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Abstract

Sustainable agricultural practices that enhance soil carbon simultaneously improve farm
yields and income. Despite the expansive literature on adoption of soil carbon practices in
Kenya, there is limited information on the impact of the elemental practices on farm output.
This study attempts to fill this literature gap by evaluating the impact of soil carbon practices
on farm output in Western Kenya. Results show that agroforestry, maize-legume
intercropping, terracing and use of inorganic fertilizer are dominant soil carbon practices.
Howbeit, the propensity score matching results reveal that maize-legume intercropping solely
has observable impact on farm output. On average, farmers involved in the practice have an
increase of 27% on maize output as opposed to those who don’t, and as such adoption could
improve their welfare. The findings suggests that interventions targeted on facilitating the
uptake of maize-legume intercropping among resource-poor rural smallholder farmers should
be pursued.
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1. Introduction
For decades, soil erosion and nutrient depletion has been an inherent problem in many Sub-
Saharan Africa (SSA) countries, resulting to unproductive agricultural lands (Kassie et al.,
2009). As a response to this, farmers have been impelled to invest in agricultural and
sustainable land management practices (SLMP) such as application of farmyard manure,
terracing, stone or soil buds and planting trees, that have the potential of improving land
productivity (Liniger et al., 2011). More significant are SLMP that enhance soil organic
carbon (SOC) since they have the capability of mitigating effects of climate change, and
increasing yields, thus boosting farmers’ income and improving food security (Bekele &
Drake 2003). Further, scientific evidence reveals that the most essential components of
agricultural research and development are likely to occur when farmers adopt agricultural
practices that enhance soil carbon (Powlson et al., 2011; Koirala et al., 2015). For example,
the uptake of agricultural and SLMP such as minimum tillage and the use of organic fertilizer
have been found to be cost-effective for resource poor farmers as they simultaneously
sequester carbon and increase economic returns (Li-Y, Shibusawa & Kodaira 2013).
Even with the studied importance of SLMP that enhance soil carbon, adoption among farmers
in East Africa is deficient (Bewket 2007; Adimassu et al., 2014). However, the promotion of
climate-smart, and sustainable intensification and agricultural practices within East Africa
has notably accelerated the adoption of SLMP (Diwani et al., 2013; Ng’ang’a et al., 2016). In
Kenya, the adoption of agricultural and SLMP has majorly been in the Western region, due to
its potential in production of staple foods like maize and beans (Karugia & Wambugu 2009).
For instance, the adoption rate by farmers in Western Kenya has been estimated at 16%, 48%
and 58% for mulching, use of inorganic fertilizer and maize-legume intercropping
respectively (Dallimer et al., 2018). However, (Antle & Stoorvogel 2008) observed that
adoption of these practices in Western Kenya is stunted, which could be attributed to various
reasons. On a broader scope, adoption of soil carbon enhancing practices is influenced by
various factors that can be categorized as socio-economic and farm specific (Shiferaw &
Holden 2001), institutional (Akudugu, Guo & Dadzie 2012), and biophysical (Obayelu et al.,
2017).
Specifically, adoption of SLPM that enhance soil carbon in Kenya has been observed to be
variedly affected by the hypothesized socio-economic, institutional, farm/plot level and
biophysical factors (Mutoko, Hein & Shisanya 2014; Ogada, Mwabu & Muchai 2014;
Mwangi et al., 2015). Also, farmers’ perceptions and knowledge concerning soil fertility
enhancement practices are crucial for adoption (Odendo, Obare & Salasya 2010).Despite the
extensive literature on the factors that influence adoption of SLMP in Kenya, there is unclear
information on its impact on small-holder farmers’ welfare. This study attempts to seal the
scientific literature gap by evaluating the impact of the dominant soil carbon practices on
farm output in Western Kenya. It is envisaged that interpreting the impact of SLMP that
enhance carbon at the household level would be paramount in formulating targeted
interventions, that would encourage more farmers adopt effective practices.
The rest of the paper is organized as follows. Section 2 provides a brief description of the
study area, data collection procedure and the analytical framework. Section 3 presents the
results followed by section 4 that concludes and gives policy recommendations.

