

addressed what influences the depth of adaptation, i.e. how many adaptation practices were 66 

implemented by individual households (Below et al., 2012; Gong et al., 2018). The majority of 67 

these studies focus on rural communities in Africa (Bryan et al., 2013; Deressa et al., 2009; 68 

Gbetibouo et al., 2010). However, existing empirical literature regarding the linkage among 69 

agricultural climate change perception, adaptation strategies and impact of on-farm demonstration 70 

training on level of adoption adaptation strategies has not been extensively examined with the 71 

exception of (Mulwa et al., 2017; Ojo and Baiyegunhi 2020b) but, the study failed to consider 72 

impact of on-farm demonstration on intensity of adoption of climate change adaptation strategies. 73 

However, it was against this backdrop that this study examined the smallholder farmers’ 74 

perception, adaptation strategies and impact of on-farm demonstration participation on intensity 75 

of climate change adaptation strategies in the study area.  76 

The major hypothesis is that farmers adapt to perceived climate change and variability. From a 77 

policy perspective, the contribution of this study is in threefold. First, it is determined whether the 78 

climate has changed, whether the smallholder farmers perceive climate change and variability, and 79 

what characteristics distinguish farmers who perceived changes from those who did not. Second, 80 

it examines the determinants of the adoption of climate change adaptation strategies. Finally, it 81 

assesses the impact of participation in on-farm demonstration training on the number of adaptation 82 

strategies adopted by farm households. Not all of the farmers who perceived climate change will 83 

respond by taking adaptation measures. Here it is argued that farmers who perceived climate 84 

changes and responded share some common characteristics. Therefore, there is a need to 85 

understand the reasons underlying their response (or failure to respond for those who did not 86 

adapt). Furthermore, adaptation to climate change requires farmers to choose from among a set of 87 

adaptation options (practices and technologies) available in their region. 88 

Identifying the variables explaining why farmers choose adaptation options in response to global 89 

environmental distress is crucial and can serve as a guide to policymakers on ways to promote 90 

farm households' adaptive capacity, by identifying target variables that improve the use of effective 91 

climate change adaptation measures. Understanding the link between participation in on-farm 92 
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demonstration training and climate change adaptation strategies will serve as a benchmark for 93 

future research and reference point for policymakers in devising the appropriate adaptation policies 94 

to facilitate rural communities in sustaining their livelihoods against future climate-related risks. 95 

 96 

2. Conceptual and empirical framework 97 

This study improves on double-hurdle approach to the determinants of climate change perception, 98 

adoption of adaptation strategies and intensity of adoption of climate change adaptation strategies 99 

among smallholder farmers in the study area. The resulting “triple-hurdle model” examines the 100 

determinants associated with: (1) decision of climate change perception (CCP); (2) adoption of 101 

climate change adaptation strategies CCAS); and (3) the decision of intensity of adoption of 102 

climate change adaptation strategies. A probit model was employed for both first and second stages 103 

while poisson endogenous treatment effect regression model was employed in the third stage to 104 

estimate the impact of on-farm demonstration on intensity of climate change adaptation strategies. 105 

The triple-hurdle model was then applied to estimate the smallholders’ perception, adoption and 106 

intensity of adoption of climate change adaptation strategies. To develop a foundation for the 107 

triple-hurdle model, the study began by outlining the double-hurdle approach. Past studies have 108 

theorized that both perception and adoption of climate change adaptation strategies are influenced 109 

by household characteristics, institutional factors (Hitayezu et al., 2017). The framework of 110 

double-hurdle model to incorporate a first stage perception of climate change based on the same 111 

set of explanatory variables determining adoption and level of adoption of climate change 112 

adaptation strategies.  113 

Assuming the error terms in the three equations are uncorrelated conditional on all covariates, the 114 

standard errors from separate estimations are also valid for conducting statistical inference. If the 115 

conditionally uncorrelated errors assumption does not hold, coefficient estimates from separate 116 

regressions will be biased. Testing for conditionally uncorrelated errors follows the same method 117 

as the Heckman test for selection bias (Wooldridge 2010), except in the case of this study, it 118 

becomes a three-step process. Though not technically necessary for identification, it is standard to 119 

impose at least one justifiable exclusion restriction when estimating the second stage. The null 120 

hypothesis that the first and second stage errors are conditionally uncorrelated is tested using the 121 

standard t-statistic for the coefficient estimate on inverse mill ration (IMR). If the coefficient 122 
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estimate is statistically significantly different than zero, we reject the null hypothesis and the model 123 

must be re-estimated to conduct valid inference (De Luca and Perotti 2011). If we fail to reject the 124 

null, we re-estimate second stage parameters excluding IMR1. A probit model of CCP and CCAS 125 

for selection equations are estimated using a function of explanatory variables that are likely also 126 

determine CCAS intensity, vis-a-vis one or more exclusion variables. The Inverse Mills Ratio 127 

(IMR) predicted from the first-stage probit regression is added as a regressor to account for the 128 

selectivity bias in the second hurdle. Following Feder, Just and Zilberman (1985), CCP can be 129 

defined as the stage at which a household perceives changes in climatic conditions. The underlying 130 

latent variable that captures the true farmers' socio-economic characteristics is hypothesized to 131 

determine the probability of CCP by a smallholder farmer. The regression equation 1 defines the 132 

latent variable *

iCCP : 133 

*

i i iCCP Z e     (0,1)ie N  (First hurdle)    (1) 134 

and, 1iCCP  if 0* iCCP  135 

 0iCCP  if 0* iCCP  136 

where
iCCP is a categorical variable that takes the value of 1 if a smallholder farmer perceives 137 

climate change and 0 otherwise.   is a vector of parameters to be estimated. According to 138 

Wooldridge (2002), a probit model of CCP which follows random utility is expressed as: 139 

        Pr( 1| , ) ( , )i i i iCCP Z Z e                                                                  (2) 140 

where, 
iCCP  equals 1 for households that perceives climate change and 0 otherwise; 𝑍𝑖 represents 141 

vector of independent variables; , vector of parameters to be estimated; Φ, standard normal 142 

cumulative distribution function; ei  is a random error term hypothesized to be distributed normally 143 

with unit variance σ2   and zero mean. 144 

In the second stage, the generated sample selection term IMR1 from the probit model (first hurdle) 145 

to account for potential selectivity bias is then used as an exogenous variable in the adoption of 146 

