
Vol.:(0123456789)

Mitig Adapt Strateg Glob Change (2024) 29:16
https://doi.org/10.1007/s11027-024-10114-8

1 3

ORIGINAL ARTICLE

Farmers’ adoption of multiple climate‑smart agricultural 
technologies in Ghana: determinants and impacts on maize 
yields and net farm income

Bright O. Asante1 · Wanglin Ma2   · Stephen Prah1 · Omphile Temoso3

Received: 18 September 2023 / Accepted: 15 February 2024 / Published online: 23 February 2024 
© The Author(s) 2024

Abstract
This study investigates the factors affecting maize farmers’ decisions to adopt climate-
smart agricultural (CSA) technologies and estimates the impacts of CSA technology adop-
tion on maize yields and net farm income. Unlike most previous studies that analyze a 
single technology, we consider different combinations of three CSA technologies (zero 
tillage, row planting, and drought-resistant seed). A multinomial endogenous switching 
regression model addresses selection bias issues arising from observed and unobserved 
factors and analyses data collected from 3197 smallholder farmers in three Ghana regions 
(Brong-Ahafo, Northern, and Ashanti). The findings show that smallholder farmers’ deci-
sions to adopt multiple CSA technologies are influenced by farmer-based organization 
membership, education, resource constraints such as lack of land, access to markets, and 
production shocks such as perceived pest and disease stress and drought. We also find that 
adopting all three CSA technologies together has the largest impact on maize yields, while 
adopting row planting and zero tillage as a combination has the largest impact on net farm 
income. Governments should collaborate with farmer-based groups and extension officers 
to improve farmers’ awareness and understanding of the benefits associated with CSA tech-
nologies and help them adopt multiple technologies that generate higher benefits.

Keywords  Climate-smart agriculture · Maize yields · Net farm income · MESR model · 
Ghana

JEL Classification  C21 · P36 · Q54

1  Introduction

Smallholder farmers in Africa are the largest private sector group, accounting for roughly 
70% of the population in the continent (Alliance for a Green Revolution in Africa, AGRA 
2017). These farmers cultivate fewer than 2 hectares of land, relying heavily on traditional 
farming practices. However, traditional farming practices are usually not sustainable. They 
are associated with poor soil fertility and lower productivity, leading to food insecurity and 
poverty (Kassie et al. 2015; Grabowski et al. 2016; Quarshie et al. 2023; Tabe-Ojong et al. 
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2023; Wakweya 2023). In addition, African smallholder farmers are typically the most vul-
nerable to climate risks, resulting in weak farming system resilience.

Development partners and climate action stakeholders have made great efforts to pro-
mote farmers’ adoption of climate-smart agricultural (CSA) technologies to mitigate the 
negative impacts of climate change on agriculture and improve farm performance. For 
example, there is a widespread promotion of drought-tolerant maize and stress-tolerant 
maize seeds among smallholder farmers to reduce their potential risk of meagre yields or 
total crop failure caused by erratic and low rainfall patterns in various maize-producing 
ecologies (Fisher et al. 2015; Setimela et al. 2017; Simtowe et al. 2019; Gebre et al. 2021). 
Other key CSA technologies, such as row planting and zero tillage, have also been pro-
moted to help increase crop yields and income, as well as build climate resilience (Tekle-
wold and Mekonnen 2017; Fentie and Beyene 2019; Martey et al. 2021). Sova et al. (2018) 
emphasized that the CSA technologies are especially suited to households that rely on rain-
fed agriculture, such as those in dryland areas of Africa and other parts of the world.

Like other SSA countries, smallholder farmers in Ghana are subject to climatic shocks. 
Therefore, the National Climate Change Policy has adopted CSA practices and technolo-
gies as a component of sustainable agricultural development policy (Atta-Aidoo et  al. 
2022). Despite the implementation of various initiatives aimed at promoting the adoption 
of CSA practices, the adoption rate among smallholder farmers in several regions of Ghana 
is still low (Martey et al. 2021; Atta-Aidoo et al. 2022; Tetteh Quarshie et al. 2023). As a 
result, evidence is required to comprehensively understand the drivers and barriers in CSA 
technology adoption to develop policies and programs that effectively address this issue.

Some studies in Africa have examined the impact of adopting CSA technologies on farm 
performance, focusing on the adoption of a single agricultural technology (Manda et  al. 
2016, 2018; Ng’ombe et al 2017; Teklewold and Mekonnen 2017; Martey et al. 2021). For 
example, Fentie and Beyene (2019) concluded that row planting positively impacts per-
hectare crop income in Ethiopia. In practice, some farmers adopt a combination of technol-
ogies rather than one technology to address production challenges such as climate change 
and unexpected shocks. In this case, studies focusing on the effects of a single technology 
may overlook the importance of other complementary technologies that farmers may adopt 
to address such challenges.

This paper investigates the association between CSA technology adoption and farm per-
formance, captured by maize yields and net farm income. We analyze data collected from 
3197 smallholder farmers in Ghana’s three regions (Brong-Ahafo, Northern, and Ashanti). 
These three regions are selected based on their status as the leading maize producers in 
Ghana. We focus on three CSA technologies in this study: row planting, zero tillage, and 
drought-tolerant maize seeds. We concentrated on these three technologies because they 
were the only ones disseminated to the maize farmers in our sample. Row planting is criti-
cal for improved soil fertility, temperature regulation, and moisture management. Drought-
tolerant maize seeds are critical for stress (drought, heat, disease, and pest) management, 
whereas zero tillage is important for reducing soil erosion and increasing soil biological 
activity.

