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Abstract: Push–pull technology (PPT) integrates maize with the legume fodder Desmodium sp. and
the border crop Brachiaria sp., aiming to enhance maize production in Rwanda. Despite its potential,
the adoption of complementary soil management practices (SMP), vital for PPT’s success, remains
low. This study employs spatial econometric methods to evaluate the determinants of SMP adoption
and the interdependencies in decision-making among PPT-practicing farmers. We constructed a
spatial weight matrix based on a global Moran’s I index and identified optimal model parameters
through principal component analysis. Utilizing a spatial Durbin probit model (SDPM), we assessed
the spatial interdependence of SMP adoption decisions among maize farmers. Our findings reveal
significant spatial dependence in SMP adoption within a 1.962 km radius, with improved seed usage,
household income, yield, farmer group membership and size of land cultivated being key factors
positively influencing adoption. We propose a “nonequilibrium promotion strategy” to enhance
SMP adoption, emphasizing the establishment of pilot regions to broaden outreach. Additionally,
fostering technical training and selecting farmers with adequate resources as demonstration leaders
can enhance spatial spillover effects. This research provides insights for developing policies to scale
up push–pull technology in Rwanda and across Sub-Saharan Africa.

Keywords: soil management; spatial Durbin probit model; pests and diseases; smallholder farmer;
push–pull technology adoption; knowledge

1. Introduction

Sub-Saharan Africa remains the world’s most food-insecure region [1]. As of 2010, the
region had the highest percentage of under-nourished persons in the world, at an estimated
30% of the total population. In addition, food production per capita in Africa has been
declining; farmers experience low crop-productivity levels, resulting in lower yields [2].

The low performance of the agricultural sector is attributable to several factors, such as
climate change, use of low-yielding seed varieties, poor management of pests and diseases,
limited use and adaptation of up-to-date agronomic practices, slumped infrastructure,
gender inequality, land tenure systems and socio-cultural factors causing a deficiency in
access to appropriate extension services and agricultural inputs [3–8].

In Rwanda, a large portion of the population depends heavily on rain-fed agriculture
and experiences frequent and prolonged dry spells, low soil fertility, and widespread
pests and diseases, such as fall armyworm (FAW), stemborers and Striga weed [9]. The
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combination of these factors is associated closely with reduced maize yield or complete
crop failure [9–11]. Farm-level estimates of yield losses attributable to FAW in the region
range between 20% and 50% [10,12–14], stemborer losses range from 10% to 88% [15], while
the parasitic Striga weed destroys entire crop fields if left uncontrolled [16]. Consequently,
the food security, nutrition and livelihood status of smallholder farmers are constantly
threatened [17]. Therefore, there is a need to adopt sustainable farming practices to mitigate
these production constraints and maintain food-secure households [18].

For pest management, extension services have often recommended using pesticides as
a faster and more effective control measure. However, because of their adverse effects on
non-target organisms, humans and the environment, agro-ecological approaches that are
cost-effective and easy to apply for eco-friendly soil-management practices (SMP) and pest
control are recommended for sustainability. Indeed, agro-ecological farming practices miti-
gate pests and abiotic factors and are usually more accessible or affordable to smallholder
farmers [19]. One such practice is push–pull technology (PPT), an ecological approach
for pest and soil management that relies on on-farm biodiversity [19,20]. This technology
entails a stimulo-deterrent diversionary tactic involving pests and their natural enemies,
whereby pests are deterred away from the main crop (“push effect”) and simultaneously
attracted (“pull effect”) to trap plants [20–22]. The legume intercrop Desmodium spp. repels
(the ‘push’) stemborers and suppresses Striga, and the border crop Brachiaria or Napier
grass Pennisetum purpureum attracts (the ‘pull’) the pest away from the main cereal crop.
The legume intercrop improves soil fertility through nitrogen fixation, erosion control, and
enhancing soil organic matter content [23,24]. Since PPT simultaneously reduces the impact
of the major cereal crop production constraints of pests, adopting it plays a major role in
attaining food security and poverty reduction [25]. For instance, adopting the push–pull
strategy in East Africa could improve maize yields by 1.96 times if this method were to be
widely adopted [26].

PPT was introduced in Rwanda in 2017, with satisfactory results following support
from national government, but its overall adoption remains relatively low. This can be
expected, as PPT is a knowledge-intensive technology that requires step-by-step application
of agroecological principles to achieve optimal results [26]. It also requires aptitude in
soil fertility improvement, plot measurements and layout, crop spacing, weeding, and
harvesting of companion crops/plants for optimal productivity. Soil management prac-
tices, such as composting, manure application and root pruning, are guiding principles
for capturing the full benefits of the technology. These practices are even more critical
when considering the fact that most of the land in Rwanda is on inclined terrain and,
consequently, farmers face challenges such as soil degradation, moisture conservation, and
low fertility attributable to large-scale erosion [27]. This, in addition to other biophysical
and socioeconomic challenges, can influence the adoption of the technology. Thus, the
decision to adopt new practices occurs through a dynamic and complex process that varies
between communities, countries and between studies. Most adoption studies have primar-
ily focused on evaluating the socio-economic factors affecting farmers’ decisions to adopt
eco-friendly practices. Despite the potential of PPT to improve maize production in SSA,
no empirical study has been undertaken to establish the neighbourhood effects of adopting
soil management practices as complementary packages of PPT.

Spatial dependence suggests that farms within proximity to one another exhibit
similar choice behaviours. This could be attributed to greater communication between the
farmers, which raises awareness, changes preference, and reduces information costs [28].
The endogenous interaction effect (also known as the neighbourhood effect) is the best-
known effect that explains this. It implies a spillage effect among neighbouring farms
and communities [29]. An existing social network structure shapes a farmer’s behaviour
towards innovations and their adoption [30]. This concept dates back to Manski’s [31] study
on the analysis of endogenous social effects, where an individual’s likelihood to behave in
a specific way changes with the individual’s social group behaviours. This diffusion can be
measured as a percentage of the farming population that adopts innovation and the total
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land share it can utilise [32]. Studies such as the one by Krishnan and Patnam [33] found
social learning to be more effective than structured extension services were when it came to
adopting fertilisers and new seed varieties in Ethiopia. Conversely, Ward and Pede [34]
found the neighbourhood effect as being a significant determinant in the use of hybrid
rice in Bangladesh. Other studies that have also employed spatial analysis of technology
adoption include [34–39].