CCAS (Wooldridge, 2002). The second-stage equation is expressed as: 147 

( / 1) ( , )i iE CCAS CCP f Z        (Second hurdle)   (3) 148 
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where CCP is the observed response on CCAS, E is the expectation operator; Z is a vector of the 149 

household characteristics;   is a vector of parameters to be estimated;  is the IMR which 150 

accounts for sample selection bias in the probit model; and  is the associated parameter to 151 

estimate. 152 

The IMR can be calculated as 
( ( , ))

( )

i

i

h Z

Z

 





 153 

where, (.) is the normal PDF; and  is the CDF. Therefore, CCAS can be expressed as follows: 154 

,'*

iiii ZPI     ),0( 2Ni        (4) 155 

where i  is a random error term with zero mean and variance 2 ; and CCAS* is the observed 156 

response on CCAS )1( CCP , in which case *

iCCAS CCAS . The probit model of Equation (2), 157 

with the inclusion of λ, gives consistent estimates, accounting for selectivity bias (Greene, 2003). 158 

In estimating the determinants of intensity of CCAS, a poisson model was employed. The Poisson 159 

model is the simplest and perhaps the most common method for modelling counts variables 160 

(Cameron and Trivedi, 1998). Poisson regression is used in this study because diagnostic tests 161 

revealed absence of over dispersion and under dispersion. Following Wooldridge (2002) and 162 

Greene (2008), the density function of the Poisson regression model is given by 163 

)1(

)(
)Pr(

)(

i

Q

i

q

Q

qe
qQ




 

        (5) 164 

 165 

Where; )(  i

i XExp and iQ =0,1,…, i is the number of CCAS used by the farmers = a X  166 

vector of predictor variables and   and   are the parameters to be estimated. 167 

Greene (2003; 2008) show that the expected number of events 𝑦𝑖 (in this case, number of 168 

adaptation strategies adopted by the farmers) is given as; 169 

  )(}/{  i

iiiii XExpqQVarqQ   for ni ,...,2,1  170 
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To account for selection bias in the third stage of the T-H model, the predicted IMRs from stages 171 

one and two are used as explanatory variables in the poisson regression model. Also, imposing at 172 

least one exclusion restriction is advised. The null hypothesis that the second and third stage errors 173 

are conditionally uncorrelated can be tested using the standard t-statistic for the coefficient 174 

estimates on IMR1 and IMR2, and if we fail to reject the null hypothesis, the predicted IMR is 175 

dropped and the results is re-estimated. The mathematical and detailed equation of the T-H model 176 

can be found in (Burke et al., 2015).  177 

 178 

This study followed the economic theory of farm households involved mainly in agricultural 179 

production while participating in on-farm plot demonstration training. The time allocation 180 

framework replicated the one suggested by Huffman (1991) and applied in studies such as Danso-181 

Abbeam et al. (2017) and Issahaku and Abdul-Rahman (2019). The central notion of this 182 

framework stemmed from the fact that farm households maximize their utility by allocating their 183 

time to three key activities; farm work, participation in on-farm demonstration training, and 184 

leisure. This utility maximization is subject to budget constraint and that the households produced 185 

goods and purchased products are perfect substitutes. The household time constraint can be 186 

specified as
f nT T T L   , where , ,f nT T and L denote time allocated to farm production 187 

activities, on-farm demonstration training, and leisure, respectively. However, some farm 188 

households may not engage in any on-farm demonstration training for some years, and we imposed 189 

a negative constraint on the on-farm demonstration training such that 0nT .  190 

In observational studies like this, treatment selection is usually affected by subject characteristics. 191 

This is because baseline characteristics of the treated group may be systematically different from 192 

those of the control group. Therefore, in estimating the causal effect of the treatment on the 193 

outcome variable of interest, one must account for the systematic differences between the treated 194 

and the control group. Usually, farmers make voluntary decisions to participate in on-farm training 195 

based on their productive resources, demographic characteristics leading to self-selection bias. In 196 

this case, farmers’ participation in on-farm training cannot be randomly assigned. When 197 

households are not randomly assigned into treatment, their decisions to engage in on-farm training 198 

may be influenced by differences in their observed and unobserved characteristics, which may 199 

correlate with the outcome variables of interest. Another significant econometric challenge in 200 
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impact evaluation is the issue of missing data for the counterfactuals. There is missing data because 201 

outcomes can only be observed in one state at a time, and the counterfactuals for each group cannot 202 

be observed (Wooldridge 2003).  203 

Historically, many applied researchers have relied on the use of two main econometric frameworks 204 

namely; instrumental variable (IV) and propensity scores approach to account for confounding 205 

covariates and the issue of counterfactuals (Braitman and Rosenbaum 2002; Danso-Abbeam and 206 

Baiyegunhi 2018). Propensity score approaches such as propensity score matching, regression 207 

adjustment, inverse probability weighting only accounts for observed heterogeneity while IV 208 

methods account for both observed and unobserved heterogeneity. The study relies on Poisson 209 

regression with endogenous treatment model within the framework of IV. The model uses a count 210 

outcome with a Poisson distribution of the error term to estimate the causal effect of participating 211 

in on-farm demonstration training on the adoption of climate change adaptation strategies. 212 

However, as a robustness check, a doubly-robust estimator, augmented-probability-weighting-213 

regression-adjustment (AIPW) (a combination of regression adjustment and inverse probability 214 

weighting estimators) (Rosenbaum and Rubin 1983; Austin and Mamdani 2006; Austin 2011) is 215 

also employed.  216 

The principal interest is to measure the average treatment effect on the treated (ATT). Nakano et 217 

al., (2018) defined ATT as the average difference in potential outcomes of non-farm workers with 218 

or without participation in non-farm work. Following Imbens and Wooldridge (2009) and Adolwa 219 

et al. (2019), the ATT can be expressed as; 220 

  )1/()1/(1/ 0101  jjjjjjj TYETYETYYEATT      (6) 221 

Where E denotes the expectation operator, jY1 is the potential outcome for farm households who 222 

engage in non-farm work, jY0 is the potential outcome of farm households who do not engage in 223 

non-farm work. jT represents the treatment indicator which takes the value 1 if households 224 

participate in on-farm demonstration and 0 otherwise. One critical challenge in estimating the ATT 225 

is unobserved counterfactual situations. Thus, it is virtually impossible to observe the potential 226 

outcomes of farmers who participated in on-farm training had they not participated. Replacing this 227 

unobserved counterfactual with the potential outcomes of the farm households who did not 228 
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participate in on-farm demonstration is also not viable as it is likely to result in biased estimates 229 