We attempt to make three contributions to the literature on climate-smart agriculture. 
First, we explore the factors affecting maize farmers’ decisions to adopt different combi-
nations of CSA technologies. To achieve this, we categorize the three CSA technologies 
(row planting, zero tillage, and drought-tolerant maize seeds) into eight groups by consid-
ering non-adoption, adopting only one type of technology, combining one technology with 
another, and adopting all three technologies. Second, we examine the impact of CSA adop-
tion on maize yields and net farm income. As an exception, Martey et al. (2020) explored 
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the impacts of adopting row planting and drought-tolerant maize varieties on the yields and 
intensity of maize commercialization. Still, they did not consider the adoption of zero till-
age. Third, we employ the multinomial endogenous switching regression (MESR) model 
to address the selection bias issues arising from both observed factors (e.g., age, gender, 
farm size, and household size) and unobserved factors (e.g., farmers’ innate ability and 
motivations). The MESR model acknowledges that farmers choose one of those eight tech-
nology options to maximize the expected benefit. The policy implications are significant. 
Identifying determinants that influence smallholder farmers’ adoption of single or multiple 
CSA technologies could provide valuable insights into the effectiveness of various infor-
mation channels, such as radio, extension services, and FBOs, in facilitating CSA technol-
ogy adoption.

The remainder of the paper is structured as follows. The review of the literature is pre-
sented in Sect. 2. The econometric framework is introduced in Sect. 3, and the survey sites, 
data, and descriptive statistics are presented in Sect. 4. Section 5 presents and discusses the 
empirical results. The final section summarizes the findings, suggests policy implications, 
and discusses the limitations.

2 � Literature review

Many studies have been conducted globally to investigate the factors influencing the adop-
tion of CSA technologies in smallholder farming systems in Africa. There exist two strands 
of literature. The first strand of literature considers the single CSA technology, such as 
improved crop varieties and row planting (Teklewold et al. 2013; Keil et al. 2017; Amadu 
et al. 2020; Manda et al. 2020a; Martey et al. 2020; Ehiakpor et al. 2021; Guo et al. 2022; 
Mossie 2022). For example, Manda et  al. (2018) found that socioeconomic, farm-level, 
and institutional factors influence farmers’ decisions to adopt improved maize varieties 
in Zambia. Ayal et  al. (2018) investigated the factors influencing row planting adoption 
in Ethiopia. They found that household heads’ educational levels, family labor, farm size, 
membership in training and associations, and livestock ownership positively and signifi-
cantly impact row planting adoption. According to Martey et al. (2020), the main factors 
influencing farmers’ adoption of drought-tolerant maize varieties in Ghana are access to 
seeds and extension, gender, labor availability, and location. Kimathi et al. (2021) found 
that access to information, quality seeds, training, group membership, and variations in 
agroecological zones are the most important factors influencing farmers’ decisions to adopt 
climate-resilient potato varieties.

The second strand of literature has investigated the factors that influence smallholder 
farmers’ decisions to adopt multiple agricultural innovations/technologies (Makate et  al. 
2019; Ehiakpor et  al. 2021; Bese et  al. 2021; Antwi-Agyei and Amanor 2023; Jones 
et al. 2023). For example, Makate et al. (2019) found that access to extension, fertilizer, 
credit, marital status, experience, and residential status are the main factors affecting 
farmers’ adoption of multiple CSA innovations (conservation agriculture, improved leg-
ume, and drought-tolerant maize) in Malawi and Zimbabwe. Amadu et  al. (2020) found 
that program participation has a positive and statistically significant effect on the adop-
tion of CSA practices (residue addition, non-woody plant cultivation, assisted regeneration, 
woody plant cultivation, physical infrastructure, and mixed measures) in general, with the 
strongest effects on resource-intensive CSA categories in southern Malawi. Ehiakpor et al. 
(2021) found that off-farm income, perceived low soil fertility, pest and disease incidence, 
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experience, field demonstration and group membership, land ownership, distance to mar-
ket, and credit access all influence the adoption of multiple sustainable practices (e.g., 
adoption of improved maize seeds, maize-legume rotation, animal manure, legume inter-
cropping, and crop residue retention). By estimating data from southern Ghana, Jones et al. 
(2023) reported a positive relationship between mobile phone agriculture extension deliv-
ery and the adoption of CSA practices.

In addition to the factors influencing CSA technology adoption, the existing studies have 
also assessed the effects of CSA technology adoption. Most of those studies have focused 
on the impact of adopting a single CSA technology on various outcome variables such 
as farm income, agrochemical use, labor demand, crop yields, and poverty (Manda et al. 
2016; Ng’ombe et al. 2017; Teklewold and Mekonnen 2017; Martey et al. 2020). Only a 
few studies have assessed the effects of adopting multiple CSA technologies (Gebremariam 
and Wünscher 2016; Manda et al. 2016; Khonje et al. 2018; Makate et al. 2019). For exam-
ple, Makate et al. (2019) found that adopting CSA technologies (conservation agriculture, 
improved legumes, and drought-tolerant maize) increases farm productivity and income 
in southern Africa than using them separately. Khonje et al. (2018) demonstrated that in 
Zambia, the simultaneous adoption of innovative technologies (improved maize varieties 
and conservation agriculture practices) has a greater impact on farm output, income, and 
poverty than individual innovation package adoption.

