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1. Introduction  

The contribution of smallholder agriculture is not limited to the production of food but also extends 

to livelihood provision, particularly for rural population which constitutes approximately 75% of 

the world’s poor. However, the success of agricultural production, especially in Sub-Saharan 

Africa (SSA), is threatened by the harmful effect of climate change, soil fertility depletion and 

land degradation. According to Lobell [1], the aggregate production levels in many regions of the 

world have been greatly reduced as a result of climate change. Unfortunately, the rural regions of 

SSA countries suffered most than any other part of the world in terms of agricultural production 

reduction impact of climate change [2, 3]. For example, according to FAO [4], maize yields in 

Africa have steadily lagged behind average global yield. Also, FAO [5] reported the economic loss 

due to climate change to be approximately 9% of GDP of African countries. In other to respond to 

these effects, research and development agencies, and government bodies in SSA have encouraged 

the dissemination and adoption of various ‘climate-smart’ agricultural technologies, including soil 

and water conservation practices (SWC), with the overarching aim of providing a viable pathway 

for rural farming household in bolstering productivity and livelihood outcomes, coping with 

negative externalities and fostering farmers’ resilience to climate change [5].  

As a means for sustainable agricultural intensification, the seminal paper of [3] highlighted three 

main practices upon which SWC farming is based, and these include crop rotation, crop residue 

retention and minimum soil disturbance (otherwise known as minimum tillage). The objective of 

these practices is to raise agricultural output per area through improvement in soil nutrients and 

fertility and lessen risks associated with weather shocks such as rainfall and drought shocks [6]. 

Advocates of SWC claim that, besides increased yield and enhanced yield resilience, SWC has 

implications for positive environmental externalities on the soil by raising its organic carbon 

composition [9, 10]. Several SSA countries have keyed into encouraging SWC practices owing to 

the variability of rainfall patterns and projected high temperatures in these countries. For example, 

conservation farming is well supported by the government of Zambia, likewise Nigeria [7, 8]. 

In Nigeria, the promotion of agricultural practices based on SWC date back in the 1970s, and since 

then many non-governmental institutions have showed renewed interest in it because of the 

productivity and welfare gains associated with them. Recently, the Federal Government of Nigeria 

(FGN) launched a policy and strategy document entitled “The Agriculture Promotion Policy” 

(APP) in which SWC is incorporated as one of the agricultural policy targets for the country. 

However, despite these concerted efforts at promoting the adoption of the SWC, it seems that the 

rate of adoption is still low, and this has raised the question about whether rural farming households 

have taken advantage of the opportunities that are associated with the SWC [7,11,12]. For 

example, 6 percent and 3.9 percent adoption rates of SWC practices in Zambia were reported by 

[11] and [12], respectively.  



 

Studies on the impacts of adoption of SWC on productivity and welfare outcomes are well 

established in the literature, albeit with differing conclusions. For example, Kassie et al [13] 

examined the impact of SWC on productivity in northern Ethiopia and found that adoption resulted 

in improved yield. The study conducted by [6] also highlighted that the adoption of SWC practices 

led to improved labour productivity by about 15% in Zambia. Similarly, Mango et al [14] found 

that adoption of SWC had positive impacts on key livelihood outcomes in Zimbabwe, Malawi, 

and Mozambique. In addition, studies such as [15] conducted for Kenya, Tanzania Uganda, [16] 

for Bangladesh and [17] for Brazilian Amazon reported positive impacts of SWC practices on 

yield and farmers’ welfare. In contrast, using a propensity score matching approach, Abebe and 

Bekele [18] found that adoption of soil and water conservation program did not significantly 

improve household income, and crop yield in Ethiopia while Nkala et al [19] argued that SWC 

practices are associated with labour intensive in Central Mozambique.  

Likewise, Nkala et al [20] concluded in their study in Mozambique that the returns from 

conservation agriculture practices are not immediate and may not benefit the very poor farmers. 

However, to the best of our knowledge, the literature on the impact of adoption of SWC practices, 

particularly on productivity and welfare outcomes from the Nigerian perspective still remains 

scarce. [3, 21] acknowledged that adoption impacts may differ by location. In this paper, we aim 

to fill this gap in the literature by providing a detailed impact evaluation of the adoption of soil 

and water conservation practices among rural farmers in Nigeria. Particularly, the study seeks to 

provide answers to the following agricultural policy questions: What are the policy and socio-

economic factors influencing rural farmers’ decision to adopt SWC practices as a bundle or in 

isolation? What is the welfare impact of adoption of SWC practices? And does the adoption of 

SWC practices increase yield of rural farmers?  

Our paper contributes to the empirical literature and policy debate in this area in three important 

ways. First, in the Nigeria context, this study is the first, to the best of our knowledge, to explicitly 

evaluate the impact of the adoption of SWC practices on productivity and welfare of farming 

households. Given that low productivity and poverty are still major challenges facing farmers in 

several developing countries, particularly in rural Nigeria, providing answers to the question of 

how the adoption of SWC practices can help to address the agriculture productivity constraints 

while also improving welfare outcomes is hugely important for research and policy in this area. 

Several impact assessment studies have identified that farmers’ decision to adopt new farm 

management practice, programme or technology is non-random. This is because farmers tend to 

“self-self” into adoption and the decision may be endogenous. Also, some unobserved factors are 

affecting the farmers’ decision to adopt – for example, managerial skills of farmers that are innate 

– that may also affect the productivity and welfare outcomes, resulting in endogeneity, and 

therefore make estimations to be biased and inconsistent. The second contribution of this paper is 

in the use of linear regression with endogenous treatment effect approach for obtaining unbiased 

and consistent estimates. This analytical approach is able to isolate the causal impacts of adoption 

on outcome variables while controlling for potential endogeneity.  

Thirdly, with the understanding that adoption of SWC rates in Nigeria and many other developing 

countries are still low compared to the rest of the world [6, 11,12], using a multinomial logistic 



 

estimation approach, this study also seeks to provide insights on the factors that can hinder or 

enable adoption of SWC practices in the bundle or individually in the Nigeria context. The 

understanding of these factors is germane in providing information on the incentives and 

limitations associated with SWC adoption which are needed for formulating effective 

dissemination strategies for extension purposes. The remainder of the paper is organized as 

follows: In section 2 we discuss the relevant literature in this area and section 3 describes the data 

and summary statistics. In section 4 we present the empirical specification of the model, while the 

estimated results are reported and discussed in section 5. The final section concludes the paper 

along with some policy recommendations emanating from the findings of the study. 

 

2. Data and Descriptive Statistics 

Household survey data collected by the International Institute of Tropical Agriculture (IITA) in 

Nigeria between November 2014 and February 2015 was used for this study.  In order to reduce 

sampling error, a stratified sampling approach was used to select a representative sample of crop 

farming households in major maize producing areas in Nigeria.  The multi-stage stratified 

sampling proceeded in the first stage with the division of states in Nigeria into homogenous five 

sub-groups. The sub-groups were obtained based on the size of land devoted to maize cultivation 

by the farmers. Sixteen states were selected randomly from the sub-groups. The second stage was 

the selection of Enumeration Areas (EAs), proportional to the size of each Local Government 

Areas (LGA) and equally based on the recommendation of the National Bureau of Statistics (NBS) 

for obtaining a nationally representative data: two communities were randomly selected from the 

selected EAs. In the third stage, 10% of the LGAs were selected in each of the selected states.  

Finally, a total of 2334 farming households were randomly selected from the selected households.  