Geographical locations can be used to model spatial dependence but are often ig-
nored [40]. Ignoring such effects, where they exist, leads to the formation of biased and
inconsistent estimates of technology adoption determinants [41]. Furthermore, understand-
ing the neighbourhood effects of technology adoption with a spatial dimension is important
for designing technology and knowledge dissemination strategies and, ultimately, in iden-
tifying cost-effective strategies for transferring knowledge-based technologies such as PPT
and other similar integrated pest management (IPM) technologies.

The implementation of PPT in Rwanda is relatively new (less than six years), and its
adoption, although low, is steadily growing. Previous studies have shown that the number
of farmers who learn how to use PPT in a typical area varies between 6 and 17 [41–43].
However, the extent to which farmers’ adoption of soil management practices and related
technologies is influenced by neighbourhood factors has not been investigated.

The current study, therefore, seeks to understand the spatial factors that influence
the uptake of soil management practices under PPT usage. Specifically, it evaluates the
determinants of adopting soil management practices, focusing on farmers who practise PPT.
This paper uses spatial econometric approaches to estimate the direct and indirect spatial
spillover effects in the adoption behaviour of soil management practices among PPT farmers
in Rwanda. The results obtained are expected to inform policymakers on integrating
soil management technology scaling programmes in spatial dimensions and optimising
resources for scaling up PPT in Rwanda, in particular, and other regions in general.

2. Materials and Methods
2.1. Study Site and Data Collection

This study uses data derived from a survey carried out in the Eastern province of
Rwanda in 2019 within Nyagatare and Gatsibo districts (Figure 1), covering 522 households
that had adopted PPT. Eastern Rwanda was selected as the study area due to its signifi-
cant challenges with soil degradation, Striga weed infestation, and insect pest pressures.
Additionally, the region supports livestock production, which can benefit from the PPT
companion plants as fodder, making it an ideal region for the optimal deployment of
push–pull technology. The sample was derived using simple random sampling on lists
of households consisting of households that had worked with an implementing partner
organization (Food for the Hungry (FH)) as adopters and another of non-adopters’ as those
that had not been contacted by FH. Household data were collected by trained enumerators
through using pre-tested structured questionnaires designed in CSPro version 7.1 and
uploaded on computer-assisted personal interview (CAPI) devices. The questionnaire
comprised a range of modules that captured household identification and characteristics,
socio-economic status, crop production and plot information, PPT adoption, non-adoption
and potential adoption, livestock ownership and production, food security, and access to
capital and information.
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Figure 1. Sampled push–pull technology farmers in Gatsibo and Nyagatare districts within Eastern
Province, Rwanda.

2.2. Methodology

A spatial correlation test is essential for assessing spatial effects in a spatial econometric
model [44]. To confirm the appropriateness of the spatial Durbin probit model (SDPM) for
this study, we calculated the global Moran’s I index, which is commonly used to detect
spatial dependence across locations. This test verified spatial correlation in the sampled
field data. If the spatial correlation falls within −1 ≤ Moran’s I < 0, it indicates negative
spatial correlation, while 0 < Moran’s I ≤ 1 reflects positive spatial correlation. A Moran’s
I of 0 signifies no correlation. In our data, the Moran’s I result demonstrated significant
positive spatial correlation, indicating that soil management practices (SMPs) adopted by
one farm could influence similar practices among neighbouring farms. This justified the
use of the SDPM, as it allows for modelling such spatial interdependencies directly.

Data Analysis Procedures and Application of the Spatial Durbin Probit Model (SDPM).
We began our analysis with a thorough descriptive and exploratory analysis of the

data. This step included examining variable distributions and checking for multicollinearity
among variables to ensure they were suitable for spatial modelling. For instance, where
variables such as yield and its natural logarithmic transformation were highly correlated,
we retained only the transformed variable to prevent multicollinearity issues in the model.
This pre-analysis step was crucial to facilitate a robust application of the SDPM by ensuring
the reliability and interpretability of the coefficients.

In our study, we categorized soil management practices (SMPs) into two main types:
organic and chemical-based practices. Organic SMPs included grass strips, terraces, zero
tillage, soil bunds, tree planting, manure, and compost, while chemical practices consisted
of insecticides, herbicides, urea, and DAP. This classification was integral for specifying the
model structure, as it allowed us to create distinct variables representing each SMP type
within the SDPM. This categorization not only clarified the direct effects of SMP adoption
on each farm but also enabled us to assess spatial spillover effects of different SMP types
across neighbouring farms.
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The SDPM was specified to include both direct and spatially lagged variables. Direct
effects account for the influence of a farm’s characteristics (such as farm size, soil quality,
and access to agricultural support) and its chosen SMPs on its own adoption behaviour.
The spatial lag terms, however, capture indirect effects, which estimate how SMP adoption
on one farm influences the likelihood of SMP adoption in neighbouring farms. By including
spatially lagged versions of the SMP variables, the SDPM can quantify the spatial spillovers
associated with both organic and chemical SMPs, revealing the extent to which these
practices spread through neighbouring farms.

To further clarify, the SDPM in this study was structured to measure these direct and
indirect effects separately for organic and chemical SMPs. For example, the spatial lag
of organic SMPs assessed whether the likelihood of a farm adopting organic practices
increased if nearby farms also used organic SMPs. Similarly, the spatial lag of chemical
SMPs captured the spatial influence of chemical usage in neighbouring farms on a farm’s
own adoption choices. This approach enabled us to analyse not only the immediate
determinants of SMP adoption for each farm but also the broader spatial dynamics that
influence SMP adoption within the study area.

The results of the SDPM thus provide a nuanced understanding of SMP adoption
behaviour by quantifying both individual and spatially dependent influences. Specifically,
this model allowed us to identify how the adoption of SMPs among neighbouring farms
impacts adoption decisions in the focal farm, highlighting the role of spatial spillover in
shaping soil management practices.