2. Methodology

2.1 Study site

The survey was conducted in Western Kenya in Kakamega and Vihiga Counties (Fig. 1). The
area experiences reliable rainfall from 1200-2000mm annually, high temperatures between 15
-29°C annually, with well drained fertile soils, rocky hills and forests (Okeyo et al., 2014;



Savini et al., 2016). The high population density of 982 and 550 persons per square kilometer
for Vihiga and Kakamega respectively (KNBS 2009), has exerted pressure on land leading to
poor agricultural land management practices.
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Fig. 1: Map of Western Kenya showing the counties and sub-counties studied
As a result, soil fertility degradation has replicated leading to production of yields below the
agricultural potential (Odendo, Obare & Salasya 2010). Various projects have been
implemented in the area (Kenya Agricultural Carbon Project (KACP) and yield gap) with the
aim of promoting adoption of SLMP and establishing potential yields through the utilization
of low cost soil fertility practices. This is a clear indication that there is need to prevent
further soil deterioration and enhance productivity in the area.
2.2 Data collection and sampling procedure

Primary data was collected in August 2018 using semi structured questionnaires through face
to face interviews with smallholder farmers, who implement various soil carbon practices in
Kakamega and Vihiga. Prior to that, a focus group discussion (FGD) was carried out in the
two study sites, with farmers and various stakeholders to obtain more insights on various
SLMP in the area. A multi stage sampling technique was employed to derive a sample of 320
farmers distributed between the two Counties, following (Sidrndal, Swensson & Wretman
2003) in sample size determination. In the first stage, five administrative units (sub Counties)
were selected from each County to ensure data variability and a lager sample representation.
In the second stage, smaller administrative units (wards) were selected, two from each of sub
County. Villages were then selected from each ward, totaling to 16 in each County. In the last
stage, 10 farmers were randomly selected from each village. However, 334 farmers were
interviewed to cover for any challenges that would arise from analysis.

2.3 Analytical framework

Both experimental and non-experimental methods have been used in evaluating impact of
programs such as adoption of agricultural technologies. Experimental methods cater for
missing data and selection bias but are limited to experimental studies, thus are very costly
(Khandker, Koolwal & Samad 2010). Therefore, non-experimental methods have been



widely used in empirical research, most prominently propensity score matching (PSM). PSM
has been extensively employed on impact assessment studies because it compares observable
characteristics between adopters and non-adopters of a technology by assigning them
propensity scores (Ali & Abdulai 2010). The scores are the predicted probability of
participating in an intervention based on the observable characteristics, enabling the reduction
of selection bias (Asfaw 2010), thus its application in this study.
It was presumed by this study that farmers who adopt SLMP that enhance soil carbon have a
higher probability of increasing their farm output, and that the surplus can be marketed for
cash to generate income. Therefore, to evaluate the impact of adoption of a specific soil
carbon practice on output, a dummy variable is included, which is equal to one for adopters
and zero otherwise, as specified in Eq. 1;

Vi =aX; + BD;+ (Eq. 1)
Where; X; = outcome of a target variable for the i th household, D; = dummy variable, and
D; _; stands for adoption and D; _, non-adoption, and X; = observable characteristics and y; =
stochastic term reflecting unobserved variables that affect Y;.
Since PSM is the probability of adopting a given soil carbon enhancing practice, outcomes
between adopters and non-adopters are compared by matching propensity scores. The
propensity score can therefore be computed as shown in Eq. 2;
P(X)=Pr(D=11X) =E(D 1X) (Eq. 2)
Where; adoption (1) or non-adoption (0) is represented by D = (1 or 0), and X = a set of
observable characteristics. The distribution of X , given the propensity score P(X) is
comparable between adopters and non-adopters.
Given that there could be a correlation between adoption of a certain soil carbon practice and
the outcome (output), PSM acts as a correction model by providing unbiased estimates of
treatment effects (Rosenbaum & Rubin 2006). The expected treatment effect (impact) of
adopting a certain soil carbon enhancing practice or Average Treatment effect on Treatment
(ATT) can therefore be specified in Eq. 3;
ATT = E(Yy; — Yoi/P = 1) (Eq. 3)
Where; Y;; = output when the ith farmer adopts a certain soil carbon enhancing practice, Y;
= output of ith farmer when he/she does not adopt, and P; = probability of adoption (1=adopt
and O=otherwise).
Baker (2000) highlights that a discrete choice model is the first step in estimating the impact
of an outcome while using propensity scores. Thus, both the probit and logit model can be
used for analysis since they yield almost similar results. The probit model was used in this
study since it can be generalized to account for heteroscedasticity (Wooldridge 2009). The
discrete model is however applied after establishing a suitable matching' estimator, which
traces non-adopting farmers who have a propensity score that is very close to that of adopting
farmers. The nearest neighbor matching (NNM), kernel based matching (KBM) and caliper
matching are the most commonly used matching estimators in economic analysis (Caliendo
& Kopeinig 2008). The independent variables in the discrete choice model are those that have
been hypothesized to variedly influence the adoption behavior of SLMP by farmers in
Western Kenya. Socio-economic characteristics (age, gender, education level, household size,
labour, farming experience, household occupation and farm income), biophysical
characteristics (slope and soil type), farm/plot specific characteristics (farm size and land
tenure) and institutional characteristics (access to credit, market and extension services, and
group membership) are variables that have been observed by various studies (Marenya &
Barrett 2007; Ndiritu, Kassie & Shiferaw 2014; Kassie et al., 2015).