 

In the survey, data were collected on detailed information on socioeconomic and demographic 

characteristics of the maize farmers and households, household expenditure on food and non-food 

items, information on adoption of soil and water conservative practices, outputs of maize, income 

from maize sold and other various sources. The treatment variables, adoption of soil and water 

conservative practices, were constructed using the following survey questions: Did you adopt any 

soil and water conservation practices?  Did you incorporate crop residue in the soil? Did you 

rotate the planting of your crop? Did you practice minimum soil disturbance on your plot?  Based 

on these questions, we constructed a dummy variable that took on the value of one if the farmer 

had used any of the aforementioned SWC practices and zero otherwise. However, we further 



 

lumped together different SWC practices to construct two or three combinations of SWC practices.  

For instance, a farmer will get the value of one if she/he adopted the use of crop residue 

incorporation and minimum soil disturbance and zero otherwise. Hence, we tagged this variable 

as “MR-only”. Also, if a farmer adopted the use of the three combinations i.e. crop residue 

incorporation, crop rotation, and minimum soil disturbance and zero otherwise. Hence, we tagged 

this variable as “MRC-only”. The data was collected under the Drought Tolerant Maize for Africa 

(DTMA) project which aims to mitigate drought and other constraints to maize production in sub-

Saharan Africa, increasing maize yields by at least one ton per hectare under moderate drought 

and with a 20 to 30 percent increase over farmers’ current yields, benefiting up to 40 million people 

in 13 African countries. The project, launched in 2007, brings together farmers, research 

institutions, extension specialists, seed producers, farmer community organizations and non-

governmental organizations. It is jointly implemented by CIMMYT and the International Institute 

for Tropical Agriculture (IITA), in close collaboration with national agricultural research systems 

in participating nations.  

 

The outcome indicators used for measuring the impact of SWC practices adoption are variables 

related to productivity and welfare. Firstly, following [12, 18, 69, 70], the productivity outcome-

related variable is maize yield measured in kilogram per hectare. The decision to use maize yield 

was also informed by the fact that the data was primarily collected from maize farmers. Based on 

the summary statistics in our data, average maize yield was 1153.14 kg/ha. However, average 

maize yield for adopters of SWC practices (1283.45 kg/ha) is significantly higher than non-

adopters (990.57 kg/ha) and the difference is statistically significant at 1% significance level (see 

Table 1). Our second productivity indicator is the per capita crop income measure in United States 

Dollars. This value was calculated using farmer estimates of the total harvest value for maize. The 

results show that the over mean crop income is 150 USD. Consistently, the crop income of the 

adopter of SWC practices (165.898) is significantly higher than non-adopters of SWC practices.  

In addition, we used three measures to capture the welfare of the maize farmers. Firstly, we used 

per capita expenditure. In principle, there is possibility of an increase in expenditure (food and 

non-food) as a result of increase in income. Therefore, we followed [30, 45, 69,70, 71] to measure 

welfare using per capita expenditure. Secondly, we used per capita food expenditure as a measure 

of welfare. Many times, per capita food expenditure is used as a measure of food security. 



 

However, food security has been regarded as a good measure of welfare [45, 69, 70]. Finally, 

following previous studies [30, 68] on poverty, we used the Foster-Greer-Thorbecke [FGT] of 

expenditure-based poverty measure to generate a poverty line that categorizes the poverty status 

of the farmers as poor and non-poor. A farmer is given the value of 1 implying poor if the mean 

per capita expenditure is less than two-thirds of the mean and zero otherwise.  

Table 1 presents the summary statistics of the key variables of interest in the present study. The 

data show that about 52% of farmers have adopted at least one of the soil and water conservation 

(SWC) practices. Hence, the disaggregation between adopters and non-adopters was based on the 

adoption of at least one of the soil and water conservation (SWC) practices.  The average 

household size is about 6.8 members and the average household head is 47.45 years old (Table 1). 

Moreover, most of the respondents are literate, with an average of 7.5 years of schooling for the 

household head. About 81% of household heads are male and 88% are married. In terms of the 

treatment variables, the data show that about 27.8% of maize farming households adopted the 

combination of the three (“MRC-only”) soil and water conservation (SWC) practices, 34.2% 

adopted the mixture of minimum soil disturbance and crop residue retention (“MR-only”), and 38 

% adopted the mixture of minimum soil disturbance and crop rotation (“MC-only”). On the other 

hand, 71% adopted minimum soil disturbance (“M-only”), 45.7% adopted crop residue retention 

while 50.7 % adopted crop rotation.  

 

 

 



 

Table 1: Summary Statistics between the pooled, adopters and non-adopters of the soil and water conservation (SWC) practices 

Variable Description of variables Pooled Adopters* Non-adopters Mean Diff 

Controls   Mean S.D  Mean S.D Mean S.D  

age_new Age of household head (years) 47.45 13.97 47.48 14.64 47.42 13.21 0.06 

marrital_s~2 Marital status of household head (1 if household is 
married; 0 otherwise) 

0.88 0.32 0.89 0.32 0.92 0.32 -0.03 

Sex  Gender of household head (1 if household head is male; 0 
otherwise) 

0.82 0.18 0.82 0.20 0.82 0.17 0.001* 

Edy_yrsc Education level of household head (years) 7.50 5.77 7.29 5.67 7.73 5.87 -0.44 

fieldsizec Total size of farm land owned by household head (hectare) 4.42 3.16 4.53 3.29 4.30 3.01 0.23*** 

ever_willing 1 if household head is willing to risk adopting new maize 
variety; 0 otherwise. 

0.71 0.46 0.75 0.43 0.66 0.47 0.09 

farmn_exp_~w Experience of household head in farming activities (years) 25.49 16.28 26.08 16.15 24.85 16.39 1.23*** 

house_owne~p 1 if household owned productive assets, 0 otherwise 0.87 0.34 0.88 0.32 0.85 0.36 0.04 

main_occup Main occupation of household head (1 if farming; 0 
otherwise) 

0.77 0.42 0.79 0.41 0.75 0.43 0.04 

off_farm_o~p 1 if household head is  non-farm employment; 0 otherwise 0.29 0.45 0.29 0.45 0.29 0.46 -0.005* 

access_cre~t 1 if household head has access to credit; 0 otherwise 0.15 0.36 0.17 0.37 0.14 0.34 0.03*** 

drought 1 if farming household ever experienced drought; 0 
otherwise 

0.18 0.39 0.20 0.40 0.17 0.37 0.03** 

mem_input_~s 1 if household head belong to any group; 0 otherwise 0.62 0.48 0.66 0.48 0.59 0.49 0.07 

Ever_usedf~t 1 if farming household ever used fertilizer; 0 otherwise. 0.68 0.47 0.70 0.46 0.66 0.47 0.04 

agro_eco1 1 if Savannah, 0 otherwise 0.35 0.48 0.30 0.46 0.41 0.49 -0.11 

stress 1 if household head ever experience occupational stress; 0 
otherwise. 

0.65 0.48 0.67 0.47 0.62 0.49 0.05 

poor_soil_~y 1 if farming household used land with poor soil fertility; 0 
otherwise. 