(Nakano et al., (2018). Consequently, this challenge was addressed by employing a primary model 230 

endogenous Poisson treatment effect as described by Terza (1998) and the estimator AIPW 231 

proposed by (Cattaneo et al., 2013). The following subsections briefly describe the two models. 232 

2.1 Poisson endogenous treatment effect model for a count outcome: Third hurdle 233 

As illustrated above, this study is interested in whether participation in on-farm demonstration has 234 

any causal effect on the number of adaptation strategies adopted by farm households. Participating 235 

in on-farm demonstration is certainly not exogenous. Thus, on-farm demonstration is considered 236 

as an endogenous binary-treatment variable jT . jT  is endogenous if treatment assignment is not 237 

random, but some unobservable covariates are affecting jT  that also affect the outcome variable of 238 

interest jY . Since the adoption of climate change adaptation strategies (outcome variable) is a count 239 

event taking the values, nj YY ......,2,1,0  and farm households decide whether to adopt a number 240 

of them or none, the dummy is defined jS that represents a sample selection rule. In this case, the 241 

jS  is missing for a proportion of the sample and the selection rule is defined such that 1jS  when 242 

jY  is observed and 0jS  when jY  is missing. Following Miranda (2004), the issue of 243 

endogeneity and sample selection was addressed using the Poisson model with endogenous 244 

treatment.12 The Poisson endogenous treatment model considers the case where selection dummy 245 

jS  is assigned the value 0 when a farm household adopted none of the climate change adaptation 246 

strategies ( jY  is missing) and 1 when farm household adopted a number of the climate change 247 

adaptation strategies ( jY  is observed). The endogenous treatment and the selection dummies can 248 

be generated according to the continuous latent variables as; 249 

                                                           
1
 The endogenous –treatment Poisson regression model in this study was fitted by Stata command ‘etpoisson’ using 

maximum likelihood estimator as described by Terza (1998). Terza (1998) categorized the model fit by etpoisson as 

endogenous-switching model that involves a binary switch that is endogenous for the outcome as in the case of this 

study. The model fit by the etpoisson command allows ATE and ATT to be estimated.  

2
 The estimation of endogenous switching count model uses full information maximum likelihood (FIML) and it is 

fitted by the Stata command espoisson. Miranda (2004) describes the endogenous switching model for count 

models. 
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jij ZT  *            (7) 250 

jjjj TXS  *           (8) 251 

with )0(1),0(1 **  jjjj SSTT . The outcome model which follows a Poisson distribution can 252 

be specified as; 253 

  











1!)exp(

00

SifY

Sif
Y

j

Yj j 
       (9) 254 

Thus, )exp(),,/( jjjjjjj TXTXYE                    (10)  255 

jX denotes the vector of covariates use to model the count outcome, jz are the covariates for 256 

binary treatment, and the j and j  are the error terms for the outcome and the treatment, 257 

respectively. The two error terms are bivariate normal with mean 0 and covariate matrix;  258 










1

2




           (11) 259 

The covariates jX  and jz are exogenous, thus, they are not related to the error terms. 260 

Conditional on j , j is normal with mean  /j  and variance )1( 2 . In estimating the 261 

ATE and ATT, the endogenous-treatment Poisson regression model is nested in a potential   262 

outcome model. The potential outcome model specifies what each individual farm household  263 

would obtain in each treatment level. A potential outcome model that nests the endogenous 264 

Poisson regression can be specified as follows; 265 

)exp(),/( 000 jjjjj XXYE           (12) 266 

)exp(),/( 111 jjjjj XXYE                      (13) 267 

where jY0 is the outcome of the non-participant farm households in on-farm demonstration and jY1268 

is the outcome of the participants farm households. The formulation of equations (7 and 8) allows 269 

the coefficients for the non-participants ( 0 ) and participants (
1 ) in on-farm demonstration to 270 

differ.  271 
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From equations (12 and 13), both jY0 and jY1  are not observed concurrently, only one at a time. 272 

Hence, this study observes; 273 

jjjjj YTYTY 01 )1(                     (14) 274 

The vector of error terms ),,( 10


jjj  are estimated from a mean zero trivariate normal 275 

distribution with covariance matrix; 276 

 

















1

2

2





                  (15)           277 

where j is error term from equation (7) and the parameters   and  are defined earlier. The 278 

parameter   is the covariance between the two potential outcomes. The ATE is the difference in 279 

means between the two potential outcomes and can be specified as; 280 

 ),/(()( 0101 jjjjjj XZYYEEYYE                  (16) 281 

The ATT is the difference in potential means of the treated subpopulation with and without 282 

treatment and can be specified as; 283 

  1/1),,/()1/( 0101  jjjjjjjjj TTXZYYEETYYE               (17) 284 

 285 

2.2 Augmented-probability-weighted regression adjustment - AIPW 286 

As posited by Smale et al., (2018), the AIPW has been termed the “efficient influence function” 287 

(Cattaneo, 2010); the IPWRA is also known as Wooldridge’s “doubly robust” estimator. AIPW 288 

and IPWRA estimators can be more efficient than RA (Cattaneo, 2010; Glynn and Quinn, 2010; 289 

Cattaneo et al., 2013). A recent example of the application of the binary AIPW estimator to analyze 290 

agricultural innovation in Malawi is found in Haile et al. (2017). Esposti (2017) applied the 291 

multivalued, Cattaneo (2010) model to evaluate the impact of the 2005 reform of the common 292 

agricultural policy on farm production choices using treatment intervals. AIPW serves as a credible 293 

remedy for potentially biased estimates (ATT) that might emanate from propensity score models 294 

in the presence of misspecification (Vansteelandt et al. 2007; Wooldridge 2007). Cattaneo et al., 295 



12 

 

2013 noted that the AIPW estimates would be consistent even if the treatment/outcome is 296 

misspecified, but not both. Thus, the AIPW can ensure consistent results as it permits the treatment 297 

and the outcome model to account for misspecification due to its double-robust property.3  298 

Rosenbaum and Rubin (1983) first described propensity score weighting methods, where the 299 

probability of receiving treatment was expressed as; 300 

 ( ) Pr( 1/ ) ( ) ( / )i iP x T x F h x E T x                    (18) 301 

Where x  represents a vector of observed characteristics and F  is a cumulative distribution 302 

function. Following Manda et al. (2018), the inverse weights for the treated group is equal to 1 303 

while that for the control group can be defined as 
ˆ ( )

1 ( )

p x

p x  and the propensity score weight can be 304 

expressed as; 305 

ˆ ( )
(1 )