Although the studies above have provided rich insights into the factors influencing CSA 
technology adoption and its impacts, significant research gaps remain. Specifically, most 
previous research on the adoption of multiple CSA technologies has focused on Eastern 
and Southern African countries (Teklewold et  al. 2013; Makate et  al. 2019; Bese et  al. 
2021), with little focus on West African countries such as Ghana (Ehiakpor et al. 2021; Lu 
et al. 2021; Faye et al. 2021; Setsoafia et al. 2022). The maize production environment in 
West Africa differs from that in Southern and Eastern Africa due to different varieties and 
production practices. In their meta-analysis, Xie and Huang (2021) emphasized that tech-
nology adoption is heterogeneous, so policymakers and other stakeholders must consider 
geographical differences and farming systems, the technology needs of different farmers, 
and costs when designing policies to encourage the adoption of agricultural technologies. 
Given that no predefined combinations of CSA technologies work in every environment, 
it has been claimed that adopting CSA technologies is context-specific (Amadu et  al. 
2020; Xie and Huang 2021). As a result, empirical studies demonstrating the impact of 
CSA technologies in various environmental settings are critical for designing policies and 
technologies. This study adds to the literature by examining how adopting CSA technolo-
gies, specifically row planting, zero tillage, and drought-tolerant maize seeds, affects maize 
yields and net farm income in Ghana.

3 � Econometric framework

3.1 � Selection bias issue and model selection

Agriculture is risky, especially in much of the developing world, where farmers rely heav-
ily on rainfall, plant in degraded soils, face pest and disease outbreaks, and frequently lack 
access to high-quality inputs or markets (Sova et al. 2018). These external shocks may prompt 
smallholder farmers to adopt CSA technologies to mitigate crop production shocks. Farmers’ 
decisions to adopt one of the CSA technologies can be influenced by socioeconomic factors 
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that can be observed (e.g., age, gender, size of the farm, and years of education) as well as 
factors that cannot be observed (e.g., motivations and managerial skills) (Kassie et al. 2013; 
Teklewold et al. 2013; Manda et al. 2016; Ehiakpor et al. 2021). Due to self-selection issues, 
farmers who adopt CSA technologies may systematically differ from those who do not adopt 
the technologies regarding observed and unobserved characteristics. It should be emphasized 
that any selection bias issues that arise should be addressed to estimate the impacts of CSA 
technology adoption on farm performance consistently.

When technology adoption is a binary decision (i.e., adoption or non-adoption), approaches 
such as the propensity score matching (PSM) model (Ma et al., 2022) or endogenous switch-
ing regression (ESR) model (Liu et al. 2021; Zheng et al. 2021) can be used to estimate its 
impact. However, when technology adoption involves multiple choices, PSM and ESR models 
become inefficient in addressing selection bias issues. In this case, previous studies have sug-
gested using the multinomial endogenous switching regression (MESR) model (Kassie et al. 
2015; Lu et al. 2021; Oparinde 2021; Ahmed 2022; Asante et al. 2023) and multivalued treat-
ment effects (MVTE) model (Cattaneo 2010; Lu et al. 2021; Ma and Zheng 2021; Czyżewski 
et al. 2022; Asante et al. 2023). The MESR model enables one to account for both observed 
and unobserved factors when addressing the selection bias issues, while the MVTE model 
only mitigates the observed selection bias issues. Because the MVTE model has limitations 
in addressing unobserved selection bias, we use the MESR model in this study to estimate the 
treatment effects of CSA technology adoption on farm performance.

3.2 � Multinomial endogenous switching regression

The MESR model consists of three steps. The first stage is to investigate the factors influenc-
ing farmers’ decisions to adopt the three CSA technologies: drought-resistant seeds (D), row 
planting (R), and zero tillage (Z). These three CSA technologies can present eight options 
for an individual farmer. If a farmer chooses not to adopt the three CSA technologies, it can 
be recorded as (1) non-adoption (D0R0Z0). That is, farmers did not adopt any of those three 
CSA technologies. Adopters have seven options which are (2) drought-resistant seeds only 
(D1R0Z0); (3) row planting only (D0R1Z0); (4) zero tillage only (D0R0Z1); (5) drought-resistant 
seeds and row planting (D1R1Z0); (6) drought-resistant seeds and zero tillage (D1R0Z1); (7) 
row planting and zero tillage (D0R1Z1); and (8) combination of drought-resistant seed, row 
planting and zero tillage (D1R1Z1). These eight combinations are all mutually exclusive. An 
individual farmer, therefore, chooses one of those eight possible options in farm production to 
maximize their expected benefits.

We assume that the random terms are identical and independently distributed based on the 
Gumbel distribution, with the likelihood that an ith farmer with Hi attributes would select jth 
CSA technology from those eight possible options. This is captured by a multinomial logit 
(MNL) model within the MESR model framework (Ma et al. 2022; Teklewold et al. 2013; 
Zhou et al. 2020), which is specified as follows:

where Lij refers to the likelihood that ith farmer selects to adopt jth CSA technology; Hi is a 
vector of observed explanatory factors captured by household, farm level, institutional and 
location variables; �j is a vector of parameters to be estimated.