0.06 0.23 0.03 0.17 0.09 0.29 -0.06 

hhsize2 Number of people in the household 6.84 3.03 6.91 2.92 6.76 3.15 0.15*** 

Do_u_own 1 if household head own farm asset; 0 otherwise 0.95 0.23 0.96 0.18 0.93 0.26 0.03*** 

access_exte 1 if household head has access to extension service; 0 
otherwise 

0.52 0.50 0.52 0.50 0.53 0.50 0.00 



 

NWest 1 if  farming household is resident in northwest geo-
political zone; 0 otherwise 

0.35 0.48 0.30 0.46 0.41 0.49 -0.11 

SSouth 1 if  farming household is resident in south-south  geo-
political zone; 0 otherwise 

0.05 0.21 0.05 0.21 0.05 0.22 -0.01 

SEast 1 if  farming household is resident in south east geo-
political zone; 0 otherwise 

0.04 0.20 0.04 0.20 0.05 0.21 -0.01 

NCentral 1 if  farming household is resident in north central geo-
political zone; 0 otherwise 

0.27 0.44 0.33 0.47 0.20 0.40 0.13 

NEast 1 if  farming household is resident in northeast geo-
political zone; 0 otherwise 

0.05 0.21 0.05 0.21 0.05 0.21 0.00 

Outcome variables              

Maize income 
($US) 

Per capita maize income in US Dollars equivalent 
150.11 12.88 165.90 22.89 135.89 32.90 30.008*** 

Maize Yd (kg/ha) Average maize yield measured in kilogram per hectare 1153.14 70.57 1283.44 18.95 990.57 67.09 292.86*** 

Per_cap_($US)* Per capita expenditure in US Dollars equivalent 131.52 14.44 143.78 23.90 119.91 34.10 24.87*** 

Per_cap_Fd_($US) Per capita food expenditure in US Dollars equivalent 110.62 7.09 123.89 45.90 89.90 19.90 34.99*** 

Poverty count (%) Poverty headcount measured as poverty incidence 
[percentage] 

0.46 0.09 0.49 0.08 0.58 0.10 -0.09*** 

Treatment variables        

adoption_s~n Adoption of at least one SWC practices; 0 otherwise 0.52 0.49  

min_soil_dis Adoption of minimum soil disturbance; 0 otherwise 0.71 0.45 

crop_res_r~n Adoption of crop residue retention; 0 otherwise 0.45 0.49 

crop_rotaion Adoption of crop rotation; 0 otherwise 0.50 0.50 

MC Adoption of minimum soil disturbance and crop rotation; 0 
otherwise 

0.38 0.48 

RC Adoption of crop residue retention and crop rotation; 0 
otherwise 

0.23 0.42 

MR Adoption of minimum soil disturbance and crop residue 
retention; 0 otherwise 

0.34 0.47 

MRC Adoption of the three SWC practices; 0 otherwise 0.278 0.383 

Total   2,334 1,214 1,120  

 *Note that the official exchange rate was (1 US$ = 280 Naira, ) during the survey period



 

3. Empirical strategy  

3.1 Multinomial logit model 

To analyze the factors influencing the choice of soil and water conservation (SWC) practices, 

we estimated a multinomial logit model based on the familiar random utility framework (79, 

80). The response probabilities for our multinomial logit model with seven alternatives can 

be given as:  Prሺ௬=௫௝ሻ = ଴ߚ]𝑝ݔ݁  +  ∑ ௝ܺ௜௝௞௜+ଵߚ ]ͳ + ଴ߚ]𝑝ݔ݁ + ∑ ௝ܺ௜௝௞௜=ଵߚ ] … … … j = ͳ,ʹ,͵ … … … ͹                             ሺͳሻ 

 

where j denotes the alternative soil and water conservation (SWC) practices, that include: M-

only”, “R-only”, “C-only”, “RC-only” “MC-only”, “RM-only” and “RCM-only”. X is a vector 

that denotes factors that influence the choice of by the farmer. The coefficients on these 

explanatory variables differ for each alternative. The factors that are expected to influence 

choice of the farmers' soil and water conservation (SWC) practices include both individual-

level factors and household level factors. The individual-level factors are characteristics of the 

farmers (such as age, gender, marital status), the endowment of the farmer and economic 

activities. The endowment of the farmer includes own human capital such as education as well 

as networks such as belonging to a social group (i.e. a proxy for social capital). Economic 

related variables include main occupation and engagement in off-farm occupation. The 

household factors include land holdings, size of the household and demographics. In addition, 

we included geopolitical zone dummies to control for regional variations. These regional 

variations include differences in agro-ecology and experience of drought. We also included 

institutional related variables such as access to credit and access to extension information. 

Therefore, the Prሺ௬=𝑥𝑗ሻ (dependent variable) are non-adoption=0, M-only” =1, “R-only” =2, “C-

only =3, “RC-only” =4, “MC-only” =5, “RM-only” =6 and “RCM-only” =7)  while the 

explanatory variables are listed in Table 1.  

 

3.2 Empirical methods for estimating the impact 

Studies (16, 27, 36, 38, 45, 54, 66, 69, 70,) have concluded that identification of the causal 

effects of the adoption of soil and water conservative practices on potential outcome 



 

indicators (productivity and welfare) is not trivial due to endogeneity bias. In principle, in 

order to measure the accurate impacts of innovation or technologies, there is a need to 

control for both unobservable and observable characteristics through random assignment 

of individuals into treatments. Furthermore, in a situation where random assignments such 

as randomized control trial (RCT) is impossible, selection bias may persist as observed 

and unobserved characteristics of farmers may affect the likelihood of adopting the soil 

and water conservative practices as well as outcome indicators. In this paper, firstly, we 

employ propensity score matching (PSM) to address this possible problem. The 

rudimentary mechanism behind the use of PSM is to match each adopting farmer with a 

similar non-adopting farmer and then estimate the average difference in the outcome 

variables (productivity and welfare) between the treated and untreated households. In 

other words, we are interested in the question, “How would the productivity and welfare 

level of farmers have changed had the adopted farmers' chosen not to be in the adopted 

group?” Following [16, 27, 36, 38, 66, 69], the average treatment effect on the treated (ATT) 

is defined as: 𝐴𝑇𝑇 = 𝐸[ܼሺͳሻ − ܼሺͲሻ|𝑄 = ͳ                                                         (2) 

where ܼሺͳሻ and ܼሺͲሻ are outcome indicators (productivity and welfare of the adopters and non-

adopters, respectively). 𝑄 is a treatment indicator. However, we can only observe 𝐸[ܼሺͳሻ|𝑄 = ͳ 

in our data set and 𝐸[ܼሺͲሻ|𝑄 = ͳ  is missing. In essence, we cannot observe the productivity and 

welfare of adopting farmers had they not adopted the SWC practices, once they are adopters. 

Meanwhile, in this context, spontaneous comparison of productivity and welfare level of farmers 

with and without adoption introduces bias in estimated impacts due to self-selection bias [69,71]. 

The magnitude of self-selection bias is formally presented as: 

 𝐸[ܼሺͳሻ − ܼሺͲሻ|𝑄 = ͳ = 𝐴𝑇𝑇 + 𝐸[ܼሺͲሻ|= ͳ − ܼሺͲሻ|𝑄 = Ͳ]                             (3) 

Once the treated (adopting) farmers have a comparison group (counterfactual), the build-up of 

PSM necessitates the reduction in the bias due to observables. Additionally, once the farmers are 

matched with observable “characteristics”, PSM assumes that there are no systematic differences 

in unobservable characteristics between treated and untreated households. Given this assumption 

of conditional independence and the overlap conditions, ATT is computed as follows: 



 

 𝐴𝑇𝑇 = 𝐸[ܼሺͳሻ𝑄 = ͳ, 𝑝ሺݔሻ − 𝐸[ܻሺͲሻ|𝑄 = Ͳ, 𝑝ሺݔሻ]                                                         (4) 

 

However, [34, 35, 71, 72] suggested that the presence of misspecification in the modeling of 

propensity score may result in ATT estimates from PSM which can still be biased.  A prospective 

“therapy” for bias due to misspecification is the use of inverse probability weighted adjusted 

regression (IPWRA). According to [35], consistency in estimates from IPWRA, in the presence 

of misspecification, will likely be possible for treatment or outcome model, but not both. 

Consequently, the inverse probability weighted adjusted regression estimator has “double 

advantage” with the property of double robustness that guarantees dependable and consistent 

estimates as it permits the outcome and the treatment model to account for misspecification [71]. 