1 ( )
i i i

p x
w T T

p x
  


                   (19) 306 

Where p̂ are the estimated propensity scores.    307 

For the regression adjustment (RA) model, the ATT can be expressed as; 308 

1 [ ( , ) ( , ]RA A i A A N NATT n T r x r x                    (20) 309 

Where An  is the non-farm work participating sub-sample, ( )ir x is the regression model for on-farm 310 

demonstration participants ( A ) and non-participant ( N ) regressed on observed characteristics ix  311 

and parameter estimates ( , )i i i   . The regression adjustment averages the predicted outcomes 312 

to calculate the effects.  313 

The doubly-robust estimator, AIPW which closely resembles IPWRA is the combination of RA in 314 

equation (20) and IPW in equation (19) can now be expressed as; 315 

1

1

[ ( , ) ( , )]
n

AIPW A i A A N N

i

ATT n T r x r x    



                   (21) 316 

                                                           
3
 The mathematical equations of estimating AIPW can be found in (Glynn and Quinn, 2010).  
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Where ),( ***

AAA   is developed from a weighted regression process; 317 

)ˆ,(ˆ/)(
,

min
**

**



XpXYT

N

ii

AAii

AA




                  (22)  318 

and ),( ***

NNN   is gotten from the weighted regression process; 319 





N

ii

NNii

NN

XpXYT )ˆ,)(ˆ1/())(1(
,

min
2**

**



                (23)  320 

Comparing ATT based on RA, ATT obtained from AIPW is similar, except that different weighted 321 

estimates are used for the regression parameters (Cattaneo et al., 2013).  322 

 323 

3. Research methodology 324 

Both qualitative and quantitative methods were used to collect data on smallholder farmers’ choice 325 

of adaptation strategies towards climate change. According to Tewksbury (2009), qualitative 326 

research was used to seek understanding on the decisions of the smallholder farmer’s adaptation 327 

strategies towards climate change by looking at first-hand experience to provide data that is 328 

meaningful to the researcher. The quantitative research method mainly uses numerical analysis to 329 

reduce data into numbers or percentages unlike qualitative method (Crossman et al., 2013). This 330 

method uses close-ended questionnaire. In this study, the quantitative method was used to compare 331 

responses across the participants because all participants were asked identical questions in the 332 

same order to allow for significant comparison of responses across participants and study areas 333 

(Crossman, 2013).  334 

The survey questionnaire was prepared in English and then translated to respective local languages 335 

(IsiZulu, Setswana, South Sotho and Tshivenda) so that the field workers get accurate information 336 

from the farmers since these languages are used by all of the residents/farming communities in 337 

these areas. A multistage stratified random sampling procedure where a combination of purposive 338 

and random sampling procedure were used to identify and select sample of the districts and 339 

smallholder farmers, respectively. Data was collected from 183 participants from nine (9) selected 340 

District Municipalities, namely; Lejweleputswa and Thabo-Mofutsanyane (Free State), 341 

eThekwini, uGu, iLembe and Amajuba (Kwa-Zulu Natal), Mopani and Vhembe (Limpopo) and 342 
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Dr Kenneth Kaunda (North West) in South Africa. A purposive selection technique was based on 343 

the prevalence and susceptibility of the districts to climate related problems and also these districts 344 

were recently declared drought disaster areas. Then, a sample household was selected using simple 345 

random sampling (SRS) with probability proportional to size technique. A simplified formula 346 

provided by Cochran, (1977) was used to determine the required sample size at 95% confidence 347 

level, 5% degree of variability and 8% level of precision. Accordingly, 183 samples of households 348 

out of 200 were selected for inclusion in the analysis. The primary data used for the study was 349 

obtained from a cross sectional survey of the Land Reform Beneficiaries (LRB) (smallholder 350 

farmers) in four (4) Provinces, namely: Free State, Kwa-Zulu Natal, Limpopo and North West, 351 

which made up the study area.  352 

The field work for this study was carried out from November 2017 to June 2018. The initial field 353 

activity was the investigation survey of the study area to establish background information on agro 354 

ecological condition, livelihood activities, land use systems, natural resource base, and 355 

development activities being implemented in the context of climate change variations. Interactions 356 

were carried out with government officials working in the districts and selected individuals having 357 

knowledge of their localities to enrich the investigation survey. In this exercise, issues related to 358 

climate change/ variability incidences, development interventions on agriculture and natural 359 

resources management/environmental protection activities designed to avert problems arising 360 

from climatic variability were points of concern. The overall activity in this regard helped the 361 

researcher to establish a good picture of the study areas and prepare relevant questions in each data 362 

collection tool such as questionnaire.  363 

 364 
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 367 

 368 

Figure 1. The map showing district municipalities for the study areas in South Africa 369 

 370 

 371 

 372 

4. Results and discussion 373 
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The descriptive statistics of the smallholder farmers in the study area 374 

This section reports the description of both dependent and the explanatory variables included in 375 

the model estimations. The dependent variables are the adoption and intensity of adaptation 376 

strategies employed by smallholder farmers. This study pulls its empirical specification from the 377 

studies of determinants of adoption of climate change adaptation strategies (Abdulai and Huffman 378 

2014; Kibue et al. 2016; Mulwa et al., 2017; Ojo and Baiyegunhi 2020a). The description of the 379 

explanatory variables and their respective means are presented in Table 1. The socioeconomic 380 

characteristics such as gender, age, educational attainment, household size, and number of years 381 

in crop farming were included in the model to control for household heterogeneity. These variables 382 

have been hypothesized to potentially influence the adoption and intensity of adoption of 383 

adaptation strategies. Out of the 183 responses, about 61% were males, while 39% were females. 384 

The average age of the sampled farmers was 43 years, suggesting that the majority of our farmers 385 

in the sample were in the productive age bracket. The majority (about 60%) of the respondent had 386 

attained at least primary level of education. About 32% of the smallholder farmers are beneficiaries 387 

of the land reforms 388 

 389 

Table 1: Definitions and summary statistics of variables used in the model  390 

Variables Description of Variables Mean  Std. Dev. 