! Matching is a method used to select non-adopters who are matched with adopters on based on variables that need to be
controlled. (Caliendo and Kopeinig, 2008).



3. Results and Discussion

3.1 Farmer characteristics

The results of the t-test show insignificant differences in the means of independent variables,
indicating a similarity in household characteristics between the two study sites (Kakamega
and Vihiga Counties). Over two thirds of farmers are male, with an average of 50 years of
age, and have over 20 years of farming experience. On average, a household has 6 members
with a dependency ratio of less than 1. Education levels are low with almost half and a
quarter of the farmers having attained primary and secondary education respectively.
Consequently, poverty levels are high as more than 50% of the farmers are categorized as
poor, based on accumulated wealth. The smaller farm sizes of less than 3 acres indicate that
small-scale farming is dominant in the area. The farms are further sub-divided into plots
averaging to less than an acre, where most of the SLMP are implemented. Farmers own one
to three plots, where close to 70% of crop and livestock production is practiced. Most of the
farmers have two to three total livestock units® (TLU) and grow two or three crop varieties.
However, a combination of two crops (maize, 38% and beans, 31%) are common in the area,
justifying the dominance of maize-legume intercropping as one of the second important
SMLP. Other dominant SLMP in the area are inorganic fertilizer, agroforestry and terracing
respectively. In most cases, the soils are loamy (over 80%), but a few farms have clay and
sandy soils. The main source of labour for farm activities is a combination of both family and
hired labour (over 60%) and family labour only (over 30%),though in a few cases only hired
labour is employed. Almost two thirds of farmers have access to extension services,
signifying that knowledge on SLMP might be well disseminated within the study area.
However, access to credit is still a challenge as slightly more than one third of farmers can
access credit for farming activities.

3.2 Impact of SMLP that enhance soil carbon on farm output

Among the four dominant practices in the area (i.e. the use of inorganic fertilizer,
intercropping, agroforestry and terracing), only the analysis on intercropping yielded an
insignificant chi-square value after matching observable variables. This made the variables
comparable between adopters and non-adopters, thus PSM applied for intercropping only.
The Kernel based matching (KBM) bwidth 0.1 was the best matching estimator (Table 1),
since it best fitted the selection criteria for the largest matching sample, lowest pseudo R* and
lowest mean bias (Mulatu et al., 2017).

2 TLU was computed by adding up the total of shoats, cattle and poultry whereby 1 mature sheep or goat = 0.2 TLU, 1 mature chicken =
0.04 TLU and 1 mature cow = 1TLU (Njuki, Poole , Johnson, Baltenweck & Pali , 2011).

Table 2: Probit regression estimates used in estimating propensity scores for intercropping
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The results of the initial step of PSM, the probit model in this scenario are summarized in
Table 2. The likelihood ratio test indicates the goodness of fit of the model with a p value of
0.002.