A detailed breakdown of the descriptive and spatial analysis, including variable
selections and pre-modelling steps, is presented in the Appendix A.

Because of the dichotomous nature of the dependent variable (i.e., integration of a soil
management practice), the spatial Durbin probit model (SDPM) was chosen to determine
the interdependence of decisions among PPT-practising farmers in Rwanda to integrate soil
management practices, following ([45]). The SDPM presents several advantages, including
allowing one to study the effects of spatial dependence on the adoption decisions of several
farmers in the same vicinity. The model also enables the assessment of the significance of
this impact on farmers’ decision-making choices. In addition, the approach also allows
adoption decisions to be grouped into direct and indirect, if spatial dependence is present,
and reducing the endogeneity bias, since the model accounts for a significant proportion of
confounding factors [46].

The SDPM model is specified as follows:

yi* = λWyi* + WXi y + εi

where:
y∗i is an n × 1 vector of realisations of the decision for PPT farmers to integrate

soil management practices, and Xi is an n × k matrix of observations in terms of farm
characteristics as well as decision-making characteristics of the ith farmer. The terms λWy∗i
and WXiγ are defined as the spatial terms that indicate the indirect effect of adoption
of soil management practices of neighbouring farmer j on farmer i [47]; further, Wy∗i is
the spatially lagged dependent term representing the weighted average of neighbouring
farmers’ utility, and it captures the spatial dependence of the choice of adoption among
farmers. The term WXi, on the other hand, which is the spatially lagged independent term,
captures the weighted average characteristics of neighbouring farms. The former captures
endogenous effects, while the latter captures exogenous effects. W is an n × n spatial
weights matrix, based on a neighbouring criterion chosen about distance or contiguity
between farmer i and j (i ̸= j)

wij =

{
d−1

ij , 0 ≤ dij ≤ d
0, dij > d
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where d represents the threshold distance beyond which the spatial spillover effects are
null. These weights are normally row-standardised in that the sum of elements on each row
totals to 1. E is a vector comprising error terms, where Ei are independently and identically
distributed (i.i.d.) for all i with a mean of zero and a variance of σ2. The terms λ and β
are the unknown regression parameters to be estimated. The data were analysed through
RStudio software version 4.3.0, using the above model. The map in Figure 1 was generated
using ArcGIS 10.8 (Environmental Systems Research Institute, Redlands, CA, USA).

3. Results and Discussion
3.1. Description of the Data

This section describes the characteristics of representative PPT households. First,
a variable describing soil management as a practice was created, using the previously
mentioned sample size (n = 522), together with a follow-up survey of the same farmers.
The dichotomous variable described households that employed two soil management
practices, namely the use of grass strips and soil bunds, and those that were not using these
practices. It was coded as a binary variable indicating a farmer’s choice of soil management
practices: coded as 1 representing adoption (if the farmer reported using any of the above
two practices) and coded as 0 representing non-adoption (if the farmer used neither of
them). The description of the variables is shown in Table 1.

Table 1. K-mean value estimation.

K Value Disjoint Regions Distance (m)

1 152 1189.90

2 62 1292.52

3 29 1308.05

4 16 1907.34

5 8 1962.38

6 8 2257.92

7 6 2307.59

8 6 2327.46

9 5 2671.36

10 4 2793.70

3.2. Spatial Correlation Test Results

The global Moran’s I analysis for the spatial weight matrix, based on a geographic
distance, was 0.03 (p-value = 0.17), with a significance level of 0.5. This result indicated
that the behavioural adoption characteristics of soil management by PPT farmers are
significantly and positively correlated to the adoption behaviours of adjacent PPT farmers;
thus, the adoption behaviour amongst the farmers is not randomly distributed across
space but is spatially correlated. This positive correlation can be attributed to the daily
interactions through communication and business activities that usually occur between
adjacent farmers, thus indicating a strong peer effect [48]. Spatial dependence is greatly
influenced by a decay noted along a geometric distance; thus, there is a need to determine
a suitable distance that ensures each household has at least one neighbouring family [49].

A total of 10 nearest neighbours (K) value thresholds, ranging from 1 to 10, were tested
to establish the optimum value of K that would generate a suitable weight matrix for the
SDPM. As shown in Table 1, when the K value was set to 5, the geographic distance between
neighbours was optimal at 1.962 km, and the number of disjoint regions was 8; thus, this
model was considered optimal. The results of the distance estimation are presented in
Table 1. The results present the optimal value of K that generated distinct disjoint regions
that form a pseudo-sphere of influence with regard to technology and information transfer
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among the adopting farmers, as shown in Figure 2 below. This finding implies that the
adoption of soil management has a spatial lag; a farmer is likely to adopt soil management
practices if their neighbouring PPT-adopting farmer within a distance of 1.962 km also
practises soil management practices, beyond which the spatial spillover effect of adopting
SMP amongst PPT farmers diminishes to zero
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Figure 2. Representation of the disjoint regions that form a sphere of influence, based on varying
K-values in a K-nearest neighbour analysis.

The spatial Durbin probit model described in the previous section was then estimated,
using the above-created soil management variable as the dependent variable. The lon-
gitude and latitude coordinates of the farmers’ plots were used to generate the spatial
weight matrix to characterise neighbourhood effects in Geoda (version 1.20.0.10). Several
independent variables were then used to model this choice, as presented in Table 2 below.

Table 2. Model variables definitions.

Variables Descriptions

Response Variable

Soil Management Use of grass strips or/and soil bunds as soil management practices (SMP) (No = 0, Yes = 1)

Explanatory Variables

Age_hh_new Age of the household head (years)

TLU_2 Tropical livestock units (TLUs)

Soilfertil Soil fertility (Good = 1, Medium = 2, Low = 3)

Plot_dist Distance to the cultivated plot (in minutes of walking time)

Dist_ext Distance to source of extension services (in minutes of walking time)

Altitude Ground height measured in metres above sea level (m.a.s.l)

Localseed_ Use of local seed (No = 0, Yes = 1)

Lnyield Natural log of maize yield achieved by the household

Total_land Total land owned (hectares)

Tot_cultla Total cultivated land (hectares)

Ln_income Natural log of household income

Hybrid_2 Farmers use of hybrid maize (No = 0, Yes = 1)

DAP_2 Use of diammonium phosphate fertiliser (No = 0, Yes = 1)
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Table 2. Cont.