Dependent variables 

CC perception 1 = Perceived CC, 0 = did not perceive CC 68  
Adoption of CCAS 1 = adopter, 0 = non-adopter of CC AS 90  

Number of CCAS Numbers of CC AS adopted by farmers 5.95 4.20 

Explanatory variables    

Age Age of HH head (years) 43.83 12.68 

Gender 1 if HH head is male, 0 if female 0.61  
Educational level Years of education of HH head  59.96 52.55 

Farming experience Years of household experience in farming 10.54 4.71 

Access to extension 1 if HH has access to extension, 0 if otherwise 0.33  

Non-farm income 1 = if HH engages in any off-farm activity 0.38  
Credit 1 if HH has access to credit, 0 if otherwise 0.45  

Land reform 
1 = beneficiary, 0 = non- beneficiary of Land 

reform 0.32  

Access to training 
1 if HH has access to agric. training, 0 if 

otherwise 0.48  

ICT_Radio 
1 if HH has access to information through 

Radio, 0 if otherwise 0.48  
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ICT_Mobile phone 
1 if HH has access to information through 

mobile phone, 0 if otherwise 0.36  

ICT_Television 
1 if HH has access to information through 

Television, 0 if otherwise 0.25  

ICT_Neighbour 
1 if HH has access to information through 

Neighbour, 0 if otherwise 0.50  

ICT_Family members 
1 if HH has access to information from family 

members, 0 if otherwise 0.36  
Access to irrigation 1 if HH has access to irrigation, 0 if otherwise 0.57 

 
 391 

The intensity of the adaptation strategy is presented in Table 2. Adoption of climate change 392 

adaptation strategies ranges between one and eight, though about 20% of the households did 393 

nothing in response to the changing climate. Therefore, about 80% of the respondents had 394 

undertaken measures to hinder climate change impacts. The mean number of adaptation strategies 395 

used is 3.6, with a standard deviation of 2.22. From the Table, 13.67% and 9.3% of the of the 396 

smallholder farmers adopted one and two of the adaptation strategies, respectively while about 397 

35% of them, adopted 3 – 5 of the climate change adaptation strategies. Finally, 6– 8 of the 398 

adaptation plans were employed by about 23% of the entire population under study.  399 

Table 2: Intensity of climate change adaptation strategies among smallholder farmers 400 

Number of Strategies  Frequency Percentage 

0 35 19.13 

1 25 13.66 

2 17 9.29 

3 15 8.2 

4 24 13.11 

5 24 13.11 

6 19 10.38 

7 20 10.93 

8 4 2.19 

               Total 183 100 

The average number of adaptations is 3.6 and standard deviation is 2.401 

 402 

Determinants of adoption of climate change perception 403 

The study of Ogundari and Abdulai (2014) shows that a better educated and healthier workforce 404 

are more likely to create and adopt new technologies. Education is hypothesized to positively 405 
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increase farmers’ perception of climate change. Empirical studies have posited that smallholder 406 

farmers’ perceptions of climate change and their adaptive strategies could be linked to levels of 407 

farmers’ education (Roco et al., 2015; Ojo and Baiyegunhi, 2020c). Improved education enhances 408 

awareness of potential benefits and willingness to participate in local natural resource management 409 

and conservation activities. As revealed in Table 3, the coefficient of education of the head of 410 

household is positive and statistically significant in influencing climate change perception of 411 

smallholder farmers in the study area.  The implication of the results shows that as the educational 412 

level of a household head increases the probability of perceiving climate change equally increases. 413 

This is in accordance to the study of Gaurav and Singh (2012), who found that farmers’ exposure 414 

to education and training increases their propensity to receive and process information, ultimately 415 

improving their cognitive ability. This result affirms the findings of Asrat and Simane, (2018) on 416 

farmers’ perception of climate change and adaptation strategies in North-West Ethiopia.  417 

Proximity to market is an important factors of adaptation, presumably because the market serves 418 

as a means of exchanging information with other farmers. As posited by Madisson, (2007) and 419 

confirmed by Sam et al., (2020), the distance to nearby markets increases the adaptive capacity to 420 

drought risk.  The coeficient of distance to market is psoitively signed and statistsically significant 421 

in influencing the perception of smallholder farmes about climate change. As study by Maddison 422 

(2006) notes that long distances to market centres decrease the likelihood of farm adaptation and 423 

that market places provide important avenues for farmers to congregate and share information. In 424 

addition, Nyangena (2007) shows that in Kenya, distance to market places has a negative and 425 

significant effect on the adoption and use of soil and water conservation technologies. 426 

Membership of smallholder farmers in farm based organization is positively signed and 427 

statistically significant in influencing the likelihood of farmers’ climate change perception. This 428 

implies that membership in farmer-based organization increases farmers’ probability of perceiving 429 

the effect of climate change. This validates the results of Baiyegunhi et al., (2018), who affirms 430 

that farmers obtain lots of information in relation to innovations, production and marketing through 431 

social network and farmer-to-farmer networks. The result of this study also corroborates the 432 

studies of Ghimire and Huang (2015); Baiyegunhi and Hassan, (2018); Ojo and Baiyegunhi, 433 

(2020b) identifying that information dissemination about new technologies and climate change 434 

information are better shared among farmers in associations. 435 
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According to Boyce et al (2005) land reform is defined as “the reallocation of rights to establish 436 

a more equitable distribution of farmland” and further argue that it can be a strategy which is 437 

powerful in the promotion of the development of economy, its transformation and environmental 438 

quality. On the other hand, Adams (2000) define land reform as the “redistribution and 439 

confirmation of rights in land for the benefit of the poor”. It has become a tendency across the 440 

world that smallholder farmers grow larger inputs per hectare than large farms. The result of the 441 

study shows that land rights is psoitively signed and statitistcially signigificant in lnfluencing the 442 

perception of smallholder farmers to perceive climate change effect. This could be attributted to 443 

the fact that when farmers have secured land rights, they tend to be more cautious about damaging 444 

the environment, they protect it and improve soil fertility, the quality of water as well as 445 

biodiversity. Farmers noted that the lack of use of the crop lands was a hindrance to adopting 446 

innovative livelihoods practices for coping with the changing climate. The small land currently 447 

used for agricultural production is inadequate for dealing with the multiple livelihood risks 448 

including climate variability. Ownership of physical assets such as cattle and total arable land 449 

was expected to positively influence perception of climate change. This is because the 450 

availability of more land for cultivation would allow farmers to grow more crops and 451 

generate surpluses, which would support diversification as a means of adapting to the effect 452 

of climate change. Studies by Boyce et al. (2005); Acquah and Onumah (2011) and Thinda et al 453 

(2020)have identified insecure property rights and insufficient access to inputs as the major 454 

barriers inhibiting farmers’ ability to adapt to climate change impacts.   455 

Empirical studies have identified drought as one of the major challenges of farming in sub-Saharan 456 