Results show that household size and labour availability positively and significantly
influenced the adoption of intercropping as a soil carbon SLMP. This could imply that
household members provide labour, given that maize legume intercropping is quite a labour
intensive practice. This finding is consistent with (Ndiritu, Kassie & Shiferaw 2014; Kassie et
al., 2015) who observed that the size of a household can positively impact the adoption of
agricultural practices that require a lot of labour , especially in cases where labour is costly
for the households.

Being a male farmer reduced the likelihood of adopting intercropping. Mwangi et al. (2015)
notes that male farmers adopt certain agricultural technologies based on their usefulness
compared to their female counterparts whose adoption is guided by ease of use. Also, farm
size had a negative impact on the adoption of intercropping, which could be because farmers
opt to allocate resources that could be used to other off farm activities (Thuo et al., 2014).
Notably, the probability of practicing intercropping reduced for farmers whose occupation
was farming. This could suggest that the households are involved in other farming activities
that accrue more income so as to cater for their needs.

The above results are a clear indication that farmers who practice intercropping vary
significantly from those who don’t. Comparing the adopters verses the non-adopters would
therefore give bias estimates, hence the use of PSM as a correction model for the biasness.
The propensity scores were calculated for 252 farmers that had adopted intercropping, and 82
farmers who were non adopters (Table 3).

Table 3: Estimated propensity scores for maize-legume intercropping

Groups Observations Mean Std. Deviation Min. Max.
All farmers 334 0.755 0.143 0.046 1.000
Adopters 252 0.781 0.124 0.325 1.000
Non-adopters 82 0.674 0.168 0.046 0.901

Source: Authors survey (2018)

The predicted propensity scores for adopters of intercropping ranges from 0.325 to 1, with a
mean of 0.781 while that for non-adopters ranges from 0.046 to 0.901, with a mean of 0.674.



Therefore, the common support region would lie between 0.325 and 0.901. A further analysis
of the propensity scores is exhibited by the density distribution of the scores in Fig. 2.The
propensity score distribution for farmers who adopted (treated) maize-legume intercropping
are represented by the top half, while the lower half shows of farmers who are non-adopters
(control).
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Fig. 2: Propensity score histogram
Source: Authors survey (2018)

Although some farmers in the treated group (farmers who practice intercropping) are off
support, the propensity score distribution graph suggests that there is a high chance of
attaining a large number of matched sample with good matches. This is an indication that a
number of farmers who practice intercropping found a suitable match with those farmers who
didn’t. Nonetheless, matching should reduce the biasness that comes with observable farmer
characteristics. Table 4 shows the results of the covariates balancing test, showing the
differences in t test means and percentage bias before and after matching.

Table 4. Balancing tests for covariates

Mean %reduction t-test
Matching
Variable sample Treated Control Jobias bias t p>t
Pscore U 0.781 0.674 72.3 6.17 0.000
M 0.751 0.748 2.3 96.8 0.31 0.756
Farming experience U 23.591 20.415 20.5 1.64 0.103
M 22.500 23.060 -3.6 82.4 -0.36 0.717
Household size U 5.528 4.817 30.8 2.37 0.018
M 5.029 5.180 -6.6 78.7 -0.72 0.472
Distance to motorable road U 4.857 4.744 1.8 0.15 0.884
M 5.157 4.857 4.9 -165.1 0.47 0.640
Distance to local market U 30.087 31.366 -3.8 -0.31 0.757
M 30.262 31.459 -3.5 6.4 -0.38 0.703
Labour source U 2.381 2.000 39.9 3.21 0.001
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M 0.767 0.757 2.4 76.7 0.24 0.812
Age of household head U 54.560 51.573 20.9 1.66 0.097
M 54.038 54.402 2.5 87.8 -0.26 0.793
Education level of
household head U 1.671 1.537 134 1.04 0.301
M 1.571 1.562 0.9 93.3 0.09 0.925
Occupation of household
head U 0.667 0.780 -25.6 -1.95 0.052
M 0.724 0.763 -8.9 65.3 -0.93 0.355
Farm income U 47733 20271 20.0 1.30 0.194
M 23275 23901 -0.5 97.7 -0.13 0.895
Land tenure U 1.536 1.561 4.1 -0.31 0.757
M 1.543 1.518 4.1 0.4 0.44 0.661
Farm size U 1.642 3.720 -19.0 -2.12 0.035
M 1.539 1.375 1.5 92.1 1.17 0.244

NB: The numbers in bold shows significant covariates before matching. U and M stands for unmatched and matched samples respectively.