Following [36], the average treatment effect on the treated (ATT) in the IPWRA model 

follows two-stage estimation procedures. Suppose that the outcome model is represented by a 

linear regression function of the form  ܼ௜ = ௜ߜ + ߱௜ܺ௜ +  ௜ for 𝑖 [0,1] and the propensity scoresߝ 

are given by 𝑝 = ሺݔ;  ሻ. The first stage of the IPWRA is for us to generate the propensity scoresߛ

using the observables as 𝑝ሺݔ;  ሻ. The second stage is, therefore, to use linear regression model toݕ̂

estimate for non-adopters (ߜ଴, ߱଴ ) and adopters (ߜଵ, ߱ଵ) using inverse probability weighted least 

squares as: 

 min𝛿బ,𝜔బ ∑ ሺܼ௜𝑁௜ ଴ߜ − − ߱଴ܺ௜ሻ/𝑝ሺݔ; ሻ 𝑖݂ 𝑄௜ݕ̂ = Ͳ          (5) 

 min𝛿భ,𝜔భ ∑ ሺܼ௜𝑁௜ ଵߜ − − ߱ଵܺ௜ሻ/𝑝ሺݔ; ሻ 𝑖݂ 𝑄௜ݕ̂ = ͳ          (6) 

 

The ATT is then computed as the difference between Eq. (5) and Eq. (6): 
 𝐴𝑇𝑇 = ଵ𝑁𝑊 ∑ [ሺߜଵ̂𝑁𝑊௜ ଴̂) – ሺ߱ଵ̂ߜ - −  ߱଴̂ ሻܺ௜       (7) 

 

where (ߜଵ̂߱ଵ̂) are estimated inverse probability weighted parameters for adopting farmers while ሺߜ଴̂߱଴̂ሻare estimated inverse probability weighted parameters for non-adopting farmers. Finally, 𝑁ݓ stands for the total number of farmers that adopted the SWC practices. 

 



 

Furthermore, matching techniques, irrespective of modifications for bias misspecification bias, can 

overcome only the selection bias caused by observables. When the cause of endogeneity bias is 

unobservable heterogeneity, such as farmer's inherent skills, results based on matching techniques 

will be biased. In view of this, we have employed a linear regression with endogenous treatment 

effect (LRETE) model that accounts for endogeneity (30, 73).  

 

In order to correct for potential endogeneity and show consistency of the impact of adopting of 

SWC practices on productivity and welfare, the linear regression with endogenous treatment effect 

was used to account for the endogeneity between SWC practices and productivity-welfare with 

other bias-related to unobservable characteristics of the farmers which cannot be controlled using 

the OLS estimator. As a linear potential outcome model, the LRETE model allows for a definite 

association structure between the unobservable that affects the treatment and the unobservable that 

affects the potential outcome. The LRETE model used is constrained normal distribution of the 

covariance matrix to model the deviation from the conditional independence (CI) assumption. 

The version of the LRETE model we estimate accounts for a possible selection bias but 

imposes a homogenous selectivity effect to generate consistent average treatment effects on 

the treated. Additionally, following [27], this study provides evidence in treatment effect studies 

with the classical selection-bias studies by considering a model of potential outcomes of the type 

attributed to [80]: 

 ଵܻ = ܺଵ߱ଵ ଵ                                  ሺͺሻ ଴ܻߙ + = ܺ଴߱଴ +  ଴                                                                                                ሺͻሻߙ 

Equations (8) and (9) are the two potential outcomes equations in the two possible states (adopter 

non-adopter) of the farmers. 𝑇∗ =  ܼ𝑇߰𝑇 + 𝑇ߙ  … … … … … … … … … … . . ሺͳͲሻ 

The estimate of productivity and welfare indicators is represented as T(Z); meanwhile observed 

treatment represents 𝑇ሺܼሻ = ͳ  depicting the adoption of SWC practices by the farmers and 𝑇ሺܼሻ = Ͳ  reveals otherwise. The T* is a latent variable which generates T (Z) as follows: 

 𝑇ሺܼሻ = ͳ{𝑇∗ሺܼሻ ≥ Ͳ} = ͳ{ܺ𝜑 +  𝜌}                                 (11)ߙ 



 

 

The Average Treatment Effect on the Treated (ATT), which is the improved productivity and 

welfare for those farmers that actually select the adoption of SWC practices, can be expressed as 

follows: 

 

                                               𝐴𝑇𝑇 = ሺݔ, ,ݖ 𝑇ሺݖሻ = ͳሻ = 𝐸ሺℵ|ܺ = .ݔ ܼ = ,ݖ 𝑇ሺݖሻ = ͳሻ                                          
(12) = ଵሺ߱ଵݔ −  ߱଴ሻ + 𝐸ሺߙଵ − 𝑇ߙ|଴ߙ  ≥  ଵ∅ሻݖ

 
 

To achieve this, we used a relevant instrument. We used access to climatic information of the 

farmer. We assume that access to climate information may reduce ambiguity and can assist 

farmers in decision-making process especially on types of technologies to adopt as some 

measure adaptation strategies to the effect of climate change. Moreover, access to climate 

information has the prospect of improving agriculture resilience and tenacity to climatic shocks 

[74,75]. It can be used to help manage current climate risks and build resilience to future climate. 

This instrument is correlated with SWC practices but with no correlation with productivity 

and welfare indicators (see validity test in appendix C). The instrument that we use is 

exogenous by definition. It is assumed that it is not directly related to productivity and welfare 

indicators other than through the decision to adopt SWC practices.  

 

3.3 Foster, Greer and Theobecke (FGT) analysis 

This study adopted the expenditure approach to poverty. Our primary measure of poverty is the 

per capita expenditure. Our starting point in the measurement of poverty is the derivation of the 

threshold known as the poverty line, below which a maize farmer can be adjudged to be poor. In 

the absence of a national poverty line, coupled with the fact that the use of absolute poverty line 

of $1 dollar a day does not fit this kind of study, following [69-71] we calculated a relative poverty 

line, defined as two-thirds of the mean per capita expenditure.  

Several measurements of poverty have been developed and are used in the literature [82, 83]. 

Observably, the FGT (82), often called the p-alpha (Pα) class of poverty measure, is the most 

popular because the α is a policy parameter that can be varied to approximately reflect the poverty 

“aversion” and also the Pα class of poverty indices is subgroup decomposable. Hence, this paper 



 

used the standard FGT [82] to generate the poverty profile for the children across the geopolitical 

zones (GPZ’s) in Nigeria. FGT takes the form: 
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Where Z = the relative poverty line  

n= number of the maize farmers below the poverty line 

N = Total number of maize farmers sampled  

iY = estimated per capita expenditure scale (of the i th household 

Z-Yi   = poverty gap of the i th household  

Z

YZ i−
= poverty gap ratio 

    = poverty aversion parameter, with values: 0, 1, 2 

 = 0, equation (1) gives the poverty headcount 

 =1, equation (1) gives the poverty depth  

 =2, equation (1) gives the poverty severity index  

 

4. Results and Discussion 

6.1 Factors influencing the adoption of SWC practices: Multinomial Logit Regression (MNL) 

The results from the Multinomial Logit Regression model used to examine factors influencing the 

adoption of dynamics of soil and water conservative (SWC) practices are presented in Table 2. 

The base category to which we compare the results is non-adopters of any of the SWC practices. 

We checked for multicollinearity for the variance inflation factor (VIF) and contingency 

coefficients (CC). The results from the VIF values (see Appendix) have shown that variance 

inflation factors (1.84) for all variables are less than 10 and none of the tolerance values were 

below 0.40, which indicates all the continuous explanatory variables have no serious 

multicollinearity concerns. Correspondingly, the values recorded for the contingency coefficients 

show that no multicollinearity concerns among dichotomous variables used in the MNL model. 