Variables Descriptions

Insecticide Used insecticide (No = 1, Yes = 1)

Hh_size2 Total number of people in the household

credit_2 Used credit in maize production (No = 0, Yes = 1)

Continue PPT Farmer willingness to continue PPT (No = 0, Yes = 1).

numberofph Number of mobile phones within the household (No = 0, One = 5 Two or more = 12)

educ_hh Actual number of schooling years of household head.

herbicide Used herbicides (No = 0, Yes = 1)

Hh_groups Number of farmer groups the household belongs to

Extension Access to extension services from relevant authorities (No = 0, Yes = 1).

training_2 Household received training in PPT use (No = 0, Yes = 1).

3.3. Descriptive Statistics

Regarding descriptive statistics (Table 3), of the 522 sampled farmers, 435 push–pull
farmers (83%) had adopted either of the soil management practices. About 72% of the
push–pull farmers were using hybrid maize. The results described below indicate that
a typical PPT farming household consists of about 5 people, is headed by an individual
with an average of 5 years of school, and who is 48 years of age. The mean cultivated
total land area was 1.05 hectares, which reflects the characteristics of small landholdings
amongst most farmers in Rwanda owing to its hilly nature and land policy [50]. Regarding
the use of diammonium phosphate fertiliser, 123 (31%) of push–pull farmers were also
using it on their farms. This finding suggests the need for affordable soil fertility enhancing
technologies such as PPT among the farmers in Rwanda.

Table 3. Summary of descriptive statistics of the variables of the model.

Variables Minimum Maximum Mean Std. Deviation

Response Variable

Soil Management 0.00 1.00 0.83 0.37

Explanatory Variable Minimum Maximum Mean Std. Deviation

Age of house head (years) 22.00 86.00 47.66 11.83

Total Livestock Units 0.00 13.00 0.94 1.25

Soil fertility status (Good = 1, Medium = 2, Low = 3) 1.00 3.00 1.90 0.65

Plot distance (minutes of walking time) 1.00 90.00 16.22 17.82

Distance to extension services (minutes of walking time) 2.00 240.00 43.51 44.86

Altitude (m.a.s.l.) 1133.00 5047.00 1526.72 191.89

Used local seed (No = 0, Yes = 1) 0.00 1.00 0.32 0.47

Natural log of yield 3.30 9.10 6.11 1.40

Total land owned (ha) 0.02 14.82 2.07 2.49

Total land cultivated (ha) 0.04 4.59 1.05 1.12

Natural log of household income 8.58 12.75 10.84 0.94

Used DAP fertiliser (No = 0, Yes = 1) 0.00 1.00 0.31 0.46

Used insecticide (No = 0, Yes = 1) 0.00 1.00 0.26 0.44

Used hybrid seed (No = 0, Yes = 1) 0.00 1.00 0.72 0.45
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Table 3. Cont.

Variables Minimum Maximum Mean Std. Deviation

Household size (members) 1.00 19.00 5.21 2.17

Used credit (No = 0, Yes = 1) 0.00 1.00 0.25 0.43

Education level of household head (years) 0.00 17.00 4.63 2.84

Number of mobile phones in the household (No = 0, One = 5
Two or more = 12). 0.00 12.00 5.87 4.84

Used herbicides (No = 0, Yes = 1) 0.00 1.00 0.03 0.16

Number of farmer groups household belongs to (number) 0.00 1.00 0.89 0.31

Accessed training in PPT (No = 0, Yes = 1) 0.00 1.00 0.40 0.49

Accessed extension services (No = 0, Yes = 1) 0.00 1.00 0.52 0.50

Regarding participation in technical training, the results show that 40% of the farmers
had received training, which seems low, given the length of time since PPT was introduced
in the country. A total of 52% of the farmers had sought and received extension services
from relevant authorities, with most of them claiming that the services are within an
average of 45 min of walking time, indicating the value of extension services in rural
farming households. About 69% of sampled households had at least one mobile phone in
the household.

This study also assessed the status of the land physical characteristics on which
PPT farmers planted maize. The mean altitude of the location of most households was
1526.72 m.a.s.l.; thus, any inappropriate land management practices and clearance of natu-
ral vegetation that can exacerbate degradation [27]. Thus, the conservation of scarce land
resources is needed to achieve long-term agricultural viability (MINAGRI 2004), as cited by
Nahayo et al. [27]. This can involve a combination of policies, technologies and activities to
achieve socially acceptable production goals [25].

3.4. Model Estimation

With an optimal K value of 5 and a distance of 1.962 km defining the spatial weight
matrix, we estimate both the non-spatial (linear) and spatial models. The Akaike Informa-
tion Criterion (AIC) value for the spatial model is less (391.17) than that of the non-spatial
(linear model) (393.98); thus, the former was preferred, and the results are presented in
Table 4. We fail to reject the null hypothesis with a likelihood ratio test statistic (LRT) for
the null hypothesis (p < 0.01). This implies that spatial dependence exists in the adoption of
soil management practices among practising PPT farmers, and the adoption characteristic
of PPT farmers is influenced by the characteristics of neighbouring PPT farmers’ behaviour
in adopting SMP.

Table 4. Spatial Durbin probit model results of statistical test.

Estimate Std. Error z Value Pr(>|z|)

(Intercept) −0.215 0.636 −0.339 0.735

Age of house head (years) 0.001 0.001 0.457 0.648

Total Livestock Units −0.016 0.013 −1.274 0.203

Soil fertility status (Good = 1, Medium = 2, Low = 3) −0.002 0.024 −0.078 0.938

Plot distance (minutes of walking time) 0.001 0.001 1.363 0.173

Distance to extension services (minutes of walking time) −0.001 0.000 −1.328 0.184

Altitude (m.a.s.l.) 0.000 0.000 0.231 0.817
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Table 4. Cont.

