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Abstract 

Climate change presents considerable obstacles to agricultural productivity in Sub-Saharan Africa., resulting in low yields and 

reduced farmers’ income. Climate-smart agricultural (CSA) practices offer a viable pathway to address these challenges through 

their triple benefits: enhanced productivity, increased income, and reduction of greenhouse gas emissions. This study examines 

the effect of adopting four interdependent CSA practices (crop rotation, use of improved seeds, application of inorganic 

fertilizers, and maize-legume diversification) and their combinations on productivity and income. Using recent cross-sectional 

data from 384 maize farmers in North East District, Botswana, the study utilizes a multinomial endogenous switching regression 

model to correct for selection bias and endogeneity caused by both observable and unobservable factors. The results show that 

adoption decisions are shaped by variables such as education, farm size, farming experience, livestock ownership, membership in 

groups, access to extension services, market access, and land tenure systems. Notably, adopting all four CSA practices results in 

a productivity increase of 3.56 units and a significant income gain of 3,691.17 Botswana Pula. These results suggest that farmers 

experience the greatest improvements in productivity and income when they adopt a comprehensive set of CSA practices. 

Building on the findings, the paper recommends that both government and non-governmental organizations promote the 

adoption of these practices by offering innovative extension services. These services would help farmers gain a better 

understanding of the advantages of alternative climate-smart agricultural practices. 
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1. Introduction 

In sub-Saharan Africa (SSA), agriculture is the main live-

lihood for rural communities, playing a crucial role in food 

security, employment, and economic development. In Bot-

swana, maize is a key staple crop, essential to local diets and 

an important income source for smallholder farmers. Despite 

its importance, the agricultural sector in Botswana faces a 
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series of challenges, including unpredictable rainfall, pro-

longed droughts, declining soil fertility, and the growing 

impacts of climate change, [8, 10]. These challenges have 

placed smallholder maize farmers, who are already con-

strained by limited resources, at greater risk of food insecurity 

and poverty. Addressing these vulnerabilities requires tar-

geted interventions that not only enhance productivity but also 

promote resilience and sustainability. 

In recent years, climate-smart agriculture (CSA) has gained 

recognition as a transformative approach to addressing the 

dual challenges of food security and climate change. Ac-

cording to the Food and Agriculture Organization (FAO), 

CSA aims to achieve three interconnected objectives: sus-

tainably increasing agricultural productivity and incomes, 

enhancing adaptation and resilience to climate change, and 

reducing greenhouse gas emissions where possible [9]. CSA 

practices include a variety of technologies and approaches, 

such as conservation agriculture, agroforestry, integrated soil 

fertility management, crop diversification, and water har-

vesting techniques. These practices are designed to optimize 

natural resource use while mitigating the adverse effects of 

climate variability and change. 

Existing evidence suggests that CSA practices have the 

potential to significantly improve agricultural outcomes for 

smallholder farmers. Studies from various parts of SSA in-

dicate that adopting CSA practices can lead to enhanced crop 

productivity, better resource use efficiency, and increased 

household incomes [2, 21]. However, although these studies 

offer important insights, they emphasize the necessity of 

context-specific research to explore the distinct factors af-

fecting CSA adoption and its impact across various regions. 

Botswana presents a compelling case for studying CSA 

practices due to its vulnerability to climate variability and the 

centrality of agriculture in rural livelihoods. Despite the in-

creasing promotion of CSA practices through various pro-

grams, there is limited empirical evidence on their micro-level 

impacts on productivity and income among smallholder maize 

farmers. Most existing studies on CSA in SSA focus on broad 

regional assessments, often overlooking the localized so-

cio-economic and agro-ecological factors that influence 

adoption and effectiveness [7, 14, 15]. This knowledge gap 

limits policymakers and development practitioners in de-

signing targeted interventions that address the specific needs 

and constraints of farmers in Botswana. To bridge this gap, 

this study examines how local socio-economic and household 

characteristics influence the adoption and effectiveness of 

these practices. It also explores the micro-level effects of CSA 

practices on productivity and income among smallholder 

maize farmers in Botswana. 

This paper presents micro-level evidence on the effects of 

CSA practices on the productivity and income of smallholder 

maize farmers in Botswana. By utilizing household-level data, 

this study aims to assess the socio-economic and agronomic 

impacts of CSA practices, highlighting their potential to 

transform smallholder farming systems in the country. The 

structure of the paper is as follows: Section two describes the 

materials and methods, Section three provides the descriptive 

and econometric results, and Section four offers the conclu-

sions and policy recommendations. 

2. Methodology 

2.1. Analytical Framework 

In a multiple adoption framework, farmers can select from 

16 possible combinations of four CSA practices. Typically, 

farmers make independent choices regarding the adoption or 

non-adoption of these practices. Both observable and unob-

servable factors that relate to the desired outcomes can in-

fluence these decisions. One methodological challenge in 

this analysis is the potential for sample selection bias, as 

smallholder maize farmers might self-select into various 

CSA practices or possess inherent characteristics that are 

linked to their productivity and income. To address possible 

biases from unobserved factors, the study employs the mul-

tinomial endogenous switching regression (MESR) model. 

The MESR model corrects for both observable and unob-

servable biases caused by the non-random allocation of 

farmers to different CSA practices, thus yielding unbiased 

estimates of the impact of CSA practices on productivity and 

income. The MESR model consists of a two-step estimation 

procedure. The first step involves modeling the farmer’s se-

lection of individual or combined CSA practices using a 

multinomial logit model, accounting for unobserved hetero-

geneity. In the second step, the impact of these practices on 

maize productivity and income is analyzed using the average 

treatment effect. 