Source: Authors survey (2018)

Results reveal that, out of the 15 variables, the matched sample means for the variables are
almost similar for adopters and non-adopters after matching, which was not the case before
matching. In addition, the variables that were statistically significant before matching
(household size, labour, gender and occupation of the household head, and farm size) are
insignificant after matching (as indicated in the p >t column). This suggests that the variables
have been balanced, making them comparable, thus reducing selection bias. This is further
ascertained by results in Table 5, whereby there is an observable reduction in Pseudo R’ LR-
Chi* and mean bias after matching. Consequently, the P > Chi® is insignificant after
matching, supporting that the variables have been balanced between adopters and non-
adopters.

The successful balance of variables between the two groups of farmers proved similarity in
observable characteristics. Thus, the results were used to assess the impact of adopting
intercropping on farm output, which was done by computing the ATT. The impact of maize-
legume intercropping on farm output is as summarized in Table 6. The results indicate that
the adoption of intercropping has a positive and significant impact (at 5% significant level)
on maize output, but an insignificant impact on beans output. This could be an implication
that beans are intercropped with maize as a complementary crop, with the sole purpose of
enhancing soil fertility. The finding is supported by (Manda et al., 2016) who found that




maize-legume production is among the sustainable land intensification practices that fix
nitrogen in soils, substantially increasing maize production. This is because where mono-
cropping (maize is grown alone) is practiced weeds are common, resulting in a decline in
output.

Table 6. Impact (treatment effect) of maize-legume intercropping on farm output

Outcome Sample Treated Controls Difference S.E. T stat
Maize output Unmatched 1054 628.90 425.10 173.70 2.45
ATT** 881.97 642.04 239.93 103.66 2.31

Beans output Unmatched 105.26 55.29 49.97 30.43 1.64
ATT 94.07 60.35 33.72 30.18 1.12

NB:** stands for significant at p<0.05 and S.E is the standard error while ATT is the Average Treatment effect on Treatment

Source: Authors survey (2018)

The results further indicate that maize-legume intercropping increases maize output by an
average of 240Kg (approximately 3 bags); therefore, it can be concluded that adoption of
intercropping increases maize output by approximately 27%.This finding is consistent with
(Ngwira, Aune & Mkwinda 2012) who observed that intercropping is a cost effective practice
as it improves maize yields, and at the same time ensures attractive economic returns. This
findings suggest that encouraging farmers to adopt intercropping can help in improving maize
output thus improved incomes.

The results of the treatment effect assumes that all the applicable observable variables have
been included in the treatment assigned. Thus it’s important to carry out a sensitivity test to
verify whether the estimated results from the PSM are prone to change if other unobserved
variables were introduced. Else, the positive impact of maize-legume intercropping on maize
output would be questionable. A sensitivity analysis test was therefore carried out, using the
rosenbaum bounds (rbounds) test to check for hidden bias (Rosenbaum and Rubin, 2006).
Since the impact on the outcome (farm output) was positive, the level of gamma reported was
for the positive effect (sig+), at the point where 10% level of significance was exceeded. The
values of gamma varied between 1.00 and 1.60, suggesting that any unobserved variable
would have to increase the odds ratio by at least 60 percent before it would bias the estimated
impact. Only then would the significance of the impact on value of output be questionable.
Studies that have reported almost similar gamma values for the sensitivity analysis include
(Ogutu, Okello & Otieno 2014; Miyinzi et al., 2019), concluding that unobserved variables
would negligibly alter the conclusion of a positive impact of adoption of maize-legume
intercropping on maize output.

4. Conclusion and policy recommendations

The significance of sustainable land management practices cannot be overemphasized, more
so those with the potential to enhance soil carbon. This study established the impact of SLMP
that enhance soil carbon in Western Kenya on a sample of 334 farmers, using the propensity
score matching method. The findings suggest that agroforestry, maize-legume intercropping,
terracing and the use of inorganic fertilizer are dominant practices in the area respectively.
However, the criteria for impact evaluation using PSM method revealed that maize-legume
intercropping solely had a visible impact on farm output. This is an indication that
interventions aimed at increasing adoption should be aimed specifically on an individual
practice conditional on the determinant factors.