Estimate Std. Error z Value Pr(>|z|)

Used local seed (No = 0, Yes = 1) 0.105 0.047 2.224 0.026 **

Natural log of yield 0.034 0.012 2.891 0.004 ***

Total land owned (ha) −0.035 0.012 −2.865 0.004 ***

Total land cultivated (ha) 0.097 0.027 3.523 0.000 ***

Natural log of household income −0.045 0.018 −2.516 0.012 **

Used DAP fertiliser (No = 0, Yes = 1) 0.055 0.038 1.458 0.145

Used insecticide (No = 0, Yes = 1) −0.104 0.039 −2.622 0.009 ***

Used hybrid seed (No = 0, Yes = 1) 0.130 0.049 2.662 0.008 ***

Household size (members) 0.013 0.007 1.861 0.063 *

Used credit (No = 0, Yes = 1) −0.049 0.037 −1.338 0.181

Education level of household head (years) 0.008 0.006 1.327 0.185

Number of mobile phones in the household (No = 0, One = 5,
Two or more = 12). 0.004 0.004 1.063 0.288

Used herbicides (No = 0, Yes = 1) 0.142 0.099 1.435 0.151

Number of farmer groups household belongs to (number) 0.119 0.051 2.336 0.019 **

Accessed training in PPT (No = 0, Yes = 1) −0.026 0.053 −0.493 0.622

Accessed extension services (No = 0, Yes = 1) 0.038 0.050 0.766 0.444

lag.Age_hh_new 0.004 0.003 1.320 0.187

lag.TLU_2 −0.020 0.028 −0.730 0.465

lag.soilfertil 0.091 0.054 1.681 0.093 *

lag.plot_dist 0.005 0.002 2.922 0.003 ***

lag.dist_ext −0.001 0.001 −1.363 0.173

lag.altitude 0.000 0.000 −0.358 0.720

lag.localseed_ 0.024 0.094 0.254 0.800

lag.lnyield 0.036 0.024 1.482 0.138

lag.total_land 0.006 0.025 0.238 0.812

lag.tot_cultla 0.007 0.052 0.127 0.899

lag.ln_income 0.015 0.041 0.368 0.713

lag.DAP_2 −0.052 0.083 −0.626 0.531

lag.insecticid −0.141 0.083 −1.698 0.090 *

lag.hybrid_2 −0.076 0.101 −0.746 0.456

lag.hh_size2 0.012 0.017 0.708 0.479

lag.credit_2 −0.121 0.083 −1.456 0.145

lag.educ_hh 0.004 0.012 0.311 0.756

lag.numberofph 0.018 0.009 2.109 0.035 *

lag.herbicide_ 0.035 0.190 0.185 0.853

lag.hh_groups 0.023 0.110 0.226 0.821

lag.training_2 0.033 0.109 0.304 0.761

lag.extension_ 0.012 0.106 0.112 0.911
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Table 4. Cont.

Estimate Std. Error z Value Pr(>|z|)

Rho: 0.14888, LR test value: 4.8641, p-value: 0.027421
Asymptotic standard error: 0.066296
z-value: 2.2457, p-value: 0.02472
Wald statistic: 5.0434, p-value: 0.02472

Log likelihood: −148.5598 for mixed model
ML residual variance (sigma squared): 0.10521, (sigma: 0.32435)
Number of observations: 504
Number of parameters estimated: 47
AIC: 391.12, (AIC for lm: 393.98)
LM test for residual autocorrelation
test value: 0.47136, p-value: 0.49236

Note: *, **, and *** denote statistical significance at the 0.1, 0.05, and 0.01 levels, respectively.

Table 4 also gives the model run results, including the model coefficients and the
lag effects, which indicate the influence of neighbouring PTT farmers’ characteristics on
the adoption of soil management practices. As predicted, yield is a key driver of the
adoption of soil management practices among PTT farmers (p < 0.01). The use of hybrid
maize significantly influenced the adoption of soil management practices (p < 0.01) by
PPT farmers, although the effect of use was also positive, but smaller, among those using
local seed. This can be linked to the accrued benefits in terms of expected yield derived
from using improved seeds and lower capital requirements in crop management of pests
and diseases [26]. Furthermore, the technology has the potential to address other farming
challenges and to be integrated into government programmes that align with the small
sizes of farmland, adopting the zero-grazing policy, and the one-family–one-cow policy
that promotes higher breeding of livestock [43].

Similarly, farmers using insecticides were less likely to adopt soil management prac-
tices (p < 0.01), consistently with the basic agroecological principles of PPT. Regarding the
resource endowment characteristics experienced among the farmers, sufficient income has
a significant, negative effect on the PPT farmers’ soil management adoption behaviour
(p < 0.05). Furthermore, as expected, farmers with larger areas of land are less likely to
adopt (p < 0.001), and yet those who cultivate greater areas of land are more likely to
adopt soil management practices (p < 0.001). This is linked to the inverse relationships
of costs with land size in establishing soil management practices in PPT. Over 66.0% of
Rwandese farmers interviewed reported that PPT is labour demanding, especially during
the initial stages of establishment where they experience increased expenditure for hiring
labour and purchasing of inputs such as seeds and fertilisers [43]. Labour use per acre
on maize plots under PPT was significantly higher among PPT farmers than among the
non-adopters [50,51]. While the labour requirements and costs reduce once companion
plants are fully established, this was further confirmed by the positive effect of the number
of household members on the probability of adopting SMPs (p < 0.1%). Also consistent
with this expectation is the positive relationship between the adoption of soil manage-
ment practices and the number of farmer groups in which the household is involved. The
findings confirm that group membership increases household access to social capital and,
therefore, its access to information and innovations [52].