African countries. The coefficient of drought is positively signed and statistically significant in 457 

influencing the probability of farmers’ perception of climate change effect in the study area. This 458 

implies that as prolonged incidence of drought in the study area increases the likelihood of farmers’ 459 

climate change perception increases. This result coincides with the study of Atinkut and Mebrat 460 

(2016) who posited that noticing changes in the average rainfall and temperature increases the 461 

chance of using different adaptation strategies.  462 

The lack of access to early warning information and unreliability of seasonal forecasts are also a 463 

barrier to promoting action. The variable ICT_radio is positive and statistically significant in 464 

influencing the probability of farmers perceiving the negative effect of climate change. It is 465 
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however unclear whether this is due to unavailability of and lack of regular access to early warning 466 

information or it is mere disbelief. With regards to lack of access to early warning information. 467 

Better climate and agricultural information through radio helps farmers choose strategies that 468 

enable them to adapt well with changes in climatic conditions (Baethgen et al., 2003). 469 

 470 
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Table 3: Estimates of perception, adoption and intensity of adoption of CC adaptation strategies- Triple-hurdle model 471 

 PERCEPTION ADAPTATION NOS OF ADAPTATION 

 Coef. Std. Err. P-value Coef. Std. Err. P-value Coef. Std. Err. P-value 

Socioeconomic characteristic          

Age 0.003 0.020 0.899 -0.004 0.014 0.804 -0.013 0.005 0.005*** 

Gender 0.220 0.369 0.551 -0.513 0.288 0.074* 0.211 0.121 0.081* 

Marital status -0.279 0.678 0.681       
Farm training -0.597 0.492 0.226 0.019 0.345 0.956    
Access to non-farm income 0.401 0.408 0.326 0.838 0.335 0.012** -0.371 0.136 0.006*** 

Educational level 0.301 0.132 0.022** 0.039 0.095 0.681 -0.101 0.040 0.010 

Farming experience    -0.007 0.032 0.818 0.015 0.015 0.306 

          

ICT-TV 0.878 0.636 0.168 0.822 0.410 0.045** 0.229 0.122 0.060* 

ICT-Radio 1.075 0.447 0.016** 0.431 0.388 0.266 -0.357 0.161 0.027** 

Distance to market 0.000 0.000 0.095*       
Access to extension 0.156 0.120 0.192 0.153 0.195 0.432 -0.028 0.026 0.286 

Access to credit  -0.813 0.560 0.147 0.911 0.417 0.029** -0.293 0.150 0.051* 

Beneficiary of land reform    1.640 0.492 0.001***    
Land rights 1.327 0.499 0.008***       
ICT_Mobile phone    1.274 0.286 0.000*** -0.307 0.155 0.048** 

Farm-based organizatn (FBO) 2.228 0.525 0.000*** 0.911 0.417 0.029**    
Experienced flooding -0.117 0.420 0.780 -0.244 0.321 0.446 -0.101 0.122 0.406 

Experienced drought 2.444 0.814 0.003*** -0.600 0.607 0.323 -0.078 0.287 0.785 

Location variables          

Location_LIMP -0.574 0.523 0.272 0.370 0.451 0.413 -0.131 0.147 0.375 

Location_NW -0.483 0.570 0.397 -0.281 0.434 0.518 -0.193 0.119 0.104 

Location__FS -0.815 0.629 0.195 -0.193 0.379 0.610 0.064 0.137 0.642 

IMR1       -0.384 0.218 0.078* 

IMR2       0.820 0.265 0.002*** 

1.On-farm participation       0.663 0.200 0.001*** 
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Constants -4.577 1.277 0.000*** 0.300 0.995 0.763 2.628 0.425 0.000*** 

ICT_Mobile phone       0.179 0.250 0.475 

ICT_Radio       0.217 0.278 0.435 

Access to extension       1.527 0.252 0.000*** 

_Constant       -0.836 0.230 0.000*** 

/athrho       -1.917 0.356 0.000*** 

/lnsigma       -0.680 0.235 0.004*** 

Rho       -0.958 0.030  
Sigma       0.506 0.119  
LR chi2(18) 109.480   63.500      
Prob > chi2 0.000***   0.000***      
Pseudo R2 0.577   0.339  109.480    
Log likelihood -40.217 -40.217  -62.769  0.577    
Wald          
Chi2(1)  28.940         
Prob 0.000***         

***,**&* represent significance level at 1%, 5% & 10%, respectively; FBO means Farm based organization  472 

 473 

 474 

 475 

 476 

 477 

 478 

 479 
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Determinants of adoption of climate change adaptation strategies 480 

From the results of determinants of adoption of climate change adaptation, seven variables 481 

significantly influence the adoption of climate change adaptation strategies. 482 

As pointed out in the study of Kassie et al. (2013) and Simelane (2017), smallholder farming in 483 

South Africa is mostly practiced at the local level by women with a limited access to crucial farm 484 

resources such as land and labor and are faced with discrimination in terms of access to information 485 

and inputs. As revealed in Table 3, the coefficient of gender of the respondents is negative and 486 

statistically significant in infleuncing adoption of climate change adaptation strategeis.  487 

Participation in non-farm income activities as opined by (Fernandez-Cornejo and Mishra, 2007), 488 

has been shown to increase technology adoption though other findings give different opinions. For 489 

example, Diiro (2009) established that farmers without off-farm activities use all the available 490 

labour more intensively on the farm and hence adopt yield-increasing technologies more. The 491 

result of the study shows a positive and statistically significant relationship between non-farm 492 

income and climate change adaptation strategies among the smallholder farmers in the study area. 493 

This implies that as the smallholder farmers participate in non-farm income, there is a probability 494 

of adopting climate change adaptation strategies (Ojo et al., 2019).  495 

Availability of credit services increases their fnancial resources and their ability to meet transaction 496 

costs associated with various adaptation options and allows farmers to purchase necessary inputs 497 

and irrigation facilities (Taruvinga et al. 2016; Rahman et al. 2016).  498 

Many empirical studies (Kibue et al. 2016, Asfaw et al. 2019; Ojo and Baiyegunhi, 2020b) have 499 

documented that supply-side policy variables such as extension services, membership of FBOs, 500 

among others have significant positive effects on farmers' propensity to adopt a number of 501 

adaptation strategies. Interestingly, access to extension, membership of FBO, and access to climate 502 

change information (ICTs) are all positive and statistically significant. The implication of these 503 

results show that increased access to these varaibles increases the probability of msallholder famers 504 

adopting the use of climate change adaptation strategies. This results affirm the findings of Archer 505 

et al. (2007) who posited that failure to implement adaptation strategies and poor agricultural 506 

performances by smallholder farmers in the developing countries is traceable to lack of 507 

information and resources. In the same vein, the result is equally in consonance with the studies 508 
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of Bryan et al. (2013); Mulwa et a., (2017); Danso-Abbeam and Baiyegunhi, (2017), Danso-509 