We frame the adoption decision for different CSA practic-

es within the context of a random utility model. Following 

[25], Within a multinomial model for adoption selection 

model, we assume that maize producers aim to maximize 

their utility, 𝑈𝑖𝑗 , by evaluating the yield per unit area and 

income generated from different CSA practices. Therefore, a 

maize producer 𝑖 will select practice 𝑗 over an alternative 

practice 𝑘 if 𝑈𝑖𝑗 , > 𝑈𝑖𝑘,, where 𝑘 ≠ 𝑗. The expected yield per 

unit area, 𝑈𝑖𝑗 , ∗, that the producer derives from adopting 

practice 𝑗 is a latent variable influenced by observed demo-

graphic, socio-economic, and farm-level factors (𝑋𝑖) as well 

as unobserved characteristics (Ɛ𝑖𝑗). Let (𝑈) represent an in-

dex that indicates the producer's selection of CSA practice, 

such that: 

𝑈𝑖𝑗 = 𝑋𝑖𝛽𝑗 + Ɛ𝑖𝑗             (1) 

Where 𝑋𝐼  represents the observed explanatory variables 

and Ɛ𝑖𝑗  denotes unobserved characteristics. Let (𝑈) serve as 

an index indicating the producer's selection of a CSA practice, 

such that: 
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𝑈 = {

1 𝑖𝑓𝑓 𝑈𝑖1 > 𝑚𝑎𝑥𝑘≠𝑗(𝑈𝑖𝑘) 𝑜𝑟 𝑛𝑖1 < 0

⋮⋮⋮ for all 𝑘 ≠  𝑗 

1 𝑖𝑓𝑓 𝑈𝑖𝑗 > 𝑚𝑎𝑥𝑘≠𝑗(𝑈𝑖𝑘) 𝑜𝑟 𝑛𝑖𝑗 < 0

     (2) 

In the equation above, 𝑛𝑖𝑗  = 𝑚𝑎𝑥𝑘≠𝑗  (𝑈𝑖𝑘− 𝑈𝑖𝑗 ) < 0. 

Equation (2) indicates that the 𝑖𝑡ℎ maize producer will adopt 

CSA practice 𝑗 to maximize their expected yield if practice 𝑗 

offers a higher expected yield per unit area and income than 

any other practice 𝑘 ≠ 𝑗, that is, if 𝑛𝑖𝑗 = 𝑚𝑎𝑥𝑘≠𝑗 (𝑈𝑖𝑘− 

𝑈𝑖𝑗) > 0. Following [19], the likelihood that a maize producer 

𝑖, with characteristics 𝑋𝑖, selects CSA practice 𝑗 can be speci-

fied using a multinomial logit model as: 

𝑃𝑖𝑗 = Pr (ƞ
𝑖𝑗

< 0ǀ𝑋𝑖) =  
exp 𝑋𝑖𝛽𝑗

Ɛ𝑘=1
𝑗

exp (𝑋𝑖𝛽𝑘)
, j = 0, 1 … J  (3) 

Where j represents the alternatives, ranging from none to J 

and β is a vector of coefficients for each of the independent 

variables. Additionally, x, k denotes the number of categories 

into which the farmer's responses may fall. 

2.2. Second Stage: Multinomial Endogenous 

Switching Regression Model 

In the second stage of the MESR, the relationship between 

the outcome variables and a set of independent variables (𝑍) is 

estimated for each selected CSA practice. Within the model 

specification for the four CSA practices, maize farmers have 

16 possible combination choices (𝑗 = 1, 2… 16). This study 

considers the non-adoption of CSA practices (𝑗 = 1) as the 

reference category, while the remaining alternatives (𝑗 = 2… 

16) represent the adoption of at least one practice. The out-

come equation for each possible regime 𝑗 is expressed as 

follows: 

{
𝑅𝑒𝑔𝑖𝑚𝑒 1: 𝑌𝑖1 = 𝑍𝑖1𝛼1 + 𝑢𝑖1 𝑖𝑓 𝑈 = 1
𝑅𝑒𝑔𝑖𝑚𝑒 𝐽: 𝑌𝑖𝑗 = 𝑍𝑖𝑗𝛼𝑗 + 𝑢𝑖𝑗  𝑖𝑓 𝑈 = 𝑗

    (4) 

Let Yij represent the outcome variable for the ith farmer in 

regime j, where the error terms (𝑢𝑖𝑗) are assumed to have an 

expected value of E (𝑢𝑖𝑗X, Z) = 0 and a variance of Var (𝑢𝑖𝑗  

∣ X, Z) =σ2. The outcome variable 𝑌𝑖𝑗 is observed only 

when a specific CSA practice j is adopted. Additionally, the 

error term (𝑢𝑖𝑗) consists of both unobserved individual effects 

and a random disturbance component. Following [6], the 

multinomial endogenous switching model, as expressed in 

Equation (4), can be reformulated as Equation (5), commonly 

referred to as the selection bias-corrected outcome equation or 

the second stage of the multinomial endogenous switching 

regression. 

{
𝑅𝑒𝑔𝑖𝑚𝑒 1: 𝑌𝑖1 = 𝑍𝑖1𝛼1 + σ1𝜆𝑖1 + 𝑒𝑖1  𝑖𝑓 𝑈 = 1
𝑅𝑒𝑔𝑖𝑚𝑒 1: 𝑌𝑖𝑗 = 𝑍𝑖𝑗𝛼1 + σ𝑗𝜆𝑖𝑗 + 𝑒𝑖𝑗  𝑖𝑓 𝑈 = 𝑗

  (5) 

Where, 𝑒𝑖𝑗  represents the error term with an expected 

value of zero, while σ𝑗 denotes the covariance between 𝜀𝑖𝑗
′𝑠 

and 𝑢𝑖𝑗
′. Additionally, 𝜆𝑖𝑗  refers to the inverse Mills ratio, 

which is derived from the estimated probabilities in Equation 

(3) as follows 𝜆𝑖𝑗 = Ɛ𝑘≠𝑗
𝑗

 𝜌𝑗[
 ṕ𝑖𝑘 ln(ṕ𝑖𝑘 )

1−ṕ𝑖𝑘

+ ln (ṕ
𝑖𝑗

)]. Here, ṕ 

is the correlation coefficient between e𝑖𝑗
′𝑠 and 𝑢𝑖𝑗

′𝑠. In a mul-

tinomial choice framework, 𝐽 – 1 selection correction terms 

must be incorporated into the outcome equations, with each 

corresponding to a specific alternative CSA practice. To ad-

dress heteroscedasticity arising from the generated explana-

tory variables in the estimation process, the standard errors in 

Equation (5) are bootstrapped. 