In the second step of the MESR model, an ordinary least squares (OLS) approach was 
employed to examine the relationship between a set of explanatory variables (represented 

(1)Lij = Pr
�
𝜗ij < 0�Hi

�
=

exp(Hi𝛼j)∑j

s=1
exp(Hi𝛼j)

j = 1, 2,… , 8
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as Xi ) and outcome variables (i.e., maize yields and net farm income). The non-adoption 
(D0R0Z0) of the CSA technology is represented by j = 1 , while other combinations are rep-
resented by j = 2, 3, 4,… , 8. Thus, we express each regime of equations as follows:

where WiJ refers to the outcome variable for the ith farmer when adopting CSA technology 
J; Xi indicates a vector of explanatory variables; �1 and �J are parameters to be estimated; 
�i1 and �iJ refer to disturbance terms.

In Eq. (2), Xi could help address the observed selection bias issues. However, when the 
same unobserved factors (e.g., farmers’ innate abilities and aspirations) influence farmers’ 
decisions to adopt CSA technologies and outcome variables simultaneously, the distur-
bance terms in Eqs. (1) and (2) will be correlated. If the correlation coefficients of the dis-
turbance terms do not equal zero, selection bias issues occur (Setsoafia et al. 2022). Failure 
to account for such an issue may result in biased and inconsistent estimates. Therefore, the 
MESR model includes the selectivity-correction terms computed after estimating Eq. (1) 
and automatically fit into Eq. (2) to eliminate the unobserved selection bias. By including 
the selectivity-correction terms, Eq. (2) can be rewritten as follows:

where �1 and �J refer to selectivity-correction terms; �
1
and �

J
 are covariances between 

disturbance errors in Eqs. (1) and (2). The rest of the parameters are already defined from 
the above equations. Further, the multinomial selection framework allows for J − 1 selec-
tivity-correction terms where one represents each option of CSA technology combination.

According to Di Falco et al. (2011) and Asante et al. (2023), estimations of the MESR 
model must include at least one instrumental variable (IV) for model identification. The 
employed IV is included in the Hi of the MNL model in Eq. (1), but not in the Xi of the 
outcome Eq.  (2). In this paper, we use four information variables (i.e., membership of a 
farmer-based group, information from radio, colleague farmer, and extension contacts) as 
IVs for the identification purpose of the model. The selected IVs are not expected to influ-
ence maize yields and net farm income directly. The validity of these IVs was evaluated 
using the falsification test (Di Falco et al. 2011; Ma and Zheng 2021; Asante et al. 2023) 
and Pearson correlation analysis (Asante et al. 2023; Ma and Zheng 2021; Ma et al. 2022). 
Tables 5 and 6 in the Appendix present the validation results for the instruments.

In the third stage, the average treatment effect on the treated (ATT) is computed by 
comparing the expected outcome variables of CSA technology adopters and non-adop-
ters. In practice, estimating the impacts on experimental data is easier, whereas it is quite 

(2)

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

Regime 1 ∶ Wi1 = Xiβ1 + �i1 if I = 1

.

.

.

Regime J ∶ WiJ = XiβJ + �iJ if I = J

(3)

⎧⎪⎪⎪⎨⎪⎪⎪⎩

Regime 1 ∶ Wi1 = Xiβ1 + �
1
�
1
+ �i1 if I = 1

.

.

.

Regime J ∶ WiJ = XiβJ + �J�J + �iJ if I = J



Mitig Adapt Strateg Glob Change (2024) 29:16	

1 3

Page 7 of 23  16

challenging to establish the impacts using cross-sectional data. The MESR model helps 
calculate the counterfactual outcome (i.e., the outcome of CSA technology adopters if they 
had not adopted the CSA technology), making the calculation of ATT possible. Following 
previous studies (see Ahmed 2022; Asante et al. 2023; Kassie et al. 2015; Oparinde 2021), 
the ATT estimates for the actual and counterfactual scenarios are derived using the follow-
ing equations.

CSA technology adopters with adoption (actual adoption observed):

The CSA technology adopters had they decided not to adopt (counterfactual):

Finally, subtracting Eq. (5) from Eq. (4) gives the ATT. It is specified as

4 � Survey sites, data, and descriptive statistics

4.1 � Survey sites

The data used in the present study were collected from Ghana’s Brong-Ahafo, Northern, 
and Ashanti regions (Fig. 1) from August to September 2022. These three regions are con-
sidered in our analysis because they account for most maize production in Ghana (Kankam-
Boadu et al. 2018; Food and Agriculture Organization 2019). The Brong-Ahafo region is 
in the southern half of the country between longitude 0° 15′ E-3° W and 8° 45′ N-7° 30′ S. 
The region is bordered on the north by the Northern region, the south by the Ashanti and 
Western regions, the east by the Volta region, and the west by the Eastern region. Its popu-
lation is 2,282,128, and 69.1% is engaged in agriculture (Ghana Statistical Services 2021). 
The region has fertile soils, favorable climatic conditions, and a diverse vegetation cover. 
It is also considered an agricultural-based economic activity in Ghana, contributing about 
30% of its food supply (GSS 2021).

The Northern region, located in northern Ghana, covers a total area of 70,384 km2. The 
region lies approximately within N 9° 32′ 38.1372″, W 0° 54′ 20.3832 and is bordered on 
the west by the Savannah region, on the east by the international border with Togo, on the 

(4)

⎧⎪⎪⎪⎨⎪⎪⎪⎩

E
�
W
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�I = 2

�
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β
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2
�
2

.

.

.

E
�
W

iJ
�I = J

�
= X

i
β
J
+ �
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J

(5)

⎧⎪⎪⎪⎨⎪⎪⎪⎩

E
�
W

i1
�I = 2

�
= X

i
β
1
+ �

1
�
1

.

.

.