Abbeam et al., (2020) who also found a positive and statistcially significant infleunce of access to 510 

extension, FBO and accesss to climate change information on adoption of climate change 511 

adaptation strategies.  512 

Determinants of intensity of climate change adaptation strategies 513 

The coefficient estimates for IMR1 and IMR2 are statistically significantly different from zero 514 

under the null hypothesis. Hence, IMR1 and IMR2 were included in the stage 3 estimation and 515 

standard errors were corrected for valid inference. Empirical studies have shown that household 516 

characteristics have a significant effect on adoption of adaptation strategies (Ali and Erenstein, 517 

2016; Denkyirah et al. 2016; Mulwa et al., 2017). Age of the household head significantly affects 518 

the climate change adaptation strategies in that older farmers have more experience in farm 519 

activities and know the production environment better as compared to younger farmers. However, 520 

the result of this study shows that the coefficient of age is negatively signed and statistically 521 

significant in influencing the number of adaptation strategies employed by the farmers. The 522 

implication of the result depicts that as the farmer grows older, the probability of increasing the 523 

adaptive capacity reduces. This could be attributed to the fact that farmers become more risk-524 

averse and are less likely to adopt as they grow old while young farmers are more likely to take 525 

the risk associated with farm innovation technology. The result of the study substantites the 526 

findings of Ghosh-Jerath et al. (2015); Ojo and Baiyegunhi, (2020c) and Rahman et al. (2016) who 527 

acknowledged that younger farmers are more energetic, risk takers, innovative, have better access 528 

to information which enabled them to implement diferent climate change adaptations, while older 529 

farmers prefer to continue their familiar practices. 530 

For resource-poor farmers, the involvement of family members in non-farm activities may reduce 531 

financial constraints, inducing them to use productivity increasing inputs. For example, Diiro 532 

(2009) established that farmers without off-farm activities use all the available labour more 533 

intensively on the farm and hence adopt yield-increasing technologies more. The expected sign of 534 

the relationship between off-farm income and adoption of climate adaptation strategies can be 535 

indeterminate. The coeffcient of off-farm involvement is negatively signed and statistically 536 

significant in influencing the adoption intensity of CCAS amongs the smallholder farmers. The 537 

result of the study shows that as the involvement of farmers in off-farm activities increases, the 538 
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probability of adopting more strategies reduces.   This could be attributed to the fact that the pursuit 539 

of off-farm income by farmers may undermine their adoption of modern technologies  by reducing 540 

the amount of household labor allocated to farming enterprises (Goodwin and Mishra, 2004; Ojo 541 

and Baiyegunhi 2020b). In the same vein, household head that earns off-farm income may have 542 

little time to participate in any agricultural development activities due to the competing needs. 543 

As posited by Archer et al. (2007), failure to implement adaptation strategies and poor agricultural 544 

performances by smallholder farmers in the developing countries is traceable to lack of 545 

information and resources, information on climate change increases the probability of using 546 

different crop varieties as an adaptation strategy against climate change impacts. Furthermore, 547 

farmers can get information on improved farm management practices and innovations from 548 

farmers' organizations and social networks thereby increasing the likelihood of adoption (Abdulai 549 

and Huffman, 2014, Thinda et al., 2020). Better climate and agricultural information helps farmers 550 

choose strategies that enable them to cope well with changes in climatic conditions (Baethgen et 551 

al., 2003, Okello et al., 2014). The results of the study on climate change source of information 552 

(ICT_mobile, ICT_radio and ICT_Television) shows a positve and statistcially significant 553 

relationship the level of adoption of climate change adaptation strategies. This implies that as the 554 

smallholder farmers have access to climate chagne information, the likelihood of adopting more 555 

adaptation strategies increases. This supports the study of Chapman and Slaymaker (2002) who 556 

pointed out that importance of ICTs in facilitating the generation of information required by rural 557 

poor to make better-informed decisions that affect their livelihoods. They, however, opined that 558 

these ICTs must be linked to institutions and external stakeholders that may affect the livelihood 559 

of the rural poor, but most imperatively, they must be enabled to address the specific needs of the 560 

rural poor and be demand-driven. In the same vein, Ospina and Heeks (2012) assert that there are 561 

emerging experiences in rural agricultural communities that show the use of ICTs (such as mobile 562 

phones, community radio and use of television) in disseminating climate change information to 563 

the population. 564 

According to Tizale, (2007), access to credit is an important determinant enhancing the adoption 565 

of various technologies. He concluded that with more financial and other resources at the farmers’ 566 

disposal, they are able to make use of all their available information to change their management 567 

practices in response to changing climatic and other conditions. For instance, with financial 568 
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resources and access to markets, farmers are able to buy new crop varieties, new irrigation 569 

technologies and other important inputs they may need to change their practices to suit the 570 

forecasted climate changes. In the same vein, the results of the empirical analysis from the study 571 

by Thinda et al. (2020b); Ojo and Baiyegunhi (2019); Ojo et al. (2020) confirmed the role of 572 

improved access to information (climate and production) and credit in enhancing farmers’ 573 

awareness, which is crucial for adaptation decision making and planning. Combining access to 574 

extension and credit ensures that farmers have the information for decision making and the means 575 

to take up adaptation measures. 576 

 577 

Table 4: Treatment effects for the adoption of the number of climate change adaptation 578 

strategies – Poisson regression with endogenous treatment effect 579 

Treatment effects Coefficient Std. 