2.3. Estimating Average Treatment Effects 

The multinomial endogenous switching regression 

framework outlined above allows for the estimation of the 

average treatment effects on the treated (ATT). This is 

achieved by comparing the expected outcomes of CSA prac-

tice adopters and non-adopters under both actual and coun-

terfactual scenarios, as represented in Equations (6) and (7), 

respectively. 

Farmers who have chosen to adopt (observed outcome): 

𝐸 (𝑌𝑖𝑗ǀ 𝑈 = 𝑗; 𝑍𝐼𝐽, 𝜆𝐼𝐽) = 𝛼𝐼𝐽𝑍𝑖𝑗 + ℴ𝑖𝑗𝜆𝑖𝑗      (6) 

Farmers who have chosen not to adopt (counterfactual 

outcome): 

𝐸 (𝑌1𝑗ǀ 𝑈 = 𝑗; 𝑍𝐼𝐽, 𝜆𝐼𝐽) = 𝛼1𝐽𝑍𝑖𝑗 + ℴ1𝑗𝜆𝑖𝑗    (7) 

Equations (6) and (7) are employed to calculate the ATT, 

which is obtained by subtracting the counterfactual expected 

values from the actual values, or equivalently, by taking the 

difference between Equations (6) and (7) 

𝐴𝑇𝑇 = 𝐸( 𝑌𝑖𝑗ǀ 𝑈 = 𝑗; 𝑍𝐼𝐽, 𝜆𝐼𝐽) − 𝐸(𝑌1𝑗ǀ 𝑈 =

𝑗; 𝑍𝐼𝐽, 𝜆𝐼𝐽) =  (𝛼𝐽 − 𝛼1) + (ℴ𝑗 − ℴ1)𝜆𝑖𝑗          (8) 

The first term (𝑍𝑖𝑗) on the right-hand side of Equation (8) 

indicates the expected change in the mean outcome variable for 

adopters, assuming they share similar characteristics with 

non-adopters. The second term (𝜆𝑖𝑗) represents the selection 

term on the right-hand side of Equation (8), which accounts for 

the potential effects of differences in unobserved variables. 

3. Dataset and Variable Descriptions 

3.1. Sources of Data and Sampling Methodology 

This paper is based on data collected in July 2024 from 

three areas within the North east District sub district (NED) of 

Botswana, namely, Matsiloje, Matshelagabedi, and Tsamaya. 
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A multistage sampling approach was utilized to select re-

spondents. Initially, the North-East District was chosen due to 

its high concentration of smallholder maize farmers, ensuring 

a greater likelihood of achieving the desired sample size. 

Secondly, the North-East Sub-District was purposively cho-

sen from the two sub-districts in the region. In the third stage, 

three villages were randomly selected from the 23 villages 

within the sub-district. Lastly, a list of farmers in each selected 

village was compiled, and respondents were chosen using a 

systematic random sampling technique, ensuring proportional 

representation based on the population size of each village. A 

semi structured questionnaire was administered through in-

terviews and gathered information on the farm, socioeco-

nomic and institutional characteristics, household income, 

expenditures and maize farming returns from a sample of 384 

respondents. Productivity is quantified as the total maize 

output (in kilograms) per one unit of cultivated (hectares) 

while income is the revenue that the smallholder maize farmer 

received from selling maize minus their production costs. 

3.2. Variables Used and Summary Statistics 

Table 1 presents the combined adoption choices of CSA 

practices, resulting in 16 possible combinations available to 

maize farmers. Among these, farmers implemented 9 out of 

the 16 potential packages. The findings reveal that 8.85% of 

farmers did not adopt any CSA practices (M0S0C0F0), while 

22.14% adopted all four simultaneously (M1S1C1F1). A 

smaller portion, 14.32%, adopted only one practice, whereas 

the rest adopted combinations of two, three, or four practices. 

Specifically, 22.4% adopted two practices, and 32.03% 

adopted three practices. Overall, most farmers (54.17%) 

adopted three or more CSA practices. Understanding the 

factors that influence an individual's choice of specific 

packages from the available options is crucial for shaping 

policy direction. 

The descriptive statistics on household, socio-economic 

and institutional attributes of the farmers are presented in 

Table 2. With regard to the adoption of CSA practices, an 

average of 71%, 68%, 56%, and 55% of maize farmers 

adopted maize-legume diversification, the use of improved 

seeds, crop rotation, and fertilizer application, respectively, in 

the last 12 months. The majority of respondents (60%) were 

female, with an average age of 48 years and a mean household 

size of four adults (Table 1). This suggests that maize farming 

in Botswana is primarily led by middle-aged women, with an 

average of 12 years of farming experience [11]. 

Most respondents had only a primary education, reflecting 

the generally low literacy levels among smallholder farmers. 

This highlights the need for additional capacity-building 

programs to enhance the skills and knowledge of maize 

farmers [22]. Regarding land tenure, 53% of farmers pos-

sessed land with title deeds, and the average area allocated to 

maize farming was 3.9 hectares. In terms of maize variety, 

73% of the maize cultivated was hybrid, and the average 

distance to the output market was 23 km. 