E
�
W

iJ
�I = J

�
= X

i
β
1
+ �

J
�
1
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− E
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south by the Oti region, and in the north by the North East region. The Northern region has 
a population of approximately 1,948,913 people (GSS 2021), with agriculture being the 
primary source of income for approximately 75% of the population, primarily cultivating 
sorghum, cowpea, millet, and maize. The region lies within the Guinea Savannah agroeco-
logical zone, characterized by aridity, densely clustered grassland, and drought-resistant 
trees. Temperatures in the region range from 14 °C at night to 40 °C during the day.

The Ashanti region, located in the center of Ghana, has a total land area of 24,389 km2 
and is located between longitudes 0.15° E and 2.25° W and latitudes 5.50° N and 7.46° 
S. The region shares its southern, northern, western, and eastern borders with the Cen-
tral, Bono East, Western, and Eastern regions. With a population of 5,924,498 in 2020, the 
Ashanti region was Ghana’s most populous (GSS 2021). Agriculture is the primary source 
of income for the majority of the population in the region. The region has a bimodal rainfall 
pattern, with annual precipitation ranging from 1300 to 1500 mm (GSS 2021), and rela-
tively rich soils supporting major crops such as maize, rice, roots and tubers, and sorghum.

4.2 � Data

A total of 3197 maize farmers were sampled from six districts (Nkoranza North, Kintampo 
South, Ejura-Sekyeredumasi, Zabzugu, Ejisu municipal and Northeast Gonja), two districts 
for each of the three regions (Brong-Ahafo, Northern and Ashanti). A multistage sampling 
technique was used to select a district purposively, in which three communities were pur-
posively sampled in each district, and 180 farmers were also randomly selected to obtain a 
total of 540 from each district. Each region had a sample size of 1080 maize farmers. The 
final analysis included a sample of 3197 farmers (see Fig. 2 for the methodological flow 

Fig. 1   Map of the study area 



Mitig Adapt Strateg Glob Change (2024) 29:16	

1 3

Page 9 of 23  16

chart). The data have various socioeconomic characteristics, agricultural land holdings, 
maize outputs and sales, livestock production, farmers’ access to CSA technology informa-
tion, institutional factors, and income.

Following previous studies that estimate the impact of adopting CSA technologies and 
other agricultural innovations (e.g., Bopp et  al. 2019; Kassie et  al. 2013; Ma and Wang 
2020; Ma and Zheng 2021; Manda et al. 2016; Setsoafia et al. 2022; Teklewold et al. 2013) 
we consider two outcome variables: maize yields and net farm income. The maize yields 
are measured by the maize output per unit of land during the 2021/2022 production season, 
i.e., kg/acre. The net farm income refers to the difference between the gross revenue of 
maize production and the maize production costs of all variable inputs (such as labor, seed, 
agrochemicals, and fertilizers), which is measured at GHS/acre.

4.3 � Descriptive statistics

Table 1 shows the definitions and summary attributes of farmers. The average maize yields 
are 2490  kg/acre, and the net farm income is 3716 GHS/acre. Of the sampled farmers, 
86.6% are males, and their mean age is 47.49  years. Most of the farmers (86.5%) were 
married, with a mean family size of 6.7. A typical farmer has 8.91 years of formal educa-
tion and 21.32 years of farming experience. Fifty-five percent of farmers were members 
of farmer-based organizations. Approximately 58.7% of farmers received CSA technol-
ogy information from extension agents, while 83.9% and 41.3% received it from colleague 
farmers and radio, respectively.

Study site 

(Ghana’s Northern, Brong-Ahafo and Ashanti)

Sampling method 

(Multistage sampling technique)

Data collection 

(Face-to-face interviews)

Data cleaning and analysis

(Sample size=3,197

Fig. 2   Survey methodological flow diagram
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Table 1 also shows that males make up the majority of CSA adopters who use at least two 
types of CSA technologies. Farmers who adopted at least two types of CSA technologies were 
more educated, implying that they may be better able to understand the benefits of CSA tech-
nologies than farmers who adopted a single technology or were non-adopters. Relatively large 
family sizes used at least two types of CSA technologies. The majority (54%) of farmers who 
adopted all three CSA technologies had market information, and 74.7% owned their farmland. 
Furthermore, farmers who experienced shocks, such as pest and disease stress (52.4%) and 
drought stress (50.1%), are more likely to adopt a combination of all CSA technologies.

Table 2 shows the distributions of various categories of CSA technologies maize farmers 
adopt. Out of the eight possible CSA groups, around 15.98% of farmers did not adopt any type 
of CSA technology (D0R0Z0). Among the adopters, the largest proportion of farmers (26.62%) 
adopted drought-resistant seeds and zero-tillage (D1R0Z1). This is followed by the proportion 
of farmers (20.21%) who adopted all three CSA technologies (D1R1Z1). Only 4.22% of farm-
ers combined drought-resistant seeds and row planting (D1R1Z0) as CSA technologies.

5 � Empirical results and discussions

5.1 � Determinants of choosing different combinations of CSA technologies

Table 3 presents the results of the MNL model estimates, revealing the factors influencing 
farmers’ decisions to select and adopt CSA technologies. We used non-adopters (D0R0Z0) as 
the reference group in MNL estimations. Because the interpretation of the coefficients is not 
straightforward and it gives only the direction of the variables, the marginal effects of the MNL 
model are presented in Table 3 to provide a better understanding of factors influencing maize 
farmers’ decisions to adopt CSA technologies (Nguyen-Van et al. 2017). Our results show that 
the marginal effects differ greatly among the different CSA technology combinations.