The size of a household and availability labour had a positive and significant influence on
uptake, while gender and occupation of household head, and farm size had a negative and
significant impact. The results of the impact evaluation, given by the average treatment effect
on the treated shows that farmers who practiced maize-legume intercropping increased their



maize output by approximately 240 kilograms (an average of 3 bags). This is an estimated
27% increase in maize output. Further, unobserved variables would not transform much the
results of the evaluated effects. The study therefore concludes that adoption of maize-legume
intercropping significantly improves maize output.

The findings from this study imply that maize-legume intercropping is an effective practice in
boosting maize output, which represents a major component of Kenya’s grain basket, and can
help resource constrained rural farmers improve their farm income. Interventions that
encourage uptake of the practice should therefore be pursued by relevant stakeholders. For
instance, labour is a significant determinant in maize-legume intercropping adoption. Thus
interventions that ease the burden of labour such as improved/modern, and cost-effective
technologies should be established. Alternatively, it would be plausible to avail affordable
inputs that enable implementation such as improved seed varieties and inorganic fertilizer.

References

Adimassu Z, Mekonnen K, Yirga C & Kessler A, 2014. Effect of soil bunds on runoff, soil
and nutrient losses, and crop yield in the central highlands of Ethiopia. Land Degradation and
Development 25(6): 554-564. doi: 10.1002/1dr.2182.

Adimassu Z, Langan S & Johnston R, 2016. Understanding determinants of farmers’
investments in sustainable land management practices in Ethiopia: Review and synthesis.
Environment, Development and Sustainability: 1005-1023. doi: 10.1007/s10668-015-9683-5.

Akudugu MA, Guo E & Dadzie SK, 2012. Adoption of Modern Agricultural Production
Technologies by Farm Households in Ghana: What Factors Influence their Decisions?.
Journal of Biology, Agriculture and Healthcare 2(3): 1-13.

Ali A & Abdulai A, 2010. The adoption of genetically modified cotton and poverty

reduction in Pakistan. Journal of Agricultural Economics 61(1): 175-192. doi:
10.1111/5.1477-9552.2009.00227 .x.

Antle JM & Stoorvogel JJ, 2008. Agricultural carbon sequestration, poverty, and
sustainability. Environment and Development Economics 13(3): 327-352. doi:
10.1017/S1355770X08004324.

Asfaw S, 2010. Estimating Welfare Effect of Modern Agricultural Technologies: A Micro-
Perspective from Tanzania and Ethiopia. Chronicpoverty.Org: 1-27. Available at:

http://www.chronicpoverty.org/uploads/publication_files/astaw_agricultural _technologies.pd
f (Accessed 23 November 2018).

Baker J, 2000. Evaluating the Impact of Development Projects on Poverty: A Handbook for
Practitioners. Washington, DC: The World Bank.

Bekele W & Drake L, 2003. Soil and water conservation decision behavior of subsistence
farmers in the Eastern Highlands of Ethiopia: A case study of the Hunde-Lafto area.
Ecological Economics 46(3): 437—451. doi: 10.1016/S0921-8009(03)00166-6.

Bewket W, 2007. Soil and water conservation intervention with conventional technologies in
northwestern highlands of Ethiopia: Acceptance and adoption by farmers. Land Use Policy,
24(2): 404-416. doi: 10.1016/j.1andusepol.2006.05.004.

Caliendo M & Kopeinig S, 2008. Some practical guidance for the implementation of
propensity score matching. Journal of Economic Surveys. doi: 10.1111/.1467-
6419.2007.00527 .x.

Dallimer M, Stringer L, Orchard S, Osano P, Njoroge G, Wen C & Gicheru P, 2018. Who
uses sustainable land management practices and what are the costs and benefits? Insights



from Kenya. Land Degradation & Development 29(9): 1-14. doi: 10.1002/1dr.3001.

Diwani TN, Asch F, Becker M & Mussgnug F, 2013. Characterizing farming systems around
Kakamega Forest, Western Kenya, for targeting soil fertility-enhancing technologies. Journal
of Plant Nutrition and Soil Science 176(4): 585-594. doi: 10.1002/jpln.201200036.