Table 1. Identification of combinations of CSA strategies to construct the packages. 

Option Quadruple binary M
0 M

1 S
0 S

1 C
0 C

1 F
0 F

1 Frequency Percentage 

1 M0S0C0F0 √  √  √  √  34.0 8.85 

2 M0S0C0F1 √  √  √   √ 0.00 0.00 

3 M0S0C1F1 √  √   √  √ 0.00 0.00 

4 M0S1C1F1 √   √  √  √ 0.00 0.00 

5 M1S1C1F1  √  √  √  √ 85.0 22.4 

6 M1S1C1F0  √  √  √ √  37.0 9.64 

7 M1S1C0F0  √  √ √  √  37.0 9.64 

8 M1S0C0F0  √ √  √  √  41.0 10.7 

9 M0S1C0F1 √   √ √   √ 0.00 0.00 

10 M1S0C1F0  √ √   √ √  39.0 10.2 

11 M1S0C0F1  √ √  √   √ 10.0 2.60 

12 M0S1C0F0 √   √ √  √  15.0 3.91 

13 M0S1C1F0 √   √  √ √  0.00 0.00 

14 M0S0C1F0 √  √   √ √  0.00 0.00 

15 M1S0C1F1  √ √   √  √ 31.0 8.07 
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Option Quadruple binary M
0 M

1 S
0 S

1 C
0 C

1 F
0 F

1 Frequency Percentage 

16 M1S1C0F1  √  √ √  √ 55.0 14.2 

Total   384 100 

Note: The binary quadruplicate depicts the potential CSA packages. Each element in the quadruplicate corresponds to a binary variable rep-

resenting a CSA combination: Maize-legume diversification (M), Use of improved seeds (S), Crop rotation (C), and Use of fertilizers (F). A 

subscript of 1 indicates adoption, while 0 indicates non-adoption. 

Table 2. Definition of variables and summary statistics. 

Variables Variable description Mean Std. Dev 

Dependent    

Crop rotation system Dummy = 1 if HH adopted crop rotation system, 0 Otherwise 0.56 0.25 

Use of improved seeds Dummy = 1 if farmer was using improved seeds, 0 otherwise 0.68 0.24 

Efficient use of fertilisers Dummy = 1 if HH adopted efficient fertilizer use, 0 otherwise 0.55 0.25 

Maize-legume diversification system 
Dummy = 1 if HH has adopted maize-legume diversification system, 0 

otherwise 
0.71 0.23 

Independent    

Age Age of the farmer in years 47.46 0.39 

Gender Dummy=1 if male and 0, otherwise 0.39 0.25 

Education Number of years of schooling by farmer 10.39 0.20 

Household size Number of adult household members 3.99 0.56 

Group membership Dummy =1 if HH belong to a farmer group, 0 Otherwise 0.26 0.22 

Training Dummy =1 if HH have received training on CSA, 0 otherwise 0.36 0.02 

Experience Years of experience in maize farming. 11.84 0.33 

Maize type Dummy = 1 if HH used hybrid, 0 otherwise 0.73 0.02 

Land size Maize area planted in hectare (s) 4.28 0.05 

Land tenure system Dummy = 1 if HH owned land with title deed, 0 otherwise 0.53 0.25 

Distance to output market Distance to the output market in KM 22.87 0.56 

Access to climate info. Dummy= 1 if HH had access to climate info, 0 otherwise 0.73 0.23 

Access to contracts Dummy= 1 if HH had written contracts, 0 otherwise 0.29 0.02 

Off farm income Dummy = 1 if the farmer has access to off-farm income, and 0, Otherwise 0.83 0.01 

Credit access Dummy =1 if HH have received credit, 0 otherwise 0.05 0.01 

Pest and disease shocks Dummy =1 if plot experienced pests and diseases, 0 otherwise 0.73 0.02 

Soil fertility perception Dummy =1 if plot is perceived fertile, 0 otherwise 0.86 0.03 
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4. Results and Discussion 

4.1. Determinants of Choice of Specific CSA 

Packages 

This section discusses the factors that determine the choice 

of CSA packages, followed by an analysis of the impact of 

package use on the productivity and income of smallholder 

maize farmers in the final stage. This analysis was conducted 

using the MESR model, a two-stage regression approach. The 

first stage employs the multinomial logit model (MNL) to 

identify the factors influencing CSA package choices, which is 

crucial for guiding interventions aimed at enhancing CSA 

adoption. In the second stage, the effect of CSA package usage 

on household productivity and income was assessed. The mar-

ginal effects from the MNL model, which show the expected 

change in the probability of a specific choice occurring due to a 

unit change in an independent variable, are presented in Table 3. 

The base category was the non-use of all practices (M0S0C0F0), 

in comparison to the other nine packages utilized by farmers 

(see Table 2 for details on the packages). The results present 

nine sets of parameter estimates, each corresponding to a dis-

tinct, mutually exclusive combination of strategies. The Wald 

test, which tests the null hypothesis that all regression coeffi-

cients are equal to zero, was rejected. This indicates that the 

estimated coefficients vary significantly across the different 

alternative packages. 

Age demonstrated a significant negative impact on the 

adoption of combinations such as maize-legume diversifica-

tion, use of improved seeds, crop rotation, and the application 

of fertilizers (M1S1C1F1) at 10% significance level. An addi-

tional year in the age of a maize farmer decreased the proba-

bility of adopting the package M1S1C1F1 by 0.96%. This im-

plies that as age increases maize farmers are less likely to use 

a package of M1S1C1F1. A possible explanation is that as 

maize farmers age, they accumulate more experience with the 

adoption of different CSA practices. As farmers grow older, 

they gain exposure to both the successes and challenges as-

sociated with implementing various CSA practices hence they 

become more risk-averse due to past experiences, making 

them hesitant to adopt certain combinations of CSA practices. 