The results reveal that the farmer’s age has a positive and significant marginal effect (see 
columns 5, 6, 7, and 8 of Table 3). The findings imply that older farmers are more likely to 
integrate drought-resistant seeds and row planting (D1R1Z0), drought-resistant seeds and zero 

Table 2   Distributions of CSA technologies adopted in maize production

Subscript 1 = adoption and 0 = non-adoption

Choice (j) CSA technologies Drought-
resistant 
seeds (D)

Row plant-
ing (R)

Zero tillage 
(Z)

Frequency Percentage (%)

D1 D0 R1 R0 Z1 Z0

1 D0R0Z0 ✔ ✔ ✔ 511 15.98
2 D1R0Z0 ✔ ✔ ✔ 329 10.29
3 D0R1Z0 ✔ ✔ ✔ 178 5.57
4 D0R0Z1 ✔ ✔ ✔ 316 9.88
5 D1R1Z0 ✔ ✔ ✔ 135 4.22
6 D1R0Z1 ✔ ✔ ✔ 851 26.62
7 D0R1Z1 ✔ ✔ ✔ 231 7.23
8 D1R1Z1 ✔ ✔ ✔ 646 20.21
Total 3197 100
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tillage (D1R0Z1), row planting and zero tillage (D0R1Z1), and combinations of all the CSA 
technologies (D1R1Z1). For example, the positive and significant marginal effect in column 
5 of Table 3 suggests that older farmers are 16% more likely to integrate drought-resistant 
seeds and row planting (D1R1Z0) than younger ones. The findings on age resonate with the 
results of previous studies (Vatsa et al. 2023; Zhou et al. 2023), opining that older farmers 
have more knowledge and experience, motivating them to adopt productivity-enhancing tech-
nologies. Also, the age square variable, which captures the long-term effect of age on CSA 
technology adoption, has a significant and negative coefficient. This implies that as farmers 
grow older beyond a certain age, their likelihood of adopting CSAs decreases. Older farmers 
are 1.2% less likely to adopt CSAs. This finding suggests that diminishing physical strength 
over time may contribute to the reduced adoption of CSA technologies among older farmers. 
This is consistent with the findings of Mossie (2022) and Tanti et al. (2022), who found an 
inverse relationship between the age square of farmers and the adoption of CSA technology.

Education positively and significantly affects all the combinations in the last column. 
The finding suggests that one 1-year increase in education would increase the probabil-
ity of adopting drought-resistant seed, row planting, and zero tillage (D1R1Z1) by 23.2%. 
Better education improves farmers’ awareness and understanding of the benefits associated 
with CSA technologies, increasing their adoption motivation. This finding resonates with 
the findings of Gebremariam and Wünscher (2016) and Li et al. (2024).

Married farmers are 68.9% more likely to incorporate row planting and zero tillage 
(D0R1Z1) as CSA technologies. Married households have more members due to increased 
household size; hence, there is a desire to produce more food using CSA technologies. Makate 
et al. (2019) reported similar findings. They indicated that married farmers are more likely to 
adopt CSA technologies, specifically to improve legume seeds, because marriage is an institu-
tion in Southern Africa. The results also show that an additional year spent on farming by a 
typical farmer would reduce the likelihood of adopting row planting alone (D0R1Z0) by 57% 
and reduce the likelihood of incorporating drought-resistant seeds and zero tillage (D1R1Z0) 
by 62.6%. Most experienced farmers are more conservative in their adoption of modern pro-
ductivity-enhancing technologies. However, the experience variable positively affects adopting 
CSA technology, specifically zero tillage alone (D0R0Z1). Experience is linked to training and 
information obtained on CSA technologies, as well as less drudgery and no/low cost of zero 
tillage, which could encourage farmers to adopt zero tillage technology easily.

The positive and significant effect of household size on all CSA technologies adoption 
(D1R1Z1) suggests that a one-member increase in family size would increase the probability 
of adopting the three CSA technologies (D1R1Z1) together by 38.7%. Bigger families gener-
ally signal greater resource endowment, such as labor, assisting farmers in crop cultivation 
and adopting CSA technologies, than smaller families. Previous studies have also found that 
household units positively influence the adoption of sustainable agricultural practices in Ghana 
(Setsoafia et al. 2022). An additional acre increase in farm size would increase the likelihood 
of adopting all three CSA technologies (D1R1Z1) by 47%. Farmland is commonly described 
as a source of wealth, which motivates farm families, particularly those with large farms, to 
adopt CSA technologies. Anang and Amikuzuno (2015) discovered similar results in north-
ern Ghana. In addition, land ownership has a positive and significant effect on the adoption 
of drought-resistant seeds and zero tillage (D1R0Z1), as well as all three CSA technologies 
(D1R1Z1), which increases the adoption probability by 59.4% and 46.2%, respectively.

The distance from the farmer’s homestead to the nearest market positively influences the 
adoption of all three CSA technologies (D1R1Z1). This finding indicates that the greater the 
distance farmers travel to the nearest agricultural market, the less probability of adopting 
CSA technologies. This is consistent with the findings of Anang and Amikuzuno (2015), 
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who asserted that longer market distances are associated with higher transportation and 
transaction costs, thus reducing the likelihood of adopting CSA practices. The variable rep-
resenting the perceived pest and disease stress positively and significantly influences the 
adoption of all CSA technologies. Specifically, farmers who encountered an infestation of 
pests and diseases are more likely to adopt a blend of drought-resistant seeds and zero till-
age (D1R0Z1) and all three (D1R1Z1). This is consistent with Teklewold et al. (2013), who 
found that increased pest and disease stress increases the adoption of improved seeds in 
Ethiopia. In Ghana, Danso-Abbeam and Baiyegunhi (2018) indicated that high-incidence 
pests and diseases encourage adopting pesticide management practices. However, this may 
not be the case everywhere, as our findings indicate that pest and disease stress negatively 
affect the adoption of zero tillage (D0R0Z1), giving rise to the diverse influences of CSA 
technologies among Ghanaian smallholder farmers.