In summary, the model estimation coefficients reveal that the use of hybrid maize, the
total cultivated land, the use of DAP fertilisers, yield, and household size give rise to a positive
probability of adopting soil management practices among PPT farmers, whereas household
income, use of insecticides, and total land area owned have negative effects. The use of
improved seeds, amount of cultivated land, and yield, which significantly affect the adoption
of soil management practices in this model, can be attributed to the fact that these practices
determine the propensity of an individual farmer to adopt soil management practices in a bid
to achieve cost savings and increase their income through technological advancements [53].
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3.5. Direct, Indirect and Total Effects Results

The immediate effects constitute the impact of change in the independent variables
of farmer i on the adoption probability of farmer i. Indirect effects come from cumulative
spatial spillover effects on neighbouring farmers; that is, change in the independent variable
affects the adoption probability of farmer j, thereby also affecting farmer i’s probability
of adoption. The total effects are a sum of the two. Table 5 presents the direct, indirect,
and total effects of the coefficients, as accounted for by our model, based on the 6 nearest
neighbours. The estimation results indicate that a PPT farmer’s choice to integrate soil
management practice is affected by the characteristics of his/her neighbour. The magnitude
of these estimates varies across the selected significant variables. The most influential being
the yield, use of insecticides, household members size, and membership to farmer groups,
with their indirect spatial effects being 57, 63, 54, and 29%, respectively. This implies that,
as yield increases, household size and membership of farmer groups of the neighbouring
increase; thus, the PPT farmers’ adoption of soil management practices is greater.

Table 5. Direct, indirect and total effect estimates of the SDM probit model.

Direct Indirect Total

Age of house head (years) 0.001 0.005 0.006 (−0.00189, 0.01326)

Total Livestock Units −0.017 −0.026 −0.043 (−0.11397, 0.02686)

Soil fertility status (Good = 1, Medium = 2, Low = 3) 0.000 0.105 0.105 (−0.02585, 0.23024)

Plot distance (minutes of walking time) 0.001 0.006 0.008 (0.00326, 0.01213)

Distance to extension services (minutes of walking time) −0.001 −0.001 −0.002 (−0.00338, −0.00012)

Altitude (m.a.s.l.) 0.000 0.000 −0.000 (−0.00050, 0.00040)

Used local seed (No = 0, Yes = 1) 0.106 0.046 0.152 (−0.07572, 0.37378)

Natural log of yield 0.035 0.047 0.082 (0.02863, 0.13919)

Total land owned (ha) −0.035 0.001 −0.035 (−0.09748, 0.02672)

Total land cultivated (ha) 0.097 0.024 0.121 (−0.00012, 0.24929)

Natural log of household income −0.045 0.010 −0.035 (−0.13776, 0.06286)

Used DAP fertiliser (No = 0, Yes = 1) 0.054 −0.050 0.004 (−0.20882, 0.20769)

Used insecticide (No = 0, Yes = 1) −0.107 −0.180 −0.288 (−0.49739, −0.08137)

Used hybrid seed (No = 0, Yes = 1) 0.129 −0.065 0.064 (−0.18604, 0.31258)

Household size (members) 0.014 0.016 0.029 (−0.01350, 0.07277)

Used credit (No = 0, Yes = 1) −0.053 −0.148 −0.201 (−0.42408, 0.00599)

Education level of household head (years) 0.008 0.006 0.013 (−0.02050, 0.04441)

Number of mobile phones in the household (No = 0,
One = 5 Two or more = 12). 0.004 0.022 0.026 (0.00487, 0.04634)

Used herbicides (No = 0, Yes = 1) 0.143 0.065 0.208 (−0.22190, 0.67516)

Number of farmer groups household belongs to (number) 0.120 0.049 0.169 (−0.12826, 0.45474)

Accessed training in PPT (No = 0, Yes = 1) −0.025 0.034 0.008 (−0.24039, 0.27499)

Accessed extension services (No = 0, Yes = 1) 0.039 0.020 0.059 (−0.22102, 0.31780)

4. Conclusions

The adoption of soil management practices (SMP) is essential for promoting resilient
agrifood systems in Africa. This study offers valuable insights into the factors influencing
the adoption of SMP among farmers utilizing push–pull technology (PPT), with a par-
ticular emphasis on the role of social networks. The analysis reveals significant spatial
dependence, meaning that a farmer’s decision to adopt SMP is influenced by the practices
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of neighbouring farmers. The finding that neighbouring farmers’ adoption behaviour
influences the adoption of SMP highlights the importance of social networks in adop-
tion decisions. This implies that targeting influential farmers within communities could
facilitate the adoption of SMP through peer learning, local interaction, demonstration
effects, trust-building, and enhanced information dissemination [54,55]. Policymakers and
agricultural extension services can leverage this insight by fostering community-based
learning, promoting success stories, and designing programs that harness social dynamics
to accelerate technology adoption.

While this study provides valuable insights into accelerating technology adoption
through social capital, it has certain limitations. First, using spatial proximity as a proxy
for social networks may overlook other influential factors, such as kinship, economic ties,
or cultural influences that shape social capital. Second, the findings are context-specific
and may not be fully generalizable to regions with differing social or economic conditions.
Third, learning about new technologies, such as SMP, from neighbours does not occur
instantly and may not translate into adoption within the same season. The cross-sectional
data used in this study fails to capture this time lag, suggesting that panel data, collected
over time, would be better suited to address delayed adoption effects. Additionally, spatial
correlations in adoption among smallholder farmers could be influenced by unobserved,
shared characteristics, potentially resulting in spurious associations. Panel data could
mitigate this by controlling for time-invariant, unobserved factors, thereby providing a
clearer understanding of the true drivers of adoption [55]. Future research should address
these limitations by incorporating a broader range of social network variables, collecting
data over time, and testing the model in diverse contexts to enhance the generalizability of
the findings.

The main conclusions of this study are the following:
First, the soil management practices and adoption behaviours of PPT adopters are

spatially correlated, and their geographic distribution is spatially clustered. Second, when
farms are within 1.962 km of each other, SMP adoption behaviours have a strong spatial
dependence. Third, the use of improved seeds and household income have a high, direct
impact on the adoption of soil management practices amongst PPT farmers in Rwanda.
However, the spatial lag effect of training on neighbours within a region is highly significant,
with p < 0.1. Last, the spatial spillover effects of neighbouring PPT adopters’ characteristics,
especially yield, use of insecticides, household members size and membership to farmer
groups, cannot be ignored. For policy design, leveraging on location social capital and
location of demonstration plots in proximity of farmers is key.