Moreover, older maize farmers are often less educated, which 

may lead them to prefer relying on the knowledge and skills 

they have accumulated over time, making them less inclined 

to adopt new CSA practices. The result aligns with the con-

clusions drawn by [18] who found that older farmers were 

more risk averse in their study on determinants of soil fertility 

management practices in Kenya. 

With regard to gender, male farmers are more likely to use 

packages M1S1C0F0, M1S0C1F0, M1S1C0F1, M1S0C1F1 and 

M1S1C1F1. This could be attributed to the prevailing cultural 

norm where men retain sole authority over farm deci-

sion-making, including both short-term and long-term ad-

justments. Women typically encounter barriers related to 

resource access and time availability. [5] highlighted that 

gender continues to be a major obstacle for women in adopt-

ing CSA practices, primarily due to traditional gender roles. 

The report also emphasized that women have less access than 

men to critical resources such as land, inputs, credit, education, 

and extension services, all of which are essential for sup-

porting the shift to CSA practices. 

Years of schooling of the maize farmers is positively cor-

related with adoption of M1S1C0F1 and M1S1C1F1. This imply 

that, as the years of schooling increases, so does the proba-

bility of using a package of M1S1C0F1 and M1S1C1F1 increases. 

An additional year of education resulted in an increase in the 

probability of using packages M1S1C0F1 and M1S1C1F1 by 

0.35% and 1.44%, at 5 and 1% significance level, respectively. 

With more years of schooling, farmers are more likely to gain 

additional knowledge and skills, which enhances their access 

to CSA practices aimed at boosting maize income and 

productivity. Furthermore, they tend to be more aware of the 

availability of CSA practices. Therefore, schooling years 

increases the maize farmer’s knowledge and market oppor-

tunities which could enhance the adoption of maize legume 

diversification, use of improved seeds, crop rotation and use 

of fertilisers. The result is consistent with the findings of [20], 

who found that more educated farmers were more likely to 

adopt combinations of improved agricultural technologies in 

Kenya. 

Table 3. Marginal effect for the determinants CSA packages by multinomial logit model (dy/dx). 

Variables 
M1S0C0F0 

dy/dx 

M0S1C0F0 

dy/dx 

M1S1C0F0 

dy/dx 

M1S0C1F0 

dy/dx 

M1S0C0F1 

dy/dx 

M1S1C1F0 

dy/dx 

M1S1C0F1 

dy/dx 

M1S0C1F1 

dy/dx 

M1S1C1F1 

dy/dx 

Sample size (n) 41 15 37 39 10 37 55 31 85 

Age (years) 0.0053 0.0014 -0.0001 -0.0006 0.0007 -0.0064 -0.0011 -0.0010 -0.0096** 

Gender (male=1) 0.0632 0.0066 0.0697*** 0.0235** 0.0027 0.0165 0.0409* 0.0133** 0.0836*** 

Years of schooling 0.0010 0.0005 0.0004 0.0001 0.0015 0.0043 0.0035** 0.0057 0.0144*** 

Household size 0.0103** 0.0162** 0.0176 0.0146** 0.0146** 0.0186 -0.0294 0.0046 -0.0069 

Experience (years) -0.0006 -0.0008 0.0040* -0.0032 0.0056** 0.0063** -0.0005 0.0015 0.0060** 
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Variables 
M1S0C0F0 

dy/dx 

M0S1C0F0 

dy/dx 

M1S1C0F0 

dy/dx 

M1S0C1F0 

dy/dx 

M1S0C0F1 

dy/dx 

M1S1C1F0 

dy/dx 

M1S1C0F1 

dy/dx 

M1S0C1F1 

dy/dx 

M1S1C1F1 

dy/dx 

Land tenure 0.0720 -0.0510 0.0696*** 0.0472** 0.0465*** 0.0376** 0.0886*** 0.0301*** 0.2829*** 

Land size -0.0660 -0.0133 0.0053* 0.0243** -0.0165 0.0350*** 0.0384 0.0215** 0. 0680*** 

Maize type 0.0394* 0.0563*** 0.0927* 0. 0789 -0.0245 0.0414* 0.0945*** 0.0045** 0.0278*** 

Access to contract 0.0331 -0.0026 0.0032 0.0144 -0.0171 -0.0200 0.0086 -0.0201 0.0068 

Access to credit 0.3995 0.2575 0.2019 0.1977 -0.2278 0.0343 0.1569 0.1086 0.0902 

Training on CSA -0.0473 -0.0368 0.0679** -0.0613 -0.0239 0.1039** 0.0422 0.0583 -0.0116 

Group membership 0.0474 -0.0689 0.0730 0.0131 0.0102 0.0564** 0.0065 0.0933*** 0.0505** 

Off farm income -0.0859 0.3498 -0.0983 -0.0489 0.0090 0.0122 -0.0158 0.0101 -0.0740 

Distance to market -0.0038 -0.0012** -0.0032*** -0.0023** -0.0003** -0.0039*** -0.0025 -0. 0007*** -0.0012* 

Access to cli-

mate-information 
0.0254 0.0092 0.0006 0.0370 0.0531** 0.0350 0.0887*** 0.0122 0.0679*** 

Pest and disease -0.0010 -0.0434 -0.0205 -0.0257 -0.0000 -0.0125 0.0630 -0.0025 -0.0486 

Soil fertility -0.0262 0.0114 -0.0089 0.0190 -0.0181 -0.0443 0.0523 -0.0380 0.0216 

Number of observa-

tions 
384         

Notes: The reference group is M0S0C0F0 (no adoption of CSA practices). ***, **, * indicate significant level at 1%, 5% and 10% level re-

spectively. 