Based on the collinearity diagnostics, the continuous and dummy variables hypothesized were 



 

retained in the model. Preceding the MNL model, we used the Hausman test and the seemingly 

unrelated post-estimation procedure (SUEST) to test for the validity of the independence of the 

irrelevant alternatives (IIA) assumptions.  

The results of the tests show that both tests failed to reject the null hypothesis of independence of 

the soil and water conservation practices, suggesting that the multinomial logit (MNL) 

specification is appropriate to model soil and water conservation practices of smallholder farmers. 

The model considerably justifies its use as it shows perfect goodness of fit in relation to variables 

and data.  The Wald test rejects the null hypothesis that all coefficients are jointly equal to zero 

{LR chi2(203) = 1175.75; p = 0.000}. In principle, the coefficients in multinomial regression 

models are often calculated and conveyed in respect to the base outcome and they might not easy 

to interpret in a direct form as compared to other linear models [34, 35]. However, the signs of the 

coefficients are informative and, in addition, the prediction of the average marginal effects, which 

also provide useful insights into the relationship between the independent and dependent variables. 

 

In all the options of SWC practices considered, the age of the household head has consistent 

positive and statistically significant correlation with choice of conservative farming adopted by 

the farmers. This finding indicates that the likelihood of adoption of SWC practices increases as 

the farmer gets older which implies that the adoption of SWC is more preferred among older 

farmers than among the younger ones. The probable reason for this may be associated with the 

premise that older farmers could adopt SWC practices because they have more years of farming 

experience that helps them to quickly recognize erosion problems [39, 40] and adequate amassed 

social and physical capital to satisfy their demands [44].  

 

The probabilities of adopting SWC practices were found to be positive and significant for a 

household headed by a male. However, in previous studies [41-43] a mixed relationship (positive 

or negative) has been found regarding the association of gender of the household head with the 

adoption of SWC practices. In this study, our positive relationship can be explained by the fact 

that male farmers are considered to have access to pool of productivity-enhancing information 

owing to social capital and culture of male-inclusive system in rural Nigeria. Additionally, as 

compared to their female counterparts, male farmers are high business risk-takers. Our finding is 

consistent with the findings of [41] which noted that male-headed households have more access to 



 

information about new technologies and ready to take the risk of adoption than female-headed 

households. 

In line with a priori expectations and previous literature [2, 43-46], education positively influences 

the decision to adopt SWC practices by the farmers. Interestingly, the result reveals that the 

probability of adopting more than one SWC practices increase with education. For instance, 

education increases the adoption of “M-only” by 21 percent while adoption of the three SWC 

practices together (“RCM-only”) was increased by 23 percent. Studies [45, 47-49] have noted that 

education coupled with higher years of farming experience increases farmers’ chance to have 

access and utilize useful information relevant to farming activities. Additionally, education 

improves farmer’s willingness to participate and awareness of probable positive feedbacks from 

local natural resource management and conservation activities.  

In relation to access to credit, we found a positive and significant association with the adoption of 

SWC practices. However, the extent differs between single and joint SWC practices. With the 

exception “M-only”, the probabilities of adopting SWC practices is higher among single adopters 

(“R-only” and C-only”) than the combination of SWC practices (RC-only, MC-only, RM-only, 

and RCM-only). The probable reason for this outcome may be associated with higher investment 

needed to combine SWC practices than single SWC practices. Studies [43,50-52] have ascertained 

that farmers with more financial and other productivity-enhancing resources at their disposal are 

able to invest in the use of SWC practices.  

Additionally, credit availability can increase the chance of switching or combining SWC practices 

to suit the forecasted climate change related to the farming areas [2, 45]. We assessed the 

relationship of drought experienced by farmers in the last five years in relation to adoption of SWC 

practices. The results show that the experience of drought is positive and significantly influences 

the decision of farmers to adopt options related to minimum soil disturbance (“M-only”, “MC-

only”, “RM-only” and “RCM-only”) as a measure of SWC practices. The study by [53] has argued 

that higher soil water retention using minimal soil disturbance is a way of reducing and alleviating 

drought. This further suggests that drought as an indicator of climate change is a key driver of 

adopting SWC practices.  

The influence of occupational stress (farming) was estimated in relation to the adoption of SWC 

practices. The results show that stress from farming activities is capable of reducing the probability 



 

of farmers adopting any of the SWC practices. It is well known in the relevant literature [57-59] 

that stress influences decision-making process, however the magnitude and direction of influence 

is, in most cases, context-dependent. Studies [60, 61] have shown that occupational stress prevents 

farmers from taking necessary safety precautions even when they are cognizant of how dangerous 

is it not to adopt SWC practices. Meanwhile, the use of SWC practices has been identified as a 

pathway out of the cycle of poor soil fertility. The results show that poor soil fertility increases the 

probability in all the SWC practices considered. The highest probabilities were recorded in the 

adoption of minimum soil disturbance related options (“M-only”, “MC-only”, “RM-only” and 

“RCM-only”) as compared to other options. Similar findings were found in the study of [62,63], 

namely that poor soil fertility positively influences decision to adopt SWC practices.  

The size of the household has both positive and negative relationships with the adoption of SWC 

practices. The results show that an increase in the size of household will increase the probabilities 

of the SWC practices such “M-only”, “R-only”, “C-only”, “RC-only”, “MC-only”. The possible 

reason for this may be that larger household size relaxes the anxiety of farmers to take up labor-

intensive adaptation strategies like SWC practices and the use of irrigation that demand high labor 

especially during the peak period in the production season. The negative relationship with the 

adoption of “RM-only” and “RCM-only” may be associated with the fact that farmers with large 

household size might involuntarily divert proportion of their labor force into non-farm activities 

to generate additional income to complement farm income and reduce consumption demands [2, 

51].  

Institutional variables such as extension services are essential sources of information especially on 

agronomic practices as well as on climate. Our results show that access to extension services 

positively and significantly influences the adoption of SWC practices. Studies [39, 47, 51] have 

shown that an increase in access, and frequency of access to extension services and information, 

have increased the use of specific SWC practices and irrigation. The pathway of influence was 

identified that access to extension services increases the understanding of farmers on land 

degradation problems and soil conservation practices and hence may perceive SWC practices to 

be a pathway out of the possible adverse effect. 

The regional dummies of the northern region of Nigeria show a positive relationship with adoption 

of all the categories of soil and conservation practices considered. The northern region of Nigeria 



 

is typically known as a dry area with fewer rainfall periods as compared to the southern region. 