Karugia J & Wambugu S, 2009. The Millenium Development goals and the African food
crisis: A meso and micro level analysis of the drivers of agricultural intensification of food
staples in Kenya. Report from AFRINT II project.

Kassie M, Zikhali P, Manjur K & Edwards S, 2009. Adoption of sustainable agriculture
practices: Evidence from a semi-arid region of Ethiopia. Natural Resources Forum 33(3):
189-198. doi: 10.1111/j.1477-8947.2009.01224 x.

Kassie M, Teklewold H, Jaleta M, Marenya P & Erenstein O, 2015. Understanding the
adoption of a portfolio of sustainable intensification practices in eastern and southern Africa.
Land Use Policy 42: 400—411. doi: 10.1016/j.1andusepol.2014.08.016.

Khandker SR, Koolwal GB & Samad H, 2010. Handbook on Impact Evaluation.
Quantitative methods and practices. Washington, DC: The World Bank.

KNBS, 2009. Kenya National Bureau of Statistics population and housing census. Available
at  https://www.knbs.or.ke/download/population-distribution-by-sex-number-of-households-
area-and-density-by-county-and-district/ (Accessed 20 November 2018).

Koirala B, Dutta J, Prakash D, Shiva CP & Krishna K, 2015. Level of Adoption and Factor
Affecting the Level of Adoption Sustainable Soil Management Practices in Ramechhap
District , Nepal. Journal of Business Management and Economics: 1-6.

Li Y-M , Shibusawa S & Kodaira M, 2013. Carbon sequestration potential and farming
income: Identifying the optimal carbon farming practices in Japanese paddy fields.
Engineering in Agriculture, Environment and Food 6(2): 68-76. doi:10.1016/S1881-
8366(13)80029-8

Liniger H, Mekdaschi SR, Hauert C & Gurtner M, 2011. Sustainable Land Management in
Practice: Guidelines and Best Practices for Sub-Saharan Africa, TerrAfrica, World Overview
of Conservation Approaches and Technologies (WOCAT). doi: 978-92-5-1066904.

Manda J, Alene AD, Gardebroek C, Kassie M & Tembo G, 2016. Adoption and Impacts of
Sustainable Agricultural Practices on Maize Yields and Incomes: Evidence from Rural
Zambia. Journal of Agricultural Economics. doi: 10.1111/1477-9552.12127.

Marenya PP & Barrett CB, 2007. Household-level determinants of adoption of improved
natural resources management practices among smallholder farmers in western Kenya. Food
Policy 32(4): 515-536. doi: 10.1016/j.foodpol.2006.10.002.

Miyinzi C, Mwongera C, Shikuku K, Acosta FM, Ampaire E, Winowiecki L & Laderach P,
2019. Household Welfare Effects of Stress-Tolerant Varieties in Northern Uganda:

Investigating the Business of a Productive, Resilient and Low Emission Future, pp. 175-186.
doi: 10.1007/978-3-319-92798-5_15.

Mulatu G, Haji J, Legesse B & Ketema M, 2017. Impact of Participation in Vegetables’
Contract Farming on Household’s Income in the Central Rift Valley of Ethiopia. American
Journal of Rural Development. doi: 10.12691/ajrd-5-4-1.

Mutoko MC, Hein L & Shisanya CA, 2014. Farm diversity, resource use efficiency and
sustainable land management in the western highlands of Kenya. Journal of Rural Studies
36: 108—120. doi: 10.1016/j.jrurstud.2014.07.006.



Mwangi HW, Kihurani AW, Wesonga JM, Ariga ES & Kanampiu F, 2015. Factors
influencing adoption of cover crops for weed management in Machakos and Makueni
counties of Kenya. European Journal of Agronomy 69: 1-9. doi: 10.1016/j.eja.2015.05.001.

Ndiritu SW, Kassie M & Shiferaw B, 2014. Are there systematic gender differences in the
adoption of sustainable agricultural intensification practices? Evidence from Kenya. Food
Policy 49(P1): 117-127. doi: 10.1016/j.foodpol.2014.06.010.