Household size was found to have a positive and statisti-

cally significant influence on the choice of M0S0C0F0, 

M0S1C0F0, M1S0C1F0, M1S0C0F1 and M1S1C1F0. The positive 

sign suggests that a larger household size would lead to an 

increase in the adoption of different combinations of CSA 

practices. Instead of not adopting any package, a larger 

household size raised the likelihood of adopting these five 

packages by 1.03, 1.62, 1.46 and 1.46%, at 5% significance 

level, respectively. The plausible reason could be that the 

greater the household members, the greater family labor 

availability which is costless, hence they have more labor 

available to implement and maintain these practices. Larger 

households may also have greater resilience to risk, enabling 

them to implement more advanced practices. Similar findings 

by [4] also revealed that larger households in Ethiopia had a 

higher probability of implementing various sustainable agri-

cultural practices. 

The farmers experience in maize farming is positive and 

statistically significant in the choice of M1S1C0F0, M1S0C0F1, 

M1S1C0F1 and M1S1C1F1. This implies that an increase in 

farming experience by 1 year increases the probability of 

using packages M1S1C0F0, M1S0C0F1, M1S1C0F1 and 

M1S1C1F1 by 0.40, 0.56, 0.63 and 0.60%, at 10 and 5% sig-

nificance level, respectively. This is likely attributed to the 

fact that the longer the duration in maize farming, the more it 

is likely to influence farmer’s adoption of different combina-

tions of CSA practices so as to diversify their risks, reduce 

expenses and maximize profits. The findings of this study are 

consistent with [12], who concluded that experience helps 

farmers better understand the long-term benefits of sustaina-

ble practices. 

Land tenure positively and significantly affects adoption 

of M1S1C0F0, M1S0C1F0, M1S0C0F1, M1S1C1F0, M1S1C0F1, 

M1S0C1F1 and M1S1C1F1 combinations. Land ownership, as 

compared to renting or other access arrangements, is antici-

pated to enhance long-term investment incentives in maize 

farming. This is likely because secure tenure provides farm-

ers with greater confidence to make long-term investments in 

soil health, crop rotation, and other sustainable practices, 

knowing they will reap future benefits [13], also found out 

that secure land rights incentivized farmers to adopt practices 

that improved productivity and reduced soil erosion. 

With regard to land size, maize farmers are likely to adopt 

combinations of M1S1C0F0, M1S0C1F0, M1S1C1F0, M1S0C1F1 

and M1S1C1F1. This indicates that a 1-hectare increase in land 

size raised the likelihood of adopting packages M1S1C0F0, 

M1S0C1F0, M1S1C1F0, M1S0C1F1 and M1S1C1F1 by 0.53, 2.43, 

3.50, 2.15 and 6.80%, respectively. Results implies that as 

the land size increases, probability of using different combi-

nations of CSA practices increases. One potential rationale 

for this could be that larger landholdings may provide more 

flexibility for farmers to implement a variety of practices and 

dedicate sections of their land to testing or investing in new 

techniques without jeopardizing their entire yield. The im-

pact of land area size complements the findings of [3], who 

discovered that farmers with larger landholdings are more 
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inclined to alter their farming practices and thus possess 

greater capacity to invest in additional climate adaptation 

strategies. 

Growing hybrid maize positively and significantly affects 

adoption of M1S0C0F0, M0S1C0F0, M1S1C0F0, M1S1C1F0, 

M1S1C0F1, M1S0C1F1 and M1S1C1F1 combinations. This 

suggests that utilizing exotic maize varieties notably raises the 

probability of adopting various CSA combinations. This 

could be due to several factors, including better yields, disease 

resistance, and overall productivity associated with improved 

maize varieties, which may incentivize farmers to adopt sus-

tainable practices that complement these varieties. According 

to [23] use of improved seed varieties enhances farmer’s 

willingness to adopt CSA practices, as they seek to maximize 

the benefits from improved crops. 

Training on CSA practices is statistically and positively 

significant at 5% levels in the choice of two combinations 

(M1S1C0F0 and M1S1C1F0). This implies that training on CSA 

practices significantly increases the likelihood of adopting 

packages M1S1C0F0 and M1S1C1F0 by 6.79% and 10.39% at 5% 

significance level, respectively. Training provides farmers 

with critical knowledge and skills, empowering them to im-

plement these practices effectively. Training can also guide 

farmers on how to select appropriate CSA combinations and 

manage them for optimal results, this, in turn, boosts the up-

take of CSA practices. [24], indicated that targeted training 

could effectively address barriers to adoption, enhancing the 

likelihood of implementing sustainable practices. 

With regard to group membership, maize farmers who be-

long to farmers group are likely to adopt combinations of 

M1S1C1F0, M1S0C1F1 and M1S1C1F1. Being part of a farmer 

group enhanced the likelihood of adopting these three pack-

ages by 5.64%, 9.33%, and 5.05%, respectively, compared to 

not using any package. Group membership can foster collab-

oration, support, and knowledge exchange among farmers, 

resulting in increased uptake of CSA practices. Thus, through 

access to group membership, maize farmers explore various 

combinations of CSA practices aiming to enhance profitabil-

ity while reducing production costs. The results are similar to 

[16], who found that group membership significantly en-

hanced the likelihood of adopting new practices due to in-

creased access to information, resources, and peer support. 