Expectedly, both North East and North West positively drives the decision of farmers to adopt 

SWC practices. This is consistent with the findings of [2] that found that northern Nigeria is likely 

to adopt or use SWC practices and irrigation technologies. Summarily, the likelihood of adopting 

SWC practices, either single or joint ones, is consistently and significantly influenced by individual 

characteristics, household characteristics, demographic and institutional variables, agro-ecological 

location and several miscellaneous factors. However, their relationship on the decision making 

process of adoption of SWC practices varies, depending on how SWC practices are combined.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Table 2: Factor influencing adoption of SWC practices 

 (1) (2) (3) (4) (5) (6) (7) 
VARIABLES M-only R-only C-only RC-only MC-only RM-only RCM-only 
        
age_new 0.32*** 0.18*** 0.15*** 0.29*** 0.12*** 0.22*** 0.12*** 
 (0.01) (0.02) (0.09) (0.08) (0.01) (0.08) (0.04) 
age_square -0.10*** -0.23*** -0.13*** -0.12*** -0.29*** -0.12*** -0.30*** 
 (0.08) (0.03) (0.01) (0.02) (0.10) (0.03) (0.05) 
Sex(male) 0.02** 0.06*** 0.05** 0.04** 0.02** 0.02** 0.02** 
 (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) 
marrital_status2 -0.02 -0.02 -0.02 -0.02 -0.02 -0.01 -0.01 
 (0.02) (0.04) (0.03) (0.03) (0.02) (0.02) (0.02) 
Edy_yrsc 0.01*** 0.02*** 0.22*** 0.10*** 0.20*** 0.20*** 0.23*** 
 (0.02) (0.02) (0.02) (0.01) (0.04) (0.02) (0.02) 
fieldsizec 0.01 0.01 0.01 0.03 0.02 0.04 0.02 
 (0.01) (0.02) (0.02) (0.07) (0.05) (0.09) (0.01) 
ever_willing 0.03 -0.01 -0.02 -0.02 0.02 -0.03 -0.04 
 (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) 
house_ownershp 0.01 -0.01 -0.00 -0.00 0.00 0.00 0.00 
 (0.02) (0.03) (0.03) (0.02) (0.01) (0.01) (0.01) 
main_occup -0.00 -0.01 -0.01 -0.01 -0.00 -0.00 -0.00 
 (0.02) (0.03) (0.02) (0.02) (0.01) (0.01) (0.01) 
off_farm_occup 0.00 0.01 0.01 0.01 0.00 0.01 0.00 
 (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) 
access_credit 0.09*** 0.24*** 0.34*** 0.04** 0.12*** 0.13*** 0.12*** 
 (0.02) (0.03) (0.02) (0.02) (0.01) (0.02) (0.01) 
drought 0.05*** 0.07*** 0.20*** 0.11*** 0.10*** 0.10*** 0.22*** 
 (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) 
healthy 0.02* 0.03* 0.03* 0.03* 0.02* 0.02* 0.02* 
 (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) 
mem_input_supply_grps 0.00 0.01 0.01 0.01 0.00 0.00 0.00 
 (0.04) (0.06) (0.06) (0.05) (0.03) (0.03) (0.03) 
stress -0.02** -0.06** -0.05** -0.04** -0.02** -0.02** -0.02** 
 (0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) 
poor_soil_fertility 0.32*** 0.23*** 0.28*** 0.24*** 0.29*** 0.29*** 0.33*** 
 (0.06) (0.05) (0.06) (0.05) (0.06) (0.06) (0.05) 
hhsize2 -0.04*** -0.01** -0.21*** -0.01*** -0.00** -0.03*** -0.03*** 
 (0.01) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00) 
Accesss_extension 0.23*** 0.25*** 0.24*** 0.24*** 0.23*** 0.33*** 0.32*** 



 

 (0.02) (0.07) (0.07) (0.06) (0.04) (0.04) (0.03) 
Do_u_own 0.04 0.11* 0.09 0.08 0.03 0.04 0.03 
 (0.04) (0.07) (0.06) (0.05) (0.03) (0.03) (0.03) 
access_imp_mz_seed 0.03*** 0.04** 0.04**  0.04** 0.02** 0.03*** 0.02*** 
 (0.01) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) 
NEast 0.14*** 0.19** 0.19** 0.18** 0.14** 0.13** 0.13** 
 (0.06) (0.08) (0.08) (0.07) (0.06) (0.05) (0.05) 
SSouth -0.03 -0.06 -0.05 -0.04 -0.02 -0.03 -0.02 
 (0.02) (0.04) (0.04) (0.03) (0.02) (0.02) (0.02) 
SEast -0.01 -0.05 -0.03 -0.03 -0.01 -0.01 -0.01 
 (0.03) (0.04) (0.05) (0.04) (0.03) (0.03) (0.02) 
NCentral 0.13*** 0.13*** 0.14*** 0.12*** 0.11*** 0.11*** 0.11*** 
 (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) 
NWest 0.03 0.04 0.04 0.04 0.02 0.03 0.02 
 (0.02) (0.04) (0.04) (0.03) (0.02) (0.02) (0.02) 
        
Observations 2,247 2,247 2,247 2,247 2,247 2,247 2,247 
        
        



 

5.2 Impact of SWC Practices Adoption on Crop Productivity and Welfare: PSM and IPRWA 

5.2.1 Preliminary Findings 

In principle, the reliability and validation of PSM and IPWRA result strongly rest on the quality 

of matching procedures. Table 3 presents the magnitude of the inclusive covariate balancing 

showing the pseudo R2 (before and after matching), LRchi2 p-value (before and after matching), 

median (before and after matching), mean standardized bias (before and after matching) and mean 

propensity score. Additionally, visual representation of the overlap over the common support is 

another channel for validating the quality of our match. The overall covariate balancing test shows 

that the standardized mean difference for all covariates used in the PSM reduces from 18.44% pre-

matching to 5.48% post-matching for adoption at least one of the SWC practices. Similarly, the 

mean standardized bias reduces from 15.89% to 5.90% for adoption of “MRC”.  

 

Table 3 Propensity score matching quality test 

 

Matching quality indicators At least one SWC practices Adoption of “MRC”  
Pseudo R2 before matching 0.023 0.056 

Pseudo R2 after matching 0.002 0.005 

LRchi2 (p-value) before matching 102.98 (p>chi2 =0.000) 234.77 (p>chi2 =0.000) 

LRchi2 p-value after matching 12.78 (p>chi2 =0.680) 8.67 (p>chi2 =0.309) 

Median standardized bias before matching 9.14 7.89 

Median standardized bias after matching 4.22 3.30 

Mean standardized bias before matching 18.44 15.89 

Mean standardized bias after matching 5.48 5.90 

Mean propensity score 0.67 0.78 

 

 

Moreover, the joint significance of all covariates was never rejected before matching for the 

adoption of “at least one of the SWC practices” and adoption of “MRC” only (p>chi2 =0.000). 

However, the likelihood ratio tests indicate that the joint significance of all covariates can be 

rejected after matching (p>chi2 =0.680 for adoption at least one of the SWC practices and p>chi2 

=0.309 for the adoption of “MRC”). The low mean standardized bias and joint insignificance of the 

covariates are indicative of successful balancing of the distribution of covariates between treated 



 

and untreated maize farming households. Additionally, we present in Figure 1 and Figure 2 the 

common support region adoption of at least one of the SWC practices and adoption of “MRC” 

respectively. A visual inspection of the distribution of the estimated propensity scores for 

households with and without treatment indicates that the common support condition is satisfied. A 

larger proportion of overlap implies a good match of treated and control cases [29, 32]. As indicated 

in Figure 1, there is a considerable overlap of propensity scores between the treated and control 

cases, this implies that the match is good and balanced.  

 

 

Figure 1. Distribution of propensity scores and common support region for adoption of at lease 

one SWC practices. 
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Figure 2. Distribution of propensity scores and common support region for adoption of “MRC”. 
 

5.2.2. Key findings 

The treatment effect estimates regarding the impact of SWC practices adoption on crop 

productivity and welfare using alternative estimation techniques are reported in Table 4. The first 

two columns measure crop productivity (yield and per capita crop income) and the last three 

column measures welfare (per capita expenditure, poverty headcount and per capita food 

expenditure). Each indicator of crop productivity and welfare were estimated using PSM, IPWRA  

and, our preferred specification, LRETE.  The discussion of the average treatment effects on 

treated (ATTs) will be principally based on the estimates of LRETE. Furthermore, it is imperative 

to stress that both PSM and IPWRA results are consistent with our main findings reported using 

linear regression with endogenous treatment effect (LRETE) approach. However, the magnitude 

of the effect, particularly on productivity, was smaller. This result suggests that failure to account 

for unobserved heterogeneity leads to biased estimates that guarantee overestimation and 

underestimation of the effect of adoption of SWC practices in PSM and IPRWA (hence the use of 

linear regression with endogenous treatment effect is more appropriate).  
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In general, the reported effects of SWC practices adoption are robust across all estimation 

strategies, showing the important role of SWC practices adoption on crop productivity and welfare 

outcome indicators. In order to clearly understand the dynamics of the role SWC practices, we 

singly and jointly assessed the treatment effects of the SWC practices productivity and welfare 

outcome indicators. Therefore, we assessed the impact of “M-only”, “R-only”, “C-only”, “RC-

only”, “MC-only”, “RM-only” and “RCM-only”. Additionally, we assessed the impact of adopting 

at least one of the SWC practices on the outcome variables. The results show that the adoption of 

SWC practices significantly increases the yield of maize farmers. 