Our findings have policy implications for SMP promotion policies. First, a “nonequi-
librium promotion strategy” should be implemented to ensure a balance in the adoption
of soil management practices amongst smallholder farmers owing to variability in fac-
tors that influence adoption. Because of the spatial cluster characteristics of PPT farmers’
SMP adoption behaviour, policies should be implemented in a few pilot regions, with
the foundations for SMP practices, to allow these regions to reach a large area. Then, the
application of SMPs could diffuse to neighbouring regions. Second, promotion policies
should be multipronged. The internal condition of family farms should be improved by
encouraging participation in technical training to reduce the barriers and stresses involved
in SMP adoption. Last, attention should be paid to the spatial spillover effects to maximise
the technology adoption and diffusion.

Family farmers who participate in technical training, have abundant labourers, and
utilise improved seed should be selected as “SMP adoption leaders”. Such family farms
would be ideal for use as demonstration sites to increase the spatial spillover effects.

This study still has some limitations. First, the research conclusions of this paper
are based on PPT adopters in the Eastern Province of Rwanda, but whether consistent
research conclusions could be drawn in other regions remains to be seen. Second, this paper
measures the SMP adoption of PPT farmers in terms of “whether”, and SMP adoption
could also be measured in terms of “how much”. Therefore, the spatial dependence of
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the SMP adoption behaviour of PPT adopters, as measured by the “degree of adoption”,
remains to be investigated.
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Appendix A

Grouping organic soil management practices (SMP) as grass strips, terrace, tilla, soil
bunds, trees, manure and compost and chemical based soil management practices as
insecticide, herbicide, urea and DAP use.

A total of 520 farms out of all 522 practised organic soil management. On the other
hand, only 227 farms out of all 522 practised chemical-based soil management practices.
Therefore, organic soil management was more prevalent among all farms. The two farms
not practising organic soil management did not practise chemical-based soil management
and were therefore absent of any soil management practice.
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Practice Farms Farms (%)(×/520)

Grasstrips 238 45.76923

Terrace 291 55.96154

Zero Tillage (zero_tilla) 1 0.1923077

Soil_bunds 33 6.346154

Trees 223 42.88462

Manure 471 90.57692

Compost 200 38.46154

Insecticide 137 26.34615

Herbicide 13 2.5

Urea 186 35.76923

Dap 186 35.76923

There is some correlation between the factors of grasstrips, trees, compost terrace, soil
bunds and zero_tilla.
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Some 435 farms practise either of these five practices, while 87 do not, and 2 of these
87 farms do not practise either.

We therefore define soil management as these five practices (as zero_tilla, compost_2,
terrace_2, trees_2 and Soil bunds).

SDPM model
Explanatory Variables

Some variables were highly correlated. This correlation indicates that these variables
have some strong association. To formulate SDPM model, therefore, of the highly correlated
variable pairs only one was included. For example, yield and its transformation, yield
(natural logarithm), were highly correlated and therefore only yield (natural logarithm) was
included in the equation, as well as total income and its transformation, income (natural
logarithm). Training and cont_ppt were also correlated, and therefore only training was
included. This was performed for all correlated variables.

Sustainability 2024, 16, x FOR PEER REVIEW 19 of 24 
 

 
To formulate SDPM model, highly correlated variables were therefore excluded. 
The final equation takes the form. 

Soil Management Practice (Org) ~ Age_hh_new + TLU_2 + soilfertil + 
plot_dist + dist_ext + altitude + localseed_ + lnyield + total_land + tot_cultla 

+ ln_income + DAP_2 + insecticide + hybrid_2 + hh_size2 + credit_2 + 
educ_hh + numberofph + herbicide_ + hh_groups +training_2 + extension_ 

Results 
Call: lagsarlm (formula = equation9, data = R_probit_analysis_2b, listw = nc2_1, type 

= “mixed”) 

Residuals: 

Min 1Q Median 3Q Max 
−1.048334 −0.060616 0.091822 0.197667 0.564332 

  

To formulate SDPM model, highly correlated variables were therefore excluded.
The final equation takes the form.

Soil Management Practice (Org) ~ Age_hh_new + TLU_2 + soilfertil
+ plot_dist + dist_ext + altitude + localseed_ + lnyield + total_land + tot_cultla

+ ln_income + DAP_2 + insecticide + hybrid_2 + hh_size2 + credit_2 +
educ_hh + numberofph + herbicide_ + hh_groups +training_2 + extension_

Results

Call: lagsarlm (formula = equation9, data = R_probit_analysis_2b, listw = nc2_1, type
= “mixed”)
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Residuals:

Min 1Q Median 3Q Max

−1.048334 −0.060616 0.091822 0.197667 0.564332

Type: mixed
Coefficients: (asymptotic standard errors)

Estimate Std. Error z Value Pr(>|z|)