Ng’ang’a SK, Bulte EH, Giller KE, Mclntire JM & Rufino MC, 2016. Migration and Self-
Protection Against Climate Change: A Case Study of Samburu County, Kenya. World
Development 84: 55-68. doi: 10.1016/j.worlddev.2016.04.002.

Ngwira AR, Aune JB & Mkwinda S, 2012. On-farm evaluation of yield and economic benefit
of short term maize legume intercropping systems under conservation agriculture in Malawi.
Field Crops Research. doi: 10.1016/j.fcr.2011.12.014.

Njuki J, Poole J, Johnson N, Baltenweck I, Pali P, Lokman Z & Mburu S, 2011. Gender,
Livestock and Livelihood Indicators. International Livestock Research Institute (ILRI),
Nairobi, Kenya.

Obayelu A, Ajayi O, Oluwalana E & Ogunmola O, 2017. What Does Literature Say About
the Determinants of Adoption of Agricultural Technologies by Smallholders Farmers?. Agri
Res & Tech: Open Access Journal 6(1): 555-676. doi: 10.19080/ARTOAJ.2017.06.555676.

Odendo M, Obare G & Salasya B, 2010. Farmers’ perceptions and knowledge of soil fertility
degradation in two contrasting sites in western Kenya. Land Degradation and Development
21(6): 557-564. doi: 10.1002/1dr.996.

Ogada MJ, Mwabu G & Muchai D, 2014. Farm technology adoption in Kenya: a
simultaneous estimation of inorganic fertilizer and improved maize variety adoption
decisions. Agricultural and Food Economics 2(1): 12. doi: 10.1186/s40100-014-0012-3.

Ogutu SO, Okello JJ & Otieno DJ, 2014. Impact of information and communication
technology-based market information services on smallholder farm input use and
productivity: The case of Kenya. World Development. doi: 10.1016/j.worlddev.2014.06.011.

Okeyo Al, Mucheru-Muna M, Mugwe J, Ngetich KF, Mugendi DN, Diels J & Shisanya CA,
2014. Effects of selected soil and water conservation technologies on nutrient losses and
maize yields in the central highlands of Kenya. Agricultural Water Management 137: 52-58.
doi: 10.1016/j.agwat.2014.01.014.

Powlson DS, Gregory PJ, Whalley WR, Quinton JN, Hopkins DW, Whitmore AP, Hirsch P
R & Goulding WT, 2011. Soil management in relation to sustainable agriculture and
ecosystem services. Food Policy 36: 72-87. doi: 10.1016/j.foodpol.2010.11.025.

Rosenbaum PR & Rubin DB, 2006. The central role of the propensity score in observational
studies for causal effects in matched sampling for causal effects. doi:
10.1017/CB0O9780511810725.016.

Sarndal CE, Swensson B & Wretman J, 2003. Model Assisted Survey Sampling. Springer
New York. Available at: https://books.google.co.ke/books?id=ufdONK3EITcC (Accessed
November 20 2018).

Savini I, Kihara J, Koala S, Mukalama J, Waswa B & Bationo A, 2016. Long-term effects of
TSP and Minjingu phosphate rock applications on yield response of maize and soybean in a
humid tropical maize legume cropping system. Nutrient Cycling in Agroecosystems 104(1):
79-91. doi: 10.1007/s10705-016-9760-7.



Shiferaw B & Holden ST, 2001. Farm-level benefits to investments for mitigating land
degradation: empirical evidence from Ethiopia. Environment and Development Economics,
6(03): 335-358. doi: 10.1017/S1355770X01000195.

Thuo M, Bell AA, Bravo-Ureta BE, Lachaud MA, Okello DK, Okoko EN, Kidula NL, Deom
CM & Puppala N, 2014. Effects of social network factors on information acquisition and
adoption of improved groundnut varieties: The case of Uganda and Kenya. Agriculture and
Human Values 31(3): 339-353. doi: 10.1007/s10460-014-9486-6.

Wooldridge JM, 2009. Introductory econometrics: A modern approach, Jeffrey M.
Wooldridge.



	1. Introduction
	2. Methodology
	2.1 Study site
	2.3 Analytical framework

	3. Results and Discussion
	3.1 Farmer characteristics
	3.2 Impact of SMLP that enhance soil carbon on farm output

	4. Conclusion and policy recommendations