The proximity to the nearest output market exhibited a 

significant negative relationship at 5% and 1% levels, with 

M0S1C0F0, M1S1C0F0, M1S0C1F0, M1S0C0F1, M1S1C1F0, 

M1S1C0F1 and M1S1C1F1 combinations. A 1-kilometer in-

crease in the distance to the output market lowered the like-

lihood of package utilization of M0S1C0F0, M1S1C0F0, 

M1S0C1F0, M1S0C0F1, M1S1C1F0, M1S1C0F1 and M1S1C1F1 by 

0.12, 0.32, 0.23, 0.03, 0.39, 0.07 and 0.12%, respectively. 

This is logical because, increased distance raises barriers to 

adoption, as farmers face higher transportation and transac-

tion costs and challenges in accessing necessary resources. 

These findings align with those reported by [1] who revealed 

that distance to output market negatively influences the 

adoption of sustainable agricultural practices in Central 

America. 

Access to climate information positively and significantly 

affects adoption of M1S0C0F1, M1S1C0F1 and M1S1C1F1 com-

binations. Instead of not adopting any package, having ac-

cess to climate information increased the probability of using 

these three packages by 5.31%, 8.87% and 6.79%, respec-

tively. This implies that farmers who have access to climate 

information are more likely to adopt specific CSA practices 

combinations. A plausible explanation is that it empowers 

farmers with the knowledge to make informed decisions 

about when to plant, what crops to choose, and how to man-

age resources effectively in the face of climate variability. 

The results are consistent with findings by [26], who con-

cluded that improved access to climate data and forecasts 

enabled farmers to optimize their agricultural strategies, 

leading to enhanced adoption of sustainable practices. 

4.2. Average Treatment Effects of Adopting 

CSA Packages 

After identifying the factors influencing the selection of 

CSA packages in the first stage, the second stage focused on 

estimating treatment effects to assess the impact of package 

utilization on productivity and income. An ordinary least 

squares regression was conducted to estimate maize produc-

tivity and household income for each CSA practice combina-

tion, incorporating selection bias correction terms from the 

first stage. At this stage, the treatment effects, which form the 

core of the analysis, were reported. The estimates for maize 

productivity and income were derived using the MESR mod-

el, capturing both ATT and ATU effects. Table 4 presents the 

average effects of CSA adoption on productivity and income 

under both actual and counterfactual scenarios. In this table, 

𝑋1  represents adopters, while 𝑋2  denotes non-adopters. 

Similarly, β1 corresponds to the characteristics of adopters 

(adoption state), whereas β2 reflects the characteristics of 

non-adopters (non-adoption state). The heterogeneity effect 

measures the difference in productivity and income resulting 

from the adoption of a given package. This impact is deter-

mined by the difference between the treated group (ATT) 

with adoption characteristics and the untreated group (ATU) 

with non-adoption characteristics, expressed as (𝛽1𝑋1 ) − 

(𝛽2𝑋2). 

The results indicate that maize productivity increases most 

significantly when farmers adopt all four CSA practices 

(M1S1C1F1), resulting in a rise of 3.56 units. The adoption of 

M1S0C0F1, M1S1C1F0, M1S1C0F1 and M1S1C1F1 shows a sta-

tistically significant ATU value at the 1% level. The result 

indicates that CSA non-adopters would increase their 

productivity if they adopted combinations of CSA by about 

4.9, 2.43, 3.02 and 2.76 units, respectively. In contrast, the 

CSA combinations of M1S0C0F0 and M1S0C1F0 has a signifi-

cant negative effect on maize productivity for non-adopters, 

with a decrease of 1.61 and 1.83 units, respectively. This 
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negative effect may be attributed to the fact that 

maize-legume diversification and crop rotation typically of-

fer long-term benefits, such as enhanced soil structure and 

nutrient availability. However, these benefits might not result 

in immediate yield improvements, especially in small-scale 

farming contexts. Non-adopters may, therefore, find it more 

beneficial to stick with their current practices rather than 

adopting these specific CSA combinations. This aligns with 

findings in the literature that emphasize the benefits of com-

bined CSA strategies on productivity gains [4]. 

Regarding maize income, both ATT and ATU effects show 

positive outcomes for farmers using combinations of 

M1S1C0F1 and M1S1C1F1. These combinations not only in-

creased the income of adopters but also have the potential to 

improve the income of non-adopters if they adopted these 

practices. Specifically, the income gains for adopters using 

M1S1C0F1 and M1S1C1F1 are BWP 1009.45 and BWP 

3961.17, respectively. For non-adopters, adopting these 

combinations could lead to income improvements of BWP 

1547.97 and BWP 2293.85, respectively. The significant 

income reductions observed among non-adopters in the CSA 

combinations, specifically BWP 1,658.31 for M1S0C0F0, 

BWP 2,140.59 for M0S0C0F0, BWP 918.96 for M1S1C0F0, 

and BWP 2,957.98 for M1S0C1F0 suggest that partial adop-

tion of CSA practices may be less effective than full adoption. 

Research indicates that while individual CSA practices can 

enhance income compared to non-adoption, the most sub-

stantial income gains are achieved when farmers implement 

a comprehensive suite of CSA practices. The results show 

that income increases most significantly when farmers adopt 

all four CSA practices (M1S1C1F1), leading to an increase of 

BWP 3691.17. These results are consistent with [17], who 

reported that adopting a combination of CSA practices sig-

nificantly enhances both maize yields and income compared 

to adopting individual CSA practices. This suggests that en-

couraging smallholder farmers to adopt a holistic set of CSA 

practices could lead to greater economic and productivity 

benefits. 

Table 4. The average impact of CSA practice selection on maize productivity and income: Estimation from MESR Model. 