(Intercept) −0.215278788 0.635492186 −0.3388 0.7347912

Age_hh_new 0.000627749 0.001374961 0.4566 0.647989

TLU_2 −0.016138459 0.012667918 −1.274 0.2026765

soilfertil −0.001841891 0.023687025 −0.0778 0.9380194

plot_dist 0.001176989 0.000863812 1.3626 0.1730238

dist_ext −0.000477514 0.000359487 −1.3283 0.1840721

altitude 0.000020696 0.000089615 0.2309 0.8173606

localseed_ 0.105047275 0.04723567 2.2239 0.0261554

lnyield 0.034224434 0.01183739 2.8912 0.0038376

total_land −0.035387994 0.012352302 −2.8649 0.0041715

tot_cultla 0.096609213 0.027424862 3.5227 0.0004272

ln_income −0.045048078 0.017904399 −2.516 0.0118684

DAP_2 0.05502942 0.037757077 1.4575 0.1449895

insecticide −0.103542282 0.039494583 −2.6217 0.0087497

hybrid_2 0.129887584 0.048795611 2.6619 0.0077708

hh_size2 0.013360496 0.00718064 1.8606 0.0627968

credit_2 −0.049515727 0.037017275 −1.3376 0.1810143

educ_hh 0.007490759 0.005646086 1.3267 0.1846022

numberofph 0.003798731 0.003574395 1.0628 0.2878899

herbicide_ 0.141911372 0.098880744 1.4352 0.1512367

hh_groups 0.119269054 0.051054309 2.3361 0.0194849

training_2 −0.025893669 0.052575736 −0.4925 0.6223643

extension_ 0.03837975 0.050089043 0.7662 0.4435392

lag.Age_hh_new 0.004116688 0.003118104 1.3203 0.1867504

lag.TLU_2 −0.02027766 0.027766585 −0.7303 0.4652129

lag.soilfertil 0.09126657 0.054305244 1.6806 0.0928364

lag.plot_dist 0.0052646 0.001801632 2.9221 0.0034765

lag.dist_ext −0.000926809 0.000679809 −1.3633 0.1727765

lag.altitude −0.000068988 0.000192774 −0.3579 0.7204403

lag.localseed_ 0.023964562 0.094437178 0.2538 0.7996795

lag.lnyield 0.035908368 0.024230838 1.4819 0.1383593

lag.total_land 0.006020113 0.025312409 0.2378 0.812011

lag.tot_cultla 0.006636944 0.052235674 0.1271 0.8988947

lag.ln_income 0.015046131 0.040842115 0.3684 0.7125769

lag.DAP_2 −0.051974991 0.083031446 −0.626 0.5313362

lag.insecticid −0.141378619 0.083269934 −1.6978 0.0895389

lag.hybrid_2 −0.075472321 0.10116769 −0.746 0.4556601

lag.hh_size2 0.012031846 0.016998507 0.7078 0.4790584

lag.credit_2 −0.121360029 0.083361088 −1.4558 0.1454381

lag.educ_hh 0.003879122 0.012457522 0.3114 0.7555057

lag.numberofph 0.018434719 0.008742697 2.1086 0.0349804
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Estimate Std. Error z Value Pr(>|z|)

lag.herbicide_ 0.035170666 0.190462845 0.1847 0.8534966

lag.hh_groups 0.024899402 0.110291206 0.2258 0.8213877

lag.training_2 0.033080551 0.108850397 0.3039 0.7611977

lag.extension_ 0.011891147 0.10626042 0.1119 0.9108982

Rho: 0.14888, LR test value: 4.8641, p-value: 0.027421
Asymptotic standard error: 0.066296
z-value: 2.2457, p-value: 0.02472
Wald statistic: 5.0434, p-value: 0.02472

Log likelihood: −148.5598 for mixed model
ML residual variance (sigma squared): 0.10521, (sigma: 0.32435)
Number of observations: 504
Number of parameters estimated: 47
AIC: 391.12, (AIC for lm: 393.98)
LM test for residual autocorrelation
test value: 0.47136, p-value: 0.49236

Low AIC values indicate a good model fit
Local seed, yield, total land, total cultivated land, income, insecticide, hybrid, household
size, house hold group, lag. plot distance and lag number of phones were significant with
p-values less than 0.05.

Direct Indirect Total

Age_hh_new 0.00073 0.00484 0.00557 (−0.00189, 0.01326)

TLU_2 −0.01669 −0.02610 −0.04279 (−0.11397, 0.02686)

soilfertil 0.00036 0.10471 0.10507 (−0.02585, 0.23024)

plot_dist 0.00131 0.00626 0.00757 (0.00326, 0.01213)

dist_ext −0.00050 −0.00115 −0.00165 (−0.00338, −0.00012)

altitude 0.00002 −0.00008 −0.00006 (−0.00050, 0.00040)

localseed_ 0.10601 0.04557 0.15158 (−0.07572, 0.37378)

lnyield 0.03522 0.04718 0.08240 (0.02863, 0.13919)

total_land −0.03537 0.00086 −0.03451 (−0.09748, 0.02672)

tot_cultla 0.09712 0.02419 0.12131 (−0.00012, 0.24929)

ln_income −0.04485 0.00960 −0.03525 (−0.13776, 0.06286)

DAP_2 0.05397 −0.05038 0.00359 (−0.20882, 0.20769)

insecticid −0.10734 −0.18043 −0.28776 (−0.49739, −0.08137)

hybrid_2 0.12853 −0.06459 0.06393 (−0.18604, 0.31258)

hh_size2 0.01370 0.01613 0.02983 (−0.01350, 0.07277)

credit_2 −0.05263 −0.14813 −0.20077 (−0.42408, 0.00599)

educ_hh 0.00761 0.00575 0.01336 (−0.02050, 0.04441)

numberofph 0.00426 0.02186 0.02612 (0.00487, 0.04634)

herbicide_ 0.14327 0.06478 0.20806 (−0.22190, 0.67516)

hh_groups 0.12030 0.04909 0.16939 (−0.12826, 0.45474)

training_2 −0.02519 0.03363 0.00844 (−0.24039, 0.27499)

extension_ 0.03881 0.02026 0.05906 (−0.22102, 0.31780)

Table A1. Direct, indirect and total effect estimates of the SDM probit model.

Variables Direct Effects Indirect Effects Total Effects

hh_size2 −0.0153 −0.0971 −0.1124 (−0.2116, −0.0244)

sex_hh1 0.0469 0.3628 0.4097 (−0.1476, 0.9654)
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Table A1. Cont.

Variables Direct Effects Indirect Effects Total Effects

altitude 0.0003 0.0009 0.0012 (0.0006, 0.0019)

dist_ext 0.0007 −0.0016 −0.0010 (−0.0038, 0.0018)

needcredit_21 0.0298 0.2348 0.2646 (−0.0318, 0.5912)

hh_groups_many 0.0507 0.0667 0.1174 (−0.0602, 0.2848)

total_land −0.0045 −0.0105 −0.0150 (−0.0709, 0.0418)

TLU_2 0.0136 0.0165 0.0302 (−0.0569, 0.1202)

plot_dist −0.0044 0.0006 −0.0038 (−0.0121, 0.0041)

yield 0.0000 0.0000 0.0000 (−0.0001, 0.0000)

hybrid_21 0.2328 0.3847 0.6175 (0.0191, 1.2320)

phones1 0.0341 0.2202 0.2543 (−0.1461, 0.6586)

training_21 −0.0195 −0.1470 −0.1665 (−0.5376, 0.1752)

years_vill 0.0026 0.0087 0.0113 (0.0020, 0.0216)
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