Average treatment effect (ATE) 2.814*** 0.623 

Average treatment on the treated (ATT) 1.940*** 0.388 

 580 

This study estimated endogenous Poisson regression with the inclusion of on-farm demonstration 581 

training among the smallholder farmers for treating the endogeneity problem. The results show a 582 

positive and significant effect on-farm demonstration training. A simple considerable difference 583 

in the average number of adaptation strategies between the participants and non-participants of on-584 

farm demonstartion training in impact evaluation studies is misleading as they usually fail to 585 

control for potential differences in the characteristics between the two groups. The estimate from 586 

the endogenous Poisson regression model can also be inadequate even if not misleading though it 587 

accounts for endogeneity. This is because direct coefficients from the model cannot be considered 588 

as ATT since the issue of missing data (counterfactual scenario) has not been accounted for. To 589 

account for this, the study turned to the results of the causal effects of the participating in on-farm 590 

demonstartion training on farmers' adoption of adaptation strategies using ATE and ATT, where 591 

the Poisson regression with endogenous treatment was used and then complement it with AIPW 592 

as a robustness check. Hence, the estimates from the Poisson are discussed first. ATE and ATT 593 
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were estimated after fitting the Poisson regression with endogenous treatment effects.4 As 594 

indicated in Table 4, the estimated potential outcome means (ATE) of participation in on-farm 595 

demonstartion training on the number of adaptation strategies adopted by farm households is about 596 

2.8 and statistically significant at 1 %.The ATE estimate suggests that an average farm household 597 

in the study area will employ about three more strategies to mitigate the potential effects of climate 598 

change if he participates in on-farm demonstartion training. In the same vein, the conditional 599 

treatment effects which measure the ATT of participating in on-farm demonstartion training on 600 

the number of adaptation techniques adopted is about 1.9 and also statistically significant at 1%. 601 

Thus, the average farm household in the on-farm demonstartion training group would apply about 602 

two more of climate change adaptation strategies than it would if it did not participate in on-farm 603 

demonstartion training.   604 

 605 

Table 5: Treatment effects for the adoption of the number of climate change adaptation 606 

strategies – augmented-probability-weighted regression adjustment 607 

Treatment effects Coefficient Std. Err. 

Average treatment effect (ATE) 1.641*** 0.666 

Average treatment on the treated (ATT) 4.708*** 1.548 

Potential-outcome mean (POM) 8.225*** 0.449 

Note: The bootstrap replications were changed from 100 – 1,000 but no significant change 608 

occurred, hence 500 replications were used to bootstrap the standard errors. 609 

 610 

Consistent with the Poisson regression, AIPW produces significant gains in the number of 611 

adaptation strategies resulting from participation in on-farm demonstration training. From Table 612 

5, the ATE and POM are approximately two (2) and eight (8), respectively. Thus, the average 613 

number of adaptation strategies employed if all of our sampled farmers were to participate in 614 

training would be two times more the average of eight that would occur if none of the farmers had 615 

participated in on-farm demonstartion training.  Likewise, the on-farm demonstartion training 616 

                                                           
4
 ATE and ATT were estimated as a post-estimation after fitting the Stata command etpoisson for Poisson regression 

with endogenous treatment. The ATE estimated after etpoisson is the potential outcome means while ATT is the 

conditional treatment effect. 
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treated group employed 4.7 more than they would have if they did not participate in on-farm 617 

demonstartion training. 618 

The results from the two estimation techniques indicate that on-farm demonstartion training 619 

significantly increases the number of strategies farmers employed to alleviate the adverse effects 620 

of climate change. The results of the average causal effects reported in Tables 4 and 5 indicate that 621 

the magnitudes of the estimates of the outcome variables are divergent between Poisson 622 

endogenous treatment regression and AIPW. This divergence in the results of both may be due to 623 

differences in unobserved heterogeneity among smallholder rice farmers (Danso-Abbeam and 624 

Baiyegunhi, 2018). The positive impact of on-farm demonstartion training on climate change 625 

adaptation strategies agrees with the studies of Worku et al. (2020) and Martey et al. (2020) in 626 

Eastern Africa and Ghana, respectively. The results of the study suggest that the participation of 627 

smallholder farmers in on-farm demonstartion training increases the propensity to adopt and use 628 

more diverse climate change adaptive capacity than farmers who did not receive such training. The 629 

implication of these results reflects the important role of organizing training for farmers so that 630 

they can be more confident and experienced in climate change adaptation options. Training 631 

attendance significantly increases the probability of adaptation. Having a chance to attend training 632 

to improve skills related to agricultural production increases the probability of adopting more 633 

adaptation options (Arunrat et al., 2017).  634 

 635 

Conclusion and policy recommendations 636 

Climate is one of the most important factors in agricultural productivity, which could directly or 637 

indirectly influence the productivity since climate is linked to physiological processes. It is, 638 

therefore, essential to understand the various strategies used by farmers to mitigate the adverse 639 

impact of climate change and the factors influencing the perception of CC, adoption and level of 640 

adoption of CCAS as well as whether on-farm demonstration training could be a significant 641 

approach to increase farmers' adaptive capacity. Data was collected from 183 participants from 642 

nine (9) District Municipalities in four provinces, namely; Lejweleputswa and Thabo-643 

Mofutsanyane (Free State), eThekwini, uGu, iLembe and Amajuba (Kwa-Zulu Natal), Mopani and 644 

Vhembe (Limpopo) and Dr Kenneth Kaunda (North West) in South Africa. A Triple hurdle model 645 

was employed to estimate the factors influencing farmers’ perception of CC, adoption of 646 
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adaptation strategies and intensity of adoption at the household level in South Africa. Poisson 647 

endogenous treatment model was employed to estimate the influence of both endogenous variable 648 

(on-farm demonstration training) and intensity of climate change adaptation techniques through 649 

simultaneous estimation. A doubly-robust augmented inverse probability weighted (AIPW) was 650 

used as credible remedy for potentially biased estimates of ATT, ATET and POM of poisson 651 

endogenous treatment model. Significant variables such as, age, gender, educational level, distance 652 

to market, land rights, FBO, access to climate change information (ICT-TV, ICT-Mobile phone 653 

and ICT-Radio) and experienced drought were factors influencing the perception, adoption and 654 

intensity of adoption of climate change adaptation strategies among smallholder farmers in South 655 

Africa. Thus, education attainment, non-farm employment, access to climate change information 656 

and on-farm training are significant incentives to enhance smallholder farmers' adaptive capacity 657 

through the adoption of many adaptation approaches. This study therefore concluded that farm-658 

level policy efforts that aim to improve rural development should focus on farmers’ education, on-659 

farm demonstration and non-farm employment opportunities that seek to engage the farmers, 660 

particularly during the off-cropping season. The income from non-farm employment can be 661 

plough-back into farm operations such as the adoption of soil and water conservation, use of 662 

improved planting varieties, insurance, among others to mitigate climate variability and 663 

subsequently increase productivity. Policies and investment strategies of the government should 664 

be geared towards supporting education, providing on-farm demonstration trainings, and 665 

disseminating information about climate change adaptation strategies, particularly for smallholder 666 

farmers in the country. Thus, the government, stakeholders, and donor agencies must provide 667 

capacity-building innovations on-farm demonstration trainings and education on climate change 668 

using information and communication technologies.  669 

 670 

 671 

 672 
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 674 

 675 
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