 

In particular, we found that the adoption of at least one of the  SWC practices will increase maize 

yield by 24.90% and 22.09% using PSM and IPWRA, respectively. In our LRETE model, where 

we accounted for both observable and unobservable sources of bias, the effect of adopting at least 

one SWC practices is 15.56%. Furthermore, we found that ATT of the combination of SWC 

practices tends to have a higher impact on productivity than single SWC practices. The results 

show that except “MR-only”, all other combinations have a higher impact than sole SWC 

practices. Interestingly, the combination of the three SWC practices (“MRC”) has the highest 

effect on the yield of the maize farmers. The estimates show that the adoption of the three SWC 

practices leads to an increase of 27.55% on the maize yield of the adopters. The results underscore 

that farm investment that aims at improving awareness, accessibility, and adoption of improved 

soil and water conservative practices can have a significant positive effect on maize productivity.  

The possible explanation for this result may be related to the complementarity role between the 

three SWC practices. The findings are consistent with previous studies [9, 64, 65] that showed that 

adoption of one or more SWC practices has a positive and significant relationship of crop yield.  

 

Using per capita crop income as the second productivity measure, the results show that the 

adoption of SWC practices has a positive and significant impact on per capita crop income in all 

the typologies of SWC practices except “M-only”. Although the adoption of “M-only” increases 

per capita crop income by 21.4% using PSM, the credibility of this estimate may be questionable 

owing to cited reasons for hidden bias. In theory, all other factors controlled, the significant 

increase in the yield of maize farmers as a result of adopting SWC practices will most likely 

translate into increased crop income. Hence, as the yield of the maize increases in kg/ha couples 



 

with effective market access, maize income generated by maize farming households increases 

which in turn leads to per capita crop income in the household. For instance, the adoption of at 

least one of the SWC practices, “C-only” and “MRC” will lead to an increase in per capita crop 

income by 22.20%, 6.92% and 29.65%, respectively. It was noticed that there is consistency on 

the impact of adopting “C-only” on yield and per capita crop income. The impact on yield was the 

lowest and so also the per capita crop income (Table 3). In a similar trend, the joint adoption of 

SWC practices increases per capita income more than the singular adoption of SWC practices. 

This finding is also supported by the studies of [66] in Zambia, [67] in Ethiopia and [9] in Northern 

Ethiopia which suggests that the adoption of SWC practices is key for enhancing crop revenue.  

The second part of the estimation focuses on the welfare effects of adopting SWC practices. As 

earlier mentioned, following [2,68, 69,70, 71] the present study captures welfare using three 

indicators namely, per capita expenditure, poverty headcount ratio and per capita food expenditure. 

Firstly, we estimated the effect of adopting SWC practices on per capita food expenditure. It may 

be appropriate to assume that an increase in maize income will likely lead to increase in 

expenditure (food or non-food). We estimated the average treatment effects of adoption of SWC 

practices on per capita food expenditure which is a measure of food security (an indicator of 

welfare). The study shows that food security of the maize farming household has been positively 

affected as a result of adopting SWC practices. For instance, the adoption of the combination of 

three SWC practices (“MRC-only”) shows that it has increased the per capita food expenditure of 

the adopters by 23.2% more than the non-adopters of SWC practices.   

 

Secondly, we estimated the effect of adoption of SWC practices on a relative measure of welfare 

using the per capita expenditure. The per capita expenditure comprises both food and non-food 

expenditure of the maize farmers. The results show that the adoption of SWC practices is 

significant and positively associated with the per capita expenditure of the adopters than non-

adopters. For instance, although with a small magnitude effect in PSM and IPWRA, the adoption 

of MC-only”, “MR-only” and “MRC-only” increases the per capita expenditure of adopters of 

SWC practices by 13.12%, 23.12%, and 33.22%, respectively as compared to the non-adopters in 

the LRETE model. This finding suggests that the adoption of SWC practices has welfare 

improving effects on the adopters as compared to non-adopters.  

 



 

Finally, we estimated the impact of adoption of SWC practices on the poverty headcount ratio. 

Our results show a negative and significant relationship with poverty headcount. This implies that 

adoption of the SWC practices reduces the probability of being poor. In particular, in our LRETE 

model, the adoption of at least one of the SWC practices and combination of “MRC” shows that 

poverty of the maize farmers will be reduced by 16.90% and 35.23%, respectively. Again, the 

result reveals that the combination of SWC practices has a higher impact versus single practices. 

Furthermore, since FGT approach of poverty profiling uses the per capita expenditure measure to 

generate poverty status, it is unsurprising that the adoption of SWC practices reduces the 

probability of being poor. Earlier, the study shows that there is increase in per capita expenditure, 

therefore it is rather clear that poverty headcount ratio was reduced as a result of adoption of the 

SWC practices as compared to the non-adopters of SWC practices. These consistent, significant 

and positive impacts of SWC practices adoption on alternative welfare indicators imply that 

addressing output, input, and inefficiencies through technology adoption can improve the 

wellbeing of rural poor farmers [71]. 

 

 



 

Table 4:  Estimation of the Impact of SWC Practices Adoption on Crop Productivity and Welfare: PSM,  IPRWA and LRETE 

SWC 
Practices 

 Productivity Welfare 

 Yield 
[kg/ha] 

% 
Change 

Crop Income 
(in USD) 

% 
Change 

PCE 
(in USD) 

% 
Change 

Poverty 
headcount 

(%) 

% 
Change 

PC FE 
(in USD) 

% 
Change 

 
M-only 

PSM 1078.89*** 
20.67 

167.45*** 
21.4 

107.34*** 
12.91 

-0.041** 
37.90 

85.87*** 
34.90 

 (60.75) (15.89) (12.45) (0.0238) (5.98) 

IPWRA 1007.168*** 
19.81 

169.44 
19.08 

84.56*** 
8.90 

-0.040 
26.01 

83.89*** 
20.90 

 (47.830) (169.23) 12.88 (0.022) (6.89) 

LRETE 398.22*** 
13.91 

135.99 
16.90 

71.78*** 
5.66 

-0.09*** 
14.90 

63.89*** 
15.11 

 (23.891) (122.98) 8.90 (0.002) 4.89 

 
 

R-only 

PSM 1134.557*** 
34.89 

85.90** 
16.89 

66.56*** 
28.23 

-0.010*** 
22.32 

45.78*** 
21.09 

 (54.16) (9.56) (4.56) (0.001) (4.90) 

IPWRA 1172.007*** 
32.90 

78.90*** 
14.01 

65.90*** 
27.01 

-0.021 
21.44 

55.78*** 
23.22 

 (37.169) (4.09) (12.03) (0.021) (1.90) 

LRETE 378.45*** 
14.44 

50.89*** 
10.55 

46.89*** 
11.67 

-0.12*** 
12.56 

34.23*** 
15.99 

 (22.90) (1.80) (2.90) (0.03) (3.90) 

 
 