 Maize productivity Maize income 

Climate-Smart Agriculture Prac-

tices (CSA) Combinations 

Adopters 

(𝜷𝟏) 

Non- adopters 

(𝜷𝟐) 

Impact 

(ATT/ATU) 

Adopters 

(𝜷𝟏) 

Non-adopters 

(𝜷𝟐) 

Impact 

(ATT/ATU) 

M1S0C0F0 Adopters (𝑋1) 11.3 12.77 -1.47*** 4629.51 6160.60 -1531.09*** 

 
Non-adopters (𝑋2) 11.26 12.87 -1.61*** 4559.27 6207.58 -1658.31*** 

 
Heterogeneity effect 0.04 -0.1 0.14 70.24 -46.58 117.22 

M0S1C0F0 Adopter 9.72 12.61 -3.08 5378.00 6498.74 -1120.74*** 

 
Non-adopter 0.28 12.80 -12.52 3925.37 6065.96 -2140.59*** 

 
Heterogeneity effect 9.44 -0.19 9.63 1452.63 432.78 1019.85 

M1S1C0F0 Adopters 12.24 12.85 -0.61 5464.85 5961.31 -496.46* 

 
Non-adopters 12.38 12.73 -0.35 5181.04 6100.00 -918.96*** 

 
Heterogeneity effect -0.14 0.12 -0.26 283.81 -138.69 422.50 

M1S0C1F0 Adopters 11.40 12.40 -1.00 5414.10 6359.90 -695.64*** 

 
Non-adopters 11.00 12.83 -1.83*** 5814.52 6109.74 -2957.98*** 

 
Heterogeneity effect 0.40 -0.43 0.83 -400.42 250.16 -650.58 

M1S0C0F1 Adopters 12.25 13.40 -1.15 5394.00 6108.95 -714.95 

 
Non-adopters 17.64 12.69 4.95*** 6283.07 6056.34 226.73 

 Heterogeneity effect -5.39 0.71 -6.10 -889.07 52.61 -941.68 

M1S1C1F0 Adopters 13.76 12.34 1.42*** 6340.51 6425.56 -85.05 

 Non-adopters 15.00 12.57 2.43*** 5232.23 6006.95 -774.72*** 

 Heterogeneity effect -1.24 -0.23 -1.01 1108.28 418.61 689.67 

M1S1C0F1 Adopters 14.86 12.65 2.21*** 6528.18 5518.74 1009.44*** 
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 Maize productivity Maize income 

Climate-Smart Agriculture Prac-

tices (CSA) Combinations 

Adopters 

(𝜷𝟏) 

Non- adopters 

(𝜷𝟐) 

Impact 

(ATT/ATU) 

Adopters 

(𝜷𝟏) 

Non-adopters 

(𝜷𝟐) 

Impact 

(ATT/ATU) 

 Non-adopters 15.34 12.32 3.02*** 7505.29 5957.33 1547.96*** 

 Heterogeneity effect -3.6 -2.2 -1.4 -977.11 -438.59 -538.52 

M1S0C1F1 Adopters 12.96 12.85 0.11 6064.52 6019.33 45.19 

 Non-adopters 12.89 12.65 0.24 6385.15 6036.86 348.29*** 

 Heterogeneity effect 0.07 0.2 -0.13 -320.63 -17.53 -303.10 

M1S1C1F1 Adopters 15.55 11.99 3.56*** 9267.79 5576.62 3691.17*** 

 Non-adopters 15.10 12.34 2.76*** 7665.82 5372.03 2293.79*** 

 Heterogeneity effect -0.45 0.35 -0.8 -1601.87 -204.59 -1397.28 

Note: M=Maize-legume diversification, S=Use of improved seeds, C=Crop rotation, F= Use of fertilisers. ***, **, * indicate significant level 

at 1%, 5% and 10% level respectively. The exchange rate is BWP1= US$0.076 

5. Conclusions and Policy Implications 

Climate change presents substantial challenges in 

sub-Saharan Africa (SSA), limiting rural farm households’ 

ability to enhance productivity and income. This study em-

ploys survey data to analyze the factors influencing the 

adoption of four interdependent CSA practices (maize-legume 

diversification, use of improved seeds, crop rotation, and 

fertilizer application) and their combined impacts on maize 

productivity and income in Botswana. To correct for selection 

bias and endogeneity resulting from both observable and 

unobservable factors, the study applies a MESR model. 

The findings from the MNL model reveal that the proba-

bility of adopting CSA practices is shaped by a combination 

of socioeconomic, household and institutional factors. Key 

determinants include age, gender, education level, farming 

experience, land size, livestock ownership, group member-

ship, and distance to output markets, land tenure systems, 

and access to climate information. These results underscore 

the need for policies and programs by governments and 

development partners to improve the uptake of various in-

terconnected CSA practices. For example, the strong posi-

tive relationship between access to training and CSA adop-

tion highlights the importance of providing targeted training 

that equips farmers with knowledge on the benefits of CSA 

practices. 

Among the CSA combinations analyzed, the most com-

prehensive package; incorporating maize-legume diversifica-

tion, improved seeds, crop rotation, and fertilizer use 

(M1S1C1F1) demonstrates the greatest impact on maize 

productivity and income. This package help improves soil 

fertility and structure, enhance crop resilience, and reduce soil 

degradation, ultimately contributing to greater production 

stability under diverse field and soil conditions. To maximize 

benefits, farmers are encouraged to adopt integrated CSA 

approaches that combine multiple practices. Additionally, the 

study reveals that the adoption of CSA practices leads to a 

notable increase in both maize productivity and farmer in-

come. Considering the beneficial impacts of adopting CSA 

practices on productivity and income, efforts should focus on 

raising farmers’ awareness of alternative CSA practices and 

supporting their adoption. It is crucial for researchers, exten-

sion officers, and policy designers to identify the optimal 

combinations of CSA practices that ensure maximum benefits 

in terms of productivity and income. Through this approach, 

CSA can be successfully expanded to strengthen the resilience 

and sustainability of smallholder farming systems in Bot-

swana. 
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