Farmers who receive CSA technology information via extension have a higher likeli-
hood of adopting CSA technologies such as drought-resistant seeds (D1R0Z0) alone and 
drought-resistant seeds and row planting (D1R1Z0), which increases their adoption prob-
ability by 15.2% and 13.1%, respectively. Better extension services for farmers, such as 
training and education on climate-sustainable agricultural practices, tend to boost crop 
productivity, which may drive most farmers’ adoption of CSA technologies. Membership 
in farmer-based organizations has a positive and significant effect on the adoption of mul-
tiple CSA technologies, specifically incorporating drought-resistant seeds and zero tillage 
(D1R0Z1), combining row planting and zero tillage (D0R1Z1) and all three CSA technolo-
gies (D1R1Z1). The findings confirm the extensive discussions about the advantages of 
farmer-based groups (see Manda et al. 2020a, b; Yu et al. 2021; Zhang et al. 2020). For 
example, being a FBO member increases the desire to adopt improved seeds in Zambia 
(Manda et al. 2020a, b) and soil and water conservation practices in Ghana (Amadu et al. 
2020). Also, farmers who obtain information from a colleague are more likely to adopt 
multiple CSA technologies. Specifically, the likelihood of adopting a combination of 
drought-resistant seeds and zero tillage (D1R0Z1), row planting and zero tillage (D0R1Z1), 
and all three CSA technologies (D1R1Z1) would increase by 67.9%, 16.3%, and 17.5%, 
respectively, if they received CSA technology information from colleagues.

The location dummies in columns 2, 4, and 5 are statistically significant. Our findings sug-
gest that farmers in Ashanti and Brong-Ahafo are more likely to adopt only drought-resistant 
seeds (D1R0Z0) than farmers in the Northern region (reference group). The findings highlight 
the importance of including location control variables in model estimations by demonstrating 
how other socioeconomic conditions, resource endowments, climatic conditions, and institu-
tional arrangements may influence smallholder farmers’ decisions to adopt CSA technologies.

5.2 � Treatment effects of CSA technology adoption

Table 4 shows the treatment effects of CSA technology adoption on maize yields and net 
farm income. The results estimated from the second stage of the MESR model are not 
presented in the study for simplicity but are available upon request. The results show that 
relative to non-adoption (D0R0Z0), adopting either row planting only (D0R1Z0) or zero till-
age only (D0R0Z1) significantly reduces maize yields by 80 kg/acre and 94 kg/acre, respec-
tively. One possible explanation for this phenomenon is that smallholder maize farmers in 
Ghana fail to adopt row planting and zero tillage appropriately, resulting in yield losses. 
Furthermore, the common practice of slash-and-burn agriculture among Ghana’s rural 
farmers can have a negative impact on soil performance, resulting in lower yields.
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In comparison, adopting any two combinations of CSA technologies significantly 
increases maize yields. For example, relative to non-adoption (D0R0Z0), adopting drought-
resistant seeds and row planting (D1R1Z0) together significantly increases maize yields by 
208 kg/acre, and adopting drought-resistant seeds and zero tillage (D1R0Z1) significantly 
increases maize yields by 153  kg/acre. The yield effect is the largest when adopting all 
three technologies together. Specifically, relative to non-adoption (D0R0Z0), the adoption of 
all three technologies (D1R1Z1) significantly increases maize yields by 548 kg/acre.

The results that estimate the treatment effects of CSA technology adoption on net farm 
income are presented in the last column of Table 4. The results provide some interesting 
insights. When a single CSA technology is adopted, row planting has the largest impact 
on net farm income (D0R1Z0). Relative to non-adoption (D0R0Z0), adopting row planting 
(D0R1Z0) significantly increases net farm income by 643 GHS/acre. When farmers com-
bine two of the three CSA technologies, row planting and zero tillage (D0R1Z1) adop-
tion have the largest impact of any CSA technology adoption option, increasing net farm 
income by 2078 GHS/acre. Relative to non-adoption (D0R0Z0), adoption of all three CSA 
technologies (D1R1Z1) significantly increases net farm income by 815 GHS/acre, and the 
impact is the second largest among all CSA technology options. Our findings corrobo-
rate with the recent findings (Amadu et al. 2020; Oduniyi and Chagwiza 2021; Setsoafia 
et al. 2022), highlighting that the adoption of multiple agricultural innovations has greater 
impacts on farm performance than the adoption of a single innovation.