C-only 

PSM 1074.75*** 
23.90 

134.90*** 
15.90 

103.90*** 
23.89 

-0.098 
21.90 

34.89*** 
20.90 

 (54.161) (19.99) (5.87) (0.100) (2.89) 

IPWRA 1049.564*** 
18.89 

104.67*** 
12.77 

101.67 
23.96 

-0.092*** 
15.90 

89.78*** 
16.00 

 (35.808) (2.5 (100.89) (0.014) (5.90 

LRETE 334.02*** 
12.09 

67.90*** 
6.92 

55.23*** 
15.90 

-0.11*** 
11.45 

34.89*** 
14.07 

 (12.93) (3.90) (3.44) (0.01) (2.22) 

 
 

MC-only 

PSM 1343.86*** 
23.90 

100.23*** 
33.32 

98.89*** 
34.89 

-0.145*** 
32.09 

45.01*** 
23.90 

 (213.89) (3.6) (4.33) (0.09) (6.9) 

IPWRA 1030.403*** 
19.30 

123.89*** 
28.89 

103.56*** 
30.90 

-0.029 
21.09 

55.90*** 
18.09 

 (31.97) (23.90) (4.34) 0.021 (3.33) 

LRETE 401.89*** 
15.21 

90.89*** 
24.45 

87.89*** 
23.89 

-0.13*** 
15.01 

65.89*** 
13.12 

 (22.01) (3.45) (2.78) (0.002) (3.89) 

 
RC-only 

PSM 1253.56*** 
38.90 

189.80 
23.09 

167.90*** 
36.10 

-0.167*** 
34.90 

122.45*** 
56.09 

 (290.09) (178.09) (34.09) (0.02) (0.99) 

IPWRA 1114.671*** 
27.85 

178.89*** 
22.22 

156.12* 
32.90 

-0.053** 
32.90 

133.24*** 
45.09 

 (29.71) (34.94) (8.67) (0.024) (6.61) 

LRETE 549.89*** 
19.23 

167.33*** 
18.91 

109.74*** 
28.09 

-0.11*** 
18.08 

89.34*** 
19.89 

 (23.90) (3.90) (0.45) (0.01) (7.7) 

 
MR-only 

PSM 1169.09*** 
24.90 

209.11*** 
31.90 

189.90*** 
34.87 

-0.275*** 
23.84 

54.33** 
44.90 

 (56.90) (23.44) (23.45) (0.03) (3.45) 

IPWRA 1146.609*** 14.90 211.66*** 29.12 180.67** 24.88 -0.036* 19.78 67.09*** 34.76 



 

 (32.985) (6.88) (3.67) 0.021 (11.73) 

LRETE 478.90*** 
12.87 

190.89*** 
19.07 

154.88*** 
20.12 

-0.11*** 
13.33 

100.85*** 
23.12 

 (22.89) (22.90) (6.99) (0.01) (4.89) 

MRC-
only 

PSM 1329.82*** 
45.90 

250.67*** 
33.23 

200.89** 
48.45 

-0.309*** 
45.45 

156.01*** 
54.67 

 (607.78) (12.90) (10.45) (0.03) (6.99) 

IPWRA 1110.595*** 
34.50 

209.89 
30.34 

199.09*** 
45.89 

-0.077*** 
39.45 

176.00*** 
45.89 

 (28.761) (8.44) (40.45) 0.026 (19.20) 

LRETE 509.34*** 
27.55 

186.03*** 
29.54 

145.88*** 
38.23 

-0.23*** 
35.23 

132.45*** 
33.22 

 (23.89) (23.09) (34.90) (0.09) (22.81) 

At least 
one 

PSM 1286.28 
24.90 

200.80*** 
38.65 

189.89** 
34.90 

-0.039*** 
28.45 

171.33*** 
27.90 

 (58.17) (22.34) (11.55) (0.02) (8.23) 

IPWRA 1272.507*** 
22.09 

188.99*** 
29.34 

145.23*** 
28.90 

-0.441*** 
22.78 

129.23*** 
23.90 

 (40.075) (11.43) (11.55) (0.015) (4.56) 

LRETE 444.90*** 
15.56 

167.54*** 
22.09 

145.90*** 
16.50 

-0.21*** 
16.90 

109.90 
20.90 

 (23.89) (5.89) (34.90) (0.08) (112.45) 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 



 

6. Concluding remarks  

This study has contributed to the dearth of knowledge on the overall nexus between the adoption 

of SWC practices, crop productivity, and household welfare, using nationally representative data 

of 2334 households. Despite numerous years of creating awareness and promoting SWC practices 

in Nigeria, the rates of adoption remain relatively low. The study shows that, except for minimum 

soil disturbance (“M-only”), less than 35% of the farmers adopted each of the SWC practices while 

17.8% adopt the full SWC practices (“MRC-only”).  

 

The econometric analysis of the determinants of SWC practices adoption shows mixed findings 

on the role of individual characteristics, household characteristics, demographic and institutional 

variables, agro-ecological location and several miscellaneous factors and the role played in a 

household’s decision to adopt SWC practices. Our findings indicate that education, age of the 

household head, access to credit, experience of drought, soil fertility, occupational stress are key 

drivers of adopting SWC practices.  

 

Additionally, institutional variables such as access to extension services also influence the decision 

to adoption of SWC practices. Using PSM and IPWRA, we estimated the impact of adoption of 

the SWC practices on crop productivity captured as yield in kg/ha and crop income in per capita 

income. Also, we estimated the impact on welfare outcomes captured as per capita expenditure 

(relative welfare), per capita food expenditure (food security) and poverty headcount (poverty 

status). In general, our results seem to suggest that the adoption of SWC practices positively and 

significantly improve the crop productivity and welfare of the adopters of SWC practices as 

compared to those who have not adopted these practices. 

 

A number of policy recommendations seem to emanate from the above empirical findings.  First, 

the estimation of the drivers of adoption shows that education of farm households is key to 

enhancing adoption of SWC practices. Formal education where proficiency can be thought may 

be incorporated into already existing intervention programmes with the view of normalizing the 

decision-making process of the crop farmers. Additionally, public education relating to farm 

management practices (including soil and water conservative practices) can also be intensified 

through radio jingles, mobile phone inclusion, and any available platform that is capable of re-



 

enforcing farmers’ knowledge on adoption of improved agricultural technologies. Access to 

information remains a critical component in achieving broad-based adoption of improved 

agricultural technologies. Studies have shown that areas where farmers had access to free 

information on the benefits and the knowledge of implementing SWC practices, adoption rates 

were higher. Therefore, in Nigeria, there is need to enhance extension services nationwide in order 

for farmers to maximize the potential embedded in the adoption of SWC practices.  

 

With regards to the findings emerging from the causal relationship of adoption of SWC practices 

and outcomes of interest, the following policy options can also be drawn. Firstly, the adoption of 

SWC practices should be encouraged. The reason for this recommendation emerges from the 

results of the casual effects which show that all possible typologies result in significant, consistent 

and positive effects on crop productivity and welfare indicators.  Secondly, profile-raising agenda 

and efforts that focus on promoting the adoption of combination of SWC practices should be 

designed and implemented. As revealed by the present study, multiple adoption of SWC practices 

lead to higher average treatment effects (ATTs) on crop productivity and welfare outcomes as 

compared to single SWC practices. Finally, looking at the effects of the various typologies of 

adoption of SWC practices, irrespective of unobserved and observed effects, the adoption of ‘M-

only” and “R-only” resulted in highest crop productivity and welfare outcomes. Which seems to 

suggest that in situations where the farmer, due to credit constraints, can only adopt two typologies 

of SWC practices, the focus should be on combining adoption of minimum soil disturbance and 

crop residue retention for maximum returns on the investment.  
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