5.3 � Additional estimations

To ensure the robustness of our findings, we conducted an additional analysis using ordi-
nary least squares (OLS) to estimate the impact of CSA technology adoption on maize 
yields and net farm income. The results are presented in Table 7 in the Appendix. The esti-
mates reveal that the intensity of CSA adoption is associated with a 2.1% increase in maize 
yields and an 11.9% increase in net farm income. These findings provide valuable insights 
into the relationship between the intensity of CSA technology adoption and smallholder 
maize farmers’ maize yields and net farm income. Nevertheless, we emphasize here the 
OLS regression cannot account for the endogeneity related to the CSA technology adop-
tion variable, and it tends to generate biased estimates regarding the impacts of CSA adop-
tion intensity. Therefore, the results obtained from the MESR model should be considered 

Table 4   ATT estimates of MESR model

Robust standard errors are in parenthesis. ***p < 0.01 and *p < 0.1

Treated group Control group Maize yields (1000 kg/acre) Net farm income 
(1000 GHS/acre)

D1R0Z0 D0R0Z0 0.041 (0.028) 0.054 (0.070)
D0R1Z0 D0R0Z0  − 0.080*** (0.049) 0.643*** (0.115)
D0R0Z1 D0R0Z0  − 0.094** (0.039) 0.143** (0.071)
D1R1Z0 D0R0Z0 0.208*** (0.066) 0.677*** (0.134)
D1R0Z1 D0R0Z0 0.153*** (0.031) 0.583*** (0.073)
D0R1Z1 D0R0Z0 0.098*** (0.036) 2.078*** (0.161)
D1R1Z1 D0R0Z0 0.548*** (0.023) 0.815*** (0.079)
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more reliable and comprehensive in understanding the association between CSA technol-
ogy adoption, maize yields, and the net farm income of smallholder maize farmers.

6 � Conclusions, implications, and limitations

The research and development community and governments are increasingly promoting the 
adoption of CSA technology to enhance food security and alleviate poverty among smallholder 
farmers in developing nations. We used random sampling to gather data from a sample of 3197 
farmers to evaluate the concurrent adoption and effects of CSA technology in Ghana. The 
MESR model and OLS regressions were used to assess the impact of CSA adoption on maize 
yields and net farm income. While the OLS model estimates provide insight into the impact of 
CSA adoption on maize yields and net farm income, the model does not adequately address 
the endogeneity problem associated with the CSA technology adoption variable. Therefore, the 
MESR was utilized to account for potential selection bias arising from both observed and unob-
served factors, and hence, the results from this model are used for our analysis.

According to the treatment effects estimates, integrating any CSA technology or adopt-
ing all three CSA technologies will greatly enhance maize yields and net farm income. 
Furthermore, our results showed that the adoption of all three CSA technologies has the 
largest impact on maize yields, while row planting and zero tillage have the greatest impact 
on net farm income. Most importantly, our findings suggest that smallholder farmers in 
Ghana and other developing areas in Sub-Saharan Africa should combine CSA technolo-
gies rather than use them separately to reap the greatest benefits from the essential syner-
gistic effects of CSA technologies.

The MESR model has identified several factors influencing smallholder farmers’ deci-
sions to adopt multiple CSA technologies. These factors include farmer-based organiza-
tion (FBO) membership, education, access to land, market access, and production shocks 
such as perceived pest and disease stress and drought. The findings suggest that enhanced 
institutional and policy measures are necessary to remove barriers that prevent smallholder 
farmers from adopting multiple CSA technologies. For instance, the implications of FBO 
membership, education, and extension services highlight the importance of governments 
working with farmer-based groups to improve extension services and educate farmers 
about the benefits of CSA technologies through radio programs and extension services. 
Through these channels, the likelihood of smallholder farmers adopting multiple CSA 
technologies will likely increase, which will provide greater benefits.

The study has three limitations that need to be addressed in future research. Firstly, the 
analysis was unable to capture the adoption and impacts of CSA technology adoption over 
time because only cross-sectional data was available. When panel data is available, future 
studies should explore the dynamic relationship between CSA technology adoption, farm 
performance, and household welfare. Secondly, this study only considered three CSA tech-
nologies (row planting, zero tillage, and drought-resistant seeds) because farmers in Ghana 
are heavily encouraged to use these three technologies to combat the effects of climate 
change and variability. However, CSA technology adoption is context-specific to the local 
environment, and some farmers may adopt more than three CSA technologies. Therefore, 
more studies focusing on other CSA technologies and other countries could be carried out 
to improve our understanding of this field. Lastly, further studies should examine the inten-
sity of CSAs on household welfare to understand better the impact of CSA technology 
adoption on household welfare.
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Table 6   Testing validity of instrumental variables using Pearson correlation analysis

*** < 0.01

Instrumental variables Correlation p value Outcome variables

Extension information 0.0480*** 0.0067
FBO membership 0.1500*** 0.000 CSA technology adoption
Radio information  − 0.1400*** 0.0223
Colleague farmer information 0.2242*** 0.000
Extension information  − 0.0052 0.7674
FBO membership 0.0141 0.4258 Maize yields
Radio information 0.0263 0.1367
Colleague farmer information 0.0086 0.6288
Extension information  − 0.1395*** 0.0000
FBO membership 0.0293 0.3210 Net farm income
Radio information 0.0387 0.2881
Colleague farmer information 0.0396 0.3272

Table 7   Impacts of CSA 
adoption intensity on maize 
yields and net farm income: OLS 
estimations

Maize yields and net farm income are measured in log-transformed 
forms. ***p < 0.01 and **p < 0.05

Maize yields Net farm income
Coefficient Coefficient

CSA adoption intensity 0.021 (0.010)** 0.119 (0.046)***
Control variables Yes Yes
Location variables Yes Yes
Constant 1.945 (0.446)*** 1.990 (0.721)***
R-squared 0.609 0.614
Prob > F 0.000 0.000
F-test 14.491 20.36
Sample size 3197 3197
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